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ABSTRACT: Nutritional alternatives, which were limited to regional diversity in the past, have
increased extraordinarily over time. Besides being the basic element to sustain life, it has come to the
fore as hedonic consumption. It is already known that discovering the local cuisine and the pleasure of
eating are very important for tourists. Social media platforms have become the most effective tool for
tourists in making decisions. They significantly influence the decisions of tourists on where to go, where
to stay, what to eat and drink. The primary aim of this research is to analyze and make sense of
TripAdvisor reviews of restaurants serving Kas and Belek, which have different accommodation
alternatives. For this purpose, topic modelling, sentiment, and name-entity recognition analyses were
carried out with 10,829 customer comments from 147 businesses. Reviews are clustered under the most
appropriate 3 distinct subjects (Experience, Food, and Atmosphere). The satisfaction level in the
comments is 89.52% for Kas and 95.64% for Belek. In total, 800 and 445 different food names were
discovered in Kag and Belek reviews, respectively. Most liked foods: Meat dishes such as steak, burger,
and stroganoff with cream, pepper, tomato, garlic, and spicy sauces.

Keywords: Gastronomy, Food tourism, Customer reviews, Text mining

0OZ: Gegmiste bolgesel gesitlilikle simirli olan beslenme alternatifleri zaman iginde olaganiistii artis
gostermistir. Yasami siirdiirmenin temel unsuru olmasinin yani sira hedonik tiiketim olarak da 6n plana
cikmistir. Turistler i¢in yoresel mutfagi kesfetmenin ve yemek yeme zevkinin ¢ok 6nemli oldugu
bilinmektedir. Sosyal medya platformlar1 karar verme siirecinde en etkili araglardan biridir. Turistlerin
nereye gidecekleri, nerede kalacaklari, ne yiyip igecekleri konusundaki kararlarinda sosyal medyanin
etkisi biiytiktiir. Bu aragtirmanin temel amaci, birbirinden farkli konaklama alternatiflerine sahip Kas ve
Belek'te hizmet veren restoranlarin TripAdvisor yorumlarini analiz etmek ve anlamlandirmaktir. Bu
amag dogrultusunda 147 isletmeden 10,829 miisteri yorumu ile konu modelleme analizi, duygu analizi
ve isim-varlik tanima analizi gergeklestirilmistir. Yorumlar, 3 farkli konu basligi (Deneyim, Yemek ve
Atmosfer) altinda gruplandirilmistir. Yorumlardaki memnuniyet oran1 Kas i¢in %89,52, Belek i¢in
%95,64'tiir. Kas ve Belek yorumlarindan sirasiyla 800 ve 445 farkli yemek ismi kesfedilmistir. En
begenilen yemekler: biber, domates, sarimsak ve baharat gibi soslar ile sunulan biftek, hamburger ve
straganof gibi et yemekleridir.

Anahtar Kelimeler: Gastronomi, Yemek turizmi, Miisteri yorumlari, Metin madenciligi
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GENISLETILMIiS OZET

Giris

Beslenme, insanin hayatta kalabilmesi i¢in en temel fizyolojik ihtiyacidir. Fakat turizm sektoriinde
beslenme faaliyetleri fizyolojik bir ihtiyacin 6tesinde konumlandirilmaktadir. Turistler yeni lezzetler,
yeni kiiltiirler, yeni hikayeler yasamak istemektedirler. Tiirkiye, Yunanistan, Liibnan, Urdiin, Hindistan
ve Cin gibi bir¢ok {ilke bu egilimin farkindadir ve bu nedenle turizm pazarlama faaliyetlerinde mutfak
ve mutfak geleneklerine odaklanmaktadir (Avraham ve Ketter, 2016).

Online kullanic1 goriisleri diger tiiketicilerin satin alma davranislarinda énemli bir belirleyici olurken,
turizm isletmeleri i¢in de Onemli bir tamitim araci olarak goriilmektedir. Bu sayede isletmeler
reklamlarini yapabilir, halkla iliskiler faaliyetlerini daha genis kitlelere iletebilir, sikayet ve Onerileri
dikkate alarak is stratejilerini yenileyebilirler. Bu arastirmada TripAdvisor ¢evrimici seyahat platformu
iizerinden toplanan restoran yorumlari metin madenciligi yontemleri ile analiz edilerek, isletmeler igin
stratejik sayilabilecek bilgiler elde edilmeye calisilmistir.

Literatiir taramasi

Yiyecek hizmetleri, destinasyonun tedarik sisteminin énemli bir bilesenidir ve gastronomi turistlerinin
ilgisini cekmek igin 6nemli bir faaliyet olarak kabul edilebilir. Boyne ve digerleri (2002), turistlerin
seyahat ederken biitcelerinin neredeyse %40'm1 harcadigini bildirmistir. Diger bir ¢alismaya gore,
yiyecek ve igecek harcamalari temel olarak toplam turizm harcamasinin tigte birini temsil etmektedir
(Mak Vd., 2012). Piyasanin biiyiikliigii g6z oniine alindiginda, yiyecek ve igeceklerin bir destinasyon
icin etkili bir tanitim ve konumlandirma araci olabilecegi aciktir (Hjalager ve Richards, 2003). Mutfak
deneyimleri, kiiltiirel turizmin giiglii bir unsurudur.

