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Abstract
This article examines user-generated content (UGC) related to hotels in three different mass tourism
destinations (Antalya, Majorca, and Sharm El Sheikh) that offer services with the all-inclusive system
(AIS) to comparatively analyses tourists' evaluations and emotions about service components. While the
study was designed with the content analysis method, text mining and sentiment analysis were used
together. Customer reviews (UGC) of top hotels in three different mass tourism destinations were
collected from an on-line travel review site. A total of 3588 English hotel reviews were analysed by the R
program. Analysis of the reviews for famous mass tourism destination hotels in the Mediterranean region
has also clearly revealed the priority service characteristics (rooms, staff, and food) and dominant
emotions for hotels in all destinations in comparison. Moreover, the multiple correspondence analysis
results clearly show how the emotions about the services of the hotels in three different regions diverge.
Analysis results provide important clues for mass tourism destination hotels working with AIS.
Key Words: text mining, sentiment analysis, mass tourism destination, content analysis, r programming,
all-inclusive system
JEL Classification: M31, L83.
Reference: Atabay, L., & Çizel, B. (2020). Comparative Content Analysis of Hotel Reviews by Mass
Tourism Destinations, Journal of Tourism and Services, 21(11), 147-166. doi:10.29036/jots.v11i21.163

1. Introduction
Consumers view service as a set of attributes that can affect their purchase intention and
perception of service quality. It is necessary to know the attributes of the components of the service of
the hotels in order to provide quality service. Hotel service components which take the form of tangible
and intangible qualities (Özdemir et al., 2012), has a huge effect on the quality evaluation of tourist in a
highly intertwined and interactive manner. It is emphasized that with a holistic approach, hotel service
components can be divided and evaluated according to their tangible and intangible features (Maric et
al., 2016). Tangible service components in hotels are the appearance, equipment, personnel, etc. The
relevant literature shows that hotel guests tend to consider features such as cleanliness, location, price,
security, and service quality when deciding on the hotel selection. Regarding intangible qualities, what the
guest finds most important when choosing a hotel is the trust in staff, the accuracy of the service, and
the willingness to help guests (Maric et al., 2016).
Mass tourism, which is commonly used in many tourist destinations around the globe, is a type
of tourism that has a significant market share and creates its own ecosystem. Mass tourism is a type of
tourism in which products and services (accommodation, transportation, food and beverage,
entertainment, sports activities, etc.) are included in a holiday package with a standard price. Destinations
147

JOURNAL OF TOURISM AND SERVICES
Issuxe 21, volume 11, ISSN 1804-5650 (Online)
wwxw.jots.cz

