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ABSTRACT
Artificial Intelligence (AI) came up as an ambiguous concept from
computer sciences and now it is being used in many areas of our
life. It has stimulated academia’s interest due to its alternative
insights into complex problems. Therefore, a bibliometric method
was applied in this study to observe the progress of AI in the
tourism field. A total of 102 papers were collected from Scopus
database. Key factors such as most productive authors,
collaborations and institutions were identified, and research
hotspots were determined using co-occurrence network and most
common author keywords. Progress of AI was visualized with
thematic evolution analysis. Findings indicate that there is a
progressive interest in AI after 2017, and average citations signify
that papers are highly cited. Since this is the first study conducting
a bibliometric on AI in the tourism context, it could be considered
useful for academics and tourism professionals as it provides
general overview of AI, demonstrates research trends and popular
papers.
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INTRODUCTION
“I believe there is no deep difference between what can be achieved by a biological brain and
what can be achieved by a computer. It therefore follows that computers can, in theory,
emulate human intelligence, and exceed it.” Stephen Hawking

Information and Communication Technologies (ICTs) in tourism, also
known as e-tourism concept, started a new era in contemporary tourism
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and hospitality industry. ICTs enabled researchers to assess tourist
behavior through intelligent systems much faster and allowed them to deal
with large amount of data coming from both tourists and destination
parties. ICTs also affected tourist behavior radically (Buhalis, 2003) by
changing the way tourists consume, purchase, and share their experiences
(Gretzel et al., 2006). Tourists and service providers had the chance to access
relevant information more accurately, with increased mobility and a greater
decision-making process, eventually, acquiring a more favorable tourism
experience (Gretzel, 2011).
In consideration of advances in ICTs, Artificial Intelligence (AI) is
regarded as the next stage of tourism industry (Bowen & Whalen, 2017;
Gajdošík & Marciš, 2019; Kazak et al., 2020). AI is known for its
sophisticated computing capabilities as it can deal with complex relations
and problems among different concepts (Pannu, 2015) and can easily work
with a big amount of data (Inanc-Demir & Kozak, 2019). Broadly speaking,
an AI system senses external information, understands these, acts in turn to
achieve given goals and learns from its own experiences (Ferràs et al., 2020).
AI functions similar to a human brain as it thinks, learns, makes decisions
and inferences through given data by using intelligent machines. The main
purpose of AI is to enable machines to complete tasks automatically
without needing a human brain (Singh et al, 2020).
Since the late 1990s, AI studies have been applied in tourism
researches to forecast hotel occupancy and tourism demand (Law, 1998,
2000). Afterwards, researchers used AI in different kind of inquiries such as
resource management in tourism companies (Casteleiro-Roca et al., 2018),
examining social media data and online reviews (Kirilenko et al., 2018;
Topal & Uçar, 2018), forecasting tourist flow and arrivals (Zhang et al.,
2020), evaluating tourist satisfaction through facial expression recognition
(González-Rodríguez et al., 2020), and making smart recommendations
(Zheng et al., 2020). AI models are used in tourism studies increasingly
because these models have much more flexibility and they can be used to
estimate non-linear relationships without the limits of traditional methods
(Hadavandi et al., 2011).
Although AI promises entirely alternative solutions for potential and
prospective issues of tourism, with its advanced computing and problemsolving abilities, there is a lack of academic research on AI in context of
tourism (Gajdošík & Marciš, 2019; Zlatanov & Popesku, 2019). Therefore,
this study adopted a bibliometric method to evaluate the progress, research
themes, and statistical data of AI in tourism field within the scope of data
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gathered from Scopus database. In line with this purpose, main objectives
of this study are to:
 Provide an expanded overview of AI,
 Explore the overall theoretical foundation and progress of AI research
in tourism field by focusing on leading contributors (authors, keywords,
publications, and institutions),
 Visualize above-mentioned metrics and the evolution of AI, and
 Suggest a future research agenda for tourism academicians and
practitioners.
The findings of this study have several useful implications. For social
scientists and tourism researchers interested in AI, the study indicates an
overview of the subject in concern with key studies, authors, collaborations,
and emerging topics. As an emerging and interdisciplinary field, AI can
provide different insights into social sciences and it may help us to
understand complex social issues (Pavaloiu et al., 2017). Particularly in
tourism context, this kind of an insight may provide useful perspectives to
crises and chaotic situations such as global pandemics or disasters (Ritchie,
2004). On the other hand, this study may affect future research trends and
career development of individual researchers (Law et al., 2010). Tourism
managers can also benefit from AI’s abilities such as complex computing
and dealing with large volume of data.

