
 

Business Intelligence and Data Mining in tourism1
 

Business intelligence is nowadays used as an umbrella term for concepts and methods to 

improve business decision making that use fact-based support systems typically covering 

techniques, like data warehousing, reporting & OLAP (online analytical processing) and data 

mining. Data mining aims at discovering correlations, patterns and trends by sifting through 

large amounts of data, by using pattern recognition, and statistical/mathematical techniques. 

The application of techniques from the area of business intelligence and data mining gains 

more and more momentum in the tourism domain and currently constitutes an important 

issue and research challenge concerning the use of ICT in the tourism domain. 

 

Significance 

The competitiveness of any kind of tourism organisations strongly depends on how 

information needs are satisfied by information and communication technologies (Buhalis, 

2006; Back, et al., 2007). However, although huge amounts of information on customers, 

products, processes, and competitors are electronically available in tourism (e.g. web-servers 

store tourists’ website navigation, computer reservation systems (CRS) save bookings and 

customer profiles, property management systems (PMS) and destination management 

systems (DMS) store tourism offers and supplier information), these valuable knowledge 

sources are not used adequately in tourism destinations (Pyo, 2005; Höpken, et al., 2011, p. 

417). Thus, managerial competences and organisational learning in tourism destinations 

could be significantly enhanced by applying methods of business intelligence (BI) and data 

mining (DM), offering reliable, up-to-date and strategically relevant information about 

tourists’ travel motives and service expectations, channel use and related conversion rates, 

booking trends, and estimates about the quality of service experience and value-added per 

guest segment (Min & Emam, 2002; Pyo, et al., 2002; Sambamurthy & Subramani, 2005; 

Wong, et al., 2006). 

 

History 

Since the widespread adoption of computerized reservation and booking systems in the 

1980ies, comprehensive databases are available for all types of tourism transactions, i.e. the 
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complete booking and consumption behavior (e.g. Passenger Name Record (PNR) databases 

of global distribution systems (GDS) or the airline on-time performance database of the 

Bureau of Transportation Statistics; BTS, 2012). Immediately, especially airline companies 

started to analyze such data as input to process and product optimization, respectively. A 

first prominent example in the area of revenue and yield management is the DINAMO 

system, introduced by American Airlines in 1988 (Smith et al. 1992). Further early examples 

can be found in the area of demand forecasting (McGill & Van Ryzin, 1999; Subramanian et 

al., 1999), prediction of cancellation or no-show behavior (Hueglin & Vannotti, 2001; 

Lawrence et al., 2003; Garrow & Koppelman, 2004), or customer segmentation (Min & Enam, 

2002). 

Only very recently, data mining (DM) became increasingly important for tourism branches, 

due to its ability to discover previously unknown patterns in huge data bases through 

explorative techniques and - compared to most statistical methods - to also identify non-

linear relationships (Fuchs & Höpken, 2009; Fuchs et al. 2010; Höpken et al., 2011). Although, 

the potential of DM is not fully used in tourism, yet, all major DM techniques are principally 

applied. More precisely, descriptive data analysis is widely used in form of reports or online 

analytical processing (OLAP), e.g. to visualize tourism arrivals depending on dimensions, like 

time/season, travel type or customer origin (e.g. TourMIS; Wöber, 1998; Destinometer; Fuchs 

& Weiermair, 2004). Methods of supervised learning, like classification, estimation and 

prediction are used to explain tourists’ booking/cancellation or consumption behavior (Law, 

1998; Iliescu, 2006; Morales & Wang, 2008) and to predict tourism demand (Chu, 2004; Goh 

et al., 2008; Vlahogianni & Karlaftis, 2010). By contrast, as a method of unsupervised 

learning, clustering is one of the most heavily used DM technique in tourism, mostly applied 

to the task of customer segmentation as input to product differentiation, dynamic pricing or 

customer relationship management (Bloom, 2004; Xia et al., 2010; Kuo et al., 2012). 

