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Introduction 

 

Economic and regional development in the European Union is not a recent subject 

of study in the international literature. The inequalities observed in the spatial 

distribution of income and economic activities between regions have created much 

interest among scholars in recent decades (Petrakos & Saratsis, 2000). A large 

number of studies focus on the spatial and structural differences between regions 

using various methods of quantitative and statistical analysis. Economic and 

Regional Development is not about a static picture, but it studies the complex 

dynamics of regions (Nijkamp & Abreu, 2009). 

Studies that focus on the regional distribution of labour and capital as well as 

income and wealth disparities are common. Ballas et al. (2017) have brought to light 
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significant economic, spatial, and social inequalities, the elimination of which 

requires significant social change and environmental sustainability. They also 

showed that the regions inside countries, towns and cities, or wealthy and poor 

neighbourhoods within cities present significant inequalities in the standard of living 

and the kinds of difficulties and problems encountered by Europe's citizens exist, 

rather than at national borders.  

The study by (Maerinez-Galarraga et al., 2015) attempted to explain some of 

the immediate causes of regional inequality in Spain and provided a long-term 

perspective on the issue. In order to achieve this, they compared the regional GDP 

for the years 1860-1930 to the similar figure for the years 1930-2000. The research 

was thus able to examine the long-term development of regional GDP per worker 

inequality in the Spanish NUTS-2 areas and to dissect it into its primary causes. 

From 1860 to 1990, the regional income disparity in Spain followed a long-term 

inverted U-shaped trend, increasing until 1900 and then declining after that. It is 

important to note that inequality increased again between 1990 and 2000. 

Bouzarovski & Herrero (2015) researched the presence of a geographical 

energy poverty gap in the European Union (EU) in the context of examining the 

connection between energy transitions and the patterns of current regional economic 

inequality. While energy poverty is a common issue in Europe, there are significant 

geographic and social disparities. The findings of their research demonstrated that, 

because energy poverty is more prevalent in EU Member States in Southern and 

Eastern Europe, the traditional division between the core and periphery of economic 

development continues to be accurate in this situation. 

Inequality has grown over the past three decades in many Member States, and 

the 2008 financial crisis only made matters worse, according to a 2015 analysis by the 

European Commission. In some countries, income inequality is not particularly high, 

but wealth inequality has increased (Widuto, 2019). Eliminating regional inequality is 

a duty of the European Union as an institution. Various tools, like the European 

Structural and Investment Funds, have been devised to address imbalances in order to 

promote regions that are less developed than other regions. (European Union, 2020). 

Social Network Analysis (SNA) or network theory refers to a theory that leads 

to the understanding and exploration of unities that have developed a relationship 

(connection) with each other (Wasserman & Faust, 1994). The theory was initiated 

more than a century ago by sociologists and in recent years has evolved into an 

important field of sociological study (Jackson, 2005). However, the theory is not 

limited to the scientific field of sociology, but has been successfully applied in many 

different fields, from computer networks, biology and economic science to political 

science. Furthermore, in recent years scholars have used the theory of SNA methods 

in works of culture and literature (Kydros & Anastasiadis, 2014). SNA has its roots 

in graph theory and a basic form of it is the visualization of a network. 

This paper attempts to introduce SNA into economic and regional analysis. 

For this purpose, the total unemployment rate of the NUTS2 regions of the European 
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Union from 2008 to 2021 is used as raw data to generate cross-correlation tables, 

which will be processed to produce adjacency matrices. These in turn and in 

collaboration with SNA techniques are the basis for the construction of networks 

(graphs) via the NodeXL Pro analysis and visualization software package (Smith et 

al., 2010). Appropriate metrics and centrality measurements will allow us to infer 

the interaction, and groupings between the NUTS2 regions of the EU.  

Particularly, through this paper we attempt to draw conclusions on the grouping 

of regions in terms of the unemployment rate of the NUTS 2 regions of the EU. In 

other words, can regions be grouped based on the correlation of the unemployment 

rate? Which regions belong to each group and how is the grouping derived? Finally, is 

SNA an alternative method of studying economic and regional analysis? 

 

1. Economic and regional development and Social Network Analysis (SNA)  

 

In this section we will briefly analyse economic and regional analysis, as well as 

SNA, and we will refer to key terms and concepts. We will also refer to the 

international literature, citing works that make use of SNA, attempting to answer the 

question whether SNA has been applied to the study of economic and regional 

development. 

 

1.1. Economic and regional development  

 

The concept of Economic and Regional Development refers to the geography of 

prosperity and its evolution. It plays a leading role in areas such as economic 

geography, regional economics, regional science theory, and economic 

development. In a competitive environment, the mobility of human resources and 

capital, as well as trade between regions, will reinforce the negative relationship 

between growth and regional imbalances (Petrakos et al., 2005). The change in 

welfare is not easy to measure. For this reason, statistical analysis often uses Gross 

Domestic Product (per capita) and its fluctuation. Alternatively, indexes such as per 

capita consumption, poverty rate, unemployment rate, labour force participation rate, 

or access to public services can be used, namely social indicators that allow 

comparisons (Nijkamp & Abreu, 2009).  

