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Abstract

This research examined trends in data science application within tourism using SCOPUS for bibliographic
records and VOSViewer for metadata analysis. It highlighted the top 100 keywords based on their strength.
Since 2012, there's been an exponential rise in related publications. There seems to be a link between a na-
tion's economic tourism strength and its research output. Countries like Australia, Italy, and Spain, which
are known for tourism, also dominate research contributions. China has led in this domain, consistently
upping its publications since 2012. The study identified some key areas: Cluster 1 emphasizes Big Data's
role in enhancing tourism services; Cluster 2 explores the intricacies of human language in mining tourist
reviews; Cluster 3 delves into sentiment polarity detection in texts; while Cluster 4 presents metrics for gaug-
ing destination competitiveness.
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1. Introduction

The World Tourism Organization (UNWTO) and the World Travel & Tourism Council (WTTC) affirm
tourism's profound impact on the global economy (UNWTO, 2022). Preceding the COVID-19 pandemic,
tourism has maintained a positive trajectory, evidenced by its substantial contributions to Gross Domestic
Product (GDP) and employment generation. However, the pandemic inflicted significant setbacks, with
international tourist numbers plummeting in 2020 and 2021, leading to a marked decline in GDP contri-
bution. This downturn disproportionately affected economies heavily reliant on tourism, such as Spain and
Mexico, which comprise a significant portion of GDP. Strategic interventions, including the intensified use
of Information and Communication Technologies (ICT), are being pursued to mitigate these effects and
facilitate recovery. Encouragingly, the sector demonstrates signs of rebound, with international tourist arrivals

improving in the first quarter of 2023 (UNWTO, 2023).

Since the pandemic, destinations have been striving to enrich ICT-based services, empowering tourists to
plan, manage, and share experiences. ICT"s omnipresence throughout the tourist journey yields valuable data
for service providers, tourists, and sector promoters, necessitating technological tools for data processing to
inform decision-making processes.

The availability of large volumes of data is not exclusive to the tourism sector. On the contrary, many sectors
have seen data as a new and valuable resource that has not been previously considered. However, effectively
processing and exploiting increasingly large, varied, and frequent data requires knowledge and technologies
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from computing, statistics, and mathematical thinking. This has led to the emergence of a new interdisciplin-
ary field called data science, which has evolved rapidly.

Due to its evolution and that of related areas, such as artificial intelligence, and the maturity of the tools that
facilitate these analysis tasks, a significant range of opportunities have opened for leveraging the generated
data to improve productivity, competitiveness, and user experience. In this sense, within the tourism sector,
there are applications of data science to identify tourists, understand their preferences, and detect their routes
within destinations, among others. Table 1 shows some examples of those as mentioned above.

Table 1
Some action fields of data science in tourism
Use Description References

Identification of tourists
through secondary data
present in social networks

It consists of using spatial data and opinions
from networks such as Twitter, Instagram, and
Facebook to determine which users at a specific
time are tourists concerning a destination and
which are not.

Beltran, 2014

Identifying tourist
preferences

It involves identifying the preferences and tastes
of tourists through comments and opinions on
social networks.

Leonardi & Elias, 2018;
Feitosa et al., 2020;
Atabay & Guzeller, 2021;
Ozdemir & Asli Arzik, 2022

Detecting the routes or
trajectories that a tourist
follows in a destination

Use data from platforms such as FourSquare,
Twitter, and OpenStreetMap, among others, to
identify the places a tourist visits in a destination
and the routes they take during their visits.

Comito et al,, 2015

Suggesting places to visit for
tourists according to their
preferences

Based on the preferences expressed by tourists,
the characteristics of the attractions and plans of
a destination, as well as the plans developed by

Dominguez & Araujo, 2014;

Caldevilla-Dominguez et
al,, 2021

other people, make recommendations to tourists,
indicating which places they are highly likely to
enjoy.

With the development of Web 2.0, users can
contribute to content creation. With the evolution
of the semantic web, tools can be built today that
automatically retrieve data about attractions from
sources like Wikipedia and OpenGeoData.

Organizations of all levels (supranational,
national, and private sector) build integrated
systems for monitoring performance indicators in
the tourism sector.

