The mobility network of European tourists: a longitudinal study and a

comparison with geo-located Twitter data

Davide Provenzano®, Bartosz Hawelka®, Rodolfo Baggio®

* Department of Economics, Statistics and Business, University of Palermo, Viale delle Scienze
(Parco D'Orleans), Ed. 13, 90128 Palermo, Italy, E-mail: davide.provenzano@unipa.it

® Doctoral College GIScience, Department of Geoinformatics-Z_GIS, University of Salzburg,
Schillerstrafle 30, 5020 Salzburg, Austria. E-mail: bartosz.hawelka@sbg.ac.at

¢ Master in Economics and Tourism, Bocconi University, via Rontgen 1, 20136 Milan, Italy and
National Research Tomsk Polytechnic University, 30 Lenin Avenue, Tomsk 634050, Russian

Federation. E-mail: rodolfo.baggio@unibocconi.it

Abstract

In this paper we provide a network study of the structural and dynamical characteristics of
tourism flows in Europe in the period 1995-2012. Travels in Europe were studied following the
network science research paradigm and focusing on the whole network of intra-European
tourism destinations. Network analysis was used to map and reveal the pattern of connections
between states as shaped by bilateral tourism flows.

Data were provided by the United Nations World Tourism Organization. For several countries,
we updated and integrated UNWTO data with information available from the national statistical
office of the individual countries.

For the year 2012, results obtained from the UNWTO record-based network were compared to
geo-located Twitter data as a proxy of human mobility patterns.

Our analysis provides evidence of a shift towards an increased homogeneity in the travelling
preferences of European tourists, an acquired attitude of visitors to travel shorter distances, and
a tendency of mobility patterns to merge. Finally, the comparison between UNWTO and Twitter
data shows a different spatial distribution of visitors.

These results provide a useful insight for policy makers involved in tourism planning.
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1. Introduction

The EU tourism industry has a relevant economic and social importance for its
contribution to GDP, employment, and economic growth, as well as to development in
rural, peripheral, or less developed areas (European Commission, 2010). Starting from
the second half of 2010, EU tourism has gained momentum, consolidating the position
of Europe as the most visited region in the world (see UNWTO World Tourism
Barometer, January 2015). Typically, three out of four outbound trips of at least one
overnight stay made by EU residents have a main destination in another member state.
Despite the large amount of data available for tourism analyses, what official statistics
and literature in general fail to provide is a study, over long time intervals, of tourism
flows between all European countries.

In this study we aim at filling this gap by investigating the structural properties of the
relations between tourism destinations along with the dynamical (historical) evolution
of the topology of intra-European tourism flows. Moreover, by comparing results from
official statistics with the analysis based on geo-located Twitter data, we also
contributed to the discussion about the use of social media platforms as a global source
for mobility data.

The flow of intra-European overnight visitors from 1995 to 2012 is the research topic of
this study, which includes all the sovereign states falling even partially under any of the
common definitions of Europe, geographical or political, for a total of 54 entries.
Travels in Europe were studied following the network science research paradigm
(Baggio et al., 2010) and focusing on the whole network of intra-European tourism
destinations. We used data provided by the United Nations World Tourism
Organization (UNWTO, 2014) in conjunction, in several cases, with more complete and
updated data found on the web page of the national statistical office of the individual
countries. Network analysis was used to map and reveal the pattern of connections
between states as shaped by bilateral tourism flows.

Network attributes were quantitatively measured and results displayed in network
diagrams. Additionally, we used user-generated geo-located Twitter data as a proxy of

human mobility patterns between selected countries. We created a similar country-to-



country network and cross-validated the results obtained from Twitter data with the
network based on UNWTO records for the last year of the analysis: 2012.

According to our results, tourism flows in Europe have changed during the period
covered by the study, displaying a trend towards a higher homogeneity. At the same
time, mobility patterns displayed a tendency to merge and an acquired attitude of
visitors to travel shorter distances (the majority of trips took place among neighbouring
or nearby countries).