As already mentioned, GDP per capita is the predominant measure in most 

articles (Capello et al. 2017; Lopez-Bazo et al., 1999; Rodriguez-Pose & Ketterer, 

2020, Martinez-Galarraga et al. 2015). Ezcurra (2019) studied the regional 

differences and inequalities observed within the European Union Member States for 

the period 1996-2010 and investigated the determinants of these inequalities by 

studying data for 272 NUTS 2 regions of the 28 Member States. His analysis broadly 

confirms that differences within Member States are a key factor in the overall 

inequalities of all European regions and that the relationship between national 

development and inequality within an economy is not linear.  
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Regional income inequality is also an indicator studied in Economic and 

Regional Development, as it is a permanent feature of both developed and 

developing countries. According to Martinez-Galarraga et al. (2015) since the 1980s, 

the increasing integration of the European Union has been accompanied by a 

reduction in individual income differences between EU Member States, but regional 

inequalities within countries still exist. After 1990, as countries started the economic 

transition from a centrally planned to a market economy and the political transition 

from an authoritarian to a democratic government, income disparity in the 

transitioning nations of Central and Eastern Europe increased (Rose & Viju, 2014).  

Other measures prevalent in Economic and Regional Development research 

are employment/unemployment rate (Becker et al., 2018; Sardadvar & Vakulenko, 

2021;), education level (Aria et al., 2019; Dima et al., 2018; Doran et al., 2016), 

population growth and density, and demographic composition (Rios & Gianmoena, 

2020). Some other measures that are studied to a lesser extent are transport 

infrastructure data, highway and rail network (Rios & Gianmoena, 2020), hospital 

beds per 100,000 population (Ayouba et al., 2020), life expectancy (Rizzi et al., 

2018), wage flexibility (Abraham, 1996), inflation rate (Capello et al., 2017; 

Formánek, 2019), etc.  

In this paper, the unemployment rate in the regions of the EU is examined. 

Since unemployment weakens social cohesion and strains public budgets due to 

increased spending on unemployment benefits and decreased tax collections, it is 

especially crucial to analyse regional unemployment. As a result, both researchers 

and policymakers have always been concerned about high unemployment rates. At 

both the national and regional levels, reducing unemployment and inequality in 

Europe is a major problem. The economic turmoil that followed the 2008 financial 

crisis led to a high increase in unemployment rates across Europe, leading to 

polarization. The weighted average of the unemployment rates in the member 

nations, known as the euro area, increased from 7,5% in 2007 to 11,9% in 2013. This 

statistic does, in fact, conceal a great deal of heterogeneity: in 2013, the 

unemployment rate in Spain was above 25% while it was just over 5% in Germany. 

Rates can differ dramatically even within regions of the same member state; for 

instance, they are nearly five times greater in the Belgian Brussels-Capitale region 

than in Oost-Vlaanderen. While unemployment rates have remained above average 

in some Member States and regions, the recent economic turmoil has made the 

labour markets in Europe more diverse (Beyer & Stemmer, 2016). 

Niebuhr (2003) focused on the spatial organization of regional unemployment 

disparities. She contends, in particular, that the EU's low wage flexibility and 

restricted labour mobility imply persisting regional unemployment inequalities. The 

survey's findings indicated that regional labour markets in Europe exhibit a 

considerable degree of spatial dependence. Both areas with high unemployment rates 

and areas with low unemployment rates tend to be concentrated in space. The results 
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imply that various spatial interactions have an impact on how regional 

unemployment has changed across Europe. 

Overman et al., (2002) investigated the regional and interstate dimension of 

unemployment and indicated to the "neighbour effect". They referred to 

geographical clustering of unemployment not determined by national borders. In 

particular, they observed that since the 1980s, while locations with intermediate 

unemployment rates headed towards extreme values, locations with high or low 

initial unemployment rates showed little change. Indeed, this polarization was 

characterized by the fact that nearby regions tended to share similar outcomes due to 

spatially correlated changes in labour demand. Finally, policies dealing with 

unemployment and regional disparities have not brought the expected results. 

The study by Kivi & Paas (2021) uses various spatial econometric model types 

to examine spatial interactions in European labour markets with a focus on the 

resilience of possible interactions over the period 2004-2018. The research is 

predicated on the hypothesis that changes in the employment rate and unobserved 

shocks in other regions have an impact on the employment rate in one region. After 

the European Union's 2004 enlargement, there have been some minor increases in 

spatial interactions in employment rates, which have continued to rise throughout 

the preceding economic crisis. The findings demonstrate that regional labour 

markets' spatial interactions are resilient to economic downturns, supporting the need 

for close regional coordination when formulating labour market and regional policy 

responses to various sorts of crises. 

