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Abstract / Outline

The use of large and diverse data in real time (called Big Data) affects many business
processes and models. The tourism industry, characterized by manifold sub-sectors and
players, provides a variety of starting points for Big Data usage. Examples are the
optimization of transport offers using transaction data or a comprehensive analysis of
destination trends based on social media posts. Big Data is a trending topic, however, the
general discourse centres around potential ideas but fewer practical solutions. Based on a
systematic literature analysis of initially 148 peer-reviewed journal articles, this article
evaluates the current state of Big Data research within tourism. For this purpose, research
articles centring around tourism-related Big Data were investigated according to the actual
state of implementation of an IT solution, whether they truly grasp or represent Big Data in
technological terms, and which added value they create for the tourism industry and research
community. One key finding is that traditional data analysis is often wrongfully subsumed
under the Big Data label. Further, the scientific literature predominantly discusses ideas or
theoretical considerations, fewer tangible Big Data implementations, and fails to address
and/or meet all requirements to be classified as Big Data. Only a minority of the presented
solutions processes data in real time, whereas many rely on only one data source or structured
data. Furthermore, most articles revolve around post-trip data analyses and are set to a
destination context. In contrast, other tourism sectors as well as data interpretation and usage
in pre-trip and on-trip phases are less represented. Lastly, this literature analysis provides an
overview of true Big Data solutions already in operation and enables researchers to validly

classify their own research activities in order to plan initiatives more specifically.
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1 Introduction

The analysis of particularly large amounts of data with new methods (e.g. technical tools or
algorithms) has been referred to as Big Data for quite some time (Chen et al., 2014).
Especially in combination with other innovative concepts (e.g. process automation, self-

service systems, individualisation of products and services), companies can benefit from a
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variety of application possibilities (Lin, 2014) to holistically increase efficiency and/or
effectiveness of their business practices (Batisti¢ & der Laken, 2019). Existing digital
processes constitute one prevailing principle to facilitate the adoption of Big Data solutions in
everyday business, as such processes create the required input of internal and external data
(e.g. from customers or service partners) across a company’s touchpoints and activities
(Holmlund et al., 2020). Based on these specifications, the tourism industry is predestined to
benefit from Big Data solutions, as it not only comprises manifold companies and
establishments from all sectors related to attractions, facilities, and services for tourists but is
further shaped by a high level of interaction as well as interdependence between individual
industry players (Medlik, 2002; Pizam, 2009). Thus, a vacation or tourism experience often
includes cooperation between a variety of services and touchpoints across tourism sectors,
such as tour operators and travel agencies, transportation, destinations, accommodation,

attractions, and activities (Cooper et al., 2008; Holloway et al., 2009).

It can be said that the actual vacation is not fully digitised - at least not yet by default (Happ &
Ivancs6-Horvath, 2018). However, data is collected across numerous tourism-centred
processes. This includes transaction processes (e.g. configuration, booking, payment) but also
internal business processes of involved parties. Likewise, external data (e.g. social media
reviews, semantic information from Google) proves to be increasingly important for the
strategic management of tourism companies (Mariani et al., 2018). It is widely recognised,
that the integration as well as systematic and timely analysis of vast amounts of data
potentially provides key contributions to successful tourism practice as it supports (i) an
increase of customer satisfaction (e.g. Moro et al., 2019, on superior recommendations, and
Basaran et al., 2020, on shorter response times) and (ii) the development of new business
models (e.g. Onder, 2017, and Stylos & Zwiegelaar, 2019, on early identification of travel

trends and tapping into destinations as first movers).