Automatic retrieval of data
regarding tourist destination
attractions

Amaya Molinar et al., 2017

Monitoring tools Shafique & Ali, 2016;

Guerrero-Millan et al., 2020

The examples in Table 1 offer a glimpse into various data science applications within the tourism domain.
While this diversity initially seems promising, it can overwhelm individuals, hindering a clear understanding,
particularly for those less familiar with handling vast amounts of data. Hence, methodologies like scientometric
analysis help to construct research profiles within a specific field or domain by leveraging data and metadata
from scholarly documents. Although not as exhaustive as systematic literature reviews, these profiles offer
insights into prevalent techniques and trends. Consequently, this article delineates a research profile spanning
the last decade, examining the utilization of data science in tourism. This endeavour addresses critical inquiries
such as identifying top journals, countries, and authors regarding publication volume, tracking publication
trends over time, delineating research themes, and exploring the interplay between data science components
and research methodologies.

2. Method

The method used to carry out this work is an adaptation and combination of elements applied in similar stud-
ies conducted in other research areas. The process generally consists of searching and obtaining bibliographic
records and analyzing the metadata received from the consulted source.
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The search and retrieval phase of bibliographic records was carried out using SCOPUS as the source. First,
the two search expressions presented in Table 2 were iteratively constructed, consisting of phrases, logical
operators, and proximity operators offered by SCOPUS. Expression 1 comprised terms associated with the
field of tourism, and expression 2 with terms from the field of data science.

Table 2
Search expressions

Id | Expression

1 | (*touris* OR hospitality* OR restaurant* OR vacation* OR (hotel* AND NOT hotelling) OR hostel* OR ((destination*
OR attraction) W/1 (advertis* OR area OR attach* OR attractiv* OR attribut* OR beach OR beautiful OR booking
OR brand* OR choice OR choos* OR coastal OR competit* OR creative OR cultural OR customer OR decision*
OR develop* OR experience OR familiarity OR future OR governance OR heritage OR holiday OR image* OR
"life cycle" OR lifecycle OR local OR loyalty OR manage* OR market* OR mature OR natural OR perception* OR
place OR planning OR pleasure OR preference OR product OR rating OR religious OR reservation OR revisit* OR
risk OR rural OR safe* OR satisfact* OR seaside OR smart OR spiritual OR sport* OR stakeholder* OR sustain* OR
*touris* OR travel* OR trip OR trust OR urban OR vacation* OR value OR visit* OR wildlife)) OR ((accommodation
OR holiday OR leisure OR travel*) W/1 (agen* OR beach OR booking OR business OR coastal OR company OR
cost OR customer OR decision OR destination OR enterprise OR establishment* OR facility OR industry OR
information OR manage* OR market* OR "peer-to-peer" OR price OR provider OR rating OR rent* OR reservation
OR rural OR seaside OR sector OR selection OR sharing OR smart OR *touris* OR trust OR urban OR vacation¥)))

2 |((data PRE/O (scien* OR enginee* OR mining OR analytics OR technology* OR visualization OR acquisition
OR integration OR warehouse* OR privacy OR infrastructure OR preservation OR security OR architecture OR
lifecycle)) OR "big data" OR ((advanced OR predictive OR business OR text) PRE/O analytics) OR "knowledge
discovery" OR "text mining" OR "business intelligence" OR OLAP)

The search to obtain basic bibliographic records, especially the electronic document identifier or EID, was
performed using the functionalities provided by the SCOPUS web interface. For this, an equation was formed
by combining the expressions from Table 2 as follows:

((TITLE (1) AND TITLE-ABS-KEY (2)) OR
(SRCTITLE (1) AND TITLE-ABS-KEY (2)) OR
(AUTHKEY (1) AND TITLE-ABS-KEY (2)) OR
(TITLE-ABS-KEY (1) AND SRCTITLE (2))) AND
PUBYEAR > 2011 AND SRCTYPE())

The bibliographic records were retrieved on July 1, 2022, using the SCOPUS web interface and the Elsevier
API. The complete metadata of 1559 files was obtained. Preprocessing of metadata was conducted using Python
and Pandas. Data was organized into tables, and descriptive summaries were generated based on publication
year, journal rankings, author afhliations, and countries. Content analysis was performed using VOSViewer
software. Co-occurrence maps were created based on author-assigned keywords, with a minimum occurrence
threshold of 5. This reduced the keywords from 4042 to 182, from which the top 100 by total link strength
indicator were selected. VOSViewer's default normalization and layout parameters were employed, yielding
a graph with 5 clusters for focused analysis.

