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Abstract
This contribution examines the wicked problem of adequately measuring tourism in its many
facets. This concise survey examines the main techniques used today for assessing tourism
flows and their direct, indirect, and induced effects on environmental, socio‐cultural, and
economic macro‐scenarios.
Demand and supply evaluations are explored through the description of traditional time
series and econometric models and the main national tourism statistical measurements
together with cutting‐edge techniques such as the artificial intelligence methods that use the
most recent advances in computer science. The important task of estimating the impacts of
tourism related activities on the socio‐economic environment is discussed by looking at the
most popular methods such as the Input‐Output model, the Social Accounting Matrix, the
Computable General Equilibrium model and the Tourism Satellite Account. Moreover,
computerised numerical simulation techniques are called into play for their capability to
provide useful insights and outcomes in complex and uncertain situations, typical of the
tourism domain.
The analysis discusses the main shortcomings of all these approaches. In an increasingly
complicated and fast changing World, many of the foundations up to now considered
relatively set have seen, in recent times, a number of disruptive modifications. As a
consequence our traditional approaches have lost most of their validity and seem no more
fully able to provide useful and reliable insights. Methodological and instrumental changes
are sketched as a possible answer to the question.
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Introduction
Tourism is, we all know, a complex phenomenon. Actually tourism is a blanket term under which
we strive to include an incredible number of entities, behaviours, activities, sectors or subjects, all
more or less related to the movement of people across places or countries. The so many diverse
elements that are commonly grouped in the concept even raise the question “as to whether or not
tourism is, in fact, too varied and chaotic to deserve separate consideration as a subject or
economic sector” (Cooper et al., 2008: 5). Despite this complexity, a wealth of actions, strategies,

policies , at local or global level, depend on some kind of measurement of the phenomenon or of
its effects.
Now, whenever an action is needed or wanted that concern a phenomenon or a system, our
cultural tradition call for the need of a definition of the object and some measurement of its
characteristics and evolution in time. This is what we mean by “scientific” approach (Andersen &
Hepburn, 2016). When tourism comes into play, however, we have to consider several difficulties
that come, essentially, from the fact that we deal with complex adaptive systems. The complexity
derives not much from the number or diversity of the items we consider, but rather from the
characteristics of the phenomenon and its associated systems., that are relatively easy to
recognise. They consist, essentially, of the presence of a certain (large) number of components of
different nature that have often non‐trivial relationships between them and with the external
environment, and whose evolution (individually and as a group) is highly sensitive to the initial
conditions. This gives rise to what are called “emergent” phenomena, that is events or
configurations that cannot be easily inferred from the individual characteristics of the components
that, in a way, come out almost as a surprise and can be only foreseen by using simulation
techniques. Moreover the system has a “memory” or includes feedback loops that allow it to
adapt itself in accordance with its history or feedback (Johnson, 2009). As many scholars have
shown, these are common features of all tourism systems and manifestations (Baggio, 2008;
Baggio & Sainaghi, 2011; Farrell & Twining‐Ward, 2004; Faulkner & Russell, 1997).
One of the main consequences of having to deal with complex systems is the claimed inherent
unpredictability of the system’s dynamics (Boffetta et al., 2002). However, never declared but
implicitly assumed in almost all forecast works, a common hypothesis is that all systems exhibit
some kind of inertia which drives them along a temporarily stable evolutionary path. This means
that while correct long‐term predictions are impracticable, with the limitation of not extending a
forecast too far in time, we may still use the methods devised so far to attempt a forecast
(Andersen & Sornette, 2005; DelSole & Tippett, 2009).
In this chapter we examine the most common methods used in the tourism domain for measuring
its aspects and impacts (mainly economic) and discuss their limitations as a requisite for future
improvements and refinements.
Measuring tourism: The problem of defining what you want to measure
There is a widespread conviction that managing, governing, controlling or simply understanding
phenomena, firms, countries or individuals cannot be achieved without some kind of quantitative
measurement, especially since our socio‐economic environment has become heavily performance‐
oriented. In tourism this translates into the need of unified data‐driven bases for making decisions,
designing plans and strategies, be accountable of the investments made.
Whether real objects or abstract models, an obvious prerequisite for the measurability is the
possibility to define the object of study or at least to frame it by delimiting what we want to
measure. In many cases (especially psychology or social sciences) this is not possible, therefore we