The growth potential of every region in Europe has been impacted by the 

process of European integration. However, distinct groups of countries' development 

trajectories have been highly different. The Central and Eastern EU Member States 

have had a largely similar path to growth since joining the Union. However, a more 

thorough study of this pattern is provided by the geography of development in these 

nations. The purpose of the research of Psycharis et al. (2020) is to give empirically 

supported information about regional development and inequalities in the EU, with 

a particular focus on the countries of Central and Eastern Europe from 2000 to 2016, 

with emphasis on the importance of metropolitan regions. Data on economic and 

demographic factors, including population, GDP, and GDP per capita in PPS, 

provide the basis for their analysis. Some intriguing findings from the investigation 

have been presented. First, compared to the average of the EU, the CEE countries 

are developing their economies more slowly; nonetheless, there is a significant trend 

toward convergence. Also, there are significant and enduring regional disparities in 

the CEE nations. Furthermore, metropolitan areas have levels of economic 

development that are above the EU average, making them the outliers in terms of 

level of economic development. 

Regional disparities on the territory of the European Union have been 

extensively researched by many academics, and there is an extensive amount of 

literature on the subject (Petrakos & Saratsis, 2000). As the Union contains different 
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Member States with various rates of productivity and economic growth, convergence 

analysis is essential (Monford et al., 2013). The formation of a cohesion policy, 

which results in the reduction of disparities and regional development, is primarily 

aided by the obtaining, analysis, and assessment of quantitative data (Annoni et al. 

2019; Cuadrado-Roura, 2001; Widuto 2019). A large number of studies have utilized 

various quantitative and statistical analysis techniques to concentrate on the spatial 

and structural disparities of regions.  

There are numerous approaches and procedures in the analysis of Economic 

and Regional Development. Exploratory Spatial Data Analysis (ESDA) could be 

mentioned, which is a technique for describing and visualizing spatial distributions 

(Annoni et al., 2019; Dall’erba, 2005; Ertur & Koch, 2006). Also, there is Beta-

convergence, a method of economic study between regions. As beta-convergence 

concentrates on the growth process, sigma-convergence emphasizes correcting 

imbalances between regions throughout time (Chocholata & Furkova, 2016). 

Additionally, interactions between regions that are members of the same economic 

union and expanding ties between regions of different Member States (such as those 

involving trade, technology, and transportation networks) allow for a direct 

correlation between the development of one region and the corresponding 

development of a neighbouring region. To put it differently, it is unusual for the 

distribution of regional production to be independent and random (Lopez-Bazo et 

al., 1999). Total spatial autocorrelation is typically measured using a set of statistical 

parameters (Ertur & Koch, 2006), and according to Mora & Moreno (2010), this 

measure captures the interaction between regions depending on their closeness to 

one another. According to Lopez-Bazo et al. (1999), the Moran's I and Geary's C 

indices are statistical metrics that quantify spatial autocorrelation. Dall'erba (2005) 

used them to evaluate the spatial distribution of regional revenue and finances, while 

Mora & Moreno (2010) used them to test the spatial dependence of the research 

variables (GDP, agricultural sector, patents, etc.). The Atkinson, Theil, and Gini 

indices, which measure economic inequality, are further indicators that look at 

regional and economic development. According to Monford (2008), the Gini index 

can be used to compare these numbers across populations and across geographical 

regions. According to Rodriguez-Pose and Tselios (2010), it is a more sensitive 

metric to changes in the median income distribution. Finally, Monford (2008) argues 

that the Atkinson index looks at income inequality and tries to identify which part of 

the distribution is most responsible for it. 

 

1.2. Social Network Analysis (SNA) 

 

The object of SNA is to study the relationships between individuals, social groups or 

organizations and the behavioural interactions associated with the formation of social 

relationships (O’Malley & Marsden, 2008). A social network can be compared to a 

web, which captures the interactions of people. Such networks include social or 
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professional relationships/contacts between individuals, companies, organizations, etc. 

through which information and favours circulate on a systematic basis (Jackson, 2005). 

There are two methods to represent a network: a matrix or a graph.  A social 

network consists of individuals or groups, the "nodes" or "vertices" that interact with 

each other in social relationships. These interactions are called “links” or “edges”. An 

n x n adjacency matrix can represent a network G. The values of the table are 1 or 0. 

In particular, the value gij = 1 is given when there is a link between the nodes i and j 

and gij = 0 in case there does not exist a link (Jackson, 2005). A graph provides us with 

a visualization of a social network as a model of a social system, which consists of a 

number of nodes connected to each other by links (Wasserman & Faust, 1994).  

