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Abstract

:

An array of global events, including the global financial crisis, natural disasters, and the recent coronavirus pandemic, have consistently shown the vulnerability of global systems and humans to externally undesirable contagions. In order to further provide alternative approaches to information valuation, this study utilized the economic policy uncertainty (EPU) of 21 leading developed and developing economies (Australia, Brazil, Canada, Chile, China, Colombia, Denmark, France, Germany, Greece, India, Ireland, Italy, Japan, Korea, Netherlands, Russia, Spain, Sweden, the United Kingdom, and the United States of America) over the period January 1997 to May 2021. The information theory reveals the hierarchy of degrees of randomness in the EPU indices; it shows the information flow among the EPU indices through the mutual information metric and the graphical illustration of the information flows using network theory. Importantly, the Entropy measures indicate higher predictability of the Netherlands and Ireland’s EPU indices, suggesting that they have less randomness than other indices. Contrarily, Greece and the United Kingdom share the lowest predictability of the EPU indices. Moreover, the complex networks analysis shows that the EPU indices is generally shaped by geographic location. In order of significance, the United States of America’s EPU index exhibits the strongest correlation with other countries’ EPU indices and followed by the EPU indices of France, the United Kingdom (UK), and Germany. In general, the result of the investigation communicates relevant policy measures that potentially ameliorate shocks from external contagions.
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1. Introduction


Given the impact of shocks on the economy, numerous techniques in information theory (IT) have been implemented to understand the complexities of financial and economic contagion across the global. A fundamental metric of information, which is known as entropy, developed by Shannon (1948), refers to the level of uncertainty inherent in a random variable. Thus, the level of uncertainty inherent in a random variable which is typically measured in bits is required to assess the expected value of the information retained in a message. Moreover, the Shannon entropy is also viewed as a measure of unpredictability and gains its highest value for a uniform discrete distribution. Compared with the variance or standard deviation, entropy is a more general indicator of uncertainty since it is influenced more by distribution features and may be related to higher moments of the distribution (Ebrahimi et al. 1999). On the other hand, variance reflects the level of spread around the mean, while entropy describes the amount of diffuseness of the density regardless of location.



Similarly, mutual information (MI) describes the degree to which two random variables are dependent on one another in statistics and information theory. In other words, it involves reducing uncertainty about one random variable when one knows about another. The MI measure is well-defined for categorical variables, yet it is also devised to measure nonlinear associations and has appealing information-theoretic interpretations. When the mutual information between random variables is high, there is a large reduction in uncertainty. When it is low, there is a small reduction, and zero suggests a completely independent relationship. By using the mutual information matrix, it is possible to build a network where each country is denoted by a node. Meanwhile, the minimum spanning tree (MST) is a common approach to constituting an informative subgraph of a full network. By keeping only those dependencies that satisfy the MST criterion, it eliminates weak dependencies drastically. This network procedure has been used to examine considerable economic and financial studies. Moreover, a less severe method of filtering, i.e., the Planar Maximally Filtered Graph (PMFG) proposed by (Tumminello et al. 2005), is also found fashionable because it allows for more information regarding the networks to be preserved than the MST.



Additionally, PMFG and MST are both connected and planar graphs in that they can be displayed on a plane such that no links cross one another. In the MST, the N vertices of the subgraph are connected by N-1 links, while in the PMFG, the number of links is 3(N − 2). As a result of the construction process, the PMFG contains the MST. A key advantage of PMFG over MST is the loose topological restriction that permits it to preserve more of the information contained in the similarity matrix, such as loops and cliques. Moreover, the uncertainty of economic policies exhibits a high degree of cross-dependence due to the mutual flow of information and globalization. Hence, an understanding of the current policymaking environment can be better understood in the context of a complex network (network, in this case, is a set of nodes or vertices linked by links or edges). While Pearson correlation-based similarity or distance is a standard metric for building networks, however, it is only effective if returns are linearly related and is unable to detect nonlinear relationships.



Given this motivation, this study is unique and makes several important contributions to the relevant literature, especially in the context of further exploring information and shock contagion among economies. Although, in studying the contagion of economic policies, EPU has been widely employed in the literature from several perspectives (Klößner and Sekkel 2014; Antonakakis et al. 2018; Liow et al. 2018; Kang and Yoon 2019; Marfatia et al. 2020), the gap in the existing studies can be further explored from the aspects of empirical approach and framework. Specifically, the paper explores the strength and extent of the information exchange between the economic policy uncertainty indices among selected 21 countries (Australia, Brazil, Canada, Chile, China, Colombia, Denmark, France, Germany, Greece, India, Ireland, Italy, Japan, Korea, Netherlands, Russia, Spain, Sweden, the United Kingdom, and the United States of America). Additionally, the mutual-information-based metric is used to build the MST and PMFG to reveal the fundamental core structure of the current policymaking environment. Furthermore, this study identifies the important countries by applying metrics from the social network analysis. Again, the community detection algorithm is implemented in the network to find the cluster of countries sharing similar uncertainties. Finally, the information-theoretic measures were implemented to analyze the degrees of randomness and complexity of EPU indices. The order parts of the study are arranged such that the review of the existing literature, data presentation, method of the investigation, discussion of the results, and the conclusion alongside policy implication are detailed in Section 2, Section 3, Section 4, Section 5 and Section 6, respectively.




