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ABSTRACT

In recent times, tourism, especially e-tourism, has been catching the attention of researchers and scholars. Numerous
studies have emerged aiming to explore internet technology’s role in transforming the tourism industry. This inves-
tigation aims to offer a systematic and stat of the art review of previous research on tourism and e-tourism based
on sentiment analysis, a technique used in previous studies. Sentiment analysis is chiefly concerned with the analysis
of tourists’ sentiments expressed in their reviews and experiences shared on digital platforms. To conduct our study,
we relied on literature reviewed from three major digital databases, including Science Direct, IEEE Xplore, and Web of
Science. We selected 41 articles divided into four major categories through the filtering and screening process. A detailed
review of the studies in these four categories has been provided. We also performed a mapping analysis to make this
review more robust and conclusive. In the end, we proposed some important future research agenda based on the TCCM

(Theory, Context, Characteristics, and Methodology) framework.
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1. Introduction

The tourism industry constitutes an integral sector
of a country’s national economy and a major source of
earnings. It can remarkably contribute to a country’s
sustainable development. Certain countries across
the globe derive a major portion of their national
income from tourism. For instance, the USA gener-
ates $210 billion annually from tourism, while Spain
draws $ 68 billion per year from tourism. Similarly,
some countries are exclusively dependent on income
from tourism; for instance, in Maldives, 38.92% of
the total GDP is obtained from tourism, and the
British Virgin Islands makes 32.96% of its total GDP
from tourism. In recent years, Tourism has devel-
oped into one of the most important components of
many countries’ sustainable development goals, and
it seeks the utilization of sustainable business models
that can contribute further to economic development.

To address the agenda of sustainable development,
countries must be concerned with increasing tourists’
satisfaction and enriching their tourism experience.
The level of tourism in a country indicates its inter-
national reputation in terms of safety and facilities
for tourists. Countries are finding new ways to pro-
mote tourism, and e-tourism has evolved new ways
to flourish tourism. E-tourism refers to the digitisation
of the tourism industry, which encompasses the entire
plan and infrastructure of the tourist sector. With the
development of the internet and Web 2.0 technolo-
gies, there are numerous opportunities for promoting
tourism. Information and communication technology
(ICT) has transformed the tourism industry and has
been facilitating tourists to make an informed choice
of tourist destinations. ICT has empowered tourists in
terms of identification, customization, and purchase
of tourism services and products and contributes to
the global promotion of the tourism industry through
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engagement in the development, management, and
distribution of tourism facilities across the globe.
Increasing reliance on ICT has prompted competition
in the tourism industry to provide more facilities
in order to become the foremost priority choice of
tourists. The exchange of tourism-related information
and instant access to such information has become
the pivotal feature of tourism firms. ICT facilitates
tourism firms in terms of the effectiveness and trans-
parency of online information [1, 2] Tourists are
mainly dependent on ICT for information search and
planning of their trips and are also eager to share their
tour experiences online [3, 4]. Accordingly, tourism
firms are striving to make efficient use of ICT to
attract tourists.

With the expansion of tourism and e-tourism, re-
searchers’ interest in the field has grown manifold;
over the last few years, many studies have been con-
ducted to investigate various aspects of tourism and
e-tourism and the role of internet technologies for
the transformation of tourism industry. This paper
provides a state-of-the-art systematic review of the
studies conducted in the context of tourism and e-
tourism. For this purpose, we relied on sentiment
analysis techniques to comprehend our review. Sen-
timent analysis is described as emotional polarity,
and it aims to find positive, negative, and neutral
expressions in the text. Sentiment analysis is one of
the sub-components of text mining and is based on
understanding the emotion in whole or part of a
text with computer-based techniques [5]. Knowledge
of customers’ opinions, attitudes, and feelings about
products and services helps organizations understand
the degree of satisfaction of their customers, which is
very important in the decision-making process.

The utmost functional aspect of sentiment analysis
is to examine tourists’ sentiments. Filtering and
machine learning are the most used techniques in
the sentiment analysis of tourists. Filtering classifies
words according to positive, negative, and neutral
moods and places them in particular classes according
to the sentiment analysis of each term. Sentiment
analysis for tourism research allows tourists with
various emotions to be analyzed within the scope
of specific theories. Exploring the online comments
that contain millions of bytes of data with the
word filtering approach creates desirable systemic
integrity for research [6]. Online reviews are used to
determine the satisfaction, perception, and reliability
of tourists and brand value. They have a distinctive
role in the choice of hotel businesses; for example,
before tourists prefer hotel businesses, they examine
the reviews about the business from platforms such
as TripAdvisor, Google comments, Facebook, or
Instagram and choose businesses with more positive

comments and likes. Kim et al. [7] found a similar
result and found that online reviews are the main
factor in tourist preference while hunting destina-
tions. Based on the analysis, 41 papers are classified
into four major parts based on the aim and objective
that meet the pre-specified inclusion and exclusion
criteria.

2. Method and material

Three digital databases were selected for the pur-
pose of conducting a targeted article search. These
databases include (1) ScienceDirect, which provides
access to journal articles in the fields of science,
technology, and medicine (STM); (2) IEEE Xplore,
a library containing technical literature related to
engineering and technology; and (3) Web of Science
(WoS), a service that indexes research spanning vari-
ous disciplines such as sciences, social sciences, arts,
and humanities. The motivation for their choices is
to encompass technical literature in order to offer a
more comprehensive perspective on researchers’ en-
deavors and their pertinence to many fields of study.

The article-picking process involved several phases,
starting with a search of literature sources. Subse-
quently, two further rounds of screening and filtering
were conducted. During the preliminary stage, super-
fluous and redundant articles were excluded based
on a thorough analysis of their titles and abstracts.
In the succeeding iteration, the articles underwent
additional refinement through a complete evaluation
of their full-text content, building upon the previous
screening process. The authors that conducted the
screening and were evaluated by all authors applied
the same eligibility criteria in both rounds.

2.1. Search

The most vital keyword in the scope of this paper is
“Sentiment Analysis” and “Tourism” or “e-tourism”.
The search was conducted at the start of November
2022 in ScienceDirect, followed by WOS and IEEE
Xplore through their databases accordingly. The key-
words in terms of abbreviations are also taken into
consideration while searching the databases. We fur-
ther used the filtering features in each search engine
to exclude book chapters and other types of reports
apart from journals and conference articles. The exact
query used in this research is (“Sentiment analysis”
AND “Tourism” OR “E-tourism”). The finalized 41
articles are refined by ensuring that there are not
duplicated articles. Among 41 articles, there are (21)
ScienceDirect articles, (11) IEEE Xplore articles, and
(9) WosS articles.
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Fig. 1. The process of screening and including related studies.

2.2. Data Collection Process

The data collection process related to this topic
starts with searching the ScienceDirect database, fol-
lowed by IEEE Xplore and WoS databases. Once the
search had been concluded, it was found that there
were many existing studies similar to our initially
defined search terms in general. All the related files
were sent to EndNote for filtering purposes, and as a
result, 19 closely related articles to this topic were se-
lected and compiled into a single word file. In order to
organize the collected information, a table has been
created consisting of 3 main headers: title, country
case, and source of data, as shown in Fig. 1.

2.3. Taxonomy

The tourism industry is a crucial element to all
the countries in the world as every country wishes
to benefit from the bounties of tourism. Tourism is
one of the easiest ways to enhance revenue and raise
employment in the country. The reputation of the
country is also recognized through the national in-
come gained from the tourists who visit particular
countries. By doing this, the income collected from
the tourism source can be invested to improve facil-
ities, services, and attractions touring resorts. There
are several questions that need attention, for instance:
(1) How can the tourism industry be developed and
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improved? and (2) What are the elements or aspects
that need to be taken into consideration?

Tourists experience a very complex decision-
making process when they need to balance between
needs and affordability with regard to traveling to
another country, choosing tourist destinations, suit-
able hotels, and restaurants. In general, tourism texts
present a brief overview and information about a
country, city, tourist spots, or hotels, which aims
to attract the attention of the readers to encourage
them to visit these places and facilitate their choices
of destinations. Tourism texts are intended for the
purpose of introducing tourist spots and destinations
for the public to discover and enjoy. Tourism can be
defined as an activity through which direct integra-
tion takes place between the diverse cultures in the
world and the language. In line with this statement,
it can be defined that the tourism industry acts as the
mediator between the tourists, destinations, and their
cultures. Besides, in order to build a cultural bridge
between languages, translation comes in handy. It can
be very useful when tourists from different nativities
are eager to obtain specific ideas and information
from tourist texts such as brochures, banners, and
publications. Therefore, it is essential to understand
the tourist texts on different websites and in other
languages.

All the articles were classified into four main cate-
gories, which consist of tourist places and historical
cities (first category), hotels and restaurants (second
category), countries (third category), and a combi-
nation of public responses to crisis communications
thru the early phases of Covid-19, mixed restaurants,
sightseeing, hotels, activities, nightlife, transporta-
tion, shopping, sporting and outdoors, and favourites
(fourth category). There are enormous websites these
days that help tourists in choosing appropriate travel
destinations as well as determining the accommoda-
tions or hotels, for instance, TripAdvisor, Expedia,
and Yelp. These platforms provide convenient spaces
for users to share their hotel stays and travel expe-
riences through user-friendly reviews. In this study,
we employ sentiment analysis to examine tourists’
reviews and introduce a novel metric for evaluating
destinations’ carrying capacity, primarily centered on
TripAdvisor online reviews [8]. The results of our
analysis demonstrate that destination managers can
effectively employ the emotional index as a means to
gauge the carrying capacity of their destination.

3. Results

Based on the analysis, 41 articles are categorized
into four major categories based on the aim and
objective that meet the pre-specified inclusion and

exclusion criteria. Each category was analyzed; the
major category contains (n = 41) articles relating to:

1. The first category, tourist places and historic
cities consists of 6 articles.

2. The second category is hotels and restaurants,
which consists of 17 articles.

3. The third category, countries which consists of
8 articles.

4. The fourth category, a combination of topics re-
lated to crisis communications during Covid-19,
sightseeing, activities, nightlife, transportation,
shopping, sporting and outdoors, and favourites,
consists of 10 articles.