Nevertheless, the implementation and use of Big Data is accompanied by various technical
and organisational hurdles (Xiang, 2018; Iafrate, 2015). From a technological perspective,
problems arise if certain data formats cannot be successfully integrated, known algorithms do
not allow large-scale real-time analysis, or new user interfaces have yet to be developed
(Stryk, 2015). Organisational challenges include management questions, for example for or
against the implementation of new findings in existing solutions and the translation of these
insights into specific ideas to design new offers, to adapt product or service ranges, or to
smoothen internal and external processes (Xiang, 2018). For both problem areas, potential

solutions can be expected from software manufacturers and from researchers. Since the



underlying transaction and business processes are commonly realised via software, it is only
logical that a large number of classic software manufacturers are setting out to use Big Data
as a selling point (e.g. SAP, ORACLE). Likewise, numerous experimental, conceptual, and
constructivist research outputs give guidance on how to make Big Data manageable and
applicable in a tourism context. These range from rough ideas (e.g. Del Vecchio et al., 2018)

to realised and evaluated prototypes (e.g. Fuchs et al., 2014).

However, numerous studies point out that not every research article or software solution titled
with Big Data actually complies with a “real” Big Data approach (e.g. Lederer & Lederer,
2021). Rather, the term sustained a recognised hype to increase marketing potentials and is
often utilised as an attention-seeking buzzword (Gandomi & Haider, 2015). This paper sets
out to explore if tourism-related Big Data research truly grasps the nature and associated
requirements of the Big Data phenomenon, or if the field suffers from an exploitation of the
Big Data label for its own sake. In addition, an overview of the current stream of research on
Big Data in tourism-related studies is provided. For this purpose, the following research

questions are addressed:

Do current tourism-related research contributions labelled with the term Big Data fulfil
the underlying technical and additional requirements of Big Data? What are common

shortcomings of non-complying contributions?

Which Big Data solutions are already in operation in tourism contexts and provide a

potential transferability to other tourism sectors?

Is the field of tourism-related big data research fairly distributed across tourism sectors

and trip phases? If not, which identified gaps remain to be covered in the future?

How can researchers plan future contributions in a specific and meaningful way both

for industry and academia?

Based on these research questions, this study aims to describe the current state of tourism-
related Big Data research as an overview study. It has to be noted that there is a growing body
of research on tourism-related Big Data solutions. However, past studies have mainly yielded
important insights on deriving requirements for implementing companies (e.g. Vinod, 2016)
and on the effect of Big Data on selected parameters such as performance (e.g. Stylos et al.,
2021) or customer insights (e.g. Xu et al., 2020; Centobelli & Ndou, 2019). This contribution
aims to complement the existing body of knowledge, as it is not limited to specific functions
or areas of tourism (e.g. Petcu, 2011) and/or specific methods of Data Science (e.g. Alaei et

al., 2019; Shapoval et al., 2018). Rather, it creates a comprehensive meta-view that



complements the existing findings on applications (e.g. Donovan et al., 2017) as well as
literature review studies such as Mariani et al. (2018) with a sound and critical assessment of

the status quo.

First, the priorly mentioned requirements for Big Data are defined based on recognised
definitions. Research contributions are then systematically reviewed to see whether and to
which extent they include and/or fulfil the required set of attributes. Following the analysis,
the identified degrees of fulfilment are described and discussed, resulting in a comprehensive

overview of the state of the art in tourism-related Big Data research.
2 Method

The following analysis of tourism-related Big Data studies requires two methodical steps: (i)
First, a definition of the characterising Big Data requirements for studies to be considered
truly as Big Data research. (i1) Then, the systematic check of these requirements against a
large number of scientific research articles. The quantitative evaluation enables an overview
of the general scope and manifestations of big data research in tourism and is displayed in the
“Results” section. The qualitative evaluation within this paper’s “Discussion” section

provides more detailed findings and an in-depth analysis of the field.
2.1 Big Data Requirements