2. Literature Review


An attempt has been made in several studies to capture the relevance of EPU across domestic and global economies (Bai et al. 2019; Akadiri et al. 2020; Abakah et al. 2021; Osei et al. 2021; Yang et al. 2021; Zhou et al. 2022). For instance, in the recent study by Zhou et al. (2022), the spillover effects, the dynamic characteristics of the EPU spillover network, and the corresponding impact of the coronavirus (COVID-19) pandemic on these spillover effects across 19 countries were investigated. In achieving this objective, a combination of the vector autoregression (VAR) model and the least absolute shrinkage and selection operator (LASSO), i.e., LASSO-VAR and spillover index approaches, was implemented. The approach involves the construction of a spillover network for the countries’ EPU and subsequently deconstructing the new spillover network using block models. By implication, the result of the study implies that EPU exhibits significant transnational contagion with a time-varying spillover network of policy uncertainty. Moreover, without evidence of a significant impact on net spillovers, COVID-19 deaths and new infection cases exert a statistically significant effect on transmission and reception directional EPU spillovers. Like Zhou et al. (2022), with the complex network analysis, the effects of EPU have been linked to market systems across global economies, including the Asia-Pacific region (Osei et al. 2021; Yang et al. 2021), and the selected developed economies (Abakah et al. 2021).



Moreover, empirical approaches have also varied in establishing the link between the countries’ EPUs. For instance, cointegration and Granger causality approaches were adopted by Osei et al. (2021) in establishing the long- and short-run asymmetric dynamism between the EPU of China–India, China–Japan, China–Korea, India–Japan, India–Korea, and Japan–Korea during the period from January 1997 to April 2020. Furthermore, in Tiwari et al. (2021), network analysis from the graph-theory framework was adopted in examining the link between the developed countries’ economic and financial uncertainties. Tiwari et al. (2021) examined the interconnectedness and nonlinear dependence of macroeconomic and financial uncertainties across 11 developed countries for the period January 1997 to September 2017. By applying the structure learning with a weakly additive noise model, a nonlinear relationship among uncertainties was found across the economies considered. Other developed economies tend to be a major source of macroeconomic and financial uncertainty for Spain. Kang and Yoon (2019) examined the dynamic interconnectivity across nine economic policy uncertainty (EPU) indices by using the Diebold and Yilmaz (2012, 2014, 2015) spillover index model to calculate the total spillover index. They found that as the global financial crisis and European debt crisis unfold, China becomes a net transmitter of connectedness.



Furthermore, Marfatia et al. (2020) analyzed the dynamic and static network of economic policy uncertainty across 17 developed and emerging economies employing MST and dependency networks using partial correlations. According to the results, EPUs exhibit geographical characteristics, and the United States of America plays a crucial role in the global network. According to the dependency network, most information flows from the US and Germany. Dynamic time-varying MST indicates dramatic shifts in the nature and dominance of the EPU network over time. Based on the novel concept proposed by Baruník and Křehlík (2018) and Cui and Zou (2020) explores the frequency connectedness between economic policy uncertainties of G20 countries, both over time as well as across different frequencies. According to the empirical results obtained in the study, economic policy uncertainties are significantly connected, and most spillovers of economic policy uncertainty occur within the short term. Moreover, the spillover effects during the financial crisis and the subsequent recovery period are greater than those during the pre-financial crisis period. Accordingly, the United States of America, French, and Australian economic policy uncertainty are the main sources of spillovers, and large international events can have significant impacts on the transmission of economic policy uncertainty across countries.



Moreover, Polat (2021) employed the frequency-dependent network structure of EPU within G-7 countries over the period of January 1998 to April 2021. The study proposed a quasi-Bayesian local likelihood method to build dynamic networks based on a locally stationary time-varying parameter-vector autoregressive model. Interestingly, the findings revealed that there were more interdependencies among G-7 EPUs around well-known economic and geopolitical incidents, frequency-dependent ties among them, and more powerful interdependencies than medium- and long-term ties.




3. Data


Our study uses the monthly EPU index calculated by Baker et al. (2016) from January 1997 to May 2021 for a group of 21 leading developed and emerging economies. They reflect news coverage derived from the country’s leading newspaper. Given the limited data availability, the study could only consider as many countries as possible that have a common length of dataset period. The monthly indices are converted to the rate of changes for each country as follows:


   R i   t  =    P i   t  −  P i    t − 1      P i    t − 1      



(1)




where    R i   t    denotes the rate of changes in i-th country at time t,    P i   t    and    P i    t − 1     represents the monthly index of the i-th country at month t and t − 1, respectively.