resort to an operationalisation process that allows expressing fuzzy or ill‐defined concepts so that
they become measurable and understandable in terms of empirical observations. Then, the act of
measuring essentially consist of the assignment of a number to a certain feature, object or event
so that it can be compared with others (Nagel, 1931; Stevens, 1946).
Modern measurement theory calls for two important characteristics: accuracy, the absence of
systematic errors, and precision, the smallness of random measurement errors. In other words
measurements are accurate if they are close to the true value of what we measure, and precise if
all measurements of a quantity are close to each other (Tal, 2016).
Defining tourism is a complicated matter. Actually, as well known, the discussion on “what is
tourism?” and on what elements should be considered as belonging to this domain is quite old and
many works have been devoted to the analysis of the problem. Practically any book on the subject
start with a chapter in which it is possible to find some discussion on these difficulties followed by
what a scientist would call an operational definition. The fact is that a formal conceptual definition
does not exist, and probably will never exist, so we need to resort to something that can allow
some kind of practical treatment, mainly for what concerns the decision on what to consider and
therefore measure.
This is the case of one of the most used approach, that of the UNWTO which defines tourism as
comprising: “the activities of persons travelling to and staying in places outside their usual
environment for not more than one consecutive year for leisure, business and other purposes not
related to the exercise of an activity remunerated from within the place visited.” (UNStats, 2008b:
1) Even in this case, however, the fuzziness of the terms used poses a number of issues for an
accurate and precise measurement of the phenomenon, for what attains to both the ‘tourists’ and
the entities that provide products and services (that which many call ‘the industry’). In the latter
case, for example, not having a common, shared and agreed, delimitation generates an incredible
and often non compatible variety of classifications, so that, practically, no country has been able
to clearly and fully define what elements (companies, groups, services, products) belong to the
tourism sector and no easy way of measuring the activities exist.
However, even in this situation many methods have been devised for assessing the extent and the
impacts of tourism in a geographically (or administratively) defined area.
Current methods and main issues
Given tourism’s economic importance, it looks natural to adopt an economic terminology and
reason in terms of supply and demand.
Demand is made of all those travelling to some place (tourists and destination). It can be
measured by taking into account four elements: people (tourists), money (expenditure, receipts),
time (stays and travels durations) and space (distances, lengths of trips) (Song et al., 2010). The
first two classes of measurements are by far the most common. Despite the efforts of many
national and international organisations (see e.g. the recommendations by the UN statistical
division, the UNWTO or the European statistical office: (EUROSTAT, 2014; UNStats, 2008a),

though, sources and collection methods for demand data differ, often substantially, across
countries. Data come often from border counts (police, immigration), supplemented by surveys at
entry points (airports, ports); in other cases measurements are taken at tourism accommodation
establishments. In some cases peculiar areas are sampled and the results extended by estimation,
in other cases counts reflect an actual coverage of all the establishments. Moreover, same people
may be counted several times if they travel across a country and stay at different
accommodations.
Finally, most of the collection procedures are performed at some local level and must then be
aggregated, following the administrative hierarchy, with all the issues related to possible
transcription errors, missing items or wrong assessments (Volo, 2004). It must be noted that the
issues are the same for both international and domestic travels.
Rather obviously, and possibly with more problems, the same can be said when expenditures are
at play, both for a natural reluctance by the travellers in declaring their expenses, and for an
intrinsic difficulty in distinguishing whether certain expenses are tourism related or not
(Frechtling, 2006). In summary, the overall reliability, consistency, and comparability of the
demand measurements, at least at a basic level, is relatively poor, and this raises a number of
challenges when parallels and comparisons are made between different areas or countries, or,
more importantly, when forecasts are required for making decisions or preparing plans.
Besides the usual figures on tourist arrivals and length of stays, a number of other characteristics
are measured, even if not in all countries. These range from socio‐demographic distributions (age,
gender, education etc.) to economic conditions, to motivations for the trip, to means used for
booking and planning, to in‐depth analyses of the different geographical origins. A thorough list of
the data available in many countries is reported by Lam and McKercher (Lam & McKercher, 2013).
Most of the demand metrics are collected (more or less) regularly at different times. They are then
assembled into time series and used for making predictions. Planning, managing, setting policies,
defining strategies, deciding investments, at an individual or aggregate level are activities that
require a certain “knowledge” of possible future developments, thus forecasting is considered of
great importance in the field by both researchers and practitioners, and is one of the most
relevant trends in tourism research (Moro & Rita, 2016). Several methods have been devised for
forecasting tourism demand. Today we can identify three major groups (Peng et al., 2014): time
series models, that use historical data for predicting future trends; econometric models, that look
for relationships between demand and some explanatory variables of economic or social nature,
so that future demand can be predicted by building scenario of these variables evolution; and
artificial intelligence models that use the most recent advances in computer science and apply
methods such as neural networks, rough sets theory, fuzzy time‐series theory or genetic
algorithms for deriving informative outcomes.
Time series analysis is the most popular way for examining the general dynamic behaviour of a
tourism system (be it a destination or a single operator) and to forecast possible future situations.
A wealth of proposals exist in this field: simple naïve models and exponential smoothing