3.1. Tourist places and historic cities

There are 6 articles related to the first category
which discuss tourists’ resorts and historic cities.
During the COVID-19 pandemic, tourist places and
cities were negatively impacted, which caused un-
precedented havoc to the global tourism industry. In
order to overcome this issue, several empirical studies
were conducted to examine the impact of the Covid-
19 outbreak on tourists’ real-time on-site emotional
experience using geo-tagged check-in user-generated
content data in China’s National 5A scenic spots from
7t November 2019 until 8t November 2020 [9]. This
study mainly used questionnaires and interviews to
measure tourists’ emotional experience, which cap-
tured tourists’ remembered experience only without
the real-time on-site emotional experience, gener-
ating bias and inaccurate information gathering.
In order to solve the bias, User-Generated Con-
tent (UGC) sentiment analysis is applied to measure
tourists’ emotional experience. The UGC sentiment
analysis is applied to the data collected from Sina
Weibo related to the emotional experience expressed
on the check-in pages on social media. By doing this
analysis, the results portray empirical evidence and
practical implications towards destinations depend-
ing on the tourist experience management during and
after the COVID-19 pandemic. From the evidence,
it can be seen that tourists’ emotional experience is
significantly affecting the tourist destinations.

Prior studies carried out by earlier scholars ex-
amined a methodology for automatically grouping
users based on the sentiment expressed in their
reviews on digital tourism platforms [10]. The ef-
fectiveness of this algorithm was assessed using data
obtained from the cultural and social information
system called Cuscarias. It’s important to note that
categorizing disagreements related to specific aspects
can be challenging, as it hinges on the sentiment
polarity associated with the evaluation in question.
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In a recent study [11], a sentiment-analysis tech-
nique was employed to assess the assessments of
Chinese tourists on destinations in Australia. These
evaluations were afterward compared to the eval-
uations generated by foreign tourists. The study
employed lexicon-based sentiment analysis to extract
the attitudes expressed by Chinese travelers in their
online reviews of tourist locations and destinations.
The data on internet reviews is sourced from promi-
nent travel websites in China, such as qyer.com,
mafengwo.com, and Ctrip.com. Upon concluding the
analysis, it is evident that Chinese visitors’ market
characteristics and preferences continue to exhibit
significant distinctions compared to international
tourists. This observation underscores the crucial and
ongoing need for continual monitoring and examina-
tion. Other researchers [12], conducted research with
the objective of creating a novel metric for assessing
the carrying capacity of locations. This metric is de-
rived from sentiment analysis conducted on online
reviews from the TripAdvisor platform. The present
analysis is focused on the urban area of Berlin and en-
compasses the temporal span from 2013 to 2019. This
research endeavors to construct an emotional index
that reflects the level of emotional intensity experi-
enced by tourists in a given destination throughout
the designated period of investigation. The empiri-
cal evidence demonstrates that destination managers
have the ability to utilize the emotional index as a
means of quantifying the carrying capacity of a cer-
tain destination.

Researchers [13] suggested a mixed method ap-
proach including sentiment analysis and Latent
Dirichlet Allocation (LDA) topic modeling. The
methodology is specifically tailored to extract a large
number of tweets about Lombok and Bali’s regions,
originating from Twitter users who are not local
residents. These tweets were generated following a
sequence of earthquakes in August 2018 in these
two locations. The primary conclusions of the study
indicate that, overall, individuals have exhibited a
decreasing tendency towards negativity when ex-
pressing their opinions on Lombok and Bali. This
trend has persisted despite fluctuations in the central
trends of sentiment polarity.

Furthermore, a recent study conducted by [14]
introduced a fresh and comprehensive methodol-
ogy that incorporates various analytical methods,
including sentiment analysis and topic modeling. The
aforementioned methodology is employed to extract
sentiments and subjects of interest from conversa-
tional data provided by travellers on the TripAdvisor
platform, spanning the years 2002 to 2019. In
addition, the authors additionally contemplate the ex-
amination of destination loyalty declarations through

the utilization of a term clustering methodology. De-
spite the presence of several restrictions stemming
from the subjective nature of online reviews, the
outcomes of this study make valuable contributions
to the fields of academics and tourism in multiple
dimensions.

3.2. Hotels and restaurants

The second group consists of 17 articles discussing
hotels and restaurants from the tourist’s point of view.
By analysing sentiments on different websites, it can
aid tourists in determining their travel destinations
and choosing the best hotels and restaurants during
their stay. Presently, several studies have been con-
ducted specifically focusing on the reviews of hotels
and restaurants.

Researchers [15] investigated the role of user-
generated photos in online hotel reviews gathered
by TripAdvisor. The researchers analyzed the mecha-
nisms involved in generating images and investigated
the impact of user-generated photos on the provision
of online hotel evaluations. The data indicate that
individuals are more inclined to share photographs
of hotels that offer superior service quality, luxurious
accommodations, and an overall favourable experi-
ence throughout their visit.

The task of identifying an appropriate hotel that
aligns with the user’s requirements and financial
constraints is a formidable undertaking, including a
multifaceted decision-making process. To facilitate
the intricate process of decision-making, a recent
study conducted by [16] introduced a new method-
ology for a recommendation system based on user
queries. The present query system facilitates trav-
ellers in accessing reviews pertaining to hotels that
align with their specific preferences and require-
ments. The integration of the proposed system with
existing tourism systems can be achieved through
multiple approaches. Rather than engaging in a ca-
sual search for hotels with favorable ratings on
different internet platforms, travelers may consider
using a more systematic strategy to choose accommo-
dations within a certain location that possess desired
attributes such as competent staff, quality services,
ethical ideals, and positive evaluations.

Previous researchers [16] have put up a conceptual
framework that examines the various aspects impact-
ing sleep quality in hotels, taking into account both
personal and hotel features. Through the analysis of
hotel reviews on TripAdvisor, a model is presented
that categorizes the elements influencing the quality
of sleep experienced by hotel visitors. These factors
are classified into two significant domains: personal
characteristics and hotel characteristics. Each domain
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has multiple distinct attributes. The findings confirm
the effectiveness of the conceptual model that has
been proposed.

On the other hand, there is another approach called
object-based opinion mining. Researchers [17] im-
plemented object-based opinion mining by applying
filters on the object extraction process of the ho-
tel and restaurant review data. The results obtained
from this approach are quite satisfying; however,
it consumes longer time in analysis as compared
to other approaches, which is considered a draw-
back. For example, object-based opinion mining takes
3,051 seconds to extract the hotel review data and
1,559 seconds to extract the restaurant review data,
whereas another approach takes less than 4 seconds
to process the extraction of objects.

A tool embedding cloud-based technologies has
been developed to analyze the sentiments of gastro-
nomic establishments by previous researchers [18].
This tool helps carry out all the necessary steps
related to the analysis, from downloading data to
displaying results, including the intermediate stage
of pre-processing, cleaning, data preparation, and di-
mensionality reduction. The tool is highly efficient in
validating the gastronomic context of the Province of
Granada, Spain. Researchers [19], proposed a tourist
site ranking model of a city based on an Ordering
Weighting Aggregation (OWA) operator. The aim of
the study is to ensure that the tool acts as a recom-
mender system based on the polarities gained from
the users’ reviews posted on social media. The accu-
racy and applicability of the tool is tested and proved
using real datasets of the tourist sites in Paris.

There are hidden assumptions that were overlooked
in evaluating the hotel reviews. This gap is explored
by [19], which focuses on three underlying assump-
tions that are commonly found in online review
research. These assumptions include (1) the assump-
tion that all online users have equal visibility to all
reviews, (2) the assumption that the helpfulness of re-
views is influenced solely by the review rating and the
hotel’s star class, without any interaction between the
two factors, and (3) the assumption that the charac-
teristics of reviews and the status of reviewers remain
constant throughout the study. The research con-
ducted on the data gathered from TripAdvisor.com
reveals limitations about the generalizability of the
study. This is due to the restricted analysis done on
hotels in two selected cities. Although this analysis
fulfills the goal of examining two cities that are very
different in the characteristics of their attractions,
the results cannot be generalized to the entire hotel
industry.

Researcher [20] proposed a platform for extract-
ing and paraphrasing opinions expressed by users

on tourism-related online platforms. The proposed
system extracts hotel reviews from the internet and
classifies them using an opinion mining technique.
The proposed technique has an acceptable accuracy,
which is domain independent and does not need
expensive resources to operate. Zhu et al. [21] intro-
duced a novel approach to enhance sentiment word
embedding through the utilization of a kernel op-
timization function. The objective of this approach
is to combine semantic, statistical, and sentiment
information while also preserving the similarity of
sentiment words based on their sentiment orienta-
tion. The analysis was conducted using the data
obtained from Qunar.com and Ctrip.com. The find-
ings indicate that the sentiment vectors that are
optimized effectively capture the properties related
to sentiment information, as well as the distinction
between the concretization and abstraction of senti-
ment words.

Marcolin, Becker et al. [22] also present and
substantiate a framework aimed at optimizing the
utilization of textual data within the hotel busi-
ness. The researchers integrated three distinct text
mining techniques, namely text categorization, senti-
ment analysis, and topic modeling, which collectively
formed a unique and innovative approach. This
methodology enables managers to assess guest com-
ments and make comparisons across competitors in
the hotel business using the SERVQUAL model, with
the aim of enhancing service quality within the tourist
sector. One advantage of this technique is in its poten-
tial to offer a precise characterization of the examined
hotel industry. When it comes to rating of tourists’
experience, there arises an issue with TripAdvisor
bubble rating, which shows that users tend to eval-
uate overall experience positively even though they
experience several negative experiences during their
travel. Valdivia et al. [23] were the first group of
researchers who pointed out this issue and proposed
a polarity aggregation model to solve the problem.
This study presented the model as a unified index
of two polarities comprising User Polarity and Senti-
ment Analysis Methods (SAMs) Polarity. This model
is guided by the geometric mean function of the User
Polarity and SAMs Polarity on an Aspect-based Senti-
ment Analysis (ABSA) scenario.

