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Abstract 

In this paper, the global tourism network (GTN) is studied in order to gain insight about its 

structure and the interactions between source and destination markets. To concentrate on the 

main source and destination markets for each country only its top k inbound and outbound 

flows are considered. The distribution of these most important ties in international tourism 

seems to be scale-free, with some occurrence of reciprocity, large transitivity and high degree 

centralization. The GTN shows a clustered structure determined by geographical as well as 

trade and cultural factors. Each major global and regional power seems to have a certain 

tourism sphere of influence. The network has a small world character and a high degree of 

geographic homophily, with more links within continents than between continents. 

Exponential random graph models (ERGM) have been fit to explain the observed global 

structure of the network based on its local interactions and a number of significant motifs 

have been identified. The picture that results is a global tourism network that emerges from 

superimposed local processes in which tourism flows between countries are determined from 

multiple independent individual decisions made at the local level. This insight that global 

tourism patterns are driven by local processes is a major contribution of this research and can 

help develop strategic plans and cooperation partnerships at the national and regional levels, 

involving private and public stakeholders and targeting specific source and destination 

markets. The indicators computed using network analysis of global tourism flows can also be 

used to complement and enrich the information provided by current tourism statistics. 
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1. Introduction 

Tourism is one of the fastest growing sectors of international services trade, having become a 

crucial factor of economic and socio-cultural progress through the generation of new 

enterprises, employment growth, tourism revenues and investments in infrastructure. On the 

other hand, the industry faces a number of challenges, among them its significant 

environmental impact, the emergence of the “sharing economy”, new patterns in leisure travel 

and new market niches (e.g. millennials). 

International tourist arrivals worldwide reached 1,235 million in 2016, bringing the 

total value of tourism receipts to 1,220 billion US$ and providing 380 million jobs for the 

global workforce (UNWTO, 2017; WTTC, 2017). Moreover, this past growth pattern in 

international tourist arrivals is expected to continue, with an average annual growth rate of 

3.3% between 2010 and 2030 (UNWTO, 2011). 

Figure 1 shows regional past and forecasted trends of international tourist arrivals. 

Over time, Europe has become the world’s largest destination region, increasing from 261 

million arrivals (60% market share) in 1990 to 607.7 million arrivals (51% of global total) in 

2015 and it is expected to reach 744 million (41% of global total) in 2030, with the 

Southern/Mediterranean Europe as the preferred subregion tourist destination in first place 

and Western Europe in second place. The second most visited region is Asia and the Pacific 

going from 55.9 million (13% of global total) in 1990 to 279.2 million (24% of global total) 

in 2015, reaching more than 500 million arrivals in 2030. During this period the largest 

number of tourist arrivals is reached in the subregion of North-East Asia. The other tourist 

regions are the Americas (around 17% of global total), the Middle-East (around 6% of global 

total) and Africa (around 5% of global total). Of course, war and social unrest may hold back 

tourism growth in the affected regions. 

==================== Figure 1 =================== 

Tourism has a direct impact on the wider economy with a remarkable effect on Gross 

Domestic Product (GDP) and employment. Table 1 lists the top 10 destination countries in 

terms of the largest absolute and relative contribution of tourism to GDP in 2016 (WTTC, 

2017). USA, China and Germany are the world’s top 3 countries in tourism’s total 

contribution to GDP. On the other hand, the tourism sector represents more than 40% of total 

GDP for some small- island countries and emerging tourist destinations.  
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==================== Table 1 =================== 

In the era of smart tourism, characterized by a massive amount of data generated by 

touristic activities, advanced data analysis tools to process and make sense of this information 

are required (Gretzel et al. 2015). Network analysis (NA) is a relatively new mathematical 

tool that allows characterizing the structure of complex real-world networks, identifying 

communities within them, measuring their robustness and, in general, linking their structural 

and functional characteristics (Newman 2003). The range of NA applications is very broad 

and covers all fields (see, e.g., da Fontoura Costa et al. 2011). Thus, for example, it has been 

applied to study the global airport network (e.g. Guimerà et al. 2005), airlines alliances (e.g. 

Lordan et al. 2015), international trade (e.g. Serrano and Boguñá 2003), etc. In the next 

section, existing NA applications to tourism are reviewed and classified. 

In this paper, the global tourism network (GTN) is studied using NA to assess the 

structure and interrelationships. The methods used for analysis of networks are different from 

the statistical methods which are conditional upon independent units of analysis. NA can 

contribute to a better understanding of the international tourism phenomenon and the 

identification of the roles performed by the different countries and regions. Understanding the 

drivers of international tourist flows is important as visitor’s nationality is one of the factors 

influencing expenditure levels in destination countries, expenditure that contributes to 

promote its economic development. In this study and to concentrate on the main source and 

destination markets for each country only its top k inbound and outbound flows are 

considered. This gives rise to a less dense network that conserves the information about the 

key tourism flows. Besides, this paper introduces a new approach in the examination of 

worldwide network tourism destinations based on Exponential Random Graph Models 

(ERGM) that infer the characteristics and structure of the network based on its ability to 

model relational interdependence. The characterization of the GTN shows a scale-free degree 

distribution, with reciprocal and transitive links, high degree centralization and a clustered 

structure highly influenced by geographical and cultural proximity and trade. The structure of 

the paper is the following. Section 2 carries out a literature review. Section 3 presents and 

discusses the structure of the GTN. Section 4 summarizes and concludes. 

2. Literature review  

There are several surveys of NA applications to tourism (Baggio et al. 2010, Casanueva et al. 

2016, Baggio 2017). As shown in Table 2, the largest group of applications (and the most 

traditional) corresponds to those that study tourism destination networks. The main aim of 
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those studies is to analyse and visualize the relationships between the multiple stakeholders in 

a tourism destination (hotels, travel agencies, restaurants and bars, transportation services, 

destination management organization and other public organizations, etc.), studying the 

density and clustering of the network relationships and identifying those stakeholders that 

play a central role. Knowledge transfer between destination stakeholders, community 

structure, resilience, brokerage possibilities, assortativity, etc. have also been the objects of 

this type of research. In most cases the information is obtained through documentation, 

surveys and personal interviews and refers to “real-world” relationships of various kinds 

(commercial agreements, partnerships, co-memberships in associations, co-ownership, etc.). 

Some studies, however, use a more automated way of obtaining the information using the 

links between the Internet websites of the organizations involved. In this case the network 

reflects the virtual relationships between them, which are hypothesised to mimic those of the 

real world. Actually, both the real world and virtual connection between the organizations are 

coupled and co-evolve with time (Baggio and Del Chiappa 2014). 

==================== Table 2 =================== 

Another topic that has been extensively studied is that of mobility patterns and 

itinerancy networks. These are weighted directed networks whose links indicate the frequency 

with which a tourist visits one city/attraction after another (see references in Table 2). A 

similar group of papers are those that study the links between cities, villages, etc. based on 

spatial proximity or even tourist flows but generating, in any case, an undirected network (see 

references in Table 2). 

Another category of NA applications to tourism whose number is growing involves 

social media and internet sources. These applications are different to the ones mentioned 

above of stakeholders networks based on web links. Here we refer to capturing and 

processing the information that visitors profusely and voluntarily post on-line. This includes, 

for example, geo-located Twitter messages (e.g. Hawelka et al. 2014, Provenzano et al. 2018), 

specialized blogs (e.g. Chung et al. 2017) or geo-tagged photos (e.g. Junker et al. 2017). This 

category also includes analyzing destination electronic word of mouth (eWOM) (e.g. Luo and 

Zhong 2015, Williams et al. 2017) as well as navigation paths in on-line trip planning (Li et 

al. 2015). It is foreseeable that the number of this type of approaches will increase even more 

in the future as the perceived potential benefits of using big data tools to process are immense. 