such as Egypt, Spain, Turkey are considered to be some important mass tourism destinations in the world
(Çizel et al., 2013). The pre-planned nature of mass tourism reduces risks for service providers and
increases efficiency. Likewise, it enables tourists to have a safe, risk-free, and affordable holiday in an
unknown destination. Since tourists coming to mass tourism destinations spend most of their time in the
hotel, perceptions about tourism destinations are often evaluated through the service components of the
destination hotels. This is why customer reviews of hotel service features are important to destinations.
It is seen that there are studies on the relationship between the emotions of tourists and
destinations (Toral, et al., 2018). These studies emphasize three aspects of emotions. First, it is stated that
emotions have an effect on the destination image, behavioural intention, and satisfaction. Second,
emotions can differ according to travel stages, tourism products and services, and tourism destinations.
Finally, there are both positive and negative feelings in tourism (Yüksel & Yüksel, 2007). The expressions
of tourists' likes and complaints about a destination can often be associated with many features. It is also
stated that unique experiences and features satisfy tourists to a great extent (Ibrahim & Gill 2005). These
qualities can express intangible and affective qualities as well as physical qualities (Toral, et. Al., 2018). In
addition to the trio of sea, sand and sun, the properties offered by the hotels are claimed to be of great
importance especially in mass tourism destinations (Kozak, 2007). Poon (1993) argues that the tourism
market is influenced by many different demographic, socio-economic and psychological factors such as
tourists' motivations, emotions, opinions, etc. According to Tung and Ritchie (2011), tourists' emotions
can clearly reflect tourist experiences. For this reason, while tourists are looking for information about a
destination, they are also curious about the emotions of other experienced tourists about that destination.
(Jalilvand & Samiei, 2012). Tourist reviews also include information about hotels in a destination and the
feelings of tourists (Bickart & Schindler, 2001).
Web-based distribution channels that emerged in tourism with the development of technology
allow tourists to purchase tourism-related products and services digitally and to share their comments
and evaluations about products and services through these virtual platforms. User-generated content
related to tourism products and services has become an essential source of information for tourists,
tourism businesses and tourism researchers in recent years.
Along with the development of information and communication technologies (ICT), individuals
now have a place in the virtual environment, where they can both consume and produce information.
Content created in the digital world can be found in different variations such as video, photograph,
and/or text. Inspection of user-generated content (UGC) affects many areas, especially marketing
activities, because of the potential to shape brand perceptions through the management of UGC on
various platforms (Smith et al., 2012). Especially in today's social media, UGC has fundamentally changed
the information structure obtained from users, and research on user-created content has become valuable
for many stakeholders (Cha et al. 2007). Researchers claim that UGC is more reliable, useful, and neutral
as it is created by consumers and not by working professionals (Mir & Rehman, 2013; Verhellen et al.
2013). In this context, potential consumers rely on content created by other users with respect to brands
and products, because they have the perception that users do not have a commercial interest (Mir &
Rehman, 2013).
Although it has become easier to reach tourist evaluations with the development of ICT in recent
years, it is discussed what are the most suitable methods to obtain data about the assessment of tourists,
to classify and make sense of the accumulated big data. In this context, it is important to examine UGC
with data mining methods (Law et al., 2009; Bach et al., 2013). The spread of UGC and the comments
written by users have become the biggest indicators of tourist preferences and satisfaction, paving the
way for text mining. Text mining has become one of the most used techniques in analysing the UGC
(Zheng et al., 2018; Nave et al., 2018; Lau et al., 2005).
In this research, visitor reviews about hotels working with an all-inclusive concept in mass tourism
destinations were examined with an inductive approach. The main purpose of the research is to obtain
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meaningful themes and emotions from the big data accumulated in a digital environment with text mining
techniques. Within the scope of the research, answers to the following research questions will be sought:
1) What are the features of the service components of the mass tourism destination hotels?
2) What are the emotions that arise from the analysis of hotel reviews according to mass tourism
destinations?
3) What are the similarities and differences between the tourists' emotions about the service
components of hotels operating with the same concept in different mass tourism destinations?
It is considered that this study will contribute to the current literature on UGC through the use
of text mining techniques combined with sentiment and correspondence analysis in the context of the
hotels with an all-inclusive concept at three different mass tourism destinations. To the best of our
knowledge, there was no similar study conducted in this context. Considering that resort hotels at mass
destinations receive a significant amount of reviews on various travel platforms, a lot of effort, time, and
money should be invested in their management. New methods to approach review analysis could be
informative and useful for hoteliers in their efforts to increase their competitiveness and effectiveness of
their marketing strategies.
As for the structure of the current paper, the first part is devoted to literature review on UGC
and e-WOM and data mining followed by definitions of emotions and their analysis in tourism research.
The study will continue with the description of applied methodology, data collection, and techniques
used to process these data. The third part presents the findings of the conducted analysis through both
visual figures and reports of the same. In the conclusion part, the findings will be discussed with special
emphasis on the theoretical and practical contributions of the current study.