LITERATURE REVIEW
Pritchard (1969) introduced bibliometrics as the application of
mathematical and statistical methods on books and other types of
communications. Bibliometric methods are used to assess the impact of
researchers, institutions, countries, or journals (Cunill et al., 2019) and they
are useful to gain a macroscopic view of large amounts of academic
literature (van Nunen et al., 2018). Bibliometric methods are powerful for
assessing journal performances (Cunill et al., 2019; García-Lillo et al., 2016;
Guzeller & Celiker, 2019; Merigó et al., 2019), evaluating the progress of a
specific field at a given time period (Askun & Cizel, 2019; Dhamija & Bag,
2020; Koseoglu et al., 2016; van Nunen et al., 2018) and especially in
evaluation of international scientific influence of an agent (van Raan, 2003).
Bibliometrics is used across different disciplines and it’s complementary to
traditional methods (Zupic & Čater, 2015). Due to its more objective and
reliable analyzes compared to other qualitative and quantitative reviewing
approaches (Aria & Cuccurullo, 2017), scholars are increasingly interested
in bibliometrics as a research method.
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Koseoglu et al. (2016) classified bibliometric methods as review
studies, relational techniques, and evaluative techniques. They categorized
systematic reviews, meta-analyzes and qualitative approaches in review
studies; citation, bibliographic, co-word, co-authorship analyzes in relational
techniques; while productivity measures, impact metrics and hybrid metrics
are classified as evaluative techniques. Review studies use basic statistics or
qualitative methods to assess a scientific study. Relational techniques try to
discover the relationships in studies such as structure of the research fields,
new research themes and techniques (Güzeller & Çeliker, 2018), whereas,
evaluative techniques analyze the impact of scholarly work and compare
the performance or scientific contributions of two or more individuals or
groups (Benckendorff & Zehrer, 2013).
Bibliometric methods have been used in tourism, leisure and
hospitality to assess the scientific production of the field. Furthermore,
these were applied in context of different subfields such as smart tourism
(Johnson & Samakovlis, 2019), gastronomy (Okumus et al., 2018), lodging
industry (Köseoglu et al., 2018; Okumus et al., 2019), sustainable tourism
(Ruhanen et al., 2015), rural tourism (Ruiz-Real et al., 2020), wine tourism
(Sánchez et al., 2017), tourism’s economic impact (Comerio & Strozzi, 2019),
social media (Leung et al., 2017), peer to peer studies (Andreu et al., 2020;
Núñez-Tabales et al., 2020), psychological research on tourism (Barrios et
al., 2008), and competitiveness and innovation (Teixeira & Ferreira, 2018).
Researchers apply different types of bibliometrics in their studies.
Benckendorff (2009) examined papers of Australian and New Zealand
researchers published in Annals of Tourism Research and Tourism
Management journals between 1994-2007 by using keyword, citation, cocitation, and network analyzes. Okumus et al. (2018) analyzed the progress
of food and gastronomy in tourism field between 1976 and 2016, focusing
on most productive journals and institutions, and contributions of countries
to the scientific field. In another study, researchers identified the emerging
themes in tourism and stated that bibliometric studies can enlighten the
unknown patterns in disciplines and support future theory development
(Koseoglu et al., 2016). Virani et al. (2019) examined medical tourism
policies and combined bibliometrics and data visualization techniques.
Another distinctive point of bibliometrics is the visualization of results,
thus, the method increases the comprehension of potential readers in an
emergent area and extends the research scope (Qian et al., 2019).
Since bibliometrics is applicable to all scientific areas (Sánchez et al.,
2017), AI can be analyzed with this tool. In terms of AI, to the best of our
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knowledge, bibliometrics has been conducted in different disciplines except
tourism and hospitality. For instance, Tran et al. (2019) conducted a research
on AI in health and medicine field. They reached 27,451 published
documents between 1977 and 2018 from Web of Science (WoS) database.
After the year 2002, numbers of AI studies in the health and medicine field
bursts exponentially due to the advances in computing and data storage
capacities. Authors also visualized author and country collaborations and
networks. They revealed that the highest number of papers related to AI
were about robotic surgery, machine learning and artificial neural network,
respectively. Niu et al. (2016) examined 22,072 publications between 1990
and 2014 without delimiting the scientific field. According to this study,
computer science and engineering were the most productive fields in
context of AI, but the AI subject was also used in several other scientific
fields as an interdisciplinary matter. They found that, among 122 countries
that participated in AI research, the most productive ones were the USA,
China, UK, Spain, France, Germany, and Canada, respectively. Chinese
Academy of Sciences was the most productive institution, followed by
Massachusetts Institute of Technology (MIT) and Hong Kong Polytech
University.
Similar to the aforementioned research, Lei & Liu (2019) conducted
a study between 2007-2016 with the keyword ‘artificial intelligence’ but
without delimiting the scientific field. They also found USA was the most
productive country in AI studies, followed by UK and Iran, respectively.
They highlighted that during 10-years period 1,188 articles were published
in 102 research fields. They also emphasized interdisciplinary nature of AI,
with technical methods such as anfis (adaptive network based fuzzy
inference systems), support vector machine (a kind of machine learning),
genetic algorithm and fuzzy logic being the most utilized techniques.
Besides, in terms of research fields, neural network and machine learning
were the most prominent areas. In another research, Shukla et al. (2019)
examined the journal of Engineering Applications of Artificial Intelligence
(EAAI) between years 1988-2018 on both WoS and Scopus indexes. After
2008 the number of publications started to increase significantly.
Distinctively, they divided total citations to total publications (Citations Per
Paper), and they also calculated average citations received by a publication
per year (Citations Per Year) as these are effective metrics to show the
impact of a publication. According to Scopus data, neural networks,
algorithms, genetic algorithm, artificial intelligence, expert systems, fuzzy
sets, fuzzy logic were the trendiest author keywords. According to WoS,
developing countries such as Iran, India, Taiwan, and Turkey were among
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the top 10 countries that contributes to the EAAI journal, albeit, China was
the top contributor, followed by the USA.
Many bibliometric studies have been conducted in literature to
examine the progress of AI in different scientific fields. There are some
commonalities in these researches such as the prominent countries
regarding scientific production and, in terms of keywords, emerging topics.
Authors divide their researches into time periods to distinguish periodical
emerging different themes to show AI’s rapid progress after spreading into
other disciplines. It is obvious that AI is commonly being studied in the
fields such as engineering, computer sciences, and medical and clinical
studies rather than social sciences. Hence, the current study aims to bridge
this gap in the tourism and hospitality field and to provide some useful
insights into AI’s potential for both academia and practitioners.
Furthermore, this study proposes an AI perspective into the social world’s
complex problems.