The literature contains many documented attempts to describe Big Data and to isolate
requirements for respective software solutions. To determine the underlying set of
requirements for this paper, a five-step literature review was conducted following Mayring
(2000). Moreover, the recognised approaches of Webster and Watson (2002) as well as Booth
et al. (2016) were used to further generalise requirements: (i) The research question was
translated into problem statements for the database search procedure. (i) Academic
publications were then identified in various databases to provide requirements. Even though
textbooks tend to suffer from simplification, they were considered useful for the purpose of
generalising easy-to-test requirements that are in-line with current streams of research.
Therefore, also a total of 12 textbooks were explicitly considered. The search was conducted
in German and English documents. (ii1) After the search, publications were evaluated,
analysed, and interpreted according to the priorly mentioned approaches. The included
requirements generally follow the 3V concept (Volume, Velocity, Variety of Big Data) or
extended versions (e.g. the widespread 5V model according to Gupta & Gupta, 2016). (iv)
Lastly, and following Pohl (2010), a categorisation of information led to the textual

specification of final Big Data requirements. Based on this, four key Big Data requirements



were derived and described in general terms. This consolidated form is intended to serve as a

compact and practicable assessment set and is thus recognised both in science (e.g., Bhat &

Quadri, 2015) and teaching practice (e.g. Laudon & Laudon, 2017) for reducing the

complexity of Big Data:

1.

Source: An IT solution must potentially be able to feed from different data sources
and to gain insights from a combination of those sources. This combination can
encompass internal and external sources (e.g. own sales figures and Facebook trends)
as well as horizontal/vertical integration of own databases (e.g. automatic merging of
hotel ratings and customer feedback after the trip). This criterion is also fulfilled if not
only micro-data, but rather meso- (e.g. contingency factors) or macro-data (e.g. open
data streams) are processed.

Speed: The data analyses must be available and analysed in an appropriate time span
for the scenario. A reference to waiting time because of memory structures or batch
processing is not acceptable. The target rather is real-time analysis to allow immediate
(re-)action.

Value: The discussed research must provide a significantly better solution for strategic
or operational business problems with the help of Big Data. As described in the
introduction, this can be to reach business goals based on data or to make proper use
of the potentials of Big Data. In a nutshell, this requirement asks for an increase in
added value, be it for a company, customer(s), or business partners.

Processing: Big Data does not rest on the use of quantitative standard procedures of
descriptive analysis (e.g. summation, relative distribution). Rather, it explicitly
requires the application of advanced methods (e.g. K-means clustering, association
rule mining, K-nearest neighbour, support vector machine, decision tree, Bayesian
network, artificial neural networks). As an alternative, predictive (e.g. support vector
regression, time series analysis) or prescriptive analytics (e.g. genetic algorithms,

constrained Bayesian network, expert Systems) can also be used.

2.2 Selection criteria and procedure

In the second step, the priorly described set of requirements was used for the structured

analysis and detailed evaluation of current research contributions in the field of interest. To

enable the analysis, research contributions were collected via the EBSCOHost database. This

database was used following Lederer (2019) who describes that it serves well (alongside IEEE

and SpringerLink) as a sound scientific reference for technical meta-studies related to



business applications. The specific query ("Big Data" AND "Tourism") results directly from
the research question. After setting these search terms, the authors examined whether the
upcoming results also included synonyms or sub-sectors of tourism (e.g. travel, hospitality) to
include all articles of relevance. The assumption was confirmed and therefore no adjustment
of search terms was needed. In September 2020, the database contained 148 articles meeting
the query as well as further quality criteria following recommendations by Kornmeier (2007),
such as English language, peer-review, sound scientific methodology. While no restrictions
were applied on the underlying research methodology or nature of a study’s outcome (e.g.
theories, models, prototypes), it was verified that all contributions clearly claim to be Big
Data contributions. This quality-assuring step resulted in an exclusion of 75 inadequate

articles, based on the publications’ lack of keywords and/or content related to Big Data.

The following in-depth analysis focused on the actual implementation of a Big Data solution
in practice, and the tourism sector in focus: (i) tour operators and travel agencies, (i1)
transportation, (iii) destinations incl. attractions, and (iv) accommodation. Further, the
examined articles were scanned for the time at which data was (or was planned to be)
analysed, interpreted, and/or used to enable Big Data procedures. The underlying
categorisation followed the popular consideration of pre-, on-, and post-trip periods within
tourism (Jun et al., 2007; Kandampully et al., 2018). Lastly, the publications were compared
to the pre-set Big Data requirements based on the content of the journal article. The
methodology of the test followed the "Target Activity Grid" procedure based on
recommendations of Best and Weth (2010). The output was an evaluation matrix in which
each individual requirement (n=4) is assessed for each individual publication (n=73) resulting
in 292 binary coding. The actual evaluation was carried out in two steps in the style of a
Delphi study: First, an expert gave an assessment (requirement fulfilled or not). Then another
expert independently checked this assessment. The few existing deviations were discussed in
the team.