Turistlerin karar alma siireglerini dogru anlamak, onlar1 turizm tiiriine, destinasyona ve kiiltiirel yapiya
gore degerlendirmek basarili turizm stratejilerinin gelistirilmesi acisindan hayati 6nem tagimaktadir.
Gretzel ve digerleri (2006) gida turizminin yayginlasmasini ve popiilerlesmesini teknolojik gelismelere
ve internete baglamaktadir. Gastronomi s6z konusu oldugunda, turistlerin bilmedikleri bir destinasyonu
degerlendirmeleri i¢in en etkili araglardan biri kullanict yorumlaridir. Ticari reklamlardan daha giivenilir
olarak kabul edilen tiiketici yorumlari, boylece iirlin ve isletmelerin geleceginin teyit edilmesinde 6nemli
bir unsur haline gelmistir.

Metodoloji

Bu ¢aligmada turistik destinasyonlarda sunulan yeme-igme hizmetlerine iligkin tiiketici yorumlari
incelenerek turistlerin duygu ve diistincelerinin anlagilmasi ve yeme-igme deneyimlerinin temel
oOriintiilerinin belirlenmesi amaglanmaktadir. Bu amagla, Kas ve Belek turizm bolgelerinde faaliyet
gosteren restoran isletmelerine yonelik sosyal medya yorumlari otomatik olarak toplanarak duygu
analizi, konu modelleme analizi ve isim-varlik tanima analizi gerceklestirilmisgtir.

Veriler, Python programlama dili ile gelistirilen crawler yardimi ile TripAdvisor platformundan
toplanmustir. Belek’ten 34 restorana ait 3,659, Kas’tan ise 113 restorana ait 7,170 yorum elde edilmistir.
Toplam yorum sayisi 10,829°dur.

Analiz Oncesinde yorumlarin 6n isleme tabi tutularak ciimleye anlam katmayan fazlaliklardan
arindirilmasi gerekmektedir. Bu sebeple sirasi ile; harf diginda biitiin karakterlerin silinmesi, biitiin
karakterlerin kiiglik harfe ¢evrilmesi, lemmatize iglemi ile kelimelerin temel formuna doniistiiriilmesi
ve son olarak da stop-words listesinde bulunan kelimelerin filtrelenmesi gergeklestirilmistir. Stop-words
kelimeler; ciimlede ¢ok sik gecen fakat ¢ok fazla anlami olmayan kelimelerin listesini ifade etmektedir.

Konu modelleme analizi sonrasinda Belek yorumlar1 Deneyim, Igecek ve Kahvalt1 ve Yemek basliklart
altinda gruplandirilmistir. Deneyim konusu yorumlarda en ¢ok konusulan konu bashgidir. Kas
yorumlar1 Deneyim, Yemek ve Atmosfer bagliklar1 altinda gruplandirilmistir. Kas yorumlarinda da en
fazla Deneyim konusu konusulmustur.
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Yorumlara duygu puani atayabilmek icgin sozliikk-tabanli duygu analizi ¢aligsmasi yapilmis ve her bir

yorumun duygu puant hesaplanmistir. Hesaplanan bu puanlar isim-varlik tespiti analizi ile kesfedilen
yiyecek ve iceceklerin duygu durumu puanlarinin hesaplanmasinda kullanilmigtir. Yemek isimlerinin
kesfedilmesinde Amerika Tarim bakanligina ait giincel ve yaklagik 1,2 milyon yemek isminin kayith
oldugu bir liste kullanilmistir. Bu liste ile tiim yorumlarin taratilmasi sonucunda Kas yorumlarindan
800, Belek yorumlarindan 445 farkli yiyecek-icecek ismi yakalanarak toplamda 1,245 yiyecek-icecek
ismi yakalanmistir. Biitiin yiyecek-igecek isimlerinin duygu puani hesaplanmis Kas ve Belek bolgeleri
icin ayr1 ayr1 en yliksek puana sahip 20’ser isim asagida tablo 4’te sunulmustur.

Bulgular ve tartisma

Kas ve Belek'te faaliyet gosteren restoranlara ait yorumlardan sirasiyla 800 ve 455 yemek ismi tespit
edilmistir. Her bir yemek i¢in duygu puani hesaplanmstir. Asagida bulanan Tablo 5'ten her iki bolge
icin de soslarin en yiiksek puanlart aldig1 goriilmektedir. Belek bolgesindeki soslar ve ana yemekler
birlikte incelendiginde et iirlinleri ve soslardan memnuniyet diizeylerinin oldukga yiiksek oldugu
goriilmektedir. Kas bolgesinde one c¢ikan soslar (pesto, domates sosu gibi) bu bolgede italyan
lezzetlerinin ¢ok tutuldugu ve miisteri memnuniyetinin yiiksek oldugu anlamina gelebilir. Ayrica Tablo
S'teki “Ekmek, Pizza, Makarna” grubuna bakildiginda Italyan sebzeli pizza ve manti makarnanin
popiiler yiyecekler arasinda oldugu goriilmektedir. Deniz {irlinlerine bakilirsa Kas bolgesinin Belek
bolgesine gore daha basarili oldugu sdylenebilir.