According to graph theory vocabulary, a graph G= (N, A) consists of two sets 

of elements. First, N= {n1, n2, n3,…,nN}, the set of nodes (or vertices) with n=|N| the 

denotation of the total number of the nodes. Second, A= {l1, l2, l3,…, lL} the set of 

links (or edges) denoted as lines between a pair of nodes and l=|L| the denotation of 

the total number of links, where lk = (ni, nj), ni, nj ⊆ N and lk ⊆ G (Kydros et al., 

2012). Two nodes n1 and n2 connected by a link l1 are called neighbors. A 

neighborhood Ni (g) of a node n1 is defined as the set of nodes connected to it in the 

network g, so that Ni (g) = {n1 | n2 ⊆ g} (Jackson, 2005) 

If some vertices (hence edges) are removed from a graph G = (N, A) a 

subgraph G'= (N', A') is generated, where N' ⊆ N and A'⊆ A.  

An important element of a network is its connectivity. Two nodes are 

connected, when we can follow a continuous sequence of links from one node to 

another (without interruption). Otherwise, the network is called disconnected. In case 

every node is connected to all other nodes of the graph, the graph is called complete 

(Maier & Vyborny, 2005). 

The nodes of a network are examined in terms of their position relative to 

other nodes. The reason is to carry out inferences regarding the importance of nodes. 

When studying a network, there are several indicators that describe the relationships 

that develop. The density of a network is the ratio of the number of links present to 

the maximum possible number of links in a network. This metric can answer 

questions about the most central node of a network or about its connectedness (Maier 

& Vyborny, 2005). In a complete network the density will be N(N-1)/2. The density 

of a graph, which can take values from 0 (L=0) to 1, is calculated as: 

 

S = 2L/N(N-1) 

Centrality measures are indicators that examine the overall position, role and 

action of nodes in a network and identify the most important variables of it. This 

leads to conclusions about which node is more important in the network than the 

others. Degree centrality, which is a simple centrality metric determined by the 

number of direct connections to a given node (Kydros & Oumbailis, 2015). A node, 

which has no link to another node, i.e. with a degree equal to 0 is called isolated 
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node.  In a network every link is connecting two nodes, so the average degree of a 

network will be 

di = 2L/N 

Betweenness centrality refers to the nodes, which fall often between other 

nodes. A node, that has high betweenness centrality, acts as an intermediate between 

other nodes with respect to their shortest path. The higher the betweenness centrality 

of a node is, the more this vertex is needed for information flow between pairs of 

nodes. Consequently, removing this node from the network would interrupt its 

communication.  

 

1.3. Application of SNA in regional sciences 

 

The question arises whether there is an application of SNA in economic science and 

specifically in Economic and Regional Development. SNA has been used in some 

areas of economic theory. The majority of the articles using SNA focus on other 

scientific areas and not on "Economic and Regional Development". Some articles 

that study the transfer of knowledge in various scientific areas through social 

networks could be mentioned (Vittoria et al., 2014). There are articles about financial 

leaders (workforce innovation) (Dziadkowiec et al., 2015) and articles about R&D 

knowledge networks (Gama et al., 2018). According to Grabher (2006) networks 

have been applied extensively in studies of regional economics and economic 

geography in recent decades. The techniques of SNA are useful while examining the 

structure of the effect between regions and geographical clusters. Many researchers 

believe that networks are an appropriate conceptualization of the effect between 

organizations and the flow of knowledge (Ter Wal & Boschma, 2009). Furthermore, 

labor market (Calvo-Armengol & Ioannides, 2005; Calvo-Armengol & Jackson, 

2007), the garment industry (Uzzi, 1996) are some examples, where networks have 

gained attention.  

In their paper Kim et al. (2011) presented how to use SNA to explore the 

structural characteristics of supply networks. The main SNA indicators are related 

to supply network topologies in this work's theoretical framework. Since SNA had 

never been used in an empirical analysis of actual supply networks prior to the 

publishing of this research, their goal was to demonstrate how it might supplement 

more conventional, qualitative ways of interpretation when evaluating cases 

involving supply networks. They employed a variety of criteria, including density 

and various centrality indicators, which finally resulted in the establishment of a 

portfolio of prospective supply chain management strategies. They arrived at the 

conclusion that SNA provides numerous quantitative measurements that qualitative 

techniques do not. SNA can produce current, unexpected results by examining the 

structural aspects of supply networks, which are usually missed by qualitative 

approaches. 
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Prell et al. (2009) investigated stakeholder analysis with SNA concerning 

natural resource management. They observed that the increased application of 

stakeholder analysis in natural resource management represents an expanding 

understanding that stakeholders can and should affect environmental decision-

making. Stakeholder analysis can be used to represent various interests fairly, stop 

disputes from getting worse, and ensure that certain groups are not further 

marginalized. Using data acquired from the research of stakeholder social networks, 

they made an effort to illustrate how stakeholders could be chosen to take part in 

natural resource management projects. They provided suggestions in their article for 

improving stakeholder representation in participative processes. As a result, SNA is 

an advanced technique that improves accuracy and fosters a more profound 

knowledge of social ties among stakeholders. However, if utilized in isolation from 

other data, the results may provide conclusions concerning stakeholder participation 

in natural resource management that are oversimplified. 

