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Abstract

:

International trade relations have been considerably affected by the coronavirus pandemic. Our analysis was aimed at identifying its effect on the global trade network of green coffee beans, comparing the COVID-year 2020 to the pre-COVID year 2018. The methodology applied was that of social network analysis using trade value data for the above two years. Our results show that between the pre-pandemic and the pandemic years, the role of some major actors considerably changed, and many trade relationships were disrupted. Overall trade value decreased, and the number of trade connections also changed—some countries gained, but more countries lost compared to their former positions. The network measures, i.e., degree distribution, betweenness, closeness and eigenvector centralities, modularity-based clustering and the minimum spanning tree, were suitable for quantifying these changes and identifying differences between affected countries. The changes found between the two years are assumed to be due to the effects of the pandemic, but further analysis is needed to reveal the actual mechanisms leading to these results.
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1. Introduction


The analysis of trade relationships has been the key issue in a very extensive range of literature.



Coffee is one of the most traded agricultural commodities in the world, with 12.5 million coffee farms situated geographically between the tropics, mainly in low- to lower-middle-income countries [1]. Smallholder farmers cultivate two types of coffee beans (robusta and arabica) and are responsible for the production of 70% of coffee beans globally [1,2]. Local farmers sell coffee beans to first- and second-level traders, and large green coffee traders and multinational firms operate in international markets, where most coffee is exported as “green” (not roasted). The downstream coffee value chain (from the roaster to consumption) is usually developed in consuming countries [2]. The coffee green bean gives only a small proportion of the value of the final product. The price of green coffee was rather low till the summer of 2021 ($2.71 per kg in April 2021) but showed a speedy increase from summer 2021 ($3.54 per kg in August 2021, 4.51 $/kg in January 2022, 4.21 $/kg in July and August 2022) [3], due to international trading on the stock exchange and to weather and climate conditions influencing yields and growing areas [1]. The coffee market is expanding. Global demand for coffee has increased by more than 60% since the 1990s, driving the expansion of production and exports, with more than 70% of the production of green coffee exported [1]. The international coffee market has become more complex, with some non-producing countries increasing exports and trade of processed coffee gaining ground [2]. Coffee export represents a rather high proportion of total agricultural exports of the main producer countries from 1% in Mexico to 47% in Ethiopia, representing a crucial share of their export revenues [4].



The evolution of the coffee trade network has been subject to many changes in the balance of power among actors. Until the Second World War, the world coffee market was centralised in Brazil. In 1962 the first international coffee agreement (ICA) was signed by most producing and consuming countries, and up to 1989, the target price for coffee was set by the ICA regulatory system, with export quotas allocated to each producer. The system, though not free of problems, was successful in raising and stabilising coffee prices [5,6]. The ICA ended in 1989, and the governance of the system shifted from producing and consuming countries, and the coffee marketing systems were liberalised [2,7]. In the 1980s, producers controlled almost 20%, and consuming countries received 55% of total trade income, but after the collapse of ICA, during 1989–1990 and 1994–1995, the share to producers dropped to 13% while that of consumers increased to 78%. In the 1990s and 2000s, the introduction of Structural Adjustment Programs (SAPs) changed the policy landscape of coffee production. The global market regime was liberalised, but price volatility increased. In 2000–2004 the price of coffee slumped, creating major social problems across coffee-producing regions of the world [2]. The coffee value chain changed drastically after the deregulation of the coffee trade at the end of the 20th century. Many developing countries depend on coffee exports for the livelihood of millions of small producers. Local governments, aware of this dependence on exports, have tried to control and regulate operations, but this control passed into the hands of the large multinationals after the liberalisation of coffee. In recent decades the market has become more concentrated, and only the largest coffee traders have survived [8].



The standard theory of international trade goes back to the years between 1776 and 1826, to the publications of Adam Smith’s The Wealth of Nations [9] and David Ricardo’s Principles of Economics [10], establishing a theory of free trade. Smith emphasised the division of labour as the basis for lower labour costs, ensuring effective competition across countries. While Smith established the idea of absolute advantage, Ricardo introduced the concept of comparative advantage to achieve production efficiency leading to international specialisation and mutually gainful trade across countries. A further key development in classical trade theory was the Heckscher–Ohlin theory [11], defining returns to the two factors of production (labour and capital) to be at levels proportional to their respective material contribution valued at market prices. International trade theory developed to incorporate factor-endowment of production factors, stating that the scarce factors are to lose under free trade and benefit from protection [12]. A major departure from old trade theories was made by introducing scale economies in production, including the impact of increasing returns to scale, imperfect markets and product differentiation. The new trade theory emanates from the new growth theory, which emphasises the determinants of technological progress as well as the externalities that the development and application of new knowledge confer as explicit variables that determine economic growth [11,13,14]. These implied that some market actors might be able to influence the market, leading to imperfect competition, such as monopolistic competition, oligopoly, or monopoly. Terms of trade were seen to be a powerful tool to demonstrate the inequities of trade for developing countries. Trade became a tool in the peripheralisation and the development of ’core’ regions [13,14]. Much research has been conducted into the efficiency gains of free trade and eliminating trade barriers, although many indirect forms still prevail, as is seen during the multilateral discussions within the WTO framework [14].



The theoretical literature on trade and competitiveness emphasises the dynamic aspects of comparative advantage over time. The empirical literature on comparative advantage usually employs the concept of revealed comparative advantage developed by Balassa in 1965 [15,16]. Several studies imply that export competitiveness will increase with declining relative trade costs, which will contribute to a stronger comparative advantage. When the transportation costs are small, comparative advantage can then be of longer duration [15]. Higher trade costs decrease the probability of survival in comparative advantage, while the level of economic development, the size of the country, the agri-food export diversification, and being a new EU member state increases it, which has implications for the EU-27 member states and agri-food policies [15].



Comparative advantage is usually demonstrated by the RCA (Revealed Competitive Advantage) index, which compares a country’s export share of the product relative to its overall export share in global exports [16]. Analysis of bilateral trade has often been carried out by applying the gravity model. The model states that trade is enhanced by the economic size of the trading partners and hindered by the geographical distance between them, although other features of the trading partners, e.g., a common language or a common border, can be included in the model. Gravity equations have been extensively applied for the assessment of trade policy impacts. For references, see [17,18]. This tool was used together with RCA to test if there is a positive link between the size of trade flows and the extent to which they follow the pattern of comparative advantage, and it found that countries trading more with each other tend to follow the patterns of comparative advantages more than countries with smaller mutual trade flows [19].



An understanding of the operations of international trade networks is essential for achieving international food security. Trade networks connect countries around the world through the import-export flows of commodities. Import–export linkages can boost shock diffusion: higher connectivity in the network can lead to increasing fragility, as happened during the 2007–2008 global financial crisis. In recent years, much research focused on exploring the network architecture of aggregate and commodity-specific trade networks. Particular attention was paid to the community structure of food networks, i.e., clusters of actors characterised by a higher ‘within-group’ connectivity and much sparser connectivity between actors belonging to different clusters. Such clusters can be considered a proxy for geopolitical relations, which vary depending on the commodity and evolve over time. Identifying communities in a network is crucial for understanding its structure, its robustness, and shock transmissions [20]. Investments in transportation infrastructure and trade agreements have helped to increase the connectivity between nations over the last several decades to promote efficiency and enhance resilience. Higher connectivity may enable consumers to access a commodity from a variety of sources, but it may enable production shocks and export restrictions to be transmitted to importers [21].



Recently an increasing volume of research has dealt with the application of social network analysis for evaluating various aspects of the global or regional patterns of export and import relationships. The methods of complex network analysis have been developed in natural sciences (see, e.g., [22]), and later these methods have been successfully adapted to the economic and social sciences [23]. The statistical methods of complex network analysis provide new insights into the structure of economic systems, including global trade networks. The standardised network indicators are suitable for characterising the network structure regarding symmetry, clustering, density, centralisation and other aspects [24]. Countries or regions are usually represented by nodes (or vertices), and the various features of international trade by the links between the nodes. These links may be treated either as unweighted connections or weighted connections where the attached weights refer to trade volumes, values or some other relevant feature of the trade relationship.



The literature on trade network analysis is very rich. Following the applications of statistical methods for the analysis of complex networks in physics [22], similar methods have been successfully applied to problems in economics, including the analysis of the global trade network, which will be briefly reviewed below.



Many papers have applied complex network measures to analyse various patterns of global trade, including export and import flows, market integration and price transmission, supply chain management and risk management [24,25,26,27,28,29,30,31,32,33,34,35,36,37]. The most frequently used measures of social network analysis are the in- and out-degrees, the length of the shortest path (geodesic path), the density of the network, degree-centrality, betweenness centrality, closeness-centrality, eigenvalue centrality, spanning trees and the clustering of the nodes by modularities [23,38]. The set of indicators is very large. The measures applied in the present research will be discussed in the Methodology section.



The previous literature about trade network analysis deals with overall trade or trade of various products, applying various trade indicators to characterise the network. The strength of trade connection is usually measured by either the value of net export (i.e., the difference between export and import), the value of total trade (i.e., the sum of export and import), or the value of trade flow (either export or import) between countries.



The aggregate trade flows are measured by Bhattacharya et al. [36], who analyse global trade flows using the sum of the dollar value of export and import as the weight (or strength) of the connection between any two countries. Li et al. [37] use the export and import value time series for countries and compute their correlations to find out if synchronisation of the economic cycles existed between countries.



Serrano et al. [35] build their analysis of the global trade network on net export (i.e., the difference between export and import) values between countries for 1948–2000. They assess the structure of the trade network by the degrees of the nodes representing countries, i.e., the number of their connections and the total sum of their net trade values. They use a directed-graph representation and allocate the net trade values as weights to the links between countries. They measure the distribution of these weights (trade flows) using it to measure the heterogeneity of the network, establishing that 15% of all trade connections between 97–99% of all countries carry 79% of all net trade flows in 1960 and 84% in 2000.



Liu et al. [29] and Gönçer-Demiral and İnce-Yenilmez [25] also analyse international trade based on the value of net export, using centrality measures. Walther [34] analyses trade networks in West Africa, applying shortest-path computations and centrality measures to identify core actors in trade networks. The findings by Liu et al. [29] for 65 countries and 1782–2222 trade links in 2000–2016 show that closeness centrality and betweenness centrality are the highest for the same top countries. Network density and degree centrality increased, indicating increasing trade connections and higher concentration in a network reduced to the top two trade partners for the assessed countries. The modularity computations defined six to seven clusters of countries, which were found to be highly unstable. Gönçer-Demiral and İnce-Yenilmez [25] assessed the top 50 countries in 2019–2020, representing more than 90% of the total global export volume. Their modularity analysis resulted in four country clusters in 2019 and five clusters in 2020, with a more fragmented structure, probably due to the detrimental effects of the COVID-19 pandemic. Their findings show that economically strong countries tend to have the highest out-degree centralities while weak nations have the highest in-degree centralities. Betweenness centralities and closeness centralities resulted in different rankings of the 50 countries, while the network proved to be a scale-free network with a heterogeneous structure. The geographical proximity was found to be of major importance regarding international trade, and intra-cluster connections were found to be more intense than inter-cluster ones.



De Benedictis and Tajoli [24] analysed the international trade network measuring the export values of a country to its two most important trade partners. They apply network statistics such as centrality and density measures, comparing network statistics to traditional trade statistics, and point out that while there are many similarities between these two approaches, the network centrality indicators can reflect the whole network structure and not only the positions of specific countries or country pairs compared to each other. They also distinguish between local centrality measures (degree centrality and strength centrality) and global centrality measures (closeness centrality and betweenness centrality). They apply these methods for the markets of various products, such as bananas, oil, cement, footwear, movies and engines.



Ji and Fan [31] analysed the crude oil market integration using annual price changes in different markets as the basic indicator, and then the correlation between price change series of different markets was applied as a measure of integration. Using these correlations, the authors transformed the values to define metric distances attached to the links between countries. Then the minimal spanning tree was constructed to identify price transmission patterns, and centrality measures were computed to identify core and peripheral country groups.



Fair et al. [39] analysed 26 years of wheat trade data to construct a model of the wheat trade network between 1986 and 2011, focusing on the major players in the global market. They included trade linkages between countries only if the trade was sustained over at least three years, reflecting the long-term features of the network structure. Their network represents 66% of the total wheat trade volume, containing only 30% of the trade connections between 108 countries engaged in 363 partnerships. The authors analysed the time evolution of the wheat trade network and found a low level of network density and symmetry which both indicate poor resilience of the network against shocks—as was found after the financial crisis in 2008.



Sikos and Meirmanova [27] analysed the global wheat trade network of 94 countries with more than 1000 trade connections, assessing the dollar value of export and import flows between them. They used wheat trade data from 2018 and 2019 and computed node degrees and centrality measures, network density, average path length and modularity to categorise countries according to their importance in the global wheat trade network, either by the number of their trade partners or by the total trade value associated with them. The strength of the country connections was measured by net export, i.e., the difference between export and import values. Their findings showed similar or somewhat lower densities and average path lengths as in [39].



Raj et al. [40] also used social network analysis to assess the wheat supply chain in 2018 for 214 countries and 7931 trade connections. Their findings show that the six countries having the highest betweenness centralities account for more than half of the global wheat export volume, playing crucial roles in the wheat supply chain network, with implications on undernourishment.



Pacini et al. [26] analyse a specific international market, that of plastic scrap in the year 2018 for 111 countries and 1369 trade connections. The links between trade partner countries are weighted by the value of total trade (i.e., the sum of export and import). The analysis deals with centrality measures and identifies clusters of countries linked together by stronger trade ties. Betweenness centralities are computed to determine countries representing important bridges between regional markets and degree centralities and closeness centralities to identify key actors in trade clusters. The analysis showed that the countries having the highest betweenness centralities usually differ from those having the highest closeness centralities or degree centralities.



Pu et al. [28] measured the structure of global recycling trade for 189 countries and 26 industries from 1990 to 2015. They use the network density and average path length, node degrees and node strengths (weights) to analyse the network structure and compute modularities to define country clusters. Instead of using all trade connections, they work with a reduced structure handling only the top ten and top one trade partners for each country. Centrality measures are used to identify the key actors.



Nuss et al. [32] evaluate the risk of supply chains using centrality measures, while Wagner and Neshat [41] analyse supply chain vulnerability, linking countries as they are related in the supply chain and eliciting vulnerability drivers. Then they compute the correlations between these vulnerability driver indicators of various countries and apply network statistics for these to describe how the vulnerability connects different countries.



Caldarelli et al. [42] analyse the trade flows for 129 countries and 772 products. They use a different approach to computing the strength of connections between countries. Two sets of nodes are defined, one set for the countries and another for the products. For a particular country and product, the RCA (Revealed Comparative Advantage) index is computed, and then a connection is defined between a country and a product if the relevant RCA value is higher than a pre-defined threshold. Based on this network structure, centrality measures and minimal spanning trees are defined to reveal country and product clusters.



The construction of minimal spanning trees is often applied to reduce the complexity of a network. A network of N nodes can theoretically contain as much as N × (N − 1)/2 connections, while the construction of MST can reduce it to the (N − 1) most important non-redundant connections [43]. MST analysis has been applied for traffic networks [44] and for various fields of economics, for example, to analyse the clustering behaviour of financial markets [43,45,46,47], to establish strong correspondence between the business sector and cluster structure, and to illustrate the ability of the MST methodology to convey meaningful economic information. Another interesting application was made for assessing the price transmission mechanism of the crude oil market [31].



Networks of individual commodities often show structurally different traits compared to the global network of overall trade. Therefore, individual commodity trade networks may yield unique insights [39]. The coffee green bean is a crucial export product for many tropical and subtropical countries. Its trade linkages have a considerable impact on the welfare of more than 50 developing countries and 12.5 million coffee farmers, as well as their export revenues facilitating import expense coverage and food supply [4]. Utrilla-Catalan et al. [2] analysed the green coffee trade data for the period 1995–2018 to examine the dynamics and evolution of the international market and describe the re-distribution of value in the coffee supply chain, applying the tools of social network analysis. They established that during the studied period, the green coffee trade increased while the number of major actors in trade decreased, i.e., large exporting countries covered an increasing share of trade. Trade was found to be concentrated mainly on the major coffee producers, as well as on some non-producing countries, leading to greater inequality between producing and importing countries. Their analysis focused on degree-, betweenness, closeness and eigenvector centralities and modularity analysis eliciting separate clusters of countries for the studied 24 years. However, they did not look at crisis years separately, although the 2008 financial crisis was included in the time period.