RESEARCH METHOD
Analytical Ideology
A research philosophy, which may be assumed as a social paradigm,
represents a scientific interest and guides the entire study (Gunbayi & Sorm,
2018). It helps to enlighten the research problems systematically by
employing necessary tools and methods for research. Therefore, this
research adopted a qualitative way in terms of interpretive paradigm
(Gunbayi & Sorm, 2018) based on the systematic analysis of articles on AI
in tourism through bibliometric analysis using R programming language
(Askun & Cizel, 2020).
R is a free and proper program that provides open source packages,
such as bibliometrix R- package specifically developed for bibliometric and
scientometric studies. Since bibliometrix R- package is an effective, flexible,
and adaptive tool, it is useful for the current study in performing the
bibliometric analyzes (Aria & Cuccurullo, 2017). For data visualization,
ggplot2 library (http://cran.r-project.org/) and VOSviewer were used.
Papers were analyzed by keywords plus, authors’ keywords, and titles,
while network analysis, co-citation, collaboration, co-occurrence analyzes
were performed to analyze keywords. Moreover, author, country, and
institution effect in context of tourism was reviewed and discussed to
determine the progress of the field. In general, this study investigates the
most cited papers, collaborations, co-citations, thematic analysis of the field,
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keyword co-occurrence, and most common keywords of AI in tourism
studies, respectively.
Most cited papers show the prominent studies in terms of total
citation, local citation, and average citation. Yearly average citation of each
paper was calculated to show paper’s impact. Most cited papers refer the
most significant papers, but most cited papers are not always the most
relevant (Merigó et al., 2019). Therefore, for assessing document quality,
other analyzes are considered necessary.
On the other hand, collaboration analysis was conducted on author
and institution level. Collaboration networks depict the clusters of research
groups consisted of authors and institutions. These networks are distinctive
characteristics of contemporary researches because scholars tend to act as
members of a team rather than individual actors (Glänzel & Schubert, 2005).
Assessing author collaboration networks enlightens the way of analyzed
scientific knowledge among authors and shows prominent scholars,
therefore it gives important insights about the future of the field. AI
collaboration network in tourism was taken from author×author adjacency
matrix which counts collaborating papers.
Co-citation analysis explains groups of papers which are likely to
appear together in reference lists, but which also may have something in
common (Benckendorff & Zehrer, 2013). Co-citation analysis aims to show
the relationship of vast knowledge between documents. If documents are
gathered through two documents, this means they’re connected to each
other and strength of this connection is in accordance with the number of
connected documents. When two different documents compile many
documents, that means there is a strong connection. It can be inferred that
these documents share the same accumulation of knowledge or the same
methodology (Todeschini & Baccini, 2016).
Co-occurrence analysis visualizes network connections and
keywords frequently used in different documents. Creating a co-occurrence
network among keywords, title and abstract of a document enables
delivering a conceptual structure regarding the subject. A more frequently
used keyword is represented by a larger node in the graph. Lines indicate
connections between nodes and their thickness implies the strength of the
relationship. Position and color of the nodes imply different theme clusters,
whilst the distance between nodes asserts inverse proportion. Shorter the
distance means greater co-occurrence between keywords, longer the
distance means minor co-occurrence. Hence, conducting thematic evolution
analysis with keyword plus is very useful. Thematic evolution displays the
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longitudinal progress of AI and implies the change in time periods. It
visualizes the evolution of the field and enables a smooth progressive
overview of the field. Co-occurrence analysis was conducted by keywords
such as in thematic analysis, but differently, co-occurrence analysis
depends on author keywords. Lastly, most common author keywords
occurrences clarify clusters of each keyword and their occurrences in a
chart-format. Keyword occurrences refer research trends of a scientific field
and may also infer possible future trends.
Data Source
This study’s data were obtained from the peer-reviewed literature database
Scopus. Scopus and WoS are two prominent databases for analyses, and
there is still an ongoing debate upon which one is better. Both databases
offer comprehensive coverage at journal, article and cited reference level
(Norris & Oppenheim, 2007). Before conducting this research, topic words
and keywords were applied to both databases, and as Scopus included
significantly greater number and type of documents than WoS, it was
preferred. Scopus offers articles, book chapters, conference papers, reviews,
notes, and letters, thus providing a broader view of scientific documents.
Since the current research is a systematic analysis, aiming to position
and synthesize studies about a specific research question, it uses organized,
transparent, repeatable procedures in each step of the process (Littell et al.,
2008). It utilizes purposeful sampling method and criterion sampling
technique that are commonly used in qualitative research methods (Palys,
2008), in which keywords are sampling criterions. To create the dataset for
analysis “artificial intelligence” was searched in author keywords or in
abstract, whilst, “tourism” was searched in topic or in abstract. An advanced
search was conducted without limiting to year, document type or language
criterions. Finally, papers published between 2003 and 2020 were
downloaded from Scopus on August 15, 2020. A total of 102 papers were
analyzed including 52 articles, 35 conference papers, 8 reviews, 5 book
chapters, 1 note and 1 letter. A remarkable number of conference papers
indicates that there is a growing interest to this field, while gathering other
scientific sources ensure data diversity.
In the next step, bibliographical data (e.g., papers, authors, titles,
keywords, references) were downloaded in CSV format, in line with
bibliometric methods proposed by Cobo et al. (2011) and Börner et al.
(2005). Figure 1 displays the rapid growth of AI studies in tourism field,
especially in recent years. There were only 3 papers published in 2003, and
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until 2017 there wasn’t much attention to this subject. However, after 2017
the number of studies has grown significantly (annual growth rate: 8.36%).
The advancements in computer science and the proliferation of Internet
may have affected the authors’ tendency on AI, albeit these advances
enabled much faster reach for data.
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Figure 1. Annual Scientific Production