SNA could be a suitable tool for economic geographers in the empirical study 

of the structure and evolution of inter-organizational interaction, as well as 

knowledge flows both within and between regions. According to Ter Wal and 

Boshma (2009) the most empirical studies based on cluster networks, study the 

network as a static picture in a specific point in time. However, studies based on 

statistical analysis in combination with dynamic networks, do not exist. 

Finally, we conclude that SNA has been successfully applied in various 

scientific fields. Network analysis techniques have contributed to research in various 

scientific disciplines, but have not been applied to regional sciences. The 

contribution of this paper is to introduce SNA to economic and regional 

development. The analysis attempts to provide an empirical method of study through 

available techniques and metrics and argue that using centrality measures can lead 

to conclusions about the interaction and clustering of nodes. The application of SNA 

to economic and regional development could then contribute to the formulation of 

policies and strategies with the main focus on cohesion between EU regions.   

 

1.4. Methodology 

 

The Eurostat database was used for data collection. The sample consists of data of 

regional statistics by NUTS classification. Specifically, we have collected the total 

unemployment rates by sex, age, citizenship and NUTS 2 regions for citizens aged 

from 15 to 64 years for the period of 2008-2021. 

There were some values in the time series, which were not available mainly 

due to the amendment of the NUTS classification. The regulation of the NUTS 

classification ensures that the classification is stable for at least three years and also 

ensures that the data refer to the same regional unit for a specific period of time, 

which is significant for the time series. However, sometimes national interests 

require a change in the regional breakdown of a country. In this case the country 
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concerned shall inform the European Commission of the changes. In addition, the 

Commission modifies the classification at the end of the stability period according 

the rules of the NUTS classification (Eurostat, 2011).  

To complete the data of the total unemployment rate, which were not 

available, we made some calculations, which are presented in Appendix. 

The overall process resulted in the final sample of the study, which consists 

of 239 NUTS2, i.e. the total unemployment rate of the 239 regions for the period 

2008-2021. 

 
Figure 1. NUTS 2 regions of EU 

 
Source: Eurostat  

 

After filling in the missing data, the data set was stored in a spreadsheet to 

construct a correlation matrix for the overall unemployment rates. Specifically, we 

worked as follows: we collected all the data, i.e. the unemployment rate of each 

region for the period under consideration, in a spreadsheet. Each line in the 

spreadsheet corresponds to a region. Each column corresponds to the value of the 

unemployment rate for this specific region, for one year. Hence we have 14 columns, 

since we deal with the time period from 2008 to 2021 Using excel, we calculated the 

correlation coefficient for each pair of regions i, j: 

ρij = covij / σiσj , where 

covij = the Covariance of regions i and j, where covij = [Pi-E(Pi)][Pj-E(Pj)] / n-1 ,  
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E(P) = the average of each region, n = the count of the regions, 

σi = the standard deviation of region i and σj = the standard deviation of region j 

Finally, based on the correlation coefficients of each pair of regions i, j we 

constructed a cross-correlation, rectangular, one diagonal and symmetric matrix, 

with dimensions 239 X 239, that includes values between -1 to 1. These values can 

be interpreted as follows: when the correlation coefficient tends to -1, the two regions 

move inversely, namely when the unemployment rate of one region increases, the 

rate of the second region decreases and vice versa. When the correlation coefficient 

tends to 1, then the two regions move to a similarly direction, namely when the 

unemployment rate of one region increases, then the rate of the second region 

increases similarly. If the coefficient is zero, no prediction can be made, because this 

means that the two regions vary in a random way.    
The next step was to use the correlation coefficient matrices, to construct a 

correlation network, in which every region represents a node. For this purpose, we 

set a certain threshold (θ), which varies between -1 and 1. When a correlation 

coefficient of the matrix is greater than θ, a link is created between the two regions 

and thus an adjacency matrix is generated. An adjacency matrix is a NXN matrix 

where: 

Ai,j = {
1,    𝑖𝑓 n𝑖 𝑖𝑠 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑 𝑡𝑜 𝑛𝑗
0,    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                          

 

We repeated this procedure for different values of θ and created different 

adjacency matrices with the same number of nodes (regions) and different number 

of links (Huang et al., 2009). Through the use of NodeXL Pro software package 

(Smith et al., 2010) we transformed the adjacency matrices into networks by 

visualizing nodes and links. Finally, NodeXL Pro was also used to calculate metrics, 

to conclude about the community structure and the interaction of the regions.  

