
Preface 
 

Information and communication technologies (ICT) are widely adopted in the tourism 
domain. Thus, information on nearly all tourism transactions, customer needs and 
behaviour, as well as the complete tourism market structure are electronically available. 
The domains of Big Data and Business Intelligence deal with extracting such 
information from different data sources and source systems, analysing usually huge sets 
of data by techniques spanning from interactive visualizations to complex data mining 
methods, like machine learning, thereby gaining new knowledge as input to decision 
support or intelligent and adaptive systems (e.g. recommender systems). 
 
The domain of Business Intelligence constituted an important research field in tourism 
for more than a decade and gained even more attention with the advent of Big Data. 
Big data summarises trends by integrating huge amounts of data from external data 
sources, extracting information from any kind of data sources, especially unstructured 
data (e.g. customer reviews), and integrating data in real-time, if necessary. Business 
Intelligence and Big Data are just about to unfold their full potential for the tourism 
domain. Due to the crucial role and importance of social media and online product 
reviews in tourism, the above trends become vital for tourism companies to ensure 
organisational competitiveness. Powerful ICT systems and new machine learning 
algorithms, especially in the field of web content mining and text mining, enable new 
applications for Business Intelligence methods which, in turn, are gaining high research 
momentum. 
 
Behind this background, an international research workshop around the topical area of 
‘Big Data & Business Intelligence in the Travel & Tourism Domain’ is organized by 
the European Tourism Research Institute (ETOUR), Mid-Sweden University, Sweden 
in collaboration with the University of Applied Sciences Ravensburg-Weingarten, 
Germany. The event, scheduled for the 11-12 April 2016, is kindly supported by the 
International Federation for Information Technology and Travel & Tourism (IFITT), 
thus, branded as IFITTtalk@Östersund. The goal of the workshop 
IFITTtalk@Östersund is to  
 

• share experiences, opinions and expectations towards business intelligence in 
tourism and to discuss ongoing research among international scholars 

• present scholars’ ‘position statements’, where trends of business intelligence 
in travel & tourism and promising research topics are discussed 

• identify knowledge-gaps and development needs in the industry domain of 
business intelligence in travel & tourism 

• map the state-of-the-art of business intelligence in travel & tourism and 
discuss most promising future research agendas 

• reflect critical issues related to big data, such as ontological consequences for 
theory development of data-driven (inductive) knowledge generation, and the 
risk of surveillance of the civic society  

• identify effective international research teams and promising research 
collaborations in the domain of business intelligence in travel & tourism  
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Around 15 internationally renowned scholars from 10 different countries working in 
the domain of Big Data & Business Intelligence and Tourism kindly followed the 
invitation to attend IFITTtalk@Östersund. The extended abstracts included in this 
proceedings, therefore, cover different facets of current research activities within the 
field of Business Intelligence and Big Data and give a comprehensive insight into 
current research and future challenges in this fascinating research field.  
 
We’d like to express our gratitude to all the participants of the very successful 
IFITTtalk@Östersund workshop on Big Data & Business Intelligence in the Travel & 
Tourism Domain for their appreciated contributions and insightful discussions. 
 
Especially, we’d like to thank IFITT for the valuable support of the event 
IFITTtalk@Östersund. Finally, we thank Kai Kronenberg, Märit Christensson and 
Sandra Wåger for their proactive assistance in organizing the workshop and in 
preparing the workshop proceedings.     
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Prof. Matthias Fuchs, ETOUR, Mid-Sweden University, Sweden 
 
Director PhD Maria Lexhagen, ETOUR, Mid-Sweden University, Sweden 
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Big Data, Business Intelligence and Tourism:  
a brief analysis of the literature 

Rodolfo Baggio 
Master in Economics and Tourism 
Bocconi University, Milan, Italy 
rodolfo.baggio@unibocconi.it 

 

1 Problem Definition 
Big Data is, today, a very popular buzzword (a Google search provides more than 55 
million items containing the expression). The term identifies, as known, the massive 
volume of both structured and unstructured data apparently available on the Web and 
difficult to process using traditional software techniques or by using traditional 
statistical methods. It is a rapidly emerging field of inquiry, often hailed as a crucial 
factor for increasing economic prosperity and understanding or resolving societal 
problems (Mayer-Schönberger & Cukier, 2013). 

Big Data (BD) are considered by many an incredible opportunity for its supposed 
capacity to provide answers to practically any question that could be asked about 
people’s behaviours, views and feelings. As a matter of fact, it is rather surprising to 
see that a phenomenon once considered causing puzzlement and confusion, the so 
called information overload, once changed name into Big Data is now believed to be a 
kind of silver bullet, able to provide a wealth of valuable and unquestionable insights 
into many aspects of the modern life of individuals, organisations and markets (Mayer-
Schönberger & Cukier, 2013; McAfee et al., 2012). 

Many of these claims, though, look more than reasonable and, actually, the capability 
to examine complex phenomena by combining so widely available sources of 
information can be a remarkable advantage for those who can fully exploit them 
(Bedeley & Nemati, 2014). 

On the other hand, BD present a good number of challenges and risks, well discussed 
in a number of works (Boyd & Crawford, 2012; Fan et al., 2014; McFarland & 
McFarland, 2015). They mainly refer to the technical and methodological difficulties 
in treating so large volumes of rapidly changing sets of data. Besides that, there is a 
need for a good set of specialised skills and resources, and a different approach is 
deemed necessary with respect to the one that for the last centuries has characterised 
the collection and the analysis of data (Chen et al., 2014).  

Nonetheless, scholars and practitioners overall agree that there are remarkable benefits 
in having access to a vast amount of data that cover practically any aspect of human 
life, mainly because they are “spontaneously” generated so do not suffer from selection 
biases that can be present in traditional investigation methods. In any case, even taking 
into account the methodological issues, BD can be a useful and important complement 
to more stable, rigorous research methods (Kitchin & Lauriault, 2015). 
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Big Data have also started to be a source for Business Intelligence (BI) activities. The 
tradition of BI analytics is longer, but the field is very sensitive to all data and 
information sources that can provide a better return on the investment. Therefore both 
subjects are highly complementary. Advanced analytics and better and richer sources 
can provide a deeper perspective on the data that can benefit from more structured and 
rigorous experience. The interpretation layer provided by business intelligence can thus 
be crucial to making advanced BD analytics actionable (Liebowitz, 2013). 

In the last years, tourism has widely recognised the need for a more customer-focused 
approach, that primarily values tourists’ needs, preferences and requirements in order 
to increase the goodness of their experience and achieve a better satisfaction, that turns 
out to be an important determinant in all travel choices and decisions (Correia et al., 
2013; Prayag et al., 2013). 

Given these premises, the question is: to what extent is tourism academia aware of, and 
is working on these subjects?  

To answer, at least partially, this question this short note presents the results of an 
analysis of the recent literature on Big Data and business intelligence and the 
application of the related techniques to the field of travel, tourism, hospitality and  
leisure. 

 

2 Materials and Methods 
The source for this work is the Scopus database. Although, obviously, not a complete 
source of academic works, with its more than 20,000 titles from about 5,000 
international publishers, it can be well considered one of the most comprehensive 
repository of the world’s research output across a wide range of fields. To this we add 
the IFITT digital library (http://www.ifitt.org/resources/digital-library/) which indexes 
936 works published in the Journal of Information Technology and Tourism and in the 
proceedings of the Enter conferences. 

A search with “Big Data” in the titles, abstracts and keywords returns 14,051 works. 
The time distribution is largely uneven and testifies the very recent growth of interest 
in the subject. A look at Fig. 1 (works published in the last 15 years) shows an almost 
exponential growth, with an acceleration in the last five years. 
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Fig. 1 Time distribution of Big Data works published in the last 15 years 

 

The situation with BI is different. Here we find 16,496 works (with “Business 
Intelligence” in the titles, abstracts and keywords) with a much wider distribution 
over time and a moderate growth in the last 15 years (Fig. 2). 

 

 
Fig. 2 Time distribution of Business Intelligence works published in the last 15 years 

 

The works related to the wide area of tourism have been identified by restricting the 
search to these works having “travel, tourism, tourist, hospitality or leisure” in the 
titles, abstracts and keywords. Of these, then, the papers published in tourism and 
hospitality journals have been selected (Scopus indexes about 80 journals in the field). 

Finally, titles and abstracts have been manually inspected to further pick out the works 
actually dealing with BD and BI. 
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3 Results and Discussion 
The total number of BD works in the area of tourism selected as described above is 
127; the BI works are 529. Their time distribution is given in Fig. 3 (for the last five 
years). 

Incredibly, it seems that besides the much hype about the BD issue, not many tourism 
researchers have decided to pay some effort in studying these topics, and only a handful 
of them have invested time and resources in considering the possibilities of an 
application of Big Data to the tourism and hospitality field. The BI field, instead, can 
count on a relatively higher throughput, even if still of a very limited size (at least with 
respect to the total production). 

 

 
Fig. 3 Time distribution of BD and BI tourism related works for the last five years 

 

What is more interesting is the fact that only 20 of these BD works appear in tourism 
or hospitality journals, and therefore are accessible to the tourism academic community. 
The same situation is found for the BI papers: only 18 are available in tourism 
publications. All the others come from Computer Science (mainly), Transportation, 
Marketing Management or Geography publications. 

A more detailed reading of the tourism abstracts highlights some other interesting facts. 

The first thing to notice, for what concerns Big Data, is that the abstracts and titles 
contain rather generic terms, with no or little reference to the specific terminology often 
used in works about Big Data (see Fig. 4). 
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Fig. 4 Word cloud with the most used terms in the BD papers selected 

 

Some papers present a roughly general discussion about Big Data or about the 
importance of using Big Data for improving and extending present research activities 
(Buhalis & Foerste, 2015; Dolnicar & Ring, 2014; Wang et al., 2015).  

Despite the call for a better integration between official statistics and Big Data (see e.g. 
Heerschap et al., 2014; Lam & McKercher, 2013), not many attempt to find a solution. 
Yang et al. (2014) use web traffic volume data of a destination marketing organisation 
to predict hotel demand, showing an improvement in the error reduction of more 
traditional forecasting models, and Önder et al. (2014) use Flickr geotagged photos to 
assess the presence of tourists in Austria, showing that the method provides more 
reliable outcomes for cities than at a regional level. Fuchs et al. (2014) and Höpken et 
al. (2015) show how BD analytics can be beneficial for BI practices in a tourism 
destination and propose an architectural solution that combines the different sources of 
data. 

Advanced approaches such as machine learning techniques, artificial intelligence or 
Bayesian classification methods are practically ignored, and the most used technique is 
a simple statistical textual analysis of pieces collected online from which the authors 
derive a number of insights.  A notable exception are the papers by Menner et al. (2016) 
and Schmunk et al. (2014) that perform sentiment analysis on a large corpus of user 
generated contents by employing advanced artificial intelligence techniques, such as 
support vector machines, naïve Bayes classifiers, latent semantic indexing, etc. 

Not many other papers actually use online sources. This is the case of Xiang et al. 
(2015) that analyse a large corpus of tourists’ reviews and derive a number of 
interesting considerations about hotel guest experience and its association with 
satisfaction ratings, or Marine-Roig et al. (2015) that collect a large quantity of user 
generated comments (travel blogs and online travel reviews) concerning the area of 
Barcelona and deduct the perceived image of the city through these reports. Along this 
line Park et al. (2015) analyse the tweets generated by cruise travellers showing their 
main interests and preferences, thus providing useful suggestions for feasible marketing 
strategies, and Mariani et al. (2016) examine the Facebook pages of Italian destinations 

13 
 



revealing how destinations use the social platform and what posts’ characteristics have 
the best impact for actively engaging visitors. Finally, d’Amore et al. (2015) present a 
hardware and software system for helping in the troublesome collection of data from 
online social media platform. 

Other types of records are even more sparingly used. Examples are: Kasahara et al. 
(2015), that study GPS tracks and a possible method for inferring transportation modes, 
or Gong et al. (2016) who use taxi trajectory data (still GPS) for guessing the probability 
of points of interest to be visited in a city, and thus deducing possible trip purposes and 
travel patterns. 

It must be noted here that all these works use relatively small quantities of data (in the 
range of a few dozen thousand records) compared with what would be (probably) 
available for the studies. 

Two more works are worth mentioning here, perhaps the only who really base their 
analysis and considerations on large volumes of data. One is the study of global 
mobility of people conducted by Hawelka et al. (2014) that geotag one year worth of 
tweets (almost one billion) and derive the patterns and some characteristics of the 
movements of international travellers. The second is the report by RocaSalvatella 
(2014) that collects one month worth of mobile phone traffic and credit card 
transactions data in Madrid and Barcelona (about 700 000 phones and 170 000 cards), 
and informs about a number of detailed activities and expenditures of international 
visitors to the two cities. 

The most recurring terms in the titles and abstracts are summarised in the word cloud 
of Fig. 5. Here again most of the words are rather generic and show a relatively 
traditional approach to the subject. 

 

 
Fig. 5 Word cloud with the most used terms in the BI papers selected 

 

The “tourism” BI literature, in fact, mainly focuses on themes such as the organisation 
of destination marketing information systems (Ritchie et al., 2002), methods for the 
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analysis of specific tourists’ segments (Barbieri et al., 2013), examination of 
competitive intelligence practices in the hospitality sector (Köseoglu et al., 2016) or 
frameworks for managing and analysing data in a destination context (Fuchs et al., 
2013; Höpken et al., 2015). 

One interesting factor emerge: among the most recent tourism BI works, four (actually  
22%) are also catalogued in the BD listings (Fuchs et al., 2014; Lam, et al., 2013;  
Marine-Roig et al., 2015; Qiao et al., 2014). This is a clear indication of the fact that 
tourism scholars (at least those few who treat these topics) have well understood the 
capability of BD to provide insights that are useful, or should be used, for enriching the 
business intelligence practices of destinations and operators. 

 

4 Concluding Remarks 
Although quite popular and strongly pushed by many, the idea that Big Data can be a 
very useful source of information for the tourism sector seems to be still a bit ignored 
by the researchers in the field, at least when “real” work is concerned. Same situation 
seems to happen for what concerns business intelligence studies. It is difficult to 
understand the reasons for this situation.  

A hint may be that the resources (hardware and software) needed to actually treat huge 
quantities of data are not normal available to tourism researchers, but rather sit in 
computer science departments, and many of the modern analysis techniques require a 
good knowledge of some computer programming language or database management 
system that are not very popular among the scholars in the tourism field. For BI, the 
same could be said, as good practices call for well and rationally designed, organised 
and managed information systems. 

These issues could be solved by establishing good interdisciplinary collaborations. 
Moreover, for the future generations, it is important to start introducing well-tailored 
educational programs in the tourism studies curricula.   

  

15 
 



References 

Barbieri, C., & Sotomayor, S. (2013). Surf travel behaviour and destination preferences: An 
application of the Serious Leisure Inventory and Measure. Tourism Management, 35, 
111-121. 

Bedeley, R., & Nemati, H. (2014). Big Data Analytics: A Key Capability for Competitive 
Advantage. Paper presented at the 20th Americas Conference on Information Systems 
(AMCIS), Savannah, GA, 7-9 August.  

Boyd, D., & Crawford, K. (2012). Critical questions for big data: Provocations for a cultural, 
technological, and scholarly phenomenon. Information, Communication & Society, 
15(5), 662-679. 

Buhalis, D., & Foerste, M. (2015). SoCoMo marketing for travel and tourism: Empowering co-
creation of value. Journal of Destination Marketing & Management, 4(3), 151-161. 

Chen, M., Mao, S., & Liu, Y. (2014). Big data: A survey. Mobile Networks and Applications, 
19(2), 171-209. 

Correia, A., Kozak, M., & Ferradeira, J. (2013). From tourist motivations to tourist satisfaction. 
International. Journal of Culture, Tourism and Hospitality Research, 7(4), 411-424. 

d’Amore, M., Baggio, R., & Valdani, E. (2015). A practical approach to big data in tourism: a 
low cost Raspberry Pi cluster. In I. Tussyadiah & A. Inversini (Eds.), Information and 
Communication Technologies in Tourism 2015 (Proceedings of the International 
Conference in Lugano, Switzerland, February 3-6) (pp. 169-181). Berlin - Heidelberg: 
Springer.  

Dolnicar, S., & Ring, A. (2014). Tourism marketing research: Past, present and future. Annals of 
Tourism Research, 47, 31-47. 

Fan, J., Han, F., & Liu, H. (2014). Challenges of Big Data analysis. National Science Review, 
1(2), 293-314. 

Fuchs, M., Abadzhiev, A., Svensson, B., Höpken, W., & Lexhagen, M. (2013). A knowledge 
destination framework for tourism sustainability: A business intelligence application 
from Sweden. Turizam: znanstveno-stručni časopis, 61(2), 121-148. 

Fuchs, M., Höpken, W., & Lexhagen, M. (2014). Big data analytics for knowledge generation in 
tourism destinations – A case from Sweden. Journal of Destination Marketing & 
Management, 3(4), 198-209. 

Gong, L., Liu, X., Wu, L., & Liu, Y. (2016). Inferring trip purposes and uncovering travel 
patterns from taxi trajectory data. Cartography and Geographic Information 
Science, 43(2), 103-114. 

Hawelka, B., Sitko, I., Beinat, E., Sobolevsky, S., Kazakopoulos, P., & Ratti, C. (2014). Geo-
located Twitter as proxy for global mobility patterns. Cartography and Geographic 
Information Science, 41(3), 260-271. 

Heerschap, N., Ortega, S., Priem, A., & Offermans, M. (2014). Innovation of tourism statistics 
through the use of new big data sources. Paper presented at the 12th Global Forum on 
Tourism Statistics, Prague, CZ, 15-16 May. Retrieved July 2014 from 
http://www.tsf2014prague.cz/assets/downloads/Paper%201.2_Nicolaes%20Heerschap_
NL.pdf. 

Höpken, W., Fuchs, M., Keil, D., & Lexhagen, M. (2015). Business intelligence for cross-process 
knowledge extraction at tourism destinations. Information Technology & Tourism, 15(2), 
101-130.  