These results provide a useful insight for policy makers involved in tourism planning. In
fact, the degree of homogeneity represents an important indicator of tourism services
quality and tourism management in general (Bosetti et al., 2007), whereas mobility is an
essential strategic component for sustainable travel and tourism.

The contribution of this study is threefold. First of all, to the best of our knowledge, this
is the only study that focuses on the bilateral tourism flows between all countries
falling, geographically or politically, under the definition of Europe. Secondly, we
provide evidence of a shift towards a greater homogeneity in the travelling patterns of
European tourists. Lastly, for the first time our study provides a comparison between
topological structure and bilateral mobility patterns of tourism flows, based on two
different data recording methods.

In the following section we provide an overview of the existing literature dealing with
the analysis of tourism flows in Europe and the use of network science in tourism
studies. Section 3 describes data and methods used in this study. Results are discussed
in section 4. Managerial implications, concluding remarks, limitations of the study, and

possible future research topics close the paper.

2. Literature background

The issue of visitors’ flows between European countries has so far been addressed only
by a limited number of articles and reports.

Pearce (1987) focuses on the European country-to-country patterns of charter tourists
between 1970 and 1980. The analysis of data relating to members of the European Civil
Aviation Conference (ECAC) reveals that inclusive tours by charter (ITC) were

responsible for much of the expansion of tourism in post-war Europe and for a more



direct interaction between market and destinations in a north-south pattern of chartered
traffic (first in Spain, later in Greece, Yugoslavia, Portugal, and Malta).

An early study of the scale and development of tourist areas within twelve European
Community (EC) countries dates back to 1991 and can be found in a report by the
Netherlands Scientific Council for Government Policy (NRIT, 1991). The study
provides a picture of the overall tourism demand in the EC, together with the main
origin-destination flow patterns and likely tourism trends.

In Jansen-Verbeke and Spee (1995) the analysis of inter-regional and intra-regional
tourism flows reveals the geographical pattern of tourism-destination and tourism-
generating areas within Europe. The results of the study indicate some relevant features
of the European regional tourism market. In particular, while some regions are largely
dependent on a geographically limited market area, others show a clear move towards a
more international pattern of interaction. Coshall (2000) applies spectral analysis, both
univariate and bivariate, to study and describe international tourism flows from 1975 to
1996. In particular, bivariate spectral analysis is applied to UK passenger travelling to
the United States and Canada, and to shorter-haul passenger flows to three northwest
European countries (Belgium, France, and the Netherlands). “Significant leading
relationships are found between the various exchange rates and passenger movements”
only for “UK air travel to the United States and Canada, and typically for UK sea travel
to the European countries” (Coshall, 2000, p. 579).

Some information on the flow of European tourists in the Czech Republic, Hungary,
Poland, and Slovakia during the post-1989 transition and up to their EU accession in
2004 can be found in Baldz and Williams (2005). The study reveals a “considerable
continuity and path dependency in tourism in the transition period” (Baldz & Williams,
2005, p. 88). In Marrocu and Paci (2011), the flow of tourists between a sample of 199
European regions belonging to member states of the EU1S5, plus Switzerland and
Norway, is taken as a main explanatory variable in the analysis of regional production
efficiency. Over the period 2002-2004, “the [proposed] empirical models show that
tourism flows generate a positive and significant effect on the regional level of
production efficiency” (Marrocu & Paci, 2011, p. 756). Harjaa and Stangaciu (2013)
explore the development of tourism in the EU27 in the 2007-2011 time interval,

focusing in particular on the position of Romania among member states in the fifth year



after EU accession. The study argues that, despite the economic crisis, tourism showed
positive dynamics as a whole and in many member states except for Romania that, after
accession, lost attraction for both domestic and foreign tourists.

The number and frequency of trips made by Russian citizens to EU countries are
studied by Furmanov et al., (2012). This quantitative analysis shows a steady upward
trend and a lack of evident correlations between tourism flows and some traditional
statistically-measurable factors: the real money income, the relative consumer price
index, and the exchange rate between the currency of the destination country and the
Russian rouble.