2. Literature review
2.1 Communications and Contents in User Interaction
Studying the reasons that push people to buy a certain product or service, has led researchers to
examine word of mouth (WOM) communication (Dichter, 1966). Researchers have defined WOM as
informal communication between customers and tourism companies regarding the evaluation of goods
and services (Singh, 1988). It is possible to express WOM with positive emotions in the context of
unforgettable, dazzling experiences, negative in the context of unpleasant experiences, or neutral feelings
without any weight (Anderson, 1998). Both positive and negative WOM communications can have a
strong impact on consumer behaviour, enhancing business performance. The development of ICT,
especially the Internet, affected how people search, disseminate and communicate information. Although
electronic to mouth communication (e-WOM) has very strong ties with traditional oral to mouth
communication, it offers a brand-new perspective (Al Mana & Mirza, 2013).
In tourism industry, where it is not possible to experience the product and service before
purchasing, the e-WOM effect is high for the tourists who want to purchase products or services on-line
(Park et al., 2007). Moreover, it is highly possible for positive and negative opinions to direct potential
consumers in e-WOM (Çakır et al., 2017). E-WOM, which facilitates the communication of consumers
in on-line environments, is a kind of UGC that is displayed through environments such as social media,
on-line recommendation, and forum sites. UGC is an important tool for consumers to express
themselves and communicate with others on-line (Boyd & Ellison 2007). UGC, which is defined as the
sum of the ways people use social media (Kaplan & Haenlein 2010), can be produced individually or
collaboratively. UGC refers to media content created or produced by ordinary people, not by professional
content managers, and predominantly distributed over the Internet (Daugherty et al., 2008). In this
context, UGC & e-WOM are closely related. However, UGC is used to express a broader concept. EWOM is considered as positive or negative statements about a product or company that is presented to
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many people and institutions over the internet by potential, real or former customers (Henning - Thurau
et al., 2004) while UGC is based on consumers' own experience. Therefore, researchers state that UGC
is more reliable, useful, and neutral (Buttle, 1998; Mir & Rehman, 2013; Verhellen, et al., 2013).
2.2. Emotions in UGC
Due to the nature of the services in tourism, their production and consumption occur
simultaneously. Therefore, consumers rely more on hotel reviews before they experience the service, to
avoid problems they may encounter later. It is very important that consumers review others' experiences
and ideas before making their own purchasing decisions. Moreover, positive and negative comments and
emotional expressions related to them are important in order to prevent possible situations that may
affect their satisfaction with the service provider (Lee et al., 2017).
Emotions are defined, directly or indirectly, as bio-regulatory reactions aimed at promoting
psychological conditions that ensure survival (Damasio, 2004). Although human emotions vary in many
studies, they are generally conceptualised as positive, negative, or neutral (Watson et al., 1988; Fredrickson
& Losada, 2005; Gilbert & Abdullah, 2004). Emotions experienced during holiday travels are more
positive than negative (Zins, 2002; Nawijn, 2011). Researchers have focused on whether positive
emotions have a positive effect on other people. One of the important theories, introduced by
Fredrickson (1998), based on the influence of positive emotions is the "Broaden and Build" theory.
Fredrickson (1998) argues that positive emotions function to expand our current range of cognitive
attention and motivation beyond basic needs. In this context, Fredrickson (2001) argues that subjective
well-being is an emotional state in which there is a positive superiority over essentially negative emotions.
An individual with a positive mental state has more ability to broaden his horizons, which will enable
him/her to take positive actions that lead to beneficial results. Individuals with a positive perspective
tend to remember positive events better and are less likely to interpret uncertain events as threats than
those individuals who think negatively (Sirgy, 2019). It is known that positive emotions encourage
individuals to participate in the environment and activities (Yan et al. 2018). Moreover, positive emotions
serve to expand the accumulation of a person's instantaneous mindset by expanding a range of thoughts
and actions in any context, including tourist experiences (Sirgy, 2019).
There are many findings linking the effectiveness of negative emotions to negativity bias (Yin et
al., 2014). However, there are studies proving that using negative emotions to explain the behavioural
intentions of consumers is more effective than using positive ones (Yan et al., 2018). This is because
negative opinions are unusual or unforeseen, they are considered to be more effective and beneficial than
positive criticisms and can, therefore, provide information that is more responsive, special and valuable
(Fiske, 1980). Since negative emotions may inspire individuals to pursue their own needs and take action,
a person may often display positive reactions when they are in a negative state (Shields et al. 2016). Marcus
and Mackuen (1993) found that people who were exposed to negative emotions were more successful
than those with positive ones, remembering and conveying the events and experiences that created these
negative emotions. In summary, it can be seen that negative effects enable people to concentrate more,
be more careful and calm (Ma & Li, 2016).
Research findings reveal that negative on-line reviews are more useful than positive on-line
reviews when potential consumers make on-line purchasing decisions. Therefore, negative assessments
provide more detection and reliable information about the service compared to positive on-line
evaluations (Lee et al., 2017). Customers tend to value more negative reviews than positive reviews on
TripAdvisor due to their reliability (Lee et al., 2017). If tourism recommendation sites contain a very high
number of positive reviews, tourists are starting to find these types of review sites unreliable. However,
it has been suggested that the value of negative comments will decrease if negative criticisms are presented
with harsh and overly emotional expressions (Lee et al., 2017). However, when the reviews containing
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negative or positive feelings are compared, it should be known that the positive side is more intense
(Ullah, 2016).
In some studies, (Cajachahua & Burga, 2017; Tromp & Pechenizkiy, 2014), it is seen that
emotions are conceptualized beyond positive and negative classification. Since different emotional
classifications exist in the literature, the question arises of how to conceptualize emotions (Suttles & Ide,
2013). Although there are a lot of classifications, many studies are based on the emotion classification
approaches of Ekman (1992) and Plutchik (1980). Ekman (1992) argues that there are six different
emotions: disgust, sadness, happiness, fear, anger, surprise. It is intriguing that four out of the six
emotions of Ekman are negative feelings. Plutchik (1980), however, advocates the existence of 8 basic
emotions: anger, disgust, fear, sadness, anticipation, joy, surprise, trust. Seemingly, the negative and
positive distribution of emotions is more balanced in Plutchik's research. These two approaches are also
reflected in UGC research (Serna, et al., 2016).
2.3. Text Mining and Sentiment Analysis in Tourism Research
Tourist reviews have become the biggest indicators of tourist preferences and satisfaction, paving
the way for text mining (Zhang et al., 2018; Nave et al., 2018; Lau et al., 2005). Text Mining comes to the
fore in text mining studies. Hotel reviews (Neidhardt, Rümmele & Werthner, 2017), restaurant reviews
(Gan et al., 2017; Nave, et al., 2018), visitor satisfaction (Guerreiro & Moro, 2017; Park et al., 2016; Tao
& Kim, 2019; Aureli et al., 2017), and destination image (Dickinger & Lalicic, 2016; Li et al., 2015; Qi et
al., 2018; Wong & Qi, 2017) have been analysed by text mining methods. Especially since 2016, text
mining studies on the sharing economy have become widespread regarding reviews on platforms such as
Airbnb. Along with the studies that analyse Airbnb reviews using data mining methods in the literature
(Belarmino, 2019; Cheng & Foley, 2018; Cheng & Jin, 2019; Sun et al., 2019; Tussyadiah & Park, 2018;
Tussyadiah & Zach, 2017), studies that examine the comments and contents of UNESCO sites (Kim et
al., 2019), botanical gardens (Catahan & Woodruffe-Burton, 2019), castles in Europe (Yagi & Pearce,
2018) are also remarkable.
Most of the studies based on sentiment analysis are about hotel reviews (Bjørkelund, et al., 2012;
Bucur, 2015; Gräbner et al., 2012; Kasper & Vela, 2011; Kasper et. al., 2012; Marrese-Taylor et al., 2013;
Markopoulos et al., 2015; Rossetti et al., 2015; Tan & Wu, 2011). However, reviews of restaurants (Ganu
et al., 2009; Zhang et al., 2011) and airlines (Misopoulos et al., 2014) were also analysed. Alaei et al. (2019)
reported that some studies which used sentiment analyses preferred small datasets due to lack of human
resources. However, there are some research that used 10.000.000 (Shimada et al., 2011) and 70.570.800
(Claster et al., 2013) twitter reviews, it is understood that researchers typically got data from three different
sources. Those sources were social media platforms such as Twitter, on-line travel agencies such as
Booking, and travel recommendation sites such as TripAdvisor. In these studies, it is revealed that
programs frequently used in the text mining field, such as R, Python, Leximancer, Rapidminer, Nvivo,
are preferred. In this article, for the very first time, it is aimed to examine the travel themes and emotions
about the service components of the tourist comparatively by examining on-line travel reviews about
hotels in mass tourism destinations with text mining techniques such as word counting, network analysis
and semantic classification to process big data.

