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Abstract: In the present Internet age, customers have turned to online booking websites to meet
their demand for quality hotel services and convey their experiences. As hotels can survive and
succeed by satisfying consumers and obtaining high online ratings, this research predicts the key
factors impacting these ratings. The study analyzes online consumer review data gleaned from the
popular Booking.com website for hotel ratings near the key religious heritage site in Makkah, Saudi
Arabia. The research applies the four-factor theory due to its importance in studying consumer
satisfaction and prior non-application to the hospitality and tourism industry. This theory extended
the two-factor theory to report four distinct sets of factors: satisfiers, dissatisfiers, criticals, and
neutrals. Accordingly, the present research presents a novel categorization of key predictive factors
and enriches the literature, which categorized factors as either satisfiers or dissatisfiers. Consequently,
facilities and comfort are critical factors, while cleanliness, staff, and location are satisfiers; the value
for the money spent is dissatisfier; the availability of breakfast and restaurants are neutral factors.
The hospitality industry, specifically the hotel industry, can focus on characteristics of the four distinct
sets of factors; various nations can leverage the findings to boost their hospitality and tourism sectors.

Keywords: consumer online hotels’ ratings; categorization; data mining; electronic word of mouth;
hotels’ online travel reviews; online user generated content; prediction

1. Introduction

Tourists use the Internet to gather information, form social bonds, develop identi-
ties, and share their experiences in the Web 2.0 era [1]. The Internet has transpired as a
new venue for interpersonal encounters, which has led to online user-generated content
(UGC) [2–4]. The travel booking websites support online UGC to propagate the electronic
word of mouth (e-WOM), which is any positive or negative customer response to a com-
pany’s product or service [5]. E-WOM can spread more swiftly through the Internet than
traditional word of mouth (WOM) [6].

In the hospitality and tourism context, online travel reviews are vital in propagating
e-WOM [7,8]. Online reviews by tourists present a rich source of data, which aids in hospi-
tality and tourism management [9,10]. Several researchers recognize the value of hotels’
online reviews in enhancing customer satisfaction [9,11,12]. Online reviews present rich
insights to understand consumer behavior and meet their service expectations. They pro-
vide substantial amounts of inexpensive information [13] and are well-organized, diverse,
and easily collected [14,15]. Therefore, they can give the managers better decision-making
capability to improve customer satisfaction [16,17].

In recent years, online review websites have grown their market reach and influenced
tourists’ purchasing decisions [18]. In this context, potential tourists often search for many
different recommendations to decide which product or service to purchase, given many
online alternatives [19]. Thus, online UGC can serve as a reliable and valuable information
source for tourists and hotels. As a result, popular booking platforms such as Booking.com
encourage online reviews to propagate E-WOM and attract tourists.
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Globally, the hospitality and tourism sectors are important employment and revenue
generators. Religious heritage sites are critical in driving international tourism. In particu-
lar, Saudi Arabia has the potential to exploit its tourism sector, specifically at Makkah, an
important and sacred heritage site. Saudi Arabia aims to increase non-oil income under the
Vision 2030 plan [20]. Religious tourism—including the Hajj and Umrah at Makkah—can
dominate this endeavor, as most of Saudi Arabia’s tourists visit these sites while on pil-
grimage [21]. In the coming decade, religious tourism in Saudi Arabia is expected to
grow considerably; estimates suggest that Saudi Arabia will attract 30 million Hajj and
Umrah pilgrims by 2030, an increase from 19 million pilgrims in 2017 [22]. This will cause
vast improvements in the nation’s inventory of hotels and resorts and enhance compet-
itive pressure among them, particularly at critical religious heritage sites [23]. Hotels
in Saudi Arabia, in general, and Makkah, in particular, can endure and succeed if they
satisfy their consumers and gain high online ratings on popular booking websites. This
study’s findings will empower these hotels to attract tourists to religious heritage sites,
such as Makkah, by revealing the critical factors impacting hotels’ online ratings through a
data-mining approach.

Recent tourism and hospitality studies present the significance of online reviews in the
tourism products, restaurants, and hotels context—suggesting their noteworthy impact on
consumers’ visits and purchase intentions [24–26]. The consumers’ increasing dependence
on online reviews for decision-making necessitates further research [27,28]. Prior research
on the hospitality industry has identified key factors impacting hotels’ online ratings;
however, there have been few attempts to categorize the factors. Categorizing the key
factors impacting hotels’ online ratings could be very useful for developing theory and
practical implications in this area of research. Some studies have categorized the factors
impacting hotels’ online ratings as satisfiers or dissatisfiers using Herzberg et al.’s [29] two-
factor theory. However, the two-factor theory was modified and extended over a period;
noticeable works include the theories of Kano et al. [30], Matzler and Hinterhuber [31],
Lee et al. [32], and Cadotte and Turgeon [33]. Among these modified and extended theories,
Cadotte and Turgeon’s [33] four-factor theory has made the most noticeable contribution
to advancing the study of consumer satisfaction. It reports four distinct sets of factors
influencing consumer satisfaction and dissatisfaction: satisfiers, dissatisfiers, criticals, and
neutrals. However, the research application of the four-factor theory to categorize the key
factors impacting online review ratings of hotels lags—further signifying the need for this
research. The current study is also necessary because extant research investigated and
categorized the key factors impacting hotels’ online ratings into groups of satisfiers and
dissatisfiers using surveys and interviews. In contrast, the vast wealth of online reviews
remains unutilized to categorize the factors. The current study is unique as it utilizes a
data mining approach to categorize the key predictive factors impacting hotels’ online
ratings. Prediction allows induction on the data to forecast trends [34]. The current study
is also unique as it takes the religious heritage site of Makkah, whereas most of the prior
research has focused on commercial cities. The findings of the research on commercial cities
might have limited generalization in case of religious cities, such as Makkah. Therefore, the
current research can shed light on the differences in the hotel stay motivations of customers
in religious destinations.

The current study aims to:

• Investigate the extant literature’s categorization of critical factors influencing hotels’
online review ratings using the two-factor theory

• Leverage the four-factor theory in conjunction with the data-mining rule-based ap-
proach to build a conceptual model depicting the categorization of key factors influ-
encing hotels’ online ratings; and

• Suggest strategies to enhance hotels’ online ratings and improve customer satisfaction,
especially at religious destinations such as Makkah.

The remainder of the study is structured as follows: Section 2 discusses the review
of literature and theories. It presents the significance of online consumer review ratings
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for hotels and the factors impacting hotels’ online ratings. The authors also lay down
the theoretical background for the study in Section 2 and report the existing literature’s
categorization of the factors influencing hotels’ online ratings based on the two-factor
theory. The research methodology for the study is presented in Section 3. Section 4 reveals
the modeling and evaluation of the study, viz., experimentation, attributes evaluation, rules
extraction and selection mechanism, categorization of factors based on selected rules, and
model of factors impacting hotels’ online ratings based on study results. Section 5 discusses
the study results in light of the existing literature and theoretical background. Section 6
concludes the research and presents its implications. Finally, Section 7 presents the current
study’s limitations and scope for further research.

2. Review of Literature and Theories

Consumer satisfaction is critical in establishing a competitive advantage [23,35]. Cus-
tomer satisfaction leads to loyalty and positive WOM and contributes to sales growth [36,37].
In contrast, dissatisfied customers exhibit low brand loyalty, give negative WOM, and can
even boycott the product category, brand, or distribution chain [38].

In their endeavor to identify antecedents to customer satisfaction and dissatisfaction,
various researchers employed the expectations confirmation theory (ECT) [39–43]. Ac-
cording to ECT, a consumer is satisfied if the perceived performance meets or exceeds
expectations; otherwise, the consumer is dissatisfied [40]. In the hotel industry, consumers
evaluate their satisfaction on the basis of their opinions of the hotel attributes they regard
as the most significant [44].