The COVID-19 pandemic resulted in an enormous impact on international trade and international financial transactions, leading to an unprecedented disruption of global trade flows. The interconnection between different businesses and financial markets has greatly contributed to spreading the effects of COVID-19 on the economy and household well-being. In order to measure the impact of COVID-19 on international trade and stock markets, the intra-firm relationship between suppliers and customers and the variables of financial companies have been analysed by Zhang [48]. The effects of the pandemic on global stock market indices were analysed using complex network methods by Aslam et al. [49], with data from 15 October 2019 to 7 August 2020 identifying a significant impact of COVID-19 through structural changes in nodes, reduced connectivity and significant differences in the topological characteristics of the network. The commercial and financial dynamics were analysed by Louati et al. [50], and they established that during the COVID-19 lockdowns, the flow of information and trade transactions considerably changed, leading to changes in the supremacy of regions and crisis transmission patterns. Complex network analysis algorithms have been successfully applied to demonstrate the changes in network structures, not only in terms of trade volumes but in the number of connections and relationships [51]. The global trade structure between the pre-pandemic year 2018 and the pandemic year 2020 was compared by Coquidé et al. [51], determining significant changes in the ranking of countries from 2018 to 2020 in world trade, but the impacts differed by major product groups.



Global agricultural trade has been said to be resilient to the impacts of the COVID-19 pandemic [52]. Using a reduced-form, gravity-based econometric model for monthly trade, the actual effects of the pandemic—including those of incidence rates, government policy restrictions, limited human mobility and lockdown effect on global agricultural trade was estimated up to the end of 2020. The findings show that agricultural trade remained quite stable through the pandemic, reduced only by 5–10%, which is two to three times smaller than the estimated impact on trade in the non-agricultural sector. However, non-food agricultural trade was most severely impacted by the pandemic, while the effects on the majority of food and bulk agricultural commodities were insignificant [52]. The sustainability and resilience of the agricultural and food supply chains is a topical issue. It refers to the capability of the supply network to manage and mitigate disruptions due to various reasons such as natural disasters, climate change or human-caused shocks, i.e., any uncontrollable event. Agricultural supply chains are exposed to conditions where disruptions occur. These networks are highly vulnerable to events caused by abrupt changes in climate and aggravated regional geography. Resilience can be assessed by way of resilience metrics related to availability and connectivity, based on the simulation of disruptive events and identify resilient designs using mathematical programming, as in the analysis of the Colombian coffee supply chain [53] during the COVID-19 pandemic. Resilience represents the speed at which a system returns to equilibrium after a disturbance. Resilience can be modelled by way of graph theory or by mathematical programming using mixed linear models [53,54]. The COVID-19 pandemic did not change coffee consumption significantly in Europe, America or Asia, as the close-down has channelled consumption towards homes and other confined environments [55].



The motivation of the present research is to analyse the international network of coffee green bean trade, focusing on the year 2020, the year of the COVID-19 pandemic, following the example of [8,51]. Our aim is to find out if the global crisis had significant impacts on the global coffee trade network. More specifically, the specific questions we are addressing are:




	
Q1: Has the list of largest actors changed between the pre-COVID 2018 and post-COVID 2020 years?



	
Q2: Has the pandemic differently impacted exporters and importers?



	
Q3: Have trading group structures changed?



	
Q4: Have core and periphery countries, or big and small players, been affected differently?








Naturally, trade volumes decreased due to restrictions on transportation and also difficulties of production related to restricted labour movements. We did not directly compare the absolute trade volumes but focused on the structural features of the trade networks of the two analysed years. Therefore, trade flows between countries were assessed as percentages of the global trade value of the particular year, and these shares were used for comparisons across years. This treatment makes the price index adjustments unnecessary in our computations. The majority of papers dealing with the impacts of COVID-19 on trade networks of specific commodities either dealt with the leading countries of the trade network or with a specific group of countries (see [51] for examples). The present research, however, deals with all trade relationships in the international coffee market in 2018 and in 2020.



For this purpose, similar to the approach used in [8] and [51], the results of 2020 are contrasted to the results of 2018, the last “normal” year before the outbreak of the pandemic. The main question of the analysis was the changes in the trade network structure due to the pandemic, the relative roles and importance of exporting and importing regions, the resilience in the connectedness of closely-knit trading communities, and the identification of the most vulnerable actors in the network. Findings show that from 2018 to 2020, the role of some major actors considerably changed, many trade relationships were disrupted, and the number of trade connections also changed, with some winners and many losers. The study also demonstrated how the network measures are suitable to quantify these changes and identify differences between affected countries.



The structure of the paper is as follows: Section 2 describes the data used for the analysis, presents the main research objectives and motivations, and gives the main network metrics that are used for the evaluation. Section 3 presents the results of the analysis, including network structure, centrality measures, trading communities and minimum spanning trees for 2018 and 2020. Section 4 contains a discussion of our results, and Section 5 draws conclusions, presents the main implications and points out the limitations of the research. Finally, Appendix A gives the list of countries with their three-letter country codes used in the paper.




2. Materials and Methods


2.1. Data


The dataset for the present analysis was downloaded from the publicly available database of Trade Map ITC-Trade statistics [56] for international business development for the year 2001–2020 under the Harmonized System HS6, code 090111, ‘Coffee; not roasted or decaffeinated”—using the 1992 revision of the Harmonized System for 6-digits [57] The time period was chosen because of the availability of data. The present paper focuses only on two years, 2018 and 2020, from the dataset. The downloaded dataset includes, among others, the main coffee producers: Brazil, Colombia, Vietnam, Guatemala, Honduras, Mexico, Indonesia, Peru, India, Costa Rica, Ethiopia, El Salvador, Côte d’Ivoire, Nicaragua, Kenya and Uganda, while the consumer side included the United States of America, Belgium and Germany, among others. The trade data have been selected for trade relationships with exporter countries whose share in global green bean coffee exports is not less than 1% of the global value; these trade flows contributed approximately 90% of the total export value of green bean coffee in 2020. The data are the US dollar value of green bean coffee exports from the world’s major exporting countries. The dataset contains 234 countries /trading areas and 1190 trade relations in 2018 and 1160 trade relations in 2020.



As our analysis refers to two years, price levels did change from the first one to the second. Therefore, it would be reasonable to deflate 2020 trade values with the relevant price index. Trade values are reported in dollar values that take into account the exchange rates of the various countries. These incorporate price level differences between countries within the same year. Therefore, to correct for inflation between 2018 and 2020, it would be sufficient to use the same price index for all countries as an aggregated international price index. However, as it will be shown later in the analysis, trade relationships are analysed within the same year, and trade values are not directly compared across years. Thus within-year comparisons are not affected by the actual price index between the two years. Across-year comparisons are only made based on the weighted network metrics, but these are invariant to the actual values of the network flows and depend only on their proportions. This means that when multiplying each trade value within the same network by a constant (i.e., the 2020 trade values by the price index of 2020 to 2018), the network parameters remain the same and will not influence our results and conclusions. Therefore, avoiding the deflation of the trade values does not affect our results and conclusions.



In the coffee trade dataset, the same trade value may be reported differently by the exporter and the importer, taking into account the differences in CIF and FOB costs and the reliability of the reporter countries. Throughout the paper, we often refer to trade values as ‘export values’, as is done in [8], but the data were checked to ensure that flows are similarly reported by the exporter and the importer. As we are using the trade percentage distribution and not the absolute dollar values, the difference between reported export and import values will not distort our results considerably.



In order to provide more general information regarding the green bean coffee trade, its temporal evolution (Figure 1) and country shares (Figure 2) are provided.



Figure 1 depicts that the value of the green bean coffee trade nearly steadily increased from year to year. The largest contribution came from countries in South America (green in Figure 1), namely Brazil and Colombia, both of which have a contribution of about 30%. Furthermore, countries in Asia (red) and North America (blue) contribute approximately 18% and 14%, respectively. After reaching its peak value in 2008, the value of the green bean coffee trade declined because of the global financial crisis, while in 2012, the decrease was caused by the European Union crisis [2]. Figure 2 demonstrates which countries have an important role in the green bean coffee trade in each region.



In 2001, among African producers, Cameroon, Côte d’Ivoire and Tanzania had significant roles in green bean coffee export, but that role was vanishing year by year until 2020. Kenya has also experienced a decline in terms of exports though a little less than the formerly mentioned countries. What remains is Ethiopia and Uganda, which still play an important role in the export of coffee from Africa. A similar pattern is seen in North America. El Salvador and the USA no longer have a dominant role in green bean coffee export compared to 2001. The significant exporters in 2020 in North America are Honduras, Guatemala, Nicaragua, Mexico and Costa Rica.



In South America and Europe, there has been no significant change regarding the dominant role in green bean coffee export. Brazil, Colombia and Peru are still leading in South America, while Germany and Belgium are still leading in Europe. China appears as a new competitor in green bean coffee export from Asia and Papua New Guinea from Australia/Oceania.




2.2. Metrics of Social Network Analysis


The trade network was analysed using the statistical indicators of social network analysis [2]. The following indicators are applied based on [23,24,26,29,38].



A graph is constructed in a way that countries are represented by the nodes of the graph. The linkages between countries are represented by the edges between nodes: e(i,j) denotes the edge between countries i and j (i,j = 1…N, where N denotes the number of countries). The edges can have weights associated with them (representing the distance between countries or the strength of the connection between countries): w(i,j) is the weight associated with e(i,j). If the relationship between countries is symmetric (undirected edges), then the maximum number of edges is N × (N − 1)/2, while for a directed graph (where the direction of the connection between countries is important), the maximum number of edges is N × (N − 1). A numeric representation of edges is the adjacency matrix A = [a(i,j)], where a(i,j)= 1 if there is a link from node i to node j, and a(i,j) = 0 otherwise (i,j =1…N). For undirected graphs a(i,j) = a(j,i), while for directed graphs, these may differ.



The degree of a node (country) is the number of edges entering the country:




	
for undirected graphs: k(i) = Σ(j=1…N,j≠i) a(i,j).



	
For directed graphs




	
k(i, in) is the number of incoming edges to country i, and



	
k(i, out) is the number of outgoing edges from country i.













The strength of a node (country) is the sum of weights of edges entering the country:




	
for undirected graphs: s(i)= Σ(j=1…N,j≠i) w(i,j).



	
For directed graphs




	
s(i, in) is the sum of weights of the incoming edges to country i, and



	
s(i, out) is the sum of weights of outgoing edges from country i.













The density of a graph is the number of its edges compared to the maximum number of edges possible, i.e., for undirected graphs, it is D = [Σ(i,j=1…N) a(i,j)]/[N × (N − 1)/2], while for directed graphs is D = [Σ(i,j=1…N) a(i,j)]/[N × (N − 1)]. Similarly, the average weighted density (also called average strength) is S = [Σ(i,j=1…N) w(i,j)]/[N × (N − 1)/2] for undirected graphs and S = [Σ(i,j=1…N) w(i,j)]/[N × (N − 1)] for directed ones.



The length of a path from node i to node j is the number of edges connecting them, while the weighted length is the sum of weights attached to the edges connecting the two countries. The shortest path between two nodes is called geodesics or geodesic path, and it is an important problem in graph theory to determine the shortest path between two nodes. The shortest weighted path is the path with the minimum weighted length between two nodes. By denoting d(i,j) the shortest path length from node i to node j (and d(i,i) = 0 by definition), the average path length of a network is APL = [Σ(i,j=1…N) d(i,j)]/[N × (N − 1)] (assuming that the network is connected, i.e., any node can be reached from any other nodes). APL is the smallest when each node is directly connected to any other node, and then APL = 1. For disconnected graphs, the unreachable nodes are left out of the computation, and the formula is adjusted accordingly.



Degree centrality is the simplest centrality concept that ranks country i in a network according to the number of connections it has with other countries. A node (country) with a degree k(i)= N − 1 would be directly connected to all other countries in the network, hence quite central to the network. The degree centrality of a country node is simply CD(i)= k(i)/(N − 1) so that it ranges from 0 to 1 and indicates what share a node has compared to the total number of all possible direct connections. Similarly, in-degree centrality CD(i, in) and out-degree centrality can be defined as CD(i, in)= k(i, in)/(N−1) and CD(i, out)= k(i, out)/(N − 1). The percentage values of strength centralities (in- and out) can be computed if the division is not by (N−1) but by the total trade flows in the network [3], resulting in the average share of the total trade flows. Weighted degree centralities use the sum of edge weights linked to the node instead of node degrees.



Betweenness centrality indicates how important a country is in terms of connecting other countries. It can be understood as a measure of centrality in a graph based on the shortest paths:




	
P(i,k,j) represents the number of all the shortest paths between nodes k and j that contain node I.



	
P(k,j) denotes the total number of shortest paths between countries k and j. It is then possible to estimate how important country i is in connecting k and j by the ratio P(i,k,j)/P(k,j). Note, that P(k,j) = Σ(i=1…N,i≠k,j) P(i,k,j). If the ratio is near 1, then i lies on most of the shortest paths connecting countries k to j, while if it is close to 0, then i is less important in connecting k and j.



	
When averaging across all pairs of nodes, the betweenness centrality of country i is defined as CB(i) = Σ{k,j=1…N,k≠i,k≠j,j≠i} [P(i,k,j)/P(k,j)]/[(N − 1 ) × (N − 2)/2]. Betweenness centrality shows the importance of a country in connecting to other countries. A country with high betweenness centrality holds a powerful role in the network as a bottleneck.








Closeness centrality [58,59] measures how easily a country can reach other countries in the network, i.e., how close a node is to any other node in the network. It is measured by the inverse of the average distance between nodes i and j:




	
CC(i)= (N − 1)/Σ{j=1…N,j≠i} l(i,j), where l(i,j) is the number of links (edges) in the shortest path between i and j. The higher the closeness centrality score is, the more central—or closer—a node is to all other nodes in the network.



	
The weighted version of closeness centrality is [3]: if w(i,j) is the weight of the edge e(i,j), then: the average weight (e.g., the average bilateral trade volume in world trade) is:










U(i,j) = N × w(i,j)/[ Σ{k=1…N} (Σ{l=1…N} w(k,l))],











Then the weighted geodesic distance over the i to j path of (i–z1–z2–z3…–zn−2–j) is:


d(i,j) = min [1/U(i,z1) + 1/U(z1,z2)+ … 1/U(zn−3,zn−2)+ … 1/U(zn−2,j)]











Then the weighted closeness centrality (for directed networks) for node i is: CCW(i, out) = (N − 1)/[Σ{j=1…N,j≠i} d(i,j)] and CCW(i, in) = (N−1)/ [Σ{j=1…N,j≠i} d(j,i)]. The index can be interpreted as the inverse of the average weighted geodesic distance from i to its (N − 1) potential connections. As an example, a value of CCW(i, in) = 0.5 means that node i is 1/0.5 = 2 units away from the other nodes, where one unit is the average bilateral trade flow in world trade.



Betweenness centrality measures how much a country acts as an intermediary or gatekeeper in the trade network. Both Degree centrality and Closeness centrality (CC) are based on the idea that the centrality of a node in a network is related to its distance to the other nodes, while Betweenness Centrality (BC) is based on the idea that central nodes stand between others.



Eigenvector centrality [40] measures how well each node (country) is connected to other influential nodes (countries), the computing power and status of respective countries and their connections, giving higher eigenvector centrality values to nodes whose connecting nodes also have high centralities. Eigenvector centrality can be useful in identifying important secondary markets, importing raw products and selling processed products. These secondary markets have to be well-connected to influential countries to maintain their status. The eigenvector centrality of node i is equivalent to the sum of the centralities of its neighbours:


EC(i) = (1/λ) ×, Σ{j=1…N} [a(i,j) × EC(j)],








where




	
λ is the largest eigenvalue of the adjacency matrix A = [a(i,j)] and



	
E = [EC(1), EC(2),…EC(N)] is the eigenvector belonging to the eigenvalue λ.