There are also some papers that study the dynamics of tourism systems using the NA 

of time series (overnight stays, inbound tourist flows, etc.). In this type of applications the 
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nodes of the network to be analyzed correspond to time periods (e.g. yearly data) and the links 

are determined using the natural or horizontal visibility algorithm. Analysing the degree 

distribution allows assessing the onset of chaos and community detection allows identification 

of turning points in the dynamics o the system (e.g. Sainaghi and Baggio 2017). 

Another interesting category corresponds to studies that investigate the relationship 

between tourism and human mobility in general. Thus, for example, the extent to which 

existing migrant stocks can explain Visiting Friends and Relatives (VFR) travel has been 

studied in Provenzano and Baggio (2017). Belyi et al. (2017) uses a different perspective, 

considering tourism travel (inferred from Flickr and Twitter social media communities) as 

representing short-term human mobility patterns as opposed to migration which represents a 

long term one. 

There are also some NA applications to tourism that are more difficult to categorize. 

Thus, the nodes in the network studied in Park et al. (2010) are travel styles and the weights 

of the arcs are the number of co-occurrences of two travel styles in the recent (or planned) 

trips indicated by a number of survey respondents. Karl and Reintinger (2017) study three 

types of network built from a survey of travellers’ past, current and future/hypothetical 

destination choices while Tsiotas (2017) builds port and prefecture-level maritime networks 

(in L-space representation) with link weights proportional to spatial distance and uses some 

NA measures, together with socioeconomic variables, as predictors of a number of tourism 

variables. Taczanowska et al. (2017) use NA to study mobility data of backcountry skiers 

captured using Global Positioning System (GPS) tracking, comparing the structural network 

of skiing zones with the functional network corresponding to the actual use of the area by 

skiers. Hernández and González-Martel (2017) study how the observed bipartite lodging-

service networks can result from a growth process that yields degree distributions which, 

depending on a parameter that controls the probability of preferential attachment, leads to a 

shifted power law in one extreme case or an exponential distribution in the other. Another 

original NA application to tourism is presented in Khalilzadeh (2018), who applies ERGM to 

the bipartite network between destinations and attitudinal values. 

Finally, there are a few papers that are most relevant for this research, as they deal 

with national and GTN flows. Thus, Miguéns and Mendes (2008) build a weighted directed 

network whose 208 nodes represent countries and edges represent tourist flows in the year 

2004. They study the distribution of weights, in- and out-degree and in- and out-strength. 

They also study the relationship between strength and degree as well as weighted and 

unweighted degree-degree correlations. González-Díaz et al. (2015) build four weighted 
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directed networks whose nodes are the 17 Spanish autonomous regions and the edges 

represent tourism flows in hotel and non-hotel accommodations for the years 2001 and 2012, 

respectively. In- and out-degrees, in- and out-strength, in- and out-closeness, weighted and 

un-weighted random-walk betweenness centrality, Herfindahl strength-concentration index, 

etc. are all computed. 

3. Top outbound and inbound GTN: Results and Discussion 

Data on the global tourism flows between the 214 countries in the world are available from 

the World Tourism Organization (WTO) database. Specifically, the data used in this study 

correspond to “Trips abroad by resident visitors to countries of destination” statistics 

(UNWTO, 2016a) and “Arrivals of non-resident tourists at national borders (UNWTO, 

2016b), by country of residence” statistics for the year 2013. Since the complete GTN is 

almost fully connected, a way of filtering the edges so as to obtain a simplified version with 

the most relevant information must be devised. One way to do that would be to establish a 

threshold so that all edges with weights below a certain value would be ignored and edges 

above the threshold would be kept. However, it is difficult to select a value of such an 

absolute threshold that suits both large and small countries and, in any case, it would be 

arbitrary. Using a relative threshold (i.e. a percentage of the total tourism flows of the 

destination country) or Pareto Analysis (so that only the links with the largest weight 

representing, for example, 80% of the total flows are kept) would not guarantee the 

connectivity of all nodes of the network. Instead of doing that, in this paper, we apply the 

procedure suggested in Zhou et al. (2016) for international trade, which consists of keeping 

just the top-ranked k inbound and outbound edges of each country. This significantly reduces 

the number of edges while guaranteeing that all countries are connected and equally 

represented in the network. Actually, two different networks are built: one for inbound 

tourism flows and the other for outbound tourism flows. In the top k inbound tourism 

network, each country has k incoming edges, which correspond to its top k sources of tourism 

flows. Similarly, in the top k outbound tourism network each country has k outgoing edges, 

which correspond to the top k destinations of its own tourism flows. Figures 2 and 3 show the 

top 1 outbound and top 1 inbound networks, respectively. The node sizes correspond to their 

in-strengths and out-strengths, respectively. 

Figure 2 shows the top 1, 2 and 3 outbound GTN visualized using NetDraw (within 

the UCINET 6.0 Package, Borgatti et al. 2002). Although in each of them the number of 

outgoing arcs is fixed, the number of incoming arcs (i.e. the in-degree) is not uniform. In the 
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top 1 outbound network, several countries, namely USA, South Africa, Ukraine, Malaysia, 

Thailand, Spain, France and Greece, already stand out as first receptors of tourism flows from 

a number of countries. The picture shows that traveller motivations are fragmented and 

diverse. USA is the top 1 preferred tourist destination in the world by the nationality; in 

particular, the majority of the nationalities that USA receives are from Latin American and 

African countries. South Africa and Ukraine are the first destination chosen by most of 

African countries and Eastern Europe countries, respectively. Note that the impact of the 

Crimean crisis in late 2013 and 2014 does not seem to have severely undermined Ukraine’s 

relationship with its neighbours in the region yet. Besides, Malaysia and Thailand climbed the 

first place each for tourists from Asia Pacific and Middle East regions. The presence of two 

top country destinations from Asia Pacific region, Malaysia and Thailand, is the result of the 

fast growth of their tourism industry in recent years. Finally, Spain, France and Greece are 

mature and consolidated tourist destinations and are chosen by most European nationalities. It 

can be noted that traditional Middle–East top destinations, such as Egypt and Tunisia, cannot 

be currently included among the favourite tourism destinations due to the persisting 

consequences of the political turmoil initiated in 2010 Arab Spring. 

The aforementioned countries keep on being central in the top 2 and top 3 outbound 

networks, although those networks are already denser and more complex. Note that in the 

top1 outbound there are several unconnected components (such as the one grouping most 

European countries or another grouping most African countries), while this does not occur for 

the top 2 and 3 outbound GTN.  

========================== Figure 2 ========================== 

As regards the top 1, 2 and 3 inbound GTN, they are shown in Figure 3. These 

networks are less dense because there were some countries for which the inbound tourism 

data were not available in the WTO database. Hence, in that sense, the inbound GTN are less 

complete; nevertheless, they still provide a very interesting picture of global tourism flows. 

Thus, some of the more central countries (such as the USA, France and South Africa) were 

also central in the top outbound GTN but there are other countries (such as the UK, Germany, 

Russia, Canada and China) which were not as important as tourism receptors but are 

important as tourism sources, as they are among the top three source markets for a number of 

countries. Note, however, the still modest weight of China as main international tourism 

source, something which is expected to change in the future, as its population increasingly has 

the resources and the willingness to make more journeys abroad. 
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========================== Figure 3 ========================== 

Table 3 shows some global measures of the different top outbound and inbound GTN. 