Sonug ve oneriler

Calismanin basinda gastronomi agisindan yerel lezzetlerin daha ¢ok 6n plana ¢ikacagi diisiiniilse de
sonu¢ diinya mutfaginin yerel lezzetlerden daha baskin oldugunu gostermektedir. Bu durumun nedeni,
turistlerin taleplerini dikkate alan isletmelerin yoresel lezzetleri daha az sunmasi olarak diisiiniilebilir.
Ayni1 zamanda yiyecek-icecek isimlerini belirlemek igin yapilan analizlerde Tiirkge isim listesinin
olmamasi da bu duruma sebep olarak gosterilebilir.

Bu calismada yoresel lezzetleri yorumlardan tespit edebilmek icin ihtiyag duyulan Tiirkge yemek
isimleri (ingilizce yazil) listesinin olmayis1 ¢alismanin eksik kismi olmustur. Gelecekte yapilacak bu
tir galigmalar igin diinya dillerine veya en azindan Avrupa dillerine uygun yerel lezzetler listesinin
olmasi akademik ¢alismalara ve sektore onemli katkilar saglayacaktir.
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Introduction

Nutrition is the most basic physiological need of humans in order to survive. When it comes to tourism,
tourists (especially for a destination they are visiting for the first time) may be concerned about how
they can meet their nutritional needs. Today, however, the situation is discussed in a different context.
Now, tourists position their nutritional activities beyond a physiological need on their trips and want to
experience new tastes, new cultures, and new stories. Many countries such as Turkey, Greece, Lebanon,
Jordan, India, and China, are aware of this tendency, and therefore, focus on cuisine and culinary
traditions in their tourism marketing activities (Avraham & Ketter, 2016). Thanks to the developments
in information and communication technologies, the volume of user-generated content in the digital
environment is increasing day by day. The traces and impact of word-of-mouth (WOM) marketing on
social media platforms such as Facebook and Instagram, and travel and accommodation platforms such
as Tripadvisor, Booking, Expedia and Yelp attract the attention of academics.

Food services are an important component of the destination's supply system and can be considered as
an important activity in attracting gastronomy tourists to a destination. Boyne et al. (2002) reported that
tourists spend almost 40% of their budget on food while traveling. According to another study, food and
beverage expenditures represent essentially one-third of total tourism spending (Mak et al., 2012).
Considering the size of the market, it is clear that food and beverages can be an effective promotional
and positioning tool for a destination (Hjalager & Richards, 2003).

Online user opinions become an important determinant in the purchasing behaviour of other consumers,
and it is also seen as an important promotional tool for tourism businesses. In this way, businesses can
make their advertisements, convey their public relations activities to wider audiences, and revise their
business strategies by taking into account the complaints and suggestions. In summary, they have an
interactive medium that allows for multi-faceted communication. However, it cannot be said that every
tourism business can benefit equally from this existing potential. Existing information and
communication technologies offer opportunities to analyze the attitudes and behaviours of tourists better
and in detail. Big data analysis is a fundamental instrument that can be used in this context. Especially
in an environment where 2.5 exabytes (1 billion GB) of data are produced per day, sentiment analysis
emerges as an efficient tool in making use of such a large and unstructured data set. Sentiment analysis
also called opinion mining, can produce meaningful information from texts. Treating online customer
opinions as just a score eliminates the possibility of understanding the implicit comments they contain
and turning them into information. It will be much more goal-oriented to make inferences about how
consumers feel on the basis of individuals, rather than considering them as a mass.

The next section reflects the literature review of gastronomic tourism. In the third chapter, the collection
of data and the application of the relevant analysis methods are discussed. Later, the findings were
shared, and the conclusions and recommendations were made in the last section.

Literature review

The analysis carried out by collecting customer comments from online travel platforms in the field of
tourism has increased significantly in recent years. These analyses to understand tourists' thoughts and
experiences are invaluable to the academic community and industry. On the other hand, the large amount
of data that is automatically collected through the crawler also makes these analyses valuable. Text
mining and various machine learning methods are used in analysing large volumes of data gathered.

In Turkey, there are some studies using tourist comments in the field of gastronomy and based on content
analysis (such as: Sahin et al., 2018; Akyol, 2019; Arslan, 2020; Kendir, 2020; Ibis, 2021). Studies in
this field tend to increase over the years. The study conducted by (Eren & Celik, 2017) on “determining
the most prominent food and beverages in the formation of a destination's online gastronomy image” is
a good example. Content analysis was also used as a methodology for this study. In studies where the
number of comments is much higher, text mining methods are used that allow the automatic
interpretation of texts. It is believed that increasing the number of studies that consider customer
comments on social media platforms and use large datasets will enrich the literature.
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Sharing economy and new trends in tourism

The change in economy and innovative business models with a tendency towards digitalization are
widely accepted on a global basis. As of March 2021, there are more than 5.1 billion internet users in
the world, which shows that 65.6% of the entire world population is in the digital environment
(Miniwatths Marketing Group, 2021). In a day, 500 million tweets and 293 billion emails are sent, 65
billion messages are transmitted on WhatsApp, 5 billion searches are made on search engines, and 4
petabytes (= 4 million Gb) of data are created only on Facebook. By 2025, it is estimated that 463
exabytes of data per day (212,765,957 DVD-equivalent data volume) will be generated globally
(Desjardins, 2019).