2.1. Factors Impacting Hotels’ Online Ratings

Prior research has reported specific predictors of consumer satisfaction in online
reviews of hotels. For example, online reviews prime the comfort attribute and improve
the customers’ attitude towards the comfort level of hotels [13,24]. Li et al. [13] analyzed
42,668 online consumer reviews covering 774 hotels having star ratings to reveal that their
facilities, comfort, transport, food, and the ratio of the value obtained to money spent were
imperative factors for customers of both luxury and budget hotels.

Shanka and Taylor [45] studied 3-star hotels in Perth city of Western Australia to
report that lower service efficiency hampers customer satisfaction. Hua et al. [46] studied
Chinese budget hotels to reveal that their service quality, comfort, value for money spent,
promotion, and location influenced customers’ purchase decisions. Au et al. [47], in their
study of hotels in mainland China’s major cities, used data from TripAdvisor’s website and
CTrip.com to report that service quality, location, cleanliness, food, and the value for money
spent were critical to customers’ satisfaction. Kim et al. [48], in their study, used online
reviews from TripAdvisor of 100 New York city hotels to reveal that the staff’s attitude,
facilities, and cleanliness were significant factors.

O’Connor et al. [49] examined E-WOM comments from TripAdvisor to report that
room size, food, staff, locality, bathroom, shower, and bed were significant factors for
reviewers. According to Albayrak and Caber’s [50] study on multinational tour operators’,
essential factors for customers’ satisfaction were the availability of breakfast, food service,
and wellness services. Buhalis and Foerste [51] and Neirotti et al. [52] considered the
quality of breakfast and the hotel’s location as crucial factors.

Raguseo and Vitari’s [18] study of 221 French hotels using 34,164 online customer
reviews from TripAdvisor reported that staff, comfort, cleanliness, facilities, and the value
for money spent were vital dimensions of hotel quality. Similarly, Phillips et al.’s [53] study
of 442 Swiss hotels used customer review data from 68 online platforms to inform that
the hotel’s room cleanliness, value for money spent, location, and staff were important
to customers.

Öğüta and Cezara’s [54] study, which examined online reviews from Booking.com
regarding hotels in Paris, reported that the hotel’s staff, comfort, cleanliness, facilities, value
for money spent, and location were essential for customers’ satisfaction. Becerra et al. [55]
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examined the influence of horizontal and vertical differentiation on price policy in Spanish
hotels to observe that the location, value for the money spent, staff, and cleanliness deter-
mined customers’ hotel choices. Liu et al. [56], in their study, which used 412,784 online
reviews from TripAdvisor for 10,149 hotels in 5 cities in China, noted room quality, the value
for money spent, cleanliness, service, and locality were significant determinants of guests’
preferences. Furthermore, Chang et al. [57], in their study using TripAdvisor’s customer
reviews of Hilton hotels in the USA, considered social media analytics to demonstrate that
cleanliness, location, room service, and sleep quality determine online review ratings.

Bulchand-Gidumal et al.’s [58] research in Europe suggests that free Wi-Fi improved
hotel ratings by up to eight percent and recommended providing it to clients.

Alhamad and Singh [59] conducted a study using Booking.com data from the 172 hotels
in Makkah city to identify significant and trivial factors that influence online review rat-
ings. They employed regression analysis to report significant and trivial factors. The
results of the regression analysis revealed that facilities (p-Value 0.01, coefficient 0.48),
comfort (p-Value 0.01, coefficient 0.38), cleanliness (p-Value 0.01, coefficient 0.34), staff
(p-Value 0.02, coefficient 0.31), and location (p-Value 0.04, coefficient 0.23) were signifi-
cant factors. In contrast, the value for money (p-Value 0.06, coefficient 0.18), breakfast
(p-Value 0.88, coefficient 0.01), and free Wi-Fi (p-Value 0.46, coefficient −0.03) were triv-
ial factors.

Hillard et al. [60] revealed the hospitality and tourism industry’s lack of preparedness
to manage crisis situations. This is mainly due to a lack of knowledge and experience in
managing resources [61,62]. During the COVID-19 pandemic, the length and severity of
the crisis situation in the tourism and hospitality industry worsened. As a result, hotels
took revenue protection measures during COVID-19 that are relevant to the current study
attributes by, for example, making their facilities COVID-19-free, ensuring cleanliness
and disinfection, instituting health and safety protocols for staff, and providing staff
with education and training to manage COVID-19 [63]. Prior studies have shown that
investing in staff education and training increased their organizational commitment and
job satisfaction, both of which are crucial to the growth of the hospitality and tourism
sector [64–66]. Staff satisfaction and well-being could also influence other hotel attributes
such as facilities, comfort, cleanliness, etc. [65,66].

Prior research conducted in various countries and contexts revealed that breakfast [50–52],
comfort [13,46,54], cleanliness [18,47,48,54,56], facilities [13,18,48,54], locality [46,47,49,51–53],
staff attitude [18,48,49,54,55], value for the money spent [13,18,46,47,53–56], and comple-
mentary Wi-Fi [58] could impact online review ratings of hotels. Some of these factors
play an important role in managing crisis situations, such as COVID-19 [63]. Furthermore,
online hotel review ratings have a significant impact on the online booking decisions of
customers [16,17,27,28,46]. Thus, it can be concluded that online ratings of factors such as
breakfast, comfort, cleanliness, facilities, locality, staff attitude, value for money spent, and
free Wi-Fi could influence customers’ hotel reservation decisions. Therefore, the factors
that can impact hotels’ online ratings in this study include the hotel’s breakfast availability,
comfort, cleanliness, facilities, locality, the attitude of staff, value for the money spent, and
the availability of free Wi-Fi.

2.2. Review of Theories to Categorize Factors Impacting Hotels’ Online Ratings

According to Herzberg et al.’s [29] two-factor theory, satisfiers and dissatisfiers are mu-
tually exclusive and affect job satisfaction and performance. Satisfiers encourage employees
to work harder and lead to job satisfaction. While dissatisfiers do not directly contribute
to satisfaction, their absence causes dissatisfaction. In his study, Soliman [67] identified
satisfiers and dissatisfiers as consumers’ higher- and lower-order needs, respectively. Swan
and Combs [68] found support for the two-factor theory in the clothing industry. Mad-
dox [69] found support for the two-factor theory in the durable product market. Babin and
Griffin [70] found support for the two-factor theory in the service industry in Malaysia.
Zhang and Dran [71] supported Herzberg et al.’s [29] two-factor theory with proof from
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the website design field. Levy et al. [72] and Li et al. [13] examined customer satisfaction
and dissatisfaction using the two-factor theory. Singh and Alhamad [73] examined con-
sumer satisfaction and dissatisfaction in the hotel industry using the two-factor theory. It is
noteworthy that the two-factor theory has been improved and expanded over time.

Kano et al.’s [30] customer satisfaction model stated that five factors influenced cus-
tomer satisfaction: must-be, one-dimensional, attractive, indifferent, and reverse quality
requirements. Must-be factors are basic requirements—their fulfillment is taken for granted,
whereas non-fulfillment causes customer dissatisfaction. The organization’s competitive
survival depends on the achievement of the must-be factors. Customers typically seek one-
dimensional factors. The fulfillment and non-fulfillment of one-dimensional factors cause
proportionate customer satisfaction and dissatisfaction, respectively. Attractive factors have
the greatest influence on customer satisfaction. The fulfillment of attractive factors increases
customer satisfaction, whereas their non-fulfillment is acceptable. However, customers do
not typically seek attractive factors. The realization or non-realization of indifferent factors
does not affect customer satisfaction or dissatisfaction. The fulfillment and non-fulfillment
of reverse quality factors lead to customer dissatisfaction and satisfaction, respectively.
Matzler and Hinterhuber [31] showed the applicability of the Kano et al.’s [30] model
to quality function disposition. According to Lee et al. [32], factors such as delighters,
satisfiers, hybrids, dissatisfiers, and frustrators influence job satisfaction. Satisfiers and
dissatisfiers resemble those of the two-factor theory. Delighters and frustrators are high
level of satisfiers and dissatisfiers, respectively. Hybrids result in job satisfaction if they are
met, but job discontent if they are not.