3. Results and discussion

The search equation allowed us to identify 1559 documents between 2012 and 2022 according to the distri-
bution shown in Figure 1. This result indicates that data science research in tourism has experienced signifi-
cant growth. Specifically, the results evidenced that 21 papers were published in 2012 and 357 papers were
registered in 2021, which shows that the number of publications multiplied 17 times in 10 years. For the
first six months of 2022, at the time of data download, 192 works were recorded; this is 53% of documents
published the previous year, which suggests that the number of works this year may be equal to or greater
than those of the immediately preceding year.
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Figure 1
Documents by publication year
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Following our analysis, we identified that 1,559 documents were published across 533 journals worldwide.
Remarkably, ten journals accounted for 27% of these publications. These journals are positioned in the first
quartile according to the Scimago index, indicating a substantial number of publications and a significant
impact on the tourism research community. Leading the top 10 list is the prestigious "Tourism Manage-
ment" journal, while the remaining eight are specialized in the field of tourism, with two addressing broader
topics. These two journals are "Sustainability,” which addresses sustainability issues across various domains,
and "IEEE Transactions on Knowledge and Data Engineering," which focuses on research involving data in
multiple fields, including tourism. Furthermore, our analysis revealed that out of the 533 identified journals,
327 had only one document published during the study period. Table 3 provides a detailed breakdown of
the top 10 journals with the most published documents.

Table 3

Top 10 sources by documents

Source Documents
Tourism Management 76
Sustainability (Switzerland) 74
International Journal of Contemporary Hospitality Management 52
International Journal of Hospitality Management 45
Current Issues in Tourism 44
IEEE Transactions on Knowledge and Data Engineering 36
Journal of Hospitality and Tourism Technology 28
Information Technology and Tourism 28
Tourism Management Perspectives 26
Annals of Tourism Research 21

Institutional affiliation analysis varied research productivity across institutions globally, reflecting the worldwide
distribution of research activity. Notably, Chinese institutions like the University of Hong Kong, with the
most papers published (75); Sun Yat-Sen University, Harbin Institute of Technology, and Peking University
contribute significantly, as did Portuguese universities Iscte — Instituto Universitrio de Lisboa and Univer-

sidade Nova de Lisboa (Table 4).
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Table 4
Top 10 institutions by documents

Affiliation Country Documents
Hong Kong Polytechnic University Hong Kong 75
Iscte — Instituto Universitario de Lisboa | Portugal 37
Griffith University Australia 24
Universidade Nova de Lisboa Portugal 23
Sun Yat-Sen University China 22
MODUL University Vienna Austria 17
Harbin Institute of Technology China 16
University of Florida United States 16
Deakin University Australia 16
Peking University China 16

During the analysis, 68 countries were identified as contributors, with China and the United States leading
the pack (Table 5). Chinese institutions accounted for 31% of all publications, reflecting China's signifi-
cant role in global economics and trade. Similarly, the USA published 16% of works. Its prolific research
output is likely linked to its leadership in various fields and robust tourist industry. Comparing countries'
research output with their rankings in the World Economic Forum's tourism competitiveness index revealed
a correlation, suggesting that nations investing in data science for tourism enhancement will likely be more
competitive in the tourism sector.

Table 5

Top 10 countries with the highest number of documents per year between 2012 and 2022

Pais 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022* dog;,‘l)r:\aelnts
China 2 5 9 13 28 40 38 61 91 126 76 489
United States 6 8 9 1 22 26 25 36 44 41 28 256
United Kingdom 1 1 3 2 7 7 11 14 22 29 12 109
Spain 1 2 - 4 6 7 14 24 12 27 1 108
South Korea 1 - 3 6 3 7 4 15 18 23 18 98
Hong Kong 2 8 4 7 2 4 5 12 22 19 1 96
Australia 2 4 4 5 4 4 8 17 14 20 3 85
Italy - 1 2 3 4 6 10 14 10 17 8 75
Taiwan 2 3 3 3 6 5 6 8 5 16 1 68
India - - - 1 3 1 10 8 7 20 10 60
Portugal - 3 - - 1 8 8 10 10 13 7 60