3. Methods
The research was conducted by following the content analysis method. Content analysis has been
used for a while in disciplines such as education, communication, sociology, psychology, social
psychology, documentation, health, business (Neundorf, 2002). Although there is no definite unity of
definitions, it can be considered as "coding" and "theming" process with a flexible and pragmatic point
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of view to make qualitative data systematically more understandable for qualitative content analysis
(Schreier, 2014). It is stated that it is the most common method used in the analysis of documents
consisting of qualitative data (Bryman, 2012). Researchers emphasise three main characteristics of
qualitative content analysis (Schreier, 2014). The first characteristic is its reductive feature as content
analysis helps researchers to derive more specific meanings from massive data. The second characteristic
is that it is systematic. This indicates that the analysis should have comprehensive procedures of integrity.
The final characteristic of content analysis is flexibility due to the fact that the coding and data summaries
contain subjectivity. With these characteristics, it is considered that content analysis has an important
potential for tourism research as well (Ajanovic et al., 2018).
In this research, for content analysis, data mining techniques are used because it enables easy
processing of big data. On on-line platforms such as social media sites, text mining is often used to
analyse UGC (Al-Daihani & Abrahams 2016). Gathering thousands of reviews with classical "manual"
methods, analysing them systematically, and extracting meaningful information from these data brings
various constraints in terms of time and cost. Data mining incorporates techniques that allow processing
much more data in a much shorter time (Salkind, 2010).
3.1. Sample
The common feature of all three tourism destinations, which are examined comparatively within
the scope of the research, is that they are the preferred mass tourism destination for foreign tourists in
their countries. These three destinations, which mostly work with the all-inclusive system, are in tight
competition with each other in the Mediterranean region (priceoftravel.com). Antalya is one of the most
important mass tourism destinations in the world working with AI System (UNWTO, 2019). Antalya
hosted approximately 15 million tourists by the end of 2019. Mallorca is the most visited Spain mass
tourism island with more than 10 million tourists each year. The number of international tourists visiting
the Balearic Islands reached 13.7 million visitors in 2019. Sharm el-Sheik is an Egyptian mass tourism
destination located in South Sinai Governorate, on the coastal band along the Red Sea. In Egypt, which
hosted 11 million tourists in 2019, Sharm el-Sheik is the most visited mass tourism destination (UNWTO,
2019).
Figure 1. Data Selection