In terms of research methods, for a long time, the literature about tourism flows has
been dominated by the tourism-demand model, considered the appropriate framework
for studying the tourist mobility between two or more pairs of countries (Askari, 1971;
Barry and O’Hagan, 1972; Crouch, 1994; Lim, 1997; Morley, 1998; Sinclair, 1998;
Witt, Witt and Wilson, 1994).

Focussing primarily on how changes in the national income, in relative prices,
transportation costs, and exchange rates might affect tourism flows between origin and
destination countries, the demand model provides a short run forecasting tool to
estimate the demand for a destination country from its main markets (Zhang and Jensen,
2007). Yet, this model treats all destinations as undifferentiated and ignores their stage
of development. That is why a different strand of literature has focused on the supply-
side perspective to study tourism flows. Several supply-side related factors (such as
quality, resources, destination environment, infrastructure, and value) can actually
influence tourist motivation and satisfaction as well as the tourist’s decision to visit a
destination and her intention to return (Murphy et al., 2000; Melian-Gonzalez and
Garcia-Falcon, 2003; Beerli and Martin, 2004; Yoon and Uysal, 2005, and references
therein). However, because of the difficulties in obtaining relevant data and good
proxies for supply-side factors, this investigation approach has less contributed to the
literature of tourism flows, than the more traditional tourism-demand studies, especially
in terms of more quantitative style studies.

By drawing on both the quantitative and qualitative paradigm, mixed-methods have
proved extremely suitable to conceptualise, visualise and analyse the peculiar set of

formal and informal (social) relationships that shape the tourism industry. In this sense,



the use of network analytic techniques in tourism research appears logical and delivers a
number of useful outcomes for the study of tourism destinations and organizations
(Scott et al., 2008). In spite of this, tourism literature includes a limited amount of
works that examine a tourism destination from a network point of view, as well as few
studies using the quantitative methods of network science (see a review in van der Zee
& Vanneste, 2015). In this research approach, the most important study is by Miguéns
and Mendes (2008) where it is illustrated how strategic positioning benefits from
market diversity and how movements among countries relate to technological and
economic patterns. The authors finally provide some insights into the forces driving
international travels.

All the studies about tourism mainly use official records provided by the different
national statistical organizations (typically collected by UNWTO). The reliability of
these data has been questioned many times (e.g. Volo, 2004) because of the poor
harmonization of the data collection methods, the currency of the data and the statistical
estimation procedures used (Lam & McKercher, 2013). Moreover, with the growth of
multiple forms of travel and stay, many visitors or tourists go unobserved (De Cantis et
al., 2015).

A possible way 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). The idea has already been
put forward by several studies that have shown how the contents produced by large
masses of individuals can provide interesting insights into their beliefs, behaviours or
preferences (Abbasi et al., 2012).

Here we use, at least partially, the data and results of Hawelka et al. (2014) that report a
wider study of global mobility patterns as derived from the analysis of a large set of
tweets recorded in 2012. In particular, we compare the network derived from geo-
located Twitter messages with the one built using official UNWTO data on international
tourist flows.

A few studies have warned that using social media population as a representative

sample may introduce several kind of biases: sampling bias and location biases more



than any other (Mislove et al., 2011; Hecht and Stephens, 2014; Longley et al., 2015;
Malik et al., 2015; Pavalanathan and Eisenstein, 2015). Yet, sampling bias is likely to
be prevalent for any technology that captures mobility dynamics (Yan et al., (2013);
Wesolowski et al., 2013) in the same way as the so called official statistics exhibit
problems of accuracy and comparability (Volo, 2004). Moreover, a different strand of
literature has proved solid evidence that Twitter can indeed be a useful proxy for
tracking and predicting human mobility patterns, within and between cities (Hawelka et
al., 2014; Jurdak et al., 2015). In particular, Hawelka et al. (2014), whose dataset is
used in this study, showed the usefulness of geo-located Twitter data as a proxy for
country-to-country tourist/visitor flows. On the supportive results of these studies we

rely our analysis.