 

2.  Data analysis 

 

Next, we tried to study the networks created when we introduce different values of 

θ (threshold), as mentioned in the previous section. To study the correlation of the 

unemployment rate between NUTS 2 regions, we set threshold values from θ > 0,7 

to θ > 0,85. In other words, have we tried to formulate to what extent the overall 

unemployment rate between regions tends to move in the same direction for different 

levels of correlation (θ), i.e. do groupings/communities of regions with similar rates 

of change in the unemployment rate emerge? Is there an interaction and a possible 

clustering between regions on the change in the unemployment rate exist? To reach 

conclusions we calculated metrics for each network. We used betweenness 

centrality, according to Brandes’ algorithm (Brandes, 2001). The nodes (regions) 

with the highest betweenness centrality are the largest in the networks.  
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2.1. Analysis by network  

 

Starting from the threshold θ> 0,7 three groups of regions can be distinguished in the 

generated network (Figure 2). The first group consists of 130 nodes, which are 

connected to each other with 3.671 links, while the second group consists of 107 

nodes with 3.263 links, and the third one of 2 nodes connected by only one link. 

Important nodes of the network seem to be Comunidad de Madrid (ES), Bratislavský 

kraj (SK), due to a high degree (115 for each region). High degree centrality means 

that the particular node (region) has a strong interaction with the other nodes in the 

network, i.e. there are a large number of links between it and the other nodes. In 

other words, based on the correlation coefficient these regions show similar trends 

in the change of the unemployment rate, i.e. when the unemployment rate of one 

region increases, the corresponding rate of the other region increases. These two 

nodes have also high values in betweenness centrality (440,8 and 426,1), which 

means that they are located more often between other nodes. The network is quite 

dense (graph density = 0,290), so no substantial conclusions can be drawn. For this 

reason, the following network was created with an increased threshold of θ > 0,80 

(Figure 3).  

 

Figure 2. Betweenness Centrality, Correlation θ > 0,7

 
Source: Authors’ representation 
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For θ >0,80 (Figure 3) 6 groups are created. The number of isolated nodes is 

equal to 6: Limousin (FR), Mayotte (FR), Luxembourg (LU), Burgenland (AT), 

Nord-Est (RO), and Sud-Vest Oltenia (RO), which indicates that these regions have 

no connection to other regions, i.e. there exist no interaction between them. In other 

words, to a degree of correlation above 80%, the unemployment rate of these regions 

does not move in the same or similar direction to the other regions.  Graph density 

decreases to 0,175. The first group consists of 115 nodes, which are connected to 

each other with 2.155 links, the second group consists of 106 nodes with 2.171 links 

and the third group includes 6 nodes and 8 links. The last three groups have only two 

nodes with one link each. 

The nodes with the highest degree are Norte (PT) =83, and Podkarpackie (PL) 

=79, which are the regions with the highest betweenness centrality, too (879,85 and 

744,41).  

 

Figure 3. Betweeness Centrality, Correlation θ > 0,8

 
Source: Authors’ representation 

 

We then created the network where θ > 0,85 (Figure 4), namely the network 

with the highest correlation in this work. The number of isolated nodes of this 

network increased to 19. These nodes include 3 regions of Belgium, 9 regions of 

France, 2 regions of Romania, and 1 region of Greece, Spain, Austria, and 

Luxembourg. As predictable, this network is by far the sparsest, with a density of 

0,123, and an increase in the number of groups. In particular, 8 groups emerged in 
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the network. The first group consists of 85 nodes, which are connected to each other 

with 1.132 links; the second group consists of 61 nodes with 875 links; the third 

group includes 37 nodes and 574 links, the fourth group consists of 25 nodes and 

203 links between them, while the other groups include only 6 to 2 nodes and a small 

number of links (from 8 to 1).  

The regions that stand out due to the high degree are Southern (IR) =62 and 

Porte (PT)=62, which has also high betweenness centrality (1.274).  

 

Figure 4. Betweenness Centrality, Correlation θ > 0,85 

 
Source: Authors’ representation 

 

A Synoptic topology of the created networks is shown in Table 1. 

 
Table 1. Synoptic Topology 

Correlation > 0,7 > 0,75 > 0,8 > 0,85 > 0,9 

Connected Nodes 239 238 233 220 201 

Edges 8.252 6.596 4.983 3.519 2.146 

Connected Components 2 3 9 24 43 

Isolated Nodes 0 1 6 19 38 

Graph Density 0,290 0,231 0,175 0,123 0,075 

Groups/ Communities 3 4 6 8 10 

  Source: Authors’ representation 
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By studying the table, several conclusions can be drawn. First, it is observed 

that as the threshold θ increases, the number of nodes and the number of edges 

through which the nodes are connected decreases too. This means in practice that as 

the correlation coefficient increases, the tendency of regions to move in parallel 

decreases. Consequently, the density of the network decreases as the number of 

edges that exist in each network decreases, i.e., the network tends to be less dense 

compared to the previous network, where the threshold is smaller. Moreover, the 

number of isolated nodes moves in the same direction as the threshold, i.e., it 

increases. In other words, more and more regions are separated from the clusters, 

and either regions emerge that are not correlated with any other and form isolated 

nodes, or additional small groups are created (this is why there is an increase in 

groupings) as the change in the unemployment rate of some regions does not follow 

the pace of the other regions. Therefore, the higher the correlation coefficient, the 

lower the homogeneity of the networks, which means that a small number of regions 

are moving to a similar direction 

 