Cadotte and Turgeon [33] extended the two-factor theory to report four sets of factors:
satisfiers, dissatisfiers, criticals, and neutrals. While satisfiers increase satisfaction, their
absence does not increase dissatisfaction. Further, dissatisfiers do not increase satisfaction,
but their absence increases dissatisfaction. Satisfiers meet individuals’ intrinsic needs,
and dissatisfiers meet their extrinsic needs. Critical factors affect both satisfaction and
dissatisfaction as well as negative evaluations, specifically, whether they are present or
absent. In contrast, neutral factors do not affect satisfaction or dissatisfaction. Johnston [74]
examined a variety of service industries to lend support to the four-factor theory, which
was confirmed by Vargo et al. [75], Oliver [76], Silverman and Grover [77], and Chu and
Choi [78].

From the above-reviewed theories, we preferred the four-factor theory as it has ad-
vanced the two-factor theory due to the following reasons:

• The theories of Swan and Combs [68] and Maddox [69] modified the two-factor theory,
whereas the four-factor theory added further nuances and dimensions to it.

• Hotels are a part of the service industry, so the four-factor theory is more relevant than
Kano et al. [30] and Matzler and Hinterhuber [31].

• The four-factor theory is more applicable to customer satisfaction than Lee et al.’s [32]
theory, which is more relevant to job satisfaction.

• The four-factor theory has already been applied in the service industry and confirmed
in prior research to study customer satisfaction [75–78].

However, to the best of our knowledge, the four-factor theory has not been used to
categorize the key factors impacting online review ratings of hotels. Therefore, we selected
the four-factor theory due to its scope and lack of prior application to categorize the key
factors impacting online review ratings of hotels.

2.3. Categorization of Factors in Literature

Several researchers categorized hotel consumer satisfaction factors into groups of
satisfiers and dissatisfiers using the two-factor theory. Table 1 presents the extant literature’s
categorization of key factors influencing hotels’ online review ratings and any conflicts.
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Table 1. Categorization of Factors Affecting Consumer Satisfaction.

Factor Research

Breakfast (BF) Gu and Ryan [79] and Singh and Alhamad [73] categorize breakfast as a satisfier.
However, Dolnicar [80] classifies it as a dissatisfier.

Cleanliness (CN) Gu and Ryan [79] and Singh and Alhamad [73] categorize cleanliness as a satisfier,
although Dolnicar [80] classifies it as a dissatisfier.

Comfort (CM) Gundersen [81], Gu and Ryan [79], and Singh and Alhamad [73] categorize
comfort as a satisfier.

Facilities (FS)
Barsky and Labagh [82], Choi and Chu [83], Qu et al. [84], Poon and Low [85], Gu
and Ryan [79], and Singh and Alhamad [73] categorize facilities as a satisfier, but
Heung [86] classifies it as a dissatisfier.

Location (LC)
Barsky and Labagh [82], Poon and Low [85], and Gu and Ryan [79] categorize
location as a satisfier, while Dolnicar [80] and Singh and Alhamad [73] classify it as
a dissatisfier.

Staff (SF)
Barsky and Labagh [82], Choi and Chu [83], Qu et al. [84], and Gu and Ryan [79]
categorize staff as a satisfier. However, Heung [86] and Singh and Alhamad [73]
classify it as a dissatisfier.

Value for Money Spent (VS) Barsky and Labagh [82] and Qu et al. [84] categorize the value for money spent as
a satisfier, while Heung [86] and Singh and Alhamad [73] classify it as a dissatisfier.

Free Wi-Fi (FF) Singh and Alhamad [73] categorize free Wi-Fi as a dissatisfier.

Although no direct categorizations exist for the restaurant attribute in literature,
we consider it a complimentary amenity. Choi and Chu [83] categorize complimentary
amenities as satisfiers, but Heung [87] classifies them as dissatisfiers. The literature offers
no categorization for the latter.

3. Research Methodology

This research employs the methodology prescribed by Cios et al. [88], as it is one of
the most established data-mining methods. Its processes are as follows:

• Understanding the problem—In this stage, authors extensively reviewed the litera-
ture from various sources, such as books, journals, and the Internet, among others.
This extensive review revealed that breakfast, cleanliness, comfort, facilities, locale,
staff, value for money, and complimentary Wi-Fi play a role in determining customer
satisfaction. In most published works, the two-factor theory has been used to cat-
egorize these factors as either satisfiers or dissatisfiers. However, identifying these
elements as either satisfiers or dissatisfiers in the literature remains contested (Table 1).
Nonetheless, these factors may significantly impact the overall online review ratings
of hotels.

• Understanding the data—Data for aggregate numerical rating were recorded in MS
Excel from Booking.com, as it is considered more reliable than other websites, such
as TripAdvisor. For example, users can only post reviews on Booking.com after their
reservation is booked and paid; this avoids fake reviews [89]. This work also used
Booking.com to study online rating criteria with ten non-class attributes such as name
of the hotel (HN), facilities (FS), breakfast availability (BF), comfort (CM), cleanliness
(CN), staff (SF), location (LC), the value for money spent (VS), availability of restaurant
(RE), and free Wi-Fi (FF). In addition, the review class (RC) is considered the class
attribute. Customers rated these attributes numerically on a scale of 1 to 10. We
collected the data spanning the check-in date of 8 May 2019, to the check-out date of
9 May 2019, with 172 hotels available in the selected date range.

• Preparing the data—This stage involved data preparation to control its quality. The
authors followed Han et al.’s [90] guidelines and examined the data for inconsistency,
completeness, missing values, redundancy, noise, and outliers. The names of hotels’
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were disregarded, as these were not suitable attribute(s) for data mining. The remain-
ing nine attributes were discretized in Microsoft Excel as per the formulae adopted by
Booking.com, as displayed in the ensuing Table 2.

Table 2. Discretization of Scores of Attributes.

Attribute Score Discretized Score (DS) Explanation of Score

9 to 10 I Wonderful (W)

8.6 to <9 II Excellent (E)

8 to 8.5 III Very Good (V)

7 to <8 IV Good (G)

5 to <7 V Okay (K)

3 to <5 VI Poor (P)

No score VII Absent (A)

The missing values in the data are represented by a discretized score of 7. Table 3
displays the summary count of discretized scores by attributes prepared for data mining.

• Mining the data—This stage involved the construction of a classification model that
predicts hotel attributes’ impacts on hotels’ online ratings. The experiments included
rule-based and tree-based classifiers. The best-performing classifier was then used for
rule extraction.

• Evaluating the discovered knowledge—The extracted rules represent hidden knowl-
edge. The researchers selected the rules that exhibit both adequate coverage and
high accuracy.

• Using the discovered knowledge—The researchers considered the selected rules in
constructing the final model and drawing pertinent conclusions and recommendations.

Table 3. Count of Discretized Scores.