Descriptive statistics of the rate of changes for each EPU Index are presented in Table 1. Based on this, there appears to be clearly different uncertainty behavior among the countries in the sample period. While Ireland has the largest standard deviation, Sweden has the smallest one. This suggests that Ireland has encountered severe shifts in EPU. As evidenced by the highly significant results of the Jarque–Bera (J-B) test for normality, the distributions of all EPU index series are skewed and fat-tailed. Moreover, the ADF test (the unit root test) indicates that the series is stationary, making them appropriate for use in the following analysis.




4. Methodology


4.1. Shannon Entropy


The Shannon entropy represents the average uncertainty associated with a random variable X. The more uniform the distribution, the higher the uncertainty and the higher the entropy. Shannon entropy quantifies the amount of information that is needed to describe the variable or the uncertainty of the variable. The calculation of Shannon entropy is based on discrete data. Therefore, continuous data must be discretized. This can be achieved by symbolic encoding, i.e., partitioning the data into a finite number of bins. Shannon’s entropy for discrete distributions is defined by Shannon (1948) as follows:


  H  X  = H   p  X    = −   ∑   i = 1  N  p  x  log p  x  = − E log p  X     



(2)




where   x ∈ X   is a discrete random variable with    p 1  , … ,  p n    the probabilities of occurrence of a set of events, and E is the expected value operator. If the base of the log is set to 2, entropy is measured in bits. If the base is e, then it is expressed in nats.



In this study, the Shannon entropy was normalized between 0 and 1 by dividing it by the information length log(M). Therefore, a 1 represents the greatest uncertainty of the system, and a 0 indicates no uncertainty.




4.2. Mutual Information


The mutual information I (X; Y) is a measure of how much information is shared between two discrete random variables X and Y. We can express it as follows:


  I   X ; Y   =   ∑   x ∈ X     ∑   y ∈ Y   p   x , y   log   p   x , y     p  x  p  y         



(3)




where   p   x , y     is the joint probability mass function of X and Y, and p(x) and p(y) are marginal probability mass functions (Shannon 1948).



There exist two different versions of mutual information metrics defined by Kraskov et al. (2005). The first one is based on a universal mutual information adjacency matrix referred to as version 1 or AUV1, which is defined by being normalized by dividing by the total entropy as follows:


  A U V 1 =   I   X , Y     H   X , Y      



(4)




where H(X, Y) is the joint entropy and can be computed from the joint distribution of X and Y. The dissimilarity is defined as dissAUV1 = 1 − AUV1, which is a universal distance function. It is a proper metric and meets the triangle inequality (Kraskov et al. 2005; Song et al. 2012).



The second one is based universal mutual information adjacency matrix referred to as version 2 or AUV2, which is formulated as follows:


    A U V 2 =   I   X , Y     max   H  X  , H  Y       



(5)







Similarly, the dissimilarity defined as dissAUV2 = 1 − AUV2 is also a universal metric (Kraskov et al. 2005; Song et al. 2012). dissAUV2 is sharper than dissAUV2, that is,   d i s s A U V 2 ≤ d i s s A U V 1  . As dissAUV2 does not have any practical benefit over dissAUV1, it is recommended to employ dissAUV1 due to its plainness (Fiedor 2014).



In this work, to obtain mutual information adjacency matrix, we first discretized each of the EPU differences into eight distinct states through the equal-width method. Secondly, entropy and mutual information between each pair of discretized EPU differences are estimated by using the plug-in method estimation technique. Finally, the MI matrix is normalized by Equation (4) and transformed into a distance matrix to construct both minimal spanning trees and planar maximally filtered networks from the dataset. In this paper, the R/infotheo package is used to estimate the entropy and mutual information”.




4.3. Network Construction


By using the distance matrix, it is possible to build a network where each country is denoted by a node. If d(X,Y) is nonzero, then country i and country j are associated by an undirected link with the weight of W. This resulting network is a complete dependency network for N variables with N(N − 1) edges, representing an interconnection among all countries. Since the size of this network is very large, such a representation will not produce insightful information about the system, such as topology, community, and the most noteworthy countries.



Specific filtering methods have been suggested to further decrease the complexity by creating from the complete network simpler layouts of graphs that can enable analysis. The minimum spanning tree (MST) is a common approach to constituting an informative subgraph of a full network. By keeping only those dependencies that satisfy the MST criterion, it eliminates weak dependencies drastically. This network procedure has been used to examine considerable economic and financial studies (Khashanah and Miao 2011; Mantegna 1999; Vidal-Tomás 2021).