Social network analysis tools are also suitable for identifying node clusters or communities. A widely used measure for community decomposition is modularity, which measures the density of links inside communities as compared to links between communities. The value of the modularity lies in the range [−1, 1], where the closer the value to 1, the better the quality of the partitions. Modularity is defined as:


Q = [1/2m] × ∑{i,j=1…N} [w(i,j) − (s(i) × s(j) /2m] × δ(c(i), c(j)),








where



	
c(i) represents the community that contains node I, and



	
δ(c(i), c(j))= 1 if c(i) = c(j)), and δ(c(i),c(j)) = 0 otherwise,



	
w(i,j) is the edge weight between nodes i and j,



	
s(i) = ∑{j=1…N} w(i,j), the sum of weights of the edges connected to node i,



	
m = (1/2) × ∑{i=1…N} s(i) = ∑{i,j=1…N} w(i,j), the total edge weight of the network.






The concept of Minimum Spanning Tree (MST) is defined next. A network is connected if from any node there exists a path to any other node. A tree is a connected network that has no cycles or loops (i.e., no paths where the starting node is the same as the ending node). A network of N nodes is a tree if and only if it has exactly (N − 1) edges. A forest is a network in which each component is a tree. The Minimum Spanning Tree (MST) is a tree (a connected graph without loops, containing N − 1 edges) such that the sum of all weights (distances) is minimised. The advantage of constructing MST in a network is that it can greatly reduce the complexity of the network because instead of the theoretically possible N × (N − 1)/2 connections, it can reduce the links to only the N − 1 most important non-redundant connections in a graphical manner. The MST approach also provides useful information in terms of the centrality or otherwise of individual equity markets (nodes) in the overall system [43]. Let’s denote by R(i,j) the shortest distance in the MST between nodes i and j, then the farness of node i can be defined as Farness(i)= Σ{j=1…N, , j≠i } R(i,j), referring to the average distance (weight) of i compared to all other nodes. This concept can be used to define clusters of nodes.



The network analysis in the present paper was performed by the GEPHI software, a freely available software particularly useful for social network analysis, favoured or its flexible capacities for network visualisation and supply of many network measures [60,61]. This software was applied in many trade network analysis papers [25,26,27,28,29,35]. Gephi can compute the above centrality measures and uses a modularity optimisation method to decompose a gigantic network into several relatively independent modules (groups, clusters), i.e., sets of highly connected nodes.




2.3. Theoretical Background and Methodology for Addressing the Research Questions


Our paper analyses the international coffee bean trade structure using the above network analysis measures and compares the pre-COVID year 2018 to that of the year 2020, in which the impacts of the pandemic were seriously felt. We compare the indicators of these two years to identify crucial changes due to the pandemic in disrupting former trade linkages and establishing new trade positions. The four research questions of our research are analysed by the following network methods:



Q1: Have the largest actors changed between the pre-COVID and post-COVID years?



The largest actors of a network can be identified either by the number of their trading partners or by their share in the total trade value of the network. To examine the first option, we compute the in-degrees of the countries, with large in-degrees indicating countries with many import relationships. In order to examine the second option, the weighted degrees are computed. Large weighted in-degrees (expressed as % of the total trade value) indicate high shares of importer countries in total trade, while large weighted out-degrees indicate high shares of exporter countries in total trade. Countries with large in-degrees and large weighted in-degrees are large importers, while countries with large out-degrees and weighted out-degrees are large exporters. The list of such countries is compared for 2018 and 2020 to see any shifts or significant changes.



Q2: Has the pandemic differently impacted exporters and importers?



As was established above, the countries ranking high by in-degrees and weighted in-degrees are major importers; countries ranking high by their out-degrees and weighted out-degrees are major exporters. Their shares, i.e., %-values of weighted degrees, are compared between the two years to see if there is any change and whether the change differs for importers and for exporters.



Q3: Are trading group structures changed?



Trading groups can be determined by modularity computation in network analysis, which identifies close trading communities based on the trade flows between countries. The cluster structures between the two years are compared, and the network characteristics, such as density, average path length and network diameter, are computed and compared between the two years.



Q4: Have core and periphery countries been affected differently?



Core and periphery countries can be identified using the minimum spanning tree approach or the centrality index values. The minimum spanning tree is a kind of backbone for the network, where only the most important linkages are kept—i.e., those links that ensure that each country participates in the trade flow, possibly being linked to its most important trade partners. The core countries are those having many partners and large trade values in the minimum spanning tree, and peripheral countries are those with low-value links and few partners. The other aspect of core and periphery relations is the centrality distribution. Countries with betweenness centralities have a certain controlling role in the network, i.e., if they may disappear from the trade network (e.g. due to a natural disaster or a human-induced catastrophe like a war), the network will break up. Countries with large closeness centrality, on the other hand, have strong relations with direct neighbours; therefore, they are less dependent on the control of countries of high betweenness centrality. Finally, countries with high eigenvector centrality are connected to the powerful actors of the network, though they may not be powerful traders in themselves. The changes in the centrality distributions can also indicate shifts in the positions of core and periphery countries.





3. Results


3.1. Comparison of Trade Network Structures of 2018 and 2020


Figure 3 shows that the most outstanding trade actors are Brazil, the USA, Germany, Colombia, Vietnam and Belgium, i.e., major producers/exporters and major importers play crucial roles in the trade network. Simple visual analysis shows, however, that there are changes between the two studied years: while Brazil, Vietnam, the USA and Germany remain strong players in the network, the role of Ethiopia, China and Mexico considerably decreased by 2020. Degree distributions underline this visual statement, especially the weighted degree values, although weighted degrees also show a considerable weakening of Vietnam (Table 1 and Table 2).



In 2018 the in-degrees of the top 30 countries ranged from 22 to 18, and these countries are the main importing countries. There are 22 countries with non-zero out-degrees, i.e., having export relationships. Among them, the USA, Germany, Belgium and China are the only countries that are not major producers. Regarding the total degrees, the list of the countries with the most trade connections begins with Brazil, Germany, USA, India, Belgium, Vietnam, Colombia, China, Ethiopia and Indonesia (Table 1). Former research [2] for earlier years shows a somewhat different pattern: regarding the in-degree of different countries in the international green coffee trade, the leading countries were Belgium, the United States, the United Kingdom, Japan and Denmark, while the leaders with regard to out-degree were Vietnam, Indonesia, India and Brazil in 2002. However, our analysis shows that by 2020 little change is seen among importers: the top 20 countries are nearly the same as in 2018, with Switzerland, Latvia and Poland falling out by 2020 and Hongkong, Norway and Malaysia entering the top 20, with 21–17 trade (importer) partners.



The out-degrees show a higher concentration of exporter countries. There are only 21 countries in 2020 with positive out-degrees (i.e., export relations), and the leading ones are the major exporters—Brazil, Colombia, India, Ethiopia, Vietnam and Indonesia—but a few large importers also rank highly as exporters, too (Germany, Belgium, the USA and China). The top 10 countries include three big consumers (Germany, Belgium and the USA). The list contains the same countries as in 2018, with Cameroon being the only one present in 2018 but not in 2020.



It is worth noting that from 2018 to 2020, while the in-degrees decreased a little (importers losing some trade partners), the out-degrees increased for the top 10 exporter countries, indicating a more diversified export partnership for them. The USA, Indonesia and Ethiopia are the three important exporters actually losing trade partners by 2020. The merging of in- and out-degrees represent the total trade connections of countries, and the exporters dominate this list, although the major importers—USA, Belgium (11th in 2018) and China (14th in 2018)—are ranking higher than either in the in-list and the out-list, meaning that their activities are considerably strong both in export and import.



The weighted degree distributions are somewhat different, especially the weighted in-degree list. The weighted out-degrees are dominated by Brazil, Vietnam and Colombia in both 2018 and 2020, while the weighted in-degree list is led by the USA, Germany, Belgium, Italy, Japan, Canada, the Netherlands and France—and the list of 2018 is very similar to 2020. (Table 2). However, it is worth noting that while Brazil and Germany increased the number of their trade partners as well as their share in global trade value, the USA lost partners and lost share in global trade value as well. Vietnam, Honduras and Indonesia are losers in terms of trade value, but Vietnam actually increased the number of trade partners, while its trade value decreased from 16.2% in 2018 to 11.3% in 2020. The correlation between in-degrees and weighted in-degrees is of medium level (r = 0.456 in 2018 and r = 0.448 in 2020), while the out-degrees are highly correlated to weighted out-degrees in both years (r = 0.721 in 2018 and r = 0.718 in 2020), as well as the degrees and weighted degrees (r = 0.784 in 2018 and r = 0.777 in 2020).




3.2. Centralities


Centralities measure the importance of countries within the trade network. Closeness centrality measures the importance of a country in its proximity, i.e., its immediate trade partners. It shows similar patterns in 2018 and in 2020, with basically the same countries having positive closeness centrality measures (Table 3). However, the range of values widened from the 0.463–0.673 range in 2018 to the 0.434–0.724 range in 2020 (values were normalised to the 0–1 range). The ranking of the countries considerably changed, with the USA falling back from a value of 0.63 (2nd in 2018) to 0.597 (8th in 2020). The largest loss was experienced by Mexico (18th with 0.524 in 2018 and 21st with 0.434 in 2020). Brazil maintained its leading position, and Colombia considerably improved its importance.



Betweenness centrality measures the role of a country as a “bridge” between other trading partners. If a country with a high centrality value falls out of the network, it can considerably disrupt the trade flows of the network. This value is highest for trading intermediaries, such as the USA, Germany and Belgium, and the highest-ranking producers (Brazil, India, Kenya and Vietnam) have values less than half of the leading countries, both in 2018 and 2020. The leaders have experienced a slight loss in their centrality values from 2018 to 2020, but the range of values contracted (0.000035–0.010617 in 2018 and 0.000115–0.008533 in 2020), indicating a more even centrality distribution among countries.



Comparing the ranking by closeness centrality and betweenness centrality, out of the top 15 countries, 12 are the same in 2018, and 11 are the same in 2020. Betweenness centrality is moderately correlated with closeness centrality r = 0.614 in 2018 and r = 0.667 in 2020).



The eigenvector centrality measures indicate the countries having the most powerful trading partners (Table 4). The highest values were possessed by Spain, France, Greece, Italy, Israel, United Kingdom, Netherlands, Russia, Australia and Japan in 2018. In 2020, the top ten countries include Denmark and the United Arab Emirates, while Israel and Australia slipped back in the ranking. It is worth noting that African countries are not among the top-ranking countries, except for South Africa (ZAF, 13th in 2018), and Egypt was 40th in 2018. In 2020 the first African country is still South Africa, but its position is only 26th, followed by Egypt at 43rd, and no other African country in the first 50. Another interesting feature is that no major coffee producers are found among the top countries regarding eigenvector centrality, i.e., there are not many influential trade actors among their immediate connections. In 2018 the best-ranking coffee producers were India (39th), Indonesia (42nd) and Brazil (81st), while in 2020, Vietnam (36th), Indonesia (49th) and Brazil (67th).




3.3. Close Trading Communities as Modularity Classes


Modularity analysis was performed to identify country groups having closer trade connections within the group than with the outside world. Such trading communities are usually organised around one or a few exporters [2]. Modularity classes were defined by the weights as trade values (as % of the total), i.e., the strength of a connection was measured by the percentage trade value from the source to the target country. The modularity index measures the quality of community division, comparing it to a similar quality random network. The modularity index for 2018 was 0.270 in 2018 and 0.254 in 2020. As modularity should theoretically fall between −1 and +1, these values indicate a moderately strong linkage within the communities, though the strength is somewhat less in 2020 than in 2018.



Similar to [2], our analysis identified 5–5 major trading communities in 2018 and 2020. However, these communities differed considerably.



In 2018 the largest community had Brazil, Uganda and India as major producers, with Germany and many European and Asian countries. The second group had Columbia, Guatemala and Peru as leading exporters and the USA, Canada and Australia as main importers. The third community included exporters Mexico, Indonesia and Vietnam, with importers Britain, Japan, Russia and many European countries. The fourth group had Costa Rica and Honduras as the main producers, with Belgium, France and the Netherlands as the main importers. The fifth group had Ethiopia as the main exporter, with some African and Arabic countries as importers. This structure is rather similar to that of Utrilla-Catalan et al. [2] for the year 2017 and before, especially the last two groups concentrated around Belgium and around Ethiopia. However, in 2017, the 2018 communities of Brazil and Colombia were still merged, and Indonesia and Vietnam formed separate communities.



In 2020, out of the 235 territories, the largest five communities contained 151 countries, i.e., 64.26% of all countries altogether. The largest four communities contain one or two major producers: the first one has Brazil, the second one has India, Indonesia, Uganda and Ethiopia, the third one has Vietnam, and the fourth one has Colombia. The fifth community is organised around an importer, Belgium, with only one coffee exporter, Costa Rica, in the network (Table 5, Figure 4). The rest of the countries (more than 35% of all countries) do not belong to any of the five large communities, i.e., they do not have strong connections to any group of countries.



Comparing the two years, the community around Belgium lost one of its producers (Honduras), which merged with the community around Vietnam, while Ethiopia lost its entire trading community, merging with the community organised around India, Indonesia and Uganda. The community around Colombia and the Central-American exporters remained nearly unchanged. The trading partners in the community around Brazil considerably changed, as Germany moved out from this group and joined the group of Vietnam, while the former importers belonging to the group of Vietnam moved to the group led by Brazil. This indicates that the trade structure changed considerably around the major producers. Generally, from the members of the five communities in 2018, about half of the countries remained together in 2020, and the other half dispersed among different communities, indicating a rather unstable structure of trading communities. For example, from the 58 countries of C1 in 2018, only 22 remained together in C1 2020, 16 countries moved to C3, 11 to C2, one country to C4 and eight countries did not join any community in 2020, while 21 countries moved into C1 from other communities.



The total trade value within the communities gave 45.8% of the total global trade in 2018 and 39.1% in 2020. This means that the communities are rather concentrated, although, in 2020, trade ties loosened somewhat.



Another interesting feature of network structure is the minimum spanning tree, in which the sum of the edge weights is minimised in the connected network. For a trade network, however, the important feature is the connections with maximum trade values. Therefore, for us, a “maximum weight” spanning tree would be more useful. In order to perform this analysis, the weights of the edges were transformed into a metric that is small when export is high, and vice versa. For this purpose, the method introduced by Mantegna [43] and applied by many other authors (e.g., see [31]). In order to create edge weights that comply with the requirements of a distance, each trade value is converted to a metric distance as follows [43]: d(i,j) = square root[2 × (1 − w(i,j)/W)], where d(i,j) is the “distance” between nodes i and j, w(i,j) is the trade value from i to j, and W is the total sum of the trade values in the network. Small values of d(i,j) imply large trade values between the two countries, and MST is constructed with these distance values as edge weights (Figure 5, Table 6). This means that the minimum spanning tree includes the trade linkages having the highest values, i.e., the most important trade partners for each country.



The minimum spanning tree in 2018 contains 153 edges, and its total value is 7.3701 representing 53.3% of the total trade in the network. In 2020 the MST contained 150 edges, and its total value was 6.3732, referring to 54.6% of the total network trade.



The major hubs in the MST were Brazil and Vietnam (exporters) and the USA and Germany (importers) in 2018. The structure of the MST is similar in 2020, but some secondary hubs (around Ethiopia, Colombia, India, Uganda and Italy) seem to emerge. An important change between the two years is the decrease in the average weighted degree of the two years. The MST contains all countries involved in the coffee trade. Brazil, Colombia and Vietnam have outstanding roles as source countries. In 2018 they represented 64%, and in 2020 nearly 66% of the trade in the MST. However, Vietnam’s weight considerably decreased in 2020, while Brazil and Colombia increased their share. The importer side is more heterogeneous. Table 6 lists the top 20 countries of the importer side, covering 49.5–49.8% of the MST trade value. The list of target countries is led by the USA, Germany and Italy, and the two years are rather similar again.