While sharing between people dates back to the first days of human history, the current debate on the
sharing economy and common consumption goes back to the early 2000s. Using the internet, users
began to exchange goods and services with platforms such as Couchsurfing and Freecycle. Over time,
these non-profit initiatives have pioneered large business enterprises that connect consumers and
providers around the world (Cheng, 2016). Some claim that the sharing economy will reduce travel
costs, encourage more people to participate in touristic activities, increase tourism revenues, provide a
better allocation of resources, and distribute tourism revenues better, as well as have direct benefits for
tourism. On the other hand, some argue that the sharing economy is inadequately regulated and taxed,
poorly organized, predatory, and exploitative (Quattrone et al., 2016).

Developing information technologies have started to create new structures that support internet user
participation in recent years. The internet, which started as a one-way information platform, has become
a process that allows multi-directional interaction that enabling users to create a huge amount of content.
Consumer evaluation and rating systems allow consumers to freely express their experiences, guide
others, and at the same time benefit from the information provided by others.

Food tourism as a special type of tourism

The relationship between tourism and food dates back to the past. Wolf (2002) states that spices, wine,
fruits, and other food products were valued as currency in the past. On the other hand, Mennell et al.
(1992) argue that taverns and inns were used to serve basic food, and this developed the concept of
commercial hospitality service and formed the basis of the culture of eating out. Over time, this dining
out experience has caused the increase in the number of restaurants in resort areas and their diversity in
terms of the products and services they offer (Beardsworth & Keil, 2002). Culinary experiences are an
important element of cultural tourism. Drinks and food have become an integral part of destinations.
Previously, alternatives to nutrition were perceived as a basic need for tourists, but now this phenomenon
has changed and has become an important motivation for visits. Now, tourists are curious about the
culinary diversity of the destination as an important part of their cultural experience, and those with
culinary richness are prioritized among other alternatives in their destination preference.

The Global Food Tourism Report of 2013 published by the United Nations World Tourism
Organization, the food tourism market is growing more and more every year, and food/beverage has
moved to the centre of tourism experiences. In fact, a destination's cuisine determines the overall
experience of touristic activities (UNWTO, 2014). Jiménez-Beltran et al. (2016) underline that local
cuisine can be the main motivation for tourists to choose a destination again, while Cetin and Bilgihan
(2016) argue that most of the tourists are in search of local food experiences. According to Quan and
Wang (2004), meals and beverages can be considered as the main or secondary motivation source for
tourists' destination preferences. Symons (1999) sees local food as an essential component of a
destination's attractiveness and overall tourist experience. Research by Reynolds (1993) found that food
and drink can help tourists to discover the social and economic lifestyle of a destination and even a
country. According to Hall and Sharples (2003), as the level of consumer interest in food tourism
increases, it is expected that the main or sole motivation of travel will be a food-related activity.
Researchers state that there is a high level of interest for gourmet-gastronomy tourism, a moderate
interest for culinary tourism, and a low or non-existent level of interest for city-country tourism.
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Digital reputation and e-wom

A good understanding of consumers' experiences is vital for the food and beverage industries in order
to build brand image and ensure customer loyalty. It is necessary to follow the post-purchase comments
and behaviours of previous customers in order to understand many variables, from which local flavours
will be offered to what should be the basic characteristics of an atmosphere that will increase the service
quality. The taste of the food, the speed and shape of the presentation, the temperature, as well as the
physical environment where the presentation takes place (location, decoration, scenery, music, the
distance between tables, ventilation, parking lot, children's playgrounds, etc.) and cost can be decisive
in customer satisfaction. Undoubtedly, academically addressing a process affected by so many variables
contains various difficulties. The fact that the target audience is composed of several societies with
different cultural structures also complicates the situation.

Understanding the decision-making processes of tourists correctly, interpreting them according to
tourism type, destination, and cultural structure is of vital importance for developing successful tourism
strategies. This is where user-developed content comes into play. Because tourists take into account
user-developed content while shaping transportation, accommodation, nutrition, entertainment, and
travel plans. Zhang et al. (2010), user-generated content affects the consumer more than editor opinions.
Sparks et al. (2013) similarly state that tourists find their previous consumer experiences more useful
and reliable.

Gretzel, et al. (2006) attribute the widespread and popularization of food tourism to technological
developments and the internet. The ease of accessing information about different cuisines has become
one of the main motivations in planning touristic activities. When it comes to gastronomy, one of the
most effective tools for tourists to evaluate a destination that they do not know about is WOM
communication. WOM is the state of tourists who have visited the destination before, sharing their
experiences (satisfaction, unhappiness) and thus informing others about their level of satisfaction. The
concept known as WOM marketing refers to a process in which information transfer is ensured among
consumers, previous experiences have the power to influence subsequent ones, and goods and services
are more easily adopted by potential buyers. A negative difference between the expected-perceived
consumer value and the experienced consumer value, that occur when a customer experiences below his
expectation, will cause a dissatisfaction. The dissatisfaction can also be observed in different digital
channels as a negative WOM. Similarly, an expected or higher level of experience designates a positive
WOM.