DS BF CN CM LC FS SF VS FF RE RC

I 3 6 7 10 1 3 7 3 4 1

II 3 10 9 10 6 13 9 1 2 8

III 8 20 17 6 10 13 16 4 4 17

IV 15 47 59 55 35 70 59 25 15 60

V 14 81 73 85 99 71 75 78 33 81

VI 10 8 7 6 21 2 6 40 10 5

VII 119 0 0 0 0 0 0 17 104 NA

Note: “NA” denotes “not applicable” in the review class (RC) column, as there are only six classes.

4. Modeling and Evaluation

The model was built by entering the data into the Weka software suite, version 3.9.5.
The dataset had nine non-class attributes, one class attribute, and 172 records. We balanced
the dataset following Han et al.’s [90] recommendations to improve the classification results.
Accordingly, the dataset was balanced based on the “review score” class attribute using
Weka’s ClassBalancer filter.

4.1. Classification Experiments

The accuracy, error rate, and performance of various rule- and tree-based classifiers
available in the Weka software are summarized in Tables 4–6. The accuracy of the classifier is
determined by the percentage of correctly classified instances (CCI%), recall, precision, and
F-measure. The error rate is determined by the incorrectly classified instances percentage
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(ICI%), the mean absolute error (MAE), the root-mean-squared error (RMSE), the relative-
absolute error (RAE), and the root relative-squared error (RRSE). The performance is
determined by the kappa statistic, Matthews correlation coefficient (MCC), precision-recall
(PRC) area, and receiver-operating-characteristic (ROC) area. These assessment parameters
were also used in recent research [87,90,91].

Table 4. Classification Accuracy of Rule and Tree-Based Classifiers.

Classifier CCI% Precision Recall F-Measure

Rule-Based Classifiers

JCBA (Pruned) 11.905 0.119 0.119 0.119

JCBA (Unpruned) 41.071 0.398 0.411 0.404

WeightedClassifier 35.119 0.293 0.351 0.319

ConjunctiveRule 32.143 0.391 0.321 0.353

DecisionTable 86.905 0.870 0.869 0.869

DTNB 85.714 0.851 0.857 0.854

FURIA 92.262 0.923 0.923 0.923

JRip (Pruned) 89.286 0.895 0.893 0.894

JRip (Unpruned) 91.667 0.919 0.917 0.918

LAC 95.238 0.953 0.952 0.952

MODLEM 91.667 0.917 0.917 0.917

MOEFC 72.619 0.721 0.726 0.723

NNge 94.643 0.947 0.946 0.946

OLM 94.048 0.943 0.940 0.941

OneR 76.190 0.800 0.762 0.781

PART (Pruned) 90.476 0.914 0.905 0.909

PART (Unpruned) 89.286 0.894 0.893 0.893

Prism 93.452 0.952 0.952 0.952

Ridor 86.310 0.864 0.863 0.863

RoughSet 94.047 0.940 0.940 0.94

ZeroR 11.905 0.119 0.119 0.119

Tree-Based Classifiers

BFTree (Pruned) 91.667 0.918 0.917 0.917

BFTree (Unpruned) 92.262 0.923 0.923 0.923

CDT (Pruned) 86.309 0.870 0.863 0.866

CDT (Unpruned) 90.476 0.909 0.905 0.907

CSForest 83.333 0.833 0.833 0.833

DecisionStump 29.762 0.244 0.298 0.268

ForestPA 92.857 0.930 0.929 0.929

FT 92.857 0.928 0.929 0.928

HoeffdingTree 91.071 0.910 0.911 0.91
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Table 4. Cont.

Classifier CCI% Precision Recall F-Measure

ID3 91.071 0.921 0.922 0.921

J48 (Pruned) 97.691 0.977 0.977 0.977

J48 (Unpruned) 99.071 0.993 0.991 0.992

J48Consolidated 97.691 0.977 0.977 0.977

J48Graft 97.691 0.977 0.977 0.977

LADTree 92.857 0.929 0.929 0.929

LMT 91.667 0.916 0.917 0.916

NBTree 90.476 0.906 0.905 0.905

PCT 11.905 0.119 0.119 0.119

RandomForest 93.452 0.934 0.935 0.934

RandomTree 92.262 0.925 0.923 0.924

REPTree (Pruned) 94.905 0.949 0.951 0.950

REPTree (Unpruned) 97.286 0.973 0.971 0.972

SimpleCart 92.857 0.930 0.929 0.929

SPF 57.738 0.556 0.577 0.566

SPAARC 92.857 0.930 0.929 0.929

SysFor 69.047 0.676 0.690 0.683

Table 5. Error Rate Assessment of Rule and Tree-Based Classifiers.

Classifier ICI% MAE RMSE RAE% RRSE%

Rule-Based Classifiers

JCBA (Pruned) 88.095 0.293 0.542 105.67 145.341

JCBA (Unpruned) 58.929 0.196 0.443 70.684 118.871

WeightedClassifier 64.881 0.216 0.465 77.824 124.729

ConjunctiveRule 67.857 0.234 0.344 84.305 92.377

DecisionTable 13.095 0.140 0.222 50.474 59.487

DTNB 14.286 0.057 0.182 20.652 48.679

FURIA 7.738 0.026 0.149 9.327 39.956

JRip (Pruned) 10.714 0.044 0.180 15.676 48.243

JRip (Unpruned) 8.333 0.030 0.156 10.943 41.864

LAC 4.762 0.075 0.146 26.806 39.202

MODLEM 8.333 0.028 0.167 9.996 44.70

MOEFC 27.381 0.091 0.302 32.843 81.028

NNge 5.357 0.018 0.134 6.426 35.841

OLM 5.952 0.020 0.141 7.140 37.780

OneR 23.81 0.079 0.282 28.559 75.559

PART (Pruned) 9.524 0.040 0.168 14.455 45.110

PART (Unpruned) 10.714 0.035 0.169 12.733 45.340

Prism 6.548 0.016 0.127 5.921 34.405
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Table 5. Cont.

Classifier ICI% MAE RMSE RAE% RRSE%

Ridor 13.69 0.046 0.214 16.422 57.296

RoughSet 5.953 0.022 0.115 7.722 30.873

ZeroR 88.095 0.278 0.373 100 100

Tree-Based Classifiers

BFTree (Pruned) 8.333 0.035 0.155 12.574 41.656

BFTree (Unpruned) 7.738 0.032 0.153 11.490 40.961

CDT (Pruned) 13.691 0.063 0.196 20.810 52.435

CDT (Unpruned) 9.524 0.043 0.172 15.483 46.049

CSForest 16.667 0.196 0.275 70.406 73.732

DecisionStump 70.238 0.237 0.347 85.197 93.101

ForestPA 7.143 0.064 0.157 22.844 42.229

FT 7.143 0.027 0.140 9.787 37.446

HoeffdingTree 8.929 0.035 0.146 12.715 39.262

ID3 8.929 0.026 0.162 9.507 43.595

J48 (Pruned) 2.309 0.014 0.113 5.462 28.967

J48 (Unpruned) 0.929 0.011 0.108 4.054 24.415

J48Consolidated 2.309 0.015 0.112 5.700 29.215

J48Graft 2.309 0.014 0.112 5.314 29.444

LADTree 7.143 0.038 0.130 13.798 34.984

LMT 8.333 0.032 0.140 11.620 37.618

NBTree 9.524 0.032 0.154 11.628 41.304

PCT 88.095 0.278 0.373 100 100

RandomForest 6.548 0.036 0.125 13.080 44.542

RandomTree 7.738 0.025 0.156 9.091 41.871

REPTree (Pruned) 5.095 0.031 0.136 14.895 30.468

REPTree (Unpruned) 2.714 0.028 0.131 6.907 28.958

SimpleCart 7.143 0.036 0.151 12.985 40.458

SPF 42.262 0.242 0.492 87.106 131.958

SPAARC 7.143 0.038 0.152 13.523 40.659

SysFor 30.953 0.099 0.279 35.712 74.875

Table 6. Classification Performance of Rule and Tree-Based Classifiers.