techniques, more elaborate autoregressive integrated moving average (ARIMA) methods with
their many variations, sophisticated econometric and statistical approaches. However, according
to many studies (Smeral, 2007; Witt et al., 2003) no single forecasting method outperforms the
others, and there is a need to combine different methods, better if then the outcomes are revised
by using some qualitative judgements (Baggio & Antonioli Corigliano, 2008).
Recent advances in technology and software development have made available a number of
techniques rooted in the principles of machine learning. The idea is to let the application
iteratively learn from data, in order to find insights without explicitly programming where and
what to look. Essentially there are three ways to teach a machine:





supervised learning: given a set of inputs and their outputs, a machine is instructed to
recognise the pattern in outputs for their respective inputs and attempts to make
decisions;
unsupervised learning: the machine is given only a set of inputs and uses different
algorithms to find by itself patterns and structures in the input;
reinforcement learning: the machine learns dynamically from the data and the
environment trying to optimise and maximise some function.

Algorithms such as artificial neural networks (a technique derived from the artificial intelligence
attempt to mirror human brain and neural processing) or support vector machines, genetic
algorithms, fuzzy systems and hybrid models, have shown to be able to provide comparable or
better results than those obtained with more traditional techniques (Asensio et al., 2014; Moro et
al., 2014; Pai et al., 2010). Although needing good technical expertise in computer science (and not
exactly user‐friendly tools), these methods allow the researcher to consider a number of different
elements (data) in the process so that more realistic models of the tourists’ behaviours can be
attained, giving better possibilities to overcome some of the limitations existing when only the
movement parts (arrivals, stays) of the problem are taken into account (Moro & Rita, 2016).
When it comes to measuring the supply side of tourism, the situation is even more complicated.
One of the reasons is that tourism is mainly a consumption phenomenon; the supply side is
defined and measured in terms of the demand side. In other terms demand guides the
identification of its suppliers, and the characteristics of tourism supply may vary greatly from
destination to destination. Moreover, in a single place the distinction between tourism and non‐
tourism activities can be extremely difficult since there is no possibility to separate fully these
types of activities. We can only resort to the SICTA (Standard International Classification of
Tourism Activities) proposal, put forward by the UN Statistical Division, that attempts to classify
activities distinguishing those that would not exist without travels and those that continue to exist
even if there were no travel, albeit at a reduced level (UNStats, 2008a). However, in most cases
supply is measured by resorting to counts of accommodation or catering (food and drink)
companies thus excluding many components of the tourism system from the national statistics
when tourism is considered (Cooper & Hall, 2008). It is no surprise then to find that the supply side
of tourism has not received much attention and that, apart from routine counts (hotels, travel
agents and similar establishments), not much is done for measuring this component in its entirety.