Table 7 summarises the overall measures of the network, comparing the parameters of the modularity classes and the MST to that of the full network. As the table illustrates, the modularity classes reflect a more compact, tighter structure than the whole network. Comparing the two years the full network contracted in the COVID-year of 2020, both in the number of trade connections (smaller average degree), trade values (smaller average weighted degree and graph density) and more disrupted overall structure (larger network diameter). The trading communities became generally smaller, and in 2020, none of them reached the size of the two largest communities in 2018 by their share of the total trade value.





4. Discussion


Our aim was to analyse the change in the global coffee green bean trade network due to the COVID-19 pandemic. For this purpose, the pre-COVID year 2018 and the year 2020 were compared. Our first question was how the major actors changed between 2018 and 2020. The in- and out-degree rankings of the countries in these two years listed nearly the same countries, i.e., the exporters having the largest number of trade partners did not change from 2018 to 2020, nor did the majority of the importers with the most trade partners.



Our results show that from 2018 to 2020, while importers lost some trade partners, the number of trade partners actually increased for the top 10 exporter countries, indicating a more diversified trade structure for most of them.



The distribution of trade values shows a somewhat different picture according to the weighted in- and out-degrees. The dominant exporters are Brazil, Vietnam and Colombia in both 2018 and 2020, while the major importers are the USA, Germany, Belgium, Italy, Japan, Canada, the Netherlands and France both in 2018 and 2020. However, although the major actors remained the same, some shifts took place among them. By 2020 Brazil and Germany increased the number of trade connections and trade share, while the USA, a major consumer and intermediary country, actually lost partners, though it managed to maintain its trade share. Vietnam and Honduras suffered considerable losses in their share of international trade, even though Vietnam could actually increase the number of trade partners, trying to diversify its trade linkages. According to the findings in [2] for green bean coffee between 1995–2018, the large exporters increased their trade values and trade connections up to 2018. Our results for 2020 show that from 2018 to 2020, approximately half of the exporters could increase the number of their partners and trade value, which indicate that only half of the countries could cope with the challenges of the pandemic. The absolute winner among exporters is Brazil, with considerably more trade relationships and a larger share of global trade in 2020 than in 2018. Smaller gains and smaller losses were experienced by other exporters. Among major importers, no such substantial gains or losses could be identified. Thus we may conclude that the list of the largest actors remained the same, and Brazil is the only country than actually increased its importance considerably.



These findings give the answer to our second question: importers seem to suffer some losses in the number of their trade partners, while the major exporters somewhat widened their trade contacts. However, the distribution of the trade shares changed more for importers and for exporters, too. This is in line with the findings of [55] stating that demand for coffee did not suffer significant losses during the pandemic. Therefore, former trade partnerships did not break up. Only a slight decrease occurred.



The findings in [2] state that up to 2018, the green coffee trade has changed its structure. Originally, the trade was focused on traditional coffee producers, but by 2017 the leaders were the largest coffee producers and some non-producing countries. These changes in the structure of the international green coffee market have led to greater inequality between producing and importing countries.



As the degree distribution in our research showed, Belgium, the USA, Germany and China are the only intermediary countries that actually import from nearly all major producers, having 19–21 import partnerships in 2018 and 19–20 partnerships in 2020. Therefore, their intermediary roles have remained strong after the COVID outbreak.



The correlation between the weighted degrees of 2018 and 2020 is very high (r = 0.9809), which means that the overall pattern of country shares in global trade did not change much from 2018 to 2020. The data clearly show that the core actors are the same in both years (importers: USA, Germany, Belgium and Italy; exporters: Brazil, Colombia and Vietnam).



The third research question was to see possible changes in the closer trading communities. By modularity analysis, country groups were identified with closer trade connections within themselves than with the outside world. Both in 2018 and 2020, 5–5 such major trading communities were identified, organised around one or a few major exporters, which is similar to the findings of [2] about coffee trade and of [25] regarding aggregate net exports. Our clusters demonstrate more intensive within-community trade than that between communities. The cluster densities are all higher than that of the full network, meaning that there are considerably more trade partnerships within the trading communities than across them. This idea is also supported by the higher average weighted degrees and the smaller network diameter and average path length, too.



However, our analysis showed that the communities considerably differed between 2018 and 2020. In 2018 the largest community had Brazil, Uganda and India as major producers, with Germany and many European and Asian countries. The other trade communities were organised around Columbia, Indonesia and Vietnam; Costa Rica and Belgium, and Ethiopia. This structure is rather similar to that of [2] for the year 2017, especially the last two groups concentrated around Belgium and Ethiopia, respectively. By 2020, the largest five communities were concentrated around: Brazil; India–Indonesia–Uganda–Ethiopia; Vietnam; Colombia; Belgium–Costa Rica. Comparing the two years, the community around Belgium shrank, with one exporter partner (Honduras) merging with the Vietnam-led community. Ethiopia completely lost its leading role in its former community and merged with the community around India. This community also absorbed Indonesia and Uganda, formerly attached to Brazil. The community around Colombia and the Central-American exporters remained nearly unchanged, while the community around Brazil considerably changed, as its major importers changed place with those formerly attached to Vietnam.



Further analysis is needed to explain the reasons for these particular changes, but the average path lengths may indicate the importance of more direct trade linkages initiated by the pandemic. The number of partners among trading communities became more evenly distributed by 2020, with only one small community sticking together. The same is true for the share of total trade within particular communities. Similar changes were found in [25] about net exports, establishing more fragmented clusters in 2020 than in 2019, attributing the change to the impacts of the pandemic. The results in [29] also underline the instability of modularity-based trading clusters analysing a longer time period.



The fourth of our research questions focused on the core–periphery situation in the coffee trade network. The closeness and the betweenness centrality index values can be used to give meaningful insights. The countries with the highest betweenness centrality have a core role in the network, being able to control trade flows. Not surprisingly, the largest such between-centrality values belong to the large intermediaries: the USA, Germany, Belgium and China, together with the main producers: Brazil, Indonesia, India, Vietnam, Colombia and Uganda. Their roles did not show much change from 2018 to 2020. Locally important countries with strong core roles within their immediate neighbourhoods are those with high closeness centralities. Brazil is the strongest among them, followed by Germany, Ethiopia, Colombia and the USA. In this list, the change between 2018 and 2020 is more striking: in particular, the role of the USA considerably weakened, while other countries suffered only a minor loss of centrality.



Due to COVID-19, the difference between countries increased, and the USA and Mexico suffered a considerable decrease in their closeness centrality value—meaning a loss in their regional importance. The high eigenvector centralities characterise countries with the most powerful trading partners. These were Spain, France, Greece, Italy, United Kingdom, Netherlands, Russia and Japan in both 2018 and 2020. However, in 2018 Israel and Australia were also among the top ten. By 2020 they had lost their position against Denmark and the United Arab Emirates. Neither African countries nor major coffee producers are found among the top countries.



From 2018 to 2020, the betweenness centrality ranking of countries changed only slightly, but the closeness centrality ranking changed more—reflecting that only a part of the countries could maintain its significance in their neighbourhoods. This is in agreement with the results in [51] for overall trade and trade in various product groups.



It is also worth noting that betweenness and closeness centralities moderately correlate both in 2018 and 2020, indicating that the countries acting as global “bridges” only partly coincide with those being important locally. This is the same as the findings in [25] regarding net export values or the results in [26] regarding trade in plastic scrap.



The core–periphery relationship is reflected by the minimum spanning trees, identifying the backbone of the global trade network. The share of the trade value of the MST within the network slightly increased from 2018 to 2020. The disruption of trade relationships resulting from the pandemic is reflected among exporters by the loss of the importance of Vietnam and Mexico, the increased importance of Brazil, Colombia, Ethiopia and Uganda, and the considerable loss of imports by former leading countries Japan, the Netherlands, Britain and Spain, with the striking rise of Belgium. The countries able to maintain their core positions are Brazil, Colombia, Belgium and the USA, while Vietnam, Mexico, the Netherlands, Britain and Spain weakened their former core roles.



These changes support the assumption that the COVID-19 pandemic affected the coffee green bean trade network considerably—leading to losses of trade positions for many Asian and African countries and some of the major importer-intermediary countries. These results may be due to the formerly very heterogeneous and long-distance trade relations of these countries. Although some of the traders actually diversified their trade connections, increasing the number of trading partners, these attempts could not compensate for losses in trade values. Many of the negatively affected countries lost not only trade value but trading partners alike.



Similar findings were established about the impacts of the pandemic on aggregate trade. The year 2020 experienced some of the largest reductions in trade and output volumes since World War II, regarding both world industrial production and goods trade, although the trade impacts across specific goods and trade partners highly differ. The food and agricultural products were less impacted than minerals, vehicle manufacturing and the services sector [62]. The effects of the economic downturn on global trade have been fast and intensive, affected by not only the decline in global demand but by enhanced cross-border restrictions, port closures and other logistical disruptions. Overall, global trade declined by about $2.5 trillion in 2020, by about 9% compared with 2019 [63]. Trade in essential products such as foodstuffs was rather resilient, while trade in pharmaceuticals, medical devices and personal protective equipment and related goods actually increased in 2020, as well as in home office and fitness equipment. By mid-2021, the value of international trade was already substantially higher than pre-pandemic levels in all sectors except energy products [63].



Regarding the coffee trade, the extent to which a country was impacted by the pandemic is determined by many factors. Countries in which the coffee harvest coincided with the peak of the pandemic were more severely affected due to restricted labour supply, and coffee growers employing a large number of migrant workers were more likely to be affected than smallholders primarily relying on family [64]. The COVID-19 pandemic changed consumption patterns, i.e., the demand in the global coffee market, particularly as coffee is considered a social drink. Therefore, the lockdowns significantly decreased out-of-home coffee consumption, but home deliveries and increased home consumption compensated for it. Consumers shifted to traditional brands, causing a considerable loss for upcoming coffee brands. Altogether, coffee consumption did not change much during the COVID-19 pandemic situation, in spite of the restrictions and lockdowns, but consumption methods underwent changes [55].



Regarding the coffee trade, the impacts of the pandemic have not been analysed by network methodology, but former research [2] applied similar tools to the coffee trade between 1995 and 2018. Our findings of 2018 are similar to theirs, and contrasts of 2020 are presented not only to 2018 in our analysis but to the results of former years in their analysis. In [2], the major importers, according to the number of their trade partners, were the same as in our analysis: Belgium, the USA and Germany—but the UK, Japan and Denmark were also found important, though in our analysis their roles were somewhat weaker, while we found Spain and France to have the largest numbers of exporter partners. When trade volumes were considered, [2] identified USA, Germany and Japan together with Belgium, Italy and France. These results are completely in line with our findings for both years. Regarding exporters, [2] lists Vietnam, Brazil, Colombia, India, Indonesia, Honduras, Guatemala and Peru as the most important ones, and our results add Ethiopia to this list, as well as major intermediary countries, such as Belgium and Germany. Regarding the centrality results, [2] identifies a long-term tendency of decreasing closeness centrality of small coffee producers from 1995 to 2018, and our findings also agree with this for 2018 and 2020. The leading role in the closeness centrality of large producers and USA and European importers are found in [2] as well as in our results. Regarding betweenness centrality, our findings for 2018 and 2020 are also in line with the results of [2] for 2017 and 2018, i.e., Germany and Belgium being at the top, with India. However, our results show that the USA has achieved an even stronger position than these in 2018 and in 2020. Regarding the formation of closely-knit trading communities, [2] found an evolution from the more evenly distributed structure of trading groups in 1995 towards a few large and a few small communities by 2017. Our findings support this tendency in 2018 and in 2020, too. A similar analysis of the wheat market was done in [27], and they found similar features of the global wheat market in 2018–2019 as the coffee market results in our study. The wheat market, with 94 countries and 1041 trade relationships, produced a graph density of 0.119, i.e., five times as dense a network as in the case of the coffee market—which is explained by the much smaller number of trading partners, and more countries being able to produce wheat for themselves. Coffee requires much more specific growing conditions and therefore has only 21–22 producers. However, it has worldwide demand, which necessarily leads to a less balanced trading structure. The average path length in the wheat network was found to be 2.397, which is about twice as high as our findings for the coffee market—which again shows that the coffee market is more characterised by direct links from a producer to an importer than the wheat network. The findings in [39] about wheat trade from 1992 to 2017 show a decreasing graph density from 0.1 to 0.07, with average path length decreasing from 2.5 to 2.8. The number of countries and the time span differed from [27], though the number of connections was limited to only 365 partnerships. These results of network analysis of agricultural commodities illustrate the suitability of network metrics for global commodity trade networks, though they did not assess the effects of the COVID-19 pandemic on network characteristics.




5. Conclusions


Our analysis compared the typical features of the international coffee bean trade network between the years 2018 and 2020. The analysis was performed using tools of social network analysis and revealed considerable changes between the pre-pandemic and the pandemic year. The role of the major actors changed considerably. Many trade relationships became disrupted, and as well as the decrease in overall trade, the number of trade connections also changed—with some countries gaining but more countries losing compared to their former positions. Similar patterns of changes have been experienced in other sectors of the economy, and the methods of social network analysis have been found useful for analysis.



Because of the interrelated character of the coffee industry with labour, farmers, firms, suppliers, traders, exporters, consumers and financial institutions, etc. involved, in case of a problem in any part of the supply chain, the result could be disruption either globally or within a country [65]. In recent years the unexpected problem of the COVID-19 pandemic represented an extraordinary joint supply and demand shock to the global coffee sector [66,67]. During COVID-19, the smallholders-dominated supply side encountered some constraints that significantly impacted coffee production, affecting productivity and marketing, and especially producers’ probability of market participation [66]. The implementation of social distancing and regional restrictions impacted the availability of labour and other inputs. Farmers were less able to manage their farms, creating favourable conditions for Coffee Leaf Rust and other pests and diseases while being more vulnerable to drought or hurricanes [65], affecting the sustainability of coffee production. Declining household income, difficulties in covering farming costs, the related issues of the intensity of cultivation, particularly purchasing and fertilisation decisions [68], and decreasing investments in coffee plantations create conditions favourable for future shocks, which, in turn, are likely to drive the coffee industry into another severe production crisis [69]. The threats that COVID-19 pose to the global coffee sector is daunting with profound implications for coffee production [67]. Despite the problems and impending risks on the production side, global coffee consumption has steadily increased in the last decades [70]. The lockdowns induced by the pandemic, however, led to changing consumption patterns, including increasing home deliveries and more drinks ordered via apps to reduce exposure [71]. The lockdown measures throughout the main coffee-consuming countries (i.e., Europe and North America) led to a drop in out-of-home sales, as most cafés and restaurants closed [70]. As a result of the pandemic, demand in both export and local markets has changed, having a financial impact on buyers, processors, retailers and consumers at home and abroad [72].



The global coffee industry suffered more from climate and weather-related issues than the pandemic. The example of two of the leading exporters illustrates the differences in impacts related to the development policy of the national coffee producer sector. As a strong market player, Brazil has years of experience and several advantages that help it cope with the impacts of the pandemic and remain globally competitive. Although the country had to face difficulties in finding labour for the harvests, finding transport facilities, finding service points for truck drivers, and finding shipping facilities for the international markets, it could maintain a nearly “business as usual” way of operation during the pandemic. Its environmental laws are among the strictest in the world, requiring sustainability standards from producers, which helped them to comply with restrictions and guidelines for mitigation while keeping up production, including regulations about the labour force, harvest practices and transportation measures [62].



Vietnam, another leading exporter, however, has suffered more decline. It has been considered one of the most vulnerable countries for virus spread, being geographically close to Wuhan, the centre of the pandemic. Vietnam, in spite of that, could combat the spread of the infection remarkably well. Although the pandemic has been contained, its impacts on Vietnamese society and the economy are apparent, including its coffee industry. Vietnam’s coffee industry is largely export-based and is very sensitive to any change in the global market. The interrelatedness between the domestic and global markets means that the local coffee industry’s success is only achievable in a stable global context. Thus, in spite of Vietnam’s successful crops and success in containing COVID-19, the industry is strongly dependent on the global supply chain of coffee to be restored or reconnected. Local growers were poorly prepared to adapt to the new situation, while the local coffee industry has already been strongly impacted by an abnormally prolonged dry season that squeezed many of the farmers out economically. The outbreak of the pandemic has just plunged them even deeper into the crisis and forced the country to apply a lockdown and social distancing mechanism that resulted in bottlenecks in the flows of goods and services in the markets, including coffee. Vietnam’s coffee industry has been seriously impacted by the pandemic when the country’s access to its traditional import markets, such as the US, the UK, France and Japan, was almost blocked due to the disconnection of the global coffee supply chain, leaving only limited export possibilities to Spain and Germany. While the local coffee industry contributes greatly to Vietnam’s economy, the industry lacks the necessary capacity to adapt to changes locally and globally, as the existing production and development model of the industry is merely productivity and market prone. That can promote rapid growth and development of the industry but does not prepare the industry for shocks or crises like COVID-19 [62].