Figure 2 depicts a keyword map illustrating the evolution of data science and Web 2.0 terms from
2012 to 2022. Notably, the term "data science” turned diffuse, overshadowed by terms like "data
mining," "text mining," and "Big Data," reflecting the expanded scope of data analysis techniques.
"Big Data" stands out for its capacity to process vast and diverse data sources, facilitating deeper
insights previously untapped. However, its assimilation of terms like business intelligence and data
visualization complicates terminological clarity. Within Web 2.0, "user-generated content” emerged
prominently, particularly within social networks and online reviews, providing invaluable insights
into tourist preferences and behaviours. Platforms like Booking.com and Airbnb transcend their
original purpose, becoming rich data sources for understanding tourist dynamics. The proliferation
of user-generated content and advanced data processing techniques facilitates innovation and tar-
geted marketing strategies, fostering intelligent tourism conducive to sustainable development across
economic, environmental, and cultural dimensions.
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Figure 2
Keyword map of author's published documents between 2012 and 2022
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Having presented this general overview, it is time to focus on each cluster. Firstly, the cluster shown in Figure
3 reveals a close relationship between the terms Big Data and tourism, and the circle's diameter representing
them confirms that they appear in the most significant number of documents. A first clarification before
continuing is: what should be understood by the concept of Big Data? It should be understood as the use of
data storage, processing, and visualization technologies to work with amounts of data that exceed the ca-
pacities of traditional equipment (Volume), allowing work with data of different types and formats (Variety),

and that these data are generated at high frequency (Velocity).
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With a clear understanding of the Big Data concept, it becomes evident in Figure 4 that it has opened up
the possibility of getting to know tourists better, providing improved services by providers, and under-
standing the overall dynamics of the sector by utilizing this vast amount of data, of different types, and
high frequency generated today. For example, the graphic clearly shows that two widely used sources are
Twitter (which provides data on location, preferences, and opinions of tourists) and Flickr (which contains
photos of the experiences shared by users). Additionally, these two sources provide analysts with geotagged
data that allows them to know the places tourists visit, their time at a location, and perform different types
of spatial analysis.

Besides human-generated content, there are data created by machines, the interconnection between them,
and the connection of all machines to the Internet, known today as the Internet of Things. This enables access
to data, almost in real time, about the attractions a person visits and the vehicles they use (such as bicycles),
thereby, for example, opening the possibility of better distributing the allocation of public bicycles available
at a destination for visitors and locals.

In summary, it can be confidently stated that in this cluster, data science enables intelligent tourism, allowing
for more significant and more genuine interaction with tourists, as these platforms become a medium where
tourists plan, experience, and share their opinions about their destination, both in general and at the level
of different services, attractions, and places they visit. Next, Table 6 lists some action fields that may emerge
from this cluster.

Table 6
Some action fields derived from Cluster 1
Use Description References

Identification of tourists
through secondary data
available on social media

This involves collecting spatial data and opinions | Beltran, 2014
from platforms such as Twitter, Instagram, and
Facebook to determine which users are tourists
at a specific destination and which are not at a

given time.

Identifying tourist
preferences using shared
photos

This approach employs artificial vision techniques | Feitosa et al., 2020
to process multimedia files, such as photos,
to identify where the tourist took the picture,

ultimately creating profiles of tourist preferences.

Detecting routes or
trajectories followed by a
tourist at a destination

Malik & Kim, 2019;
Shafique & Ali, 2016

By using data from platforms like FourSquare,
Twitter (Malik & Kim, 2019), OpenStreetMap, and
others, this method identifies the places tourists
visit at a destination and the routes they take
during their sightseeing trips.

Real-time visual monitoring
of tourist activity

Destinations seek to integrate data from various
sources to create dashboards that allow quick
insights into the sector's performance, enabling

Macario de Oliveira et al.,
2013;

Guerrero-Millan et al., 2020

agile decision-making.

The cluster presented in Figure 4 can be explained starting from the strong relationship between the term’s
online reviews (which correspond to comments, opinions, and expressions made by users on platforms avail-
able on the Internet) and text mining or text analytics. In other words, their relationship is easily explainable
because online reviews are a source of text mining. The figure also shows terms such as online travel agencies
(OTAs) and peer-to-peer accommodation and terms referring to platform names such as Booking.com and
Airbnb. These terms identify the sources of online reviews, meaning, for example, that on Airbnb, one can
find reviews about person-to-person accommodation sites, and on Booking.com, hotel reviews. The texts
from these sources are then used in text-mining tasks to extract useful information, such as the most frequent
qualifiers tourists use for the least visited attractions in Santa Marta.
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Figure 4
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The complexity of human language is not easily matched by algorithms' ability to automate processes. One
challenging aspect is the multitude of terms human language uses to give meaning to the same thing. This
complexity is transferred to the moment of text mining on tourists' online reviews, compounded by the fact
that tourists may speak different languages. In this context, semantic networks and their analysis allow for
the relating of terminology, the disambiguation of concepts, and the finding of synonyms and antonyms, all
to improve the information obtained through analyzing texts written by tourists. Table 7 shows some ex-
amples of action fields derived from this cluster.