With the development and spread of web-based information technologies, it has evolved into a structure
called E-WOM. Since WOM communication takes place one-on-one between individuals in the
traditional sense, it is not possible to monitor this process and its effects. E-WOM, on the other hand,
has a traceable structure. In addition, E-WOM can be used in the decision-making process by consumers
from many different segments, depending on its widespread access potential. Consumer reviews, which
are considered more reliable than commercial advertisements, have thus become an important element
in confirming the future of products and businesses. The fact that E-WOM has become such an important
tool has been effective in finding its place in many different environments (e-mail, WhatsApp, websites,
blogs, virtual communities, newsgroups, chat rooms, product review sites, online forums, etc.). Many
variables such as the user's competencies in information technology use, education level, and
participation level regarding the product can be effective in the preference of the relevant environment.

Methodology

The impact of the digital economy is felt more and more in daily life. The transformation from the
traditional economy to the digital one has also caused significant changes in consumer behaviour. The
restaurant choice of consumers is no longer a random behaviour, it has become the result of an evaluation
that takes into account the experiences of others. While professional reviews such as Michelin Guide
and Gault & Millau in the past only appealed to a high-income group, today, thanks to user-generated
content, everyone has a structure that can both enter data and make decisions by evaluating the existing
content.
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Consumer rating systems on online sites mean nothing more than an effort to quantify existing
qualitative inputs. Due to the unstructured format of online reviews, these ratings are widely used in
scoring and ranking businesses and services. However, since text inputs, consumers are going to express
themselves easily, contain many valuable meanings, it is vital to analyze them.

Social media platforms and especially internet sites where online consumer opinions are shared are
considered as the main source of sentiment analysis studies, given the volume of consumer-generated
content they have (Zhang et al., 2010). However, Kreeger et al. (2018) stated that the number of
marketing-based studies using sentiment analysis is very limited. When it comes to the marketing of
tourism, it is seen that academic studies on sentiment analysis are quite limited. This indicates a gap in
the literature for understanding the change in the economy and consumption patterns.

In this study, it is aimed to understand the feelings and thoughts of tourists and to determine the basic
patterns of food experiences by examining the consumer evaluations about the food services offered in
tourist destinations. For this purpose, the social media comments on the restaurant businesses operating
in Kas and Belek tourism regions were automatically collected and analysed with sentiment analysis,
topic modelling, and named entity recognition.

Kas is a tourism region that generally has hostels, apartments, or boutique-style accommodation
facilities. The tourists staying in this region visit historical and touristic areas, participate in boat tours,
or engage in activities in the city centre (such as shopping, eating, and drinking) (Biiyiikeke et al., 2020),
rather than spending time in the accommodation facility. Belek stands out with its golf tourism, eco-
tourism, and high-quality 5- and 7-star hotels (Erkus-Oztiirk, 2009). The tourism establishments in
Belek and Kas are not as diverse and extensive as in other parts of Antalya. Thanks to the analyses
carried out with the comments gathered from the Kas destination, it will be possible to obtain customer
experiences and opinions about small companies. On the other hand, with comments belong to Belek,
important information can be obtained about a destination with 5 and 7-star businesses.

The data were collected from the TripAdvisor web site (tripadvisor.com) via the crawler developed with
the Python programming language. TripAdvisor is the most preferred community-based online
comment platform by academicians as a data source in their studies in the field of tourism (Xiang et al.,
2017). The crawler has identified 56 restaurants serving in Belek and collected a total of 3,698
comments. In order to increase the validity of the study, the 22 restaurants which have less than 5
comments were excluded from the analysis. Eventually, a total of 3.659 comments were preserved from
the remaining 34 businesses. The average number of reviews per business is approximately 108. In the
first stage, 7.278 comments belonging to 165 businesses were collected for Kas, and when the research
constraint was applied, 113 businesses with 7.170 comments have remained. A total of 10.829 consumer
reviews were introduced to the analysis. The average number of reviews for each business is
approximately 73.
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Figure 1: Number of comments by year (Belek)
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Customer reviews contain the comment text, date, and rating. Figure 1 illustrates the distribution of
comments by year for the Belek area. While an increase has been observed in the number of comments
in recent years, the decrease in 2020 draws attention. It can be thought that the reason for this is the
COVID-19 epidemic. The year 2021 continues and the number of comments supposed to increase until
the end of the year.

Figure 2 shows the number of reviews of Kas region restaurants by year. It can be noticed that it has a
characteristic similar to the graph from the Belek region.

Figure 2: Number of comments by year (Kas)
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Comments according to rating values are shown in Table 1. The average rating of Belek comments is
4.78, and the average rating of Kas comments is 4.48. It can be seen that the comments mostly have
high rating values. As the rating values decrease, the average word count of the comments increases.
This shows that the complaints in the reviews are expressed in longer sentences.