Policy implications, therefore, can focus on the different roles countries play in the global network, identifying bottleneck and bridge countries that can play important intermediary roles in the governance of the global network. Higher densities in networks may be a sign of more interconnectedness and more diverse trade structures, and this may be advantageous in times of crises, adding more stability. The more central roles point to larger players, and they may attract more trading partners, especially in times of increasing uncertainties, which is visible in our results comparing network structures of 2018 and 2020. The formation of trading communities also supports this idea—the 2020 year of pandemic revealed the disappearance of trading communities with many small players, as these actors opted to join some larger groupings, and the surviving trading communities remained formed around major exporters. The only exception is the community formed around Belgium, a major intermediary with a geographically close network of other importer countries and one small exporter. The backbone of the network, reflected by the MST, also unveils important features, eliciting the key linkages and groupings, showing central and peripheral actors. The change of this structure as a result of the pandemic may reflect the abilities of major players to cope with difficult situations and also the tendencies of less central actors to switch their partners. This backbone also reveals how shocks can be transmitted from region to region through the network. The network structure also unveils if countries form trade relationships based on geographic closeness and cultural and political similarities that allow a similar reaction to shock situations or if these considerations are neglected in contrast to other trade advantages. The MST structure shows how African producers are rather peripheral, as well as economically important countries such as China or Japan, while some European consumers can become central actors not only by their level of consumption but as intermediaries. The differing impacts of the pandemic show that even large producers may develop differently, as the comparison of Brazil and Vietnam reveals. This underlines the importance of a sustainability focus in contrast to a growth and productivity focus in the industry’s development and the need for quality, added value and fairer trade conditions.



The present research, although producing a great deal of detailed information, suffers from some limitations and weaknesses. First, the network indicators measure the extent and direction of trade but cannot easily point to their causes. Our analysis attributed the changes found between the two years to the effects of the COVID-19 pandemic, but further analysis is needed to reveal the actual mechanisms leading to these results. This is a limitation of the present work, although it is reasonably assumed that the pandemic influenced international trade flows. Due to the lockdowns and travel and transport restrictions, long-distance trade was technically more complicated, if not impossible, production suffered due to limitations of labour force movement, and demand for foreign products also changed. The change in trade network parameters is probably due to these changes, although its extent is difficult to judge. Further research is planned to conduct a similar analysis for a longer time period, comparing the changes in 2020 to ‘normal’ years and to the 2008–2009 global financial crisis to see how the trade network parameters have changed in the past. More detailed work should be done regarding the regional patterns, too. With a longer time span, the ‘normal’ characteristics of the coffee trade network could be generalised, and then the changes attributable to the occurrence of crisis situations could be identified with more certainty. Further limitations of our work refer to data quality and the reliability of international trade values available in public databases. A continuation of the present work may be the assessment of the network dynamics for a longer time span, focusing on periods of economic and natural crises.
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Table A1. List of the 232 analysed areas (countries) with their three-digit codes.
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	Label
	Area
	Label
	Area
	Label
	Area
	Label
	Area
	Label
	Area
	Label
	Area





	ABW
	Aruba
	CHL
	Chile
	GIB
	Gibraltar
	LBY
	Libya
	OMN
	Oman
	TCA
	Turks & Caicos Isl’



	AFG
	Afghanistan
	CHN
	China
	GIN
	Guinea
	LCA
	Saint Lucia
	PAK
	Pakistan
	TCD
	Chad



	AGO
	Angola
	CIV
	Cote d’Ivoire
	GMB
	Gambia
	LKA
	Sri Lanka
	PAN
	Panama
	TGO
	Togo



	AIA
	Anguilla
	CMR
	Cameroon
	GNB
	Guinea-Bissau
	LSO
	Lesotho
	PCN
	Pitcairn
	THA
	Thailand



	ALB
	Albania
	COD
	CongoDemR
	GNQ
	Equatorial Guinea
	LTU
	Lithuania
	PER
	Peru
	TJK
	Tajikistan



	AND
	Andorra
	COG
	Congo
	GRC
	Greece
	LUX
	Luxembourg
	PHL
	Philippines
	TKL
	Tokelau



	ANT
	Netherlands Antilles
	COK
	Cook Islands
	GRD
	Grenada
	LVA
	Latvia
	PLW
	Palau
	TKM
	Turkmenistan



	ARE
	United Arab Emirates
	COL
	Colombia
	GRL
	Greenland
	MAC
	Macao-China
	PNG
	Papua New Guinea
	TLS
	Timor-Leste



	ARG
	Argentina
	COM
	Comoros
	GTM
	Guatemala
	MAR
	Morocco
	POL
	Poland
	TON
	Tonga



	ARM
	Armenia
	CPV
	Cabo Verde
	GUM
	Guam
	MDA
	Moldova-Rep
	PRK
	Korea-DemRep
	TTO
	Trinidad&Tobago



	ASM
	American Samoa
	CRI
	Costa Rica
	GUY
	Guyana
	MDG
	Madagascar
	PRT
	Portugal
	TUN
	Tunisia



	ATF
	French Southern& Antarctic Territories
	CUB
	Cuba
	HKG
	HongKong-China
	MDV
	Maldives
	PRY
	Paraguay
	TUR
	Türkiye



	ATG
	Antigua&Barbuda
	CUW
	Curacao
	HND
	Honduras
	MEX
	Mexico
	PSE
	Palestine
	TUV
	Tuvalu



	AUS
	Australia
	CXR
	Christmas Island
	HRV
	Croatia
	MHL
	Marshall Islands
	PYF
	French Polynesia
	TWN
	Taipei-Taiwan



	AUT
	Austria
	CYM
	Cayman Islands
	HTI
	Haiti
	MKD
	Macedonia-North
	QAT
	Qatar
	TZA
	Tanzania



	AZE
	Azerbaijan
	CYP
	Cyprus
	HUN
	Hungary
	MLI
	Mali
	ROU
	Romania
	UGA
	Uganda



	BDI
	Burundi
	CZE
	Czech Republic
	ID
	Countries
	MLT
	Malta
	RUS
	Russian Federation
	UKR
	Ukraine



	BEL
	Belgium
	DEU
	Germany
	IDN
	Indonesia
	MMR
	Myanmar
	RWA
	Rwanda
	UMI
	USA Minor Outlying Isl’



	BEN
	Benin
	DJI
	Djibouti
	IND
	India
	MNE
	Montenegro
	SAU
	Saudi Arabia
	URY
	Uruguay



	BES
	Bonaire-Sint Eustatius-Saba
	DMA
	Dominica
	IO7
	British Indian Ocean Territory
	MNG
	Mongolia
	SCG
	Serbia & Montenegro
	USA
	United States of America



	BFA
	Burkina Faso
	DNK
	Denmark
	IRL
	Ireland
	MNP
	Northern Mariana Islands
	SDN
	Sudan
	UZB
	Uzbekistan



	BGD
	Bangladesh
	DOM
	Dominican Rep.
	IRN
	Iran-IslRep
	MOZ
	Mozambique
	SEN
	Senegal
	VCT
	Saint Vincent& the Grenadines



	BGR
	Bulgaria
	DZA
	Algeria
	IRQ
	Iraq
	MRT
	Mauritania
	SGP
	Singapore
	VEN
	Venezuela



	BHR
	Bahrain
	ECU
	Ecuador
	ISL
	Iceland
	MSR
	Montserrat
	SHN
	Saint Helena
	VGB
	British Virgin Islands



	BHS
	Bahamas
	EGY
	Egypt
	ISR
	Israel
	MUS
	Mauritius
	SLB
	Solomon Islands
	VIR
	British Antarctic Terr’



	BIH
	Bosnia&Herzegovina
	ERI
	Eritrea
	ITA
	Italy
	MWI
	Malawi
	SLE
	Sierra Leone
	VNM
	Vietnam



	BLR
	Belarus
	ESH
	Western Sahara
	JAM
	Jamaica
	MYS
	Malaysia
	SLV
	El Salvador
	VUT
	Vanuatu



	BLZ
	Belize
	ESP
	Spain
	JOR
	Jordan
	MYT
	Mayotte
	SOM
	Somalia
	WLF
	Wallis&Futuna Isl’



	BMU
	Bermuda
	EST
	Estonia
	JPN
	Japan
	NAM
	Namibia
	SPM
	Snt Pierre& Miquelon
	WSM
	Samoa



	BOL
	Bolivia
	ETH
	Ethiopia
	KAZ
	Kazakhstan
	NCL
	New Caledonia
	SRB
	Serbia
	YEM
	Yemen



	BRA
	Brazil
	FIN
	Finland
	KEN
	Kenya
	NER
	Niger
	SSD
	South Sudan
	ZAF
	South Africa



	BRB
	Barbados
	FJI
	Fiji
	KGZ
	Kyrgyzstan
	NFK
	Norfolk Island
	STP
	Sao Tome&Principe
	ZMB
	Zambia



	BRN
	Brunei Darussalam
	FLK
	Falkland Islands
	KHM
	Cambodia
	NGA
	Nigeria
	SUR
	Suriname
	ZWE
	Zimbabwe



	BTN
	Bhutan
	FRA
	France
	KIR
	Kiribati
	NIC
	Nicaragua
	SVK
	Slovakia
	
	



	BVT
	Bouvet Island
	FRO
	Faroe Islands
	KNA
	St Kitts& Nevis
	NIU
	Niue
	SVN
	Slovenia
	
	



	BWA
	Botswana
	FSM
	Micronesia
	KOR
	Korea-Republic
	NLD
	Netherlands
	SWE
	Sweden
	
	



	CAF
	Central African Rep.
	GAB
	Gabon
	KWT
	Kuwait
	NOR
	Norway
	SWZ
	Eswatini
	
	



	CAN
	Canada
	GBR
	United Kingdom
	LAO
	Lao DemRep
	NPL
	Nepal
	SXM
	St Maarten -Dutch
	
	



	CCK
	Cocos (Keeling) Isl’
	GEO
	Georgia
	LBN
	Lebanon
	NRU
	Nauru
	SYC
	Seychelles
	
	



	CHE
	Switzerland
	GHA
	Ghana
	LBR
	Liberia
	NZL
	New Zealand
	SYR
	Syrian Arab Rep.
	
	










References


	



ITC. The Coffee Guide. International Trade Centre, Geneva. 2021. Available online: https://intracen.org/media/file/5718 (accessed on 19 April 2022).

	



Utrilla-Catalan, R.; Rodríguez-Rivero, R.; Narvaez, V.; Díaz-Barcos, V.; Blanco, M.; Galeano, J. Growing Inequality in the Coffee Global Value Chain: A Complex Network Assessment. Sustainability 2022, 14, 672. [Google Scholar] [CrossRef]

	



ICO. ICO Indicator Prices. International Coffee Organization. 2022. Available online: https://ico.org/coffee_prices.asp (accessed on 9 August 2022).

	



Bacsi, Z.; Fekete-Farkas, M.; Ma’ruf, M.I. Coffee Yield Stability as a Factor of Food Security. Foods 2022, 11, 3036. [Google Scholar] [CrossRef] [PubMed]

	



Akiyama, T.; Varangis, P. The impact of the international coffee agreement on producing countries. World Bank Econ. Rev. 1990, 4, 157–173. [Google Scholar] [CrossRef]

	



Bates, R.H. Open-Economy Politics: The Political Economy of the World Coffee Trade; Princeton University Press: Princeton, NJ, USA, 1997. [Google Scholar]

	



Behuria, P. The domestic political economy of upgrading in global value chains: How politics shapes pathways for upgrading in Rwanda’s coffee sector. Rev. Int. Political Econ. 2020, 27, 348–376. [Google Scholar] [CrossRef]

	



Gereffi, G.; Humphrey, J.; Sturgeon, T. The governance of global value chains. Rev. Int. Political Econ. 2005, 12, 78–104. [Google Scholar] [CrossRef]

	



Smith, A. The Wealth of Nations; Penguin Books: London, UK, 1986. [Google Scholar]

	



Stolper, W.; Samuelson, P. Protection and Real Wages. Review of Economic Studies IX(November). In Readings in International Economics; Caves, R.E., Johnson, H.G., Eds.; Allen & Unwin: London, UK, 1941; pp. 58–73. [Google Scholar]

	



Ricardo, D. On Foreign Trade. In The Works and Correspondence of David Ricardo; Sraffa, P., Dobb, M.H., Eds.; Cambridge University Press: Cambridge, UK, 1951; Volume 1. [Google Scholar]

	



Dicken, P. Global Shift: Transforming the World Economy, 3rd ed.; Guilford Press: New York, NY, USA, 1998. [Google Scholar]

	



Lam, T.-D. A Review of Modern International Trade Theories. Am. J. Econ. Financ. Manag. 2015, 1, 604–614. [Google Scholar]

	



Sen, S. International Trade Theory and Policy: What Is Left of the Free Trade Paradigm? Dev. Change 2005, 36, 1011–1029. [Google Scholar] [CrossRef]

	



Bojnec, S.; Ferto, I. Drivers of the duration of comparative advantage in the European Union’s agri-food exports. Agric. Econ. 2018, 64, 51–60. [Google Scholar] [CrossRef]

	



Balassa, B. Trade Liberalisation and “Revealed” Comparative Advantage. Manch. Sch. 1965, 33, 99–123. [Google Scholar] [CrossRef]

	



Abafita, J.; Tadesse, T. Determinants of global coffee trade: Do RTAs matter? Gravity Model Anal. Cogent Econ. Financ. 2021, 9, 1892925. [Google Scholar] [CrossRef]

	



Hübler, M. A Trade Network Theory; No. 553; Hannover Economic Papers: Hannover, Germany, 2015; ISSN 0949-9962. [Google Scholar]

	



Grancay, M.; Dudás, T. Bilateral trade flows and comparative advantage: Does the size matter? Soc. Econ. 2019, 41, 397–413. [Google Scholar] [CrossRef]

	



Torreggiani, S.; Mangioni, G.; Puma, M.J.; Fagiolo, G. Identifying the community structure of the food-trade international multi-network. Environ. Res. Lett. 2018, 13, 054026. [Google Scholar] [CrossRef]

	



Karakoc, D.B.; Konar, M. A complex network framework for the efficiency and resilience trade-off in global food trade. Environ. Res. Lett. 2016, 16, 105003. [Google Scholar] [CrossRef]

	



Albert, R.; Barabasi, A.L. Statistical Mechanics of Complex Networks. Rev. Mod. Phys. 2002, 74, 47–97. [Google Scholar] [CrossRef]

	



Jackson, M. Social and Economic Networks; Princeton University Press: Princeton, NJ, USA, 2010. [Google Scholar]

	



Benedictis, L.D.; Tajoli, L. The world trade network. World Econ. 2011, 34, 1417–1454. [Google Scholar] [CrossRef]

	



Gönçer-Demiral, D.; İnce-Yenilmez, M. Network analysis of international export pattern. Soc. Netw. Anal. Min. 2022, 12, 156. [Google Scholar] [CrossRef]

	



Pacini, H.; Shi, G.; Sanches-Pereira, A.; Da Silva Filho, A.C. Network analysis of international trade in plastic scrap. Sustain. Prod. Consum. 2021, 27, 203–216. [Google Scholar] [CrossRef]

	



Sikos, T.; Meirmanova, A. Geo-Based Visual Network Analysis of Export and Import Patterns in International Wheat Trade. Geogr. Tech. 2020, 15, 84–92. [Google Scholar] [CrossRef]

	



Pu, Y.; Wu, G.; Tang, B.; Xu, L.; Wang, B. Structural features of global recycling trade networks and dynamic evolution patterns. Resour. Conserv. Recycl. 2019, 151, 104445. [Google Scholar] [CrossRef]

	



Liu, Z.; Wang, T.; Sonn, J.; Chen, W. The structure and evolution of trade relations between countries along the Belt and Road. J. Geogr. Sci. 2018, 28, 1233–1248. [Google Scholar] [CrossRef]

	



Unctad. From Regional Economic Communities to a Continental Free Trade Area. 2018. Available online: https://unctad.org/en/pages/PublicationWebflyer.aspx?publicationid=1995 (accessed on 20 December 2022).