Table 7

Some action fields derived from Cluster 2

Use

Description

References

Classification of opinions
expressed by tourists
about attractions and the
destination

Using data from social networks and
knowledge bases, supervised or semi-
supervised classification models can be
created to determine the category where a
tourist's comment about a specific attraction
or the overall destination falls.

Amaya Molinar et al., 2017;
Von Matuschka, 2021;
Herrera & Reyes, 2022

Extraction of attractions
visited by tourists from text
written on social media

They employed entity recognition techniques
to identify user comments referencing
attractions at a destination and the sentiment
expressed about them.

Rossetti et al., 2015;
Von Matuschka, 2021

Prediction of tourist influx
to destinations based on

the perception expressed by
tourists on social media

Developing predictive models to estimate the
number of tourists visiting a destination, area,
or attraction

De Lucca, 2017;
Amaya Molinar et al., 2017

Categorization of tourist
areas within a destination
according to theirimage

Segmenting areas of a destination based on
tourists' opinions, for example, into areas
perceived as unsafe, having unpleasant odors,
etc.

Rossetti et al., 2015;
Su et al., 2020;
Chenetal, 2022
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With a similar meaning to the previous cluster is the one presented in Figure 5. In this cluster, one facet of text
analysis is the detection of the polarity of sentiment expressed in a text string, ranging from identifying whether
a comment is positive or negative to identifying what sentiment can be inferred from the text (anger, happiness,
hilarity, distress, among others). Also present is the term "opinion mining," a more generic concept than senti-
ment analysis, which can be said to go a step beyond detecting feelings (although it contains them) and is used
to denote the detection of positions regarding discourse, for example, determining what tourists think about a
particular product or attraction, which characteristics they value the most and which they consider less important.

Figure 5
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The recent surge in social networks has empowered individuals, mainly tourists, to openly share their feelings,
perceptions, and thoughts on various experiences, giving rise to social network analytics and Social Big Data.
This large-scale data analysis is facilitated by cloud computing and leverages advancements in natural language
processing (NLP) technologies, such as named entity recognition (NER) and semantic analysis, to interpret
and extract meaningful information from digital communications. Additionally, the overwhelming abundance
or lack of services and attractions at tourist destinations necessitates collaborative filtering and preference-
based strategies to manage visitor experiences effectively. Combined with new data sources on opinions and
emotions, these techniques enable tourists to make informed choices, helping tourism service providers bet-
ter understand public sentiment regarding their offerings enhancing service personalization and overall of-
ferings, as illustrated by various examples in Table 8 of this cluster.

Table 8
Some action fields derived from Cluster 3
Use Description References
Creation of travel planner Developing recommendation systems to suggest Batet et al., 2012;
based on tourist preferences | activities and attractions for tourists to visit during Valenzuela Sabogal et al.,

their stay at a destination based on their preferences. | 2020

Suggesting places to visit for | Using expressed tourist preferences, the characteristics | Hsu et al., 2009;
tourists according to their of a destination's attractions and activities, as Gonzalez-Suarez et al.,
preferences well as itineraries created by others, to make 2017
recommendations to tourists, indicating which places
are highly likely to be appealing to them.
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Social networks have not only become a medium where people express their opinions but also a space for
marketing and positioning the image of tourist destinations. That is why vital tourism competitiveness indices,
such as the one produced by the World Economic Forum, include indicators to measure the competitiveness
of a destination, such as the number of searches made for the destination in search engines and the destina-
tion's ability to sell its services digitally. Cluster 4 focuses on these points, as shown in Figure 6.

In the figure, two approaches used in the literature to take advantage of data from social networks also stand
out. One of these is correspondence analysis, which is used, for example, to visualize the relationship between
variables associated with tourists and their experiences. A case where correspondence analysis can be used is
to graphically represent the relationship between tourists' nationalities and their decision to visit specific at-
tractions. Similarly, Latent Dirichlet Allocation operates, allowing the grouping of documents according to
the topics they address, in this case, comments made on social networks according to their content, enabling
an automatic and fast way to "know" what is being expressed on social networks about a product or destina-
tion. These two techniques are just examples of those that can be used to take advantage of the explosion of
data for managing destination images and more efficiently directing marketing efforts. Table 9 shows some
examples of action fields derived from this cluster.

Figure 6
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Table 9
Some action fields are derived from Cluster 4

Use Description References

Classification of attractions Understanding the relationship between tourists' | Ortega & Rodriguez, 2005;

and types of activities nationality and their choice to visit specific types | Kim et al., 2011

undertaken by tourists
according to their nationality

of attractions to personalize the tourism offerings
based on the tourists' country of origin.