Source: own processing
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Within the scope of the research, a total of 3588 English reviews about three hotels from each of
the three mass tourism destinations, Antalya, Sharm El Sheikh, and Majorca, were analysed. The common
feature of these hotels is that they are all five-star, located in mass tourism destinations that work with
an all-inclusive system and with the highest user ratings. Data was taken from a travel review site with a
code executed in the R program on 02.05.2019 and then converted to an Excel file. Corrupted characters,
empty comments, and similar cells were cleaned during a preliminary screening. After the pre-cleaning,
1204 reviews from three hotels in Antalya, 1193 reviews from three hotels in Sharm El Sheikh, and 1191
reviews from three hotels in Majorca were taken into analysis (Figure 1).
3.2. Data Analysis
The rvest library in the R program was used in the data collection phase. Rvest is a package within
the R libraries that makes it easy to extract (or harvest) data from HTML web pages.
(blog.rstudio.com/2014/11/24/rvest-easy-web-scraping-with-r/accessdate: 10.10.2019). The rvest
package (https://cran.r-roject.org/web/packages/rvest/rvest.pdf access date: 15.11.2019) was invited to
the program via RStudio and codes were written to extract data from an external source. The R
environment's own ".rds" format was chosen as the output to prevent some data loss, corruption, and
fast command execution. The raw data file obtained was then converted to Microsoft excel format with
an intermediate encoding. After this process, the file with the extension ".xlsx" was opened, and
corrupted characters and formal problems were corrected.
The data collected through on-line systems are not ready to be processed without being exposed
to a number of transactions. It is necessary to first make the data files processed and to "train" the system
at the level to analyze. "Dplyr", "tidytext", "readxl", "tm", "igraph", "wordcloud", "syuzhet", "ggplot2",
"reshape2", "rio" libraries have been used to analyze the data (data1, data2, data3). First of all, clean data
(cleanset) obtained from raw data (corpus) was converted to the term-document matrix. Thus, it is
possible to eliminate errors such as corrupt, recurring characters, meaningless words, space problems,
etc. Besides, the data must be converted to the term-document matrix to continue processing. The termdocument matrix (tdm) is a mathematical tool created to determine the frequency of terms in a document
collection. In this research, terms represent each word, and documents represent each of the reviews.
Following the use of TDM, four sentiment dictionaries of syuzhet package and sentiment extraction tool
developed in the NLP group at Stanford were used. Syuzhet is an important and flexible package that is
preferred in the literature. As part of this study, Plutchik's approach was adopted to conceptualize
emotions. In recent years, lexicon-based research has shown that this approach is highly preferred.
Syuzhet also use Plutchik's approach to extract sentiments from text data. Bar plots with 8 basic emotions
(Plutchik, 1980) were drawn with the help of the package for each destination. Finally, multiple
correspondence analysis was used to compare emotions obtained from the hotel reviews of three mass
tourism destinations in the scope of the current study.