[24] conducted a study distinguished from the
presently available research. They use gaming fea-
tures and apply them to non-game contexts to engage
users well. The changes in user behaviour become a
gap in this research area. They studied how gamifica-
tion features can affect the changes in user behaviour
effectively. The gap is filled by implementing a data-
driven approach on a total of 67,685 online reviews
collected from TripAdvisor from 2016 until 2017.
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Four ANNs were competent in modeling two pairs
of elements consisting of the title and review’s word
length and the title and review’s sentiment score.
On top of that, points and badges available on
TripAdvisor were also considered as inputs when im-
plementing the 12 gamification features. As a result,
it is proved that the tool developed by embedding
gamification features is able to motivate travellers
to interact and contribute their reviews on the Tri-
pAdvisor site. [25] conducted an investigation on
the factors that impact user experiences on Airbnb
by evaluating a large dataset of online reviews. The
analysis is conducted using the methodologies of text
mining and sentiment analysis. The findings of this
study indicate that Airbnb customers tend to assess
their experiences by comparing them to their previ-
ous hotel stays and other alternative methods rather
than forming a comprehensive picture of their current
Airbnb experiences.

Most of the existing researchers focused their study
on user’s experience. However, [26] direct the re-
search into organizational influences in the hotel
industry. The authors propose a conceptual frame-
work for analyzing the underlying mechanisms via
which organizational agility impacts hotel perfor-
mance, with a particular focus on the mediating
function of social media, mobile, analytics, and cloud
(SMAC) technologies. The system underwent testing
by utilizing a dataset consisting of matched data from
hotel practitioners and the corresponding customer
reviews associated with each assessed hotel on the
TripAdvisor platform. The results validate that the
effective implementation of SMAC holds promise in
fostering favourable word-of-mouth and enhancing
customers’ opinion of hotel quality. The results verify
that the proper deployment of SMAC has an opportu-
nity to develop favourable reviews and enhance the
impression of customers toward hotel quality. The
results verify that the proper deployment of SMAC
has an opportunity to develop favourable reviews and
enhance the impression of customers toward hotel
quality. The tourism business experienced adverse ef-
fects as a result of the Covid-19 outbreak. To mitigate
the consequences, the tourism sector has transitioned
towards virtual tourism. [27] conducted a study in
the virtual tourism business to investigate the public
mood and drivers of virtual tourism. The researchers
employed the Python programming language and the
grounded theory approach to analyze the data. The
findings indicate that the majority of tourists express
positive feelings in the context of virtual tourism,
whereas a smaller proportion of travellers exhibit
negative or neutral attitude polarity.

[28] investigated the correlation between emo-
tional inclination and electronic Word-of-mouth

(e-WOM) conveyed across four stages of tourist travel
experiences, adopting a multiplatform approach. This
aspect has received limited attention within the do-
main of tourism management research. Sentiment
analysis was conducted utilizing reviews from two
platforms. The findings suggest the presence of a
discernible emotional polarity. Moreover, it is shown
that pleasant feelings tend to occur more frequently
in comparison to negative emotions when individ-
uals engage in travel experiences. There exists a
distinction in emotional polarities between male and
female travellers. A tourism recommendation system
was proposed by existing researchers to extract user
preferences to provide personalized hotel recommen-
dations [29]. The system uses datasets available on
the TripAdvisor platform to come up with recommen-
dations. The evaluation findings demonstrate that the
suggested system outperforms the existing systems in
terms of the f-measure criterion.

4. Benefits of sentiment analysis in tourism

Sentiment analysis, separating positive and nega-
tive thoughts, is the process of determining positive
and negative opinions, feelings, and evaluations. It
can also analyze multi-perspectives, question an-
swering and summarize opinion-based information
extraction, and data mining product reviews at the
sentence and expression levels [30]. In addition,
it is also seen as a dynamically growing field of
natural language processing [31], denoting a signifi-
cant problem area known as opinion mining—a field
of study that analyzes people’s views, evaluations,
attitudes, and feelings towards entities such as prod-
ucts, services, organizations, individuals, problems,
events, issues and qualities [32]. Social media tools
represent excellent data source for sentiment analysis
since they try to detect people’s feelings and thoughts
through a written text. Machine learning techniques
and the rise of data sets have helped to eliminate the
difficulties of sentiment analysis with internet-based
developments [33]. However, sentiment analysis ap-
plications are getting more and more complex with
every passing day (Fig. 2).

While simple two-class problems are analysed be-
tween the time span from past-today, more complex
issues are carried out with external factors. For ex-
ample, e-mail has long been divided into harmless,
spam, or malicious mail. However, today, inferences
can be questioned whether the difference between
people watching a movie is due to the viewer, actor,
director, scenario, or a different variable. People ben-
efit from the feelings and thoughts of other people
and see their experiences as a guide for themselves
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Fig. 2. Benefits of sentiment analysis in the tourism industry.

while making decisions. It is possible to reach many
people’s feelings, reviews, and ideas on many issues
with social network development. However, it is not
possible to read and evaluate all of them. Sentiment
analysis, which comes into play at this point, allows
people to group their feelings, thoughts, and ideas
as positive, negative, or neutral. Although sentiment
analysis may seem simple, it is very complex and chal-
lenging. The fact that all the words in the text do not
express emotions makes it necessary to separate the
words first [34]. Learning about emotions is of great
importance in terms of increasing service quality, en-

hancing customer’s satisfaction, and ensuring loyalty
in the tourism industry, The opportunities in social
media tools also offer great convenience in terms
of learning emotions, in particular, opinion-sharing-
based applications allow consumers’ comments to be
examined by business or marketing experts which
reveal hidden emotions in the feedbacks.

The tourism sector has diverse touristic typologies;
sometimes, feedback can only be received instantly,
whereas in other cases, it takes a while, depending
on the tourist’s typology. In the latter situation, the
tourists can share their experiences on social media
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tools or the websites of businesses after their va-
cation. The sentiment analysis, at this point, offers
the management or destination an opportunity to
perceive whether the tourists’ feelings about the busi-
ness or their experience are positive, negative, or
neutral. Making good use of these opportunities will
positively impact the business or destination image.
To illustrate, Rane and Kumar [35], analyzed the
messages sent by six major airline companies in the
USA and determined that the majority of the mes-
sages were negative, and the words “customer service
problem” and “late flight” were frequently used in
messages classified as unfavorable. Based on this
data, businesses can learn about their problems and
take measures to satisfy consumers. Sentiment anal-
ysis studies are carried out in the field of tourism
as well as in many other areas; they are generally
used in customers’ relationship management when
customers’ emotions, attitudes, and evaluations are
analyzed with the content produced by the customers
[36]. Many sentiment analysis studies, usually ad-
dressing a company in tourism, are conducted using
reviews for hotels and restaurants.

According to Mostafa [37], Sentiment analysis per-
forms the process of classifying an opinion as positive
(positive), neutral (neutral), or negative (negative).
For instance, in the sentence “I liked the food very
much even though the service was awful” in the cus-
tomer’s comments, an opinion was expressed about
the assets of “service” and “food.” The sentence is
subjected to gaze/feature-based sentiment analysis,
defining assets (service and food) as first. In addition,
a view or opinion is drawn about these assets, and a
positive, negative or neutral value is defined for each
asset [38]. This method of investigation is considered
necessary for document-level sentiment analysis [39].
The first study on sentiment analysis studies in the lit-
erature is seen as document-level sentiment analysis
by Turney [40]. The first study on gaze/feature-based
sentiment analysis was carried out by Hu and Liu
[41]. There are very few studies evaluating customer
reviews in the hospitality industry. Some of these
studies are summarized below.

Behremen et al. [42], investigated complaints in
hotels that offer “Halal Concept” services on the
halalbooking.com site. According to the results, the
most frequently complained service types are facil-
ities, staff, and wireless internet. Prameswari et al.
[43] used text mining techniques, sentiment analysis,
and text summarization to evaluate hotels in Labuan
Bajo and Bali, Indonesia. As a result of the findings,
they determined the emotional poles of customer’s
comments. For example, the emotional pole of ha-
lal food is positive in the comments about food and
beverages in Bali hotels. Similarly, Berezina et al.

[44] collected the online comments evaluations re-
lated to the hotels in Florida and Sarasota using text
analysis methods from the TripAdvisor site. Results
revealed positive and negative findings about sports
fields, membership, furniture, and rooms. Acar and
Ugur [45] revealed the feelings of guests staying in
chain hotels regarding their comments and opinions
on TripAdvisor. They examined 655 comments, and
the hotel got a very positive score from the guests.
Also, the guests’ comments were based on “trust” and
“pleasure,” where guests’ trust in hotels was relatively
high.

Perikos et al. [46] applied sentiment analysis to the
data set from an online hotel reservation site using
machine learning. NB, ME (maximum entropy), SVM,
and Ensemble (Community) algorithms were used,
where moderate success was stated to be 82.25%.
They obtained the best result with the Ensemble algo-
rithm, which successfully performed at 86.00%. Yin
et al. [47] used sentiment analysis with the machine
learning method to the data from TripAdvisor.com
and BeerAdvocate.com sites using Hierarchical Archi-
tecture (HM) and SVM algorithms. The average model
success values of the classifications were 61.05% and
84.59% for the HM and SVM algorithms, respec-
tively. Xia and Wu [48] scanned social media data
to explore tourists’ distribution characteristics and
sentiment exchange patterns. By testing the Spatio-
temporal changes in tourists’ emotions, they found a
negative relationship between the number of tourists
and tourists’ sentiments. For example, they found
that the number of tourists was highest in Octo-
ber and lowest in March, but tourists’ sentiment
was highest in March and October. Finally, Al-Smadi
et al. [49] applied sentiment analysis to a ready-
made data set containing online Arabic comments
on hotel customers using machine learning. As a re-
sult of supervised classification tests with SVM, KNN
(K-Nearest Neighborhood), Decision Tree, Bayesian
networks, and NB algorithms, SVM was chosen as the
classifier that produced the most successful results
with a prediction performance of 93.40%.