A less severe method of filtering is the Planar Maximally Filtered Graph (PMFG) proposed by Tumminello et al. (2005), which allows for more information regarding the networks to be preserved than the MST. PMFG and MST are both connected and planar graphs in that they can be displayed on a plane such that no links cross one another. In the MST, the N vertices of the subgraph are connected by N − 1 links, while in the PMFG, the number of links is 3 (N − 2). As a result of the construction process, the PMFG contains the MST. A key advantage of PMFG over MST is the loose topological restriction that permits it to preserve more of the information contained in the similarity matrix, such as loops and cliques.



In this work, we first illustrated the results for both filtering approaches to compare the differences between them. Then, PMFG were used for the following analysis.




4.4. Dependency Network and Country Influence


Mutual information describes how much we learn about the EPU of one country from the EPU of another country. It can be considered as the reduction in uncertainty about the EPU of one country because of the knowledge of the EPU of another country. It should be noted, however, that the mutual information does not indicate whether the observed relationship between two countries is ultimately controlled by another country or countries. One way to tackle the problem is to employ the statistical method of partial correlation. This approach may be useful in dealing with issues where there is a possibility of confounding variables affecting the correlation between two variables.



Partial correlation is a statistical technique used to measure the strength and direction of the linear relationship between two variables while controlling for the effect of one or more additional variables (Kenett et al. 2010). In other words, it allows us to assess the correlation between two variables while holding constant the influence of other variables.



Formally, partial correlation is defined as the correlation between two variables, say X and Y, after removing the linear effect of one or more other variables, say Z. Mathematically, it can be expressed as:


  P C   X , Y | Z   =   C   X , Y   − C   X , Z   C   Y , Z       1 −  C 2    X , Z       1 −  C 2    Y , Z        








where PC(X,Y|Z) represents the partial correlation coefficient between X and Y, controlling for Z, C(X,Y) represents the correlation coefficient between X and Y, and C(X,Z) and C(Y,Z) represent the correlation coefficients between X and Z and Y and Z, respectively (Kenett et al. 2010). The partial correlation coefficient PC(X, Y|Z) ranges between −1 and 1, with a value of 0 indicating no linear relationship between X and Y after controlling for Z, while positive and negative values indicate a positive and negative linear relationship, respectively.



As a way of quantifying the Influence of Z on the pair of X and Y:


  d   X , Y : Z   = ρ   X , Y   − ρ   X , Y : Z    











We refer to this quantity as the correlation influence, which represents the effect of Z on the pair of elements X and Y. The correlation influence is substantial only when Z can account for a significant portion of the correlation between X and Y. Therefore, in our analysis, we concentrated on significant values of d (X, Y:Z).



The total influence of element j on the correlations between element i and all other elements in the system is defined by (Kenett et al. 2010) as follows:


  D   i , j   =  1  N − 1     ∑   k ≠ j   N − 1   d ( i , k | j )  











The dependency matrix D is constructed from the dependencies between variables, where each element D (i, j) represents the dependency of variable i on variable j. Unlike the correlation matrix, the dependency matrix is asymmetric because the influence of variable j on variable i may not be equal to the influence of variable i on variable j. The dependency matrix allows us to create a directed dependency network, which reveals the flow of influence among variables in the system. This network differs from the minimum spanning tree (MST) as it captures directed relationships.





5. Results and Discussion


5.1. Entropy Measures


In this section, we quantified the randomness in economic policy uncertainty indices by utilizing the normalized Shannon entropy. Figure 1 shows the normalized entropy values for the indices. From Figure 1, the Netherlands has the lowest entropy value at 0.461, whereas Greece has the highest value at 0.81. The Netherlands is followed by Ireland (0.482), China (0.505), Spain (0.508), and the USA (0.55), respectively. On the other hand, Greece is followed by the United Kingdom (0.804) and Sweden (0.795). While South America is found to have the highest average entropy value of 0.69, North America has the lowest entropy value of 0.63. The average entropy values for Asia, Europe, and Australia are 0.65, 0.66, and 0.68 in ascending order, respectively.



The entropy measure yields a non-negative number to a time series, with higher scores indicating a greater degree of obvious process randomness or serial disorder and lower results indicating more observations of clearly identifiable features or patterns in the data. Consequently, countries with low entropy levels (Netherlands, Ireland, China, Spain, and the United States) are easy to predict, in contrast to countries (Greece, United Kingdom, and Sweden) with high entropy, for which forecasting should need more complicated techniques and algorithms. Korea (0.647), France (0.661), Russia (0.666), Australia (0.675), Brazil (0.686), Italy (0.688), Colombia (0.689), Denmark (0.697), India (0.699), Chile (0.706), Germany (0.707), and Canada (0.709) have very close entropy measures indicating that similar pattern diversity and information content for these countries.