With the uptake of the World Wide Web and its tremendous adoption in tourism the topic of 

web DM gained more and more attention. Web content mining, i.e. the analysis of content 

from online platforms and websites, first of all deals with the analysis of user generated 

content (UGC), i.e. tourists’ feedback and comments in blogs or review platforms, which 

currently constitutes one of the most intensively researched topics in tourism (Bronner & 

Hoog, 2011; Lexhagen, et al., 2012; Kuttainen, et al., 2012). Methods of text mining are 

applied to the tasks of feedback aggregation and opinion mining or sentiment detection, 

typically based on statistical or linguistic approaches (Kasper & Vela, 2011; Gräbner et al., 

2012; Schmunk, et al., 2014). Additionally, web content mining increasingly deals with the 

extraction of knowledge about tourism markets and offers (market and concurrence analysis) 

(Walchhofer et al., 2010). Web usage mining is dealing with the analysis of tourists’ behavior 

when using online platforms or websites. Although current applications typically focus on 

descriptive analyses, like number of clicks or sessions depending on dimensions, like time, 

origin of user or URL, also supervised and unsupervised learning techniques have been 

applied, like customer segmentation for website adaptation and product recommendation 



(Wallace et al., 2004; Pitman et al., 2010) or (sequential) association rule mining for click-

stream analysis (Jiang & Gruenwald, 2006). 

 

Examples /Research 

A prominent example in the area of revenue and yield management in the airline industry is 

the DINAMO system introduced by American Airlines in 1988 (Smith, et al., 1992). DINAMO 

builds on American Airline’s GDS SABRE as data source, providing comprehensive information 

on all transactions, related to the business processes reservation/booking, cancellation (no-

show), and offerings/resource management. Mathematically, the yield management problem 

is represented as a nonlinear, stochastic, mixed-integer program and, in order to reduce 

complexity, it is broken down into the sub-problems overbooking, discount allocation and 

traffic management. The overbooking problem is solved by forecasting cancellations, no-

shows, and over sale (i.e. compensation) costs, while a consecutive revenue optimization is 

finding the optimal overbooking level which equals the marginal revenue gained and over 

sale costs. The discount allocation problem is represented by a decision tree, based on 

demand predictions for multiple fare types, using exponential smoothing time-series 

techniques and a passenger-choice model reflecting customer reactions on schedule and 

price changes. Finally, traffic management handles the problem of single flights serving 

different markets due to connecting flights in a hub and spoke network, and is handled by 

clustering a multitude of market/fare combinations into a limited and manageable number of 

similar-valued groups, called buckets (Smith, et al., 1992). 

Early applications of BI can also be found in the area of tourism destinations and the 

hospitality industry. A typical example is the Austrian tourism marketing information system 

TourMIS (Wöber, 1998), offering market research information and decision support for 

tourism destinations and stakeholders. Based on a homogenous data model for tourism 

arrivals, overnight stays and visits at tourism attractions, TourMIS collects data directly from 

destination management organisations by a manual data input process, restricting data 

granularity to mostly yearly, or in some cases monthly, aggregates. TourMIS supports 

especially descriptive (i.e. OLAP-like) analyses of tourism performance indicators, like arrivals, 

overnights or visits aggregated on the level of tourism destinations, regions, countries, or 

customer characteristics, like sending country. Additionally, techniques of trend analysis and 

prediction models are applied in order to identify seasonal or long-term trends and to predict 

future tourism demand or guest mix changes. 

The Tyrolean (Austria) benchmarking tool Destinometer™ analyses representative survey 

data on customers’ satisfaction with the destination offer (e.g. accommodation, gastronomy, 

animation, wellness, sport, shopping, etc.), thereby offering various benchmarking functions. 

The first analysis approach supplements and combines this data with data on customers’ 

price satisfaction, thus, showing the perceived value-for money along the major destination 



value-chain areas (Fuchs, 2004a). The second analysis approach utilizes Kano’s (1984) factor 

structure model of customer satisfaction and employs Brandt’s (1988) dummy-based 

regression method to identify those destination activities and value-chain areas with the 

highest relative potential to delight the customer. The third and final analysis approach 

further adds supply-side data of the destination, such as output data (e.g. overnight stays, 

price levels for the various accommodation categories) and destination resource data (i.e. 

inputs), like the bed base, marketing costs, cost for energy, water and recycling, as well as 

aggregated wages for tourism personnel. By employing a data envelopment analysis (DEA), 

the relative efficiency level of the destination is gained, and optimal strategies to enhance 

customer satisfaction can be deduced, which in turn, also improve the aggregated level of 

destination efficiency (Fuchs & Höpken, 2005; Weiermair & Fuchs, 2007). 