Hashim, Omar and Samarraie [50] reviewed previ-
ous studies by using sentiment analysis—a computa-
tional method to extract people’s opinions on social
media in the tourism industry. The most popular
dataset, TripAdvisor, was used for analysis, while the
most widely used sentiment classification Machine
Learning Lexicon-based approaches were adopted. In
their study, Guerreiro and Rita [51] applied sen-
timent analysis on 1,112,708 comments made to
47263 different restaurants in 661 different cities.
The accuracy values in the study using LR, CART,
and RF algorithms were 66.86%, respectively. They
were calculated as 66.05% and 66.83%. Raut and
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Londhe [52] evaluated 1000 positive and 1000 neg-
ative hotel reviews from TripAdvisor.com. Training
and test data were divided into half, and a re-labeled
ready-made data set was used in the analysis. The
performances of NB (Naive Bayes), SVM (Support
Vector Machines), CART (Classification and Regres-
sion Tree) algorithms, and SentiWordNet method
were compared. The accuracy values were 88.00%,
83.50%, 78.40%, and 87.60% respectively. Luo [53]
conducted a sentiment analysis study on three various
data sets with different dimensions. In the study, in
which SVM, NB, and LR algorithms were used in the
analysis phase, the average success rate in the data
sets was 76.00%, 26.00%, and 71.00%, respectively.
The textual information on the web is gathered under
two categories; these categories contain information
that expresses facts or ideas. Facts refer to objective
sentences that do not contain any emotion. On the
other hand, ideas are related to people’s natural and
general subjective descriptions of events and entities
[54].

Ma et al. [55] provided a step-by-step guide to
be used as sample textbook material for hospital-
ity. Nayel et al. [56] used machine learning-based
sentiment analysis on 3000 comments randomly
selected from 12548 Twitter posts in the Arabic lan-
guage. The SVM, LR, NB, and CNB (Complementary
Naive Bayes) algorithms were calculated as 85.55%,
65.89%, 78.92%, and 83.47%, respectively. Wang
et al. [57] applied machine learning-based senti-
ment analysis to 6000 Chinese hotel reviews selected
from 11,600 comments they took from the web with
the help of the method called Doc2Vec. The ac-
curacy in SVM, LR (Logistic Regression), and NB
algorithms was 84.30%, respectively, and calculated
as 81.00% and 74.40%. With sentiment analysis, Bud-
dha et al. [58] analyzed 4.1 million comments from
cafes, bars, restaurants, etc. Although many algorith-
mic classifications are used in the study, RF, SVM,
and LR algorithms are the common points regarding
this study. The results were calculated as 87.95%,
90.57%, and 91.16%, respectively.

Sinoplu and Ceyhan [59] examined 1985 Tweets
about the selected destinations. After sentiment anal-
ysis, they ranked destinations with the highest per-
centage of positive tweets. Bayram [60] determined
that online consumer evaluations and responses to
them affect the decision of consumers to purchase or
not to purchase in the tourism sector, as in other sec-
tors. The findings revealed that the criticisms made
are mostly irreversible by the hotel businesses, and
the comments that were answered were primarily
positive. Wang et al. [61] used customers’ ratings
for hotels on the online booking site to validate the

sentiment analysis results applied to hotel reviews.
They stated that the LRR (Latest Rating Regression)
model they used to produce the best result (89.60%).
Monitoring and improving travellers’ sentiments and
the level of satisfaction expressed in reviews, surveys,
and online content is critical for DMOs and tourism
destinations. By analyzing recorded views of individ-
ual businesses (hotels, restaurants, attractions, etc.).
Data Appeal Company specializes in Sentiment Anal-
ysis and Reputation Management for destinations and
tourism organizations. Online reviews and opinions
(user-generated content) are increasingly affecting
travellers’ purchase power and decision-making. Peo-
ple tend to rely on the opinions of others to set expec-
tations and reduce risk when making travel decisions.
If travellers turn to online reviews about a destina-
tion and its hotels, restaurants, and attractions, the
destination itself cannot ignore them. A destination
can take advantage of leveraging online content to
gain actionable insights. The online sentiment re-
flects the true perception of the local’s and tourists’
experience, emphasizing their expectations and pref-
erences. Therefore, monitoring and analyzing online
feedback is essential to develop a successful regional
marketing strategy for any tourism destination.

5. Mapping analysis

Sentiment analysis is an important tool in the
tourism industry. It can identify and measure cus-
tomers’ sentiments about a particular destination,
hotel, or travel experience. By tracking customers’
sentiments over time, tourism companies can gain
valuable insights into how their products and ser-
vices are perceived by travellers. Sentiment analysis
can help tourism companies better understand how
customers feel about the resorts. It can also pro-
vide valuable feedback about customers’ satisfaction,
experience, and brand loyalty. This can be invalu-
able for improving customer service and the overall
experience of the customer. Sentiment analysis can
also help tourism companies identify potential is-
sues that could be causing dissatisfaction, as well
as pinpoint areas of improvement. By understanding
customers’ sentiments, companies can gain valuable
insights into what customers are looking for in their
travel experiences. This can enable them to tailor
their services and products to meet customers’ needs.
Finally, sentiment analysis can provide invaluable
information when it comes to marketing and ad-
vertising efforts. By understanding their sentiment,
companies can better target their marketing efforts
and create more effective campaigns. This can lead
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to increased engagement and, ultimately more sales.
Overall, sentiment analysis is a powerful tool for
tourism companies to gain insight into customers’
sentiments, identify potential issues, and tailor their
services and products to meet their needs., By utiliz-
ing sentiment analysis, businesses can gain valuable
insights into their customers’ experiences and create
a better overall environment for tourists.

An increased pattern of research was clearly no-
ticed while reviewing the academic literature in
progress on the topic of sentiment analysis and its
application in the tourism industry. The amount of
research applied in this area is considered a chal-
lenging task when researchers try to identify critical
evidence from the previous studies. A number of re-
searchers suggested adopting the PRISMA approach
towards conducting a survey on newer problems and
identifying research gaps. Systematic reviews expand
the knowledge base, enhance the research plan, and
synthesize the literature results. However, systematic
reviews still suffer from the issue of reliability and
objectivity since such approaches rely on the authors’
perspective to reorganize the findings of the previous
studies. To increase transparency in summarizing the
results of the previous studies, several works have
suggested methods for comprehensive science map-
ping analysis based on R-tool and VOSviewer—the
bibliometric approach provides conclusive results, ex-
plores research gaps, and concludes findings from
a literature review with high reliability and trans-
parency. In addition, the above-mentioned tools do
not require high skills and are considered open-
source. Therefore, this study adopted the bibliometric
method as shown in the following subsection.

5.1. Annual scientific production

Annual scientific production explains the produc-
tion of theoretical and practical contributions of
previous studies on sentiment analysis and its appli-
cation on tourism. The pattern of annual research
production is depicted in Fig. 3.

As shown in Fig. 1, 2022 is the most productive
year, followed by 2021. After conducting an in-depth
analysis of the collected articles, it was found that
the reason behind this increment was the COVID-19
pandemic when governments stopped tourism activi-
ties aiming to stop/reduce the spread of the scourge.
A number of researchers attempted to mitigate the
consequences of this pandemic by developing senti-
ment analysis on tourism-related areas. This sector
was heavily affected by the pandemic because most
of the touring resorts were closed. The domino effect
of the pandemic was obvious, which caused several
other sectors to suffer. As a result, the transportation
industry was badly affected. Therefore, before, dur-
ing, and after the pandemic period was an interesting
topic for researchers to study. Sentiment analysis is
becoming an active area of research to understand
human feelings with the availability of tools and data.
It is also expected to have more research in this area
in the near future.

5.2. Country scientific production

Many countries utilize natural language processing,
particularly sentimental analysis tools, in the area of
tourism. A country’s scientific production illustrates
the contributions of previous studies at the country
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level. Fig. 4 presents countries’ scientific production
to help the policymakers in a particular country to un-
derstand the tourism industry by analysing it through
sentimental analysis.

China and the USA are at the top of the list
with the highest paper production related to sen-
timental analysis and its application in tourism.
The above-mentioned countries used data sciences
tools to develop trustable tools, helping the industry
understand human feelings towards tourism. They
were followed by the UK, Australia, India, Brazil,
Canada, Iran, Italy, Morocco, Portugal, South Korea,
Spain, Thailand, Malaysia, Singapore, and Tunisia,
while countries such as Denmark, France, Indonesia,
Netherlands, Newzealand and Turkey were at the
bottom of the ranking, despite the fact that these
countries are among the highest visited during the
year. Furthermore, the low annual production of
countries may be due to a lack of expertise or other
issues.

5.3. Word cloud

The word cloud identifies the most frequent and
essential keywords in previous studies. Fig. 5 presents
critical keywords in the findings of previous studies to
summarize the broader picture of those findings and
reorganize knowledge.

Fig. 5 displays keywords of different sizes. The
larger size of the keywords is an indication that they
appear more frequently in the literature. Conversely,
the small size of keywords indicates that they ap-

pear less frequently in the literature. In the context
of Sentiment analysis, tourism is one of the most
vital topics in the previous studies. In addition, many
studies in the literature have attempted to utilize sen-
timental analysis with the scope of topic modelling,
sentimental classification, and polarities analysis in
the tourism sector.

