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Abstract 

The Brexit referendum has impacted both the UK and the EU economies in several ways. The 

uncertainty around Brexit highlighted the importance of a relationships network between directors 
of companies to access information and resources that are necessary for optimal decision making. 

It is difficult to develop informed business and economy policies without a deep understanding of 

the magnitude of Brexit on business-to-business relationships with EU-based firms. This study 
aims to analyze the impact of the passage of the Brexit referendum on the evolution of board 

interlock networks. The study uses network analysis to measure the evolution of UK-EU directors’ 

relationships over the Brexit period, predominantly between the 2010 and 2020 period. The study 
models the structural changes in dynamic networks by converting this evolving network into static 

graphs on yearly basis. The analysis indicates that links formation in the UK is affected negatively 

by the Brexit referendum. It also has a negative impact on forming a new link with potential 
companies’ directors in the EU, but it shows a rising tendency for shared affiliation bias analysis. 

Interestingly, the contradicted trend in 2007, the number of directors’ connection in consumer 

service and food & drug sectors was decreasing in the UK while rocketing in the EU. 
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1- Introduction 

The Brexit referendum in 2016 with 51.9% of voters agreed to leave the European Union (EU) has affected economy 

sector. It might limit the movement of capital, because being the member of EU will make it easier for the investor to 

invest from other EU countries to UK [1]. Next, leaving the EU Single Market might result the UK export platform 

becoming less attractive and could not take advantage of the borderless trade with other members of EU [1, 2]. And the 

last, for multinationals companies, it might cause a problem since they have complex supply chain systems and extensive 

co-ordination processes between the head office and their subsidiary [2]. It is proven that a diverse set of interpersonal 

relationships with suppliers positively impacts supply-side resilience [3]. In addition, the perseverance of corporates 

elites is formed by the connection of the directors [4, 5]. The companies tend to occupy the board position from their 

coalition partners [6]. These connections are shaped to spread the latest and important information and also the best 

managerial policy [7-10]. 

In a globalized world, social networks take an inseparable role in everyday professional life. Nowadays, professionals 

experience a situation where tremendous amount of data are made available for analysis and support decision making 

due to the fast development of information and communication technologies. Nevertheless, not every question can be 
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easily answered by skimming through the data, simply because it needs to be systematically analyzed and visualized to 

create an informative model. Withers et al. (2018) and Lang & Lockhart (1990) [6, 11] proved that social network could 

be used to find the impact of environmental changes on the evolution of the board interlock network.  

Many researchers give their attention to statistical perspective while ignoring the social network's dynamic and time 

constraints [12, 13]. Although dynamic network research is not as popular as static network study, network dynamic 

could capture missing elements which static networks could not provide [14]. The concept of network evolution and the 

way networks form have been gaining considerable attention in academia mostly due to its pertinence to the development 

of various popular research such as big data processing [29], information diffusion in social networks [30], distributed 

search [31], evolution pattern mining on dynamic social network [32] and knowledge exchange and innovation through 

dynamic social network lens [33]. Examining dynamic social networks overcomes the static network problems. Firstly, 

dynamic network will provide more accurate information compared to a static network. Secondly, static network could 

not reveal the pattern of change in the network while dynamic network could. Thirdly, dynamic networks are crucial if 

the network relationship between transmission probability and edge weight is non-linear. Lastly, dynamic social is 

effective in dense network interaction between the nodes.  

In this paper, the researchers analyzed the effect of UK Brexit to the evolution of connection between directors in UK 

and EU, discovered the sector most affected and having a significant impact after Brexit. The probability of making a 

relation between the directors in the future is increasing in accordance with the number of mutual friends that can be 

applied by cyclic closure bias and triadic closure bias [15]. This study concentrates on the evolve of the social network 

[15, 16] and the impact of Brexit [17-19]. It will contribute to board interlock networks [6, 15, 16, 20, 21] and explain 

the evolution of directors establishing a new connection and removing a connection to face the UK Brexit. The 

inspiration to pursue this study stems directly from the precursor to this study conducted by Shahgholian, et al. (2012) 

where the authors examined the evolution of UK directors’ social network. They found that directors who are not 

connected directly in specific year and have only a single intermediary between them are more likely to form a 

connection in the future than the directors with two intermediaries [15]. Today, we are in the post-Brexit stage and 

companies have already experienced the uncertainty through various stages of the Brexit. Directors and companies were 

really more than before on their social network links to access to other companies’ experiences and timely information 

which are critical for decision making. This research aims to explore whether Brexit referendum has impacted the 

relationship between directors in the UK and their counterparts in the EU. We are specially examine to what extent 

business relations were impacted and which sectors are most affected. The rest of this paper is organized as follows. 

Section (2) Related Works: summarizes the related work on the previous literature. Section (3) Research Methodology: 

illustrates the research methodology, including dataset and measurement, and the research flow. Section (4) Results and 

Analysis: explains the results of this study. Section (5) Conclusions: concludes the paper. 