Kasahara, H., Mori, M., Mukunoki, M., & Minoh, M. (2015). Transportation Mode Annotation 
of Tourist GPS Trajectories under Environmental Constraints. In A. Inversini & R. 
Schegg (Eds.), Information and Communication Technologies in Tourism 2015 (pp. 523-
535). Heidelberg: Springer. 

Kitchin, R., & Lauriault, T. P. (2015). Small data in the era of big data. GeoJournal, 80(4), 463-
475. 

16 
 



Köseoglu, M. A., Ross, G., & Okumus, F. (2016). Competitive intelligence practices in 
hotels. International Journal of Hospitality Management, 53, 161-172. 

Lam, C., & McKercher, B. (2013). The tourism data gap: The utility of official tourism 
information for the hospitality and tourism industry. Tourism Management Perspectives, 
6, 82-94. 

Liebowitz, J. (Ed.). (2013). Big data and business analytics. Boca Raton, FL: CRC Press. 
Mariani, M. M., Di Felice, M., & Mura, M. (2016). Facebook as a destination marketing tool: 

Evidence from Italian regional Destination Management Organizations. Tourism 
Management, 54, 321-343. 

Marine-Roig, E., & Clavé, S. A. (2015). Tourism analytics with massive user-generated content: 
A case study of Barcelona. Journal of Destination Marketing & Management, 4(3), 162-
172. 

Mayer-Schönberger, V., & Cukier, K. (2013). Big data: A revolution that will transform how we 
live, work, and think. New York: Houghton Mifflin Harcourt. 

McAfee, A., Brynjolfsson, E., Davenport, T. H., Patil, D. J., & Barton, D. (2012). Big Data. The 
management revolution. Harvard Business Review, 90(10), 61-67. 

McFarland, D. A., & McFarland, H. R. (2015). Big Data and the danger of being precisely 
inaccurate. Big Data & Society, 2(2), 1-4. 

Menner, T., Höpken, W., Fuchs, M., & Lexhagen, M. (2016). Topic detection – Identifying 
relevant topics, within touristic UGC. In A. Inversini & R. Schegg (Eds.), Information 
and Communication Technologies in Tourism 2015 (pp. 411-423). Heidelberg: Springer.  

Önder, I., Koerbitz, W., & Hubmann-Haidvogel, A. (2014). Tracing Tourists by Their Digital 
Footprints The Case of Austria. Journal of Travel Research, doi: 
10.1177/0047287514563985. 

Park, S. B., Ok, C. M., & Chae, B. K. (2015). Using Twitter Data for Cruise Tourism Marketing 
and Research. Journal of Travel & Tourism Marketing, doi: 
10.1080/10548408.10542015.11071688. 

Prayag, G., Hosany, S., & Odeh, K. (2013). The role of tourists' emotional experiences and 
satisfaction in understanding behavioral intentions. Journal of Destination Marketing & 
Management, 2(2), 118-127. 

Qiao, X., Zhang, L., Li, N., & Zhu, W. (2014). Constructing a Data Warehouse Based Decision 
Support Platform for China Tourism Industry. In Z. Xiang & I. Tussyadiah (Eds.), 
Information and Communication Technologies in Tourism 2014 (pp. 883-893). 
Heidelberg: Springer.  

Ritchie, R. J., & Ritchie, J. B. (2002). A framework for an industry supported destination 
marketing information system. Tourism Management, 23(5), 439-454. 

RocaSalvatella. (2014). Big Data and Tourism: New Indicators for Tourism Management. 
Barcelona: Telefónica I+D and RocaSalvatella. Retrieved September, 2015, from 
http://www.rocasalvatella.com/sites/default/files/big_data_y_turismo-eng-
interactivo.pdf. 

Schmunk, S., Höpken, W., Fuchs, M., & Lexhagen, M. (2014). Sentiment Analysis – 
Implementation and Evaluation of Methods for Sentiment Analysis with Rapid-Miner®. 
In Z. Xiang & I. Tussyadiah (Eds.), Information and Communication Technologies in 
Tourism 2014 (pp. 253-265). Heidelberg: Springer. 

Wang, X. L., Yoonjoung Heo, C., Schwartz, Z., Legohérel, P., & Specklin, F. (2015). Revenue 
management: progress, challenges, and research prospects. Journal of Travel & Tourism 
Marketing, 32(7), 797-811. 

Xiang, Z., Schwartz, Z., Gerdes, J. H., & Uysal, M. (2015). What can big data and text analytics 
tell us about hotel guest experience and satisfaction? International Journal of Hospitality 
Management, 44, 120-130. 

Yang, Y., Pan, B., & Song, H. (2014). Predicting hotel demand using destination marketing 
organization’s web traffic data. Journal of Travel Research, 53(4), 433-447. 

17 
 



 
 



Applying Business Intelligence for Knowledge Generation 
in Tourism Destinations  

Matthias Fuchsa, Wolfram Höpkenb, Maria Lexhagena 
 

aThe European Tourism Research Institute (ETOUR) 
Mid Sweden University, Sweden 

name.surename@miun.se 
b Business Informatics Group 

University of Applied Sciences Ravensburg - Weingarten, Germany 
name.surname@hs-weingarten.de  

 
 

1 Problem Definition 
Since the advent of the WWW, major parts of tourism transactions are handled 
electronically. Consequently, a huge amount of data on customer transactions, 
behaviour and perception is stored on various data bases at destinations. However, these 
valuable knowledge sources typically remain unused (Pyo et al., 2002). Against this 
background, this research delineates a Business Intelligence-based knowledge 
infrastructure which has been prototypically implemented as genuine novelty at the 
leading Swedish tourism destination, Åre.  

2 Related Literature 
The knowledge destination framework by Höpken et al. (2011) builds the fundament 
for a web-based infrastructure that collects customer-based data and creates new 
knowledge for destination stakeholders. The framework distinguishes between a 
knowledge creation and a knowledge application layer (Fig. 1). The knowledge 
generation layer, through methods of information gathering, extraction and storage, 
makes knowledge sources accessible to stakeholders: e.g. on the customer side, 
knowledge can be generated through data from feedback mechanisms, like surveys or 
e-review platforms. Tourists’ information traces (e.g. web search) can be made explicit 
through web-mining (Pitman et al. 2010). Knowledge about tourists’ buying behaviour 
can be generated through mining transaction data (Höpken et al. 2015), while tourists’ 
mobility behaviour may be traced by GPS/WLAN-based position tracking (Zanker et 
al. 2009). On the supply side, knowledge about products can be extracted from 
information sources (web-sites), e.g., in the form of product profiles and availability 
information. The knowledge application layer offers e-services that inform about 
supply elements and tourists’ activities. For instance, at the customer side, intelligent 
location-based services adaptive to the user can guide tourists to most attractive 
destination spots (Höpken et al. 2005/2010; Jannach et al. 2014). At the supply side, 
BI-based management information systems enable the de-centralized generation of 
knowledge relevant to the destination management organisation (DMO), and/or 
private/public destination suppliers (Fuchs et al. 2011).  
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Fig.1: The knowledge destination framework 

 

3 Methodological Approach 
Similarly, the architectural framework distinguishes between a knowledge creation and 
a knowledge application layer: the former comprises various sources of customer-based 
data (e.g. web-search, booking, feedback data), the components for data extraction, 
transformation and loading (ETL), a centralized Data Warehouse and Data Mining, 
including OLAP and machine learning techniques. The decentralized presentation and 
ad-hoc visualization of data mining models and underlying data rests on the knowledge 
application layer, the DMIS cockpit (Fig. 2)  

 

 
Fig. 2: The knowledge destination framework architecture 
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Based on the literature (Dwyer & Kim 2003; Fuchs & Weiermair 2004; Pyo 2005; 
Gretzel & Fesenmaier 2004; Bornhorst et al. 2010; Chekalina et al. 2014) and input 
from Åre stakeholders, a comprehensive set of DMIS indicators was defined:  

• Economic performance indicators (e.g. bookings, overnights, prices, etc.) 

• Customer behaviour indicators (e.g. web navigation/search, booking patterns, 
customers’ profiles, travel behaviour, destination activities, etc.) 

• Customer perception & experience indicators (e.g. brand awareness, tourists’ 
judgment of destination areas, value for money, customer satisfaction, loyalty). 

Through a business process oriented multi-dimensional data modelling approach these 
indicators are assigned to sequential destination processes, namely ‘Web-Navigation’, 
‘Booking’ and ‘Feedback’ (Höpken et al. 2013). Each process is composed by the main 
variable(s) of analysis and their context (dimensions). By identifying ‘common 
dimensions’ across different business processes, this procedure allows DMIS to provide 
analyses across various processes, thus, to join so far disconnected knowledge areas 
(Höpken et al., 2015). Information extraction, transformation and loading (ETL) is 
based on the Rapid Analytics BI® server, while the DMIS cockpit is developed as html-
based web application.  

 

4 Results 
All critical concepts, like the definition of  knowledge requirements, data extraction, 
data warehousing and user-interfaces, have been technically validated, tested and 
implemented as a genuine novelty at the leading Swedish mountain destination Åre 
(Fuchs et al., 2014; Höpken et al. 2015). The DMIS prototype provides dashboards and 
OLAP analyses and comprises web-search, booking and feedback data from the DMO 
(Åre AB), the major destination operator (SkiStarÅre), and various accommodation 
suppliers. Exemplarily for the business process ‘Booking’, Fig. 3 shows a dashboard 
with cross-supplier analyses of booking data, offering typical benchmarking 
capabilities. The booking share of different accommodation providers is shown for 
various customer groups (based on their past order amount).  
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Fig. 3 DMIS dashboard: analysis of booking data (process: Booking) 

 

The ‘Navigation’ process includes data with respect to the web search and customers 
navigation behaviour on destination suppliers’ websites. In DMIS, a cross business 
process analysis is available: the relationship between web-sessions (Web Navigation 
process) and actual bookings (Booking process) is graphically presented over time (Fig. 
4). For the whole destination and for individual suppliers, the correlation between 
searching and booking pattern can be recognized, what is especially useful to forecast 
tourist arrivals from various sending countries.  

 

Fig. 4: DMIS: a cross-business analysis (processes: Booking & Navigation) 

 

Finally, the business process ‘Feedback’ embraces the most comprehensive data input, 
comprising destination brand equity surveys (Chekalina et al. 2014), real time feedback 
from Åre guests during stay provided by an e-customer registration and survey tool 
accessible via Quick Response Codes (Höpken et al. 2012), User Generated Content 
(UGC) (Schmunk et al. 2014; Menner et al. 2016), and finally, customer feedback based 
on surveys conducted by various destination suppliers. 
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5 Research Outlook 
   

It is planned to integrate also supplier-based data sources from the entire digital 
destination eco-system, including information on products and processes extracted 
from sources (i.e. web-sites) in the form of product profiles and availability information 
(e.g. booking engines). Thus, knowledge about suppliers’ service potential (property 
status), the complementarity of destination offers (market basket analyses), and their 
evaluation through tourists’ feedback will be gained. The DMIS cockpit will also 
provide visualizations for data mining processes, like classification, clustering, or 
prediction (Mayer et al., 2015). A final future research goal comprises the application 
of real-time Business Intelligence to gain real-time knowledge on tourists’ on-site 
behavior as a valuable knowledge input for intelligent ubiquitous e-CRM applications 
in destinations (Kolas et al. 2015). 
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1 Problem Definition 
The advent of the era of big data has unambiguously transformed the tourism industry. 
However, the capacity to collect and analyse massive amounts of tourism data limits 
such a data-driven “computational tourism research” (Lazer et al., 2009).  In terms of 
sentiment research in tourism, most current studies focused on the formation and 
change of attitudes to tourism development using classical data analysis methods, such 
as structure equation modelling and content analysis.  Seldom research has concentrated 
on large-scale news sentiment analysis using text mining and classification algorithms.  
In this study we present our initial attempt to this direction.   

Particularly, we are interested in analyzing the Hong Kong news sentiment polarity 
towards mainland Chinese tourists.  This context is elaborately selected for the two 
reasons.  Firstly, although growth of mainland Chinese tourists contributes a lot to the 
economy in Hong Kong, unprecedented fast-paced tourism development and more and 
more frequent interactions between tourists and local residents can bring considerable 
challenges to Hong Kong.  Understanding public sentiment towards mainland Chinese 
tourists could shed important insights for Hong Kong policymakers and local business 
community.  Secondly, Hong Kong is small yet enjoys a highly developed media 
environment. Thus, the local-tourist interactions have been well covered by the public 
media. Therefore, the particular social and media environment creates an interesting 
and meaningful setting for our work.  

 

2 Related Literature 
Understanding how tourists and local residents view and react to tourism development 
is one of the most important topical areas in the tourism literature. News is one of the 
most influential sources to get such information.  In tourism and hospitality research, 
news sentiment has been analysed in domains of destination image (Castelltort & Mder, 
2010), tourism crisis management (Stepchenkova & Eales, 2011), events 
tourism(Robertson & Rogers, 2009), tourism policy (Wu, Xue, Morrison, & Leung, 
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2012), local community’s reaction (Hwang, Stewart, & Ko, 2011), tourism planning 
(Peel & Steen, 2007), and so forth.   Three famous theoretical models, i.e., agenda 
setting, priming, and framing, have been adopted in these studies (Scheufele & 
Tewksbury, 2007).  However, most of them focus on classical social science research 
methods.  Large-scale sentiment analysis of news is still absent from tourism research.  

Sentiment analysis tries to identify and analyse opinion and emotions (Liu, 2012). There 
are two kinds of sentiment classification forms include binary sentiment classification 
and multi-class sentiment classification.  There are five main problems for sentiment 
analysis: Document-level sentiment analysis, sentence-level sentiment analysis, aspect-
based sentiment analysis, comparative sentiment analysis, and sentiment lexicon 
acquisition. In recent years, tourism researchers have conducted sentiment classification 
to analyse various of domain textual data which focus mainly on electronic word-of-
mouth (eWOM) of tourism products, such as online reviews on hotels(e.g., S. Liu, Law, 
Rong, Li, & Hall, 2013), restaurants (e.g., Kang, Yoo Seong, & Han, 2012; Zhang, Ye, 
Zhang Ziqiong, & Li, 2011), and travel destinations (e.g., Li, Ye, Zhang, & Wang, 2011; 
Ye, Zhang, & Law, 2009).  

 

3 Methodological Approach 
We employed a four-stage approach to conduct the large-scale news sentiment analysis. 
The four stages were data collection, model selection, sentiment classification and post-
hoc analysis. In the stage of data collection, we fine-tuned WiseNews database search 
keywords and developed Python-based program to transform and clean the text of news 
articles. WiseNews database is the largest newspaper collections in the region of 
Greater China.  Due to the fact that there is no benchmark dataset for Hong Kong news 
sentiment analysis, we had to manually annotate news polarity (with positive news as 
1 and negative news as 0) and to create a labelled news dataset for model selection.  We 
randomly selected 1000 news articles for annotation, and two local residents were 
employed to annotate the news to ensure the reliability of the coding process.   

In the stage of model selection, unstructured textual data were transformed to structured 
data which could be applied to classifiers. To handle the news written in multiple 
languages, we developed a customized dictionary and a mixed stop word list to pre-
process these documents.  For document representation, we compared different 
approaches for feature identification, feature selection and feature weighting.  To 
optimize algorithm parameters and select classifiers, we adopted the 10-fold cross 
validation and select F-measure as the performance indicator. We compared three 
sentiment classification models: k-nearest neighbour (kNN), Naïve Bayes (NB), and 
Support Vector Machine (SVM).  

In the stage of sentiment classification, we applied the selected model with optimized 
parameters to classify news articles into positive and negative polarity.  The sentiment 
polarity of each article is predicted, as well as the related confidence coefficient. 

In the stage of post-hoc analysis, we aggregated the data by different time intervals and 
conducted descriptive statistics and predictive statistics to describe the resulted 
sentiment polarity.   
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4 Results 
We finally collected 72,755 news articles related to mainland Chinese tourists.  These 
articles were from 19 Hong Kong local newspapers, ranging from the year of 2003 to 
2015.  

Based on 1,000 labelled news articles, we finally selected SVM classifier with linear 
kernel function as the classification model.  The average F-measure of our sentiment 
classification is as high as 91.5%.  In contrast, the F-measure one of the most popular 
sentiment analysis software, Semantria, is around 66% on average.  Therefore we 
believed that our model had achieved required performance to classify the full news 
dataset.  

The sentiment analysis results of the full news articles show that there are 44,766 
positive news and 27,989 negative ones during the year of 2003 to 2015.  The mean 
sentiment polarity value is 0.64, which means that in general 64% news articles are 
positive regarding to mainland Chinese tourists.  During the past 13 years, the year of 
2009 has the highest sentiment polarity value with 0.80, and the year of 2013 has the 
lowest polarity value with 0.42. 

   

5 Research Outlook 
With the coming age of smart tourism, we believe there will be a paradigm shift from 
classical tourism research to computational tourism research.  There is an ongoing trend 
to utilize computational methods to solve managerial problems in tourism and 
hospitality.  For tourism sentiment analysis, we will further improve the performance 
of sentiment classification algorithms for different types of data formats.  We will also 
monitor sentiment trends across time and locations, and conduct in-depth analysis of 
sentiment results to identify the relationship between sentiment polarity with 
demographic and behavioural patterns of tourists and local residents.   
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1 Problem Definition 
The importance of the Internet is demonstrated by high levels of Internet penetration 
(Block et al. 2013) and of high online activity for the search and buying of products 
(Seybert 2012). The Internet has also increased e-commerce activity in tourism with 
rising numbers of transactions, especially in air traffic where one cannot deny the 
presence and power of OTAs roughing up the market (Xiang et al. 2015). Air travel has 
become a multi-channel world, making it more difficult to track consumers and identify 
their search and booking patterns (Holland et al. 2016).  