5.4. Co-occurrence

Co-occurrence networks pertain to the shared oc-
currence of terms as identified in prior research.
Co-occurrence analysis is a methodological approach
within the realm of semantic networks that offers
valuable insights to professionals, policymakers, and
scholars into the underlying conceptual framework
of a specific area of expertise. Fig. 6 illustrates co-
occurrence networks and detects frequently occurring
keywords. The co-occurrence analysis demonstrates
the interconnectedness of the topics through a net-
work structure comprised of lines and nodes. The
prevalence of large knots signifies the most often oc-
curring themes. The academic literature extensively
covers themes such as sentiment analysis in the con-
text of tourism, encompassing social media, tourist
destinations, and travellers’ behavior. Through the
utilization of data networks, policymakers and schol-
ars can employ sentiment analysis to identify and
analyze the frequent recurrence of keywords per-
taining to tourism. This enables them to effectively
restructure the existing information and findings,
hence facilitating their efforts in the field.
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5.5. Country collaboration map

The country collaboration map visually represents
the interconnectedness of scientific collaboration
among universities, countries, and authors. The act
of co-authorship serves to enhance the abilities and
experience of both countries and researchers in the
process of creating a specialty within a certain topic.
Furthermore, fostering scientific collaboration plays

a crucial role in enhancing the advancement of ed-
ucational and industrial establishments. The map
depicted in Fig. 7 illustrates the collaborative efforts
among countries in establishing trust.

Fig. 7 has a triad of colors. The countries with
the highest scientific production are represented by
the color dark blue, while the countries with the
lowest scientific production are represented by light
blue. The color grey is used to denote the absence of
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scientific production. Furthermore, the red line sym-
bolizes the establishment of scientific collaboration
among nations. Fig. 7 provides empirical evidence
supporting scientific collaboration between Europe
and America to advance and comprehend the tourism
sector. This collaboration involves the analysis of
social media data, specifically focusing on the peri-
ods during and after the occurrence of pandemics.
Nevertheless, a notable deficiency in scientific collab-
oration exists among the continents of Asia, Europe,
Africa, and the Americas. The absence of a specified
rationale for this dearth of collaboration necessitates
that policymakers and academics in the aforemen-
tioned regions explore novel approaches to foster
and augment scientific cooperation. By leveraging the
expertise and skills within this domain, they can em-
ulate the collaborative efforts observed between the
European and American continents, thereby reaping
the associated benefits.

6. Future directions based on TCCM
framework analysis

Based on the thorough review conducted, this sec-
tion presents several useful dimensions of insight and
enhances the impact of existing review-based sug-
gestions by providing a broad direction for future
research using the TCCM framework, which can be
further discussed into theory, context, characteris-
tics, and methodology [62]. This will help future
researchers to seek gaps in each element in the TCCM
framework, specifically in the tourism domain.

6.1. Theory

The review article published by existing researchers
[63] focused on sentiment analysis in the tourism do-
main. The study in the tourism domain is considered
dynamic and subjective due to the constant changes
and different feedback provided by tourists from var-
ious backgrounds in terms of perspectives, reviews,
and opinions towards tourist spots, historic cities,
hotels and restaurants, communications, transporta-
tion, etc. While the research on the tourism domain
is portrayed as subjective, the facts and information
related to tourism can be supported by theory-driven
approaches. This practice can provide detailed expla-
nations and understandings of tourism phenomena,
thus indirectly serving as a catalyst to push tourism
research into a new era. As for now, existing works
have neither considered the variables in other ser-
vices and industries nor proposed any alternative
comprehensive theoretical framework. However, re-
searchers have used multiple theoretical approaches
to support their studies producing a mesh of the-
ories, such as grounded theory [64], stress theory
[65], perceived risk theory [66], traveler’s career the-
ory [67], negativity bias theory [68], social-mediated
crisis communication theory [69], arousal theory
[701, push-pull theory [71], three-factor theory [72],
goal hierarchy theory [73], real options theory [74],
broaden-and-build theory [75], time geography the-
ory [76], equity theory [77], and social comparison
theory [78]. From the readings, it is obvious that
these theories are biased towards several character-
istics such as nationality, crisis response, tourists’
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sentiments, organizational agility, social media, and
others. Because of the diverse nature of these theo-
ries and the absence of a comprehensive theoretical
framework, it has resulted in a vital gap and created
hurdles in determining the progress in understanding
the construct in the tourism research field. Thus, the
current research provides the following recommen-
dations to enhance the existing theory and overcome
the gaps:

1. Combination of data-driven and theory-driven
approaches: The study recommends future re-
searchers to consider a combination of data-
driven and theory-driven approaches when
working in the tourism field. They will be useful
for strengthening the outcome of the subjective
tourism field. This is because the patterns of
large datasets obtained from a data-driven ap-
proach can be combined with the theory-driven
approach to develop and refine constructs and
relationships among them. It will also help to
identify the most distinguished theories used in
this construct, which directly provides a clearer
view of the framework for future studies.

2. Theories expanded to other services: The exist-
ing theories found in this study can be expanded
to other services related to tourism, such as the
shopping experience, use of websites for on-
line purchases, watching sports or cinema, and
different types of restaurants and shops to under-
stand the tourists’ perceptions and experiences.

3. Usage of other quantitative research methods:
The proposed theoretical framework from ex-
isting works can be supported with the help
of other quantitative research methods such as
Social Media Analytics Capability (SMAC). This
can be done by proposing a new theory to
discuss the role of organizational agility in en-
hancing hotel performance with the support of
SMAC.

6.2. Context

The contexts play a vital role in enhancing the
tourism domain as there are diverse elements that
need to be taken into consideration. Research in the
field of tourism has resulted in positive and negative
impacts depending on different contexts. Throughout
the research, it can be seen that most of the publi-
cations pointed out the Chinese tourists’ perceptions
toward other countries they visit [79-81] This could
lead to biases and stymie on-point objective feedback
in the tourism domain.

Majority of the existing researchers focused their
studies on regional context [82-84] and language

context [85-91]. The existing works that focused on
regional context highlighted tourists from China in
their studies. Instead, diverse samples from various
countries and regions are needed to compare the
groups of virtual tourism and explore the formation
mechanism under the influence of myriad cultural
backgrounds and tourism development levels. Be-
sides, as for the language context, the existing works
only analyze the English language, thus neglecting
other native languages. The opinions and perspec-
tives of diverse tourist’ backgrounds are helpful in
enhancing the tourism industry despite differences in
languages. A good deal of vital improvements could
be missed due to the negligence of other languages.

Several contexts within the tourism field are under-
researched, and vital assessments are missing from
the literature. For instance, visual context, which
is one of the crucial elements in tourism reviews,
has been overlooked. Researchers have studied the
importance of photo-based reviews instead of text-
based reviews only; An et al. [92] come out with
a conclusion that visual contexts should be taken
into consideration as they portray more about the
environments and surroundings nowadays. This will
be helpful for tourists with various backgrounds to
evaluate the tourist spots based on the photos, as
they may have different preferences. Although other
researchers extended their studies to different con-
texts, more research and publications are expected to
be accomplished to gain a clearer picture. Thus, this
study provides these recommendations:

1. Consideration of diverse contexts: Apart from
regional context, language context, and visual
context, more extensive and comprehensive
studies can be done in cultural, experiential
(shopping experience, use of website for on-
line purchase, and watching sports or cinema),
social, economic, and religious context. These
contexts enable us to push forward the tourism
industry, which involves tourists from differ-
ent backgrounds, opinions, and interests. Among
these contexts, the social context could be a
great future research opportunity as new gen-
erations tend to seek travel information through
social media platforms.

2. Improving service quality: Most countries en-
tice tourists by opening new attractions, which
could be a great ploy, but they overlook the
service quality of existing attractions. The exist-
ing resorts need to be improved based on the
analysis of different contexts in order to gain
more tourists.

3. Extraction of data from photos: Researchers
need to extend the current research towards
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photo-based sampling to extract more accurate
information from user-generated photos.

4. Evaluation of destinations: Future researchers
should collect data from more travel websites,
including public and private destinations with
large sample sizes. They should also consider
famous and lesser-known destinations in their
studies to evaluate the difference in travellers’
sentiments. Future researchers need to find a
solution to encourage tourists to write reviews
after visiting any destination, as it really helps
to close the gaps found in attraction spots.

6.3. Characteristics

Tourism-based information has different aspects
of characteristics. Throughout the study, there are
many characteristics proposed in existing works that
influence the tourism industry. In this review, the
characteristics are categorized into several groups,
such as tourists, public emotions, accommodations,
and electronic word-of-mouth (eWOM), to ease the
path of future researchers to investigate. The first
characteristic relates to the nature of tourists, which
is a very subjective topic. If the information obtained
from this characteristic is well implemented, the de-
mand of tourists can be fulfilled. This characteristic
aids in understanding the different perceptions of
tourists from diverse backgrounds and interests. The
existing researchers studied the demographic and bio-
psychosocial nuances of the tourists [93], while some
researchers took other characteristics, such as the
type of visitors, for instance, well-behaved visitors or
badly-behaved visitors, into consideration [94]. This
is because the tourists might leave reviews that are
either excellent, good, or bad based on their mental
state at that particular moment. This will actually
have a huge impact on the traveling decisions of
potential or future visitors.

The second characteristic is public emotions. The
public emotion discussed in this study is related
to the political issues between different countries.
As we know, traveling involves moving from one
place to another despite long distances areas, cities,
states, countries, and continents. Researchers found
that public emotions shifted from political issues into
tourism boycotts [95], which shows the negative
impact of cyber nationalism on the Internet and so-
cial media. For instance, the crisis communication in
Weibo issues shifted into a tourism boycott where
tourists from mainland China angrily expressed that
they would avoid visiting Hong Kong. By giving neg-
ative expression, the overall tourism economy was
affected. A similar situation was faced by Thailand
during the Covid-19 pandemic. Thus, researchers sug-

gested that the political issues should be avoided;
instead, the focus should be centered on promoting
the destinations, nature, food, and nightlife attrac-
tions to increase the quality of the tourism industry
[96].