As expected, the number of ties, and hence the density, increases with the number of major 

flows from/to each country considered and so does the average strength. As the size of the 

largest network component increases, so does the diameter and average geodesic distance. 

The GTN seems, however, to be a small world. The average degree in the case of the top 

inbound GTN is lower than it should be and that is because for some countries there were no 

inbound flows data in the WTO database. That is reflected also in the lower number of ties 

(and lower density) of the top inbound with respect to the top outbound GTN. The high 

degree of centralization exhibited by the top outbound GTN is remarkable. The lower degree 

of centralization in the case of the top inbound GTN may be affected by the missing flows 

data. It is also interesting to note the relatively high degree of reciprocity, especially in the 

case of the top inbound GTN. The GTN, especially the top 3 outbound and inbound GTN, 

also exhibit a relatively high degree of transitivity, meaning that often two countries that share 

their main target or source markets have also strong tourism flows between them. 

========================== Table 3 ========================== 

It can also be observed that in each top outbound GTN there are a few cases of 

reciprocal arcs. In particular, for the top 3 outbound GTN, there are 22 cases of reciprocated 

dyadic relationships: France and Greece, France and Spain, France and the USA, Canada and 

the USA, Mexico and the USA, Indonesia and Malaysia, Malaysia and Thailand, Thailand 

and Cambodia, Thailand and Hong Kong, Hong Kong and the Philippines, Peru and Brazil, 

Peru and Colombia, South Africa and Botswana, South Africa and Mauritius, the Dominican 

Republic and Haiti, Dominica and Guadeloupe, Barbados and Santa Lucia, French Guiana 

and Martinique, Benin and Mali, Ethiopia and Uganda, New Caledonia and Vanuatu and New 

Caledonia and French Polynesia. Note the strong geographical (and in some cases also 

cultural) proximity component of these mutual relationships that in most cases implies, 

relative low travelling cost. In addition, reciprocal outbound tourism connections can play an 

important role in reinforcing bilateral relationships of every kind (cultural, trade, foreign 

direct investment, etc) as well as promoting the speed of information and innovation diffusion 

and enhancing the overall efficiency of the GTN. 

There are also reciprocal ties in the top inbound GTN. Actually, in the top 3 inbound 

GTN there are 44 cases of reciprocated dyadic relationships of which only two (the USA and 

Canada and the USA and Mexico) also occurred in the top outbound GTN. However, it still 
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occurs that almost all these reciprocal relationships are governed by geographical (as well as 

ethnic/cultural/trade) proximity, i.e., France and the UK, the UK and the USA, Russia and 

Ukraine, Argentina and Brazil, Argentina and Chile, Argentina and Uruguay, Brazil and 

Paraguay, Bolivia and Chile, Algeria and Tunisia, Azerbaijan and Georgia, Bulgaria and 

Romania, Hungary and Romania, Moldova and Romania, Moldova and Ukraine, Indonesia 

and Singapore, Malaysia and Singapore, Japan and Korea, Japan and Taiwan, Saudi Arabia 

and Jordan, Saudi Arabia and Kuwait, Iran and Iraq, Tajikistan and Uzbekistan, Kazakhstan 

and Uzbekistan, Kazakhstan and Kyrgyzstan, Kazakhstan and Russia, etc. Moreover, unlike 

in the top 3 outbound GTN, in the top 3 inbound GTN there are two cases of cliques 

involving three countries. One is El Salvador, Guatemala and Honduras and the other is 

China, Hong Kong and Taiwan. The cliques displayed on the network indicate opportunities 

for reaching agreements and concerted action plans between the corresponding countries. The 

existing Central America Border Agreement that harmonises and establishes the free 

movement across borders and the recent Agreement on Further Enhancement of Tourism 

Cooperation between China and Hong Kong to jointly develop Maritime Silk Road tourism 

products are prime example of this. 

As regards the distribution of the in-degree and in-strength of the top k outbound 

networks, they seem to follow a Power Law distribution that can be estimated using the 

method in Clauset et al. (2009). The same happens with the out-degree and out-strength of the 

top k inbound networks thus indicating that the degrees and strength distributions of top k 

outbound and top k inbound networks are highly right-skewed. Table 4 shows the 

corresponding exponents, the threshold xmin above which the power-law distribution holds 

and the goodness-of-fit based on the Kolmogorov-Smirnov (KS) statistic. It can be seen that 

the in- and out-degree distributions have power law exponents between 2 and 3 while the 

exponents are lower than 2 for the in- and out-strength. The results leverage the assertion of 

Ulubasoglu and Hazari (2004) that when the power-law distribution holds true, then 

estimating tourist arrivals does not need to consider the principles of comparative advantage 

or price competitiveness and may be estimated by the destination’s rank. 

==================== Table 4 =================== 

PageRank (Brin and Page 1998) is a common way of measuring centrality (i.e. relative 

“importance”) in this type of weighted directed networks. In the outbound tourism network 

PageRank index assigns to each country a value that is proportional to the relative frequency 

with which a visitor travelling around the globe randomly following the different network 
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arcs (with a probability proportional to their respective weights) would visit that country. 

Table 5 shows the 20 countries with the highest PageRank indexes for the different top k 

inbound and outbound networks. Countries that appear for all three values of k are shown in 

bold. In the outbound tourism network PageRank assigns a high relative importance to USA, 

Mexico, South Africa, Thailand, Botswana, Malaysia, France, Spain, Ukraine, Israel, 

Mauritius, Hong Kong, Benin, Greece, Ethiopia and Philippines. For the inbound tourism 

network the high PageRank countries are USA, Canada, China, Hong Kong, Germany, 

Argentina, France, South Africa, Russian Federation, Ukraine, and Uzbekistan. From that it 

can be noted the central position that USA and France enjoy as main players in both global 

outbound and inbound tourism. The relevance of South Africa as the top popular 

outbound/inbound tourism destination within the African continent, may have been enhanced 

by the 2013 Cup of African Nations, which has not only benefited South Africa’s tourism, but 

also other African destinations as a whole, as visitors to this mega sporting event frequently 

travel to other countries in the region as well. The Spearman rank order correlations between 

the different top k inbound and between the different top k outbound GTN as well as between 

the two types of networks are significant at the 0.01 level and very high (ranging from 0.777 

to 0.968).  

==================== Table 5 =================== 

Tables 6 and 7 show the top 20 countries with the highest degree, strength and 

betweenness of the top 3 outbound and inbound GTN respectively among 214 countries. For 

the top outbound GTN the in-degree and in-strength measure the importance of a country as a 

destination of major tourism flows, out-strength measures its size as a tourism source. On the 

other hand, for the top inbound GTN, out-degree and out-strength measure the importance of 

a country as a source of major tourism flows, while in-strength measures its importance as a 

tourism attractor. Note that there are some countries that appear in all, or almost all, these 

centrality rankings. Thus, for the top 3 outbound GTN, the USA, Canada, France, Spain and 

Malaysia are among the highest ranked countries in all four categories, showing that a small 

group of countries enjoy a central position in global tourism flows. As captured in the 

outbound tourism network, USA had significantly in-degree centrality than the other 

countries, which indicates that it was the main tourist destination of a number of countries in 

2013. Similarly, USA occupied a very advantageous position in the GTN for the other 

centrality indicators. Hong Kong, Mexico, Ireland, Indonesia, Uzbekistan, Andorra, 

Cambodia and Philippines were not the main destination for many tourist nationalities 
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according their top 3 destinations in 2013, but in absolute terms (i.e. measured by in-strength) 

they received large tourist’s inflows. This means that these countries have a high 

concentration in terms of their main source market being able to choose between focusing on 

them and implementing a diversification strategy.  