Search is a powerful element and done by a lot of people every day which is why it is 
a key driver in online markets and essential to develop marketing strategies. The 
ubiquity of the Internet leads to new research streams and questions, especially as it is 
a major driver of the search process. Online search is a crucial activity of the customer 
journey because search processes influence the purchase decision of a consumer (Kotler 
et al. 2008). In the airline and tourism sector, flight search has changed over the past 
decades and become an online activity. Not only a vast majority of websites 
mushroomed, but also the possibility of comparison has become easier and quicker 
(Jepsen 2007). According to Google, over 90% of airline tickets are searched for online 
(Google 2014).  Companies need to be aware of how their customer base evolves, 
changes and looks for information. This is why tourism principals as well as 
commercial market research organizations collect consumer data (Fuchs et al. 2015). 
Online panel data provides an accurate and aggregated data level which gives insight 
into real consumer behaviour and current market situations (Bermejo 2007). In contrast 
to interviews or questionnaires, panel data does not consist of reported behaviour but 
rather tracks real consumer behaviour thus making a more detailed and accurate 
analysis possible (Göritz et al. 2002). Airline search behaviour is tracked across 
multiple competitor websites by using online panel data to measure and evaluate 
consumer behaviour in a well-developed US market. 
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2 Related Literature 
The advent of big data and new research methodologies create new research 
opportunities (Göritz et al. 2002). Online panel data is an important type of big data 
(Meyer and Stobbe 2010, Lohse et al. 2000). Although online panel data is relatively 
new, the concepts of panel data research are well established in market research 
(Wierenga 1974, Zhang et al. 2006). It has major advantages over traditional surveys 
and small sample research projects in terms of its accuracy, extensive sample size, 
multiple website use, international and cross-sector scope (Holland and Mandry 2013). 
It generates a much broader representation of consumer behaviour and can be used to 
build and test more realistic models of search behaviour, e.g. consumer search across 
several competitors and the use of price comparison engines in a particular market such 
as airlines or insurance.  

There has been relatively little work on online search behaviour. Pre-Internet, Hauser 
and Wernerfelt (1990) found relatively high consideration sets in marketing, and 
economic theory predicts that the Internet will reduce search costs and therefore 
increase the level of online search. However, initial results indicate that online 
consideration sets are smaller than pre-Internet and may be declining (Johnson et al. 
2004, Holland and Mandry, 2013). Furthermore, Bakos (1997) predicts less time spent 
in electronic markets for search. This highlights an interesting and significant result and 
raises further questions about how search patterns vary between different products and 
industries. The hypothesis is that for the US airline sector people do less search than 
they do in conventional markets. 

Few researches exist investigating airline search behaviour on an international basis 
(Holland et al. 2016, Öörni 2003, Zhang et al. 2006). Holland et al. (2016) provided a 
search model to distinguish between search on OTAs, Airline websites or a 
combination of them. Their conclusion is that search on OTAs do not substitute but 
rather encourage further search behaviour if they are included in a search session. Their 
results show that search is limited and people do visit only a small number of websites, 
contrary to pre-Internet forecasts (Bakos 1997). The number of websites, also called 
consideration set (Brown and Wildt 1992), ranges between 2 and 3 (Holland and 
Mandry 2013) compared to pre-Internet researches showing much higher search results 
(Hauser and Wernerfelt 1990). Öörni (2003) found much more time spent online to 
conduct flight searches, ranging between 123-135 min compared to pre-Internet 
conditions, ranging between 81-86 min. As the online market has evolved, our 
hypothesis is that time spent per brand is lower compared to previous studies. 

From a theoretical point of view, we want to investigate how consumers behave and 
search for flights by measuring the online search effort in terms of (a) the consideration 
set, and (b) the time spent on search. The combination of the consideration set and time 
spent per brand provides a sophisticated measurement of search effort. How do 
consumers search on the various options and what brands can be included in the 
calculation of the consideration set? Our hypothesis is therefore that consumers spent 
less time searching in terms of time spent per brand and consideration set size online. 
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3 Methodological Approach 
We use online panel data from ComScore, a world leader in the commercial field of 
digital intelligence. The total panel size of comScore is approximately two million 
worldwide and one million in the US. In the Internet era, research is in the very early 
stages of using online panel data to investigate search behaviour and online 
consideration sets (Lohse et al. 2000, Holland and Mandry 2013). We consider an 
analysis of consideration set, and search time per brand as metrics of search behaviour 
(Schaninger & Sciglimpaglia 1981, Gregan-Paxton & John 1995). The number of 
brands visited by customers is used to calculate the average consideration set. We chose 
the US airline market for our data sample as the US is the largest and arguably one of 
the most advanced e-commerce markets in the world. The major 15 US airline brands 
are included in the sample which was collected for the period of a whole month 
December 2014.  

 

4 Results 
The results are significant (p<.05 and p<.001) and show limited effort in terms of online 
search behaviour. The consideration sets are relatively small, ranging between 2 and 3 
websites. Time spent online is between 16 and 17 min per website. The results support 
earlier findings from the researchers investigating the German market and from other 
researches (Holland and Mandry 2013). Compared to Öörni’s (2003) experiment and 
contrary to Bakos (1997) prediction, time spent online is much lower.  

 

5 Research Outlook 
The strength of this research is the multi-level analysis and combination of online panel 
data using a very large, international data set, in a subject area that is of high economic 
importance, of theoretical significance and which has high managerial relevance to 
practising managers in ecommerce and technology companies. Search behaviour is a 
recent and imminent research topic for online strategies and marketing efforts and can 
be further investigated. Of further interest would be how consumers switched from one 
website to another or where they did start their search session – on an OTA or airline 
website? Moreover, as mobile devices are the focus of many companies, those should 
be actively considered in academic research projects. Only few researches exist so far, 
including mobile devices and search behaviour as their focus (Kamvar & Baluja 2006). 
In addition, researchers should focus on demographical aspects related to search 
behaviour as well (Kim et al. 2011), as they are the key to target consumers with 
adapted advertisements in tourism and other industries. Some research does exist, 
however, the combination of demographical aspects in relation to mobile devices and 
search behaviour is a promising and important area in the field of tourism that needs to 
be covered. 
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1 Problem Definition 
The Web has become the major source for pre-trip information gathering for travellers 
and today a considerable fraction of travel bookings is done online. In the context of 
accommodation services, a number of dedicated hotel booking platforms exist on the 
market, e.g., Booking.com or HRS.com. One of the major assets of such booking sites 
and of review platforms like TripAdvisor is that their information systems hold millions 
of customer reviews and ratings for a large set of hotels. This rating and review 
information helps them attract information seekers to their sites who will eventually 
make their next travel booking on the site as well. 

In the described information seeking scenario, the numerical feedback of the traveller 
community is aggregated to average ratings for the hotel as a whole or for individual 
quality criteria. The reviews are organized in way that users can easily evaluate them, 
e.g., based on their overall rating or their helpfulness according to other users 

The possibly large amount of community-provided data can however be used for 
additional purposes than just being a collection of user opinions prepared for manual 
inspection. In (Jannach et al., 2014), we have particularly focused on the use of "multi-
criteria" rating information for the problems of customer analysis and automated 
recommendation. 

 

 
Fig. 1 Multi-criteria Rating Feedback on TripAdvisor.com 

 

Figure 1 shows a fragment of a multi-dimensional customer rating from the 
TripAdvisor website where users cannot only leave an overall rating and 
recommendation but evaluate a hotel on a number of different quality dimensions. In 
our research, we have investigated the following questions: 

• Can past multi-criteria rating data help us identify the most important quality 
criteria for different customer segments? 
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• In the context of automated recommendations, can "machine-learned" hotel-
specific and user-specific importance estimates for the different quality 
criteria help us to make more accurate predictions whether a user will like a 
certain hotel or not? 

 

2 Related Literature 
The research literature on general customer satisfaction analysis is huge. Our work is 
mostly related to approaches that aim to understand through quantitative analyses 
which quality attributes of a product or service contribute to the overall satisfaction of 
the customers. This in turn should help us to prioritize product or service improvements 
(Fuchs and Weiermair, 2003; Fuchs and Weiermair, 2004; Johnston, 1995; Matzler et 
al., 2003; Matzler and Sauerwein, 2002; Mikulic and Prebeac, 2008). 

The proposed recommendation approach falls into the category of collaborative 
filtering techniques which leverage the "wisdom of the crowd" in the recommendation 
process. Specifically, our work continues previous works in multi-criteria techniques 
as proposed in (Adomavicius and Kwon, 2007; Gedikli and Jannach; 2013; Liu et al., 
2011; Jannach et al., 2012). The technical innovation of our approach lies in the parallel 
estimation of user-specific and item-specific preference weights which are then 
combined by estimating the relative importance of the two models in the prediction 
phase through an optimization procedure. 

 

3 Methodological Approach 
Different statistical analyses and simulations were done using historical review data 
from TripAdvisor. Structural Equation Modeling (SEM) was applied to test the 
hypothesized relationships between the model variables for each customer segment 
(Steenkamp and Baumgartner, 2000). This, for example, helps us to determine to which 
extent the cleanliness of an accommodation has an "impact" on the willingness to 
recommend the hotel. Multiple regression was applied to determine the importance 
weights for four traditional customer segments (Weiermair and Fuchs, 1999). 
Furthermore, we applied the Penalty-Reward-Model (Kano, 1984) on the data to 
understand in which ways the different hotel factors contribute to the perceived quality 
perception of the customers. In particular, this analysis helps us determine if some 
factors are more or less expected by the customers and, on the other hand, if there are 
excitement factors that service providers could focus on to obtain a competitive 
advantage. 

To assess to which extent the detailed customer ratings can help us to make better 
automated recommendation, we developed a technical approach where we learned 
regression models using Support Vector Regression machines (Drucker et al., 1997) for 
each user and each hotel which we then combined in a weighted approach. We validated 
our outcomes on a second dataset from the HRS.com platform and further applied a 
feature selection technique to filter out dimensions that contain noise. 
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4 Results 
Satisfaction Analysis: The determined coefficients of the SEM model yielded high 
explanatory power. The results indicate that the quality domains room quality, 
cleanliness, and service have the strongest influence on the overall hotel rating which, 
in turn, significantly affects the willingness of the user to recommend the hotel. Across 
all segments value for money and room quality are important factors. The latter aspect, 
along with the location factor, seems to be particularly relevant for young tourists 
whereas value for money – not surprisingly – governs the overall evaluation for budget 
family tourists. The Penalty-Reward-Analysis did not lead to the identification of a 
clear excitement factor across all tourist segments and the results indicate that the basic 
requirements and factors that drive customer satisfaction can differ quite strongly 
across the segments. General Service Quality was found to be the only possible 
excitement factor through the model for budget family tourists. 

Recommendation Accuracy: A comparison with existing approaches to generating 
automated recommendations based on multi-criteria customer ratings, e.g., from 
(Adomavicius and Kwon, 2007) showed that our regression-based technique leads to 
higher recommendation accuracy than existing approaches both in terms of the Root 
Mean Squared Error (prediction error) as well in terms of the information retrieval 
measures precision and recall (ranking error). The results on the HRS data furthermore 
confirmed the importance of the value for money aspect. In addition, the general hotel 
ambiance was particularly relevant for users of the HRS platform. 

 

5 Research Outlook 
Selection of Quality Dimensions Our results are based on datasets consisting of ratings 
for a pre-defined set of quality dimensions. The set of dimensions for the two 
considered cases (TripAdvisor and HRS) are partially overlapping, but the HRS rating 
system provides twelve different dimensions. Booking.com, like TripAdvisor, has six 
categories, but there are small differences. The question arises, which quality domains 
are the most relevant ones. Asking the users more questions as in the HRS case can lead 
to noisy data when they are overwhelmed by the amount of information they should 
provide. It is furthermore not clear if users interpret the rating dimensions correctly or 
in a similar way. More research is in our view required to determine the set of quality 
dimensions that leads to the most accurate and useful information from a business 
perspective, where the set of chosen dimensions is not necessarily static but can depend 
on item (e.g., business vs. family hotel) or user characteristics. 

Textual Reviews and Social Web Sources Our work is based on quantitative feedback 
from travellers. In recent years, a variety of approaches was proposed in the research 
literature to automatically determine the sentiment of textual reviews and to learn 
positive and negative aspects mentioned in the reviews. A combination of these 
extracted information and explicit rating information could help to address the 
previously mentioned issue that users can misinterpret the predefined set of quality 
dimensions. Furthermore, users today leave feedback on touristic items not only on 
booking platforms but also on different social networks. Harvesting this data and 
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leveraging it in combination with existing rating data for customer satisfaction analysis 
and recommendations can represent another direction for future works. 

Persuasive Recommendations Finally, since our analysis reveals that the relative 
importance of the different quality factors can vary across touristic segments, one could 
try to leverage this information for developing more persuasive recommendations, e.g., 
by providing personalized arguments or explanations to the customers, why a 
recommended hotel is specifically suited for their preferences (Zanker and Ninaus, 
2010; Gedikli et al., 2014).  
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1 Problem Definition 
Tourism managers have long been seeking insights into travel behaviour for the 
purposes of destination management, product development, and attraction marketing 
(Li, Meng, & Uysal, 2008). However, it requires planners to know about tourist 
preferences, daily itineraries, and the factors that influence them. Movement 
information can also be used to identify bottlenecks and unnecessary barriers in the 
flow between accommodation and attractions, or any other tourist destinations 
(Prideaux, 2000). However, both researchers and managers still find it difficult to fully 
capture and understand the travel behavior of international travelers. The difficulties 
are due to the Information Capture and the Travel Preferences.  

Recently, advances in multimedia and mobile technologies have allowed large volumes 
of user-generated data, such as travel photos, to be created and shared. Many photo-
capturing devices, like smartphones and tablets, now have built-in global positioning 
systems (GPS) technology which enable geographical information to be stored as 
metadata with each photo a user takes. Those geotagged photos, allow the spatial-
temporal movement trajectories of the user to be inferred. Containing millions of 
geotagged photos, Flickr (www.flickr.com) is a rich data source for mining tourist 
travel patterns (Lee, Cai, & Lee, 2013; Zheng, Zha, & Chua, 2012). Research into the 
nature and applications of georeferenced multimedia is an emerging topic in Computer 
Science (Zheng et al., 2011), with many attempts having recently been made to develop 
tools and techniques for data mining (Kalogerakis, Vesselova, Hays, Efros, & 
Hertzmann, 2009; Yanai, Kawakubo, & Qiu, 2009; Yanai, Yaegashi, & Qiu, 2009). It 
will, therefore, be advantageous for tourism researchers to adopt these advanced 
technological developments when studying travel behavior. 
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2 Related Literature 
Since GIS was firstly introduced, many studies have used it to explore the movement 
patterns of tourists (Lau & McKercher, 2006). For instance, Wu and Carson (2008) use 
GIS to identify multiple destination travel behaviour for travellers in South Australia. 
McKercher and Lau (2008) apply it to examine the movements of tourists within an 
urban destination in Hong Kong, and identify 78 discrete movement patterns. Attempts 
have also been made to study tourist travel behaviors using these methods. For instance, 
Hwang, Gretzel, and Fesenmaier (2006) examine international tourists' multi-city trip 
patterns within the United States. 

Advances in information technology, especially the introduction of GPS technology 
and mobile photo capturing devices, now allow for geographical information to be 
available and stored in a photo tag. Computer Science researchers have therefore started 
to develop techniques for using these geotagged photos given that they are now made 
publicly available on many photo-sharing sites such as Flickr and Paranomia (Kennedy, 
Naaman, Ahern, Nair, & Rattenbury, 2007). For instance, Jaffe, Naaman, Tassa, and 
Davis (2006) attempt to develop a technique that automatically summarizes and 
visualizes a large collection of georeferenced photographs.  

 

3 Methodological Approach 
In this paper, we outline the data-collection process involved in extracting geotagged 
photos from Flickr. Then, we discuss a number of specific challenges which need to be 
addressed in order to analyse this kind of data. While the massive volume of shared 
photos available on Flickr is a comprehensive resource for studying travel behaviours, 
the data can be noisy or misleading, especially when many photos have been taken in 
transit rather than at the attractions themselves. In addition, the sequence of photos, in 
some situations where tourists move from one attraction to another, implies mobility 
information, which is a key to inferring personal activities, intuitions, and goals. 
However, photos are static media, while travel behaviours are dynamic. The photos 
should therefore be transformed into a suitable representation for the travel analysis 
task. Therefore, we introduce two relatively new data mining techniques, based on 
density clustering and the Markov Chain, to tackle these issues. 

 

4 Results 
4.1 AOI Identification 

Hong Kong Central and the Tsim Sha Tsui area are the two most popular destinations 
for tourists in both groups, as shown by their ranking as first and second. Hong Kong 
Central is the central business district and the “heart” of Hong Kong, while the Tsim 
Sha Tsui area is a major tourist hub in the metropolitan area with many shops, 
restaurants, and a good view of Victoria Harbor. 
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Western tourists show more interest in the Peak Tower (third) and Center Mong Kok 
(fourth) than in Times Square Towers (fifth) and Hong Kong International Airport 
(sixth). Asian tourists show the opposite trend, as indicated by their ranking of Times 
Square Towers and Hong Kong International Airport as more popular than the Peak 
Tower and Center Mong Kok. 

It is interesting to see that the Tian Tan Buddha Statue is identified as an AOI for 
Western but not Asian tourists. A possible explanation is that most Asian countries are 
likely to have somewhat similar cultural or religious sites such as temples, shrines, or 
Buddha statues. Asian visitors may, therefore, not be interested in seeing similar things 
when visiting Hong Kong. On the other hand, Western people are likely to be interested 
in exploring Asian culture, and the Tian Tan Buddha Statue is one such symbol. 

4.2 Tourist Movement Analysis 

Asian tourists are likely to flow to Hong Kong Central from the surrounding areas. 
Tourists in Center Mong Kok tend to visit Tsim Sha Tsui next with a probability of 
above 0.5, while some chose to travel on directly to Hong Kong Central. Considerable 
tourist flow is found from Hong Kong Central and the Times Square Towers to Tsim 
Sha Tsui with probabilities of 0.44 and 0.307, respectively. 