Understanding what is
being expressed on social
media about a product or
destination

Review comments on social media, identify
when a specific product or destination is being
discussed, and understand the sentiment
expressed, whether positive or negative.

Ordieres-Meré & Franco
Riquelme, 2017;
Caldevilla-Dominguez et
al.,, 2021

Targeted marketing using
user-generated content

Employing the knowledge from data collected
across various social media platforms on tourists'
opinions, sentiments, and expectations regarding
a destination and applying it to targeted tourism
marketing processes.

Hsu, 2012;
Icozetal, 2018
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Following the previously mentioned thread, Cluster 5, Figure 7, focuses primarily on displaying some tasks
and techniques commonly used for automatic data analysis within the tourism sector. The figure prominently
features two key terms: "data mining" and "machine learning," which are often confused. It is essential to
remember that while the latter is a subfield of artificial intelligence focusing on enabling machines to learn,
the former, data mining, searches for patterns in data, as the name suggests. The relationship occurs because
data mining techniques often automate machine learning. A more specific term, predictive analysis, focuses
solely on the predictive component of data mining.

Figure 7
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For this reason, the figure generally presents tasks that can be achieved through data mining techniques, such
as classification, clustering, and prediction, and more specifically, techniques such as neural networks (includ-
ing deep learning and short-term memory) and the K-Means clustering algorithm. This set of tasks, methods,
and algorithms allows operational data from tourism service providers and secondary sources like social
networks, for example, to predict demand and tourist inflows so that internal logistics and investments can
be organized. Table 10 mentions some action fields derived from this cluster.

Table 10
Some action fields are derived from Cluster 5

Use Description References

Identification of "bots" Various identification models and natural language | Ojo, 2019
processing techniques detect fake accounts on social | sahoo & Gupta, 2019;
media platforms like Twitter, eliminating the noise : .
these accounts create in data analysis. Jabardi & Hadi, 2020

Prediction of satisfaction and | Predicting user demand and satisfaction for Chen etal., 2017

demand for services offered | destinations and attractions based on online reviews | Ahani et al., 2019

by tourism providers from sources like TripAdvisor, Twitter, etc., using
machine learning and deep learning techniques.

Tourist segmentation Implementing machine learning techniques, neural | Bloom, 2004;
networks, and predictive analysis to perform tourist | Ahani et al., 2019
and market segmentation, ultimately proposing
strategies based on knowledge of the sector and
tourists.
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4. Conclusions

In conclusion, it is essential to highlight that throughout the research conducted, it has been observed how
social networks have become, over the years, a source of great importance for data analysis in different areas,
especially in tourism. People's opinions, posts, and comments about the various products they consume or
services they acquire, as well as the destinations and attractions they visit, are essential inputs for the analysis
and improvement of tourism indicators, personalization of experiences, prediction of satisfaction, and demand
for destinations and hotels, among others.

The field of tourism is witnessing a data-driven transformation, where the customization of the tourist experi-
ence has become an essential element for the competitiveness of destinations. Future research should optimize
tourist personalization, using sentiment analysis derived from social media to offer experiences that resonate
with cultural expectations and individual traveler preferences. Furthermore, the application of machine learn-
ing techniques to improve the quality of lodging services is proposed, increasing customer satisfaction and
driving competitiveness in the global market.

Looking towards the imminent future of the tourism sector, the presence, use, and utilization of the previously
mentioned techniques are fundamental parts of intelligent tourism, where the vast volume of data generated
from different sources allows. They will continue to enable a much clearer vision of the current context and,
in turn, make predictions and projections.

Sustainability remains a priority on the tourism development agenda. Therefore, integrating data from various
sources to measure and promote environmentally responsible tourism practices is imperative. This integration
should be complemented by creating a framework for smart tourism, which uses advanced analytics to enhance
the experience at various tourist destinations. Likewise, the need for multifactorial predictive models that
consider socio-economic and behavioral variables to forecast tourist demand is highlighted more accurately.

Finally, there is an opportunity to assess the real impact of digital marketing in tourism through the exhaustive
analysis of social media data and to conduct systematic reviews that map the evolution of sentiment analysis
methods in tourism literature. These reviews will provide a deeper understanding of the influence of social
media on tourist decisions and guide the implementation of artificial intelligence for the customization of
the tourist experience, thus paving the way for a more dynamic and customer-centric industry.
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