3. Materials and Methods

Data used in this study were provided by the United Nations World Tourism
Organization (UNWTO, 2014) and the national statistical offices of individual countries
(data collection was completed in June 2015). We limited our review to data on visits
on a country-by-country basis, including those with at least one overnight stay and
omitting day trips. Moreover, we used the dataset of one full year of Twitter messages
with global coverage, collected by Hawelka et al. (2014).

Twitter represents one of the largest contributor in the “big data phenomenon” and has
become a useful data source for addressing challenging business and societal problems
(Bruns and Stieglitz, 2013). In fact, the Twitter dataset is an example of a new type of
human mobility data, generated bottom-up, collecting digital footprints of individual
social web users, particularly the Twitter micro-blogging platform (www.twitter.com).
Of all messages, those explicitly tagged with geographic coordinates (geo-tagged) were
considered. For the case under study, the dataset consisted of almost a billion tweets
generated by a total of 13 million users in 2012. The stream was gathered through the
Twitter Streaming API. Once cleaned of consecutive locations for a single user that
implied a relocating speed of over 1000 km/h, i.e. faster than a passenger plane, the
dataset was further filtered out of tweeting noise, namely data generated by Twitter
services as web advertising (e.g., tweetmyjob), web gaming (e.g., map-game), or web

reporting (e.g., sandaysoft), which do not reflect human physical presence in either the



reported place or time.” In total, the refinement procedure preserved 98% of users and
95% of tweets from the initial database.” (Hawelka et al. ,2014).

Most importantly for the purpose of our study, the sequence of a user’s locations
unlocked the possibility for us to assign each user to her country of residence. Knowing
Twitter ‘residencies’ we could build a European country-to-country network of tourist
flows, similarly as the UNWTO data.

Our list of sovereign states includes 54 entities, falling even partially under any of the
common definitions of Europe, geographical or political. In addition to the current 28
EU member states, our study encompasses EFTA countries, post-soviet republics and
the former states of Yugoslavia, the republics of Albania, Israel, San Marino, and
Turkey, the principalities of Andorra and Monaco, and the Holy See. Due to the
common practice of several national statistics to collect incoming tourists from Serbia
and Montenegro up to 2005 in the same record, we considered the two states as an
individual origin/destination country. No data were available for the Republic of
Kosovo, nor were data found for incoming tourism in Uzbekistan and the Holy See.
Data for Faeroe Islands and Gibraltar were incomplete, thus omitted in the study. These
exclusions did not influence the overall results of the study (the final network layout is
about 99% complete).

After cleaning the data, we selected years 1995, 2000, 2005, 2010, and 2012 for the
comparisons. This choice was driven by the consideration that, with high probability,
differences in patterns take some time to build, and a five-year interval would be a
reasonable timeframe to highlight significant variations, if any.

Due to data availability the comparison with Twitter data was performed only for 2012.
For each selected year a tourist flow network was built in which the countries were the
nodes and the links represented the flow of visitors between the different countries
weighted by their number. The same was done for the Twitter data.

The resulting networks (weighted and directed) were analysed using the functions
provided by the freely-available Python NetworkX (Hagberg et al., 2008) and igraph
(Csardi & Nepusz, 2006) libraries.