There are some differences between Western and Asian tourists. Namely, Tourists from 
Asian countries tend to visit Hong Kong Central right after Center Mong Kok ( with a 
probability of 0.678), while some travel in the opposite direction. Western tourists are 
more likely to visit Tsim Sha Tsui (probability of 0.579) than Hong Kong Central 
(probability of 0.316) after Times Square Towers. Some tourists visited Tsim Sha Tsui 
immediately after the Peak Tower. 

4.3 Tourist Activity Analysis 

Asian tourists appear to be arriving or departing during the daytime (10:00 - 17:00), 
whereas Westerners may travel at any time.  

Tourists in both groups are likely to visit Hong Kong Central between 11:00 and 16:00. 
In particular, the peak time for Asians is at noon, while the busiest time for Westerners 
is 15:00.  

Tourists are likely to visit Tsim Sha Tsui area in the late afternoon and evening. Asian 
tourists are most likely to be there at 17:00 and 21:00, While Western tourists visit most 
often at around 20:00. Similarly, the busy time for Times Square Towers is in the 
afternoon.  

Similar visiting patterns to Center Mong Kok are found for both Asian and Western 
visitors. Both groups demonstrate a peak visiting time at this location of 16:00. They 
also have relatively similar visiting patterns for the Peak Tower, where the peak for 
Asian tourists is 19:00. 
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5 Research Outlook 
Since the collection of data from geotagged photo sets is not limited by factors of time 
and space, our future work will focus on analysing tourist travel behaviour on a larger 
scale (international or global). This will enable data from larger numbers of tourists 
across many years to be considered in order to model changes and trends in travel 
behaviour for different tourism markets. Besides the spatial and temporal information, 
the online travel photos can provide the textual and visual information. The information 
would have great potential for providing insight into travellers’ behaviour, which can 
then be further explored in further research. Moreover, the analysis can be carried out 
with more detailed information about tourist profiles such as gender and age. 
Depending on practical applications, future work can reveal deeper insight into tourist 
behaviours. 
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1 Problem Definition 
What is the foundation of smart tourism? At present, China has already put forward the 
concept of smart tourism with a high profile and is expecting to upgrade its tourism 
industry from a traditional service industry to a modern service industry through smart 
tourism and furthermore, promoting the informationization in all business areas of 
tourism industry. Therefore, the researchers need to perform an inspection in depth of 
the foundation of smart tourism and effectively combine their own expectation for 
smart tourism with China’s actual development of tourism informationization and help 
smart tourism become widely adaptable to the on-going development of tourism 
industry in China instead of making it lose vitality in a short term. 

 

2 Related Literature 
Prof. Ma believes that smart tourism is characterized by human-oriented, green, 
scientific and technological innovation. (Ma & Liu, 2011). Mr. Yao thinks that, through 
combining modern information technology with tourism services, tourism management 
and tourism marketing as well as putting tourists’ interactive experience as the center, 
the tourism resources and tourism information can be integrated systematically, 
developed and utilized to serve the public, business organizations and the government 
section, which helps these organizations enter a new stage of tourism 
informationization (Yao & Lu, 2013). Prof. Zhang thinks that smart tourism is based 
on the information communication technology of the new generation to meet 
personalized needs of tourists for high-quality and high satisfaction services, so as to 
realize the common sharing and effective use of tourism resources and promotes the 
integration of social resources (Zhang & Liu, 2012).  

Mr. Tang believes that smart tourism is an application of networking and intelligent 
data mining technology in tourism experience, industry development, and 
administrative management by systematic integrating, deeply developing and highly 
activating tourism and information resources. As a result, it is new business type facing 
the future (Tang, 2012). Mr. Mo believes that smart tourism relies on the information 
technology of new generation and it combines new types of technology with original 
ones, the aim of which is to build the perception layer, network layer and application 
layer. It efficiently uses public platforms to provide the platform application to the 
government, enterprises, tourists and residents, building highly informationalized 
modern tourism industry (Mo, 2013).  
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3 Results 
The smart tourism is the ubiquitous tour information service received by tourist 
individuals during a touring process. Tour information service is the summarization of 
the common attributes of smart tourism. However, not all of the information service 
falls into the scope of smart tourism. Only the ubiquitous tour information service, 
provided to individual tourists through initiatives based on the special requirements of 
the tourist individuals, could be referred to as smart tourism.  

One of the core connotations of smart tourism is tour information service. The second 
core connotation of smart tour is ubiquity, which means having or seeming to have the 
ability to be everywhere at once; omnipresent. The third core connotation of smart tour 
is the tourist individuals.  

 

4 Research Outlook  
Understanding smart tourism in the light of tourism information service accelerates the 
development of smart tourism and helps organizations or institutes grasp the direction 
of input precisely. The value of this paper is to correct the misunderstanding that smart 
tourism is only a technique application and return to realistic tourism informatization 
and try to use smart tourism to solve various problems and difficulties facing tourism 
information service, trying to maximize the value of current tourism resources and to 
achieve a qualitative change in the ways, channels and means of tourism information 
service (ubiquitous supply) by refined tourism information service brought by smart 
tourism.  

The value of this paper also lies in the aspect that the concept of smart tourism adapts 
to the broad environment of information consumption. In addition, this paper indicates 
a direction for the applications of big data in tourism. Smart tourism is a tourism 
information service for tourists. It forms massive instant data about the process of 
tourist information service and these data form a giant “data stock house” with tourist 
demographic data, tourism resources data, tourism management data and tourism 
marketing data.  
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1 Problem Definition 
After the Chinese government put forward “Internet+” in the early 2015, solid economy 
has gradually become informationized. With the advent of the big data age, AI, which 
is the abbreviation of “artificial intelligence”, has become a way solving practical 
information asymmetry problem. Considering about human beings, the Smart Tourism 
is reflected not only in the domestic tourists’ going out, but also in the foreigners’ 
coming in. How to avoid accidents and to solve safety issues in exotic traveling by 
using techniques of AI and big data has become a hot research topic of vital importance. 

WeChat, the most widely-used and mature social software in China, can achieve the 
functions of real-time dialogues and instant messaging between users, as well as 
platform-oriented information pushing. Thus, we hope to use the method of prototype 
design and demonstration to build up a WeChat service account, so as to help foreigners 
solve travel safety issues by using the characteristics of AI technology.  

2 Related Literature 
1. Our total demand is to meet the needs of foreign tourists on real-time translation, 

traveling safety and information transparency just under the platform of WeChat’s 
service account. And after specific analysis, we find that what we need to confirm 
first before the prototype design are as follows: WeChat public account is an 
application account which developers and businesses can apply for under the 
WeChat platform by QQ numbers. The owner of public account can achieve full 
range of communication and interaction through texts, pictures, voice and videos 
with specific user groups. And the public account is mainly comprised of three 
different types: service account, subscription account and enterprise account. 

2. When traveling in an unfamiliar place, people are always afraid of being trapped 
by language issues. And when accidents happen, how to know and call emergency 
numbers immediately is also of great need. At present, the WeChat public accounts 
helping foreign visitors are mostly unofficial subscription ones, which are usually 
dependent on low-efficient but high-cost artificial replies. 

3. Additionally, we can refer to some methods from the construction of AI robots, 
such as Microsoft Xiaoice, Cortana and Siri. Programmers can code to build a 
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database based on big data of the tourism industry. Then we use a way called “grab 
and match” which means that, after grabbing the key words in user's dialog, we put 
them into the appropriate database to match the intention. Through multiple rounds 
of interactions, we can get the user's real ideas and give a reasonable feedback. The 
specific coding and programing processes will be considered under the future’s 
specifically operational environments. 

3 Methodological Approach 
Prototype design and demonstration, which is also called prototyping, includes proof-
of-principle prototyping, form study prototyping, user experience prototyping, visual 
prototyping and function prototyping. It provides specifications for a real experiential 
conditions rather than a theoretical one. A prototype is a simple mobile model, a new 
system or program which is simulated and evaluated to test a theoretical process or to 
demonstrate knowledge. In this research, we chose a functional prototype consisting of 
both functional and appearance design.  

The most two common softwares in the prototype design are Axure RP and Microsoft 
Visio. The former has limited element icons, but it can operate the UX (user experience) 
between page switching; while the latter has more elements and is easier to learn, but 
weaker on the page switching. Thus we choose both two to ensure the perfection of the 
prototype. 

We demonstrate the process of prototyping by following steps: 

1. WeChat homepage display 

2. Service account display 

3. Function and feature design 

4. Html5 mini web design 
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The above picture shows our main prototype design philosophy, which is of vital 
importance. We design the whole process into three parts, the database, the input 
wording and the output answer. Under the big data environment, many existing 
database of Q&A pairs are open. Programmers and developers can find different kinds 
of information from the public Internet by coding and programing, not only traveling 
Q&A pairs, but also dialogues and comments between friends on social networks about 
tourism. Thus, when we enter the wordings, programs will automatically crawl all the 
keywords, filter the real meaning verbs and specific nouns, and then put them into our 
database to match the Q&A pairs. Then our service account can show the corresponding 
pushing answers. This technology is usually used as the basis of the artificial 
intelligence robot. So if we can learn and refer the technology into tourism industry, 
then the WeChat public accounts will play a more extensive role according to the 
technical level. 

 

4 Results 
During the prototyping, we design a WeChat service account prototype through specific 
cases in order to solve the problems that foreign tourists may facing in China. Artificial 
intelligence technology is fully operational in our prototype design. Through the big 
travel data, we use keyword matching technology to grab the user's specific keywords 
and needs of the problem, so as to put in the database, match and push the corresponding 
answers. 

When users need to translate, we propose two solutions to solve the problem and the 
wordings are required to translate the two cases: If users need to translate their own 
problems, they only need to add "trans" before what they say in the dialogue. The 
program will automatically switch into the translating mode, and the Q-translation will 
be pushed to users. Another case is that when the users obtain puzzled answers from 
our account, we will give a button at the end of each of our English answers so as that 
the users can press and get the translations directly. Thus they can bring the A-
translation to Chinese passers-by to obtain more detailed help. When foreign tourists in 
China encounter problems and need to call the rescue number, we also put forward a 
specific solution. Through the shortcut menu, tourists can click into the secondary page. 
Whether in the future users can directly call the phone or not, it will be based on the 
characteristics of WeChat platform. And for the embassy and tourist service centre 
information, we will also put them folded in the menu below. Users click on the menu 
at the corresponding information and will enter the corresponding page. 

Finally, the users who do not want to join the WeChat platform will be introduced to 
use the corresponding Html5 mini web. The small site will be integrated with all the 
information in WeChat service account so as to make our service more widely. 

 

5 Research Outlook 
With the development of big data, AI will gradually become an important foundation 
technique for BI development. The number of foreigners is growing. Every country is 
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facing great challenges of tourism safety. Also, how to push instant messages to public 
is another urgent problem Government and businesses faced. Through our prototyping, 
everyone may obtain new thinking, not only about establishing unified platform for 
information exchange, but also about pushing and searching issues through keyword 
matching techniques. We hope that in the future, the tourism industry will not only win 
intelligent progresses, but also achieve excellent user experience. We are looking 
forward to see the new development of smart tourism, especially the "Smart Tourism 
+" under the "Internet +" environment. 
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1 Problem Definition 
This study investigates the pressure of festivals on the urban transport network in the 
city of Harbin in China during the annual international ice festival in January. Within 
this city (as is the case in other emerging cities), the population size significantly 
increased over the past decade resulting in additional vehicles joining the daily urban 
traffic flow. Apart from daily life, successful events attract extra tourists and thus users 
of the network. During such events, transport problems aggravate, leading to significant 
negative local externalities (e.g. Albalate & Bel, 2010). The flow of tourists along with 
a growing number of trips by locals puts a serious challenge to the city’s transport 
system.  

 

2 Related Literature 
Several types of data are currently used for conducting studies on tourist travel 
behaviour and transport studies. Survey data, in some cases complemented with 
detailed movement traces (e.g. by GPS devices) are often used (e.g. Orellana et al., 
2012). This offers information on tourist experiences and movement patterns. However, 
privacy concerns, the burden imposed on respondents and the relatively high data 
collection cost lead to rather small samples of tourists being involved in the survey over 
a very short time interval. Recently, advances in multimedia and mobile technologies 
have allowed large volumes of user-generated travel photos to be created and shared, 
and subsequently analysed (see e.g. Vu et al., 2015). Geo-tagged photos with spatial-
temporal signatures allow inferring the movement trajectories of the corresponding 
individuals but the data is only limited to the level of locations, the detailed travel routes 
concerning road links as well as the actual traffic conditions along the routes are not 
revealed by the data. This research uses data collected by means of GPS devices 
installed in taxis. This data collection method implies no additional costs nor 
respondent burden and are an interesting way of complementing traditional data 
collection in transportation research, and in the analysis of travel demand and transport 
conditions at festivals in particular. In fact, the value and effectiveness of taxi GPS data 
for the estimation of traffic conditions and the modelling of travel demand can be shown 
(see e.g. Lu & Li, 2014 and many more). However, the data has so far not been explored 
for the city-wide analysis of the additional travel demand patterns generated during a 
specific festival, nor for the examination of the particular transport conditions in this 
period.  
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3 Methodological Approach 
Taxi passenger travel patterns on the urban road network are first modelled based on 
Global Positioning System (GPS) data collected from taxis, both during the festival and 
in a ‘normal’ period. From this, accommodation and visit zones that originate and/or 
absorb substantially more trips during the festival are identified. Next, zone pairs are 
detected characterized by high levels of additional travel demand but a low travel speed. 
Finally, the specific road conditions in the detected areas are further examined and 
optimal travel routes are determined.  

A preliminary step before starting the analysis consists of data cleaning and passenger 
trip identification. For each of the obtained passenger trips, four key variables are 
computed, i.e. the travel time, travel distance, travel speed and route directness. Next, 
the urban area is divided into zones along the latitude and longitude directions using a 
grid-based partition method. In addition to the spatial partition, the temporal dimension 
of the trips is classified into different time slots of the day, the specific day, the day of 
the week and the type of the day. Based on this, a passenger travel pattern matrix is 
constructed (showing the total number of trips between 2 zones (A and B), as well as 
the number of trips that either start in zone A or end in zone B). In a next step, the 
accommodation and visit zones with more trips during the festival than in the normal 
period (i.e. additional travel demand for several days higher than the threshold) are 
identified.  

Problematic zone pairs, characterized by high levels of additional travel demand during 
the festival but suffering from poor transport conditions and low travel speeds are 
detected. Finally, specific road conditions are examined and optimal routes discovered. 
To this end, map-matching occurs (based on the algorithm of Quddus & Washington, 
2015 for low-resolution data). The method assumes that vehicles follow the shortest 
path between a current GPS point and its previous point and a path searching algorithm 
is employed. The link with the highest score is chosen as the matched road to the current 
GPS point. For each of the obtained links, the average driving speed and average travel 
time along the link are computed. That way, the network consists of congested roads 
and less-used-roads (the latter constituting the partial network). To identify precise trip 
start or end locations in the study zone pair, a clustering process is applied. Finally, the 
optimal routes which have the shortest travel times (or distances) under the partial 
network are determined.  

 

4 Results 
The GPS data is collected from all licensed taxis in Harbin. The positions of the vehicles 
are recorded every 30 seconds during the day (every 2 minutes at night) generating data 
of 1.6 gigabytes in size and around 24 million GPS points each day. Compared to a 
‘normal’ month, in January, the total volume of taxi passenger travel demand rose 
considerably (15%) leading to a total of extra taxi trips of 1.96M across the whole 
festival period.  

In the data cleaning phase, 0.08% of the total points were eliminated (having 
coordinates equal to zero). The spatial partition resulted in 1600 regions (each being 
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1.87 km2 in size), and 5 time slots were used. 19 and 34 zones were identified as 
festival-accommodation-zones respectively festival-visitor-zones. These areas 
undertook more than 100 additional passenger trips per day for at least 91% of all the 
festival weekdays. Next, 55 zone pairs were identified as festival-travel-demand-zone-
pairs. 48 from the 55 zone pairs undertake high additional travel flows but suffer from 
travel speeds lower than 20km/h on 91% of all the festival weekdays. They are thus 
diagnosed as festival-transport-problem-zone-pairs. In the paper, the pair with the 
highest level of additional travel demand (+49.5% passenger trips) during the festival 
is analysed in more detail to propose an optimal route (i.e. a shorter travel distance and 
time).  

 

5 Research Outlook 
From a theoretical perspective, common and interesting techniques used to analyse 
traditional travel data (e.g. diaries or road sensor data), such as travel demand 
modelling, transport network analysis, map-matching, clustering and shortest path 
searching are integrated and applied to a large set of GPS data. In the future, apart from 
the detection of optimal routes that connect the festival-accommodation-zones and 
festival-visit-zones, the method can be applied to search for efficient paths between the 
festival-visit-zones and the hotel-zones characterised with low increase- in-hotel-
occupancy-rates, attracting more tourists to lodge there.  
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1 Problem Definition 
The global environment, society and economy are parts of a complex networked system 
or even of a complex network of interacting systems. Tourism has been recognized as 
an interdisciplinary field that affects stakeholders of many domains, e.g., transportation, 
accommodation, gastronomy, trade and industry. Therefore, tourism can be supposed 
(and even represented) as a networked system of tourism-related aspects (e.g. 
stakeholders, economic drivers) and mutual influences and dependencies between those 
network components (cf. Scott et al., 2008; Baggio & Cooper, 2010; McLeod & 
Vaughan, 2014 etc.). From a systems perspective, the tourism domain can be seen as a 
complex system (Mitchell, 2011). 

For touristic decision makers and tourism professionals, it is of vital importance to 
recognize relevant changes in their business domain (the tourism system) early enough, 
e.g., changes of factors that are relevant for tourists’ travel decisions. The questions, 
however, are how to identify, to integrate and to model heterogeneous influence factors 
in a way that a) human decision makers can easily understand, and b) allows for 
computer-based simulation and diagnoses to aid decision making. 