The assessment of the Shannon entropy for EPU data enables us to gauge the level of uncertainty or information embedded within policy uncertainty levels across various countries. When a country’s entropy value is high, it indicates that its policy uncertainty is comprised of a wider range of outcomes or a more diverse distribution of uncertainty. Thus, there is a greater degree of variability or unpredictability in the policy-related events or factors that affect that country. However, if a country has a low entropy value, it implies that its EPU is more concentrated or limited in terms of possible outcomes. This may mean that the policy environment is more stable or predictable, with fewer sources of uncertainty or fewer variations in events related to policy-related events.



Accordingly, high entropy values reflect a greater level of uncertainty and information content, reflecting a wider range of policy-related outcomes and events. A low entropy value, on the other hand, indicates a lower level of uncertainty and a more concentrated distribution of policy uncertainty outcomes. The interpretation of entropy values within the context of EPU facilitates a comparative assessment of the diversity and predictability of policy uncertainty across different countries.




5.2. The Network


The mutual information-based MST and PMFG are shown in Figure 2. A color has been assigned to each country according to its geographical location. Specifically, Australia (grey), South America (green), North America (yellow), Europe (cyan), and Asia (brown).



The analysis reveals significant patterns of geographic connectivity in both networks, underscoring the influential role of US policymaking on a global scale. Within the PMFG network, a noteworthy observation is the close association between uncertainty levels in North America and South America. Additionally, there is evidence of interdependence among European countries, with uncertainty in one nation closely linked to that of others. Notably, France’s policymaking uncertainty exerts a crucial influence within the European region. Direct linkages between the US and several European countries, namely Germany, France, the United Kingdom, Sweden, and Spain, are evident, with other European nations indirectly connected to the US via these intermediary countries.



Examining the MST network, it becomes apparent that Korea stands as the sole country directly linked to the United States. However, upon closer examination using the PMFG approach, it is discovered that Korea, along with India and Japan, also maintains direct connections with the United States. Moreover, compelling evidence indicates that Chinese policy uncertainty exhibits a stronger association with European policy uncertainty than with the policy uncertainties of other nations.



When comparing our study’s findings with those of (Marfatia et al. 2020), we observed noteworthy similarities and variations. They identified uncertainty in German policymaking as playing the most crucial role in the European region. However, our analysis using the PMFG network reveals a different outcome, indicating that this role is assumed by France as the number of networked connections expands.



Furthermore, they found that Asian economies were not directly linked to the United States and were more closely connected to European economies, based solely on the MST network. In contrast, our examination using the PMFG network demonstrates that Asian economies, with the exception of China, are directly associated with US economic and political uncertainty.



Another distinct finding is that France and the United Kingdom are influenced by shocks originating from the United States through Germany. In contrast, within the PMFG framework, it becomes apparent that these countries establish direct connections with the USA. These discrepancies may arise from the broader data set employed in our study and methodological variances. Marfatia et al. (2020) utilized the monthly EPU index developed by Baker et al. (2016) for a sample period spanning from January 1998 to May 2018, encompassing 17 leading developed and emerging economies.




5.3. Network Centrality Measures


In network analysis, centrality indices are used to measure the importance of nodes in a network. Many metrics have been proposed to measure centrality for network analysis since importance can be interpreted differently depending on the context. Most centrality measures are associated with social network analysis, and many of the terms used to describe centrality indicate their origins in sociology. This method can be applied in many different ways outside of social media network analysis, notably biology, computer science, urban networks, physics, finance, the Internet, and the detection of super-spreaders of a disease (Newman 2002).



Identifying contagion within a network is a compelling challenge, particularly in large networks. Nodes within the network assume diverse roles, ranging from active spreaders to neutral entities. The impact of contagion is influenced by the network’s topology, which provides certain nodes with advantages in terms of spreading the contagion. However, it is important to note that there is currently no universal model, formal procedure, or methodology for identifying the optimal measurements in a network (Dey et al. 2019).



The relative importance of a node within a network is ranked based on its centrality indices in the study of network analysis. There has been a wide variety of metrics proposed to measure centrality for network analysis because importance varies depending on the context. We computed four different measures of centrality: degree centrality, closeness centrality, betweenness centrality, and eigenvector centrality. These results are shown in Figure 3. Based on the degree of centrality, the most important country is the one that shares a great deal of information with other countries in the network. By inspecting Figure 3, it is evident that the US has the highest degree of centrality (15 nodes), followed by France (12 nodes), the United Kingdom (11 nodes), and Germany (8 nodes). Global uncertainty is dominated by uncertainty surrounding the economic policies of these four countries. This means these countries can influence the rest of the world in the event of a crisis that would spread shocks throughout the system.



With high betweenness scores, these countries will serve as intermediaries in transferring information between countries in the network. During times of crisis, they spread uncertainty from one tightly connected region to another region. For a weighted network, betweenness centrality is measured as follows:


    B C  v  =   ∑   i , j ≠ v  N     σ  i j    v     σ  i j      








where    σ  i j     refers to the number of shortest paths connecting node    v i    and    v j   , and    σ  i j    v    is the number of shortest paths from    v i    to    v j    passing though node v (Freeman 1977). The results from betweenness centrality indicate that the USA has the highest betweenness score, followed by the United Kingdom and France.