========================== Table 6 ========================== 

========================== Table 7 ========================== 

Apart from the USA, the central positions in the case of the top 3 inbound GTN, 

correspond to Canada, France, the UK, China, Russia and Malaysia. These countries have 

high centrality measures in the four categories. Other countries ranked highly are South 

Africa, Ukraine, Thailand, Brazil and Greece (in the top 3 outbound GTN) and Ukraine, 

Taiwan and Saudi Arabia (in the top 3 inbound GTN). Although Japan is a major tourist 

emitter to 11 different countries, however its corresponding out-strength is relatively small 

which indicates that the corresponding receptor countries are relatively small markets. The 

results also show that the global tourism market may be neglecting African destinations, 

probably due to the concerns about the geopolitical and economic instability, as well as about 

the Ebola outbreak in West Africa. 

As regards Strongly Connected Components (SCC), Table 8 shows, in decreasing 

order of their size, the SCC present in the top 3 outbound and top 3 inbound GTN. As in the 

case of cliques, the main driver of SCC is geographical proximity. The larger SCC, though, 

contain more than one of those groups of close countries.  

========================== Table 8 ========================== 

It is interesting also to analyse the results of a conventional Hierarchical Clustering 

Algorithm (with average linkage) applied to the top 3 outbound and inbound GTN. Table 9 

shows the clusters that form if we consider a threshold of 7,732 and 45,722 in the respective 

dendrograms. These clusters compete across the economic, social, cultural, environmental and 

political dimensions in order to attract global tourism flows. Again, many of the clusters 

identified have a regional character. The distinct tourism spheres of influence of global and 

regional powers, such as the USA, China, Russia, South Africa, Brazil or Saudi Arabia, are 

also remarkable. It can be noted that no outbound/inbound clusters are formed grouping 

together European countries exclusively, reflecting the complex web of tourism relationships 
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of those countries as well as the diverse travel motivations and preferences of their nationals. 

In other words, the closer integration of the European countries in the political and economic 

realms has not brought about a homogenization of their corresponding tourism relationships. 

========================== Table 9 ========================== 

Another way of studying the importance of geography in the GTN is measuring the 

degree of homophily between countries lying in the same continent. Table 10 shows the sum 

of links and tie strengths within and between each of six regions, namely North America, 

South America, Europe, Africa, Asia and Oceania. The resulting E-I indexes are -0.716 and -

0.818 for the top 3 outbound and inbound GTN, respectively. Such large negative values 

clearly indicate that the tourism flows within these regions are much larger than between 

them. Intra-European travel is the largest worldwide outbound tourism market followed by 

Intra-Northamerican and Intra-Asian tourism. This means that the main destinations for most 

European countries are other European countries. This effect is less pronounced in the other 

two regions. For the inbound tourism, however, the rank is different, with intra-Asian flows 

totalling more than the sum of intra-European and intra-Northamerican flows. This means 

that, if we look from the perspective of source markets, it happens rather often that the main 

source markets of Asian destinations are other Asian countries. This effect is less pronounced 

in the cases of Europe or North America, whose tourism industry can thus be said to have a 

more global reach/attractiveness. Note that although the analysis carried out in this paper that 

considers two separate top inbound and top outbound networks is more complex that 

considering just a single weighted directed global tourism network, it leads to findings like 

the above that would remain hidden if the distinction between being a major source market or 

a major destination market is not emphasized. 

========================== Table 10 ========================== 

Table 11 shows the triad census computed by UCINET 6.0. The rows corresponding 

to transitive triads are shown in bold. Note that there are two instances of triad 300 in the top 

3 inbound GTN; that corresponds to the cliques of size three commented on above. No 

instances of that triad occur in the other networks. Triads 021U, 111D, 030T and 120D occur 

much more frequently in the top outbound GTN than in the top inbound GTN. Just the 

opposite occurs in the case of triads 021D, 111U and 120U. Note that most of the triads are 

unconnected. This is a result of selecting only a few top tourism flows from/to each country, 



 13 

which filters out most of the possible links, leaving only the most relevant and thus 

facilitating the analysis. 

========================== Table 11 ========================== 

Tables 12 and 13 show the significant (i.e. relatively frequent compared with a null 

model corresponding to a similar randomized networks) directed motifs found by the mfinder 

network motifs detection tool (Milo et al. 2002). Both three- and four-node motifs have been 

identified and some examples are shown. Note that three- and four-node motifs cannot form 

in the top 1 outbound or inbound networks. The analysis of three-node motifs reveals a 

common subgraph in the top 2-3 outbound and top 2-3 inbound GTN, the feedforward loop, 

with concentrations ranging from 10.6 to 20.7 (per thousand). The top 2 outbound example 

shown indicates that Colombia and USA are the top two tourist destinations of Venezuelan 

tourists and the same time that USA is the top two of tourist destinations of Colombian 

tourists. This is a typical transitive relationship. The top 3 outbound example is similar, with 

France being a top 3 tourism destination of both Canadian and Mexican tourists at the same 

time that Mexico is a top 3 destination for Canadians tourists. Different configurations of 

mutual dyads are relevant in top 2-3 outbound and inbound networks, such as the uplinked 

mutual dyad type. The example shown for the top 2 inbound network indicates that there 

exists a strong reciprocal relationship between USA and Canada and the same time that both 

countries are the main source markets for Bahamas. Another example is the reciprocal 

tourism links between Japan and Korea with both being major source markets of Guam. Also, 

feedback with two mutual dyads is much more frequent than in the random network. The 

example shown in Table 11 indicates the existence of a reciprocal major-destination market 

relationship between Indonesia and Malaysia together with Malaysia being a major 

destination of Thailand and Thailand a major destination of Indonesia. The other example 

involves the reciprocal relationship between Hong Kong and China with both being major 

source markets for Macao. Note that, although the commented examples are easy to justify, 

the main aim of the motifs detection analysis (more than finding specific examples) is 

identifying which local structures are present with a frequency that is significant compared 

with a similar randomized network. That indicates that they are significant and suggests that 

some underlying mechanisms must be in play to produce them. 

The analysis of four-node directed motifs shows a scarce similarity between the 

networks, with the exception of motif 344 in the top 2-3 outbound GTN. Some specific four 

nodes connected subgraphs are, however, found to occur in a significant proportion, such as 
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motif 94 in the top 3 inbound GTN, motif 2186 in the top 2 outbound GTN and motif 94 in 

the top 2 inbound GTN (concentrations of 31.8 ‰, 21.8 ‰ and 15.3 ‰, respectively). In 

addition, some motifs with two mutual countries (motifs 5018, 350 and 414) are detected in 

the top 3 outbound and top 3 inbound GTN. The examples of motif 94 reflect, for instance, 

the intense reciprocal relation between USA and Canada, both of which are main source 

markets for Bermudas (and for Dominican Republic) while only one of them is a major 

source market for Bangladesh (or for American Samoa). Again, more important than the 

specific instance of the different motifs identified is the fact that these local structures are 

relatively more frequent than expected compared with in randomized version of the 

corresponding networks. 