3 Results

As priorly outlined, the tourism-related Big Data research articles were matched against the
provision of an actual IT solution in practice as well as the four predefined Big Data
requirements (source, speed, value, and processing) to facilitate a first quantitative overview
of the general stream of research in the examined field. The results of this process are outlined

subsequently.

Table 1 presents the top ten most cited articles included in this study, which make up a total of



971 citations. Despite the fact that tourism science is shaped by specific tourism-centred
journals, four of the top ten articles are to be found in non-tourism journals (e.g. Miah et al.,

2017; Athanasopoulos et al., 2011).
~INSERT TABLE 1 ~

Half (50,7%) of the examined articles include an implemented IT solution in practice, as
demonstrated in Figure 1. In comparison, the share of implemented IT solutions lies slightly
higher in the previously outlined top ten articles (60,0%). At large, most contributions fail to
include, address, and meet all underlying Big Data requirements. Figure 1 presents the
corresponding applicability of each requirement within the 73 articles in question, illustrating
that value (60,3%) constitutes the prevalent criterion, followed by processing (42,5%), source
(34,2%), and speed (23,3%). Further, a third (32,9%) of the articles fail to meet any of the
four requirements. In contrast, few (12,3%) publications meet all four of the pre-set criteria,
whereas the midfield is shaped by the fulfilment of three (19,2%), two (17,8%), or one
(17,8%) requirement(s).

~INSERT FIGURE 1 ~

It can be inferred from Figure 2 that an article’s level of requirement fulfilment is largely
influenced by the actual inclusion of a practical IT solution. As priorly outlined, half (49,3%)
of tourism-related Big Data articles do not include the implementation of an IT solution in
practice. Only a smaller number of no-solution articles meet the requirements of source
(8,3%), speed (13,9%), value (33,3%), and/or processing (19,4%), whereas solution-inclusive
publications demonstrate substantially higher levels of requirement fulfilment across all

criteria: source (59,5%), speed (32,4%), value (86,5%), and/or processing (64,9%).
~INSERT FIGURE 2 ~

With regards to the tourism sector in question, most tourism-related Big Data research (36
articles) centres around destinations followed by accommodation, tour operators & travel

agencies, and transportation (in descending order, cf. Figure 3).
~INSERT FIGURE 3 ~

One third (31,5%) of contributions involved data processing in a post-trip phase (e.g. after
tourists left a destination or hotel), whereas the pre- (23,3%) and on-trip (13,7%) stage are far
less represented within tourism-related Big Data research. The remaining contributions

(31,5%) did not specify the time of data collection, analysis, and usage.

4 Discussion



The findings of this study provide evidence that the field of tourism-related Big Data research
is characterised by a balance of theoretical and solution-based publications. Theory-centred
contributions tend to revolve around potential scenarios for the use of Big Data and result in
models or a comparison of existing approaches, for example in the context of automated
sentiment analysis (e.g. Alaei et al., 2019; Kirilenko et al., 2018), predictions and forecasting
(e.g. Cheng & Zhao, 2019; Tsai, 2014), web 2.0 (e.g. Donovan et al., 2017; Lee et al., 2019;
Vinod, 2016), and social media (e.g. Edwards et al., 2017; Park et al., 2016; Vaid, 2018).
Nevertheless, it is striking, that the proposed models and approaches to implement Big Data
in the tourism industry rarely result in an actual IT solution to test their applicability in
practice. In contrast, those articles including an actual IT solution perform substantially better
across the monitored Big Data requirements as they are more likely to include, address, and
meet four (e.g. Huang et al., 2017; Nilashi et al., 2015; Sinha et al., 2018), or three (e.g.
Basaran et al., 2020; Fronzetti Colladon et al., 2019; Pantano & Dennis, 2019; Ren et al.,
2019) Big Data requirements. The examined IT solutions commonly revolve around the
potential of Big Data practice considering smart cities or smart destinations (e.g. Del Vecchio
etal., 2018, Min et al., 2018; Zhao & Hu, 2019), tourist behaviour and movement at a
destination (e.g. Liu et al., 2018; Onder et al., 2016; Scuderi & Dalle Nogare, 2018; Tingting,
2019), recommendations or reviews (e.g. Fronzetti Colladon et al., 2019; Nilashi et al., 2015;
Ren et al., 2019), and predictions or forecasting (e.g. Cheng & Zhao, 2019; Fronzetti
Colladon et al., 2019; Pan & Yang, 2017; Song et al., 2013; Tsai, 2014; Yang et al., 2014).