In this respect, the advent of novel (big) data and information sources is assumed to 
bear great socio-economic potential (Probst et al., 2013), but also poses challenges 
concerning selection and overview of relevant information and interrelationships. 

While the European Commission's Virtual Tourism Observatory (VTO)1 provides a 
valuable resource for (traditional) tourism-related indicators, there is still potential for 
meaningful and practically applicable representations of complex relations among 
influence factors stemming from different domains, as has been shown in related 
literature. 

 

2 Related Literature 
Several researchers have been claiming for the importance of adequate tourism 
knowledge representation. Gretzel & Fesenmaier (2004) conceptualized and reported 
on an interorganizational, knowledge-based tourism information system. The book of 

1 European Commission. Virtual Tourism Observatory (VTO),   
https://ec.europa.eu/growth/tools-databases/vto/ [last access: 2016/03/15]. 
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Scott et al. (2008) is based on the notion of destinations as networks of stakeholders 
(cf. Baggio & Cooper, 2010) and presents several network analysis and knowledge 
management approaches (see also Zehrer, 2011) for improving a destination’s 
knowledge base and, therefore, its competitiveness. Hjalager (2010) points out the 
importance of adequate knowledge representation for tourism innovation research. Just 
recently, a strongly related book titled “Knowledge Networks and Tourism” appeared 
(McLeod & Vaughan, 2014). Dolnicar & Ring (2014) argue that research approaches 
in tourism marketing concerned with deepening the understanding of cause-effect 
relations as base for strategic principles are rare. Addressing the latter aspect, especially 
in the academic world, structural equations models (SEM) (Kline, 2011) are 
representing a widely adopted research method for investigating interrelations of 
aspects in tourism (Nunkoo et al, 2013). 

 

3 Methodological Approach 
Based on previous work by Pichler (2012) and aforementioned analyses of related 
work, ongoing research investigates comprehensible formal representations of complex 
interrelations of aspects in tourism (Pichler et al., 2014). The overall research challenge, 
to which this work contributes, is about identifying relevant tourism knowledge 
artefacts and finding a suitable way to represent existing tourism knowledge in an 
integrative way. The introduced research is aiming at developing a tourism knowledge 
model for understanding and learning, and supporting tourism professionals with 
decision-making. Using this model, tourism professionals shall be provided with novel 
insights that are acting as foundations for investment decisions, e.g., how much effort 
and budget to invest in a specific communication channel to adequately reach a desired 
target group.  

The knowledge model is envisioned to integrate a) existing tourism data (like those of 
VTO mentioned earlier), b) implicit tourism expert knowledge, and c) novel influence 
factors extracted from Web 2.0/ social media and further (big) data sources, to allow 
for interactive analyses of (complex) relations.  

With Bayesian networks (BN) (Pearl, 1985), a modelling approach that has been mostly 
neglected by tourism research so far is being investigated. BNs represent a specific kind 
of probabilistic graphical models (Koller & Friedman, 2009) and seem to be especially 
suitable for analysing mutual influences between diverse travel and tourism-related 
aspects. 

A previous work reported on three potential approaches for the development of a BN-
based tourism knowledge model. These are: 1) manual extraction and integration of 
model components from previous (SEM) studies, 2) linkage of existing structural 
equation models to Bayesian networks, and 3) semi-automated Bayesian network 
model learning from tourism (big) data sources (Pichler et al., 2015). 

With data mining and machine learning techniques, an initial BN model structure, based 
on available tourism (big) data sources, is created. In a next step, (human) tourism 
experts are refining and validating this model structure. 
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Conrady & Jouffe (2015) described an especially interesting approach that generates 
so-called probabilistic structural equation models (PSEMs) from data. In addition to the 
traditional SEM approach, the integration of BN features allows for interactive what-if 
analyses and diagnoses of modelled relationships. 

 

4 Results 
The objective of an ongoing case study is the development of a BN-based tourism 
knowledge model that enables tourism professionals to carry out interactive decision 
analyses. In the current phase, the focus is laid on a web page access and booking 
monitoring tool for optimizing website quality and marketing expenditures.  

 

 
Fig.  1 Example of an unsupervised machine-learned Bayesian network model of web page access 

and booking data using BayesiaLab2 software 

 

The example model shown in Fig. 1 has been created by a data-driven approach through 
machine learning a BN structure and its parameterization based on web page access and 
hotel booking engine data. A next step foresees refinement and extension through 
human experts. 

 

5 Research Outlook 
The identification and integration of relevant (big) data sources for building a 
meaningful tourism knowledge model turned out to be critical tasks. Therefore, future 
work will be dedicated to a) automated integration and analysis of (big) heterogeneous 

2 http://www.bayesialab.com/ 
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data sources, and b) finding ways for maintaining a knowledge model that is able to 
cope with dynamically changing and appearing sources and evidences. For this, SCCH 
can build on widespread expertise concerning corresponding methods and technologies 
(Pichler et al., 2004; Natschläger et al., 2005; Steinmaurer et al., 2014; Stumptner & 
Freudenthaler, 2015; Stumptner et al., 2015), and also aims at further deepening the 
knowledge gained in the insightTourism research project (Pichler et al., 2014; Pichler 
et al., 2015; Pichler et al., 2016). 
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1 Problem Definition 
Destination marketing and management has, since its inception in the early 1970s, been 
a major challenge for actors and organizations in the private and public sectors in tourist 
destinations. Lack of specific knowledge of what and when visitors do in a place and 
where they continue their trip is – among others – one of the major issues for the actors. 
Actors have limited information but also few indications on which initiative and project 
may have an impact on the demand side. At the microeconomic level, tourism 
companies need not only more relevant qualitative but also timely (nearly real-time) 
quantitative information on customer flows and behaviour in order to make efficient 
business decisions. Mobile data are the almost only way to fulfil these two major 
objectives. 

This research firstly exhibits the results of the pilot project “Monitour” financed by the 
University of Applied Sciences Western Switzerland Valais (Institute of Tourism, 
2012) which was carried out at the regional level in Fribourg and Valais (Switzerland). 
Some advances in terms of the estimation of tourism frequentation and the possibility 
to do produce data in pseudo real-time bases were tested.  Also, the estimation of day-
trippers seems to be encouraging but the matching of some traditional World Tourism 
Organisation categories, such as the differences between travellers and tourists are 
challenging. Problems linked to the geolocation of mobile users have also been quite 
challenging 

 

2 Related Literature 
The Monitour project was run contemporaneously with a Eurostat project (January 
2013 to June 2014) named “Feasibility Study on the Use of Mobile Positioning Data 
for Tourism Statistics” (Eurostat, 2013). “Monitour” has a different and somewhat 
larger scope than the European project; not only does target the feasibility issues but it 
also it aims to integrate mobile data into a forecasting process based on a series of flash 
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indicators (Croushore, Ruiz, & Scaglione, 2013). It complements therefore a research 
domain aiming at the estimation of tourism demand and frequentation with a number 
of so-called indirect indicators. A series of variables have been tested such as number 
of tickets in supermarkets, weight of collected garbage, traffic counts, meteorological 
forecasts in order to improve the estimation (“nowcast”) of the frequentation and 
forecasts (Scaglione & Perruchoud-Massy, 2012). The inclusion of mobile data will 
certainly increase the accuracy of these estimates and also will increase the pace of the 
estimates, ideally approaching real time. 

 

3 Methodological Approach 
There are three main research problems. On the one hand, the problem linked to the 
ambiguous nature of the data in terms of geolocation of mobiles. In fact, the mobile 
geolocation raw data is yielded by the position of antennas whose geographical scope 
can be very broad, sometimes covering more than one municipality. The mentioned 
European project assigned visitors’ mobile position to the geographical localisation of 
connected antenna. The aim of this project is to give an answer to this issue in a better 
and more reliable way by implementing data mining methods or by developing ad-hoc 
algorithms. The use of other information sources such as traffic counting from ASTRA 
(Bundesamt für Strassen, Switzerland), road sensors and frequentation data from hotels 
collected by the Swiss Federal Statistical Office (HESTA) seems to participate in 
solving to solve these issues. 

On the other hand, the validation of the strategic visitor flow theory (Beritelli, Reinhold, 
Laesser & Bieger, 2015) is the second central issue in this project. Different methods 
based on data mining techniques were tested, however they still deserve further care 
and improvement. 

 Finally, for what concerns the methodological approach, working with big data is a 
great challenge.  It presents two main issues from the technical point of view. Firstly, 
the storage problem and secondly the processing time in order to insure a pseudo real-
time handling of the data. During the “Monitour” project a proto structure for treating 
the data was implemented to insure the performance of treatment while respecting the 
confidentiality issues. 

 

4 Results 
This project contains the two following case studies. The flux-simulation of arrivals 
every 30 minutes by country of origin in the area of Bulle (FR) during the Benichon 
celebration in 2014 and during the Omega European Master Golf of Crans Montana the 
same year.  

Monitour project showed that the exploitation of mobile data opens access to timely 
and exhaustive market information. Therefore, the two followings facts seem to be 
reasonable achievements in the very near future: (1) the harmonization of the counting 
methods for tourism frequentation data between different actors and (2) the access to 

70 
 



exhaustive frequentation data in time and space for different kinds of visitors (tourists 
in hotels and in self-catering accommodations, day-trippers) on real-time basis. 

 

5 Research Outlook  
Working with big data, allows filling the gap between the ex post statistics (past) and 
the prospective planning approaches (future).This opens a window to the real-time, 
present situation of the customer experience, allowing for cost reduction. 

The Eurostat (2013) project conducted a detailed analysis of the costs associated with 
tourism data (inbound and outbound) collection based on traditional methods, i.e. 
surveys vs. modern methods based on the use of mobile data. The results show clearly 
that even if the implementation costs of mobile data approaches were high, the expenses 
would quickly be amortized in the production phase. Moreover, annual workload with 
mobile data can be considerably inferior when compared to the current tourism 
collecting methods. Also, the efficiency and quality of data could be increased if a 
mixed-mode is chosen. 
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1 Problem Definition 
Data-driven management and decision support in the tourist sector are typically based 
on primary surveys and statistical analyses or reported secondary information. An 
interesting challenge would be to progress from a data or information-based approach 
to a knowledge-based approach, where the manager would not be concerned with 
datasets, statistical tables or reports but would be able to access the knowledge derived 
from existing surveys by posing high level queries to an intelligent mechanism. 
Moreover, it is desirable to consolidate knowledge from different sources in order to 
solve broader problems and to accumulate this knowledge in a reusable and sharable 
form, building a knowledge capital in the hands of the decision maker. 

The problem addressed in the Lab of Data Analysis of ATEITh is twofold. Firstly, 
Multidimensional factor and clustering statistical analysis methods [8] are developed 
and applied, as a powerful knowledge extraction method. Secondly, knowledge 
engineering technologies are used to model the knowledge discovered in the survey 
data and to store it in sharable electronic Knowledge Bases, so that it can be used within 
intelligent computerized systems as an advanced decision support tool. In addition, 
well-known analysis and knowledge extraction methods such as neural networks, 
association rule mining and sentiment analysis are considered in parallel, as 
complementary techniques. 

The main goal of our research efforts is to develop a specialised knowledge 
management framework, supported by an integrated software platform, which will 
work as an advanced tool for data analysis, knowledge extraction from data, knowledge 
management and decision support. The application area of the proposed technologies 
is in the tourism sector, with particular focus on destination management/marketing. 

 

2 Related Literature 
Strategic planning tools using information technology for improving the 
competitiveness of tourist destinations have been reported in the literature (Bousset, 
2007, Moutinho, 1996), based mainly on information management and less on 
knowledge-based reasoning. In such an information-based approach (Wöber, 2003) the 
information needs and the corresponding sources have been defined for a Marketing 
Decision Support System in tourism. Based on this work, a Marketing Information 
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System for tourism managers called TourMIS was created by MODUL University 
Vienna and the Austrian National tourist Office (TourMIS, 2013). Knowledge-based 
decision support systems applied to tourism management have also been reported, such 
as the OnTour (DERI, 2011), which was an effort for decision support, focusing on 
accommodation, activities and infrastructure, based on a prototype ontology to 
formulate the related knowledge. A question answering infrastructure was developed 
within the project QALL-ME (Ou, 2008), comprising an ontology in the domain of 
tourism, which was used as the core knowledge component to semantically annotate 
tourism data and natural language questions. 

 

3 Methodological Approach 
Data analysis methods suitable for discovering factors, associations, clusters and in 
general hidden patterns that explain a market phenomenon or customer behaviour, were 
applied on multiple surveys related to tourist destination marketing. In addition, a 
computerized knowledge management process, utilizing ontologies and a rule-based 
inference engine, was developed to capitalize the extracted knowledge and offer it to 
support marketing planning problems. 

Multidimensional factor and clustering analysis methods (Benzécri, 1973, Greenacre 
2007), were used as a powerful knowledge extraction method and original results were 
derived from recent primary surveys on the image of Thessaloniki as a tourist 
destination and tourist satisfaction from their hotels. Emphasis was given to analysis 
methods from the family of multidimensional analysis, with most representative ones 
the Multiple Correspondence Analysis (MCA), multidimensional Hierarchical 
Clustering (CHA) based on Benzecri's chi-square distance and Ward's linkage criterion 
[8,9] , as well as their combination in the form of VACOR and FACOR algorithms 
(Benzécri, 1992). 

These methods were found to be particularly suitable to primary survey data, as well as 
secondary data, since they address complex relations, they deal with datasets that 
contain any combination of categorical, quantitative and hierarchical ranking variables 
and are able to provide qualitative results, such as classes, trends and associations 
(Greenacre, 2007). Data analysis was applied on tourism data in a multistep procedure, 
in order to identify distinct perceptions in terms of the respondents’ views to specific 
aspects of their visit, to cluster visitors in terms of their preferences and viewpoints, to 
estimate the size and attributes of representative visitor groups, as well as to discover 
the relations among different variables to promote our understanding as regards key 
satisfaction factors. In addition, data mining methods (classification trees, association 
rule mining) were applied, as alternative/complementary knowledge extraction 
methods (Stalidis, 2013). 

A component for classification and pattern recognition based on neural networks (NN) 
has also been developed and linked with the data analysis component (Stalidis, 2015). 
The aim was to automatically classify unknown cases under study, for which analysis 
has not been performed, such as visitors or services, into groups/patterns, based on the 
mapping that resulted for similar cases from the data analysis. 
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The analysis results were transformed into rules, using ontology-based and rule-based 
models (Schreiber, 2008) and a Knowledge Base was developed using the OWL 
semantic web ontology language (OWL, 2015). The Knowledge Base was populated 
with both background knowledge on tourist destination marketing and findings from 
the analysis of questionnaire-based surveys. Finally, a reasoner (ISG, 2014) was applied 
to infer logical consequences from the asserted facts (axioms and inference rules) and 
a query mechanism (Kollia, 2011) was used to provide suggestions and predictions 
based on the accumulated knowledge. 

 

4 Results 
The recent research work resulted in the construction of a knowledge-based framework 
for analysis and decision support for the tourism of  
Thessaloniki, including: 

(a) A full field survey on the tourism of Thessaloniki, resulting in interesting findings 
regarding its image as tourist destination and the preferences of its visitors. 

(b) A Knowledge Model for the tourist domain, providing the necessary terminology 
regarding the concepts found in the addressed problem (visitor, destination, trip, hotel 
etc.), a problem-specific ontology to support the special terminology needs of 
individual knowledge sources and definitions of special classes to express some of the 
findings of the analysis, such as visitor profiles, and a rule-based component to express 
more complex associations among concepts, individuals and their properties, 
incorporating logic and operations, in order to formulate knowledge in the form of 
predictions or suggestions that can be estimated given a set of conditions/input 
variables. The full model and the corresponding Knowledge Base (KB) were 
implemented in Protégé OWL 4.2 (OWL, 2015). The language used for defining 
ontologies was OWL - DL in XML syntax and the rules were compiled in SWRL 
(Semantic Web Rule Language) (SWRL, 2015).  

(c) A special data analysis process applied to the questionnaire-based survey data and 
other available survey data. The analysis was performed using the MAD analysis 
software (MAD, 2015), which is product of the Lab of Data Analysis ATEITh. The 
analysis results were used to produce knowledge content for the above KB and to train 
a Neural Network classifier component (NN). 

(d) A tourist decision support system (TDSS) was built, integrating the data analysis 
component, the KB, the NN and text mining components. The TDSS currently 
implements 3 typical scenarios for tourist destination marketing on which it has been 
evaluated by marketing executives with encouraging results. 

 

5 Research Outlook  
Future steps are focused on the expansion of the knowledge model, the generalisation 
of the addressed problem and the scaling of the knowledge content, in order to confront 
more complicated problems in the tourist domain.  
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1 Problem Definition 
We are in the process of conducting an application for a project that is intended to make 
statistical analysis of big data materials accessible for stakeholder. With the statistical 
software R (R Core Team 2015) it is relatively straightforward to access huge amounts 
of data from a server or a hard drive, manipulate the data and conduct statistical analysis 
such as e.g. regression analysis. This includes parallel computing and the possibility to 
run the calculations on clusters of computers. However, the aim is to incorporate this 
functionality into a web-based app that anyone with elementary knowledge of statistical 
analysis will be able to use. For this purpose the package shiny is used (RStudio, Inc. 
2015). The package provides flexible functions for designing user-friendly web-apps 
with help of R code.   

The goal is to build an app which can be used for analysing tourism and traveling 
patterns. The overall research question is related to BI-tool to assist destination planners 
as well as tourist travellers in their decision making. One starting point is the question 
of how to enhance the tourist experience while travelling. An app for route choice added 
with real time matching of supply in services and facilities (queue time, offers etc.) may 
assist in managing visitor flows at a destination. 

However, we are in an initial state and at the moment we are building a prototype of 
this BI-tool with help of a big data material consisting of about 130 million US flights 
from 1987 until 2008 (Dey et al. 2011; Wickham 2011). The BI-tool should give the 
users the possibility to select variable to make regression analysis or obtain summary 
statistics within the user-friendly web-app. The user can, for example, analyse delays 
for different American airports. 