The third feature relates to accommodation. When
planning for a travel, the first thing that comes into
travellers’ minds is the accommodation. The reviews
related to hotels and Airbnb have the greatest im-
pact on the traveling decisions to certain resorts.
The majority of the existing works discussed the
characteristics of hotels, such as location, facilities,
and sleeping environment [97-99]. All these char-
acteristics are considered as main preferences by
tourists when deciding on hotels as they want ease
of access to nearby facilities and a night of qual-
ity sleep. In another study, researchers also consider
traveller’s commitments as one of the factors in ac-
commodation characteristics. By taking this factor
into consideration, the travellers committed to shar-
ing positive reviews, online reputation management,
and a platform that generates comments or shares on
posts, online ratings, online booking-call-to-action,
and influential blogger posts [100]. Once travellers
have the best experience with their staying, they
provide positive reviews, which would boost the ho-
tel’s reputation. Indirectly, those hotels become the
most preferred accommodation for future travellers
as well. Apart from that, researchers also analyzed
several factors such as multiculturalism, vibrancy,
ease of transport, and safe environment [101]. These
factors aid in the contribution of positive comments
regarding the hotel as they come from the personal
opinions and experiences of the tourists.

The fourth characteristic is electronic word-of-
mouth (eWOM). There are very limited studies
carried out on this factor [101, 102]. The eWOM
could be used to integrate reviews from travel website
reviews, hotel reviews, and social platform reviews.
As these main characteristics are highlighted in exist-
ing works, this study provides recommendations for
future research opportunities as follows:

1. Consideration of other tourist characteristics:
Apart from the demographics’ details and per-
sonal opinion, other characteristics such as
gender, age, traveller type, and review types
based on personal experience should be studied.
It will help future researchers understand how
different genders, ages, traveller types, and re-
view experiences have a higher influence on the
quality of tourism.

2. Avoidance of crisis communication: As obvious
from the findings, it can be seen that the cri-
sis of communication led to a tourism boycott.
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Further research can be conducted on finding
the effectiveness of promoting tourism in a time
of similar political protests and boycott crises
considering complex bilateral relations such as
between mainland China and Taiwan or involv-
ing China and Japan at the international level.

3. Consideration of subsidiary characteristics of
accommodation: Apart from hotel location, fa-
cilities, and sleeping environment, future re-
searchers should consider hotel star ratings and
reviews, nearby restaurant density, and the
number of floors in a hotel in their studies. By
doing this, additional valuable information and
reviews can be collected to improve the qual-
ity of accommodations to attract new potential
tourists.

4. Research on eWOM: Further studies should be
carried out on eWOM on social platforms, such
as Facebook, Instagram, and Twitter, as widely
used by influencers. By doing this, it can influ-
ence the selection of traveling elements, thus
becoming a catalyst to enhance the quality of
the tourism industry.

6.4. Methodology

The existing studies implemented several methods
to study the findings in the tourism domain. Re-
searchers used UGC sentiment analysis to evaluate
the emotional experience shown by tourists depend-
ing on geo-tagged checks in UGC data in China
[103]. Initially, the sentiment analysis aspect-based
review categorization was checked manually, which
was prone to human errors [104].

In another study, descriptive analysis and regres-
sion analysis were done on hotel reviews from
TripAdvisor, which focused on text mining [105].
Researchers also implemented a hybrid text-mining
methodology to obtain the reviews [106]. Most ma-
chine learning applications in the analysis of online
reviews are written in English, restricting the re-
views from native languages [107]. As the online
analyzed reviews are based on text only, they can be
misinterpreted if the tourists use different languages
apart from English. The lexicon-based method for
sentiment analysis is implemented to identify the per-
formance value at the destination level [108] against
the wide outcome. Although existing works have
proposed different methodologies to analyse tourism-
related information, several areas of improvement
could be investigated by researchers in the future:

1. Future researchers can consider real-time on-site
emotional experience to be implemented in the
UGC sentiment analysis method as it is more
realistic and unbiased.

2. The analysis of reviews in different languages is
needed in the future when using machine learn-
ing applications or deep learning algorithms.

3. User photo-based and object-based opinion min-
ing analysis are needed to extract information
with finer granulating, which improves object
extraction performance.

4. In order to overcome class imbalance and reduce
human errors, future researchers can implement
Random Over-Sampling Bootstrap Aggregating-
based techniques and focus on the availability of
more qualified annotators.

5. The lexicon-based methodology can be further
extended to be applied to different tourism con-
texts so that future researchers get a wide range
of findings in the tourism domain.

7. Conclusion

The development of Internet technology has com-
pletely transformed the landscape of the tourism
industry from traditional to e-tourism. Tourism firms
and tourists are using information and communi-
cation technology extensively for the growth and
development of the tourism industry. Recent years
have witnessed remarkable growth in e-tourism, and
it has also invited researchers to investigate the future
prospects of the tourism industry. A bulk of research
studies are available which show the growing interest
of researchers in the field. In this paper, we reviewed
the previous literature on tourism and e-tourism to
provide a systematic and state-of-the-art review of
the literature. We found that many of the studies
in the field have used sentiment analysis to eval-
uate the perceptions, emotions, and experiences of
tourists. Sentiment analysis is a modern technique
that relies on the ‘text’ data available in the form of
tourists’ reviews and experience sharing. Sentiment
analysis is aimed at understanding the tourists’ emo-
tions and views about the touring destinations. To
sum up, we relied on three major databases, which
include Science Direct, IEEE Xplore, and Web of
Science. Database search provided us with research
articles covering different aspects of tourism research.
Through the filtering and screening process, we iden-
tified 41 articles and divided them into four major
categories. The first category included 6 articles rel-
evant to the tourist places and historical cities. In
the second category, 17 articles were related to the
research on hotels and restaurants. The third category
consisted of 8 articles about touring countries, and
the fourth category included 19 articles on tourism re-
garding sightseeing, communication issues in tourism
during COVID-19, transportation, and other tourism
facilities. In addition, we also used mapping analysis,
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annual scientific articles production, country-wise
production of articles, word cloud, co-occurrence,
and country collaboration map to make our review
more reliable and robust. One major finding from
the literature revealed that the tourism industry was
negatively affected during the COVID-19 pandemic,
and this led to virtual tourism or e-tourism. Results
of various studies showed that positive sentiments of
tourists prevail over e-tourism. Research on the hotel
industry in the perspective of tourism revealed that
tourists are hesitant to share and post their nega-
tive experiences on tourism-related websites. It has
been noticed that many of the studies have used
sentiment analysis and its application in the tourism
industry. We also noticed an increase in the number
of scientific articles produced in 2022 as compared
to the previous years. This was the result of many
studies conducted as a consequence of COVID-19 for
the tourism industry. Though we tried to conduct
an extensive and exhaustive review, there are cer-
tain limitations. For example, the scope of our article
search was confined to three databases. Hence, we
suggest including more databases for future research.
Similarly, we did not consider the conference pro-
ceedings in our review. Future research may also
consider these proceedings. Last but not least, a re-
view of interdisciplinary studies can broaden the
scope and produce interesting results.

Conflict of interest

The authors have no any conflicts to declare.

Author contribution

This section specifies the roles and contributions of
each author in this manuscript equilly.

Data availability
Authors mention whether the data supporting their

findings is available publicly, under specific condi-
tions or on request.

Funded

No financial support received for the manuscript.

References

1. Abbasi-Moud Z, Vahdat-Nejad H, Sadri J. Tourism rec-
ommendation system based on semantic clustering and
sentiment analysis. Expert Syst Appl. 2021;167:114324.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

. Abbasi-Moud Z, Hosseinabadi S, Kelarestaghi M, Eshghi F.

CAFOB: Context-aware fuzzy-ontology-based tourism recom-
mendation system. Expert Syst Appl. 2022;199:116877.
Abbasi-Moud Z, Vahdat-Nejad H, Sadri J. Tourism rec-
ommendation system based on semantic clustering and
sentiment analysis. Expert Syst Appl. 2021;167:114324.

. Acar A, Ugur I. UluslararasiZincir Otellere Yonelik

Tripadvisor =~ Yorumlarimin Duygu Analizi  YOntemi
ile Degerlendirilmesi: Ankara Ornegi. Tiirk Turizm
ArastirmalariDerg. 2021;5(3):1803-1814.

Agarwal B, Mittal N. Prominent feature extraction for senti-
ment analysis. Springer; 2016.

. Aggarwal CC, Zhai C. A survey of text clustering algorithms.

In: Mining text data. Boston, MA: Springer; 2012. p. 77-128.
Aggarwal S, Gour A. Peeking inside the minds of tourists
using a novel web analytics approach. J Hosp Tour Manag.
2020;45:580-591.

Agiiero-Torales MM, Cobo MJ, Herrera-Viedma E, Lépez-
Herrera AG. A cloud-based tool for sentiment analysis in
reviews about restaurants on TripAdvisor. Procedia Comput
Sci. 2019;162:392-399.

Ainin S, Feizollah A, Anuar NB, Abdullah NA. Sentiment
analyses of multilingual tweets on halal tourism. Tour Manag
Perspect. 2020;34:100658.

Akhtar N, Zubair N, Kumar A, Ahmad T. Aspect based sen-
timent oriented summarization of hotel reviews. Procedia
Comput Sci. 2017;115:563-571.

Alaei AR, Becken S, Stantic B. Sentiment analysis in tourism:
capitalizing on big data. J Travel Res. 2019;58(2):175-191.
Alamsyah A, Rizkika W, Nugroho DDA, Renaldi F, Saadah S.
Dynamic Large Scale Data on Twitter Using Sentiment Anal-
ysis and Topic Modeling: Case Study: Uber. 6th International
Conference on Information and Communication Technology
(ICoICT). 2018.

Ali T, Marc B, Omar B, Soulaimane K, Larbi S. Exploring
destination’s negative e-reputation using aspect based sen-
timent analysis approach: Case of Marrakech destination on
TripAdvisor. Tour Manag Perspect. 2021;40:100892.