Many possible metrics can be used to describe and characterise a network; we decided
to resort to the most widely employed (da Fontoura Costa et al., 2007; Newman, 2010):

e order: total number of nodes in the network;



e size: total number of links in the network;

e nodal degree and degree distribution: number of connections, Kk, a single node
has in the network (incoming and outgoing if the network is directed) and
statistical distribution of the degrees. The term ‘strength’ is used when links are
weighted;

e density: ratio between size of the network and maximum number of links it may
have. No common definition for a weighted density exists, therefore we only
report an unweighted value;

e path: series of consecutive links connecting any two nodes in the network
(Baggio et al., 2010);

e path lengths (distance) and diameter (longest shortest path): shortest (weighted)
‘itinerary’ between any two nodes in the network and its globally maximum
value (diameter), i.e. the largest number of nodes that must be crossed to travel
from one node to another when paths which backtrack, detour, or loop are not
considered;

e assortativity: “A network is said to be assortative when high degree nodes are,
on average, connected to other nodes with high degree and low degree nodes
are, on average, connected to other nodes with low degree”. “Assortativity
provides information about the structure of a network, but also about dynamic
behaviour and robustness of the network™ (Noldus & Van Mieghem, 2015, p. 1).
It is defined as the Pearson correlation coefficient of degrees between pairs of
linked nodes (Newman, 2002). “Assortativity is expressed as a scalar value, p, in
the range -1 < p < 1” (Noldus & Van Mieghem, 2015, p. 1);

e betweenness: number of shortest paths from all nodes to all others passing
through a node. High betweenness has a strong influence on the flows through
the network, assuming they follow the shortest paths; high betweenness also
indicates a possible bottleneck for the network flows.

For all these metrics, the mean values summarise the global properties of the network,
while individual values characterise the local features.

In directed network, for any two connected nodes i and j, the link from i to j is generally
different from the link from j to i. Thus, on a directed network nodes have an in- and an

out-degree. The in-degree of a node is the number of links coming into it; the out-degree



is the number of links going out of it. Networks may also be weighted networks when a
weight (strength) is assigned to each link, measuring how good or strong a relationship
is between two connected nodes.

In many cases, networked systems may exhibit some form of substructure, whose study
can be central to understand the organisation and evolution of their modular structure. In
these networks, the distribution of connections is not only globally, but also locally
inhomogeneous, with high concentrations of links within special clusters of nodes. To
some extent, communities (or modules) can be considered separate entities with their
own autonomy.

Many different methods and numerical algorithms have been suggested to identify
topological similarities in the local configurations of links (Fortunato, 2010). In all of
them, a modularity index Q is used to gauge the clustering structure of the network. The
Q is calculated as “the fraction of all links that lie within a community minus the
expected value of the same quantity that could be found in a graph having nodes with
the same degrees but links placed at random. The index is always smaller than one, and
can be negative when the network has no community structure, or when a subgroup has
less internal links than towards the other groups” (Baggio, 2011, p. 184). In order to
facilitate the comparisons between networks with different number of communities, the
modularity index can be normalised by the number m of modules (Du et al., 2009):
Qnorm = MQ/(M-1).

For the networks studied herein modules were obtained using the algorithm proposed by
Sobolevsky et al. (2014). The modules obtained for the networks were then compared
graphically by an online applet, which allowed us to draw an alluvial diagram (Edler &
Rosvall, 2013).

The alluvial diagram is a sort of flow diagram used to visualise the evolution of a
network structure over time or the differences (if any) between the modular
compositions of the compared networks. In an alluvial diagram, the blocks represent
clusters of nodes ordered by size from bottom to top, and the height of each block
reflects the volume of flow through the cluster. Stream fields reveal the changes in
composition of the blocks over time, and the height of a stream field features the total

size of the nodes contained in the blocks connected (Rosvall & Bergstrom, 2010).



4. Results and discussion

We studied the structural properties of the networks obtained from the official UNWTO
data and their evolution through the years selected, then we compared the main metrics
calculated for the two networks derived for year 2012 from the UNWTO and Twitter
data, respectively.

When possible and meaningful (see Barrat et al., 2004) the weighted values were
derived. Individual significance values were tested running all the algorithms averaging
on ten realisations of a randomly rewired version of the analysed networks (as
suggested by Guimera et al., 2004).

All values were found significant at least at the 0.01 level (individual significance

values are not reported to avoid cluttering data presentation).