4. Results
4.1. Results related to the service features of the hotels
From Antalya data, the term-document matrix (TDM) was created from 1204 documents
(reviews) and 3884 words with a sparsity rate of 99%. Similarly, the same operation was performed for
the Majorca region (1191 reviews and 4044 words with a sparsity rate of 99%), and finally another TDM
was created from the Sharm El Sheikh data set (1193 reviews, 3529 words with sparsity rate 99%). After
TDM was created, at least 75 times used words were listed and a word cloud was created (Figure 2).
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Figure 2. Destinations' Hotel Word clouds

Source: own processing

When the data of Antalya in Figure 2 were analysed, it was determined that the words most
frequently included in the reviews are staff (569), room (482), food (465) and stay (400), respectively. It
is seen that words such as time, excellent, holiday, wonderful, clean, friendly, and family are also included
in the reviews. When Majorca's data was analysed, it was determined that the words of room (567), staff
(521), and stay (512) come to the fore. It is understood that words such as landscape, beautiful, service,
great, magnificent, food, and pool are used over 200 times. Finally, in the reviews of Sharm El Sheikh,
the words, room (662), food (627), staff (611), amazing (530), service (449), good (427), thank (414) and
nice (406) come to the fore. The best, really, pool, time, friendly, flawless, restaurant, team, stay, perfect,
come, everything, scenery, help, and back stands out as words in the reviews.
Figure 3. Network Analysis for Antalya Destination Hotels

Source: own processing

In the network analysis in Figure 3, the frequency of use of the words in the reviews made to
selected hotels in the Antalya region and clusters based on the relationship they form with each other are
shown. In this process, the association strength was applied as a normalisation method to the data, and
the 38 most common terms were shown in the analysis. 640 connections and a total of 7109 connection
strengths were determined between 38 terms.
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In network analysis, each colour represents a set of words, and the circle sizes surrounding the
words represent the frequency of use of words. As a result of the analysis, four clusters were formed.
The first cluster represented by red colour contains words such as beach, child, choice, entertainment,
activity, food, floor, child, many, plenty, pool, restaurant, room, and employee. In the second cluster
represented by green colour, there are words such as everyone, family, first time, friend, holiday, husband,
next year, person, comment, something, time and year. The third cluster, represented in blue, contains
the words such as airport, arrival, may, reception, star, road, stay, and lady. Finally, in the fourth cluster
represented by yellow colour words like moment, nothing and trouble were seen. In general, it can be
said that the main service elements of the hotel are listed in the first cluster; the terms based on personal
relationships in the second cluster; the terms related to transportation and arrival to the hotel are listed
in the third cluster and the problems-based terms in the fourth cluster.
Figure 4. Network Analysis for Majorca Destination Hotels

Source: own processing

When looking at the results of network analysis for the hotels of Majorca region, applied with the
same method, 36 terms that show the most common association were used. Between 36 terms, 442
connections and 2019 link strength in total were determined, resulting in a formation of three clusters.
In the first red-coloured cluster there are words such as arrival, bathroom, couple, detail, dining, everyone,
expectation, family, friend, friendly employee, guest, spouse, island, abundant, moment, nothing, person,
room, employee, suite, terrace, problem, and spouse. The second cluster, represented by green colour,
contains words such as airport, car, ground, hill, minute, and town. In the third and last cluster,
represented by blue colour, words such as magnificent landscape, mountain, elevation, harbour and sea
can be found. In general, it is seen that the "main service elements" belonging to the hotel are listed in
the first cluster, the terms based on "transportation" are listed in the second one, and "nature and
landscape" terms are listed in the third cluster.
As a result of network analysis for Sharm El Sheikh (Figure 5), 36 terms that show the most
common association were visualised. Between 36 terms, 426 connections, and a total of 2022 link
strengths were determined. The words in the first red cluster were wonderful stay, great view, breakfast,
option, cleanliness, food, friendly staff, excellent service, high level, lobby, location, main restaurant,
reception, sea and view. The second cluster, which is represented in green, includes the words such as
animation team, family, first time, friends, entertainment, vacation, home, accommodation, children,
kind, person, and employee. The third cluster, represented in blue, contains the words; atmosphere,
entertainment, expectation, spa, star, variety, week, spouse, and year. It can be concluded that the "main
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service elements", belonging to the hotel, are terms listed in the first, "personal relationships" in the
second, while the "fulfilment of expectations" terms are listed in the third cluster.
Figure 5. Network Analysis for Sharm El Sheikh Destination Hotels

Source: own processing

4.2. Emotions in hotel reviews
When examining the result of the sentiment analysis of Antalya hotels, 10.3% of the reviews were
expressing negative emotions such as anger (2.2%), disgust (1.4%), fear (2%), and sadness (4.7%). In
addition, emotion of expectation (22.1%), fun (30.7%), surprise (9.9%), and confidence (27.1) are seen
to come to the fore with positive reviews of 89.8% (Figure 6).
Figure 6. Sentiment analysis of hotel reviews of Antalya Destination