Based on the evidence, Korea and Russia’s policy uncertainties are least closely linked to uncertainties worldwide, while the USA, France, and the United Kingdom have relatively higher closeness scores and, therefore, are most closely linked to the PMFG.



Eigenvector centrality is a natural extension of degree centrality; however, beyond first-degree ties, it calculates the number of links their connections have, etc. (Bonacich 1987). This metric is particularly useful if a node is connected to nodes with a high degree yet has a low degree, thus having an indirect influence on other nodes. In eigenvector analysis, a high score indicates that a node is connected to other nodes with high scores. A node with a high degree score may not necessarily have a relatively high eigenvector centrality score if most of those links involve low-scoring ones.



Eigenvector centrality considers not only the direct connections of a country but also the connections of its neighboring countries. It assigns a higher centrality score to a country if it is connected to other influential countries. By employing eigenvector centrality, we can determine countries that have a significant impact on the overall network dynamics. A country with a high eigenvector centrality score is not only directly connected to other important countries but is also connected to countries that themselves have high centrality. This indicates that the influence of the country ripples through the network, affecting other countries that are closely connected to it.



High eigenvector centrality indicates that a country has strong connections to other important and influential countries in the network. These connections represent potential channels for the transmission of shocks or spillover effects. Understanding the pattern of eigenvector centrality helps identify the pathways through which economic disturbances can propagate and affect other parts of the network. Clearly, the eigenvector centrality of the USA is the highest, followed by France.



The countries with low centrality scores may have less influence on the overall network dynamics and may provide a certain degree of insulation from systemic risks or spillover effects. They may be considered more resistant to external shocks and more dependent on local factors. Russia, Netherlands, and China are some examples in this case.




5.4. Network Community Structure


On the mesoscopic level, one can determine clusters of nodes that are strongly linked within each other but weakly linked with the remainder of the network. Interconnected groups are often referred to as communities, and they can exist in any number of different networks (Newman 2003).



Uncovering an underlying community structure in a network is essential for a few reasons. Firstly, an organization of the internal network at the coarse grain level becomes visible. The additional information obtained from this allows for the inference of special relationships between nodes that may not be as easily observable directly from empirical tests. Secondly, as individual communities act like meta-nodes in a network, we can use them to map large networks. Finally, it enables us to comprehend the characteristics of dynamic processes that occur in networks, such as the spread of disease and the diffusion of innovation (Fortunato 2010).



Several algorithms have been designed to identify communities. In this work, the edge-betweenness algorithm (EBC) is applied, in which communities are detected by iteratively removing edges with the largest betweenness scores to split a network into a hierarchy of nested communities (Newman 2004).



Figure 4 shows the discovered community structures of economic policy uncertainty across 21 developed and emerging economies. The colors correspond to the best partition found by optimizing the modularity of Newman (2002, 2003, 2004). Communities are also represented by the dendrogram, or hierarchical tree. Cutting the dendrogram horizontally corresponds to dividing the network into communities. The results of the community structure detection reveal that there are six communities. Based on the result, it appears that the communities recognize geographical ties between indices, with indices located in the same region connected to each other. While it appears that the communities recognize geographical ties between indices, some countries cluster with other countries located in different regions: Greece has her own cluster; Chile, South Korea, Republic of Ireland cluster with countries in North America; China is part of the European cluster and is tightly composed by European countries; Sweden is part of Asian cluster; the most interesting cluster is composed of Russia, the United Kingdom, Spain, Australia.




5.5. Dependency Network Analysis


The heat map in Figure 5 displays the dependency matrix of the complete data, where lighter colors represent higher dependency values. The matrix captures the influence of one country’s economic policy uncertainty (EPU) on the correlation between another country’s EPU and all other countries’ EPUs. The range of dependency matrix values lies between 0 and 0.1487. The figure highlights the prominent position of the US EPU in the dependency matrix, indicated by its highest net information flow (both incoming and outgoing). Among the countries receiving the most information from the US, Korea (0.149), Germany (0.134), Canada (0.129), France (0.127), Australia (0.125), and the United Kingdom (0.121) stand out as the top recipients.



When considering all available information, the dependency matrix can be considered as the complete network consisting of N*(N − 1)*(N − 2)/2 links. However, to simplify the system description and focus on the most robust information regarding the influence of specific countries on the partial-correlation structure, we applied the partial correlation threshold network (PCTN). The PCTN retains correlation influence values, denoted as d(X, Y: Z), that exceed a threshold specific to each influential stock Z. In our study, we chose a threshold value of 0.86 to preserve the top 20% of links with the highest values (Marfatia et al. 2020). This value strikes a balance, being high enough to ensure the PCTN is meaningful yet low enough to prevent excessive filtering resulting from partial correlation selection. Therefore, the selection of links is less affected by statistical uncertainties inherent in partial correlation estimates derived from finite-length time series.