A closer examination of the discourse on Big Data requirements throughout the field points
out that the creation of additional value is a predominant driver of Big Data research.
However, it remains questionable how to implement successful Big Data procedures without
complying to the other three crucial prerequisites as well (cf. Fig. 1). Especially, the
predominant focus on data collection, analysis, and use in the post-trip phase prevents the
exploitation of real-time data at other relevant points of time, for example to facilitate
customer-oriented upselling or recommendation measures. Given that operational IT
processing in tourism is characterised by phenomena as dynamic pricing and dynamic
packaging during the (pre-trip) booking phase (Gibbs et al., 2018)), it is surprising, that no vast
attempts are made to establish a sound connection between rigorous research and relevance in

operational tourism practice.

With a focus on the tourism sector in question, it is apparent that Big Data research in tourism
is primarily shaped by destination-focused research. This circumstance is in-line with the

nature of tourism research in general. Within the examined articles on Big Data in the context



of destinations, one can subsume recurring key topics such as the analysis of visitor numbers
and forecasts (e.g. Shapoval et al., 2018; Song et al., 2013), activities and attractions visited at
the destination (e.g. Ren et al., 2019; Liu et al., 2018; Onder et al., 2016; Scuderi & Dalle
Nogare, 2018; Tingting, 2019), as well as motivation to visit and destination choice (e.g. Lee
etal., 2019; Wu et al., 2014). In contrast, those articles illustrating Big Data potentials for
accommodation providers mostly highlight the applicability to forecast occupancy rates and
demand (e.g. Pan & Yang, 2017; Yang et al., 2014), to increase firm performance (e.g.
Yadegaridehkordi et al., 2020), and to evaluate potentially successful hotel locations (e.g.
Mindur, 2019; Shereni & Chambwe 2020). In addition, tour operators and (online) travel
agencies are represented within Big Data research. Respective articles address areas such as
sustainable supply chains (e.g. Mandal, 2018), the sectors of online travel agencies or booking
engines (e.g. Gibbs et al., 2018; Yao et al., 2019), and travel forums (e.g. Basaran et al., 2020;
Fronzetti Colladon et al., 2019; Nilashi et al., 2015). The transportation sector constitutes the
least represented sector in tourism-related Big Data research. This is surprising as its sub-
sectors (e.g. aviation) deal with vast amounts of passenger, traffic and transactional data on a
daily basis. The articles falling into this field mostly consider railway forecasting (e.g. Tsai,
2014; Hasuike & Ichimura, 2013), or self-driving activities and city traffic (e.g. Huang et al.,
2017; Zhao & Hu, 2019). Again, discrepancies emerge between Big Data research and
industry practice, as operational processes in the transportation sector rely heavily on real-
time data. Further, the industry is shaped by an increased use of apps, for example in car

sharing or aviation, which provide additional sources of rich and useful data.