	



Ji, Q.; Fan, Y. Evolution of the world crude oil market integration: A graph theory analysis. Energy Econ. 2016, 53, 90–100. [Google Scholar] [CrossRef]

	



Nuss, P.; Graedel, T.E.; Alonso, E.; Carroll, A. Mapping supply chain risk by network analysis of product platforms. Sustain. Mater. Technol. 2016, 10, 14–22. [Google Scholar] [CrossRef]

	



Pinior, B.; Conraths, F.J.; Petersen, B.; Selhorst, T. Decision support for risks managers in the case of deliberate food contamination: The dairy industry as an example. Omega 2015, 53, 41–48. [Google Scholar] [CrossRef]

	



Walther, O.J. Trade networks in West Africa: A social network approach. J. Mod. Afr. Stud. 2014, 52, 179–203. [Google Scholar] [CrossRef]

	



Serrano, A.; Boguna, M.; Vespignani, A. Patterns of dominant flows in the world trade web. J. Econ. Interact. Coord. 2007, 2, 111–124. [Google Scholar] [CrossRef]

	



Bhattacharya, K.; Mukherjee, G.; Saramaki, J.; Kaski, K.; Manna, S. The International Trade Network: Weighted Network Analysis and Modeling. J. Stat. Mech. Theory Exp. 2007, 2, 2002. [Google Scholar] [CrossRef]

	



Li, X.; Jin, Y.Y.; Chen, G. Complexity and synchronization of the World trade Web. Phys. A Stat. Mech. Appl. 2003, 328, 287–296. [Google Scholar] [CrossRef]

	



Freeman, L.C. Centrality in Social Networks, Conceptual Clarification. Soc. Netw. 1978, 1, 215–239. [Google Scholar] [CrossRef]

	



Fair, K.R.; Bauch, C.T.; Anand, M. Dynamics of the global wheat trade network and resilience to shocks. Sci. Rep. 2017, 7, 7177. [Google Scholar] [CrossRef]

	



Raj, S.; Brinkley, C.; Ulimwengu, J. Connected and extracted: Understanding how centrality in the global wheat supply chain affects global hunger using a network approach. PLoS ONE 2022, 17, e0269891. [Google Scholar] [CrossRef]

	



Wagner, S.W.; Neshat, N. Assessing the vulnerability of supply chains using graph theory. Int. J. Prod. Econ. 2010, 126, 121–129. [Google Scholar] [CrossRef]

	



Caldarelli, G.; Cristelli, M.; Gabrielli, A.; Pietronero, L.; Scala, A.; Tachella, A. A Network Analysis of Countries’ Export Flows: Firm Grounds for the Building Blocks of the Economy. PLoS ONE 2012, 7, e47278. [Google Scholar] [CrossRef]

	



Mantegna, R.N. Hierarchical structure in financial markets. Eur. Phys. J. B 1999, 11, 193–197. [Google Scholar] [CrossRef]

	



Prim, R.C. Shortest connection networks and some generalizations. Bell Syst. Technol. J. 1957, 36, 1389–1401. [Google Scholar] [CrossRef]

	



Onnela, J.-P.; Kaski, K.J.; Kertész, J. Clustering and information in correlation based financial networks. Eur. Phys. J. B 2004, 38, 353–362. [Google Scholar] [CrossRef]

	



Bonanno, G.; Caldarelli, G.; Lillo, F.; Mantegna, R.N. Topology of correlation-based minimal spanning trees in real and model markets. Phys. Rev. E 2003, 68, 046130. [Google Scholar] [CrossRef]

	



Vandewalle, N.; Brisbois, F.; Tordoir, X. Non-random topology of stock markets. Quant. Financ. 2001, 1, 372–374. [Google Scholar] [CrossRef]

	



Zhang, S.Y. Using equity market reactions and network analysis to infer global supply chain interdependencies in the context of COVID-19. J. Econ. Bus. 2021, 115, 105974. [Google Scholar] [CrossRef]

	



Aslam, F.; Mohmand, Y.T.; Ferreira, P.; Memon, B.A.; Khan, M.; Khan, M. Network analysis of global stock markets at the beginning of the coronavirus disease (Covid-19) outbreak. Borsa Istanb. Rev. 2020, 20, S49–S61. [Google Scholar] [CrossRef]

	



Louati, A.; Firano, Z.; Adib, F.F. COVID-19 and cross-border contagion: Trade and financial flows. Res. Glob. 2022, 4, 100082. [Google Scholar] [CrossRef]

	



Coquidé, C.; Lages, J.; Ermann, L.; Shepelyansky, D.L. COVID-19′s Impact on International Trade. Entropy 2022, 24, 327. [Google Scholar] [CrossRef] [PubMed]

	



Arita, S.; Grant, J.; Sydow, S.; Beckman, J. Has global agricultural trade been resilient under coronavirus (COVID-19)? Findings from an econometric assessment of 2020. Food Policy 2022, 107, 102204. [Google Scholar] [CrossRef] [PubMed]

	



Clavijo-Buritica, N.; Triana-Sanchez, L.; Escobar, J.W. A hybrid modeling approach for resilient agri-supply network design in emerging countries: Colombian coffee supply chain. Soc.-Econ. Plan. Sci. 2023, 85, 101431. [Google Scholar] [CrossRef]

	



Soni, U.; Jain, V.; Kumar, S. Measuring supply chain resilience using a deterministic modeling approach. Comput. Ind. Eng. 2014, 74, 11–25. [Google Scholar] [CrossRef]

	



Castellana, F.; De Nucci, S.; De Pergola, G.; Di Chito, M.; Lisco, G.; Triggiani, V.; Sardone, R.; Zupo, R. Trends in Coffee and Tea Consumption during the COVID-19 Pandemic. Foods 2021, 10, 2458. [Google Scholar] [CrossRef]

	



UN Comtrade. United Nations International Trade Statistics Database. 2022. Available online: https://comtradeplus.un.org/ (accessed on 20 March 2022).

	



OEC Website. Observatory of Economic Complexity (OEC), Coffee Page. 2022. Available online: https://oec.world/en/profile/hs/coffee-not-roasted-not-decaffeinated (accessed on 20 December 2022).

	



Goldbeck, J. Network Structures and Measures. Analyzing the Social Web; Elsevier: Waltham, MA, USA, 2013. [Google Scholar]

	



Goldbeck, J. Analyzing Networks. Introduction to Social Media Investigation; Elsevier: Amsterdam, The Netherlands, 2015. [Google Scholar]

	



Bastian, M.; Heymann, S.; Jacomy, M. Gephi: An open-source software for exploring and manipulating networks. International AAAI Conference on Weblogs and Social Media. 2009. Available online: https://gephi.org/ (accessed on 15 November 2022).

	



Jacomy, M.; Venturini, T.; Heymann, S.; Bastian, M. Continuous Graph Layout Algorithm for a Handy Network Visualization Designed for the Gephi Software. PLoS ONE 2014, 9, e98679. [Google Scholar] [CrossRef]

	



OECD. International Trade during the COVID-19 Pandemic: Big Shifts and Uncertainty. OECD Policy Responses to Coronavirus (COVID-19). 2022. Available online: https://www.oecd.org/coronavirus/policy-responses/international-trade-during-the-covid-19-pandemic-big-shifts-and-uncertainty-d1131663/ (accessed on 20 December 2022).

	



UN. Impact of the Covid-19 Pandemic on Trade and Development. United Nations, Geneva. 2022. Available online: https://unctad.org/system/files/official-document/osg2022d1_en.pdf (accessed on 15 November 2022).

	



ICO. Impact of Covid-19 on the Global Coffee Sector:Survey of ICO Exporting Members; Coffee Break Series, No 3; International Coffee Organization: London, UK, 2020. [Google Scholar]

	



Guido, Z.; Knudson, C.; Rhiney, K. Will COVID-19 be one shock too many for smallholder coffee livelihoods? World Dev. 2020, 136, 105172. [Google Scholar] [CrossRef]

	



Kabeta, T.; Dangia, M. Effects of COVID-19 on Coffee Market Participation of Smallholder Coffee Producers in Godere District, Southwestern Ethiopia. Adv. Agric. 2022, 2022, 6993380. [Google Scholar] [CrossRef]

	



Aprilia, R.; Wardhana, M.Y.; Baihaqi, A.; Nugroho, A. Analysis of distribution risk in Arabica coffee supply chain during pandemic in Aceh Tengah District. IOP Conf. Ser. Earth Environ. Sci. 2022, 951, 012083. [Google Scholar] [CrossRef]

	



Rhiney, K.; Guido, Z.; Knudson, C.; Avelino, J.; Bacon, C.M.; Leclerc, G.; Aime, M.C.; Bebber, D.P. Epidemics and the future of coffee production. Proc. Natl. Acad. Sci. USA 2021, 118, e2023212118. [Google Scholar] [CrossRef]

	



Wulandari, S.; Djufry, F.; Villano, R. Coping Strategies of Smallholder Coffee Farmers under the COVID-19 Impact in Indonesia. Agriculture 2022, 12, 690. [Google Scholar] [CrossRef]

	



Fromm, I. Building Resilient Value Chains After the Impact of the COVID-19 Disruption: Challenges for the Coffee Sector in Central America. Front. Sustain. Food Syst. 2022, 2022, 775716. [Google Scholar] [CrossRef]

	



Thubsang, A.; Thiwongwiang, C.; Wisetdee, C.; Chompoonuch, J.; Anson, M.; Phalamat, S.; Arreeras, T. COVID-19 pandemic affected on coffee beverage decision and consumers’ behavior. In Proceedings of the International Conference on Decision Aid Sciences and Applications (DASA), Chiangrai, Thailand, 23–25 March 2022; IEEE: Piscataway, NJ, USA, 2022; pp. 976–980. [Google Scholar]

	



ITC. Unsung Heroes: How Small Farmers Cope with Covid-19. International Trade Centre, 1–34. 2020. Available online: https://intracen.org/media/file/2504 (accessed on 22 October 2022).








[image: Sustainability 15 03289 g001 550] 





Figure 1. Stacked Green Bean Coffee Exports for the period 2001–2020 by continent. Source: Authors’ own construction based on publicly available data from [56]. 
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Figure 2. Distribution of coffee exports: (a) Year 2001; (b) Year 2018; (c) Year 2020. Source: Authors’ own construction based on publicly available data from [56]. 
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Figure 3. Coffee Trade network in 2020—label size is proportional to the number of trade partners, and edge thickness is proportional to trade value: (a) Year 2018; (b) Year 2020. Note: Only the countries with at least 20 trade partners are shown. Country codes and names are presented in Appendix A. 
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Figure 4. Trading communities in 2018 and 2020: (a) Year 2018; (b) Year 2020. 
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Figure 5. The minimum spanning tree, with node size proportional to node degree (in + out), edge thickness representing trade value as weight. (a) Year 2018; (b) Year 2020. 
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Table 1. Degree distributions—top 30 values, 2018 and 2020.






Table 1. Degree distributions—top 30 values, 2018 and 2020.





	
In-Degree 2018

	
Out-Degree 2018

	
Degree, 2018

	
In-Degree 2020

	
Out-Degree 2020

	
Degree 2020






	
ESP

	
22

	
BRA

	
88

	
BRA

	
90

	
ESP

	
21

	
BRA

	
93

	
BRA

	
96




	
FRA

	
22

	
COL

	
70

	
DEU

	
90

	
ARE

	
20

	
COL

	
75

	
DEU

	
95




	
GRC

	
22

	
ETH

	
70

	
USA

	
90

	
DEU

	
20

	
DEU

	
75

	
BEL

	
86




	
ITA

	
22

	
IND

	
70

	
IND

	
84

	
FRA

	
20

	
IND

	
72

	
IND

	
85




	
BEL

	
21

	
USA

	
70

	
BEL

	
77

	
GBR

	
20

	
ETH

	
68

	
USA

	
80




	
DEU

	
21

	
DEU

	
69

	
VNM

	
75

	
GRC

	
20

	
BEL

	
67

	
COL

	
78




	
GBR

	
21

	
VNM

	
64

	
COL

	
74

	
ITA

	
20

	
VNM

	
65

	
VNM

	
78




	
ISR

	
21

	
UGA

	
63

	
CHN

	
70

	
JPN

	
20

	
UGA

	
63

	
ETH

	
68




	
NLD

	
21

	
IDN

	
58

	
ETH

	
70

	
NLD

	
20

	
USA

	
61

	
IDN

	
65




	
RUS

	
21

	
HND

	
57

	
IDN

	
67

	
RUS

	
20

	
IDN

	
58

	
UGA

	
65




	
AUS

	
20

	
BEL

	
56

	
UGA

	
64

	
AUS

	
19

	
HND

	
55

	
CHN

	
63




	
JPN

	
20

	
KEN

	
56

	
HND

	
60

	
BEL

	
19

	
NIC

	
54

	
KEN

	
57




	
KOR

	
20

	
GTM

	
54

	
KEN

	
60

	
CAN

	
19

	
GTM

	
52

	
GTM

	
55




	
PRT

	
20

	
CHN

	
51

	
GTM

	
55

	
CHN

	
19

	
KEN

	
50

	
HND

	
55




	
SWE

	
20

	
NIC

	
50

	
MEX

	
55

	
DNK

	
19

	
CRI

	
47

	
NIC

	
55




	
TWN

	
20

	
PER

	
48

	
NIC

	
50

	
KOR

	
19

	
PER

	
46

	
CRI

	
52




	
USA

	
20

	
CRI

	
42

	
PER

	
50

	
SGP

	
19

	
TZA

	
45

	
PER

	
49




	
ZAF

	
20

	
TZA

	
40

	
CRI

	
48

	
TWN

	
19

	
CHN

	
44

	
TZA

	
45




	
ARE

	
19

	
MEX

	
39

	
TZA

	
40

	
USA

	
19

	
SLV

	
38

	
SLV

	
41




	
CAN

	
19

	
SLV

	
35

	
SLV

	
36

	
FIN

	
18

	
CIV

	
21

	
MEX

	
25




	
CHE

	
19

	
CMR

	
21

	
ESP

	
22

	
ISR

	
18

	
MEX

	
11

	
CIV

	
22




	
CHN

	
19

	
CIV

	
19

	
FRA

	
22

	
SAU

	
18

	

	

	
ESP

	
21




	
SGP

	
19

	

	

	
GRC

	
22

	
SWE

	
18

	

	

	
ARE

	
20




	
DNK

	
18

	

	

	
ITA

	
22

	
ZAF

	
18

	

	

	
FRA

	
20




	
FIN

	
18

	

	

	
CMR

	
21

	
HKG

	
17

	

	

	
GBR

	
20




	
LVA

	
18

	

	

	
GBR

	
21

	
MYS

	
17

	

	

	
GRC

	
20




	
NZL

	
18

	

	

	
ISR

	
21

	
NOR

	
17

	

	

	
ITA

	
20




	
POL

	
18

	

	

	
NLD

	
21

	
NZL

	
17

	

	

	
JPN

	
20




	
SAU

	
18

	

	

	
RUS

	
21

	
PRT

	
17

	

	

	
NLD

	
20




	
TUR

	
18

	

	

	
AUS

	
20

	
TUR

	
17

	

	

	
RUS

	
20
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Table 2. Weighted degree distributions as % of total trade value—top 30 values.
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Weighted In-Degree, 2018