 

2 Related Literature 
In a recent study by Chen, Huang, & Huang, (2016), different examples of how a big 
variety of BI- technologies can be used within the airlines industry in order to develop 
the business, is described. Among this is different data mining techniques for finding 
patterns and customer segments as well as methods for predicting future travelling. By 
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integrating various sources of information it is possible to better understand trends, 
possibilities and risks.  

The context for our current studies are various planning problems for the Swedish 
Transport Administration (Trafikverket). Eliasson and Lundberg (2012) discusses for 
example the use of cost benefit analysis within Trafikverket and the issue of including 
strategic information to aid decision making. Fuchs et al (2013) further discusses and 
illustrates how sustainability, within a BI frame, can be accounted for in planning at 
tourism destination level. 

 

3 Methodological Approach 
We utilise the statistical software R and the package Shiny to make a BI-tool for 
analysing Big Data materials within the travel and the tourism industries. This includes 
importing data sequentially in chunks from a hard-drive or server, make necessary 
calculations in parallel on each chunk and summarize the result with help of a user-
friendly web-app. Future work includes the building of a Linux server that has 
computational power to host the web-app even if the data material is big. 

 

4 Results 
We have a prototype of the web-app for analysing flight in the US that we are going to 
present at the workshop. 

 

5 Research Outlook 
We believe that the need for user-friendly BI-tools to analyse big data is large. Besides 
applications in traveling and tourisms we are also preparing a project where we intend 
to make data of horses more accessible to stakeholders of the Swedish horse industry 
to analyse spatial and economic effects, including tourism and event effects. Another 
project analyses how the Swedish road network can be more accessible for stakeholders 
as e.g. Swedish Transport Administration.    
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1 Problem Definition 
Recently, there is a growing literature on social media analytics that combines Web 
crawling and machine learning techniques to collect, analyse, and interpret the so-called 
big data for business purposes such as tracking trending topics and popular sentiments 
as well as identifying opinions and beliefs about products (Fan & Gordon, 2014). 
Particularly, online reviews, widely considered a rich data source that reflects consumer 
experiences and evaluation of products, have been studied to understand a range of 
managerial problems (Schuckert, Liu, & Law, 2015). While this line of research has 
generated novel insights into hospitality and tourism management, existing studies are 
limited in that 1) they tend to use a single data source and limited measures for online 
reviews and 2) the quality of data is largely anecdotal and often based upon the 
popularity of the websites from which the data were collected (e.g., Banerjee & Chua, 
2016; Forman, Ghose, & Wiesenfeld, 2008; Park & Nicolau, 2015; Xiang et al., 2015; 
Ye, Law, & Gu, 2009). This substantially limits the generalizability and contribution to 
knowledge in these studies. Therefore, the goal of this research is to comparatively 
examine major online review platforms in terms of the extent to which they truthfully 
represent the hospitality and tourism products as well as the quality of reviews in these 
sites. It is hoped that this research will provide the basis for understanding the 
methodological challenges and identifying opportunities for the development of social 
media analytics in hospitality and tourism. 

 

2 Related Literature 
Big data analytics has been touted as a new research paradigm that utilizes diverse 
sources of data and analytical tools to make inferences and predictions about reality 
(Boyd & Crawford, 2012). However, in recent years there has been growing concerns 
about the epistemological nature of studies using big data especially user-generated 
content from the Internet. For example, Ruths & Pfeffer (2014) argue that studies using 
social media data should be aware of a number of validity problems such as platform 
biases (e.g., platform design, user base, and platform specific behaviour), data 
availability biases, and data authenticity issues. Tufekci (2014) specifically highlights 
the conceptual and methodological challenges in social media analytics, particularly 
sampling biases arising from using a single platform as data source due to the 
sociocultural complexity of user behaviour and unrepresentative sampling frame, 
which complicate the interpretation of research findings. As such, Ruths & Pfeffer 
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(2014), among others, call for the use of a variety of triangulation approaches for big 
data analytics such as applying the same methods to examine the performance on two 
or more distinct data sets when studying a new social phenomenon.  

Online review platforms in hospitality and tourism are diverse, ranging from 
community-based sites such as Frommer, Tripadvisor and Yelp to transaction-based 
online travel agencies like Expedia and Bookings.com where reviews are incorporated 
as electronic word-of-mouth. Although they may all be considered part of social media 
with the common goal to assist consumer decision making by providing trusted, shared 
social knowledge, these platforms are complex sociocultural and economic systems that 
reflect different business models, different technological affordances, different user 
segments/bases, and power distribution in the online eco-system (Jeacle & Carter, 
2011; Scott & Orlikowski). Recent market dynamics such as Expedia’s takeover of 
Travelocity and Orbitz have created a potentially new power structure with the 
emergence of a dominant social knowledge base. From the business viewpoint, online 
reviews including their peripheral cues, such as user-supplied photos and the reviewer’s 
personal information, are intended as means of persuasive communication in order to 
build credibility and influence user behaviour (Sparks, Perkins, & Buckley, 2013; 
Zhang, Zhang, & Yang, 2016). Therefore, the selection, ranking, and display of online 
reviews reflect the platform’s strategy to maximize these effects on its targeted 
audience. Also, the contribution of online reviews is a self-selection process, which 
contributes to quality differentiation over the life cycle of product reviews (Li & Hitt, 
2008). Furthermore, these issues are confounded with the long-standing concerns about 
the authenticity of online reviews (Luca & Zervas, 2015). Therefore, social media 
analytics research using online review data must be cognizant of the nuances in these 
data sources and also make conscious decisions considering the representativeness and 
quality of the data. 

 

3 Methodological Approach 
We devised a study to compare three major online review platforms, namely 
TripAdvisor, Expedia, and Yelp. The rationale to select these platforms was three-fold: 
1) they are widely used by online consumers; 2) each of them represents a unique type 
of review platforms; and, 3) they have been frequently used as data sources in recent 
literature both within and outside the hospitality and tourism field. We chose to 
compare all existing customer reviews and other peripheral information extracted from 
these three platforms for the entire population of hotels in Manhattan, New York City 
in the US. Manhattan was chosen because of its high number of hotel properties in a 
relatively small geographical area with a wide variation in service levels and service 
types (e.g., leisure vs. business). Data were collected in late 2015 including the name 
of the hotel property, its address, hotel class (star), all of its customer reviews, reviewer 
profile, user responses (usefulness or helpfulness), reviewer-contributed photos, and 
the overall satisfaction rating. Due to design differences not all of the above information 
was available for each of these platforms. In total, along with other types of information 
we collected approx. 439k reviews from TripAdvisor, 481k from Expedia, and 31k 
from Yelp for a total of approx. 500 hotel properties (number of properties is platform 
specific). 
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We analysed the data focusing on two aspects: first, we compared the extent to which 
the three platforms represent the hotel supply in Manhattan, including the number of 
properties as well as the representation of hotel class and brands. Second, we developed 
an analytical framework, which includes review characteristics widely cited in the 
social media analytics literature such as linguistic features, semantic features, 
sentiment, satisfaction rating, and helpfulness of reviews to compare and contrast the 
information quality of these platforms (e.g., Abrahams et al., 2015; Korfiatis et al., 
2012; Liu & Park, 2015; Mudambi & Schuff, 2010; Wang, Liu, & Fan, 2011). A series 
of text mining and machine learning techniques including linguistic feature extraction, 
sentiment analysis and topic modelling were applied to the data in order to gain 
understanding of the consistency and discrepancies of these characteristics among these 
platforms. Finally, we tested the relationships between review features and satisfaction 
rating as well as helpfulness score to examine the information quality and authenticity 
of these platforms.   

 

4 Results 
Huge discrepancies were found in the representation of hotel supply; for example, there 
are considerably larger number of hotel properties (including major brands) in Yelp 
than the other two. Linguistic features such as readability and 
objectiveness/subjectiveness ratios are similar among all three sites. Average length of 
reviews was similar between TripAdvisor and Yelp; however, reviews in Expedia tend 
to be much shorter on average with a large number of “empty” reviews. Average 
satisfaction rating was considerably lower in Yelp than the other two, which indicates 
that there were more consumers using Yelp as outlet to voice their dissatisfaction and 
complaints. 

Based upon reviews that were voted useful or helpful a semantic centroid was 
calculated and all the reviews’ semantic distance from the centroid was computed 
accordingly. Distribution of semantic distances of reviews shows that reviews in 
TripAdvisor, on average, were likely to be perceived more useful than the other two. 
Using Laten Dirichlet allocation (LDA) techniques as main topic modelling tool, five 
dominant topics were identified from review textual contents, namely Basic Service, 
Value, Landmarks/Attractions, Dining and Experience, and Core Product. These five 
topics manifested somewhat differently on the three platforms. Results of sentiment 
analysis and regression analysis also show both consistencies and discrepancies in 
terms of authenticity and quality of reviews on the three platforms.  

 

5 Research Outlook 
Findings of the comparative analysis show both consistency and discrepancies among 
the major online review platforms, which offer important implications for research and 
practice.  For research, the three platforms seem to represent fairly unique “flavours” if 
the research focus is on identifying topics and opinions that reflect consumer experience 
and evaluation of the product. Also, the results seem to suggest that one of the platforms 
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alone may not be considered a source for quality review data. For practitioners these 
nuances in data quality must be taken into consideration when developing product and 
market intelligence for the firm using these data platforms. In addition, this analysis 
helps us gain deeper understanding of the big data nature of online reviews and identify 
new opportunities for social media analytics research in the future. 
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1 Big Data in Tourism 
In the last years, more and more data have been made available by the extensive use of 
online applications. These data are increasingly being used for the analysis of consumer 
behaviours, for marketing strategies, predicting trends, detecting fraud, and also to 
produce new, faster and more detailed statistics (Gandomi & Haider, 2015). 

This latter point is of great importance in the tourism world. Most diagnostic and 
predictive tourism activities are based on official records provided by the different 
national or local statistical organizations, or based on surveys conducted in a rather 
“traditional” way (even if sometimes they use modern technologies). The recognized 
strong integration and interrelation of the physical and the virtual components of the 
tourism digital ecosystem (Baggio & Del Chiappa, 2014), however, poses the need for 
a different approach to these issues, an approach aimed at a full consideration of both 
worlds. 

 

2 Knowledge Gaps (Theoretical/Methodological) 
The reliability of official data has been questioned several times (e.g. Volo, 2004). One 
reason claimed is the poor harmonization of the data collection methods, the currency 
of the data, and the statistical estimation procedures (Lam & McKercher, 2013). More 
importantly, however, is the fact that, with the growth of multiple forms of travel and 
stay, many visitors or tourists go unobserved (De Cantis et al., 2015). On the other 
hand, we need to recognize that small data (those produced by the traditional focused 
samplings) are an important means for answering well posed questions, as the long 
tradition of academic research has shown. 

One of the possible solutions to improve data quality is resorting to the records of the 
innumerable trails that millions of individuals leave online using the many currently 
available technological platforms. Indeed, such technological footprints have recently 
shown to be an interesting source to assess and better measure the extent of the 
movements of travellers, tourists, and visitors (Lu & Stepchenkova, 2015).  

Having more reliable statistics is essential for policy-makers for making effective 
decisions, and for all tourism stakeholders for guiding their operations. Moreover, 
improved forecasting methodologies can provide timely information on future demand 
to aid planning by both destinations and their stakeholders, helping them effectively 
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allocate marketing and operational resources to remain competitive in the face of these 
threats. 

Despite the many issues (Boyd & Crawford, 2012; Fan et al., 2014), both worlds (small 
and big data) have their validity and a combination of the two is, today, claimed by 
many to be unavoidable (Kitchin & Lauriault, 2015; Kitchin, 2015). 

 

3 Major Research and Development Needs 
A thorough methodological work is needed in order to complement official statistics 
that keep their basic validity, with the large quantity of data available online. Although 
suggested by some, this approach is still little pursued, or, at least, has not provided yet 
“usable” outcomes (Heerschap et al., 2014; Kitchin, 2015). 

This action presents new opportunities, but poses also new challenges of infrastructural 
and methodological nature (Fan et al., 2014). The main points to be addressed are: 

• choosing suitable sources of data (e.g. social media, bank and credit card 
transactions, mobile phone traffic, electricity consumptions, waste production 
etc.); 

• collecting and storing data at large scale; 

• cleaning and validating  data taking into account possible issues (e.g. 
volatility, replicability, privacy, overlaps etc.); 

• extracting meaningful information from a large volume of data; 

• combining in a methodological rigorous and correct way all the different 
sources for deriving more complete, valid and reliable outcomes. 

Besides that, the contents spontaneously generated by the many internet and web users 
can be used to improve the knowledge of their beliefs, behaviours, or preferences 
overcoming the limitations and the pitfalls of the traditional survey-based methods 
(Abbasi et al., 2012; Baggio & Klobas, 2011). 

In addition, once devised some proper and validated methodological approaches, such 
work can aim at providing researchers and practitioners with adequate tools for dealing 
with Big Data in tourism (collecting and combining with official statistics), and 
designing usable combinations of hardware infrastructures and software applications in 
an open and shareable way (see some initial proposals in d’Amore et al., 2015).  

Although probably not the panacea claimed by many, and taking into account all the 
possible problems that may arise in the analysis, Big Data can play an important role in 
improving accuracy, precision and timeliness of the present statistical studies in 
tourism, and can prove to be quite relevant at a much lower cost than increasing existing 
data collections with the existing (and ever shrinking) resources. 

  

90 
 



References 

Abbasi, M. A., Chai, S. K., Liu, H., & Sagoo, K. (2012). Real-world behavior analysis through a 
social media lens. In S. J. Yang, A. M. Greenberg & M. Endsley (Eds.), Social 
Computing, Behavioral-Cultural Modeling, & Prediction (Proceedings of SBP12, 
University of Maryland, College Park, MD, 3-5 April) (pp. 18-26). Heidelberg: Springer.  

Baggio, R., & Del Chiappa, G. (2014). Real and virtual relationships in tourism digital 
ecosystems. Information Technology and Tourism, 14(1), 3–19. 

Baggio, R., & Klobas, J. (2011). Quantitative Methods in Tourism: A Handbook.  Bristol, UK: 
Channel View. 

Boyd, D., & Crawford, K. (2012). Critical questions for big data: Provocations for a cultural, 
technological, and scholarly phenomenon. Information, Communication & Society, 
15(5), 662-679. 

d’Amore, M., Baggio, R., & Valdani, E. (2015). A practical approach to big data in tourism: a 
low cost Raspberry Pi cluster. In I. Tussyadiah & A. Inversini (Eds.), Information and 
Communication Technologies in Tourism 2015 (Proceedings of the International 
Conference in Lugano, Switzerland, February 3-6) (pp. 169-181). Berlin - Heidelberg: 
Springer.  

Fan, J., Han, F., & Liu, H. (2014). Challenges of Big Data analysis. National Science Review, 
1(2), 293-314. 

Gandomi, A., & Haider, M. (2015). Beyond the hype: Big data concepts, methods, and analytics. 
International Journal of Information Management, 35(2), 137-144. 

Heerschap, N., Ortega, S., Priem, A., & Offermans, M. (2014). Innovation of tourism statistics 
through the use of new big data sources. Paper presented at the 12th  Global Forum on 
Tourism Statistics, Prague, CZ, 15-16 May. Retrieved July 2014 from 
http://www.tsf2014prague.cz/assets/downloads/Paper%201.2_Nicolaes%20Heerschap_
NL.pdf. 

Kitchin, R. (2015). The opportunities, challenges and risks of big data for official statistics. 
Statistical Journal of the IAOS, 31(3), 471-481. 

Kitchin, R., & Lauriault, T. P. (2015). Small data in the era of big data. GeoJournal, 80(4), 463-
475. 

Lam, C., & McKercher, B. (2013). The tourism data gap: The utility of official tourism 
information for the hospitality and tourism industry. Tourism Management Perspectives, 
6, 82-94. 

Lu, W., & Stepchenkova, S. (2015). User-generated content as a research mode in tourism and 
hospitality applications: Topics, methods, and software. Journal of Hospitality 
Marketing & Management, 24(2), 119-154. 

Volo, S. (2004). A journey through tourism statistics: accuracy and comparability issues across 
local, regional and national levels. Proceedings of the 24th Biennial Conference on 
Regional and Urban Statistics: Understanding Change (SCORUS), Minneapolis, MN 
(21-24 May) (pp. 210-216). Retrieved September, 2015 from http://scorus.org/wp-
content/uploads/2012/10/2004MinnP6.2.pdf.

91 
 



 

 

 
 



Potential Research Areas for Big Data in Tourism 
Daniel Brandt 

Tobias Heldt 

Daniel Wikström 

School of Technology and Business Studies 
Dalarna University, Sweden 

dbr@du.se 

 

1 Promising Research Areas for Big Data/BI in Tourism 
There are several promising Research Areas for Big Data/BI applications within 
tourism research. Traditionally marketing research in tourism has focused surveys 
(Zhao, Fan, & Hu, 2014). The use of big data has open up the possibilities for making 
more sophisticated analysis of consumer behaviour and opinion by integrating 
information from different sources of information such as web browsing information, 
social media content and data on consumption behaviour (Chen et al. 2014, Park, Ok, 
& Chae, 2015, Yuan, & Ho, 2015). With the technological development and 
digitalization of society, tourism activity can as a consequence today be analysed in a 
wide range of new ways. Within fields such as destination development, event 
management and product innovation, social big data analytics and analysis of 
automatically generated data is becoming increasingly important. Other significant 
fields of application of big data analysis in tourism studies concerns sustainable 
development where analysis of data generated in transportation and travel are 
fundamental research areas (Li, et al.2016).    