2- Related Works 

In corporate governance, board capital consists of human capital and social capital. Human capital is a set of skills 

and knowledge developed through education, training and political experience [22, 23]. Professionals' experiences also 

form human capital in the business environment. Social capital of the board is creating through appointing outside 

directors, which creates board interlocks where a tie between two boards are established. In another study, Coleman 

(1988) in his book explained the process of social capital [24]. He stated that an essential form of social capital is the 

information that exists on social relations. This can be used for other purposes, such as for obtaining information at 

minimum cost. Board social capital can provide new resources, exchange information, and build connections with other 

firms [25].Outside directors build their social capital to obtain external resources and leverage their experience and skills 

[26]. Recently, the role of board interlocks are examined in relation various aspects of their companies such as firm 

performance [34], GHG emission [35] and utilizing new technologies [36]. Mizruchi (1996) argued that interlocking 

directors is a way to diffuse their influence, increase their centrality and other variety of reasons (i.e. collusion, 

legitimacy, social cohesion, etc.) [27]. There have been multiple comparative studies that analysed evolving director 

networks in the following directions: before and after a crucial decision has been made [37], and the effect of board 

interlocks on short-term and long-term market behaviour [38]. Kurt & Kurt (2020) also highlighted the role of 

companies’ social network in international business [39]. 

Several studies have examined how a major environmental change contributes significantly in forming the board 
interlocking network. Lang and Lockhart (1990) found that deregulation of the airline industry creating uncertainty 
positively impacts directors interlocking among the rivalry [11]. Another study conducted by Withers and Howard 
(2018), involving 220 companies examined the effect of Sarbanes-Oxley (SOX) legislation of 2002 on the market for 
the boards as well as the evolution of the board interlock network [6]. The study found that the change of regulation 
affects the social relation between the directors. More recent research from Shahgholian, et al. (2012) studied the 
evolution of UK directors in a period of twelve years using the dataset from BoardEx [15]. The study calculates two 
measures, namely shortest path length and number of shared affiliations, in different year snapshots. They confirmed the 
result from an earlier study conducted by Kossinets & Watts (2006) argued that the number of mutual friends and the 
strong tie with those friends leads to the creation of links in companies [16]. 
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3- Research Methodology  

3-1- Dataset 

The research focuses on the periods around pre, during and post Brexit referendum and execution. The time line of 

Brexit is shown in Figure 1. 

 

Figure 1. Brexit Timeline 

This study used a quantitative approach with a survey research strategy based on secondary data. The data is collected 

from BoardEX, a comprehensive database containing profiles for more than one million managers and directors 

worldwide. The data source contains two sets of data. The first one includes the directors’ profile in United Kingdom 

companies, and the other one gives information about the boards in European Union companies. The research focuses 

on the data between 2010 and 2020 to find the effect before and after Brexit. Figure 2 presents the research methodology 

steps. 

 

Figure 2. Research Methodology Steps 

3-2- Structure 

This study is carried out to determine the social network of board directors. The data can be grouped by the 

“DateStartRole” and “DateEndRole” in a 11-year range, from 2010-2020 to analyze the evolution of the network. The 

data is classified in PostgreSQL, and the result is exported to each year table. To create the bond among the directors, 

the term “Current Employment Network” defined by Shahgholian, et al. (2012) [15] is followed. Next, creating the list 

of directors or the nodes which involved in the network to develop the network system by filtering the “BrdPosition” 

and creating a connection between the board with the same “Companyld” field each year to decide the director which 

was working in the same organization.  

Analysis in this study mainly builds upon scrutinizing the formation of new links between a set of directors in UK 

and EU over the years. The first step is transforming the structure of the network into a static graph at different yearly 

basis snapshots of network from 2010 to 2020. Furthermore, the pattern of evolution between two consecutive year 

needs to find and then compare the generated snapshots in the UK and EU. Details of the three sets of network measures 

that will be quantified are as follows. 

Cyclic Closure Bias 

This measure is used to find the actual probability of a pair of directors who previously did not know and at X distance 

apart will form a new connection in the future. The example is shown in Figure 1. 
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Figure 3. Cyclic Closure Bias 

The distances of two and three are used for unacquainted directors to determine any pattern of closure based on 

distances and applied in “Current Employment Network” to find out the current trend between the UK and EU from 

2010 to 2020. The number of pairs of directors with the distance two and three is calculated using the NetworkX library 

in Python. Firstly, the network is built by adding the nodes and edges for each year into the graph where nodes are 

companies and edges are interlock links between them. Next, an iteration process for each node is paired with other 

nodes to get the shortest path of them using the “all_pairs_shortest_path_length” function and stored it into a csv file. 