Figure 6 represents the partial correlation threshold network for the 21 EPU data. We maintained the same color assignments for each country based on its geographical location, as performed previously. Figure 6 illustrates that while higher thresholds significantly reduce the number of links in the network, the dominance of the US remains qualitatively consistent. Furthermore, we observed that Russia and Ireland are not linked to any other countries and are disconnected from the rest of the network. It indicates that they do not play a key role in the influence correlations of other pairs, and other countries also do not have an influence on them either.



In a weighted directed network, each edge or connection between nodes is assigned a weight, which represents the strength or intensity of the relationship. In the context of the partial correlation threshold network (PCTN), we utilized the weighted outdegree measure as an approximation for assessing the influence of a country. Specifically, the weighted outdegree corresponds to the summation of weights associated with the directed links originating from the country and extending outward within the network.



The weighted indegree strength, on the other hand, refers to a measure that quantifies the total incoming weighted connections of a country in the network. The indegree strength of a node is calculated by summing up the weights of all the incoming connections to that node. Significant values of the weighted outdegree signify the substantial influence of a specific country within the system. Conversely, substantial values of the weighted indegree indicate that the country is significantly impacted by the economic uncertainty originating from other countries.



In Figure 7, the weighted indegree and outdegree of each country in the PCPG are displayed. The dominance of the USA, indicated by its highest weighted outdegree, clearly highlights its pivotal role in the system, implying its significant control or influence over other countries.



The difference between the weighted outdegree and the weighted indegree in a directed network is often referred to as the net flow or net influence of a node. It is calculated by subtracting the weighted indegree from the weighted outdegree. The net flow provides a measure of the overall influence or impact that a node has on the network, considering both the influence it exerts on other nodes (outdegree) and the influence it receives from other nodes (indegree). A positive net flow indicates that the node has a greater influence on the network, while a negative net flow suggests that the node is more influenced by other nodes than it influences them. In this context, the USA, Australia, Germany, South Korea, Japan, and the United Kingdom exert influence on the global EPU environment with a positive net dependence. Conversely, EPU levels of Colombia, Italy, India, Sweden, Spain, China, Netherlands, Greece, Denmark, Brazil, Chile, Canada, and France exhibit a negative net dependence, suggesting that these countries are influenced by external conditions or factors originating from other regions of the world. The findings of our study indicate that the United Kingdom exhibits characteristics of a net transmitter of information, contrary to the assertion made by Marfatia et al. (2020), suggesting the United Kingdom is a net receiver of policy uncertainty. The observed discrepancy in outcomes can potentially be attributed to the broader time span and more extensive inclusion of countries in our investigation compared to their study. Consequently, a more comprehensive understanding of the United Kingdom’s economic policy uncertainty (EPU) unfolds when considering the global spillover dynamics and incorporating a larger number of countries in the analysis.





6. Conclusions


As digitalization and globalization have intensified, each country’s economic and financial systems are becoming increasingly interconnected. As a result, the uncertainties and risks associated with the economies and financial systems of various countries impact those of other countries as well. Through this process, known as financial contagion, countries are more vulnerable to external crises. The purpose of this study is to identify the extent of contagion of economic policies between countries. By using information theory, in contrast to the studies in the literature, this study attempted to determine the hierarchy of degrees of randomness in the EPU indices. Obviously, there will be a situation involving maximum randomness, making it impossible to predict, but there will also be other situations with varying degrees of randomness, allowing us to order the data series using their complexity. This task can be carried out with the help of information theory. The information flow between the EPU indices was also investigated using the mutual information metric, and then these information flows were graphed using network theory to illustrate these relationships. Finally, the community detection analysis was conducted, and the countries were clustered based on the strength of the relationship between the EPU indices. In this respect, the study provides an original contribution to the literature.



By utilizing the EPU index data of 21 countries whose data were collected between 1997 and 2021, the research objective was to reveal the relationship between uncertainty in economic policies using entropy, complex networks, and mutual information. Entropy measures indicate that Netherlands and Ireland’s EPU indices are more predictable than other countries’ indices, i.e., they have less randomness than other indices. In contrast, the predictability of the EPU indices of Greece and the United Kingdom is lower than those of other countries. As a result of the complex network analysis, the relationship between the EPU indices was generally shaped by their geographic location. The US EPU index became the leading index with the strongest correlation with other EPU indices. In order of significance, the US EPU index is followed by the EPU indices of France, the United Kingdom, and Germany. The clustering analysis revealed six clusters. As a result of cluster analysis, Greece has been determined to have its own cluster. It was found that clustering is primarily formed by geographical relationships.