Ali T, Omar B, Soulaimane K. Analyzing tourism reviews
using an LDA topic-based sentiment analysis approach.
MethodsX. 2022;9:101894.

Ali T, Marc B, Omar B, Soulaimane K, Larbi S. Exploring
destination’s negative e-reputation using aspect based sen-
timent analysis approach: Case of Marrakech destination on
TripAdvisor. Tour Manag Perspect. 2021;40:100892.

Ali T, Omar B, Soulaimane K. Analyzing tourism reviews
using an LDA topic-based sentiment analysis approach.
MethodsX. 2022;9:101894.

AL-Smadi M, Qwasmeh O, Talatha B, Al-Ayyoub M, Jararweh
Y, Benkhelifa E. An enhanced framework for aspect-based
sentiment analysis of hotels’ reviews: Arabic reviews case
study. In: 2016 11th International Conference for Internet
Technology and Secured Transactions (ICITST). 2016. p. 98-
103.

An Q, Ma Y, Du Q, Xiang Z, Fan W. Role of user-generated
photos in online hotel reviews: An analytical approach. J
Hosp Tour Manag. 2020;45:633-640.

Bailey AA, Bonifield CM. Broken (promotional) promises:
The impact of firm reputation and blame. J Mark Commun.
2010;16:287-306.

Berezina K, Bilgihan A, Cobanoglu C, Okumus F. Understand-
ing satisfied and dissatisfied hotel customers: Text mining of
online hotel reviews. J Hosp Mark Manag. 2016;25(1):1-24.
Bethlehem J. Selection bias in web surveys. Int Stat Rev.
2010;78:161-188.

Bjorkelund E, Burnett TH, Norvag K. A study of opinion
mining and visualization of hotel reviews. In: Proceedings



82

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

AUIQ HUMANITIES AND SOCIAL SCIENCES 1 (2025) 64-84

of the 14th International Conference on Information Integra-
tion and Web-based Applications & Services. 2012.

Bolton RN, Lemon KN. A dynamic model of customers’ us-
age of services: Usage as an antecedent and consequence of
satisfaction. J Mark Res. 1999;36(2):171-186.

Bucur C. Using opinion mining techniques in tourism. Pro-
cedia Econ Financ. 2015;23:1666-1673.

Bueno I, Carrasco RA, Ureha R, Herrera-Viedma E. Appli-
cation of an opinion consensus aggregation model based
on OWA operators to the recommendation of tourist sites.
Procedia Comput Sci. 2019;162:539-546.

Biiyiikozkan G, Ergiin B. Intelligent system applications in
electronic tourism. Expert Syst Appl. 2011;38(6):6586-6598.
Callarisa LS, Garcia JS, Cardiff J, Roshchina A. Harness-
ing social media platforms to measure customer-based hotel
brand equity. Tour Manag Perspect. 2012;4:73-79.
Capatina A, Micu A, Micu AE, Bouzaabia R, Bouzaabia O.
Country-based comparison of accommodation brands in so-
cial media: An fsQCA approach. J Bus Res. 2018;89:235-242.
Carnicelli-Filho S, Schwartz GM, Tahara AK. Fear and adven-
ture tourism in Brazil. Tour Manag. 2010;31:953-956.
Chaovalit P, Zhou L. Movie review mining: A compar-
ison between supervised and unsupervised classification
approaches. In: Proceedings of the 38th Annual Hawaii In-
ternational Conference on System Sciences. IEEE; 2005. p.
112c-112c.

Chen J, Becken S, Stantic B. Assessing destination sat-
isfaction by social media: An innovative approach us-
ing Importance-Performance Analysis. Ann Tour Res.
2022;93:103371.

Cheng M, Jin X. What do Airbnb users care about? An
analysis of online review comments. Int J Hosp Manag.
2019;76:58-70.

da Mota VT, Pickering C, Chauvenet A. Popularity of Aus-
tralian beaches: Insights from social media images for coastal
management. Ocean Coast Manag. 2022;217:106018.

Dey L, Chakraborty S, Biswas A, Bose B, Tiwari S. Sentiment
analysis of review datasets using Naive Bayes and K-nn clas-
sifier. Int J Inform Eng Electron Bus. 2016;8:54-62.

Epp AM, Price LL. Designing solutions around customer net-
work identity goals. J Mark. 2011;75(2):36-54.

Esuli A, Sebastiani F. Sentiwordnet: A publicly available
lexical resource for opinion mining. In: Proceedings of the
5th International Conference on Language Resources and
Evaluation (LREC 2006). 2006. p. 417-422.

Faullant R, Matzler K, Mooradian TA. Personality, basic
emotions, and satisfaction: Primary emotions in the moun-
taineering experience. Tour Manag. 2011;32:1423-1430.
Firth JR. A synopsis of linguistic theory, 1930-1955. Studies
in Linguistic Analysis. 1957.

Fredrickson BL. The role of positive emotions in positive psy-
chology: The broaden-and-build theory of positive emotions.
Am Psychol. 2001;56(3):218.

Garner B, Thornton C, Pawluk AL, Cortez RM, Johnston W,
Ayala C. Utilizing text-mining to explore consumer happiness
within tourism destinations. J Bus Res. 2022;139:1366—
1377.

Garner B, Thornton C, Pawluk AL, Cortez RM, Johnston W,
Ayala C. Utilizing text-mining to explore consumer happiness
within tourism destinations. J Bus Res. 2022;139:1366-1377.
Ghosh A. A sentiment-based hotel review summarization.
2020;39-44.

Ghosh R, Reio TG Jr, Bang H. Reducing turnover intent:
Supervisor and coworker incivility and socialization-related
learning. Hum Resour Dev Int. 2013;16(2):169-185.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

Go A, Richa B, Lei H. Twitter sentiment classification us-
ing distant supervision. CS224N Project Report, Stanford.
2009;12.

Han H, Olya HG, Cho SB, Kim W. Understanding museum
vacationers’ eco-friendly decision-making process: Strength-
ening the VBN framework. J Sustain Tour. 2018;26(6):855—
872.

Hashim R, Omar B, Ba-Anqud NSA, Alsamarraie H. The Ap-
plication of Sentiment Analysis in Tourism Research: A Brief
Review. IJBTS Int J Bus Tour Appl Sci. 2020;8(1):1-12.
Hays S, Page SJ, Buhalis D. Social media as a destination
marketing tool: its use by national tourism organisations.
Curr Issues Tour. 2013;16(3):211-239.

He W, Zha S, Li L. Social media competitive analysis and text
mining: A case study in the pizza industry. Int J Inf Manag.
2013;33:464-472.

Hosany S, Prayag G. Patterns of tourists’ emotional re-
sponses, satisfaction, and intention to recommend. J Bus Res.
2013;66:730-737.

Hu M, Liu B. Mining and Summarizing Customer Reviews. In:
Proceedings of the Tenth ACM SIGKDD International Con-
ference on Knowledge Discovery and Data Mining. Seattle;
2004. p. 168-177.

Hu M, Liu B. Mining and Summarizing Customer Reviews.
In: Proceedings of the Tenth ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining.
2004;168-177.

Hu YH, Chen K. Predicting hotel review helpfulness: The im-
pact of review visibility, and interaction between hotel stars
and review ratings. Int J Inf Manag. 2016;36(6):929-944.
Hu YH, Chen YL, Chou HL. Opinion mining from online hotel
reviews-a text summarization approach. Inf Process Manag.
2017;53:436-449.

Hudson S, Roth MS, Madden TJ, Hudson R. The effects of
social media on emotions, brand relationship quality, and
word of mouth: An empirical study of music festival atten-
dees. Tour Manag. 2015;47:68-76.

Ito TA, Larsen JT, Smith NK, Cacioppo JT. Negative infor-
mation weighs more heavily on the brain: the negativity
bias in evaluative categorizations. J Pers Soc Psychol.
1998;75(4):887.

Jain PK, Pamula R, Srivastava G. A systematic literature
review on machine learning applications for consumer sen-
timent analysis using online reviews. Comput Sci Rev.
2021;41:100413.

Jardim S, Mora C. Customer reviews sentiment-based anal-
ysis and clustering for market-oriented tourism services and
products development or positioning. Procedia Comput Sci.
2022;196:199-206.

KatzGilad, Ofek N, Shapira B. ConSent: Context-based senti-
ment analysis. Knowl-Based Syst. 2015;84:162-178.
Kaynar O, Yildiz M, Gormez Y, Albayrak A. Sentiment
analysis with machine learning techniques. In: Interna-
tional Artificial Intelligence and Data Processing Symposium
(IDAP’16). 2016.

Kim K, Park OJ, Yun S, Yun H. What makes tourists feel
negatively about tourism destinations? Application of hybrid
text mining methodology to smart destination management.
Technol Forecast Soc Change. 2017;123:362-369.

Kim WG, Lim H, Brymer RA. The effectiveness of manag-
ing social media on hotel performance. Int J Hosp Manag.
2015;44:165-171.

Kobayashi VB, Mol ST, Berkers HA, Kismihok G, Den Hartog
DN. Text mining in organizational research. Org Res Meth-
ods. 2018;21(3):733-765.



63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

AUIQ HUMANITIES AND SOCIAL SCIENCES 1 (2025) 64-84 83

Kumar S, Pandey N, Haldar A. Twenty years of Public Man-
agement Review (PMR): a bibliometric overview. Public
Manag Rev. 2020;22(12):1876-1896.

Lee PJ, Hu YH, Lu KT. Assessing the helpfulness of online
hotel reviews: A classification-based approach. Telemat In-
form. 2018;35. Available from: http://dx.doi.org/10.1016/
j-tele.2018.01.001.

Levy SE, Duan W, Boo S. An analysis of one-star online re-
views and responses in the Washington, DC, lodging market.
Cornell Hosp Quart. 2013;54(1).

Li W, Guo K, Shi Y, Zhu L, Zheng Y. DWWP: Domain-specific
new words detection and word propagation system for sen-
timent analysis in the tourism domain. Knowl-Based Syst.
2018;146:203-214.