==================== Table 12 =================== 

==================== Table 13 =================== 

To further test the hypothesis that that the top k outbound and inbound GTN have 

developed their structure from local processes, we have applied an ERGM approach to 

identify the significant local substructures that are present or absent with more frequency than 

could be expected by simple randomness using ERGM estimation software (Handcock et al., 

2017). Table 14 shows the Monte Carlo Maximum Likelihood (ML) estimates and standard 

deviation, and the significance tests performed on each parameter of the ERGM built, 

together with their Akaike information criterion (AIC) and Bayesian information criterion 

(BIC) goodness of fit measures. The results confirm that the global structure of the top GTN 

can be explained as emerging from the superposition of local effects. This is not surprising 

since, in the end, the major destinations from or to a country is defined at the local level. The 

inclusion of the so-called shared partner distribution terms, i.e. geometrically weighted in-

degree (Gwidegree) and geometrically weighted out-degree (Gwodegree), into the models 

accounted for the in-degree distribution and out-degree distribution for the top k outbound 

and inbound GTN. In particular, the Gwidegree (respectively, Gwodegree) is defined as the 

number of occurrences of a recipient country i (respectively, visitor country) that receive 

(respectively, emit) tourist flows from (respectively, to) other m countries, where m is the 

number of unlinked incoming (respectively, out-going) countries connected to country i. The 

order of m is indicated as Istar-2-3-4 (respectively, Ostar 2-3-4) configurations. The decay 

parameter represents the rate of declining marginal returns to link creation as m increases. ML 

estimates for the coefficients for the edges terms are significant and negative for all models, 
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indicating that the density of the top k outbound and inbound networks is below 50%, a 

typical aspect of an observed network. With respect to top k outbound (respectively, top k 

inbound) GTN, the estimates (i.e. the log-odds) of the Istar-2-3-4 (respectively, Ostar 2-3-4) 

structures are significant, indicating a tendency for k-star configurations to form. In the case 

of the top 1 and top 2 outbound GTN, Istar-2 parameters are positive, indicating a propensity 

to form an Istar-2 configuration. However, the positive sign of Istar-3 log-odds points to this 

configuration as being preferential in the top 3 outbound GTN. The same applies to the top k 

inbound GTN, as Ostar-2 and Ostar-3 configurations are prevalent in the top 1 and top 2 

inbound GTN and in the top 3 inbound GTN, respectively. In general, lower-order stars are 

leading in the top k tourism GTN, as indicated by the significant and negative Gwidegree and 

Gwodegree parameters.  

==================== Table 14 =================== 

4. Conclusions, limitations and future research  

In this paper, the networks formed by the top k outbound and inbound global tourism flows 

have been studied. The main features of this GTN are scale-free degree and strength 

distributions, high degree centralization index, relatively high level of reciprocity, high level 

of transitivity, small world character and geographic homophily. A clustered structure has 

been detected and its origin traced to geographical, trade and cultural proximity. In particular, 

each main global and regional power seems to have its own tourism sphere of influence. 

Degree, in- and out-strength and betweenness centralities have been computed to identify the 

most central nodes. Among the players that occupy the most central positions in the top 

outbound GTN (mainly because they are top destinations for many countries) are USA, 

France, Spain, Canada and Malaysia. On the other hand, in the top inbound GTN, and mainly 

because they are top source markets for many countries, we find USA, Canada, France, the 

UK, China, Russia and Malaysia. The PageRank index, which corresponds to the frequency 

with which a country would be visited by a tourist travelling around the world randomly 

following the directed links of the GTN (with a probability proportional to their respective 

weights), provide a different centrality measure which, for the top outbound GTN, identify as 

central countries such as USA, Malaysia, France and Spain but also Mexico, South Africa, 

Thailand, Israel, Mauritius, Hong Kong and Greece. For the inbound tourism network the 

high PageRank countries are again USA, France, South Africa and Hong Kong, but also 

Canada, China, Germany, Argentina and Russia. 
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For all regions, intra-regional travel is the main source of outbound and inbound 

tourism due to geographical, cultural and economic reasons. In particular, it has been found 

that while the main destinations for most European countries are other European countries, a 

similar effect is less pronounced in Asia or North America. For the inbound tourism, on the 

contrary, it is in Asia where the main source markets are other Asian countries, with a similar 

effect less pronounced in the cases of Europe or North America, whose main source markets 

are more geographically diversified. The minor role played by the African continent, plagued 

by social and political instabilities, in the GTN is also detected by the NA carried out. 

A number of network motifs have been identified that occur with a significantly high 

frequency. Those motifs include transitive feedforward loops and different one and two 

mutual-dyads subgraphs. An ERGM analysis confirms that some specific local substructures 

can explain the observed topology of these networks. The insight provided by the results is 

that the observed global tourism patterns emerge from bottom-up processes that work at the 

local level and that, in the end, involve multiple individuals making independent, personal 

decisions. 

Finally, mention should be made of the limitations of the study related to static 

dimension of the GTN. The next step would be to analyse the GTN using a longitudinal 

approach. Investigating the relationships between the worldwide air transportation network 

and tourism flows on a global scale is also another interesting research endeavour. Building 

and analysing global tourism flow networks for different market segments (e.g. 

institutionalized versus non-institutionalized) can provide a disaggregated picture of the 

tourism phenomenon. This will require using big data techniques to obtain data indirectly 

from on-line and social media sources as conventional statistical databases have obvious 

limitations about the granularity, the lag and the type of data that are available. Finally, the 

NA methodology can also be deployed at the regional level and include the interactions 

between the different agents involved in the tourism industry (e.g. lodgings, air carriers, local 

suppliers, services in destination, etc.) thus reflecting the strong interdependence among them. 
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Country GDP share (US$bn) Country GDP share (%) 

USA 1509.2 British Virgin Islands 95.9% 

China 1000.7 Aruba 88.1% 

Germany 376.7 Maldives 79.4% 

Japan 343.2 Former Netherlands Antilles 63.6% 

United Kingdom 283.2 Antigua and Barbuda 60.4% 

France 221.3 Seychelles 58.1% 

India 208.9 Macau 57.2% 

Italy 207.6 Anguilla 56.6% 

Spain  177.2 Bahamas 44.8% 

Mexico 165.9 Cape Verde 44.5% 

Table 1. Ranking of top 10 countries with the greatest contribution (in absolute and relative 
terms) of tourism to GDP in the year 2016 
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 Top 1 outbound Top 2 outbound Top 3 outbound 

# ties 214 428 642 

Density 0.005 0.009 0.014 

Average geodesic distance 2.134 3.799 3.439 

Diameter 7 10 10 

Average degree 1.00 1.99 2.99 

In-degree centralization 0.291 0.479 0.704 

Average strength 1,068,014 1,376,952 1,515,535 

#mutual/#asymm/#null dyads 5/205/22,795 10/409/22,586 22/598/22,385 

Arc/Dyad reciprocity 0.047/0.024 0.047/0.024 0.069/0.035 

Transitivity 0.000 0.159 0.219 

 

 Top 1 inbound Top 2 inbound Top 3 inbound 

# ties 148 296 444 

Density 0.003 0.006 0.010 

Average geodesic distance 1.669 2.976 3.544 

Diameter 6 9 14 

Average degree 0.69 1.37 2.03 

Out-degree centralization 0.129 0,201 0.273 

Average strength 2,511,134 3,291,240 3,567,227 

#mutual/#asymm/#null dyads 10/128/22,653 24/245/22,522 44/347/22,400 

Arc/Dyad reciprocity 0.135/0.072 0.164/0.089 0.202/0.113 

Transitivity 0.000 0.099 0.182 

Table 3. Some characterization measures of top k outbound and inbound GTN 
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 In-degree In-strength 