4.1 Networks of UNWTO tourism flows

Table 1 shows the main metrics calculated for the network structures obtained from
UNWTO data. The network of European bilateral tourism flows appears quite dense in
all years reviewed, considering that the density values found in the literature for the
social networks studied are typically of the order of 10™ — 107 (Albert & Barbasi, 2002;
Boccaletti et al., 2006; Caldarelli, 2007; Newman, 2010). This confirms the economic
and social importance of tourism for the EU member states.

The increasing number of links (and density) in the studied networks over the selected
years, along with a slight decrease in the average path length, well conforms to the
increase of tourism reflected in the growth figures published by UNWTO for the period
under analysis. Indeed, a high number of links does result in a network of connections
that facilitate tourism flows. Networks also appear quite compact (low average path
length and diameter). The low values of assortativity indicate a low correlation between
nodal degrees, denoting no strongly ‘preferred’ paths in the flows of international

tourists. All networks show a high heterogeneity of the nodal degrees with distributions
characterised by clear power-law tails P(k) ~k® (the exponent and its standard error

were calculated following the procedure proposed by Clauset et al., 2009).



Table 1. Main metrics calculated for the networks derived from UNWTO data

Year
Network metric 1995 2000 2005 2010 2012
Order 54 54 54 54 54
Size (unweighted) 993 1495 1691 1767 1770
Density (unweighted) 0.347 0.522 0.591 0.617 0.618
Average path length (unweighted) 1.064 1.317 1.316 1.320 1.278
Diameter (unweighted) 3 3 3 3 3
Assortativity (weighted) 0.014 0.030 0.030 0.000 -0.017
Betweenness (average, weighted) 0.034 0.046 0.048 0.048  4.1E-05

Weighted degree distribution (exponent)
in-degree 2.10+0.25 2.1740.27 2.844+0.58 1.89+0.18 1.99+0.19
out-degree 1.88+0.17 1.74%0.13 1.66+0.10 2.00+0.19 1.97+0.19
Weighted degree heterogeneity (o/p)
in-degree 2.016 1.897 1.749 1.691 1.629
out-degree 2.256 2.062 1.883 1.680 1.639
Weighted degree Gini index
in-degree 0.773 0.747 0.711 0.708 0.692
out-degree 0.776 0.738 0.716 0.683 0.674

Modularity (weighted)
no. of communities 5 5 5 4 4
Q 0.187 0.270 0.275 0.264 0.282
Qnorm 0.234 0.338 0.344 0.352 0.376
7.0 Degree heterogeneity (UNWTO data) 0.3
6.0
0.8
5.0 -
oy
= ) x
= 4.0
g‘u "'h_‘ﬂ 07 E
2 a0 | ———— £
‘E 3.0 m] B
T
207 Q%Q-—‘-ﬂ_o ]
1.0
0.0 T T T T G-S‘

1995 2000 2005 2010 2012
=—@— Heterogeneity in-degree == Heterogeneity out-degree

== Gini index in-degree == Giniindex out-degree

Figure 1. Heterogeneity in the degrees of the networks



The scaling behaviour shown by tourism flows is an important element to understand
the self-organization of human travelling patterns, as discussed by Miguéns and Mendes
(2008) with reference to worldwide tourism arrivals. More precisely, a certain
asymmetry in the degree distributions proves that a few countries are responsible for the
majority of movements.

Tails of both in- and out-degree distributions have a power-law functional form, but the
in-degree distribution decays faster than the out-degree distribution and crosses it at a
consistent nodal degree. This implies that, as link degree increases, the in-flows grow
slightly faster than out-flows, indicating that countries ‘export’ more visitors than they
receive This phenomenon, however, decreases with time and the last years show very
little difference between the two distributions. If we couple this result with the
decreasing heterogeneity of the networks degrees, both in and out, (Figure 1) we can
conclude that, in general, there is a tendency towards a more even distribution of the
travels across the countries examined. This conclusion is also confirmed by the decrease
in the average betweenness, which can be read as a decrease in the probability to find
bottlenecks in the overall movement of travellers.