 

2 Knowledge Gaps (Theoretical/Methodological) 
There are several knowledge gaps within the research which needs to be addressed in 
the future. First of all, there is a need for development of applications which are able to 
make use of automatically generated, massive data. Secondly, this data must be 
converted into knowledge in organizations. New tools for easy handling of massive 
volumes of unstructured data in combination of advanced statistical methods, therefore 
needs to be developed. Of note, this process needs to be in conjunction with 
development of behaviour/economic models to fully serve as decision aid. 

A third knowledge gap is how to combine an understanding of how the tourism industry 
works with awareness of the available techniques for analysing data. A few studies on 
hotel recommendation, for example, would benefit both from a theoretical development 
on human interaction and theories in tourism (Agag & El-Masry, 2016). But it could 
also be improved by using methodological techniques from other fields (Ji, et. al., 2016, 
Agag, & El-Masry, 2016). Issues concerning data quality related to crowd sourcing are 
also important to take into account in these studies. Who should be allowed to enter 
information into the databases and how can this data be cleaned, stored and distributed 
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in an efficient way are important questions. Privacy is other dimension which is always 
important to take into account in crowd sourcing projects (Margulis et al. 2016). 

 

3 Major Development Needs 
Major development needs is to integrate knowledge from different disciplines for 
making a contribution along the entire business intelligence chain. This calls for a cross-
disciplinary set up of the projects. This need will be pronounced in the future as the 
digitalization is growing and automated data gathering is escalating. 

Another need for development is techniques for handling user generated social media 
content. Traditional methods for storing and analysing data is not developed for 
handling large volumes of unstructured, text based data. Social network analysis is an 
important area in these kinds of studies.   

 

4 Promising Research Projects 
Previous studies on analysis of tourist flows, for example the Bejing Zoo- study, use 
route optimization statistical methods to analyse the customer flow at the visitor site. 
However, the study still uses some manual techniques for data collection and is not 
based on massive amounts of data recorded by sensors, such as GPS-track logs or 
photos. GPS-tracking and face recognition techniques have been employed in other 
studies in tourism, one example is the Salzburg study on mobility in the city, where a 
group of visitors where equipped with GPS devices and tracked over a period of time 
(Kellner & Egger 2016). However, since no projects use massive amounts of tracking 
data in combination with advanced statistical methods to analyse mobility patterns 
among tourists, we see this as a promising avenue for future research. 

Another area for research relates to methods and tools for management of open access 
tourism and recreation sites. BI-tools are likely to be able to serve as both tracking 
devices to count total visitor numbers as well as a platform for matching and sharing 
service and product offers with an overall focus of financing the cultural or tourism 
attraction.  
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1 Promising Research Areas for Big Data in Tourism 
Knowledge created in real-time (RT) as the base of tourists’ on-site behaviour is 
challenged by the fact that currently these knowledge sources are rarely available 
(Savvy Data, 2013). (Pike et al., 2011). Behind this background, a promising research 
area for Business Intelligence in tourism is to:  

• Create currently unavailability RT data reflecting tourists’ on-site behaviour by 
means of ubiquitous (mobile) e-CRM applications (Sinisalo et al., 2007; Vogt 
2010; Wang et al., 2012) 

• Create valuable knowledge for business and destination management on this new 
type of customer data through methods of RT business intelligence (RTBI) and 
data mining (DM)1 

•  Apply this newly generated knowledge to improve existing user applications 
comprising, a) intelligent ubiquitous (mobile) services for tourists on-site, and b) a 
destination management information system for destination stakeholders 

 

2 Knowledge Gaps (Theoretical/Methodological) 
The attempt to apply knowledge created in real-time on the base of tourists’ on-site 
behaviour is challenged by the fact that currently these knowledge sources are rarely 
available, wherefore Business Intelligence applications are still a rarity at destinations 
(Fuchs et al., 2014; Höpken et al., 2015). Consequently, real-time knowledge 
generation at the destination needs to be improved through ubiquitous (mobile) end-
user applications (Gravic, 2013; Kolas et al, 2015). Moreover, tourists’ movement 

1 Real-time business intelligence (RTBI) delivers information about business processes as they occur. 
The inherent automated analysis capability enables corrective actions to be initiated or business rules 
to be adjusted for optimizing business processes in real-time (Gravic 2013). A prominent application 
represents mobile customer relationship management (m-CRM) which automatically detects customer 
opportunities immediately communicated to customers’ smart phone (Burgess et al. 2012). 
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patterns should be traced more effectively through (e.g. GPS-based) position tracking 
(Shoval & Isaacson, 2010; Zanker et al., 2010; Höpken et al., 2012). Supplier-based 
knowledge sources from the entire digital destination eco-system, such as product 
profiles and availability information extracted from supplier websites and data-bases, 
could be integrated in real-time. Knowledge about suppliers’ service potential (property 
status), the complementarity of destination offers (market basket analyses), and their 
evaluation through tourists’ real-time feedback on-site, but also the openness and 
scalability of such a knowledge architecture would supports dynamic need fulfilment 
in a collaborative destination environment.  

 

3 Major Development Needs 
Major development needs are to create and extract currently unavailable RT data on 
customer behavior/needs during stay, to create new knowledge based on these new data 
through RTBI, and finally, to apply this knowledge to improve the conditions for 
tourists’ need fulfilment in a collaborative destination environment. More concretely, 
destination-specific e-CRM applications need to be developed to generate real-time 
knowledge on tourists’ on-site information, consumption needs and spatial behaviour 
(Zanker et al. 2010). Extraction, transformation and load (ETL) processes 
corresponding to the central DW need to be adapted to fulfil specific needs of RTBI: 
specifically, the multi-dimensional data model for the central DW in a tourism 
destination has to be further enhanced e.g. through unique real-time partitions. 
Especially challenging and of unique scientific value is the integration of data mining 
(DM) models into the multi-dimensional DW structure, thus, enabling ad-hoc analyses 
based on DM and offering suppliers online access to even complex DM results (Mayer 
et al., 2015). Moreover, real-time (RT) knowledge needs to be used to adapt ubiquitous 
customer applications in real-time, thereby supporting an improvement in the match 
between customer needs and offered destination products (operative BI) (Sinisalo et al. 
2007; Wang et al., 2012; Savvy Data 2013). 

 

4 Promising Research Project 
A project with a clear on-site focus could utilize the benefits of RTBI. Accordingly, 
knowledge creation is achieved through methods of RTBI analysis of information on 
tourists’ on-site communication, buying and mobility behaviour. This information is 
gathered through ubiquitous end-user applications, like e-customer cards, which also 
support stakeholders’ need for efficient marketing methods targeting on-site visitors 
(Höpken et al., 2012). In addition, supplier-based knowledge sources from the entire 
digital destination eco-system, like information on products extracted from suppliers’ 
websites and data-bases, could be integrated. Ubiquitous tourist applications are 
enhanced by applying this knowledge as input for context-sensitive tourist 
recommender services (Höpken et al. 2010; Jannach et al. 2014), thereby improving 
existing e-CRM systems at destinations (Kolas et al. 2015). Finally, this new 
knowledge base serves as a valuable input for enhancing an existing BI-based 
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Destination Management Information System prototype (Fuchs et al. 2014; Höpken et 
al. 2015). Promising research project outcomes are summed up as follows: 

• The currently limited access to knowledge on customer behaviour and resource 
utilization on the level of individual businesses and the destination as composite 
entity would be removed.  

• As E-CRM enables to personalize product information and customize product 
items based on tourists’ preferences and usage context, business goals, such as 
increased satisfaction, loyalty and retention could be strengthened.  

• The effectiveness of CRM measures could be monitored through Destination 
Management Information systems by conversion rates, guest satisfaction and a 
more environmentally friendly tourist behaviour in real time.  

• Destination suppliers could quickly react on segment-specific needs and on other 
suppliers’ offers: personalized information and customized value-added products 
can be offered to tourist niche-segments on-site; e.g. websites of destination 
suppliers filter items and info according to preferences of tourists at the destination 
in RT.  

• Finally, by providing insight on supply shortages/surpluses, a DMIS based on RT 
data stimulates collaboration among destination stakeholders: suppliers could 
synchronize destination offers and adapt niche-products to the needs of tourists on-
site and could promote them via m/e-CRM measures. Capacity utilization and 
customer satisfaction would increase and alliances (horizontal, vertical, diagonal) 
among local suppliers could be strengthened at lesser risk. 
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1 Promising Research Areas for Big Data/BI in Tourism 
In addition to traditional travel data collection methods (such as diaries and surveys), 
the analysis of new types of data involving mobile phone data, GPS data, credit card 
data, etc offers advantages in the area of travel and tourism research.  

 

2 Knowledge Gaps (Theoretical/Methodological) 
Activity-based transportation models are valuable tools for travel analysis within a 
region. Travel demand can be predicted, emissions and other effects estimated and the 
impact of policy measures assessed (e.g. Bellemans et al., 2014). In these models, the 
daily activity-travel sequences of individuals are aggregated into an origin-destination 
matrix. However, adding to these models the layer of tourists (characterized by more 
ad-hoc/less systematic travel decisions and activities compared to residents) is a 
challenge. In case there is sufficient information available to understand which 
activities, where, when, with who and by means of which mode are carried out by 
tourists, these travel patterns can be added in a reliable way as well, rendering the 
transportation model more realistic, especially for touristic regions. The use of mobile 
phone data can offer insights in the activities and travel behaviour of individuals (see 
e.g. Liu et al., 2013), including tourists. However, apart from the movements of tourists, 
their spending behaviour is valuable to monitor. Credit card data are an interesting 
source in this respect.  

 

3 Major Development Needs 
There are a number of challenges that should be met, relating to the data on the one 
hand and the methodology on the other. The main issues with respect to big data include 
data access, data cleaning/processing, data linkage, and data storage. 

From a methodological point of view, to include travel behaviour of tourists, a training 
set containing mobility patterns and socio-economic data needs to be gathered; next, 
based on predicted socio-economic characteristics, travel patterns can be simulated.  
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4 Promising Research Projects 
Given the evolution in big data, promising research projects can be identified for the 
domain of travel and tourism in general and transportation models in particular. Added 
value could come from the combination of various sources of data.   
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1 Promising Research Areas for Big Data/BI in Tourism 
One key aspect is the omnipresence of technology and its integration in users´ everyday 
lives. Nearly every task or activity is related somehow or at some point to a device and, 
hence, to an Internet connection. This constant connectivity of users and their use of 
technology is what many companies and managers are interested the most: how to reach 
users in a seamless way and to have a connection to their desires, habits and actions 
without disturbing their individual routines. This is also the intention of tourism 
companies which is why much information is already tracked and collected on various 
occasions from consumers. These large data collections, done by tourism principals or 
market research companies, provides a promising foundation for research agreements 
between industry and academia. However, the crux is to make sense of this data in order 
to be one step ahead of the customer and their future needs. Furthermore, the 
management of research collaborations and its active relationship handling might be a 
more complex task. As academia will be largely dependent on data from commercial 
companies, this one-side dependency can be prone to disagreements and challenges. 

Big data is mainly a collection of information from people, companies, other groups, 
networks, etc. This, however, means as well that the variety of individuals and instances 
is large. In addition, one has to keep in mind that international and cultural differences 
have an influence which shouldn´t be neglected. These various data levels make the 
consolidation complex. A current and future challenge in this respect is and will be the 
conceptual and methodological combination and sense-making analysis of the latter. 

In addition to the various segments and groups come technological challenges. The rise 
of mobile devices is indisputable. They are used on a regular basis and can be found in 
the majority of households nowadays. This is why they become more and more 
important for the customer behaviour analysis. People can access the Internet anywhere 
and at any time with mobile devices, making those valuable for a usage and behavioural 
analysis. Furthermore, market research companies (Zhou 2016, Lella et al. 2015) 
realised that different devices are used for different purposes and at various time phases 
of the day, challenging the accumulation of insights and analysis of the whole picture 
of a user. Especially for tourism, mobile devices are an important tool to get connected 
to. Tourism and holiday planning often start with impressions and dreams, triggered by 
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advertisements seen on the go or in front of other devices such as televisions for 
example, used simultaneously. Mobile devices are then grabbed quickly to satisfy the 
first need of interest. What remains often a mystery though, is what consumers do with 
those devices. Do they only answer the first couple of questions a consumer has about 
a new destination or are they used whilst planning a trip, during the holiday period and 
again back home to evaluate the experience? With mobile devices, these aspects 
become easily possible as users want to be connected to the World Wide Web 24/7, 
using social networks and link back their positive moments and experiences. Especially 
the evaluation and rating period is of special interest to tourism as these enhance the 
customer experience and foster the link to social networks and, hence, more users and 
potential new customers.  

 

2 Knowledge Gaps (Theoretical/Methodological) 
Theories tend to be one step behind actual state-of-the-art and current market 
development. Their constant adaptation and modelling is therefore not questionable and 
a necessity. A big challenge stays the insights of data produced on different 
technological devices, instances or groups to get a meaningful insight. Big data can be 
gathered from different sources and provide in this respect multiple data collection 
repositories. Much more advanced technological methods have to be implemented. 
This opens the path for new challenges, how to align the analysis, combine data sets, 
making sense and trying to triangulate the data. Often researchers trust reliable and 
more established methods to analyse current phenomena, however, it is very likely that 
much information will be missed consequently. An adaptation of eye-tracking software 
on mobile devices, connected to tracking software and more advanced GPS with 
gyroscope functionality would be needed for a detailed and advanced analysis for 
example. For imminent change, new and innovative methods need to be implemented, 
adapted and accepted by the research community.  

 

3 Major Development Needs 
The understanding of a mobile device is nowadays connected to tablets and mobile 
phones. Technological innovation and development, however, is not standing still. 
Other mobile devices such as smartwatches and wearable glasses will rough up 
markets. The challenge for the tourism industry is to reach the customers on those new 
devices, to connect those with other technologies and to create a new, transition-free 
and permanent customer experience. This means then for the researchers on the other 
hand to investigate this phenomenon in their projects and collaborations. 
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4 Promising Research Projects 
One aspect is to understand differentiated usage patterns and multiple roles across 
multiple devices, including multi-channel behaviour. Multi-layer studies - consumer, 
firm, network, sector, global market – to contrast and compare results and insights are 
needed with an integration of data repositories (linked open data). Moreover, multi-
method approaches, triangulation and sense making across different methods are 
helpful to understand the broad landscape of big data. Revisiting theories and concepts 
(e.g. long tail) in light of new evidence and developing new theoretical approaches is 
innovative and helpful for the research community.  
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1 General Challenges in Big Data 
The Big Data development comes with a number of domain-independent practical 
challenges, among them the following often-mentioned ones. 

• Data Storage and Data Processing A number of technical challenges arise, 
starting with questions of how to automatically and efficiently collect and where 
to park the huge volumes of data for later processing. Today, there are also no 
standardized data formats that can be used when data is processed at different 
stages with different tools. Also, the market of tool providers is rapidly developing 
and it is not clear who will be in the market in five years. Finally, combining 
different data sources can be challenging, e.g., to issues of data quality or due to 
the fact that the data has to be integrated can come from different sources inside 
and outside the organization. 

• Data Management, Modeling and the Business Value As in the Business 
Intelligence sphere, organizations that want to leverage Big Data have to first 
develop ideas on how they can better utilize the information they already have or 
which kind of data they should collect in the future. This can require out-of-the-
box thinking and the development of new ideas or business models that become 
possible with the availability of additional knowledge extracted from the data. At 
the end, the true question is how to extract useful information from the data, to 
make better business decisions – for example based on richer data visualizations – 
or to develop "prescriptive" machine learning models. A general problem here is 
that leveraging different types of information can require cross-department and 
interdisciplinary work in a company. 

• The "Talent Gap". In particular with respect to software tools, the technical 
progress is fast and new complex and integrated solutions appear on the market, 
which makes it hard to find experts that can operate the tools. The situation is 
probably even worse when it comes to finding people or consulting firms that have 
a solid statistical background to draw meaningful conclusions from the data and at 
the same time have a sufficient understanding of the potential business value of 
their analyses. Finally, future managers might perhaps need more often to take 
decisions based on complex analytical models they are unable to understand in 
detail instead of relying on traditional metrics, managerial experience, or gut 
feeling. 
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2 Leveraging Big Data for Tourism Recommender System 
The automated recommendations that we receive on large online platforms like 
Amazon, Netflix, or LinkedIn are often based on the "wisdom of the crowds". Their 
recommendations are, roughly speaking, based on the identification of patterns in the 
usage and rating behavior of a larger user community and then tailored to the estimated 
preferences and needs of the individual users. 

This available user data can be truly big and companies like Netflix today process 
billions of explicit ratings and, probably more importantly, much more of implicit 
feedback signals including the viewing history, browsing or search activities. To 
process such volumes of data, companies like Netflix use complex infrastructures to do 
offline and offline analyses1 and to digest about 400 billion user events per day2  

In academia research in recommender systems is often based on smaller datasets, e.g., 
a few million explicit ratings, which is probably sufficient to design reasonably well-
working rating prediction algorithms. Rating prediction can however be insufficient in 
many scenarios as many travelers will probably rate the Hilton in Stockholm with five 
stars, but will not consider it a suitable recommendation for a family trip.  

Therefore, it is important to include additional signals into the recommendation 
process to understand the short-term needs and contextual situation of the traveler. 
This however only seems possible if more data is made available to current systems. 
This comprises data from the booking platform itself, e.g., about recently viewed items, 
search terms or category navigations. In addition, future systems might be able to better 
include external data, e.g., from Social Web sites to better understand the user's 
individual preferences from his or her public profile along with general trends. Also, 
additionally available sensor data, e.g., about the user's current location or movement 
profile can be relevant for the personalization process. 

 

3 Knowledge Gaps, Major Development Needs, and Promising 
Research Projects 

From the perspective of computer science research, among others, the following 
challenges can be identified: 
• Data Sets. No comprehensive publicly available data set exists that contains 

multiple signals (e.g., explicit ratings, roaming history, or implicit signals). More 
joint academia-industry research is required. 

• Integrated Models. New algorithmic models are required to combine the signals 
from the different sources. 

• Real-time Adaptation. More research is needed to better deal with short-term 
interests to understand, for example, the specific needs of the user when visiting 
the booking site, as they can deviate from the long-term preferences. 