Classifier Kappa MCC ROC PRC

Rule-Based Classifiers

JCBA (Pruned) −0.057 −0.064 0.471 0.161

JCBA (Unpruned) 0.293 0.286 0.646 0.364

WeightedClassifier 0.221 0.218 0.611 0.250

ConjunctiveRule 0.186 0.190 0.709 0.341

DecisionTable 0.843 0.843 0.972 0.870

DTNB 0.829 0.825 0.983 0.932

FURIA 0.907 0.907 0.966 0.900
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Table 6. Cont.

Classifier Kappa MCC ROC PRC

JRip (Pruned) 0.871 0.872 0.963 0.877

JRip (Unpruned) 0.900 0.901 0.971 0.912

LAC 0.943 0.943 0.984 0.976

MODLEM 0.900 0.900 0.950 0.859

MOEFC 0.671 0.668 0.836 0.577

NNge 0.936 0.936 0.968 0.907

OLM 0.929 0.930 0.964 0.897

OneR 0.714 0.816 0.857 0.653

PART (Pruned) 0.886 0.889 0.965 0.870

PART (Unpruned) 0.871 0.871 0.956 0.882

Prism 0.942 0.942 0.963 0.903

Ridor 0.836 0.836 0.918 0.778

RoughSet 0.929 0.928 0.981 0.973

ZeroR −0.057 −0.064 0.464 0.158

Tree-Based Classifiers

BFTree (Pruned) 0.900 0.900 0.968 0.891

BFTree (Unpruned) 0.907 0.907 0.971 0.900

CDT (Pruned) 0.836 0.838 0.960 0.823

CDT (Unpruned) 0.886 0.887 0.963 0.853

CSForest 0.800 0.798 0.983 0.934

DecisionStump 0.157 0.130 0.692 0.315

ForestPA 0.914 0.915 0.982 0.939

FT 0.914 0.914 0.981 0.953

HoeffdingTree 0.893 0.892 0.983 0.962

ID3 0.906 0.906 0.948 0.860

J48 (Pruned) 0.964 0.964 0.992 0.978

J48 (Unpruned) 0.988 0.988 0.996 0.982

J48Consolidated 0.964 0.964 0.993 0.977

J48Graft 0.964 0.964 0.993 0.976

LADTree 0.914 0.914 0.980 0.957

LMT 0.900 0.900 0.982 0.959

NBTree 0.886 0.886 0.981 0.932

PCT −0.057 −0.064 0.464 0.158

RandomForest 0.921 0.921 0.982 0.971

RandomTree 0.907 0.908 0.957 0.880

REPTree (Pruned) 0.943 0.945 0.985 0.970

REPTree (Unpruned) 0.961 0.962 0.987 0.975

SimpleCart 0.914 0.915 0.971 0.894

SPF 0.493 0.478 0.745 0.333

SPAARC 0.914 0.915 0.969 0.886

SysFor 0.629 0.620 0.874 0.651
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Table 4 exhibits that the J48 classifier without pruning achieves better classification
accuracy than other classifiers for the percentage of correctly classified instances (99.071%),
precision (0.993), recall (0.991), and F-measure (0.992). Table 5 portrays that the J48 classifier
without pruning has a lower error rate than other classifiers in terms of the percentage of
incorrectly classified instances (0.929%), MAE (0.011), RMSE (0.108), RAE (4.054%), and
RRSE (24.415%). Table 6 shows that the J48 classifier without pruning achieves better
classification performance than other classifiers in terms of kappa (0.988), MCC (0.988),
ROC area (0.996), and PRC area (0.982). Overall, Tables 4–6 demonstrate that the J48
classifier without pruning achieves superior classification accuracy and performance and a
lower error rate than other classifiers.

4.2. Evaluation of Attributes

The attributes were evaluated using Weka’s Ranker search method’s information gain
(IG) and gain ratio evaluators. Table 7 presents the evaluation results.

Table 7. Attributes Evaluation.

Attribute Abbreviation Rank IG Weight GR Weight

Facilities FS 1 1.936 0.766

Comfort CM 2 1.830 0.740

Cleanliness CN 3 1.715 0.690

Staff SF 4 1.630 0.653

Location LC 5 1.598 0.629

Value for Money VS 6 1.337 0.552

Breakfast BF 7 1.198 0.488

Restaurant RE 8 1.180 0.473

Free Wi-Fi FF 9 1.005 0.377

Table 7 depicts that both information gain and gain ratio evaluators assign a rank
to the attributes from 1 to 9 in this order: facilities (first), comfort (second), cleanliness
(third), staff (fourth), location (fifth), value for money (sixth), breakfast (seventh), restaurant
(eighth), and free Wi-Fi (ninth).

4.3. Rules Extraction and Selection

Tables 4–6 depict that the J48 unpruned classifier performs better than other classifiers.
Thus, the J48 unpruned classifier is ideal for the rule extraction process. The J48 un-pruned
tree contains 48 leaves with a size of 57 and 25 meaningful rules extracted. This study does
not consider the rules portraying coverage of less than 1.5% of total instances and accuracy
of less than 80% of all class instances; rather, 19 rules were selected based on their coverage
and accuracy, which are detailed in Table 8.
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Table 8. Rules.

No. Rule Coverage Accuracy

1 IF (Facilities = Wonderful) THEN (Review = Wonderful) (28.67/0.0) 16.7% 100%

2 IF (Facilities = Excellent) THEN (Review = Excellent) (21.5/0.0) 12.5% 100%

3 IF (Facilities = Very Good) AND (Location = Wonderful) THEN
(Review = Very Good) (3.37/0.0) 2.0% 100%

4 IF (Facilities = Very Good) AND (Location = Excellent) THEN
(Review = Excellent) (3.58/0.0) 2.1% 100%

5 IF (Facilities = Very Good) AND (Location = Very Good) THEN
(Review = Excellent) (3.58/0.0) 2.1% 100%

6 IF (Facilities = Very Good) AND (Location = Good) THEN
(Review = Very Good) (7.22/0.48) 4.2% 93.4%

7 IF (Facilities = Good) AND (Restaurant = Wonderful) THEN
(Review = Very Good) (3.85/0.48) 2.2% 87.5%

8 IF (Facilities = Good) AND (Restaurant = Good) THEN
(Review = Good) (3.82/0.0) 2.2% 100%

9 IF (Facilities = Good) AND (Restaurant = Okay) THEN
(Review = Good) (3.82/0.0) 2.2% 100%

10
IF (Facilities = Good) AND (Restaurant = Absent) AND (Value for
Money = Wonderful) AND (Breakfast = Poor) THEN
(Review = Very Good) (3.37/0.0)

2.0% 100%

11
IF (Facilities = Good) AND (Restaurant = Absent) AND (Value for
Money = Wonderful) AND (Breakfast = Absent) THEN
(Review = Very Good) (5.06/0.0)

2.9% 100%

12 IF (Facilities = Good) AND (Restaurant = Absent) AND (Value for
Money = Excellent) THEN (Review = Good) (4/0.48) 2.3% 88%

13 IF (Facilities = Good) AND (Restaurant = Absent) AND (Value for
Money = Very Good) THEN (Review = Good) (43.6/1.69) 25.3% 96.1%

14 IF (Facilities = Okay) AND (Cleanliness = Good) THEN
(Review = Good) (13.48/1.06) 7.8% 92.1%

15
IF (Facilities = Okay) AND (Cleanliness = Okay) AND
(Comfort = Good) AND (Staff = Good) THEN (Review = Good)
(2.74/0.35)