It must be noted here that a number of recent developments in the way tourism is consumed by
travellers have, if possible, worsened the situation. In fact, even if badly defined, we have
considered the supply of certain products such as accommodation as a fixed, limited and
perishable goods (Vanhove, 2005). On this idea several methods have been developed for the
optimisation of the distribution and for maximising the possible revenues. Today, however, the
incredible diffusion of alternative forms of accommodation have altered this scenario and
modified the traditional view in that, with their capacity of responding dynamically to demand
variations, accommodation supply is no more a fixed resource but varies (often in opaque ways)
trying to follow the variations of demand (Guttentag, 2015; Tussyadiah & Pesonen, 2016).
Assessing the impacts of tourism
In the second part of last century, tourism has become probably one of the largest sectors of the
World economy, and one of the few able to recover quickly from the many crises we have
experienced, continuing in a growth at rates that do not seem to fade (UNWTO, 2016; WTTC,
2016). It is no surprise, then, to see a flourishing activity devoted to assess the impact tourism has
at global and local levels on the social and economic conditions (Dwyer et al., 2004; Song et al.,
2012).
Research, mainly of economic origin, has provided a number of methods and tools for the
purpose. The most popular are the Input‐Output model, the Social Accounting Matrix, the
Computable General Equilibrium model and the Tourism Satellite Account, which is the only
specialised tool born in the field .
The input‐output (IO) model was first introduced by Leontief (1986) and is a quantitative method
to represent, in general, the relationships between different industries of a national economy or
different regional economies. Essentially, the model consists in building a table (a matrix)
containing the relationship between producers and consumers as well as the interdependencies
among industries for a given period (a year) thus reflecting the technical relationship between the
level of output and the required inputs, and the balancing of supply and demand for each type of
good or service. Relatively simple matrix calculations provide then the so‐called multipliers, that
show the intensity of interactions by assessing how changes in demand generate changes in
output, labour earnings, and employment (Fletcher, 1989; Frechtling & Horvath, 1999). In this
way, an input‐output model allows estimating direct, indirect and induced impacts of the tourism
activities in a defined region. It must be noted here that the model is based on a (strong)
assumption linearity in the relations between inputs and outputs from different sectors as well as
between outputs and final demand. Additionally, all businesses in a given industry are supposed to
employ the same production technology.
A Social Accounting Matrix (SAM) represents the flows of the economic transactions existing in an
economy (regional or national). Here too, a matrix is used to represent the national accounts
(even if it can be extended to include other accounting flows) and is created for whole regions or
areas. SAMs refer to a single year and provide a static picture of the economy. SAMs have been
used, when appropriate data were available or could be reasonably estimated, to estimate the

weight of tourism and the redistribution effects of tourists’ expenditures (Akkemik, 2012; Wagner,
1997).
Computable general equilibrium (CGE) are simulation models that use actual economic data to
estimate how changes in policy, technology, production or even external factors might impact the
general behaviour of an economy. They build upon a general theory that combines the
assumptions on rational economic agents with the investigation of equilibrium conditions. These
conditions are usually specified as a system of equations where the functional forms are calibrated
to benchmark data. Different methods exist for writing these equations so that their coefficient
can be given even when the calibration of the parameters is complicated by their inherent
dynamicity (Dixon & Parmenter, 1996).
The model comprises the equations with their variables and parameters, and a database (usually
large and detailed) of transaction values and elasticities consistent with the model equations.
These are often expressed by IO tables or SAMs. Market clearance, zero profit and income balance
are used as conditions to solve the system for the set of prices and the allocation of goods and
factors that support a general equilibrium. In some cases, however, the equilibrium conditions
may be relaxed and the model may accept non‐market clearing (e.g. for labour or commodities),
imperfect competition (e.g. monopoly pricing) or demands not influenced by price (e.g. by
government). CGE models are widely used for evaluating the impact of economic and policy
changes (reforms) because they are reputed to reproduce in the most realistic way the structure
of a whole economy and hence the nature of the existing economic transactions among diverse
economic agents. Despite their computational complexity and the requirements for great amounts
of reliable data, CGE models have seen a good interest in the tourism community and their
importance has been stated several times (Dwyer, 2015).
The Tourism Satellite Account (TSA) is a statistical framework jointly developed by a number of
international organisations (UNWTO, OECD, Eurostat, UN Statistical Division) as a standardised
tool to assess the measurement of the economic impacts of tourism (Frechtling, 2010).
Essentially, a TSA consist of a set of tables that account for the use of resources, the assets, the
liabilities of the tourism activities in a certain region for a certain period of time. The different
tables contain data on international and domestic tourism expenditures (in‐ and out‐bound),
employment, investments (private and public), accounts of tourism industries, and the gross value
added (GVA) and gross domestic product (GDP) attributable to tourism plus some non‐monetary
indicators (same‐day trips, overnight stays). The Tourism Satellite Account: Recommended
Methodological Framework (TSA:RMF, 2008) provides the conceptual framework and the
guidelines (definitions, classifications, tables, aggregates etc.) for creating a TSA. All the guidelines
are in line with the international standards for reporting national economic activities (SNA, 1993).
The purpose of a TSA is that of harmonising tourism statistics from an economic perspective in the
framework of the national accounts, taking into account the balance between demand‐side
(acquisition of goods and services by tourists on a trip) and supply‐side (value of the production by
industries). In this way tourism economic data become comparable with other economic statistics.