  

1 http://techblog.netflix.com/2013/03/system-architectures-for.html 
2 http://de.slideshare.net/wangxia5/netflix-kafka 
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1 Promising Research Areas for Big Data/BI in Tourism 
The actual routes taken by tourists during their trips help define the boundaries of 
districts and nodes, as well as the most appropriate gateways. This information can be 
used to develop new attractions and tourism products along common routes 
(Chancellor, 2012). In terms of impact management, it is important for tourism 
managers to identify the time and space characteristics of the routes which tourists visit 
most frequently, so that they can develop appropriate plans to prevent capacity 
overload, and reduce negative social, environmental, or cultural impacts (Lew & 
McKercher, 2006). Some social network websites (including Flickr.com) contain 
millions of geotagged photos, which are rich data sources for discovering tourist travel 
patterns. Thus, this is a promising research area for Big Data in Tourism. 

 

2 Knowledge Gaps (Theoretical/Methodological) 
Tourism researchers and industry practitioners usually find it difficult to fully capture 
and understand the travel behaviour of international travellers, due to the following 
barriers: 

Information Capture: Survey and opinion polls are two popular methods to collect 
travel data from tourists (Asakura & Iryo, 2007; Lew & McKercher, 2006; McKercher 
& Lau, 2008). However, both are time consuming and limited in terms of the number 
of responses as well as the scale of the information captured. Accoring to (Zheng, Zha, 
& Chua, 2011), the captured data are normally unable to reflect actual travel patterns 
closely. There is a considerable need for more efficient method of effectively capturing 
comprehensive travel behaviour data from tourists. 

Travel Preferences: It is a natural assumption that travel behaviour will vary among 
different groups of tourists (Batra, 2009). For instance, tourists from different countries 
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may have different preferences for their length of stay and the attractions they want to 
visit, and this will, in turn, affect their travel activities (Leung et al., 2012). There have 
been limited attempts to analyse travel behaviours in a way that considers these 
preferences. 

 

3 Approach and Results 
In this paper, we outline the data-collection process involved in extracting geotagged 
photos from Flickr. Then, we discuss a number of specific challenges which need to be 
addressed in order to analyse this kind of data. While the massive volume of shared 
photos available on Flickr is a comprehensive resource for studying travel behaviours, 
the data can be noisy or misleading, especially when many photos have been taken in 
transit rather than at the attractions themselves. In addition, the sequence of photos, in 
some situations where tourists move from one attraction to another, implies mobility 
information, which is a key to inferring personal activities, intuitions, and goals. 
However, photos are static media, while travel behaviours are dynamic. The photos 
should therefore be transformed into a suitable representation for the travel analysis 
task. Therefore, we introduce two relatively new data mining techniques, based on 
density clustering and the Markov Chain, to tackle these issues. 
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1. Promising Research Areas for Big Data 
The Institute of Tourism (University of Applied Sciences and Arts Western 
Switzerland, Valais/Wallis) has always had, as one of its major research goals, to 
improve the monitoring of tourist demand. The lack of timely and exhaustive 
information has been a longstanding problem for players in the tourism sector. In 
Switzerland, traditional information-gathering on hotel data has been governed by law 
since 1993. The Swiss Federal Statistical Office collects information on arrivals and 
room-nights through a monthly survey that is mandatory for owners and managers of 
hotels, spas, youth hostels and campsites. The monthly data are published with a lapse 
of 40 days, which clearly harms the proactive management of capacities in the sector. 
Despite the good quality of the hotel data, comparable information for other lodging 
categories such as self-catering, second homes or other visitor categories such as day-
trippers is hard to get. 

A recent heuristic model, called the St. Gallen Model for Destination Management 
(SGDM) (Beritelli, Reinhold, Laesser, & Bieger, 2015) has added a further dimension 
to the acquisition of spatially-organized, real-time tourism demand information, namely 
the description of strategic visitors’ flow (SVF). Only when decision makers can 
understand tourism flows in space and time will they be able to develop appropriate 
products for the variety of tourist demand. They will also be able to identify central 
influencers of demand and supply networks. Thus, the SGDM, as a planning tool, helps 
to gain a better collective understanding by stakeholders in destinations and increases 
thus destinations’ competitiveness.  

 

2. Evolution towards big data 
Our project « Using indirect indicators for destinations in Valais » (Tourstat) launched 
in 2008 aimed to yield a fine-grained segmentation of visitor frequentations in a given 
destination, i.e. visitors hotels, in self-catering apartments, second home and day-
trippers, using indirect indicators. An indirect indicator is any set of data that does not 
belong to the tourist environment but has been collected for other reasons. Such data 
are indirect signals which are linked to the number of visitors at a destination. Some 
examples are: domestic waste tonnage (source: municipal administrations), cash 
register receipts for food purchases from Switzerland’s two largest supermarket chains 
(Coop and Migros), number of vehicles on the road (source: federal or cantonal road 
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department). The covariation of these latter variables with tourism frequentation data 
can be exploited by appropriate estimation models (Scaglione & Perruchoud-Massy, 
2013). . Those estimation methods allowing the breaking down of frequentation data 
into fine-grained segments are based on time series analysis (Koopman, Harvey, 
Doornik, & Shephard, 2009) and also benchmarking, and conciliation models 
(Quenneville & Cholette, 2006). 

The second aim of the project was to improve the timeliness of tourism estimations 
allowing it to produce them for the current month, so called nowcasting. Nowcasting is 
different from short-time forecasting because it uses a contemporaneous filter. One of 
the advantages of nowcasting is the availability of huge amounts of information for the 
period under study. Therefore, the number of potential predictors of tourism 
frequentations could be huge. Some of the indirect indicators discussed above belong 
to this category. The set of these large numbers of predictors are called Flash 
Indicators. The integration of flash indicators into the nowcasting activity turns out to 
be a compromise between timeliness, higher frequency and accuracy and allows for  
generation of a snapshot of the ongoing tourism situation (Croushore, Ruiz, & 
Scaglione, 2013).  

Some tests using 256 flash indicators including macro-economic (exchange rate, 
volatility of exchange rate and stock option markets, jobless rates, inflation index) and 
indirect indicators (as mentioned above) as well as meteorological variables were run 
(Scaglione, 2011, 2013). The statistical estimation techniques consisting in breaking 
down into factors the huge amount of information conveyed by flash indicators or 
predictors (Bräuning & Koopman, 2014; Stock & Watson, 2002) seem promising in 
the field of tourism. Though almost all of the flash indicators used in those tests are 
available immediately at the end of the current month, they are not stricto sensu 
contemporaneous. Therefore digital data from mobile phones naturally came as an 
interesting alternative data set. Mobile phone data and also Global Positioning Systems 
(GPS) have already been used to track visitor trajectories by some scholars such as the 
pioneer work led by Professor Noam Shoval (Shoval & Isaacson, 2007). One of the 
biggest advantages of mobile data is that they are available, ideally, on a real-time basis. 
In 2011 the Institute of Tourism (HES-SO Valaiss) started a new project (Monitour) to 
test these new possibilities in tourism, and the results of our research are presented in 
print publication in this workshop.  

 

3. Major Development Needs 
The steps described above in chronological order show an evolution in research 
approaches from the use of traditional data and models to a so-called Big Data 
revolution since they have become available. The future is promising but numerous 
challenges remain. Besides basic technical issues about managing huge volume of data 
and real-time processing, methodological aspects regarding data mining or machine 
learning techniques are also open to research.  
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4. Knowledge Gap Challenges 
Last but not least, traditional validation techniques such as statistical hypothesis tests 
are not relevant on huge samples. Therefore, a whole new avenue which leads to new 
validation theories needs to be developed.  
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1 Promising Research Areas for Big Data/BI in Tourism 
A promising research area for Big Data & Business Intelligence in tourism is concerned 
with new requirements for data analytics. These requirements are stemming from the 
need of crosslinking heterogeneous data and information sources in order to derive 
novel and relevant knowledge (cf. Höpken et al., 2015). This necessity is explained 
with the broad range of stakeholders and their diverse set of business processes, used 
applications, databases and documents, and so forth. 

This aspect of crosslinking poses new challenges for data analysis and knowledge 
generation. These challenges are tackled by an interdisciplinary research and 
development area termed "Cognitive Computing", which is also designated as new era 
of computing and human-computer interaction (Kelly & Hamm, 2013; Hurwitz et al., 
2015). 

According to Reynolds (2015), Cognitive Computing makes a new class of problems 
computable – situations that are characterized by ambiguity and uncertainty and that 
are very similar to human kinds of (decision) problems. Accordingly, “Cognitive 
Computing looks within and across disparate data sets including rich media and text, 
identifies conflicting data, uncovers surprises, finds patterns, understands context, 
offers suggestions, requests clarifications, and provides ranked solution alternatives”.  

For being able to provide such kind of results to its human user(s), a cognitive 
computing system needs access to (big) linked data and knowledge sources (cf. 
Debattista et al., 2015; Bikakis & Sellis, 2016; Dong et al., 2014). 

Therefore, research and developments based on Cognitive Computing and Big Linked 
Data (Knowledge Graphs) foundations might meet a) the major development needs for 
b) overcoming the knowledge gaps described in the following. 

 

2 Knowledge Gaps (Theoretical/Methodological) 
In a recent technical report, Pichler et al. (2016) used the metaphor “Tourism 
Knowledge Islands” by referencing to a strong heterogeneity of tourism stakeholders 
and involved disciplines. Associated with this heterogeneity of actors, one can also 
observe a strong fragmentation of tourism knowledge components, represented, e.g., 
by tourism statistics maintained by different parties, heterogeneity of relevant (big) data 
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sources as well as fragmented research work – mostly focussing on a limited number 
of study-specific aspects. Hence, it has been argued that the current tourism knowledge 
corpus is primarily formed by islands of research work rather than a network of related 
artefacts. 

Consequently, the perspective of future research is on transforming these knowledge 
islands into a coherent tourism knowledge network. Such an integrated knowledge 
model would substantially support understanding and learning about mutual influences 
of components in the tourism domain and decision making of tourism professionals. 

 

3 Major Development Needs 
A major research challenge is about finding suitable ways to represent existing 
(fragmented) tourism knowledge in an integrative way. The envisioned tourism 
knowledge model shall be formed by a) a collection of concepts with relevance for 
tourism, and b) relationships between those concepts. The concepts might comprise 
tourism stakeholders, general economic factors that are affecting tourism, e.g., currency 
differences of source and destination markets, tourists’ behavioural characteristics and 
demographic information as well as a number of further tourism-related aspects. The 
relationships between those concepts are indicating mutual influences. 

A specific requirement is related to dynamic adaptations of such a knowledge model as 
soon as new evidence is obtained through one of several heterogeneous sources. This 
is very similar to the change of human beliefs (about a specific topic) in the light of 
new evidence. Such automated updates would allow for up-to-date overviews over 
relevant tourism domain knowledge each time when new information is emerging. 

 

4 Promising Research Projects 
A specific objective of the IFITT research workshop “Big Data & Business Intelligence 
in the Travel & Tourism Domain” could be a strengthening of travel and tourism-
related aspects in future EU research and innovation agendas by means of presentations 
and discussions of the achieved workshop results with responsible EU representatives. 

A potential addressee might be the Big Data Value Association (BDVA) 1 , who 
represents the private counterpart to the EU Commission to implement the European 
contractual Public Private Partnership on Big Data Value (BDV PPP). As one of its 
duties, the BDVA develops and maintains the European Big Data Value Strategic 
Research Innovation Agenda (SRIA)2. SRIA includes industry surveys showing the 
expected gains from Big Data in different sectors. In its current version 2.0, the 
following is stated about tourism: 

1 Big Data Value Association (BDVA).  http://www.bdva.eu/ [last access: 2016/03/16]. 
2 http://ok-

bdva.iais.fraunhofer.de/sites/default/files/EuropeanBigDataValuePartnership_SRIA__v2.pdf 
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“Tourism: Personalized services for tourists are essential for creating real experiences 
within a powerful European Market. The analysis of real-time and context-aware data 
with the help of historic data will provide customized information to each tourist and 
contributes to a better and more efficient management of the whole tourism value chain. 
The application of Big Data in this sector will enable new business models, services, 
and tourism experiences.” (BDVA, 2016, p. 39) 

The BDVA also recently organized the Small Big Data Summit including a session on 
preparing for the drafting of Horizon 2020 Work Programme 2018-20 with the expected 
outcome of a structured input from BDV PPP on Big Data topics for H2020 WP2018-
20 (BDVA, 2016b, p. 47). 

A related research project is the ongoing Big Data Europe EU project3 that aims at 
building innovative multilingual products and services based on semantically 
interoperable, large-scale, multilingual data assets and knowledge. The project focuses 
on two tasks: a) building a community of stakeholders belonging to the seven European 
societal key sectors, and b) developing a Big Data platform. 

  

3 The Big Data Europe project – Empowering Communities with Data Technologies. 
http://www.big-data-europe.eu/.  
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1 Promising Research Areas for Big Data/BI in Tourism 
The web and especially the informal and unstructured comments in social media is an 
extremely valuable source of information. This is particularly true for the tourism 
sector, where sharing of experiences, recommendations and expression of needs and 
satisfaction are nowadays a common practice. A lot of research effort already addresses 
the challenge of exploiting this source, including the areas of text mining and Natural 
Language Processing, sentiment analysis, Big Data analytics and many others.  

Promising research aims, which are believed to be worth pursuing are evolved around 
the most effective exploitation of the extracted information. The core aim is to develop 
advanced knowledge modelling frameworks, in order to express more complex 
concepts, and problems. Solutions to problems such as intelligent recommendations to 
tourists or decision support to tourism managers, based on information drawn from the 
web, can often be worthless if they are simplistic. Mining methods should thus be 
followed by higher-level stages of increased intelligence, in order to improve automatic 
interpretation capabilities. Emphasis can be given to context sensitive and semantically 
aware techniques. 

 

2 Knowledge Gaps (Theoretical/Methodological) 
In relation to the goals mentioned in the previous paragraph, methodological gaps and 
needs for advanced tools are identified in knowledge engineering, in particular as 
regards the process of transforming mining findings into reliably usable, contextualised 
knowledge. 

 

3 Major Development Needs 
Since, especially in tourism, rapid response and improved prediction abilities are 
important, further development is foreseen towards (a) enhanced intelligent forecasting 
methods and (b) mechanisms for establishing dynamic input information flows. Factors 
affecting the tourism industry, sentiment and other mined information can be meta-
analysed to extract factors and advanced prediction models. In this field, a generalized 
regression method based on case-based reasoning and adaptation rules has been 
recently reported (Jalali, 2016). An expansion of this approach is envisaged, utilising 
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multidimensional factor analysis to estimate data driven scales for similarity distance 
measurements (Greenacre, 2007). 

 

4 Promising Research Projects 
The establishment of one or more networks for the collection and redistribution of 
specialised dynamic knowledge on tourism management is envisaged, linking the basic 
actors of the tourism industry. The core of this network can be an advanced analysis 
and knowledge engineering unit, able to manage and maintain high-level knowledge. 
The content can be in machine understandable form, thus enabling intelligent problem 
solving mechanisms for design, decision support and marketing. 
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1 Promising Research Areas for Big Data/BI in Tourism 
While the success of tourism management hinges on many policy and managerial 
problems, it is increasingly reliant upon a solid understanding of the ever-changing 
consumer behaviour in order to mobilize necessary resources to satisfy their needs and 
wants (Gretzel, Fesenmaier & O’Leary, 2006). Therefore, the capabilities of tourism 
businesses or destinations to capture, monitor, analyse, and interpret travellers’ 
behaviours are critical. In today’s world information technology is transforming the 
tourism experience in that 1) it increasingly links our daily lives with the way we 
experience travel; 2) it changes the way travellers makes decisions and the outcomes of 
decision making; and, 3) it continues to create new connectivity and models of 
interaction and, therefore, new opportunities for tourism development. As such, 
analytics for tourism management should focus on the technological interfaces between 
consumers and the supply of tourism, particularly in social media and the mobile 
domain (Lamsfus et al., 2015; Wang, Xiang, & Fesenmaier, 2016).   

 

2 Knowledge Gaps 
While there is a growing literature in tourism management by applying analytical 
techniques to large quantities of data, this research is fairly fragmented in scope and 
limited in methodologies. It seems that we lack a conceptual framework that helps to 
identify the critical business problems in tourism and therefore provides useful research 
directions. For example, the linkages between data analytics and smart tourism 
development are yet to be established (Gretzel et al., 2015). Also, there are 
epistemological issues concerning big data analytics in tourism. For instance, most of 
existing studies on social media analytics utilize a single source, cross-sectional data to 
make generalizable claims (Ruth & Pfeffer, 2014). Whether, and how, social media 
data can be collected and analysed in order to truthfully represent and describe business 
reality remains an open question.  

 

3 Major Development Needs 
Tourism experience is a complex phenomenon. It not only consists of various physical, 
emotional and even spiritual states of individuals and social groups but also involves 
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distinct yet connected stages of experiences. In order to capture these aspects of tourism 
experience in diverse and holistic ways, new technological tools and measurement 
techniques need to be explored and developed, particularly those with the capabilities 
to capture travel behaviour in the mobile and social environments. Further, tourism 
researchers must keep up the cutting-edge analytical tools that being developed in areas 
such as machine learning, natural language processing, and data visualization. Because 
of the uniqueness of tourist destinations, critical business problems and needs must also 
be recognized and well understood.  

 

4 Promising Research Projects 
Several research projects are on my agenda. These research ideas surround the 
development of social media analytics to extract novel information from online reviews 
and other sources of data in order to support travel decision making. As demonstrated 
in the research presentation, we are developing a general analytical framework to 
examine and validate the information quality of different review platforms. With a 
deeper understanding of the big data nature of user-generated contents, we will further 
apply machine learning techniques such as topic modelling, aspect mining and transfer 
learning to develop novel measurement tools for the social media space for the 
hospitality and tourism industry.   
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