 α xmin KS p-value α xmin KS p-value 

Top 1 outbound 2.10 3 0.980 1.30 39,386 0.388 

Top 2 outbound 2.13 4 0.965 1.30 35,980 0.208 

Top 3 outbound 2.22 7 0.997 1.35 89,074 0.302 

  

 Out-degree Out-strength 

 α xmin KS p-value α xmin KS p-value 

Top 1 inbound 2.45 2 0.997 1.70 1,442,567 0.809 

Top 2 inbound 2.23 2 0.980 1.71 1,442,567 0.755 

Top 3 inbound 2.19 2 0.999 1.78 1,967,830 0.924 

Table 4. Estimates of the Power Law exponents, cut-off values and KS test p-values 
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Top 1 outbound Top 2 outbound Top 3 outbound 

USA (48.27) 

Mexico (41.18) 

South Africa (14.17) 

Thailand (12.59) 

Botswana (12.48) 

Malaysia (12.13) 

France (10.05) 

Spain (9.80) 

Ukraine (3.07) 

Israel (2.74) 

New Caledonia (1.85) 

Vanuatu (1.72) 

Mauritius (1.60) 

Hong Kong (1.35) 

Benin (1.15) 

South Sudan (1.13) 

Seychelles (1.11) 

Greece (1.04) 

Ethiopia (0.98) 

Philippines (0.97) 

USA (55.75) 

Mexico (29.68) 

Canada (19.01) 

Malaysia (13.00) 

Thailand (12.29) 

South Africa (8.10) 

France (6.56) 

Spain (6.16) 

Botswana (5.82) 

Hong Kong (4.03) 

Indonesia (3.77) 

Ukraine (2.63) 

Israel (1.90) 

Philippines (1.75) 

Andorra (1.39) 

Greece (1.03) 

Benin (1.02) 

Ethiopia (1.01) 

Mauritius (0.85) 

New Caledonia (0.85) 

USA (46.72) 

Mexico (23.11) 

Canada (15.25) 

Thailand (15.21) 

Malaysia (14.26) 

France (12.13) 

Spain (10.08) 

South Africa (7.12) 

Hong Kong (5.95) 

Botswana (4.40) 

Indonesia (3.74) 

Philippines (2.85) 

Ukraine (2.63) 

Greece (2.09) 

Andorra (1.97) 

Cambodia (1.83) 

Israel (1.75) 

Mauritius (1.68) 

Benin (1.12) 

Ethiopia (1.02) 

 

Top 1 inbound Top 2 inbound Top 3 inbound 

USA (28.62) 

Canada (24.82) 

China (10.49) 

Hong Kong (9.18) 

Germany (6.15) 

Argentina (5.75) 

Chile (5.35) 

France (5.29) 

Saudi Arabia (5.03) 

South Africa (4.91) 

Zimbabwe (4.66) 

Kuwait (4.54) 

Russian Federation (4.21) 

Ukraine (3.85) 

Kazakhstan (3.28) 

Iran (3.28) 

Singapore (3.28) 

Uzbekistan (3.28) 

Iraq (3.28) 

Indonesia (3.05) 

USA (28.66) 

Canada (16.14) 

China (12.42) 

Mexico (9.61) 

Hong Kong (9.15) 

Germany (7.28) 

U.K. (6.66) 

France (6.27) 

Russian Federation (5.95) 

Kazakhstan (4.30) 

Ukraine (3.63) 

Argentina (3.55) 

South Africa (3.48) 

Uzbekistan (2.83) 

Macao (2.51) 

Chile (2.10) 

Brazil (2.01) 

New Zealand (1.93) 

Zimbabwe (1.94) 

Lesotho (1.71) 

USA (28.53) 

Canada (14.97) 

China (12.27) 

Hong Kong (8.92) 

UK (8.90) 

Mexico (8.71) 

Germany (6.87) 

France (6.44) 

Russian Federation (5.82) 

Kazakhstan (5.15) 

Uzbekistan (3.70) 

Argentina (3.62) 

Ukraine (3.07) 

South Africa (3.04) 

Macao (3.73) 

Brazil (2.05) 

Kyrgyzstan (1.97) 

Taiwan (1.82) 

Chile (1.76) 

New Zealand (1.75) 

Table 5. Countries with highest PageRank centralities (commonalities are indicated in bold) 
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Rank In-degree In-strength Out-strength Betweenness 

1 USA 153 USA 64,286,232 USA 33,385,008 USA 1,687.5 

2 Malaysia 48 Spain 54,119,080 Germany 25,516,732 France 1,256.9 

3 South Africa 36 France 47,426,648 Canada 25,253,552 Greece 998.4 

4 Canada 34 Ukraine 23,528,224 China 23,505,776 Cyprus 763.1 

5 Ukraine 30 Thailand 20,477,430 UK 22,613,080 Spain 639.4 

6 Thailand 26 Malaysia 20,452,320 Singapore 15,880,209 Malaysia 538.9 

7 Greece 25 Hong Kong 20,041,744 Mexico 15,105,707 Ukraine 525.2 

8 Spain 20 Mexico 19,788,668 Russia  13,614,170 Andorra 407.7 

9 Benin 15 Canada 11,815,831 France 12,195,906 Philippines 324.2 

10 France 15 Greece 10,450,864 Italy 11,360,205 Thailand 320.5 

11 Israel 15 South Africa 6,845,580 Netherlands 9,693,697 South Africa 314.0 

12 Brazil 12 Ireland 4,444,000 Switzerland 8,332,703 Canada 278.5 

13 Colombia 12 Indonesia 4,210,133 Spain 7,655,186 Sri Lanka 278.1 

14 Angola 10 Brazil 3,053,170 Japan 6,139,123 Mexico 240.0 

15 Ethiopia 10 Uzbekistan 1,719,030 Moldova 5,428,739 Brazil 237.3 

16 Mali 10 Andorra 1,636,841 Malaysia 4,928,639 Mauritius 229.8 

17 Peru 10 Peru 1,524,514 Korea 3,818,048 Guadeloupe 193.0 

18 Barbados 9 Cambodia 1,494,983 Indonesia 3,522,780 Dominica 177.9 

19 Botswana 8 Philippines 1,352,197 Belarus 3,378,608 Hong Kong 159.6 

20 Mauritius 8 Botswana 1,170,814 Portugal 3,121,635 Antigua & Barbuda 159.0 

Table 6. Countries with highest in-degree, in- and out-strength and betweenness centrality for top 3 outbound GTN (countries in all four rankings 
shown in bold, countries in three of the four rankings shown in italics) 
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Rank Out-degree Out-strength In-strength Betweenness 