A TSA is a powerful and useful tool and many countries and regions have put their efforts in
building such reports (see e.g. (EUROSTAT, 2017). However, also in this case the solution is far
from optimal. Many issues have been raised with the methodology (heavily data‐hungry) and with
the conceptual approach that seems to adopt a too simplified view of the economic relationships
between tourism and the rest of the activities (Smeral, 2006).
In closing this section it must be noted that the methods described here are not to be seen as
alternative tools, but they are often used in combination for better assessing tourism impacts (see
e.g. (Chou & Huang, 2011).
What’s missing towards intelligent futures. How can modern technology help?
The discussion so far, although limited to only a succinct description of the most popular methods
for measuring tourism activities and their impacts on the socio‐economic environment in which
they evolve, makes possible to highlight a number of issues connected with this enterprise.
The first and foremost problem is in the definition of the terms and of the subjects we want to
measure. This is a well‐known problem that, however, has not received yet a solution. We have
temporarily answered the question by using an operational definition that identifies tourists as
people who move to some place (where they do not usually live) and tourism suppliers as those
entities (companies, associations etc.) that derive their main subsistence from providing some
form of assistance to the tourists (place to live, food, entertainment, guidance etc.). This ill‐
definition of the terms poses a number of severe issues mainly in the measurement of the
demand, which is the most important part of the industry (Lam & McKercher, 2013).
However, and more strongly in recent times, a number of different options have been made
available to tourists and travellers, mostly originated from the incredible advances in the
Information and Communication Technology (ICT) world. Online applications make today the life
of travellers much easier than before giving them the possibility to perform all the activities
related to the choice and the organisation of their trips without the need for “touching base” with
any physical entity, or leaving physical traces of their passage. In addition, these tools provide easy
access to functions, traditionally well‐defined and identifiable such as accommodation for
example, that can be now satisfied by a brand new series of operators (if they can be called so)
that are out of the usual classifications. These customers, called sometimes silent travellers (SKIFT,
2014), do not appear in any of the traditional measurements. The phenomenon is difficult to
quantify, but some estimate around 40% the size of the travellers’ component using para‐
hotellerie establishments, most of which go practically unreported (IPK, 2014).
The problem of measuring the unobserved component of tourism is not an easy one, and many
attempts have been made for improving the measurements using different sources such as
electricity consumption, newspaper sales, or other quantities that see variations due to the
presence of non‐residents such as solid waste; all data that can be available through several
official sources with good spatial and temporal resolution (De Cantis et al., 2015; Ezeah et al.,
2015; Petrosillo et al., 2006)

Although silent the XXI century travellers leave behind them a wealth of digital traces in their
movements. Online applications (social networks, search engines, comments and review
platforms), given their widespread diffusion, are an exceptional source of information on a wide
range of topics (preferences, needs, activities etc.) and can provide good means to assess the real
dimensions of tourist flows. On this use of the so‐called big data many researchers and
practitioners are working and a number of proposals exist for their use for the purpose.
(Heerschap et al., 2014; Wood et al., 2013). The same can be said of the data collected by
telephone companies (or through the use of other devices capable of GPS positioning) that can
provide (when and where available) an even better and more reliable input for estimating the
presence of individuals in certain areas (Baggio & Scaglione, 2017; Lin & Hsu, 2014; Shoval &
Isaacson, 2010). It is then natural to think then that forecasting can be greatly improved when
different sources and methods are used (Bangwayo‐Skeete & Skeete, 2015; Choi & Varian, 2009;
Gunter & Önder, 2016; Jungherr & Jürgens, 2013; Pan & Yang, 2016). Here the advances in
artificial intelligence methods, machine learning and predictive analytics can be of incredible help.
Many of these methods are currently under development and, despite the various examples that
have started to appear in the tourism field, no verified and trustworthy way has been found yet
for addressing these issues. Specifically, in tourism too little has been achieved, probably for the
increased complexity of the environments and the tools needed, not in the tradition of a mainly
qualitative or standardised approaches to the measurement of the phenomenon (Baggio, 2016).
It could be trivial to state that, from a methodological perspective, the integration between
traditional data collection techniques and the new methods based on varied sources, when
correctly applied and rigorously considered (Boyd & Crawford, 2012; Chen & Zhang, 2014), allows
for a greater reliability and precision of all the dimensions related to the tourism domain. In fact,
all the traditional techniques, even with the many limitations that here too have been highlighted,
preserve their validity when, as often happens, are employed with the necessary rigour (Kitchin &
Lauriault, 2015). The harmonisation of these two worlds is a known issue and a number of
statistical agencies are committed to find common positions on conceptual, methodological and
operational approaches, on resolving the issues related to validity, reliability, accessibility,
standardisation, on the treatment of privacy, ethics, security, and, obviously, on putting together
the right set of competences, resources and funding necessary to face the problem (Kitchin, 2015).
When it comes to the analysis of the impacts, besides any consideration on the economic models
at the base of the different assessment methods, the major issue is that their principal
characteristic is that practically all of them are static exercises. They provide (if well fed with the
right data) a good picture of the situation for a certain region and a certain period of time, but are
quite difficult to use for building dynamic evolutionary scenarios and do not provide useful means
for assessing the effects of changes (whether smooth or not) in some of the main elements that
may determine the outcomes.
Patterns and impacts emerge from the trips of billions of tourists (international and domestic) to
countless places. A highly complex phenomenon that, in the last years, has seen a further increase
in the dynamicity of both demand and supply sides. While it is relatively simple to enclose in