RESULTS AND DISCUSSION
Data of this research consisted of 263 authors and 102 publications, with 610
different keywords that authors used to classify their documents. Average
citation per paper (16.58) and annual average citation per paper (3.04)
denote that papers are highly cited and they’re gaining importance
gradually. Single-authored papers were conducted by 18 authors, whereas
multi-authored papers were conducted by 245 authors (TAm). There are 18
single-authored papers and 84 multi-authored (TPm) ones. In that case, there
is a predominant collaboration upon studies, as shown by author per paper
(2.58) and co-author per paper (2.8) metrics. Because of the complex nature
of interactions among authors, structure and strength of collaborations
cannot be easily determined. In this case, Collaboration Index (CI) can be an
effective tool to overcome that concern. CI can be calculated by a formula
from Ajiferuke et al.’s (1988) study:
𝐶𝐼 =

𝑇𝐴𝑚
= 2.92
𝑇𝑃𝑚

Papers examined in this study (total of 102) have received 1,691
citations which means a number of 16.58 citations per paper. Total citations
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are related with the visibility of a paper, and also roughly imply the quality
and impact of a study. Thus, the increasing amount of citations on open
access journals’ papers may provide a better interpretation to that case
(Chiu & Ho, 2007). The current study was conducted from 76 different
sources, and number of 38.61 citations per paper demonstrates that, studies
in tourism upon AI will gradually enhance their academic efficiency.
Most Cited Papers and Collaborations
Table 1 shows the most influential 15 papers in tourism field regarding AI.
This table shows the title, total citation, local citation, and annual average
citation of the papers. Akehurst’s (2009) study on improving user generated
content and web blogs received 218 citations and became the most cited
paper, whilst, it is in the sixth place in terms of annual average citation
(19.8). The paper authored by Borràs et al. (2014), which analyzed
conference papers presented upon intelligent e-tourism field focusing on
different types of interfaces and the usage of AI techniques, came in the
second place with 214 citations, but on the fourth in annual average citation
(35.7). In terms of annual average citation, on the other hand, Buhalis &
Sinarta’s (2019) research upon how tourism brands’ instant interaction with
customers’ enhances technology and social media was in first place with 56
citations within one year period. The second place was Song et al.’s (2019)
research with 40 citations within one year period, upon determining the
complexity of tourism demand and different forecasting methods. Buhalis
et al.’s (2019) research concerning examples on information-based tourism
industry’s effects on intelligent settings such as AI, was in the third place
with 38 citations within a year. Besides, Cho’s (2003) research on forecasting
the nature of tourist traffic and changes in tourism demand hits 168 citations
in total, but with an annual average citation of 9.9 demonstrating that,
recent studies are arousing more interest among researchers.
Figure 2 displays the AI collaboration network patterns in tourism
between years 2003-2020. Leading 30 authors, collaboration of minimum
one paper, and papers that show the strongest connections were taken into
consideration in this analysis. Lines and their thickness indicate the
presence of different collaborations.
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Table 1. Most Cited Papers
References

Journal

Title

Year TC LC C/Y

1

Akehurst, G.

Service Business

User generated content: the use of blogs for tourism
2009
organisations and tourism consumers

218 3

19.8

2

Borràs ,J., Moreno,
A., Valls, A.

Expert Systems with
Applications

Intelligent tourism recommender systems: A survey

2014

214 4

35.7

3

Cho, V.

Tourism Management

A comparison of three different approaches to tourist
2003
arrival forecasting

168 8

9.9

4

Cambria, E. Speer, R.
2010 AAAI Fall
Havasi, C., Hussain,
Symposium Series
A.

SenticNet: A Publicly available semantic resource for
2010
opinion mining

146 0

14.6

5

Goh, C., Law, R.

Tourism Management

Incorporating the rough sets theory into travel demand
2003
analysis

99

4

5.8

6

García-Crespo, A., et
al.

Expert Systems with
Applications

Sem-Fit: A semantic based expert system to provide
2011
recommendations in the tourism domain

68

3

7.6

7

Yu, G., Schwartz, Z.

7

4.0

Buhalis, D., Sinarta,
Y.

Forecasting short time-series tourism demand with
2006
artificial ıntelligence models
Real-time co-creation and nowness service: lessons from
2019
tourism and hospitality

56

8

Journal of Travel
Research
Journal of Travel &
Tourism Marketing

56

4

56.0

9

Hadavandi, E., et al.