	
Weighted Out-Degree, 2018

	
Weighted Degree, 2018

	
Weighted In-Degree, 2020

	
Weighted Out-Degree, 2020

	
Weighted Degree, 2020






	
USA

	
21.5%

	
BRA

	
24.7%

	
BRA

	
24.7%

	
USA

	
21.8%

	
BRA

	
29.2%

	
BRA

	
29.2%




	
DEU

	
13.4%

	
VNM

	
16.0%

	
USA

	
22.4%

	
DEU

	
14.5%

	
COL

	
14.4%

	
USA

	
22.7%




	
ITA

	
7.5%

	
COL

	
12.9%

	
DEU

	
16.6%

	
BEL

	
7.8%

	
VNM

	
11.1%

	
DEU

	
17.7%




	
BEL

	
7.4%

	
HND

	
6.3%

	
VNM

	
16.2%

	
ITA

	
7.1%

	
HND

	
5.1%

	
COL

	
14.9%




	
JPN

	
6.0%

	
IDN

	
4.6%

	
COL

	
13.4%

	
JPN

	
5.7%

	
IDN

	
4.7%

	
BEL

	
11.4%




	
CAN

	
3.4%

	
ETH

	
4.5%

	
BEL

	
10.6%

	
CAN

	
3.5%

	
ETH

	
4.7%

	
VNM

	
11.3%




	
NLD

	
3.3%

	
GTM

	
3.9%

	
ITA

	
7.5%

	
FRA

	
3.2%

	
GTM

	
3.8%

	
ITA

	
7.1%




	
FRA

	
3.0%

	
PER

	
3.8%

	
HND

	
6.9%

	
NLD

	
3.1%

	
PER

	
3.8%

	
JPN

	
5.7%




	
ESP

	
2.8%

	
BEL

	
3.3%

	
JPN

	
6.0%

	
ESP

	
2.7%

	
BEL

	
3.6%

	
HND

	
5.1%




	
GBR

	
2.6%

	
DEU

	
3.1%

	
IDN

	
5.3%

	
KOR

	
2.6%

	
DEU

	
3.2%

	
IDN

	
4.9%




	
KOR

	
2.2%

	
IND

	
2.9%

	
ETH

	
4.5%

	
GBR

	
2.1%

	
UGA

	
3.0%

	
ETH

	
4.7%




	
RUS

	
1.6%

	
UGA

	
2.5%

	
GTM

	
3.9%

	
RUS

	
1.9%

	
IND

	
2.7%

	
GTM

	
3.8%




	
POL

	
1.6%

	
NIC

	
2.4%

	
PER

	
3.8%

	
POL

	
1.5%

	
NIC

	
2.6%

	
PER

	
3.8%




	
SWE

	
1.5%

	
CRI

	
1.8%

	
IND

	
3.6%

	
SWE

	
1.5%

	
CRI

	
1.9%

	
CAN

	
3.5%




	
AUS

	
1.3%

	
MEX

	
1.8%

	
CAN

	
3.4%

	
AUS

	
1.3%

	
MEX

	
1.4%

	
IND

	
3.3%




	
DZA

	
1.2%

	
KEN

	
1.3%

	
NLD

	
3.3%

	
MYS

	
1.1%

	
KEN

	
1.2%

	
FRA

	
3.2%




	
MYS

	
1.0%

	
CHN

	
1.1%

	
FRA

	
3.0%

	
SAU

	
1.1%

	
USA

	
0.9%

	
NLD

	
3.1%




	
FIN

	
1.0%

	
USA

	
0.9%

	
ESP

	
2.8%

	
DZA

	
1.1%

	
TZA

	
0.8%

	
UGA

	
3.0%




	
CHN

	
0.9%

	
TZA

	
0.8%

	
GBR

	
2.6%

	
FIN

	
1.0%

	
CHN

	
0.7%

	
ESP

	
2.7%




	
SAU

	
0.8%

	
CIV

	
0.8%

	
UGA

	
2.5%

	
TUR

	
1.0%

	
SLV

	
0.6%

	
NIC

	
2.6%




	
TUR

	
0.8%

	
SLV

	
0.6%

	
MEX

	
2.4%

	
CHN

	
0.9%

	
CIV

	
0.5%

	
KOR

	
2.6%




	
GRC

	
0.7%

	
CMR

	
0.2%

	
NIC

	
2.4%

	
TWN

	
0.7%

	

	

	
MEX

	
2.1%




	
IND

	
0.7%

	

	

	
KOR

	
2.2%

	
GRC

	
0.7%

	

	

	
GBR

	
2.1%




	
IDN

	
0.7%

	

	

	
CHN

	
2.0%

	
MEX

	
0.7%

	

	

	
CRI

	
2.0%




	
MEX

	
0.6%

	

	

	
CRI

	
1.8%

	
SDN

	
0.7%

	

	

	
RUS

	
1.9%




	
HND

	
0.6%

	

	

	
RUS

	
1.6%

	
NOR

	
0.7%

	

	

	
CHN

	
1.6%




	
THA

	
0.6%

	

	

	
POL

	
1.6%

	
EGY

	
0.6%

	

	

	
POL

	
1.5%




	
COL

	
0.6%

	

	

	
SWE

	
1.5%

	
IND

	
0.6%

	

	

	
SWE

	
1.5%




	
EGY

	
0.5%

	

	

	
AUS

	
1.3%

	
COL

	
0.6%

	

	

	
AUS

	
1.3%




	
NOR

	
0.5%

	

	

	
KEN

	
1.3%

	
JOR

	
0.5%

	

	

	
KEN

	
1.2%
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Table 3. Closeness and betweenness centralities, higher than zero values (2018, 2020, normalised).
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Closeness Cty, 2018

	
Closeness Cty, 2020

	
Betweenness Cty, 2018

	
Betweenness Cty, 2020






	
1

	
BRA

	
0.672897

	
BRA

	
0.724490

	
USA

	
0.010617

	
USA

	
0.008533




	
2

	
USA

	
0.631579

	
DEU

	
0.625551

	
DEU

	
0.008795

	
DEU

	
0.007230




	
3

	
ETH

	
0.629787

	
COL

	
0.620087

	
BEL

	
0.005205

	
BEL

	
0.005316




	
4

	
DEU

	
0.623377

	
ETH

	
0.600823

	
IND

	
0.004454

	
BRA

	
0.003792




	
5

	
UGA

	
0.612766

	
IND

	
0.599156

	
KEN

	
0.002999

	
IND

	
0.003738




	
6

	
COL

	
0.607595

	
UGA

	
0.599156

	
BRA

	
0.00256

	
VNM

	
0.003331




	
7

	
IND

	
0.607595

	
VNM

	
0.599156

	
VNM

	
0.002552

	
KEN

	
0.002657




	
8

	
VNM

	
0.592593

	
USA

	
0.596639

	
CHN

	
0.002457

	
CHN

	
0.002299




	
9

	
KEN

	
0.585366

	
BEL

	
0.589212

	
IDN

	
0.001696

	
UGA

	
0.001386




	
10

	
IDN

	
0.578313

	
HND

	
0.578947

	
UGA

	
0.001247

	
COL

	
0.001054




	
11

	
CHN

	
0.5625

	
KEN

	
0.568000

	
HND

	
0.001091

	
CRI

	
0.000884




	
12

	
BEL

	
0.55814

	
NIC

	
0.561265

	
MEX

	
0.000923

	
IDN

	
0.000565




	
13

	
HND

	
0.555985

	
IDN

	
0.559055

	
COL

	
0.000507

	
NIC

	
0.000525




	
14

	
GTM

	
0.54717

	
TZA

	
0.555556

	
CIV

	
0.000503

	
CIV

	
0.000492




	
15

	
PER

	
0.543396

	
PER

	
0.544061

	
CRI

	
0.000124

	
GTM

	
0.000459




	
16

	
TZA

	
0.539033

	
GTM

	
0.537879

	
PER

	
0.000096

	
PER

	
0.000397




	
17

	
NIC

	
0.536496

	
CRI

	
0.531835

	
GTM

	
0.000094

	
SLV

	
0.000218




	
18

	
MEX

	
0.523636

	
CHN

	
0.520147

	
SLV

	
0.000035

	
MEX

	
0.000115




	
19

	
CRI

	
0.510638

	
SLV

	
0.501767

	

	

	

	




	
20

	
SLV

	
0.501742

	
CIV

	
0.459547

	

	

	

	




	
21

	
CMR

	
0.473856

	
MEX

	
0.434251

	

	

	

	




	
22

	
CIV

	
0.463023
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Table 4. Eigenvector centrality measures value higher than 0.2 (2018, 2020 normalised).
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Eigenvector Centrality 2018

	
Eigenvector Centrality 2020






	
1

	
ESP

	
1.0000

	
31

	
POL

	
0.82675

	
61

	
PHL

	
0.387445

	
1

	
ESP

	
1.0000

	
31

	
IRL

	
0.764102

	
61

	
ARG

	
0.386129




	
2

	
FRA

	
1.0000

	
32

	
FIN

	
0.759493

	
62

	
GEO

	
0.384447

	
2

	
JPN

	
0.98405

	
32

	
LVA

	
0.76033

	
62

	
BHR

	
0.377746




	
3

	
GRC

	
1.0000

	
33

	
CHN

	
0.758722

	
63

	
OMN

	
0.38329

	
3

	
NLD

	
0.98405

	
33

	
PRT

	
0.751476

	
63

	
LBN

	
0.377523




	
4

	
ITA

	
1.0000

	
34

	
NZL

	
0.757364

	
64

	
DOM

	
0.376823

	
4

	
RUS

	
0.98405

	
34

	
QAT

	
0.740375

	
64

	
ISL

	
0.374632




	
5

	
ISR

	
0.995576

	
35

	
ROU

	
0.751984

	
65

	
BLR

	
0.369642

	
5

	
DNK

	
0.956325

	
35

	
SVN

	
0.733736

	
65

	
CYP

	
0.3711




	
6

	
GBR

	
0.983449

	
36

	
EST

	
0.740312

	
66

	
DZA

	
0.367965

	
6

	
ARE

	
0.926986

	
36

	
VNM

	
0.696474

	
66

	
CHL

	
0.356011




	
7

	
NLD

	
0.983449

	
37

	
BGR

	
0.730474

	
67

	
TUN

	
0.350229

	
7

	
FRA

	
0.926986

	
37

	
KWT

	
0.688554

	
67

	
MNG

	
0.352181




	
8

	
RUS

	
0.983449

	
38

	
MYS

	
0.720865

	
68

	
ARM

	
0.316881

	
8

	
GBR

	
0.926986

	
38

	
JOR

	
0.687444

	
68

	
BRA

	
0.334417




	
9

	
AUS

	
0.98209

	
39

	
IND

	
0.719061

	
69

	
ISL

	
0.295639

	
9

	
GRC

	
0.926986

	
39

	
NZL

	
0.679858

	
69

	
MLT

	
0.326402




	
10

	
JPN

	
0.98209

	
40

	
EGY

	
0.715373

	
70

	
ALB

	
0.294439

	
10

	
ITA

	
0.926986

	
40

	
OMN

	
0.63874

	
70

	
PAK

	
0.323198




	
11

	
SWE

	
0.98209

	
41

	
IRN

	
0.704575

	
71

	
PAN

	
0.274449

	
11

	
AUS

	
0.911036

	
41

	
ROU

	
0.637394

	
71

	
LUX

	
0.308465




	
12

	
TWN

	
0.98209

	
42

	
IDN

	
0.69666

	
72

	
MNG

	
0.272789

	
12

	
KOR

	
0.911036

	
42

	
POL

	
0.624676

	
72

	
TUN

	
0.292269




	
13

	
ZAF

	
0.98209

	
43

	
IRL

	
0.685022

	
73

	
SRB

	
0.272789

	
13

	
SGP

	
0.911036

	
43

	
EGY

	
0.624252

	
73

	
SYR

	
0.283952




	
14

	
CHE

	
0.977666

	
44

	
MEX

	
0.650614

	
74

	
SVK

	
0.272789

	
14

	
TWN

	
0.911036

	
44

	
CZE

	
0.62105

	
74

	
ECU

	
0.281039




	
15

	
PRT

	
0.976191

	
45

	
CZE

	
0.643059

	
75

	
LUX

	
0.260124

	
15

	
SAU

	
0.909669

	
45

	
LTU

	
0.620034

	
75

	
SVK

	
0.277709




	
16

	
ARE

	
0.948056

	
46

	
MAR

	
0.631498

	
76

	
HUN

	
0.257444

	
16

	
HKG

	
0.902457

	
46

	
IDN

	
0.619652

	
76

	
DOM

	
0.274227




	
17

	
UKR

	
0.944642

	
47

	
VNM

	
0.608875

	
77

	
MAC

	
0.251096

	
17

	
MYS

	
0.894207

	
47

	
EST

	
0.619128

	
77

	
VEN

	
0.26747




	
18

	
SGP

	
0.892711

	
48

	
KWT

	
0.554221

	
78

	
BGD

	
0.242129

	
18

	
DEU

	
0.878997

	
48

	
BGR

	
0.601255

	
78

	
KAZ

	
0.259945




	
19

	
LVA

	
0.891353

	
49

	
QAT

	
0.520604

	
79

	
BIH

	
0.240739

	
19

	
CAN

	
0.871784

	
49

	
IND

	
0.543056

	
79

	
MAC

	
0.256252




	
20

	
TUR

	
0.888287

	
50

	
HRV

	
0.514302

	
80

	
CRI

	
0.240415

	
20

	
CHN

	
0.865138

	
50

	
THA

	
0.526531

	
80

	
LBY

	
0.255376




	
21

	
HKG

	
0.88252

	
51

	
AUT

	
0.510087

	
81

	
BRA

	
0.238609

	
21

	
USA

	
0.865138

	
51

	
MEX

	
0.521701

	
81

	
BLR

	
0.247851




	
22

	
BEL

	
0.879631

	
52

	
LTU

	
0.499857

	
82

	
JAM

	
0.231165

	
22

	
UKR

	
0.847524

	
52

	
MAR

	
0.505291

	
82

	
ALB

	
0.247472




	
23

	
DEU

	
0.879631

	
53

	
JOR

	
0.486933

	
83

	
ECU

	
0.226746

	
23

	
BEL

	
0.81472

	
53

	
IRN

	
0.484466

	
83

	
KEN

	
0.247236




	
24

	
NOR

	
0.871968

	
54

	
THA

	
0.462091

	
84

	
MDV

	
0.217222

	
24

	
FIN

	
0.792124

	
54

	
PHL

	
0.468864

	
84

	
CUB

	
0.243848




	
25

	
USA

	
0.865209

	
55

	
LBN

	
0.457385

	
85

	
PAK

	
0.210078

	
25

	
SWE

	
0.792124

	
55

	
HRV

	
0.464234

	
85

	
HUN

	
0.240481




	
26

	
KOR

	
0.863079

	
56

	
ARG

	
0.436081

	

	

	

	
26

	
ZAF

	
0.792124

	
56

	
GEO

	
0.454382

	
86

	
SRB

	
0.240481




	
27

	
CAN

	
0.861721

	
57

	
CHL

	
0.421794

	

	

	

	
27

	
NOR

	
0.784912

	
57

	
DZA

	
0.451202

	
87

	
UZB

	
0.239916




	
28

	
SAU

	
0.860362

	
58

	
CYP

	
0.396899

	

	

	

	
28

	
CHE

	
0.779611

	
58

	
ARM

	
0.43482

	
88

	
FRO

	
0.233269




	
29

	
DNK

	
0.859426

	
59

	
SYR

	
0.395865

	

	

	

	
29

	
ISR

	
0.772286

	
59

	
AUT

	
0.426223

	
89

	
MNE

	
0.231901




	
30

	
SVN

	
0.844187

	
60

	
BHR

	
0.393411

	

	

	

	
30

	
TUR

	
0.764399

	
60

	
URY

	
0.406238

	
90

	
SEN

	
0.229364




	

	

	

	

	

	

	

	

	

	

	

	

	

	

	

	
91

	
LKA

	
0.205484
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Table 5. Trading communities in 2018 and in 2020 (countries not listed do not belong to any of the strongest 5 classes).
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C1—2018