Liu B. Sentiment Analysis and Opinion Mining. Synthesis
Lectures on Human Language Technologies. 2012;5(1):1-
167.

Liu GY, Hu JM, Wang HL. A co-word analysis of digital
library field in China. Scientometrics. 2011;91:203-217.
Liu Y, Bao JG, Chen K. Sentimental features of Chinese out-
bound tourists in Australia: Big-data based content analysis.
Tour Trib. 2017;32(5):46-58.

Liu Y, Huang K, Bao J, Chen K. Listen to the voices from
home: An analysis of Chinese tourists’ sentiments regarding
Australian destinations. Tour Manag. 2019;71:337-347.

Lu W, Stepchenkova S. Ecotourism experiences reported on-
line: Classification of satisfaction attributes. Tour Manag.
2012;33(3):702e712.

Luo Q, Zhai X. “I will never go to Hong Kong again!”
How the secondary crisis communication of “Occupy Cen-
tral” on Weibo shifted to a tourism boycott. Tour Manag.
2017;62:159-172.

Ma D, Li S, Wang H. Joint Learning for Targeted Sentiment
Analysis. In: Proceedings of the 2018 Conference on Empiri-
cal Methods in Natural Language Processing. Brussels; 2018.
p. 4737-4742.

Ma E, Cheng M, Hsiao A. Sentiment analysis — a review
and agenda for future research in hospitality contexts. Int
J Contemp Hosp Manag. 2018;30(11):3287-3308.

Mady TT. Sentiment toward marketing: Should we care
about consumer alienation and readiness to use technology?
J Consum Behav. 2011;10:192-204.

Mao Z, Yang Y, Wang M. Sleepless nights in hotels? Under-
standing factors that influence hotel sleep quality. Int J Hosp
Manag. 2018;74:189-201.

Marcolin CB, Becker JL, Wild F, Behr A, Schiavi G. Lis-
tening to the voice of the guest: A framework to improve
decision-making processes with text data. Int J Hosp Manag.
2021;94:102853.

Matsumoto S, Hiroya T, Manabu O. Sentiment classification
using word sub-sequences and dependency sub-trees. In:
Pacific-Asia Conference on Knowledge Discovery and Data
Mining. Springer Berlin Heidelberg; 2005.

Maynard D, Funk A. Automatic detection of political opin-
ions in tweets. In: Extended Semantic Web Conference. 2011.
p- 88-99. Springer, Berlin, Heidelberg.

Medhat W, Hassan A, Mohamed HK. Combined algorithm for
data mining using association rules. Ain Shams J Electr Eng.
2014;1(1):1-12.

Miller HJ. Time geography and space-time prism. In: In-
ternational Encyclopedia of Geography: People, the Earth,
Environment and Technology. 2017;1.

Mirzaalian F, Halpenny E. Exploring destination loyalty: ap-
plication of social media analytics in a nature-based tourism
setting. J Destin Mark Manag. 2021;20:100598.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

Mitas O, Yarnal C, Chick G. Jokes build community: Mature
tourists’ positive emotions. Ann Tour Res. 2012;39:1884-
1905.

MojZzi§ J, Krammer P, Kvassay M, Skovajsova L, Hluchy
L. Towards reliable baselines for document-level sentiment
analysis in the Czech and Slovak languages. Future Internet.
2022;14(300):1-15.

Moro S, Ramos P, Esmerado J, Jalali SMJ. Can we trace
back hotel online reviews’ characteristics using gamification
features? Int J Inf Manag. 2019;44:88-95.

Mostafa MM. More than words: Social networks’ text mining
for consumer brand sentiments. Expert Syst Appl. 2013.
Mostafa L. Machine learning-based sentiment analysis for an-
alyzing the travelers reviews on Egyptian hotels. 2020;405-
413.

Nasukawa T, Yi J. Sentiment analysis: Capturing favorability
using natural language processing. In: Proceedings of the
2nd International Conference on Knowledge Capture (K-CAP
2003). 2003;70-77.

Nayel H, Amer A, Abdallah H. Machine learning-based model
for sentiment and sarcasm detection. In: Proceedings of the
Sixth Arabic Natural Language Processing Workshop. Kyiv,
Ukraine; 2021. p. 386-389.

Neri F, Aliprandi C, Capeci F, Cuadros M, By T. Sentiment
analysis on social media. In: 2012 IEEE/ACM International
Conference on Advances in Social Networks Analysis and
Mining. istanbul, Turkey; 2012.

Nikfarjam A, Sarker A, O’Connor K, Ginn R, Gonzalez
G. Pharma covigilance from social media: Mining ad-
verse drug reaction mentions using sequence labeling with
word embedding cluster features. J Am Med Inform Assoc.
2015;22(6):1138-1145.

Obembe D, Kolade O, Obembe F, Owoseni A, Mafimisebi
O. Covid-19 and the tourism industry: An early stage
sentiment analysis of the impact of social media and stake-
holder communication. Int J Inf Manag Data Insights.
2021;1(2):100040.

Obembe D, Kolade O, Obembe F, Owoseni A, Mafimisebi
O. Covid-19 and the tourism industry: An early stage
sentiment analysis of the impact of social media and stake-
holder communication. Int J Inf Manag Data Insights.
2021;1(2):100040.

Pearce PL, Caltabiano ML. Inferring travel motivation from
travelers’ experiences. J Travel Res. 1983;22(2):16-20.
Pennacchiotti M, Popescu AM. A Machine Learning Ap-
proach to Twitter User Classification. In: ICWSM. 2011. p.
281-288.

Penrose E. The theory of the growth of the firm. New York:
John Wiley & Sons Inc; 1959. p. 1-23.

Perikos I, Kovas K, Grivokostopoulou F, Hatzilygeroudis I. A
System for Aspect-based Opinion Mining of Hotel Reviews.
In: International Conference on Web Information Systems
and Technologies. 2017.

Prameswari P, Zulkarnain, Surjandari I, Laoh E. Mining on-
line reviews in Indonesia’s priority tourist destinations using
sentiment analysis and text summarization approach. In: 8th
International Conference on Awareness Science and Tech-
nology (iCAST). IEEE; 2017. p. 121-126. https://doi.org/10.
1109/ICAwST.2017.8256429.

Radojevic T, Stanisic N, Stanic N. Ensuring positive feed-
back: Factors that influence customer satisfaction in the
contemporary hospitality industry. Tour Manag. 2015;51:
13-21.

Rane A, Kumar A. Sentiment classification system of Twitter
data for US airline service analysis. In: 2018 IEEE 42nd


http://dx.doi.org/10.1016/j.tele.2018.01.001
http://dx.doi.org/10.1016/j.tele.2018.01.001
https://doi.org/10.1109/ICAwST.2017.8256429
https://doi.org/10.1109/ICAwST.2017.8256429

84

101.

102.

103.

104.

AUIQ HUMANITIES AND SOCIAL SCIENCES 1 (2025) 64-84

Annual Computer Software and Applications Conference
(COMPSACQ). 2018. p. 769-773.

Ray B, Garain A, Sarkar R. An ensemble-based hotel
recommender system using sentiment analysis and as-
pect categorization of hotel reviews. Appl Soft Comput.
2021;98:106935.

Reusens M, Reusens M, Callens M, Vanden Broucke
S, Baesens B. Comparison of different modeling
techniques for Flemish Twitter sentiment analysis.
Analytics. 2022;1(2):117-134. https://doi.org/10.3390/
analytics1020009.

Saeidi M, Bouchard G, Liakata M, Riedel S. SentiHood: Tar-
geted Aspect Based Sentiment Analysis Dataset for Urban
Neighbourhoods. In: 2016;1546-1556. Available from: http:
//arxiv.org/abs/1610.03771. Accessed in 18.12.2022.
Saura JR, Reyes-Menendez A, Alvarez-Alonso C. Do online
comments affect environmental management? Identifying

105.

106.

107.

108.

factors related to environmental management and sustain-
ability of hotels. Sustainability. 2018;10(9):3016.

Schaller M, Murray DR, Bangerter A. Implications of the
behavioural immune system for social behaviour and human
health in the modern world. Philos Trans R Soc Lond B Biol
Sci. 2015;370(1669):20140105.

Schmunk S, Hopken W, Fuchs M, Lexhagen M. Senti-
ment analysis: Extracting decision-relevant knowledge from
UGC. In: Information and Communication Technologies in
Tourism 2014. Springer, Cham; 2014. p. 253-265.

Sinoplu M, Ceyhan EB. Sentiment Analysis of Social Media
Posts about Tourist Attractions: Black Sea Region Sample.
Eur J Sci Technol. 2022;(36):305-315.

Smyth JD, Dillman DA, Christian LM, O’Neill AC. Using the
Internet to survey small towns and communities: Limitations
and possibilities in the early 21st century. Am Behav Sci.
2010;53:1423-1448.


https://doi.org/10.3390/analytics1020009
https://doi.org/10.3390/analytics1020009
http://arxiv.org/abs/1610.03771
http://arxiv.org/abs/1610.03771

	Tourism and E-Tourism: A Systematic Literature Review and Future Research Agenda
	Recommended Citation

	Tourism and E-Tourism: A Systematic Literature Review and Future Research Agenda
	1 Introduction
	2 Method and material
	2.1 Search
	2.2 Data Collection Process
	2.3 Taxonomy

	3 Results
	3.1 Tourist places and historic cities
	3.2 Hotels and restaurants

	4 Benefits of sentiment analysis in tourism
	5 Mapping analysis
	5.1 Annual scientific production
	5.2 Country scientific production
	5.3 Word cloud
	5.4 Co-occurrence
	5.5 Country collaboration map

	6 Future directions based on TCCM framework analysis
	6.1 Theory
	6.2 Context
	6.3 Characteristics
	6.4 Methodology

	7 Conclusion

	Conflict of interest
	Author contribution
	Data availability
	Funded
	References