1.6% 87.2%

16
IF (Facilities = Okay) AND (Cleanliness = Okay) AND
(Comfort = Good) AND (Staff = Okay) THEN (Review = Okay)
(2.6/0.48)

1.5% 81.5%

17 IF (Facilities = Okay) AND (Cleanliness = Okay) AND
(Comfort = Okay) THEN (Review = Okay) (19.11/0.0) 11.1% 100%

18 IF (Facilities = Poor) AND (Comfort = Okay) THEN
(Review = Okay) (5.31/0.0) 3.1% 100%

19 IF (Facilities = Poor) AND (Comfort = Poor) THEN (Review = Poor)
(29.02/0.35) 16.9% 98.8%

Table 8 depicts the following information about the rules:

Rule 1 covers 28.67 of the 172 total instances and gives correct results for each of them.
Thus, it covers 16.7% of all instances and is 100% accurate in class instances.
Rule 2 covers 21.5 of the 172 total instances and gives correct results for each of them. Thus,
it covers 12.5% of all instances and is 100% accurate in class instances.
Rule 3 covers 3.37 of the 172 total instances and gives correct results for each of them. Thus,
this rule covers 2% of all instances and is 100% accurate in class instances.
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Rule 4 covers 3.58 of the 172 total instances and gives correct results for each of them. Thus,
it covers 2.1% of total instances and is 100% accurate in class instances.
Rule 5 covers 3.58 of the 172 total instances and gives correct results for each of them. Thus,
this rule covers 2.1% of total instances and is 100% accurate in class instances.
Rule 6 covers 7.22 of the 172 total instances. Since it provides incorrect results for only 0.48
of all instances, it covers 4.2% of all instances with an accuracy of 93.4% in class instances.
Rule 7 covers 3.85 of the 172 total instances. As it provides incorrect results for only 0.48 of
all instances, it covers 2.2% of all instances with an accuracy of 87.5% in class instances.
Rule 8 covers 3.82 of the 172 total instances and gives correct results for each of them. This
rule exhibits a coverage of 2.2% of total instances, with 100% accuracy in class instances.
Rule 9 covers 3.82 of the 172 total instances and gives correct results for each of them. Thus,
it exhibits a 2.2% coverage of total instances and is 100% accurate in class instances.
Rule 10 covers 3.37 of the 172 total instances and gives correct results for each of them.
Thus, this rule exhibits a 2% coverage of all instances, with 100% accuracy in class instances.
Rule 11 covers 5.06 of the 172 total instances and gives correct results for each of them.
Thus, this rule covers 2.9% of total instances and is 100% accurate in class instances.
Rule 12 covers 4 of the 172 total instances. Since it provides incorrect results for only 0.48 of
all instances, therefore, this rule exhibits a coverage of 2.3% of total instances, with 88%
accuracy in class instances.
Rule 13 covers 43.6 of the 172 total instances. Since it gives incorrect results for only 1.69 of
all instances, it covers 25.3% of total instances and is 96.1% accurate in class instances.
Rule 14 covers 13.48 of the 172 total instances, with an incorrect result for only 1.06 instances.
Thus, it covers 7.8% of all instances, with 92.1% accuracy in class instances.
Rule 15 covers 2.74 of the 172 total instances, with an incorrect result for only 0.35 instances
and the correct result for 2.39 instances. Thus, it covers 1.6% of total instances with an
accuracy of 87.2% in class instances.
Rule 16 covers 2.6 instances of the 172 total instances. It gives an incorrect result for only
0.48 instances and the correct result for 2.12 instances. Thus, it exhibits a coverage of 1.5%
of total instances and an accuracy of 81.5% in class instances.
Rule 17 covers 19.11 out of the 172 total instances and gives correct results for each of
them. Thus, this rule exhibits a coverage of 11.1% of the total instances and displays 100%
accuracy in class instances.
Rule 18 covers 5.31 instances out of 172 total instances and gives correct results for each of
them. Thus, this rule exhibits a coverage of 3.1% of the total instances and displays 100%
accuracy in class instances.
Rule 19 covers 29.02 of the 172 total instances. It gives an incorrect result for only
0.35 instances and the correct result for 28.67 instances. Thus, this rule exhibits a cov-
erage of 16.9% of all instances, with 98.8% accuracy in class instances.

Where R stands for rule, FS stands for facilities, CN stands for cleanliness, CM stands
for comfort, SF stands for staff, LC stands for location, VS stands for the value for money
spent, BF stands for breakfast, RE stands for restaurant, RC stands for review class, CO%
stands for percentage of coverage, AC% stands for percentage of accuracy, W stands for
wonderful online ratings, E stands for excellent online ratings, V stands for very good
online ratings, G stands for good online ratings, K stands for okay online ratings, P stands
for poor online ratings, and A stands for absence of online ratings.

Table 9 presents a quick summary of the selected 19 rules. These rules are then used
in conjunction with the four-factor theory to derive the factors that impact hotels’ online
ratings (Section 4.5). Furthermore, Figure A1 presents all 48 rules using a J48 unpruned
decision tree. The discretized scores in Figure A1 correspond to their descriptions given
in Table 2. We built an elegant J48 unpruned decision tree using the Graphviz software
(v. 2.38) and the DOT graph description language (GDL), as noted in Figure A1.
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Table 9. Rules Depicting the Factors Impacting Hotels’ Online Ratings.

R FS CN CM SF LC VS BF RE RC CO% AC%

1 W W 16.7 100

2 E E 12.5 100

3 V W V 2.0 100

4 V E E 2.1 100

5 V V E 2.1 100

6 V G V 4.2 93.4

7 G W V 2.2 87.5

8 G G G 2.2 100

9 G K G 2.2 100

10 G W P A V 2.0 100

11 G W A A V 2.9 100

12 G E A G 2.3 88

13 G V A G 25.3 96

14 K G G 7.8 92.1

15 K K G G G 1.6 87.2

16 K K G K K 1.5 81.5

17 K K K K 11.1 100

18 P K K 3.1 100

19 P P P 16.9 98.8

4.4. Categorization of Factors Based on Rules

This research used the four-factor theory to categorize its factors into satisfiers, dissat-
isfiers, criticals, and neutrals. We considered the previously mentioned 19 rules and their
presentation in Table 9 to categorize the factors based on the rules as follows:

• Facilities—If the facilities are wonderful or excellent, then the review score is wonder-
ful or excellent (Rules 1 and 2). If the facilities and their comfort are poor, then the
review score is poor (Rule 19). Furthermore, the facilities’ attributes are available in all
the rules (Rules 1 to 19). Thus, “good” facilities increase customers’ satisfaction, while
their absence or insufficiency decreases satisfaction. The evaluation of these attributes
also assigns the first-place rank to their facilities (Table 7). Thus, we categorize facilities
as a critical factor.

• Comfort—If the facilities and cleanliness are satisfactory, and their comfort and staff
are good, then the review score is good (Rule 15). If the facilities and their comfort
are satisfactory, then the review score is as well (Rule 18). If the facilities and their
comfort are poor, then the review score is poor (Rule 19). Thus, “good” comfort
increases customers’ satisfaction, while its absence decreases their satisfaction. The
evaluation of attributes also assigns a second-place rank to comfort (Table 7), so
comfort is categorized as a critical factor.