1 USA 60 Hong Kong 84,832,176 China 102,787,472 USA 881.1 

2 UK 33 China 80,393,624 Hong Kong 43,955,216 China 682.5 

3 France 27 USA 52,136,000 USA 41,769,820 Canada 676.4 

4 Canada 23 Germany 47,712,272 Italy 34,317,984 Russia 544.2 

5 China 18 UK 46,682,896 Spain 33,729,496 UK 531.4 

6 Germany 17 France 28,562,596 Poland 27,435,000 Ukraine 408.0 

7 Russia 16 Canada 27,106,348 France 26,525,662 Moldova 337.5 

8 Japan 11 Russia 25,119,952 Macao 26,396,392 Romania 325.0 

9 Australia 10 Macao 20,740,332 Mexico 19,788,668 Taiwan 263.5 

10 New Zealand 10 Singapore 15,567,116 Ukraine 19,056,400 India 261.3 

11 India 7 Mexico 14,547,237 Malaysia 18,373,024 Bulgaria 196.0 

12 South Africa 7 Ukraine 14,412,033 Russia 13,897,334 Japan 165.0 

13 Argentina 6 Czech Republic 13,380,000 Canada 12,475,918 France 124.8 

14 Brazil 5 Switzerland 12,985,489 Sweden 11,726,955 Egypt 98.2 

15 Italy 5 Taiwan 10,499,512 Turkey 11,304,056 Greece 96.0 

16 Korea 5 Saudi Arabia 9,417,797 UK 9,883,000 Tanzania 94.0 

17 Netherlands 5 Malaysia 8,376,649 Thailand 9,424,997 Saudi Arabia 90.3 

18 Saudi Arabia 5 Slovakia 7,667,000 South Africa 8,022,524 Turkey 86.0 

19 Taiwan 5 Kazakhstan 7,095,667 Korea 7,796,934 Australia 82.8 

20 Malaysia 4 Moldova 6,416,210 Singapore 6,639,671 Malaysia 81.0 

Table 7. Countries with highest out-degree, in- and out-strength and betweenness centrality for top 3 inbound GTN (countries in all four rankings 
shown in bold, countries in three of the four rankings shown in italics) 
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Top 3 outbound GTN 

{Andorra, Cambodia, Canada, Cyprus, France, Greece, Hong Kong, Indonesia, Italy, 

Malaysia, Mexico, Nepal, Philippines, Spain, Sri Lanka, Thailand, Ukraine, USA} 

{Antigua and Barbuda, Barbados, Dominica, French Guiana, Guadeloupe, Martinique, 

Santa Lucia, Suriname, Trinidad and Tobago}, {Botswana, Mauritius, South Africa}, 

{Brazil, Colombia, Peru}, {French Polynesia, New Caledonia, Vanuatu}, 

 {Benin, Mali}, {Dominican Republic, Haiti}, {Ethiopia, Uganda} 

 

Top 3 inbound GTN 

{Belarus, Bulgaria, Greece, Hungary, Kazakhstan, Kyrgyzstan, Moldova, Romania, Russia, 

Turkey, Ukraine, Uzbekistan}, {Canada, China, France, Hong Kong, Japan, Korea, Macao, 

Mexico, Taiwan, UK, USA}, {Argentina, Brazil, Bolivia, Chile, Paraguay, Peru, Uruguay}, 

{Azerbaijan, Armenia, Georgia, Iraq, Iran), {Lesotho, Mozambique, Zimbabwe, Zambia, 

South Africa}, {El Salvador, Guatemala, Honduras}, {Indonesia, Malaysia, Singapore}, 

{Jordan, Kuwait, Saudi Arabia}, {Algeria, Tunisia}, {Colombia, Venezuela}, {Costa Rica, 

Nicaragua},{Samoa, American Samoa}, {French Guiana, Martinique}, {Rwanda, Uganda} 

Table 8. Strongly Connected Components 
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Top 3 outbound GTN 

{USA, Mexico, Canada, Japan, , Guam, France, Germany, Netherlands, Belgium, 

Denmark, Sweden, Norway, Finland, Switzerland, Austria, Italy, Spain, Portugal, Andorra, 

Brazil, Argentina, Greece, Albania, Bulgaria, Serbia, Turkey} 

{China, Taiwan, Korea, Singapore, Malaysia, Indonesia, Thailand, Myanmar, Macao, 

Hong Kong, Brunei, Lao, Cambodia, Vietnam, India, Philippines} 

{South Africa, Malawi, Angola, Namibia, Tanzania, Zambia, Swaziland, Mozambique, 

Botswana, Lesotho, Zimbabwe}, 

{Russia, Ukraine, Slovakia, Hungary, Romania, Poland, Belarus, Moldova} 

{Bolivia, Ecuador, Chile, Peru, Colombia, Venezuela, Aruba}, {Saudi Arabia, UAE, 

Kuwait, Oman, Bahrain, Qatar}, {Kazakhstan, Uzbekistan, Kyrgyzstan, Turkmenistan, 

Tajikistan}, {Congo Democ., Rwanda, Kenya, Uganda}, {French Guiana, Guadeloupe, 

Martinique}, {Nepal, Maldives, Sri Lanka}, {Cayman Islands, Jamaica}, {Barbados, 

Trinidad and Tobago}, {Santa Lucia, Guyana}, {Mauritius, Reunion}, {Egypt, Israel}, 

{Cyprus, Lebanon}, {Armenia, Iran}, {Benin, Nigeria}, {Ethiopia, Sudan}, {Vanuatu, 

New Caledonia}, {Fiji, New Zealand}, {Dominican Rep., Puerto Rico} 

 

Top 3 inbound GTN 

{USA, Mexico, Canada, UK, Puerto Rico, Bahamas, Jamaica, Dominican Rep., Spain, 

Cuba, France, Germany, Italy, Switzerland, Greece, Portugal, San Marino, Andorra} 

{China, Hong Kong, Taiwan, Macao, Korea, Japan, Singapore, Malaysia, Indonesia, 

Thailand, Myanmar, Lao, Cambodia, Vietnam, Brunei, Philippines, India} 

{Russia, Ukraine, Belarus, Moldova, Slovakia, Poland, Czech Republic, Turkey, 

Uzbekistan, Kazakhstan, Kyrgyzstan}, {Saudi Arabia, Kuwait, Jordan, Bahrain, Qatar, 

Egypt, Syria}, {Brazil, Argentina, Peru, Chile, Bolivia, Uruguay, Paraguay}, {Malawi, 

South Africa, Mozambique, Lesotho, Swaziland, Zimbabwe}, {Iran, Iraq, Armenia, 

Azerbaijan, Georgia}, {Denmark, Sweden, Norway, Finland}, {Australia, New Zealand, 

Fiji}, {Bulgaria, Romania, Hungary}, {Colombia, Venezuela, Panama}, {El Salvador, 

Guatemala, Honduras}, {Algeria, Libya, Tunisia}, {Congo Democratic, Rwanda, 

Uganda}, {Kenya, Tanzania, Zambia}, {Angola, Namibia}, {Mauritania, Nigeria}, 

{Albania, Macedonia}, {Costa Rica, Nicaragua}, {Curaçao, Netherlands}, {Mauritius, 

Reunion}  

Table 9. Clusters identified by Hierarchical Clustering Algorithm 
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Top 3 outbound GTN 

 N. Amer. S. Amer. Europe Africa Asia Oceania 

N. Amer. 
71,647,048 

(81 ties) 
191,364 
(15 ties) 

4,523,794 
(4 ties) 

12            
(1 tie) 

1,219        
(1 tie) 

0              
(0 ties) 

S. Amer. 
5,210,269 

(20 ties) 
5,091,707 

(26 ties) 
755,216     

(2 ties) 
0              

(0 ties) 
0               

(0 ties) 
0              

(0 ties) 

Europe 
8,272,653 

(43 ties) 
168,250   

(1 ties) 
122,865,240 

(72 ties) 
590          

(2 ties) 
187,344  
(12 ties) 

0              
(0 ties) 

Africa 
469,583 
(40 ties) 

41,745     
(2 ties) 

2,169        
(2 ties) 

9,796,668 
(99 ties) 