Percent
30,7

27,1

22,1
2,2

1,4

2

4,7

9,9

Source: own processing

When the sentiment analysis of the reviews for Majorca destination is analysed, 13.3% of the total
reviews were expressing negative emotions such as anger (2.3%), disgust (1.8%), fear (2.4%), and sadness
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(6.8%). In addition, feelings of expectation (20.4%), entertainment (31%), surprise (10.9%), and trust
(24.5) appear to be prominent with positive reviews of 86.8% (Figure 7).
Figure 7. Sentiment analysis of hotel reviews of Majorca Destination

Percent
31
24,5

20,4
2,3

1,8

2,4

6,8

10,9

Source: own processing

Figure 8. Sentiment analysis of hotel reviews of Sharm El Sheikh

Percent
34,6

32,7

18,5
1,5

1,8

1,4

2,3

8,1

Source: own processing

Finally, sentiment analysis of the reviews in the Sharm El Sheikh hotels, revealed that negative
emotions such as anger (1.5%), disgust (0.8%), fear (1.4%), and sadness (2.3%) were found to be 6% in
total reviews. In addition, feelings of expectation (18.5%), entertainment (34.6%), surprise (8.1%), and
trust (32.7) appear to be prominent with 93.9% positive reviews (Figure 8).
4.3. Comparison of emotions from the hotel reviews of mass tourism destinations
Multiple correspondence analysis (MCA) visualises the relationship between the variables put into
analysis by spreading it to a multi-dimensional graph. During this process, the analysis is not based on
any a priori categorisation and allows patterns to be exposed according to the specific dynamics of the
data set. MCA which does not oblige the researcher to discriminate dependent independent variables
prior to the analysis, is defined as an explanatory and integrative method (Clausen 1998). Variables appear
as dots on maps; The distance between points indicates the extent of rationality. As the two points get
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closer to each other, the chances of the practices measured by those two variables to act together increase.
Basically, during the analysis, the matching of rows and columns in numerous frequency tables in a twodimensional field is based on the principle of reciprocity. The relative frequencies and marginal ratios of
the variables are first calculated for the preparation of the map below. Then, by calculating the distance
between each category, the points are positioned relative to each other in a two-dimensional graph
(Clausen 1998).
Figure 9. Sentiment analysis of hotel reviews of Sharm El Sheikh

Source: own processing

Multiple correspondence analysis shows that positive and negative emotions in the Antalya and
Majorca regions are more similar (Figure 9). According to the results of analysis, it is revealed in which
destinations the eight basic emotions become more evident. Comparison of destinations with the help
of multiple correspondence analysis is reported on a relationship basis. In the analysis, emotions whose
frequencies were determined were compared with each other in a two-dimensional graph according to
the destinations. However, due to the relative frequency, the calculations were performed after weighting.
Multiple correspondence analysis tries to present the meaning of encounters with the principle of
induction as empirical (Clausen 1998).