Table 1: Number of comments by rating

Belek Kas
Rating ,\IT uer\rl1lbeg\rls % Q/\\//irr%%e I\IT uen\glt()a(\el;ls % Average Words
1 55 0.02 110.34 279 0.04 109.83
2 33 0.01 85.06 226 0.03 97.14
3 83 0.02 67.19 417 0.06 79.62
4 311 0.08 53.74 1.132 0.16 64.87
5 3.177 0.87 51.71 5.116 0.71 58.06

In this study, topic analysis was used to group the comments by certain titles, and sentiment analysis
methods were used to determine the emotional intensity of the comments. In addition, with the help of
regular expressions, the names of the food and beverage mentioned in the comments were discovered.

Pre-processing
Some preprocessing is required for the comments in unstructured text format to be analysed by the
computer. Computer processors can operate on binary number system. For this reason, a dictionary is
created in which each unique word, special character, or punctuation mark in the comments is expressed
with a unique numerical value. This dictionary is called bag of words- BOW. However, the large size
of the dictionary complicates the analysis. Therefore, special characters and numeric values that do not
have much meaning in a sentence are removed. In this way, the size of the matrix in which the comments
are expressed numerically is reduced.
Pre-processing steps:

* All characters except letters have been cleared.

* All letters converted to lowercase because Hello and hello are separate words for computers.

» Wordnet Lemmatizer belonging to NItk®, the Natural Language Processing (NLP) library, has
been used to restore words to their basic form. E.g., walking to walk.
* Words that do not make sense in a sentence and are repeated frequently (a, an, the, which...) were
removed from the comments using the NItk stop words list.

Analyses

The main analysis methods used to obtain information from textual data are text classification, text
summarization, text categorization, topic analysis, and sentiment analysis (Zhai & Massung, 2016). In
this study, subject analysis was used to group the comments under certain headings, and sentiment
analysis methods were used to determine the emotional intensity of the comments. In addition, with the
help of regular expressions, the names of the food and beverage (foods) mentioned in the comments
were discovered.

Topic modelling analysis

Subject analysis refers to grouping a document under certain headings as a result of statistical operations.
Statistical operations are the process of capturing repetitive, often co-existing word patterns. LDA
(Latent Dirichlet Allocation) method is mostly used in subject analysis studies (Blei et al., 2003).

3 https://www.nltk.org/
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In this method:

* Documentation is a mix of topics, and

* Topics are a mix of words.

This expression means the following for a corpus composed of interpretations; each comment contains
all topics with a probability value ranging between 0 and 1, with the total probability equal to 1. The
topic with the highest probability is called the dominant topic for that comment. On the other hand, each
word has a certain weight value in determining each topic title. The higher this value, the greater the
influence of the word in determining which topic to group a comment under. In this research, the Python
Gensim library was used to implement the LDA model.

In order to find out the number of appropriate topics the Belek and Kag comments can be grouped under,
the numbers 3 to 7 were tested with a loop, and there was a limit of at least 20 comments under each
topic. As a result, it was observed that the comments were grouped under the 3 most appropriate topics.
In addition, the consistency score (Coherence Score) was the highest for the number 3. Table 2 shows
the titles for the Belek region and the words with the highest weights in determining the subjects. The
subject titles were determined according to the high-frequency words.

Table 2: Topics and words (Belek)

Food Drinks&Breakfast Experience
1 steak bar great
2 meal drink service
3 year english visit
4 order breakfast staff
5 cook beer recommend
6 starter price friendly
7 restaurant owner place
8 dish lovely amazing
9 prawn fish time
10 eat fresh excellent
11 main watch nice
12 turkish look come
13 chicken watch back
14 garlic full enjoy
15 reasonable local definitely

Figure 3 shows the distribution of comments according to the dominant topics. The numerical values at
the end of the graphic bar line are the average rating of the comments. It is discerned that the average
rating of the comments about Experience is higher than the others.

Figure 3: Topic distribution of comments (Belek)

Experience | 4 80

Drinks&Breakfast 4.59
Food 422

% 10% 20% 30% 40% 50% 60% 70% 80%
%% of Total number of reviews

Source: (Created by the author)
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Subject titles determined according to high-frequency words for eyebrow comments are given in table

3 below. When Figure 4 is examined, it is seen that the average rating of the comments on the title Food
is lower. The comments of the words wait and bad, which express negativity among the words, can be
examined separately.

Table 3: Topics and words (Kas)

Food Atmosphere Experience
1 Fish Table food
2 Order View restaurant
3 Get Find place
4 Dish Sea service
5 Wait Wine great
6 Waiter Drink staff
7 Serve Little enjoy
8 Bad harbour friendly
9 Main Menu Nice
10 Take Beach Visit
11 Salad Well recommend
12 Starter Steak lovely
13 Say Coffee Time
14 chicken Hotel price
15 meze Terrace Eat

Figure 4: Topic distribution of comments (Kas)

Experience [ - 72
Food 3.42
Atmosphere 4.45
0% 10%  20%  20% 40% S0% &80%  T0%  20%
%% of Total number of reviews

Source: (Created by the author)
When Figure 4 is examined, it is seen that the average rating of the comments on the title Food is lower.