Tourism Management Tourist arrival forecasting by evolutionary fuzzy systems 2011

54

3

6.0

10 Felfernig, A., et al.

OGAI Journal

A short survey of recommendation technologies in travel
2006
and tourism

49

1

3.5

11 Goh, C., Law, R.

Journal of Travel &
Tourism Marketing

The methodological progress of tourism demand
2011
forecasting: A review of related literature

44

4

4.9

A review of research on tourism demand forecasting:
Launching the Annals of Tourism Research Curated 2019
Collection on tourism demand forecasting

40

0

40.0

Technological disruptions in services: lessons from
2019
tourism and hospitality

38

4

38.0

12

Song, H., Qiu, R.T.R., Annals of Tourism
Park, J.
Research

13 Buhalis, D., et al..

Journal of Service
Management

14

Kim, K., Park, O.,
Yun, S., Yun, H.

Technological
What makes tourists feel negatively about tourism
Forecasting and Social destinations? Application of hybrid text mining 2017
Change
methodology to smart destination management

31

1

10.3

15

Lu,L., Cai, R.,
Gursoy, D.

International Journal
of Hospitality
Management

26

3

26.0

Developing and validating a service robot integration
2019
willingness scale

TC: Total citation, LC: Local citation, C/Y: Total citation/Years

Figure 2 reveals that there were 7 different author collaborations. The
greatest author collaboration was consisted of Moreno, Borràs, Valls,
Anton-Clavé, Flor, Isern, Russo, Pérez, and, these were in different
universities of Spain. These authors’ book chapter about recommender
systems on geographical information systems regarding tourism
destinations, and, Moreno, Borràs and Valls’ article in 2014 with 214
citations influenced this primacy. In another collaboration, Buhalis from
Bournemouth University, UK, published 3 different papers in 2019. Buhalis
et al.’s (2019) paper with 38 citations, and Volchek et al.’s (2019) research
upon tourists visiting five different London museums (13 citations) were
among the influential ones. Webster from USA and Ivanov from Bulgaria
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have published four different papers since 2018 and became most
productive and collaborative authors, although these papers got only 16
citations. Hadavandi and Ghanbari have collaborated in two studies. The
research in ninth place at Table 1, which offers a solution regarding tourist
arrival forecasting (54 citations) and the conference paper on the same topic
(4 citations) affected that collaboration. Bouslama, Ayachi, and Amor from
Tunusia contributed to literature by presenting two different conference
papers in Spain and Serbia.

Figure 2. Author collaboration network
Prominent Countries and Institutions
In terms of institutions there are 38 different countries and the most prolific
countries considering the number of papers were Spain (36), China (33),
USA (24), UK (21), and Iran (14), respectively. Moreover, China (TC: 100)
has got six corresponding authorships, whereas Hong Kong (TC: 320), Iran
(TC: 72), Spain (TC: 294) and UK (TC: 210) got four of it. Accordingly, top
20 institutions that collaborated in at least one research were taken into
consideration, and Figure 3 illustrates this collaboration among institutions
(bolder line means more collaboration), likewise, total number of papers
were expressed with the size of figure. There were five different
collaboration groups. First of all, the research that mostly affected the
collaboration of Bournemouth University (UK), De Montfort University
216
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(UK), The Ohio State University (USA), University of Portsmouth (UK),
University of Delaware (USA), and Florida State University (USA) was the
one in which Buhalis was the corresponding author. Bournemouth
University (UK) from the same group has linked with another connection
to University of Surrey (UK) and The Hong Kong Polytechnic University
(Hong Kong) through Buhalis’ research on five different London museums.
The collaboration of Ball State University (USA) and Varna University of
Management (Bulgaria) was due to Craig Webster and Stanislav H.
Ivanov’s researches. Besides, Hadavandi and Ghanbari’s research affected
the cooperation of the group Sharif University of Technology (Iran),
University of Tehran (Iran), Iran University of Technology (Iran).

Figure 3. Institution collaboration network
Co-Citation Analysis
Figure 4 and Table 2 demonstrate the intellectual structure of AI in tourism
field. Betweenness centrality (BC) in Table 2 is an advanced metrics which
shows the importance of a node to create the shortcuts among other nodes,
and also indicates the degree of influence of the communication between
nodes (Freeman, 1977). Adapting from Guns et al. (2011) to calculate BC as
follows;

Pkj gives the number of the shortest paths that connects k and j edges,
whereas Pkj(i) gives the number of the shortest paths passes through i edge.
V, is the number of edges in the graph.
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Figure 4. Co-citation paper network

Table 2. Co-citation paper network overview
Cl

References

Title

Year

BC

C

C/Y

B

Witt, S. F., Witt,
C. A.

Forecasting tourism demand: A review of
empirical research

1995

32.71

1,118

44,72

B

Law, R.

2000

20.36

407

20,35

B

Cho, V.

Back-propagation learning in improving the
accuracy of neural network-based tourism
demand forecasting
A comparison of three different approaches to
tourist arrival forecasting

2003

13.00

434

25,52

B

Li, G., Song, H.,
Witt, S.F.
Tussyadiah, I. P,
Park, S.
Bangwayo-Skeete
P. F., Skeete, R.
W.
Gunter, U.,
Önder, I.
Tung, V. W. S. T.,
Au, N.
Tung, V. W. S. T.,
Law, R.
Huang, M., Rust,
R. T.