5. Discussion and Conclusion
Hospitality companies try to stay ahead of their competitors with the help of product and service
differentiation (Grasso 2014; Xiang et al., 2015). Hotel reviews or specifically UGC data were emphasized
as an important factor for product and service marketing in literature (Attila., 2016; Lee et al., 2017; Li
et. al., 2015; Xiang et al., 2015). However, it is necessary to discover which products and services are
important for the destinations. For this reason, the study supports the literature in the discovery of
products and services. Although the analysis of the reviews made for the hotels in different mass tourism
destinations that work with the all-inclusive system shows that there were differences according to the
destinations, the similar service features (rooms, staff, and food) for the hotels in all destinations have
come to the fore. It was understood that user reviews made to hotels in Sharm El Sheikh region have
more positive themes than other regions. The fact that the reviews of Sharm El Sheikh, which is one of
the important all-inclusive destinations in the Mediterranean region, has more positive themes, is a proof
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that the expectations of the visitors are significantly met. Although Antalya, Majorca, Sharm El Sheikh
are similar destinations in terms of tourism type (mass tourism) and regions, it is seen that UGC data are
in a class of its own. In this context, it is important to highlight unique attributes according to guest
expectations. In addition to all these, it has been suggested that one of the most effective tools to measure
the perceived destination image is travel review sites because reviews on such sites are purely UGC (Serna
et al., 2013).
Network analysis also showed that the main service features for all destinations were gathered in
the first cluster. For Antalya, Majorca, and Sharm El Sheikh regions, differences in service features in
other clusters have been identified. These clusters are cumulative representations of reviews selected
hotels and provide important information to hotel businesses and destinations about the complementary
aspects of the service. There are two important approaches to classify emotions from text data: lexiconbased and machine learning (ML). These two approaches typically classify the emotions contained in the
text as positive, negative, and neutral (Dhaoui, et al., 2017). Although the two approaches have some
advantages in their own right, the main reason for adopting the lexicon-based approach in this study is
that it allows to discover 8 basic emotions of Plutchik in the most risk-free way. This means no prior
training is needed for data and relatively small datasets can be analyzed, unlike the ML-based approach
(Taboada et al., 2011). Sentiment analysis extracted results from the evaluation of unsupervised approach
by applying lexicon-based method according to basic emotions in this study. One of the important
contributions of this study is that it shows the results of sentiment analysis by mass tourism destinations.
The multiple correspondence analysis results showed more clearly how the three destinations differed
according to sentiment analysis over hotel reviews. Findings of this analysis indicate that Sharm El Sheikh
destination differs from other destinations in the context of positive emotions (Fredrickson, 1998; Sirgy,
2019). The research findings comparatively report the features of the service components of the hotels
and emotions about these features in three different competing mass tourism destinations. Continuous
analysis of the emotions regarding the features of the service components of the destination hotels can
provide important clues about the satisfaction or dissatisfaction of the customers.
Although this study has some limitations, it has suggestions for researchers and practitioners. The
scope of the study consists of five-star hotels serving in mass tourism (Antalya, Majorca, and Sharm El
Sheikh) destinations. It has been an important criterion for these destinations to compete with each other
in tourism products and services and to include hotels that offer all-inclusive service in the Mediterranean
region. However, there are many countries offering all-inclusive services and many destinations that can
be specifically evaluated in these countries. Thus, more extensive studies can be conducted on how similar
products and services are evaluated in the eyes of tourists visiting different parts of the world. Moreover,
it is likely that the determination of the most favourable five-star facilities in Antalya, Majorca, and Sharm
El Sheikh regions will cause bias to highlight the positive characteristics. In this context, examining not
only five-star hotels but also other accommodation facilities can provide useful findings. In this study,
tourist emotions in other mass tourism destinations are not compared to our findings because this study
is the first example that examines emotions in mass tourism regions. In this respect, it has the potential
to set an example for studies examining tourist emotions in similar or different destination types.
Only one of the clustering methods (link strength and relationship) that could be preferred in
social network analysis was used in our study. There are many different clustering and normalisation
criteria that can be used in social network analysis. Although it is not appropriate to mention different
methods since it is not directly related to the subject of our research, it is recommended to include the
results of the researches to be carried out with different methods in other studies.
Sentiment analysis is one of the important tools used in this study. Syuzhet package entered the
programming world a while ago and sentiment analysis can be done through different packages.
Although syuzhet is an important and flexible package preferred in the literature, it is not flawless and
has
been
subject
to
various
criticisms
like
its
other
counterparts
(https://hoyeolkim.wordpress.com/2018/02/25/the-limits-of-the-bing-afinn-and-nrc-lexicons-with159
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the-tidytext-package-in-r/ access date: 15.12.2019). Although the results of sentiment analysis packages
are constantly being improved in lexicon-based processes, it is useful to know that researchers who will
use similar packages will experience some deficiencies.
The current study offers practical recommendations as well as producing academic outcomes. In
addition, all accommodation companies and destinations, whether small or large, should further analyse
reviews made on their products and services. It is a known fact that evaluating tourist reviews is
important, but due reviews analysed in this study belong to hotels that spend high amounts of money on
guest satisfaction. Hotels can increase their competitiveness by increasing the effectiveness of
marketing strategies by using text mining methods. However, because of expensive solutions, reviewing
the comments with long procedures has brought many difficulties. Machine learning and innovative data
mining techniques can be evaluated in this context, allowing thousands of comments on hotels to be
examined in a short time. Analysing hotel reviews manually is time-consuming and error-prone. However,
with data mining techniques, it is possible to "harvest" and analyse thousands of reviews in a relatively
short time. This study provides useful implications and guidelines for hotel practitioners on how
customer reviews can be evaluated using text mining with open source and free software.
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