	
C2—2018

	
C3—2018

	
C4—2018

	
C5—2018

	
C1—2020

	
C2—2020

	
C3—2020

	
C4—2020

	
C5—2020






	
1

	
AGO

	
LBN

	
ABW

	
SLV

	
ARM

	
THA

	
BEL

	
CUW

	
ARG

	
SLV

	
ALB

	
SGP

	
AUT

	
SEN

	
ABV

	
BEL




	
2

	
ALB

	
LBY

	
AUS

	
SOM

	
CHN

	
TLS

	
BIH

	
ERI

	
BHR

	
SVK

	
ARE

	
SSD

	
AZE

	
SRB

	
AFG

	
BIH




	
3

	
ARE

	
LKA

	
BGD

	
SSD

	
CIV

	
TUN

	
CMR

	
ETH

	
BLZ

	
SVN

	
ARM

	
SWZ

	
BGR

	
THA

	
AUS

	
CRI




	
4

	
ARG

	
LTU

	
BHS

	
TCA

	
CUB

	
TZA

	
COD

	
QAT

	
BRA

	
SWE

	
BGD

	
TWN

	
BLR

	
UKR

	
BHS

	
FRA




	
5

	
ATF

	
LVA

	
BLZ

	
TWN

	
DZA

	
VEN

	
CRI

	
SAU

	
CHE

	
SYC

	
BTN

	
UGA

	
BRN

	
UZB

	
BMU

	
LUX




	
6

	
AUT

	
MDA

	
BMU

	
USA

	
ECU

	
VNM

	
FRA

	
SDN

	
CHL

	
SYR

	
COD

	
UMI

	
CIV

	
VNM

	
BRB

	
NLD




	
7

	
AZE

	
MDG

	
BRB

	
XXY

	
EGY

	
ZAF

	
HND

	
SWZ

	
CHN

	
TTO

	
DJI

	
YEM

	
CZE

	
XXX

	
CAN

	




	
8

	
BEN

	
MDV

	
CAN

	

	
ESP

	

	
HTI

	
YEM

	
CPV

	
TUN

	
EGY

	
ZMB

	
DEU

	

	
CMR

	




	
9

	
BGR

	
MKD

	
CHE

	

	
GBR

	

	
LUX

	

	
CUB

	
TUR

	
ETH

	

	
DZA

	

	
COL

	




	
10

	
BHR

	
MNE

	
COL

	

	
GEO

	

	
MLT

	

	
CYP

	
TZA

	
GEO

	

	
ECU

	

	
CUW

	




	
11

	
BLR

	
MNG

	
CYM

	

	
HKG

	

	
NLD

	

	
DNK

	
URY

	
GHA

	

	
ESP

	

	
CYM

	




	
12

	
BRA

	
NCL

	
DJI

	

	
IDN

	

	
PRK

	

	
DOM

	
VEN

	
HKG

	

	
FRO

	

	
GRL

	




	
13

	
BTN

	
NFK

	
DMA

	

	
IRN

	

	
SYC

	

	
EST

	
ZAF

	
HTI

	

	
HND

	

	
ISL

	




	
14

	
CHL

	
NPL

	
DOM

	

	
JAM

	

	
XXX

	

	
FIN

	

	
IDN

	

	
HUN

	

	
JAM

	




	
15

	
CPV

	
OMN

	
GTM

	

	
JPN

	

	

	

	
GBR

	

	
IND

	

	
IRL

	

	
KEN

	




	
16

	
CYP

	
POL

	
IRL

	

	
KHM

	

	

	

	
GRC

	

	
IRN

	

	
KAZ

	

	
KOR

	




	
17

	
CZE

	
PRY

	
ISR

	

	
LAO

	

	

	

	
GTM

	

	
IRQ

	

	
KHM

	

	
LCA

	




	
18

	
DEU

	
SRB

	
KEN

	

	
MAR

	

	

	

	
HRV

	

	
ISR

	

	
LKA

	

	
MAC

	




	
19

	
DNK

	
SVK

	
KOR

	

	
MEX

	

	

	

	
ITA

	

	
JOR

	

	
LTU

	

	
MHL

	




	
20

	
EST

	
SVN

	
LCA

	

	
MMR

	

	

	

	
JPN

	

	
KWT

	

	
MDA

	

	
NIC

	




	
21

	
FIN

	
SWE

	
MAC

	

	
MUS

	

	

	

	
LBN

	

	
LBY

	

	
MDV

	

	
NOR

	




	
22

	
GRC

	
SYR

	
MHL

	

	
MYS

	

	

	

	
LBR

	

	
MAR

	

	
MLT

	

	
NZL

	




	
23

	
HRV

	
TJK

	
NGA

	

	
PAK

	

	

	

	
LVA

	

	
MKD

	

	
MMR

	

	
PER

	




	
24

	
HUN

	
TTO

	
NIC

	

	
PHL

	

	

	

	
MEX

	

	
MYS

	

	
MNG

	

	
ROU

	




	
25

	
IND

	
TUR

	
NOR

	

	
PNG

	

	

	

	
MNE

	

	
NGA

	

	
MUS

	

	
SOM

	




	
26

	
ISL

	
UGA

	
NZL

	

	
PRT

	

	

	

	
MOZ

	

	
NPL

	

	
PAN

	

	
TCA

	




	
27

	
ITA

	
UKR

	
PAN

	

	
PSE

	

	

	

	
PAK

	

	
OMN

	

	
PHL

	

	
USA

	




	
28

	
JOR

	
URY

	
PER

	

	
RUS

	

	

	

	
PRY

	

	
QAT

	

	
POL

	

	

	




	
29

	
KAZ

	

	
PYF

	

	
SEN

	

	

	

	
PSE

	

	
SAU

	

	
PRK

	

	

	




	
30

	
KWT

	

	
ROU

	

	
SGP

	

	

	

	
RUS

	

	
SDN

	

	
PRT

	

	

	




	
No. of countries

	
58

	
37

	
37

	
14

	
8

	
43

	
38

	
37

	
27

	
6




	
% of countries

	
24.8%

	
15.8%

	
15.8%

	
5.98%

	
3.42%

	
18.3%

	
16.2%

	
15.7%

	
11.5%

	
2.6%
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Table 6. The source and target countries in the MST, 2018 and 2020.






Table 6. The source and target countries in the MST, 2018 and 2020.





















	2018

Source (22)
	MST Edges % of Netw
	MST Edge No.
	Netw Edge No.
	MST Value % of Netw
	Country Share in MST Value
	Country Share in Netw Value
	2020

Source (21)
	MST Edges % of Netw
	MST Edge No.
	Netw Edge No.
	MST Value % of Netw
	Country Share in MST Value
	Country Share in Netw Value





	BRA
	40.9%
	36
	88
	81.0%
	37.592%
	24.7%
	BRA
	41.9%
	39
	93
	81.6%
	43.646%
	29.2%



	COL
	11.4%
	08
	70
	57.4%
	13.857%
	12.9%
	COL
	16.0%
	12
	75
	55.1%
	14.482%
	14.4%



	VNM
	26.6%
	17
	64
	47.2%
	12.616%
	14.3%
	VNM
	23.1%
	15
	65
	38.2%
	7.756%
	11.1%



	BEL
	12.5%
	7
	56
	81.6%
	5.001%
	3.3%
	BEL
	6.0%
	4
	67
	79.8%
	5.330%
	3.6%



	IDN
	20.7%
	12
	58
	57.7%
	4.966%
	4.6%
	IDN
	8.6%
	5
	58
	42.4%
	3.689%
	4.7%



	DEU
	20.3%
	14
	69
	53.5%
	3.150%
	3.1%
	DEU
	20.0%
	15
	75
	53.4%
	3.140%
	3.2%



	GTM
	3.7%
	2
	54
	41.4%
	2.996%
	3.9%
	ETH
	14.7%
	10
	68
	35.4%
	3.018%
	4.7%



	HND
	8.8%
	5
	57
	23.0%
	2.726%
	6.3%
	HND
	7.3%
	4
	55
	29.2%
	2.727%
	5.1%



	ETH
	8.6%
	6
	70
	31.0%
	2.618%
	4.5%
	GTM
	3.8%
	2
	52
	38.5%
	2.690%
	3.8%



	NIC
	4.0%
	2
	50
	53.2%
	2.370%
	2.4%
	UGA
	9.5%
	6
	63
	44.3%
	2.448%
	3.0%



	IND
	17.1%
	12
	70
	37.5%
	2.045%
	2.9%
	NIC
	3.7%
	2
	54
	47.5%
	2.237%
	2.6%



	MEX
	7.7%
	3
	39
	59.5%
	1.981%
	1.8%
	PER
	4.3%
	2
	46
	27.0%
	1.859%
	3.8%



	PER
	2.1%
	1
	48
	26.8%
	1.904%
	3.8%
	CRI
	2.1%
	1
	47
	49.0%
	1.716%
	1.9%



	CRI
	2.4%
	1
	42
	48.1%
	1.618%
	1.8%
	IND
	15.3%
	11
	72
	34.5%
	1.712%
	2.7%



	UGA
	6.3%
	4
	63
	33.6%
	1.558%
	2.5%
	MEX
	18.2%
	2
	11
	62.4%
	1.653%
	1.4%



	CIV
	10.5%
	2
	19
	51.3%
	0.753%
	0.8%
	CIV
	14.3%
	3
	21
	61.5%
	0.596%
	0.5%



	CHN
	3.9%
	2
	51
	30.0%
	0.613%
	1.1%
	KEN
	6.0%
	3
	50
	21.9%
	0.491%
	1.2%



	TZA
	5.0%
	2
	40
	35.1%
	0.542%
	0.8%
	SLV
	2.6%
	1
	38
	38.1%
	0.442%
	0.6%



	SLV
	2.9%
	1
	35
	43.1%
	0.519%
	0.6%
	TZA
	8.9%
	4
	45
	23.4%
	0.361%
	0.8%



	KEN
	10.7%
	6
	56
	17.8%
	0.432%
	1.3%
	CHN
	2.3%
	1
	44
	0.5%
	0.006%
	0.7%



	CMR
	4.8%
	1
	21
	36.5%
	0.130%
	0.2%
	USA
	13.1%
	8
	61
	0.1%
	0.002%
	0.9%



	USA
	12.9%
	9
	70
	0.8%
	0.012%
	0.9%
	
	
	
	
	
	
	



	SUM
	12.9%
	153
	1190
	53.3%
	100%
	100%
	TOTAL
	12.9%
	150
	1160
	54.6%
	100%
	100%



	Target Area (135)
	MST edges % of Netw
	MST edges (153)
	Network edges
	MST import value % of Netw
	Country share in MST value
	Country share in Netw value
	Target Area (134)
	MST edges % of Netw
	MST edges (153)
	Network edges
	MST import value % of Netw
	Country share in MST value
	Country share in Netw value



	USA
	55.0%
	11
	20
	86.1%
	34.723%
	22.5%
	USA
	57.9%
	11
	19
	87.6%
	35.006%
	22.3%



	DEU
	19.0%
	4
	21
	62.9%
	15.850%
	14.0%
	DEU
	15.0%
	3
	20
	62.2%
	16.484%
	14.8%



	ITA
	13.6%
	3
	22
	53.7%
	7.513%
	7.8%
	ITA
	15.0%
	3
	20
	54.3%
	7.027%
	7.2%



	JPN
	10.0%
	2
	20
	35.2%
	3.979%
	6.3%
	BEL
	5.3%
	1
	19
	35.3%
	5.026%
	8.0%



	NLD
	4.8%
	1
	21
	58.1%
	3.585%
	3.4%
	JPN
	10.0%
	2
	20
	33.7%
	3.496%
	5.8%



	BEL
	4.8%
	1
	21
	23.4%
	3.237%
	7.7%
	NLD
	5.0%
	1
	20
	59.8%
	3.414%
	3.2%



	POL
	5.6%
	1
	18
	76.6%
	2.231%
	1.6%
	POL
	6.7%
	1
	15
	74.1%
	2.093%
	1.6%



	DZA
	20.0%
	2
	10
	90.0%
	2.106%
	1.3%
	CAN
	5.3%
	1
	19
	29.9%
	1.944%
	3.6%



	ESP
	4.5%
	1
	22
	39.9%
	2.084%
	2.9%
	FRA
	5.0%
	1
	20
	31.7%
	1.884%
	3.3%



	CAN
	5.3%
	1
	19
	30.2%
	1.918%
	3.5%
	TUR
	5.9%
	1
	17
	90.3%
	1.639%
	1.0%



	RUS
	4.8%
	1
	21
	50.5%
	1.543%
	1.7%
	DZA
	22.2%
	2
	9
	81.3%
	1.583%
	1.1%



	FRA
	9.1%
	2
	22
	26.8%
	1.518%
	3.2%
	SAU
	5.6%
	1
	18
	74.3%
	1.471%
	1.1%



	GBR
	4.8%
	1
	21
	29.8%
	1.471%
	2.7%
	ESP
	4.8%
	1
	21
	27.3%
	1.342%
	2.8%



	TUR
	5.6%
	1
	18
	91.6%
	1.421%
	0.9%
	RUS
	5.0%
	1
	20
	34.6%
	1.197%
	1.9%



	SAU
	5.6%
	1
	18
	78.6%
	1.253%
	0.9%
	KOR
	5.3%
	1
	19
	25.4%
	1.186%
	2.6%



	THA
	16.7%
	1
	6
	97.2%
	1.037%
	0.6%
	GBR
	5.0%
	1
	20
	27.3%
	1.033%
	2.1%



	SWE
	5.0%
	1
	20
	34.5%
	0.980%
	1.6%
	SWE
	5.6%
	1
	18
	37.7%
	1.011%
	1.5%



	KOR
	5.0%
	1
	20
	22.0%
	0.890%
	2.3%
	SDN
	33.3%
	1
	3
	76.5%
	0.943%
	0.7%



	FIN
	5.6%
	1
	18
	44.5%
	0.817%
	1.0%
	FIN
	5.6%
	1
	18
	38.2%
	0.711%
	1.0%



	MYS
	5.9%
	1
	17
	37.2%
	0.708%
	1.1%
	GRC
	5.0%
	1
	20
	52.9%
	0.684%
	0.7%



	first 20 area
	10.1%
	38
	375
	49.5%
	88.86%
	86.99%
	10.1%
	36
	355
	57.65%
	49.8%
	89.2%
	86.4%



	rest MST
	16.0%
	115
	721
	6.2%
	11.136%
	13.0%
	15.7%
	114
	727
	44.55%
	6.0%
	10.8%
	13.6%
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Table 7. Summary of network parameters for 2018 and 2020.
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	2018
	Full Network
	C1
	C2
	C3
	C4
	C5
	MST





	Average degree
	5.085
	2.397
	2.649
	2.784
	1.5
	0.875
	0.645



	Avg weighted degree
	75316.329
	49291.3
	70493.4
	51447.4
	69460.4
	19139.0
	0.923 *



	as % of total graph or cluster trade
	0.4274%
	1.7391%
	2.7021%
	3.4486%
	7.1429%
	12.5000%
	0.0000%



	Network diameter
	4
	2
	2
	3
	2
	1
	2



	Graph density
	0.022
	0.042
	0.074
	0.077
	0.115
	0.125
	0.003



	Avg. path length
	1.781
	1.280
	1.44
	1.658
	1.429
	1.00
	1.514



	Total trade value
	17624021
	2834230
	2608822
	1491840
	972446
	153112
	9390046



	% of total graph trade
	100%
	16.1%
	14.8%
	8.5%
	5.5%
	0.9%
	53.3%



	Modularity
	0.270
	
	
	
	
	
	0.807



	2020
	Full Network
	C1
	C2
	C3
	C4
	C5
	MST



	Average degree
	4.936
	2.535
	2.158
	1.730
	1.963
	1.167
	0.641



	Avg weighted degree
	72519.2
	46915.6
	18184.7
	36474.0
	76727.5
	94578.7
	0.901 *



	as % of total graph or cluster trade
	0.4255%
	2.3256%
	2.6359%
	2.7557%
	3.7033%
	16.6667%
	0.0000%



	Network diameter
	5
	2
	2
	3
	2
	2
	2



	Graph density
	0.021
	0.06
	0.058
	0.048
	0.075
	0.233
	0.003



	Avg. path length
	1.784
	1.180
	1.261
	1.559
	1.459
	1.222
	1.479



	Total trade value
	17042001
	2017373
	689879
	1323568
	2071879
	567472
	9300152



	% of total graph trade
	100%
	11.8%
	4.0%
	7.8%
	12.2%
	3.3%
	54.6%



	Modularity
	0.254
	
	
	
	
	
	0.796







* The MST weights are the metric-transformed values of exports.
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