MANOVA WEBMARK (Kepplinger, 2006), a management information system for Austrian 

tourism stakeholders, supports tourism destinations, accommodation providers, attraction 

providers and ski lift operators in their operative and strategic decision making process. 

Tourism indicators, like arrivals, overnights, visits, and passengers/transportations, as well as 

guest feedback and satisfaction are gathered, either manually on a yearly or monthly 

aggregation level, or by online surveys. MANOVA WEBMARK supports the analysis of guest 

satisfaction (based on guests’ demographic characteristics, travel motives and consumption 

behaviour), performance indicators and trends, benchmarking as well as strategic analyses, 

like SWOT, or importance/performance analyses (IPA), respectively. 

DestiMetrics (www.destimetrics.com) supports performance analyses and decision making 

for tourism destinations and accommodation providers in the United States and Canada. 

Detailed (i.e. non-aggregated) reservation data on different accommodation types (i.e. hotel 

and non-hotel facilities) are imported from property management companies and vacation 

rental units on a monthly basis, enabling detailed analyses of past and upcoming arrivals and 

overnights. DestiMetrics offers performance indicators, like occupancy rate, daily average 

room rate, or revenue per available room (RevPAR), interlinks them with contextual factors 

which are influencing tourism demand, like holiday information, and offers benchmarking 

functionalities for tourism suppliers within a destination as well as between tourism 

destinations. 

t-stats (www.t-stats.co.uk), a MIS for tourism destinations, supports descriptive analyses and 

benchmarking functionality in the areas of accommodation (i.e.  indicators, like occupancy 

rates, average room rate, RevPAR, etc.), attractions (i.e. indicators, like the number of 

visitors, expenditures per visit, etc.), general tourism statistics (e.g. arrivals, expenditures, car 

parking, visitors of information centres, visits to events and festivals, weather data, exchange 

rates, etc.), customer feedback and satisfaction (based on customizable surveys), and 

website hits (i.e. web navigation behaviour). Source data are mainly entered manually by 

tourism stakeholders or destinations on a monthly or daily aggregation level. 

 



In the area of web content mining UGC analysis, like tourists’ comments in blogs or review 

platforms, in form of feedback aggregation, opinion mining or sentiment analysis, gains most 

attention in research as well as practical applications. Especially tourism destinations and 

accommodation providers can benefit from monitoring, collecting and analysing UGC and, 

thus, different software tools are available and already in practical use by tourism 

stakeholders, e.g. comprehensive social media monitoring and analysis tools like Trackur 

(www.trackur.com) and Alterian SM2 (Laine & Frühwirth, 2010), the social media search 

engine Social Mention, focussing on real-time aggregation of social media content and point-

in-time social media search (www.socialmention.com), Tweettronics, enabling to track words 

and phrases on Twitter and execute competitive and trend analyses of product mentions and 

customer sentiments (www.tweettronics.com), or even basic tools, like Google Alerts 

(www.google.com/alerts). Kuttainen et al. (2012) evaluated tools and methods for collecting 

UGC related to tourism destinations and the current attitude of destination managers and 

stakeholders and argue that destination stakeholders certainly make use of software tools for 

analysing UGC, but still lack a well-structured and efficient analysis approach. 

DMISTM (Höpken et al., 2014) offers cross-process knowledge extraction and decision support 

for tourism destinations, thus, supporting information extraction, data warehousing and data 

visualization and analysis for all business process, relevant for a tourism destination, like 

information request, web navigation, booking, consumption, location tracking and customer 

feedback. A homogenous and comprehensive multi-dimensional data model enables the 

integration of heterogeneous data from different business processes and data sources into a 

central, process-overarching destination data warehouse. Conformed dimensions (i.e. 

uniformly defined across several processes) facilitate the identification of relationships and 

patterns across different business processes and the extraction of previously unknown and 

unavailable knowledge. 
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Web links 

Destimetrics (www.destimetrics.com) 

Google Alerts (www.google.com/alerts) 

MANOVA (www.manova.at) 

Bureau of Transportation Statistics (www.rita.dot.gov/bts) 

Socialmention (www.socialmention.com) 

Trackur (www.trackur.com) 

Tweettronics (www.tweettronics.com) 

T-Stats (www.t-stats.co.uk) 