2.2. Discussion  

 

Having completed the analysis by network, it was considered useful to make some 

observations on the structure of the networks based on the resulting groupings. An 

attempt was made to study the results by geographical area. In particular, starting 

from the countries belonging to Southern Europe (Greece, Spain, Italy, Cyprus, 

Malta, Croatia, Portugal, and Slovenia) we observe a homogeneity in the degree of 

correlation of the unemployment rate, namely almost all regions of the Member 

States always belong to the same group. The exception is Malta. For none of the 

examined θ Malta does follow the other regions. Also for high (θ > 0,85) one Greek 

region (North Aegean), and one Spanish region (Ciudad de Ceuta) stand out. It was 

therefore considered important to note that in southern Europe the unemployment 

rate is highly correlated. This means that there is a homogeneity between the regions 

of these countries. There is a high correlation in the unemployment rate, i.e. the 

unemployment rate moves in a similar direction, either increasing or decreasing in 

parallel. These findings demonstrate spatial connections between regional labour 

markets, supporting Kivi & Paas (2021) argument that regional labour markets in 

Europe are spatially clustered. Business operations and the evolution of the labour 

market are significantly influenced by spatial interactions, demonstrating the need 

for coordinated policy measures. 

In Northern Europe (Ireland, Lithuania, Latvia, Finland, Sweden, Denmark, 

and Estonia) there is a less homogeneous correlation. The countries that make up 

Northern Europe behave differently from Southern Europe. The country that stands 

out here is Finland, as it never belongs to the group of other regions. Also, for 

Denmark as the threshold (θ) increases, its regions become detached from the rest of 

the group. Sweden partially follows the group, however as the threshold (θ) 
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increases, some regions are detached. Therefore, the countries with all regions highly 

correlated are Ireland, Latvia, Lithuania, and Estonia. 

Western Europe is made up of Austria, Belgium, France, Germany, 

Luxembourg, and the Netherlands. The situation here is more complicated. 

Especially for high θ, there is no homogeneity, not even between the regions of the 

same Member States. For France, it is true that at low θ there is homogeneity, but as 

θ increases several regions, most of which are overseas (La Reunion, Martinique, 

Guadeloupe, Guyane, Mayotte), become detached. This is consistent with Overman 

& Puga (2002) findings, who discovered that regional unemployment in Western 

Europe is considerably more strongly related with nearby regions than with more 

remote regions within the same country (neighbour-effect). The main feature of the 

group comprising the Western European countries is that Germany does not correlate 

with the other countries for any θ. Its regions are always unified, in other words all 

the regions are highly correlated with each other for the whole period under study.  

Finally, an attempt was made to interpret the groupings according to another 

criterion, that of the historical facts of Europe. In particular, it was studied whether 

the countries that made up the so-called PIIGS tended to cluster in the degree of 

correlation of the change in the unemployment rate. The countries that make up the 

PIIGS (Portugal, Italy, Ireland, Greece and Spain) were the weakest economies 

during the financial crisis that hit the EU. From the groupings obtained from our 

model, it can be observed that the four southern countries belong for all θ to the same 

group. The Member State that stands out is Ireland, which means that in the other 

countries there is a high correlation of the unemployment rate. 

Also, another observed grouping includes all the regions of the following 

countries for each θ: Czech Republic, Hungary, Estonia, Latvia, Lithuania, Malta, 

the majority of Poland’s regions, and Slovakia. These countries are eight of the ten 

Member States that joined the European Union in 2004 (the largest enlargement of 

the EU). The regions of these Member States therefore also share a high degree of 

homogeneity in the unemployment rate. The change in the rate in these regions has 

followed a similar direction over the period under consideration. This result is in line 

with the findings of Psycharis et al. (2020), who in their research highlighted how 

the process of European integration has impacted the capacity for development in 

every region of Europe. Distinct country groups, however, took very distinct 

developmental paths. The Central and Eastern EU nations took a largely similar path 

to development after joining the EU.  

 

Conclusions 

 

In this paper we attempted to introduce SNA in Economic and Regional 

Development. The existence of imbalances in the spatial distribution of income, 

economic opportunities and activities has attracted the interest of many scholars, 

who focus on spatial and structural differences between regions. Consequently, 
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Economic and Regional Development has been studied on the basis of various 

approaches and methodologies. We have tried to answer the question whether SNA 

can be applied to Economic and Regional Analysis. For this purpose, we used indices 

that helps to measure regional inequalities, the unemployment rate. The analysis was 

based on the degree of correlation of the unemployment rate of NUTS 2 regions for 

the period 2008-2021. In particular, SNA techniques were used to ensure certain 

results. The calculation of centrality metrics, led to conclusions about the interaction 

and clustering between regions.  