Recent developments in econometric modeling
and forecasting
Consumer evaluation of hotel service robots

2005

7.93

531

35,40

2018

1.66

74

37,00

Can Google data improve the forecasting
performance of tourist arrivals? Mixed-data
sampling approach
Forecasting city arrivals with Google Analytics

2015

1.5

200

40,00

2016

1.5

72

18,00

Exploring customer experiences with robotics in
hospitality
The potential for tourism and hospitality
experience research in human-robot interactions
Artificial intelligence in service

2018

1.33

65

32,50

2017

0.61

94

31,33

2018

0.39

343

171,5

R
G

G
R
R
R

Cl: cluster, BC: betweenness centrality, C: citation, B:blue, R:red, G:green
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Hereunder Witt and Witt's research upon forecasting tourism
demand through empirical data was the most prominent research with total
1,118 citations and also got the most powerful BC degree (32.71). In the same
group set, Law’s study implying the importance of neural networks in
tourism demand forecasting came in the second place in terms of BC (20.36)
and received 407 citations. In the red group set, studies were conducted
after 2017 and research topics were directly upon artificial intelligence,
robotics. Huang and Rust’s theoretical research received 343 citations in a
short period of time, and this particularly implies that this research will be
efficient in the field. In the green group set, there were studies upon
forecasting tourist behavior through utilizing data sources such as Google,
and co-citation researches were mainly upon forecasting.
Thematic and co-occurrence Analysis
Figure 5 shows a thematic evolution of two different periods. This
progressive illustration is derived from the breakthrough in 2018 (Figure 1).
There were 68 documents analyzed in 2003-2018 period, whereas 34
documents in 2019-2020. Themes are more likely to occur in four areas in a
period of more than a year, thus, interpretation is required due to the high
number of publications after this sudden breakthrough. First period’s
keyword plus number was 478 but second period’s was 178. Among these
keywords to filter the most frequently used ones, minimum 3 occurrence
threshold were preferred. According to Cahlik’s (2000) specification,
concepts emerged at top-right side of the chart are defined as motor themes,
and they’re highly centralized and intense. In other word, these concepts
imply importance for the research field and they simply illustrate the
progress. In period of 2003-2018 forecasting theme’s sub-dimensions were
tourism demand, fuzzy systems, fuzzy inference and time series analysis,
whereas expert systems theme’s sub-dimensions were intelligent agents
and semantics. In 2019-2020 period the emerging theme was Big Data.
The concepts in the bottom-right are highly centralized with low
density, and they’re called as basic and transversal themes. Besides implying
importance for the field, these concepts are in relation to the common
themes that interact with different fields of knowledge. In the period 20032018, under the theme of artificial intelligence, emerging sub-dimensions
were knowledge management, semantic web, e-tourism, www; whereas
under recommender systems theme, electronic commerce, knowledgebased systems, and intelligent systems emerged. In period of 2019-2020
there were no emerging themes in same theme zone.
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Figure 5. Thematic Evolution
Concepts emerging in the bottom-left have low centrality and low
density, and they are called emerging or declining themes. These concepts are
considered as underdeveloped and marginal. In 2003-2018 period, tourism
and data mining themes appeared, and the emerging sub-themes of data
mining were learning systems, artificial intelligence techniques, tourism
management, and forecasting method. In 2019-2020 period artificial
intelligence theme emerged with tourism development, robotics,
forecasting method, tourism as its sub-themes. Regarding this period,
themes showed up in a relatively shorter time period. It is considered
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beneficial to evaluate these emerging themes as influencers of prospective
studies, and how they will change or transform with future studies. The
2019-2020 Thematic Evolution map signifies a breakthrough in terms of AI’s
effect on tourism, and because of its themes are highly mentioned in the
scientific field, it can be interpreted that these are industry’s primary
contemporary demands from AI technologies.
Concepts emerging at the top-left side have low centrality but high
density, and they are called high developed and isolated themes. These notions
constitute highly developed and isolated themes, thus have limited
importance for the research field. User interfaces and decision-making were
emerging themes in 2003-2018 period. User interfaces theme’s subdimension was web services, whereas geographic information systems,
information systems, decision support systems were the sub-dimensions of
decision-making theme. In the period of 2019-2020, there was no emerging
theme in that zone. Mostly, up to the year 2018 forecasting and expert
systems themes were boosting themes, but after 2019 Big Data took that
place. Similarly, until 2018 artificial intelligence theme was dominant in
tourism field, additionally demonstrated a strong cooperation with other
fields of study. After 2019 artificial intelligence theme and its sub-themes
displayed weak progress against Big Data. In this context AI’s effect on
tourism may gain progress regarding its collaboration with Big Data.
Finally, the researchers interested in tourism, AI, and data mining themes
between 2003-2018 also showed interest to AI in 2019-2020 period.
Presented as in Figure 6 the result of the analysis was consisted of six
clusters. Inherently, artificial intelligence keyword had the greatest number
of nodes (27). Secondly, tourism keyword in green cluster was formed by
13 nodes. Table 3 details prominent 30 author keywords in documents,
demonstrating the interactions between keywords and clusters.
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Figure 6. Co-occurrence author keywords network analysis.
(Note: Visualization was produced in VOSviewer software. Size of a node is proportional to number of
appearances of the keyword, that is, larger the size, higher the occurrence of the papers in authors’ keywords.
The general distance between the nodes provide information about their relationship to each other. The shorter
distance between nodes, the stronger their relationship. The relevance of terms is determined by counting the
number of times terms occur in keywords. Colors are used to distinguish different clusters.)