6.1. Policy Implication


The findings of the analysis suggest there is a serious contagion between the economic policies of the countries. This implies that no country is truly isolated from the global economic network. For instance, given the synchronization of the global economy, the decision(s) of leading developed countries such as the US central bank, i.e., the Federal Reserve System (FED), or the international apex organizations like the Organization of the Petroleum Exporting Countries (OPEC) plays a significant role in global economic policy, thus considered a critical factor contributing to global (un)certainty. The economic policies of the United States are observed to have serious influences on the economic policies of other countries. Consequently, it is crucial that policymakers in other countries take US policies into account when making decisions. Moreover, the analysis indicates that the uncertainties in the economic policies of the countries may be internal or external. As a result, authorities and policymakers need to closely monitor the contagion between countries’ economic policy uncertainties and develop modern measurement techniques and risk management strategies to assess the extent of this risk. In order to protect against these risks, policymakers should pay close attention to external uncertainties. A strong policy stance against such uncertainties has the potential to eliminate their negative effects on domestic economic activity.




6.2. Limitations and Future Recommendations


Although the result reveals important results for portfolio management, the investigation is without some limitations. For instance, the inclusion of financial assets from countries with weak contagion will reduce the portfolio’s risk, especially the systematic risk. In the future, studies will be conducted to reveal the effects of contagion between EPU indices on financial assets in the relevant countries. Additionally, utilizing the EPU to assess potential contagion among global economies has been critiqued on the basis that (i) the EPU indices are based on news reporting of events, and (ii) the news-based EPU indicators are only available for a limited number of countries. Future studies and implementation could utilize other economic and macroeconomic-based indicators, especially those that are not merely based on reports of news and event. Moreover, other complementary approaches, such as that of Diebold and Yilmaz (2012), could also be incorporated into future consideration.
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Figure 1. Normalized entropy values for the countries’ EPUs. 
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Figure 2. The mutual information-based MST (left) and PMFG (right) for the economic policy uncertainty indices of 21 countries. 






Figure 2. The mutual information-based MST (left) and PMFG (right) for the economic policy uncertainty indices of 21 countries.



[image: Economies 11 00201 g002]







[image: Economies 11 00201 g003 550] 





Figure 3. Centrality scores for the economic policy uncertainty indices of 21 countries: degree (top-left), betweenness (top-right), closeness (bottom-left), eigenvector centrality (bottom-right). 
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Figure 4. Community structure in the economic policy uncertainty indices network. Note: Colors correspond to the best partition found by optimizing the modularity of Newman (2002, 2003, 2004). 
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Figure 5. Heat map of the dependency matrix. 
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Figure 6. PCTN of the 21 EPU indices. 
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Figure 7. The weighted outdegrees and indegrees of countries in PCTN. 
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Table 1. Summary statistics of the EPU differences.
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	Country
	Mean
	Std. Dev.
	Skewness
	Kurtosis
	Jarque-Bera
	ADF





	Australia
	0.0801
	0.44025
	1.55584
	7.58901
	374.02
	−8.3464



	Brazil
	0.12665
	0.5813
	1.72928
	7.82192
	428.42
	−7.4427



	Canada
	0.04467
	0.31463
	1.18554
	5.44672
	141.24
	−8.4481



	Chile
	0.05496
	0.35533
	1.14457
	5.5075
	140.25
	−7.6576



	China
	0.17024
	0.75913
	3.1027
	18.99711
	3582
	−7.3963



	Colombia
	0.04758
	0.33781
	1.7345
	8.57913
	525.12
	−7.9036



	Denmark
	0.03005
	0.25271
	1.45918
	6.97582
	295.94
	−8.5354



	France
	0.09008
	0.49949
	2.17256
	9.97184
	821.09
	−7.6452



	Germany
	0.08433
	0.46466
	1.66471
	7.42764
	373.38
	−8.2038



	Greece
	0.02315
	0.22841
	0.67842
	3.83557
	30.894
	−8.421



	India
	0.06694
	0.40569
	1.50357
	7.1962
	324.25
	−6.4583



	Republic of Ireland
	0.21549
	0.92969
	3.22931
	17.66061
	3122.5
	−6.9034



	Italy
	0.05385
	0.37045
	1.5606
	7.96343
	418.26
	−8.857



	Japan
	0.01835
	0.20172
	0.78902
	4.87705
	73.165
	−8.0456



	South Korea
	0.06975
	0.42595
	1.9616
	9.50774
	702.53
	−7.5075



	Netherlands
	0.05968
	0.4306
	4.11932
	37.55302
	15352
	−7.2358



	Russia
	0.22891
	0.836
	1.7605
	7.05854
	351.24
	−7.1467



	Spain
	0.02239
	0.20964
	2.81701
	20.24545
	4004.6
	−8.9036



	Sweden
	0.01434
	0.18026
	0.90455
	4.60329
	71.095
	−9.1013



	The United Kingdom
	0.04995
	0.32346
	0.96492
	4.39815
	69.096
	−6.3106



	The United States of America
	0.05097
	0.35336
	2.78908
	16.51078
	2599.5
	−8.7429
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