In conclusion, there is a general homogeneity in the change in the 

unemployment rate in the EU. In some regions this homogeneity is more 

pronounced, as is the case in the regions of Southern Europe. In this respect we could 

refer to Niebuhr (2003) research, which studied the spatial correlation of regional 

unemployment in European countries between 1986 and 2000 using measures of 

spatial autocorrelation and spatial econometric methods. The findings indicated that 

regional labour markets in Europe exhibit a considerable degree of geographical 

dependence. Both regions with high unemployment rates and those with low 

unemployment rates tend to be spatially concentrated. The results imply that various 

spatial interactions have an impact on how regional unemployment has changed 

across Europe. Also, Kivi & Paas's (2021) data demonstrate the spatial clustering of 

regional labour markets in Europe. 

A visible grouping was found in the NUTS 2 regions based on the total 

unemployment rate. We found that SNA locates the interaction between regions and 

identifies the regional groupings. It would be interesting to carry out a further 

analysis of the corresponding rate in the male and female populations. Also, the 

introduction of SNA in Economic and Regional Development could be extended to 

other variables such as GDP per capita, population density, tertiary education 

attainment, income of households, etc.    

The Lisbon Treaty, and in particular Article 174, included territorial cohesion 

for the first time, which aims to achieve overall harmonious development (European 

Commission, 2022), i.e. the balanced and sustainable development of the Union's 

regions. The main objectives of the European Union's cohesion policy are social, 

economic and territorial convergence and the reduction of disparities between 

regions. In order to reduce disparities, efforts are being made to enable the weaker 

regions to create better living conditions, retain and acquire talent, attract investment, 

increase productivity and create innovation systems. Consequently, cohesion policy 

is a key financial instrument of the European Union, through which it can aim to 

combat inequalities (Widuto, 2019).   

The European Union's policy agenda places a high focus on achieving 

acceptable levels of employment, unemployment, and participation because these 

factors are essential measures of economic and social welfare. Concentrating on 

these labour market factors at the national level can obscure significant variations 

between areas within nations (Halleck Vega & Elhorst, 2014). Taking into account 
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that the EU policy is to smooth out imbalances and differences and ensure coherence 

between regions, one realizes that the ideal network would consist of a single group, 

where no isolated nodes exist, i.e. a homogeneous network. This would practically 

mean that the unemployment rate would move in the same direction for all regions, 

with no regions that stand out.  

Consequently, as future directions for research, an attempt could be made to 

analyse the policy and strategy options that could be implemented in specific regions 

in order to smooth out the imbalances. In other words, if the unemployment rate were 

reduced, which regions could have a corresponding impact on other regions? Which 

strategies (under cohesion policy) from the EU could be implemented in targeted 

regions in order to achieve the optimal effect in other regions, so that the 

unemployment rate moves in parallel? Obviously, all these questions could be 

applied in other macroeconomic indicators, too. 
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Appendix  

 

The Irish regions Border, Midland and Western (IE) and Southern and Eastern (IE) 

(NUTS 2013) were amended by NUTS 2016 classification to Northern and Western 

(IE), Southern (IE) and Eastern and Midland (IE). As a result, there were missing 

data in the time series for the years 2008-2011, for which an attempt was made at 

NUTS 3 regions level (NUTS2 sub-regions), to calculate and complete. However, 

no data were available for NUTS 3 regions. Finally, the average of Border, Midland 

and Western (IE) and Southern and Eastern (IE) were used to fill in the missing data 

in Northern and Western (IE), Southern (IE) and Eastern and Midland (IE) regions. 

A similar methodology was applied for the following regions: Sostines 

regionas (LT) and Vidurio ir vakaru Lietuvos regionas (LT) (NUTS 2016), which 

according to the NUTS 2013 classification were included in region Lietuva (LT), for 

2008-2012. Budapest (HU) and Pest (HU) (NUTS 2016), which according to the 

NUTS 2013 classification were included in region Közép-Magyarország (HU).  

The regions of Croatia Grad Zagreb and Sjeverna Hrvatska had data gaps from 

2010 to 2020, while the Kontinentalna Hrvatska region (NUTS 2016) had gap in 

2020-2021. It was decided to use the data of the first two regions for 2020-2021 and 

average them to fill the gap in the latter region. 

The FI20 Aland region of Finland did not contain any data and it was decided 

to delete it.  

There were also data gaps, which was filled by the linear regression work by 

making projections: Warszawski stoleczny (PL) Mazowiecki regionalny (PL) for 

2008-2012, Lubuskie (PL) for 2020-2021, Corse (FR) for 2009-2011, Mayotte (FR) 

for 2008-2012 and the year 2021 and for the German regions Niederbayern, 

Oberpfalz, Oberfranken, Unterfranken, Bremen, Kassel, Trier, Saarland and 

Chemnitz for the year 2020. 

 