administrative boundaries a place and label it a destination, the real situation is quite different.
Movements of people and resources in and out and the environmental, social and economic
changes characterise a destination as far from being a closed system, tending to an equilibrium
state (Baggio, 2008; Baggio & Sainaghi, 2011). It is clear then that different approaches must be
taken if we want to assemble realistic views and, mainly, if we want to achieve a better capability
to envisage the possible effects of the changes in one or more of the millions of parameters that
enter the game. A promising solution (or at least a reasonable attempt to) is to resort to numerical
simulation modelling, that looks well‐suited for improving the understanding of socio‐economic
systems for their capacity to examine and take into account the many dynamic correlations among
different human and environmental factors (Gilbert, 1999; Henrickson & McKelvey, 2002).
In this respect agent‐based models (ABMs) seem particularly appropriate (Srbljinovic & Skunca,
2003; Toroczkai & Eubank, 2005). An ABM is a way of representing a complex systems and of
simulating its multiple potential configurations and outcomes. In an ABM “relations and
descriptions of global variables are replaced by an explicit representation of the microscopic
features of the system, typically in the form of microscopic entities (‘agents’) that interact with
each other and their environment according to (often very simple) rules in a discrete space‐time”
(Gross & Strand, 2000: 27). Such simulations are usually relatively easy to set and, with a good
attention to their calibration with empirical data and to testing their validity in known situations,
are able “to overcome all the simplifying assumptions of homogeneity, linearity, equilibrium, and
rationality typical of traditional modelling techniques” (Nicholls et al., 2017: 3). The practice of
ABMs in tourism, both for theoretical and practical uses, is still in its infancy, but there is a growing
interest in this techniques (Amelung et al., 2016; Johnson et al., 2016).
Concluding remarks: the future of measuring
Measuring tourism is a wicked enterprise to which many, for theoretical or practical reasons, have
directed their efforts and knowledge. Despite the innumerable methods and resources put into
this enterprise, we have realised that, today, there is a big gap between what we do and can do
and we would achieve. This contribution has provided a view (although limited and partial) to
what the state of the art is and to what the major problems are.
For the future many possibilities exist, but they require a different mindset, principally from the
academic side, seen as the environment able to guarantee the rigour and the validity of the
methods and the tools to be used. It is not an easy task, as it requires a profound revision of the
attitude towards research and research methodology. Essentially the need is in expanding (or
implementing) an active cooperation with other disciplinary environment in order to overcome
traditional (and today dysfunctional) distinctions, and to acquire and improve new skills and
competences, chiefly for what concerns the treatment of data and the interpretation of the
outcomes of procedures that are still being developed and validated. In few words the future
tourism researchers must get used not to limit themselves to push buttons of some
predetermined standardised software package, but rather strive to better understand and analyse
the issues at stake and learn to choose, from the vast catalogue of possibilities offered today, the
best, or most suitable, set of algorithms, libraries and techniques for the task.

A full integration between qualitative and quantitative approaches is becoming increasingly
important. It is no more a matter of highlighting the well‐known benefits of the combination
(Baran, 2016), but rather a must if we want to avoid the risks and the pitfalls of unexpected,
counter‐intuitive or even wrong outcomes (one famous example is the story of Google flu
predictions: (Lazer et al., 2014) that might arise from the use of the new analysis methods, or to
avoid perpetuating many myths that have been around in the field and that “can be damaging,
promulgating falsehoods and inhibiting the development of a field” (McKercher & Prideaux, 2014:
16).
Finally, and rather obviously, without strong decisive collaboration, understanding and support
from the industry and public agencies, these goals will stay in the realm of unfulfilled dreams. In
this collaborative effort much should be devoted to basic research, as without solid theoretical
foundations, the building up of practical (applied) methods and tools seems a highly unlikely
endeavour.
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