• Cleanliness—If the facilities are satisfactory and cleanliness is good, then the review
score is good (Rule 14). If the facilities and their cleanliness and comfort are satisfactory,
then the review score is as well (Rule 17). If the facilities and their cleanliness, comfort,
and staff are satisfactory, then the review score is also satisfactory (Rule 16). Thus,
cleanliness increases—or at least positively impacts—customers’ satisfaction. The
evaluation of attributes assigns a third-place rank to cleanliness (Table 7), so cleanliness
is considered a satisfier.
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• Staff—If the facilities and their cleanliness are satisfactory but their comfort and staff
are good, then the review score is good (Rule 15). If the facilities and their cleanliness,
comfort, and staff are satisfactory, then the review score is as well (Rule 16). Thus, staff
increases—or at least positively impacts—customers’ satisfaction. As the evaluation of
attributes also assigns a fourth-place rank to the staff factor (Table 7), then the staff is
categorized as a satisfier.

• Location—If the facilities are very good, and the location is wonderful, then the review
score is very good (Rule 3). If the facilities are very good, and the location is excellent,
then the review score is excellent (Rule 4). If the facilities are very good, and the
location is very good, then the review score is also excellent (Rule 5). If the facilities
are very good, and the location is good, then the review score is very good (Rule 6).
Thus, the location increases—or at least positively impacts—customers’ satisfaction.
As the evaluation of attributes also assigns a fifth-place rank to the location (Table 7),
this is categorized as a satisfier.

• Value for Money—If the facilities are good and the value for money spent is excellent,
then the review score is good (Rule 12). If the facilities are good and the value for
money spent is very good, then the review score is good (Rule 13). Thus, the presence
of “excellent” or “very good” responses for the value for money spent does not increase
the review score. As the evaluation of attributes also assigns a sixth-place rank to
the value for money spent (Table 7), the value for money spent is categorized as
a dissatisfier.

• Breakfast—If the facilities are good, the value for money spent is wonderful, and the
breakfast is poor, then the review score is very good (Rule 10). If the facilities are
good, the value for the money spent is wonderful, and the breakfast is absent, then
the review score is very good (Rule 11). Thus, a poor or unavailable breakfast has
little or no effect on the review score. As the evaluation of attributes also assigns a
seventh-place rank to breakfast (Table 7), breakfast is categorized as a neutral factor.

• Restaurant—If the facilities are good and the restaurant is wonderful, then the review
score is very good (Rule 7). If the facilities are good, and the restaurant is good, then
the review score is good (Rule 8). If the facilities are good, and the restaurant is okay,
then the review score is good (Rule 9). If the facilities are good, the value for money
spent is excellent, and there is no restaurant, then the review score is good (Rule 12).
If the facilities are good, the value for the money spent is very good, and there is no
restaurant, then the review score is good (Rule 13). Thus, the presence or absence of a
restaurant has little to no effect on the review score. As the evaluation of attributes
also assigns an eighth-place rank to the restaurant factor (Table 7), the restaurant is
categorized as a neutral factor.

4.5. Novel Model of Key Factors Impacting Online Ratings of Hotels

Based on the categorization in Section 4.4, we constructed a novel model that depicts
the factors impacting hotels’ online ratings, as illustrated in Figure 1. This novel model
categorizes key factors impacting hotels’ online ratings under each dimension of the four-
factor theory.
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Figure 1. Novel Model of Key Predictive Factors Impacting Hotels’ Online Ratings (Source: Authors
Design as a Result of Current Research).

5. Discussion

This research predicts various factors—including the facilities and their comfort,
sanitation, staff, locale, the value for money spent, and the availability of breakfast or
restaurant—that impact hotels’ online ratings. The research findings parallel those in
previous research [13,18,24,45–49,51–57].

The existing literature has observed various conflicts in categorizing factors as either
satisfiers or dissatisfiers [79,80,82–86]. This research enriches the literature, as presented
in Table 1, with facilities classified as a critical factor instead of a satisfier or dissatisfier
earlier [79,82–86]. This result is in line with Alhamad and Singh’s [59] regression analysis
which revealed that hotel facilities have the highest impact on the overall online review
ratings (p-Value 0.01, coefficient 0.48). While comfort has been previously categorized as
a satisfier [79,81], the current work considers this a critical factor. This result is in line
with Alhamad and Singh’s [59] regression analysis, which revealed that comfort has the
second highest impact on the overall online review ratings (p-Value 0.01, coefficient 0.38).
Applying the four-factor theory to these critical factors suggests that the presence or
absence of hotels’ facilities and comfort affects both satisfaction and dissatisfaction as well
as negative evaluations of consumers [33].

Conflicts exist in the literature’s categorization of cleanliness [79,80], staff [79,82–85],
and location [79,80,82,85], which this research resolves to classify them as satisfiers. This
result is in line with Alhamad and Singh’s [59] regression analysis which revealed that
cleanliness (p-Value 0.01, coefficient 0.38), staff (p-Value 0.02, coefficient 0.31) and location
(p-Value 0.04, coefficient 0.23) have a significant impact on the overall online review ratings.
Application of the four-factor theory to these satisfiers indicates that hotels’ cleanliness,
staff, and location meet consumers’ intrinsic needs; their presence increases consumer
satisfaction; however, absence does not increase dissatisfaction [33].

The literature also states that the value for money spent influences hotels’ online
ratings [13,18,46,47,54–56]. The authors agree with this aspect of the literature to some
extent, as it appears that while the value for money spent is necessary, it is not the primary
motivation for tourists visiting a religious destination such as Makkah. This shows a critical
difference in the point of view of customers visiting religious destinations compared to
commercial destinations. Furthermore, this work contributes to the literature [82,84,86]
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(Table 1) and categorizes the value for money spent as a dissatisfier. This result is in line
with Alhamad and Singh’s [59] regression analysis, which revealed that value for money
has a trivial impact on the overall online review ratings (p-Value 0.06, coefficient 0.18).
Administration of the four-factor theory to this dissatisfier suggests that the value for
money spent meets consumers’ extrinsic needs; its presence does not increase satisfaction;
however, absence increases dissatisfaction [33].

The literature finds that the availability of breakfast influences hotels’ online
ratings [49,50,52]. However, this research finds that breakfast has little or no importance in
a religious destination such as Makkah. Furthermore, we categorize breakfast as a neutral
factor and contribute to the literature [79,80] (Table 1) in the context of religious destinations.
This result is in line with Alhamad and Singh’s [59] regression analysis, which revealed
that breakfast has a trivial impact on the overall online review ratings (p-Value 0.88, coeffi-
cient 0.01). The authors could not find any research to demonstrate that hotels’ restaurant
facilities significantly influence their online ratings. Moreover, the restaurant has little or
no importance in this research; therefore, this is categorized as a neutral factor. Utilization
of the four-factor theory to these neutral factors suggests that the presence or absence of
breakfast and a restaurant do not affect consumer satisfaction or dissatisfaction [33].

This research also finds that free Wi-Fi is the least important attribute (Table 7). Fur-
thermore, the unpruned J48 tree does not generate any rule that relates to free Wi-Fi.
Consequently, this research differs from the work of Bulchand-Gidumal et al. [58] in that
the former does not consider free Wi-Fi important in influencing hotels’ online ratings.
This mismatch could be because almost all hotels provide free Wi-Fi to their customers,
which was not previously the norm. This result is in line with Alhamad and Singh’s [59]
regression analysis, which revealed that free Wi-Fi has trivial and the least impact on the
overall online review ratings (p-Value 0.46, coefficient −0.03).

Expectations confirmation theory (ECT) states that a consumer is satisfied if the
perceived performance matches or surpasses expectations; otherwise, the consumer is
dissatisfied [40]. Integrating the four-factor and expectations confirmation theories in
the current research context suggests that customers will be satisfied if hotels fulfill or
exceed their expectations for critical factors (facilities and comfort); otherwise, they will
be dissatisfied [33,40]. However, it is not possible to integrate the four-factor and expec-
tations confirmation theories for satisfiers, dissatisfiers, and neutrals, as ECT does not
fully support the characteristics of these factors. This is because satisfiers and dissatis-
fiers in the four-factor theory are unidirectional (either satisfaction or dissatisfaction, but
not both) [33], whereas ECT requires bi-directionality (both satisfaction and dissatisfac-
tion) [40]. Additionally, neutral factors in the four-factor theory do not result in satisfaction
or dissatisfaction [33], whereas ECT requires both satisfaction and dissatisfaction [40].