Table 3. Most common keyword occurrences
R

Keywords

C

Co

Oc

R

Keywords

C

Co

1
artificial intelligence
1
27
46
16 human-robot interaction
1
4
2
tourism
2
13
26
17 recommender system
3
4
3
robots
2
10
6
18 tourism marketing
3
4
4
big data
3
10
8
19 internet of things
3
4
5
machine learning
3
9
13
20 competitiveness
4
4
6
forecasting
1
6
6
21 overtourism
4
4
7
social media
2
6
3
22 sustainability
4
4
8
hospitality
2
6
4
23 tourism demand forecasting 5
4
9
personalization
2
6
4
24 information technology
6
4
10
service automation
1
5
3
25 review
1
3
11
recommender systems 2
5
6
26 marketing
2
3
12
automation
2
5
3
27 smart tourism
3
3
13
digital economy
4
5
3
28 neural network
5
3
14
tourism demand
1
4
5
29 deep learning
5
3
15
robotics
1
4
6
30 e-tourism
6
3
R: rank, C: cluster, Co: Author keyword co-occurrences links, Oc: Author keyword occurrences
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Oc
4
4
3
3
3
3
3
4
4
3
4
8
3
3
5
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CONCLUSION
This bibliometric research provides a systematic overview of AI in tourism
studies. It highlights the scientific proliferation of AI by scanning the most
popular papers, collaborations, research hotspots, and advancements. To
the best of the authors’ knowledge, this current research is among the first
to evaluate and demonstrate the progress of AI in the context of tourism.
Therefore, this study fills this gap by enlightening the prominent aspects of
AI. As AI had a long journey since it was conceptualized by McCarthy et al.
in 1955, it can be said that it has just completed its incubation period and
that it is now ready to transform the society as a game-changer.
This study focuses on AI’s evolution in tourism field, but more
importantly, aims to draw attention to its potential effects on social sciences.
Even though AI is still regarded as a complicated subject, its roots are
embedded in early mathematics, economics, philosophy, and psychology
(Russell & Norvig, 2016). Therefore AI should not be evaluated as mere
mathematical equations regarding computer and data science, but also as
an economic and societal contribution to humankind (Pavaloiu et al., 2017;
Tussyadiah & Miller, 2019). Results of the current study concerning popular
keyword occurrences, support this reflection as there were both numeral
(digital economy, forecasting, big data, etc.) and human-driven
(recommender systems, sustainability, personalization, etc.) keywords
regarding AI.
Due to its interdisciplinary nature, adoption of AI has potential to
drive innovation across sectors and provide social welfare for countries
around the world (Perrault et al., 2019). According to McKinsey Global's
report (Chui et al., 2018), in terms of tourism industry, AI can double what
is achievable using a traditional analytic method(s) and enable a growth
between 7% to 11.6% of total revenue, making tourism and travel industry
the biggest potential beneficiary of AI among industries. Besides, this
study’s results upon most cited papers and co-citation networks
demonstrate that, AI is predominantly being used for forecasting, demand
analysis, and recommender systems. In addition to that, tourism industry
benefits from AI in different settings such as sentiment analysis with
Natural Language Processing, augmented reality, virtual reality, robotics in
hospitality and service, intelligent chatbots etc. AI improves
personalization and accurate recommendations in tourism which is related
to main goals of the industry (Mich, 2020). However, businesses and
industries come across some challenges adopting AI. IBM and O’Reilly’s
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Report (Thomas, 2019) underlined these challenges and classified them in
five themes as follows:
Lack of Understanding: Businesses should carefully analyze their
needs and problems. They should check the applicability of AI to their
concern. Because of its spreading popularity, there is a misperception that
AI will fix any kind of problem.
Getting a Handle on Data: Lack of data, too much data or bad data are
constraints for businesses in integrating their workflow to AI. For
implementing AI successfully there is a strict need to accurate and good
data.
Lack of Relevant Skills: Skills needed for AI experts are utterly different
than current software engineers. This is a continuous relearning process as
the machine learning algorithm learns from the training data. There is also
a need for skilled AI programmers.
Trust: AI recommendations or decisions should be traceable in order
to ensure businesses to see what their AI is doing. In doing so, businesses
can avoid the risks of bias. Transparency in process is also another
requirement for ethical AI.
Culture and Business Model Change: As AI enables deduction from
unstructured vast amount of data, businesses should adapt their systems
with new technologies AI brings in.
To overcome these challenges, IBM and O’Reilly (Thomas, 2019)
propose a guiding strategy, called the AI Ladder, which suggests
operationalizing AI throughout the business (infuse), building and scaling
AI with trust and transparency (analyze), creating a business-ready analytics
foundation (organize), making data simple and accessible (collect). Similarly,
Samara et al. (2020) conducted a broad literature review and summarized
AI challenges in tourism as; technical challenges, financial and business
challenges, regulatory challenges, and socio-ethical challenges. Technical,
financial, and business challenges refer to data quality and accuracy,
ensuring lack of bias, and cost concerns. Regulatory issues imply the way
data is collected and processed, referring to the role of governments
regarding the safety and privacy of tourism businesses Big Data. Socioethical challenges are comprised of acceptance of AI in routine of tourism
and the fear of job losses.
Briefly, these concerns regarding AI’s implementation to businesses
remind the progress and misperceptions of e-tourism along with 2000’s.
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Just as in e-tourism, AI systems are already being used in tourism industry
for a while without realizing these are reflections of AI. AI’s effect on
automation, rule-based jobs, and auto-tasks are inevitable. But if the