94,418    
(11 ties) 

0              
(0 ties) 

Asia 
9,361,023 

(38 ties) 
0              

(0 ties) 
13,593,340 

(16 ties) 
10,243     
(5 ties) 

69,966,464 
(100 ties) 

2,019       
(1 tie) 

Oceania 
1,427,560 

(18 ties) 
117          

(2 ties) 
3               

(1 tie) 
458          

(4 ties) 
2,024,146 

(15 ties) 
135,292    

(8 ties) 

 

Top 3 inbound GTN 

 N. Amer. S. Amer. Europe Africa Asia Oceania 

N. Amer. 
85,723,152 

(62 ties) 
1,602,885 

(7 ties) 
3,834,712 

(3 ties) 
409,005   

(7 ties) 
4,828,171 

(12 ties) 
141,410   

(7 ties) 

S. Amer. 
496,873   

(4 ties) 
11,716,333 

(25 ties) 
0               

(0 ties) 
0              

(0 ties) 
0               

(0 ties) 
0              

(0 ties) 

Europe 
6,226,678 

(21 ties) 
344,630    

(3 ties) 
178,514,512 

(51 ties) 
3,802,592 

(31 ties) 
15,787,688 

(10 ties) 
727,939  

(3 ties) 

Africa 
0              

(0 ties) 
0              

(0 ties) 
0               

(0 ties) 
19,879,252 

(42 ties) 
2,446,536 

(2 ties) 
0              

(0 ties) 

Asia 
502,112   

(2 ties) 
0              

(0 ties) 
13,622,830 

(7 ties) 
2,503,733 

(7 ties) 
292,440,864 

(100 ties) 
750,694  

(6 ties) 

Oceania 
0              

(0 ties) 
0              

(0 ties) 
0                

(0 ties) 
22,870     
(1 ties) 

1,081,600 
(2 ties) 

1,986,949 
(20 ties) 

Table 10. Cross-regional distribution of tourism flows
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Triad code Triad pattern Top 1 outbound Top 2 outbound Top 3 outbound Top 1 inbound Top 2 inbound Top 3 inbound 

3 A, B, C 1,591,802 1,552,064 1,518,520 1,581,932 1,555,556 1,531,906 

12 A->B, C 38,060 71,691 94,199 25,942 48,191 65,779 

102 A<->B, C 955 1,771 3,802 2,066 4,845 8,819 

021D A<-B->C 0 77 202 517 1,492 3,073 

021U A->B<-C 2,336 6,973 14,918 0 67 159 

021C A->B->C 92 341 573 53 152 270 

111D A<->B<-C 110 301 724 0 21 47 

111U A<->B->C 0 7 23 54 185 323 

030T A->B<-C, A->C 0 83 271 0 26 84 

030C A<-B<-C, A->C 0 0 0 0 1 1 

201 A<->B<->C 0 3 3 0 7 14 

120D A<-B->C, A<->C 0 40 94 0 1 13 

120U A->B<-C, A<->C 0 1 11 0 14 52 

120C A->B->C, A<->C 0 2 4 0 4 4 

210 A->B<->C, A<->C 0 1 11 0 2 18 

300 A<->B<->C, A<->C 0 0 0 0 0 2 

Table 11. GTN triad census (transitive triads in bold) 
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Motif Id Top 2 outbound Top 3 outbound Top 2 inbound Top 3 inbound 

38 
Feed-

forward 
loop 

C=10.6; Z=4.21* C=16.1; Z=3.41* C=13.18; Z=4.73* C=20.69; Z=5.66* 

    

46 
Uplinked 
mutual 
dyad 

- - C=7.10; Z=7.06* C=12.8; Z=10.38* 

 - 

  

102 
One 

mutual 
dyad 

- - C=2.02; Z=5.31* - 

- - 

 

- 

108 
One 

mutual 
dyad 

C=5.1; Z=7.19* C=5.5; Z=4.15* - C=3.2; Z=5.8* 

  

- 

 

110 
Feedback 
with two 
mutual 
dyads 

- C=0.65; Z=7.20* - C=4.4; Z=15.09* 

- 

 

- 

 

Notes:    C: Concentration (per thousand);    Z: Z score;    (*): p-value ≤0.01; Random networks: 1,000 

Table 12. Three-node motifs in the top k outbound and inbound GTN 
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Motif 
Id 

Top 2 outbound Top 3 outbound Top 2 inbound Top 3 inbound 

344 

C=0.11; Z=3.99* C=0.14; Z=6.68* - - 

  

- - 

2186 

C=23.95; Z=2.64* - - - 

 

- - - 

4440 

C=0.56; Z=2.67* - - - 

 

- - - 

6552 
Bi-

fan 

C=0.70; Z=5.57* - - - 

 

- - - 

906 

- C=0.02; Z=4.44 - - 

- 

 

- - 

4694 

- C=0.10; Z=6.29* - - 

- 

 

- - 

5018 

- C=0.12; Z=0.12* - - 

- 

 

- - 

94 

- - C=15.27; Z=3.72* C=31.80; Z=6.51* 

- - 

  

408 

- - C=0.70; Z=5.08* C=1.04; Z=3.97* 
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350 

- - - C=1.73; Z=5.83* 

- - - 

 

394 

- - - C=0.53; Z=3.99* 

- - - 

 

414 

- - - C=0.81: Z=3.30* 

- - - 

 
Notes:    C: Concentration (per thousand);    Z: Z score;    (*): p-value ≤0.01; Random networks: 1,000 

Table 13. Four-node motifs in the top k outbound and inbound GTN 
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ERGM term Top 1 outbound Top 2 outbound Top 3 outbound Top 1 inbound Top 2 inbound Top 3 inbound 

Edges -2.43 (0.04)* -4.50 (7.89e-02)* -2.98 (3.06e-01)* -4.49 (0.07)* -5.55 (0.18)* -4.49 (5.53e-02)* 

Istar-2 0.02 (4.8e-04)* 7.25 (3.56e-03)* -9.16e-02 (1.16e-0.2)* -   

Istar-3 - -5.69 (5.56 e-05)* 3.32e-03 (5.45 e-04)* -   

Istar-4 - - -3.55e-05 (8.32e-06)* -   

Ostar-2 - - - 0.04 (1.4e-03)* 0.36 (0.01)*  

Ostar-3 - - - - -0.014 (4.2e-04)* 7.32 e-03 (3.78e-04)* 

Ostar-4 - - - - - -2.76e-04 (1.91)* 

Gwidegree -3.48 (0.29)* -1.25 (1.01e-01)* -4.44 (1.25) * - -  

Gwidegree.decay 2.19 (0.02)* -1.59 (6.39e-03)* 0.7 (5.43e-01)* - -  

Gwodegree - - - -1.33 (0.37)* -0.24 (0.07)* -6.91 (7.40e-02)* 

Gwodegree.decay - - - 2.12 (0.07)* 2.18 (0.28)* 1.82 (8.10e-03)* 

AIC  504.7 3,681 5,517 1,424 3,362 4,362 

BIC 539.7 3,725 5,570 1,459 3,405 4,405 

Notes:    Estimate (Std. Error);    *: p-value ≤0.01 (two-tailed tests).  

Table 14. ERGM fit for the top k outbound and inbound GTN (Monte Carlo ML method) 
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Figure 1. International tourist arrivals by destination region (past data and projections) 
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Figure 2. Top 1, 2 and 3 outbound GTN 
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Figure 3. Top 1, 2 and 3 inbound GTN 