Sentiment analysis

Sentiment analysis is a subfield of the text classification. It aims to determine the polarity and point of
view in texts such as movie reviews, product reviews, or tweets. There are two methods in sentiment
analysis, dictionary-based and machine learning methods. In machine learning methods, a predictive
model is created using labelled data. Within the scope of this study, the dictionary-based method was
used instead of machine learning because the average rating values of the comments were as high as
4.78 and 4.48 for Kas and Belek regions, respectively. Expressions indicating the appreciation or
dissatisfaction of the customers are frequently used in the comments of restaurant businesses. Thanks to
these expressions, the positive or negative status of a comment can be determined. For this purpose, the
SentiWordNet 3.0 dictionary, which was developed from the WordNet* dictionary, was used.

SentiWordNet is one of the most used dictionaries in dictionary-based sentiment analysis studies. In the
dictionary, each synonym (word) has three types of points: positive, negative, and neutral. A word's
score varies between 0 and 1. E.g., When the word amazing is examined: the positive score is 0.875, the
negative score is 0.125. The neutral score can be calculated by subtracting the negative score from the
positive score.

4 https://wordnet.princeton.edu/
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In order to find the emotional polarity of the comments, first of all, adjectives, adverbs, nouns, and verbs
that make sense in a sentence were determined by the part of speech (POS) method. Python Spacy®
library is used for this process. Then, using the SentiWordNet dictionary, the average of the difference
between the positive and negative scores of each word in the comments was calculated, and the emotion
scores of the comments were created. These scores were used to calculate the positive or negative scores
of the food and beverage names mentioned in customer reviews. The formula for calculating the emotion
score of a comment is shown in formula 1. This formula was applied to each comment one by one as a
cycle, and the emotion scores of all comments were calculated.

E=(3) X4 (osV(wi) — negV(wy)) (1)
E: emotion score of a review

n: word count of a review

k: a sequentially increasing numeric value

w: k-th word in a review

posV: the positive value of the word (wx) of a review found in the SentiWWordNet dictionary

negV: the negative value of the word (w) of a review found in the SentiWordNet dictionary

Detection of food names

A current U.S. Department of Agriculture list® as of April 2021 was used to discover food names from
the reviews. Food names with a maximum of 3 words (approximately 40,000) were selected from the
nearly 1.2 million names on the list, and all comments regarding Kas and Belek were scanned with the
help of regular expressions. In this scan, a new list was created for both Kas and Belek with finding food
names. There are 800 food names in the list of Kas and 445 in the list of Belek. Since it was not possible
to mention all food names in the study, those with less than 10 frequencies were excluded from the
names in the lists. In the last situation, there are 161 different food names in the Kas list and 80 different
food names in the Belek list. Table 4 lists the 20 most common food names found in Kag and Belek
reviews.

Table 4: Food names and frequency values

Belek (top 20) Kas (top 20)
steak 653 bacon 90 steak 619 beer 227
beer 194 dessert 84 pizza 609 casserole 211
chicken 190 pizza 81 salad 535 dessert 211
garlic 184 pasta 81 bread 500 water 204
bread 148 cream 77 chicken 448 mushroom 200
sauce 128 meat 76 meat 439 pasta 183
curry 121 ice cream 71 seafood 354 coffee 175
salad 120 beef 69 sauce 297 shrimp 172
cocktail 113 dip 63 calamari 253 burger 154
ice 93 burger 60 cheese 228 cocktail 152

The emotional score for each food was calculated based on the scores obtained as a result of the
sentiment analysis. For example, the name shrimp is repeated 172 times in all of the comments. The
total emotion score of these comments is approximately 387 (It was explained in the Sentiment analysis
section.). Consequently, the average emotional score (2.25) for shrimp can be easily found with process

5 https://spacy.io/

6 (Current Food Names List) https://fdc.nal.usda.gov/download-datasets.html
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387/172. The high score of a food indicates that the emotional score of the reviews made about that
product is high. By looking at the score of a food, it can be understood whether it is liked by customers.
For example, if shrimp had a negative score, it should be considered that it is often mentioned in negative
reviews.

All food names have positive scores when entire reviews are considered. This shows that, in general,
every product is liked by customers. Indeed, the average rating values indicate this situation, and it can
be understood that the ratings given by the customers for the comments are also consistent. However, if
only negative comments are taken as a basis, it can be revealed which food received negative comments
from some customers. Table 5 is obtained by grouping similar foods. In the list, the first five foods from
each group are presented in order of points.