6. Conclusions and Implications

This study demonstrated the significance of analyzing online consumer review data to
enhance online ratings of hotels and improve customer satisfaction. The study established
the importance of a hotel’s online rating system as a platform hotel customers use to convey
their experiences. The study showed that the customer’s psychology of the hotel experience
impacts the behavioral aspects of online ratings.

The previous research has identified factors that impact hotels’ online ratings, such as
hotel’s breakfast availability, sanitation, comfort, facilities, locale, staff, value for the money
spent, and the availability of free Wi-Fi. The existing literature categorized these factors
as either satisfiers or dissatisfiers. Furthermore, the extant literature does not categorize
these factors as either criticals or neutrals. This study applied the four-factor theory to
present a novel categorization of the key predictive factors impacting hotels’ online ratings.
Accordingly, the study categorized the factors as satisfiers, dissatisfiers, criticals, or neutrals.

This study decodes hidden knowledge from online consumer review data and uses
a data-mining rule-based approach. With a dataset of 172 hotels in Makkah from Book-
ing.com, the study used data mining in conjunction with the four-factor theory to empiri-
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cally identify the four sets of factors impacting hotels’ online ratings. The study enriches
the four-factor theory by identifying specific factors under each dimension and reports that:

(1) The facilities and comfort are critical factors—their presence or absence affects satis-
faction and dissatisfaction, as well as negative consumer evaluations;

(2) The cleanliness, staff, and location are satisfiers—they meet consumers’ intrinsic
needs; while their presence increases consumer satisfaction, their absence does not
increase dissatisfaction;

(3) The value for money spent is a dissatisfier—it meets consumers’ extrinsic needs;
while its absence increases consumer dissatisfaction, its presence does not increase
satisfaction; and

(4) The availability of breakfast and a restaurant are neutral factors—their presence or
absence does not affect consumer satisfaction or dissatisfaction.

This research’s tenets contribute to the current theory regarding hotels’ online ratings
by identifying a distinct set of factors under the four-factor theory. The study extends
the four-factor theory to the hospitality and tourism industry. This research contributes
to the literature by categorizing hotels’ restaurant facilities as a neutral factor. However,
the current research disagrees with the previous research [49,50,52,58] to the extent of
not considering the availability of breakfast and free Wi-Fi significant for influencing
hotels’ online ratings. Furthermore, the study enriches the literature by adding critical
and neutral factors in addition to satisfiers and dissatisfiers. The study further contributes
to the literature by suggesting the possibility to integrate four-factor and expectations
confirmation theories for critical factors but not for satisfiers, dissatisfiers or neutral factors.

The current research contributes to the practice by presenting a novel categorization
of key factors impacting hotels’ online ratings to enhance consumer satisfaction. The
hospitality industry, in general, and particularly the hotel industry, can focus on the specific
characteristics of the four distinct sets of factors identified in this research to survive and
succeed. The research identifies facilities and comfort as critical factors, so they must be
hotels’ first and foremost concerns. Failure to provide requisite facilities and necessary
comfort to the customers will likely result in a business loss to the hotels. In contrast, the
hotels’ ability to satisfy customers in these critical factors will improve their ratings and
add business value. Cleanliness, staff, and location should be the hotels’ managers’ next
priority as they play an essential role in customer satisfaction. The hotels should also pay
attention to value for money, as customers can become dissatisfied if the value delivery by
hotels does not match their money spent. The study also suggests that the value for money
spent is less important for customers visiting a religious destination such as Makkah. The
research further shows that hotel managers can afford to pay less attention to neutral factors
such as breakfast availability and restaurant facilities (especially in religious destinations
such as Makkah), as they hold lesser importance in customers’ minds than other factors.

This result also has implications for crisis management situations (e.g., COVID-19).
This study identifies hotel facilities as a crucial factor. COVID-19-free facilities may play a
vital role in protecting the revenue stream of hotels during crisis situations [63]. Cleanliness
and staff are identified as satisfiers. Cleanliness (disinfection) and staff training in health
and safety protocols are important to manage crises situations, such as the COVID-19
pandemic. Cleanliness and staff attitude can also improve customer satisfaction and
protect the revenue stream of hotels, especially during COVID-19 [63]. The hotel’s facilities,
comfort, cleanliness, etc., may all be affected by the happiness and contentment of its
staff [65,66]. Therefore, hotels should invest in staff education and training to safeguard
their income streams in crisis scenarios such as the COVID-19 pandemic.

The study’s findings are extremely valuable to a country such as Saudi Arabia, which
is promoting its hospitality and tourism industries to diversify its revenue sources outside
of oil as part of its Vision 2030 program. In particular, this study creates useful knowledge
for hotels at various religious heritage sites, such as Saudi Arabia’s Makkah. Additionally,
various nations can leverage the findings to promote their hospitality and tourism enterprises.
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7. Limitations and Future Research

This study collected data from online review ratings for hotels in Makkah. However,
future research can also include Madinah City to increase the dataset’s size and further
generalize the findings. Similarly, the authors collected data from Booking.com, but future
researchers can collect a wider variety of data by including websites from other companies,
such as Agoda.com, Trivago.com, Expedia.com, Kayak.com, and Hotels.com, among others.

While this research focused only on numerical ratings, customers’ comments on online
reviews can also provide useful information. Future studies can examine them using text
mining to enhance the current research results.

Future research can take online review data from key religious heritage sites in different
locales worldwide, such as Lhasa in Tibet, Varanasi and Amritsar in India, Sri Pada in Sri
Lanka, Lumbini in Nepal, Salt Lake City in the USA, Lourdes in France, Wittenberg in
Germany, Vatican City, Bethlehem, and Jerusalem, among others. Such cross-country and
cross-religious research will further enrich the findings.

The future research can discuss the aspects of online ratings, such as mobile appli-
cations, in conjunction with popular tourism websites. As many customers who travel
have a smartphone readily available, future research can address the mediums via which
human behaviors are shaped and expressed in the hotel tourism context. Such a study can
investigate the effect of different devices on the hotels’ online ratings and provide ideas on
moment marketing campaigns to improve ratings.

Future research can consider growing concerns regarding fake and paid online re-
views [92–98]. In addition, it can address manipulation concerns of online ratings by
considering reviewers’ profiles, previous reviews, frequency of reviews by specific cus-
tomers, writing style, etc.

This research applied rule-based classifiers (such as JCBA, WeightedClassifier, Con-
junctiveRule, DecisionTable, DTNB, FURIA, JRip, LAC, MODLEM, MOEFC, NNge, OLM,
OneR, PART, Prism, Ridor, RoughSet, ZeroR) and tree-based classifiers (such as BFTree
(pruned and unpruned), CDT (pruned and unpruned), CSForest, DecisionStump, ForestPA,
FT, HoeffdingTree, ID3, J48 (pruned and unpruned), J48Consolidated, J48Graft, LADTree,
LMT, NBTree, PCT, RandomForest, RandomTree, REPTree (pruned and unpruned), Sim-
pleCart, SPF, SPAARC, SysFor) for the data mining of the hotels’ online ratings. Future
research can apply clustering algorithms such as K-means, C-means, farthest first, fuzzy
clustering, expected maximization, BIRCH, DBSCAN, STING, etc. [99–101].
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Figure A1. J48 unpruned decision tree with 48 rules.
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