From a technological perspective, Big Data research commonly involves detailed information
on potential or exploited data source(s) (e.g. Li et al., 2018). The analysis reveals that Big
Data research in tourism mainly relies on data from social media platforms (e.g. Del Vecchio
et al., 2018), search engines (e.g. Onder, 2017), or geo-tags (e.g. Liu et al., 2018; Scuderi &
Dalle Nogare, 2018). The publications are mostly bound to the use of one individual - and
often external - data source instead of multiple sources to obtain relevant data. Further,
research rests heavily on structured data that is little linked to other data sets. This fact leads
to the absence of innovative approaches such as natural language processing (NLP) within the
current state of research. Thus, even though a permanent synchronisation of multiple internal
and external data sources across value chains and touchpoints can be considered as a

worthwhile task from an economic perspective, the approach is scarcely suggested or adopted.

As priorly outlined, the field is characterised by many models and suggestions to be

potentially applied in a tourism context. In contrast, only few publications involve actual IT



solutions combined with high levels of fulfilment in all four Big Data requirements.
Subsequently, the best performing contributions are emphasised, as they provide potential for
the application in a variety of tourism sectors. The studies of Basaran et al. (2020), Fronzetti
Colladon et al. (2019), and Nilashi et al. (2019) provide substantial insights in the successful
use of Big Data solutions in the hospitality and aviation industry based on data from travel
forums, such as HolidayCheck and Trip Advisor. In detail, Nilashi et al. (2019) applied a
collaborative filtering approach to provide hotel recommendations based on preference
learning, whereas Basaran et al. (2020) utilised an attribute-based approach to evaluate and
forecast hotel performance. Fronzetti Colladon et al. (2019) apply user-generated content
(UGC) to forecast airport arrivals in major European cities and recommend the solution to be
integrated in traditional forecasting models. The potential of using multiple data sources is
demonstrated in Pan and Yang’s (2017) publication based on combined data from search
engine queries, website traffic, and weekly weather information. The resulting Big Data
solution not only forecasts hotel occupancy rates, but also facilitates benchmarking and the
optimisation of hotel operations (Pan & Yang, 2017). Lastly, Min et al. (2018) outline how
Big Data solutions can solve imbalances between tourist distribution and attraction capacity at
a destination level by using Big Data learnings from city traffic contexts. A consideration of
the outlined studies and their transferability to other tourism sectors is recommended both for
tourism researchers and practitioners.

5 Summary

To subsume, the limitations of this paper need to be acknowledged. As the findings rely on
one academic database, this paper is not representative for the whole field of tourism-related
Big Data research. Nevertheless, the authors agree that this literature analysis represent a
variety of both technical and tourism-related perspectives on Big Data, and is in line with the
scope of comparable publications (e.g. Mariani et al., 2018). Therefore, it provides rich
insights on the current stream of research in this area. Another bias results from the
pronounced focus on the destination sector, resulting in an underrepresentation of other
sectors of the tourism industry. This distribution might result from the general preponderance
of destination-related publications within tourism research, from the widespread conception of
tourism as a sub-category of geography, and from the availability of research funds in this

sector.

This literature analysis contributes to the field in numerous points. First, it seems that tourism
research often tends to use the Big Data label without adopting and/or meeting the substantial

Big Data prerequisites of source, speed, value, and processing. Second, even though the



literature is characterised by a balance of theoretical and solution-oriented publications, the
manifestations rank between niche-oriented (e.g. eco-friendly hotels) and all-encompassing
reflections (e.g. tourism in general). Lastly, the analysed research spectrum mostly fails to
combine potentials of Big Data with current developments in tourism practice (e.g. dynamic
pricing, integration of data sources and system interfaces). Future research will have to
continue to explore the implementation of actual Big Data solutions in practice and to cater to
the variety of tourism sectors. Further, this study exposed the need to comply with key Big
Data requirements and, especially, to include and combine real-time transactional data of
internal and external data sources. In agreement with Mariani et al. (2018), this shortcoming is
to be dissolved by an encouragement of multi-disciplinary research teams comprising both

tourism and IT expertise.

In practice, Big Data reveals considerable potential to add substantial value across all
participants along the tourism value chain. This potential should be mirrored by future

streams of research, ensuring rigour, relevance, and applicability.
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