The concentration of connections in the neighbourhood of a node was measured (Hu &
Wang, 2008) by the coefficient of variation o/p and the Gini index (a well-known
measure of statistical dispersion). Similarly to the networks degrees, local link density
shows a decreasing heterogeneity over time and a very little disparity between in-degree
and out-degree confirming a more homogeneous distribution of travels over the selected
countries.

The (weighted) modularity analysis by the Combo algorithm points towards the same
conclusions. Indeed, communities uncovered show a limited degree of separation
(typically less than 0.5), namely, the presence of dense connections between the

different travelling areas.



T 1895 2000 2005 2010 2012

Figure 2. The evolution of communities in the UNWTO networks

Figure 3. Clusters of mobility patterns in Europe for the years 1995 and 2012

In terms of mobility patterns, the alluvial diagram (Figure 2) clearly shows an evolution
towards a higher concentration in a lower number of areas and, more interestingly, the
origin in 2012 of a new travelling path (the second block) resulting from the diversion
of the previous clusters of bilateral tourism flows (also shown in Figure 3).

The growing impact of modern information and communication technologies (Lu &
Stepchenkova, 2015), the effects of EU enlargement (Leidner, 2007), the improvements
in passenger transport infrastructures, and the increased volume of low-cost travels
(Budd et al., 2014) could all be possible explanations of trends and travelling paths
highlighted. However, a discussion about how these factors influence tourism is beyond

the scope of this work and is left for future research.

4.2 Comparison with geo-coded Twitter data



The availability of a collection of Twitter geo-coded messages (Hawelka et al., 2014)
for year 2012 allowed us, for the first time, to compare the topological structures and
the bilateral mobility patterns of tourism flows relying on the UNWTO and Twitter data
recording methods. Table 2 shows the main results of our analysis. The comparison
clearly reveals a higher number of connections and a higher density for the Twitter
network structure confirming, however, the results of the analysis carried out with the
UNWTO data. The average path length attests a certain density of the network.

Another metric confirmed in its sign is the assortativity coefficient. Yet the network
structure based on Twitter data looks more disassortative than the UNWTO one. This,
as already discussed, suggests a tendency towards no strongly ‘preferred’ paths in the
flows of European tourists.

Table 2. Comparison between UNWTO and Twitter networks for 2012
UNWTO Twitter

Node count 54 54
Link count (unweighted) 1770 2183
Density (unweighted) 0.618 0.763
Average path length (unweighted) 1.278 1.253
Diameter (unweighted) 3 3
Assortativity (weighted) -0.017 -0.075
Betweenness (average, weighted) 4.1E-05 0.029

Weighted degree distribution (exponent)
in-degree  1.99+0.19 2.21+0.29
out-degree  1.97+0.19 1.69+0.14
Weighted degree Heterogeneity (o/u)

in-degree 1.629 1.465
out-degree 1.639 1.921

Weighted degree Gini index
in-degree 0.692 0.664
out-degree 0.674 0.768

Modularity (weighted)

no. of communities 4 4
Q 0.282 0.162

Quorm 0.376 0.215
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Figure 4. Cumulative degree distributions for the UNWTO and Twitter networks

Figure 6. Comparison of mobility patterns from UNWTO and Twitter data for the year
2012



The Twitter network appears more skewed (Figure 4). This is also confirmed by the
higher values of the heterogeneity measures and by the lower modularity.

The modularity analysis also shows a marked difference. Although the number of
communities is the same, their composition differs, highlighting different mobility
patterns and a different ‘concentration’ of tourists in the region considered (Figure 5 and
Figure 6)

Surprisingly, Twitter data reveals a cluster of mobility patterns originating from the
fourth cluster of UNWTO data that the UNWTO recording methods completely fail to
document (block 2 of Twitter data). Figure 5 also shows that the second and third block
of UNWTO data merge into a unique community of tourism destinations according to
geo-locater Twitter records.