industry manages AI properly, it will augment the jobs rather than
eliminating them, and it will bring new opportunities and businesses
altogether. Besides, interaction between AI systems and tourism and travel
industry largely depends on tourism professionals’ skills, thus, human
workforce will remain valuable and essential in conducting a healthy AIindustry interaction (Cain et al., 2019). Moreover, developing countries may
operate AI systems without having large industrial networks, and gain a
competitive advantage by utilizing these in tourism context. Throughout its
effect on decision-making process, AI can be useful in terms of
underdeveloped and developing touristic destinations as it can assist and
ease tourist decisions and recommendations.
By its very nature, tourism industry is fragile to local or global risks
and complexities. These complexities can either be human-made disasters,
natural catastrophes, or global epidemics such as SARS, COVID-19 viruses.
Further to that, Gretzel et al. (2020) called for transformative research and
argued that COVID-19 may act as a breaking point, challenging current
paradigms, just as Kuhn (1962) articulated in ‘The structure of scientific
revolutions’. COVID-19 is changing conditions rapidly nowadays, and
therefore exhibits a powerful uncertainty. For example, a very small change
in one parameter (e.g., length of lockdowns, travel restrictions) might create
very different outcome on many variables (Zenker & Kock, 2020).
Accordingly, Pappas (2019) asserts that because of its mostly reductionist
approach, tourism and travel research paid less attention to chaos and
complexity theories. In doing so, he assumes tourist decision-making
processes as complex patterns, and suggests that complexity cognizance can
help understanding rapidly changing dynamics. Therefore, it is suggested
that AI techniques can be applied to diverse complex problems (Corchado
& Lees, 1998), herein particularly chaotic problems of tourism industry. In
this study, it is suggested that AI tools (e.g., machine learning, neural
networks, deep learning, natural language processing) may broaden
tourism industry’s perspectives to contemporary problems without the
restriction of traditional methods.
However, integrating AI into tourism realm is a nuanced
phenomenon. Tussyadiah (2020) points out application of AI and intelligent
automation in tourism and travel industry is expected to increase in near
future. Therefore, she sheds light on AI-tourism relationship and suggests
a guideline for future researches:
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Designing Beneficial Artificial Intelligence: AI systems should be
designed and developed to enhance tourism experiences by intelligent
automation. This relationship can be considered as a mutual relationship
that both parties interact due to the progress between each other. Technical
issues such as privacy of tourists’ personal data, eliminating bias, bugs,
cyber-attacks, and other security concerns appear in designing and
implementing beneficial artificial intelligence.
Facilitating Adoption: AI brings some acceptance concerns to tourism
field. Tourism businesses, employees and tourists’ attitude towards
technology will shape this adoption, thus, barriers to adoption should be
carefully understood and facilitators should be encouraged. This notion is
evaluated in a broader viewpoint in Ivanov & Webster’s (2017) study.
Authors discussed adoption process in scope of robots, AI, and service
automation in tourism and travel industry. They focused on costs of AI and
implied that company characteristics and culture, technology costs, degree
of technological complexity, customer’s attitudes and characteristics, and
safety characteristics affect cost side of AI adoption.
Assessing the Impacts of Intelligent Automation in Tourism: Positive and
negative effects of AI need to be deliberately evaluated with respect to host
community, tourists, and tourism professionals, namely the industry.
Dynamics of AI integrated destination and community may be rapidly
changed, so the ratio of labor-automation should be carefully planned.
Ethical concerns also arise in terms of human-robot interaction; thus,
probable harms of intelligent systems must be minimized.
Creating a Sustainable Future: AI systems and intelligent automation
should prevent prospective future problems of tourism. Along with
governmental policy support, AI systems can be designed to reduce the
negative effects of automation in industry; and provide a sustainable
development through tourism. Since intelligent automation may diminish
socialization between tourism partners (e.g., tourist, employee), beneficial
AI implementation acts a vital role in maintaining human values and
responsible use behaviors among partners. Regarding AI-tourism
relationship, both technical and social aspects are critical to create a
sustainable future.
This study aims to contribute to scientific field of AI in tourism
context by providing the hotspots and progress, and furthermore highlights
the importance of AI for changing tourism complexities. Focusing on its
interdisciplinary characteristic, AI can be an effective tool for tourism
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stakeholders (e.g., tourist, tourism employees, destinations, governance
actors) in adaption of new solutions to contemporary concerns.
Finally, this bibliometric study has some shortcomings. First, the
current study was conducted on documents incorporated in Scopus
database, hence, future studies could use Google Scholar as a data collection
database. Second, the data source of this study was limited to only tourismrelated documents. Future research could examine the progress of AI in
other fields or apply inclusive bibliometrics to different disciplines to
review the evolution. Considering the limitations of bibliometrics,
systematic reviews and content analyses of most cited papers can be
conducted to gain deeper understanding of AI in different fields. Lastly, this
study was conducted upon keywords. Therefore, conducting different
bibliometric techniques in other languages could provide a valuable
evaluation upon AI.
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