Tablo 5: Similar food groups with emotional score
Belek Kas

Food names Average emotional Food names Average emotional
score score

@ pepper steak 4.19 ratatouille 4.05
3 heart 4.08 heart 3.69
g stroganoff 3.65 risotto 3.45
‘T burger 3.43 stroganoff 2.97
= meat 3.10 moussaka 2.95
shrimp 2.73 stuffed calamari 3.25

. calamari 2.69 squid 3.06
3 salmon 2.64 salmon 2.89
sushi 2.55 calamari 2.61

seafood 2.36 seafood 2.55

noodle 3.37 loaf 3.54

> bruschetta 3.25 treat 3.09
@ naan 3.18 veggie 3.06
o bread 3.00 ravioli 2.83
pasta 2.96 flatbread 4.05

soft drink 3.38 soft drink 3.45

% cocktail 3.20 juice 3.17
E coffee 2.91 soda 3.07
et tea 2.71 sangria 2.95
water 2.70 cocktail 2.87

creamy 4,54 tomato sauce 4.75

g garlic sauce 4.16 pesto 3.87
§ pepper sauce 3.73 creamy 3.82
v dip 3.59 date 3.78
spicy 3.26 apple 3.37

falafel 3.35 baklava 3.72

& X ice cream 3.20 cheesecake 3.70
£g slice 3.04 slice 3.54
n o pudding 3.01 ice cream 3.18
chocolate 2.92 crisp 3.14

Findings and discussion

As a result of the topic analysis, the comments of both regions were gathered under the most appropriate
3 different groups. Subject headings according to high-frequency words are Experience,
Drink&Breakfast, and Food for Belek; It was determined by the authors as Experience, Food, and
Atmosphere for Kas. In approximately 77% of Belek and Kas comments, the subject of Experience was
found to be the dominant topic, and the average rating of these comments is quite high, such as 4.89 and
4.73, respectively. These comments usually contain words that include advice, likes, entertainment, and
repetition of behaviour. This shows that the satisfaction level of tourists is high. 12% of Belek reviews
have Drink&Breakfast with a rating average of 4.59%, and 11% have Food with an average rating of
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4.22. 18% of Kas comments have Food with a rating average of 3.42, and Atmosphere with an average
of 4.45 in 5% of them. Considering the Food title for the Kas region, the average of the rating values
remained below 4.42 with 3.42.

From the comments of the restaurants operating in Kas and Belek, 800 and 455 food names were
ascertained, respectively. The average emotion score was calculated for each food. It is seen from Table
5 that the sauces for both regions received the highest scores. When the sauces and main dishes in the
Belek region are examined together, it is seen that the satisfaction levels for meat products and sauces
are very high. The sauces that stand out in the Kas region (such as pesto, tomato sauce) show that Italian
flavours are very popular with high customer satisfaction in this region. In addition, looking at the
“Bread, Pizza, Pasta” group in Table 5, it is seen that Italian veggie pizza and ravioli pasta are among
the popular foods. When the seafood is examined, the scores of the Kas region are slightly higher than
those of the Belek region. Although it is not enough to examine the customer comments alone, it can be
interpreted that the small businesses in the Kas region are more successful in this area and at least the
customer satisfaction is higher. In the “Dessert, Snacks” group, falafel ranks first in Belek and baklava
in Kas.

Conclusion and recommendation

In this study, it is aimed to investigate the place of gastronomy in tourism and the positive and negative
aspects of its effect on tourism. For this purpose, the tourist reviews of restaurants in Kas and Belek
destinations were collected automatically from the TripAdvisor platform and analysed with text mining
methods. Customer reviews are a reality where they share their own experiences, wishes, and desires,
and opinions, and thoughts impartially. The research results are completely based on this phenomenon.
The inclusion of both Kas, which has small businesses, and Belek, which is one of the big businesses,
in the research can lead to a broad perspective on the sector.

In the research, the topic analysis of the comments was carried out and it was ensured that the comments
could be summarized under certain titles. In addition, the flavours of the regions and customer
satisfaction were revealed by using the sentiment analysis and the information filtered from the food
names together.

Meat dishes such as steak, stroganoff, beef, burger for the Belek; It is thought that customer appreciation
increases when used with sauces such as creamy, garlic sauce, pepper sauce, and spicy. Seafood reached
a higher emotion score in Kag than Belek. As well, in Kas, Italian and French cuisine dishes such as
ratatouille, risotto, heart came to the forefront with sauces such as tomato sauce, pesto, apple, and
creamy. While Kas is in search of more local, unpopular, and quality flavours, Belek focuses on more
traditional and popular, easy-to-prepare flavours. This may affect the all-inclusive system. The fact that
accommodation in Belek is mostly provided by big hotels based on the all-inclusive system may cause
this type of evaluation by the tourists who do not leave the hotel and have to choose from the standard
options at the open buffet. In addition, the fact that this study takes into account the current comments
of the years coinciding with the pandemic period may also be affective in the findings. Because in the
relevant period, tourists can be expected to choose accommodation facilities that are more sheltered,
more precautionary, and standard security services are offered. In addition, the possibility that activities
aimed at recognizing the local culture were more limited during the pandemic period should not be
ignored.

Although it was thought at the beginning of the study that local flavours would come to the fore more
in terms of gastronomic terms, the result shows that world cuisine is more dominant than local flavours.
The reason for this situation can be considered as the fact that businesses that take into account the
demands of tourists offer local tastes less. At the same time, the lack of a Turkish name list in the
analyses carried out to determine the names of the foods can be shown as a reason for this situation.

In this study, the lack of a list of Turkish food names written in foreign languages, which is needed in
order to identify local flavours from the comments, was the missing part. Having a list of local flavours
suitable for world languages or at least European languages for such studies to be carried out in the
future will make significant contributions to the studies and the sector.
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