In other words the two networks, and hence the two types of observations, have a
marked and clear structural dissimilarity which is confirmed by a Kolmogorov-Smirnov
test that finds a highly significant (p<10™) difference between the two degree
distributions. Therefore it is reasonable to conclude that there is a difference between
what we are able to count by using traditional methods and what we may infer (although
with the cautions reported above) from the real movements of international travellers.
At this stage it is difficult to understand what the reasons for this difference could be.
With high probability one cause could be that unobserved tourism, that is those flows
that go unaccounted for by the official statistics due, for example, to non-traditional
choices of accommodation that has been growing substantially in the last years (see e.g.
De Cantis et al., 2015).

What is clear, however, is that new methods and techniques must be devised in order to
combine these different series of data for arriving at a better and more precise
characterisation of the tourism phenomenon. New methods on which many are working

(e.g. Aragona et al., 2016 or Struijs et al., 2014), but that still need a good consideration.

5. Managerial implications and concluding remarks
In this paper we considered European countries as a complex system of tourism
destinations. A network analysis was carried out in order to understand the behaviour of

Europeans in terms of their preferred tourism destinations.



Besides a general description of the structural characteristics of the network presented,
we made a comparison between the network structures resulting from the flow of
tourists as recorded in the UNWTO statistics and by the Twitter geo-located messages.
The analysis of UNWTO data revealed that tourism flows within Europe changed over
the time horizon covered by this study displaying a trend towards a higher homogeneity.
At the same time, mobility patterns displayed a tendency to merge and an acquired
attitude of visitors to travel shorter distances (the majority of trips took place among
neighbouring or nearby countries).

These results offer useful information to policy makers involved in the management of
tourism destinations, provided that the degree of homogeneity represents an important
indicator of the quality of tourism services and the effectiveness of tourism management
in general (Bosetti et al., 2007). In practical terms, as tourism destinations attract
visitors from different cultures and countries, our study emphasises the new challenge
for tourism managers to offer a heterogeneous product when tourism is becoming more
homogeneous. In fact, less strong travelling preferences of tourists raise the importance
of product and services consumption at the tourism destination as a strategic variable for
improving the holiday experience of vacationers.

Holiday destinations and travel mode choices are closely inter-related. The study of
tourism mobility patterns becomes therefore an essential aspect of destination
management for an efficient and sustainable tourism mobility. In this regard, our study
revealed the Europeans’ general preference for crossing into nearby countries or
travelling in the neighbourhood of international borders. Managers should therefore
implement effective strategies to promote the tourism destination image mainly in
contiguous countries and consider investing in the ground transportation systems.
Finally, the comparison between the UNWTO and the Twitter data sets stressed the
difference between what information can be attained from official data and what
international travellers actually do. Our research showed the two measurements have a
considerable overlapping degree. Yet, we obtained different results for the spatial
distribution of visitors across Europe as reported by UNWTO vs. Twitter data sets. Such
comparison definitely demonstrated that statistics based on official data are not able to

take into account many of the features that characterise modern tourism.



Twitter is a widely used social media platform, but it is only one of many good tools
people use regularly (a reasonable estimate is of about 70% of the 3 billion users
reported by www.internetworldstats.com). The diffusion of smartphones running
location tracking applications make these devices increasingly accurate and reliable
sources for collecting data on people’s actual movements. Thus, in order to depict and
quantitatively analyse the actual spatial behaviour of tourists and obtain useful insights
and trends for planning activities, scholars and practitioners must become familiar with
the most recent data collection methods. New reliable methods for combining official
and empirical measurements should also be found.

The contribution of this study is threefold. First of all, to the best of our knowledge, this
is the only study that applies network analytic methods to the bilateral tourism flows
between all countries falling, geographically or politically, under the definition of
Europe. Secondly, we provide evidence of a shift towards a higher homogeneity in the
travelling preferences of European tourists. Lastly, for the first time our study provides
a comparison between topological structure and bilateral mobility patterns of tourism

flows, based on two different data recording methods.
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