The csv file is imported to PostgresSQL and runs a query to find the pair of nodesthat have a distance of two and three 

in the network. 

Triadic Closure Bias 

This measure used to the actual probability of a pair of directors who are previously not acquainted will form a new 

connection in the future based on their shared affiliations. The example is shown in Figure 2. 

 

Figure 4. Triadic Closure Bias 

This measure uses 1, 2, 3, 4, and >= 5 mutual friends to disclose the empirical probability of triadic closure for the 

pair of directors. The result of various number of shared connections will be utilized to determine the effect of number 

of connection on forming a new connection of two directors at some point in the future which previously were 

disconnected. The number of mutual friends between the directors with 5 categories (1-5 shared friends) are calculated 

using NetworkX library in Python. Firstly, the networks are built by adding the nodes and edges for each year into the 

graph. Next, an iteration process for each node is paired with other nodes to check their same friends using 

“common_neighbors” function and stored in a csv file. The csv file is imported to PostgresSQL and runs a query to find 

the pair of nodes that have shared connections of 1, 2, 3, 4, >=5 in the network. 

Number of Edges 

The number of edges is compared within the “sector” field to know the sector most affected by Brexit in UK, and 

EU. However, in this BoardEX dataset, not all the rows in the “sector” field has a value. Some of them are “NULL”. 

Hence, the “Current Employment Network” term is still used, but “sector” field filtering is added for this case. Firstly, 

the “BrdPosition” field that contains “Yes” and “Inside” values are filtered to get the boards that have an active role 

such as “Trustee”, “Chairman”, or “Advisor” and create a connection between the board with the same “Companyld” 

field each year. Next, another filter that only gets the row with “NOT NULL” value is added to determine the director 
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working in the same organization and sector. Furthermore, the queries are created to generate the edges with the sectors 

and imported into PostgresSQL. 

4- Results and Discussion 

4-1- Network Point of View Using Cyclic Closure Bias 

The following part depicts the results and analysis of cyclic closure for the Current Employment Network of boards 

for two regions with two different shortest path distances over the period of eleven years. 

Result 

The network evaluation of cyclic closure bias for the Current Employment Network over a ten years of the UK region 

presented in Table 1 and Table 2 depicts the network evolution for the EU region. For each row in every table, Yi in the 

first column denotes the year in which the boards with the shortest path distance of length 2 and 3 is evaluated in the 

network. Yi+1 in the second column represents the new links formed between the boards in the next year, which will be 

evaluated. 

Analysis 

From Table 1 and Table 2, it can be clearly seen that the probability of the directors separated with two mediators 

(Dd1-d2 = 3) is 5 to 9 times for the UK region and 8 to 12 times for the EU region less than those with one mediator 

(Dd1-d2 = 2). It confirms the statement stated in the previous literature. Shahgholian, et al. (2012) and Kossinets & 

Watts (2006) argued that the directors separated with a single intermediary is more likely to create a new connection at 

some point in the future compared to the directors with two mediators [15, 16]. 

Table 1. Cyclic Closure Bias Evaluation in UK 

Yi Yi+1 

Dd1-d2 = 2 Dd1-d2 = 3 

ΔF = 

F2/F3 Possible Pairs 

in (Yi,P2) 

Pairs Connected 

in (Yi+1,C2) 

Fraction Pairs 

Connected F2 

= C2/P2 

Possible Pairs 

in (Yi,P3) 

Pairs Connected 

in (Yi+1,C3) 

Fraction Pairs 

connected  

F3 = C3/P3 

2010 2011 430.513 541 0.0012566 2.474.349 617 0.0002494 5.04 

2011 2012 441.516 672 0.001522 2.563.832 593 0.0002313 6.58 

2012 2013 477.756 749 0.0015677 2.807.450 614 0.0002187 7.17 

2013 2014 502.893 774 0.0015391 2.978.066 748 0.0002512 6.13 

2014 2015 558.503 908 0.0016258 3.455.385 894 0.0002587 6.28 

2015 2016 606.750 1325 0.0021838 3.771.168 887 0.0002352 9.28 

2016 2017 633.374 1106 0.0017462 3.808.790 1012 0.0002657 6.57 

2017 2018 634.499 1112 0.0017526 3.834.891 1081 0.0002819 6.22 

2018 2019 638.340 1025 0.0016057 3.838.075 900 0.0002345 6.85 

2019 2020 618.853 521 0.0008419 3.608.086 355 0.0000984 8.56 

Table 2. Cyclic Closure Bias Evaluation in EU 

Yi Yi+1 

Dd1-d2 = 2 Dd1-d2 = 3 

ΔF = 

F2/F3 Possible Pairs 

in (Yi,P2) 

Pairs Connected 

in (Yi+1,C2) 

Fraction Pairs 

Connected F2 

= C2/P2 

Possible Pairs 

in (Yi,P3) 

Pairs Connected 

in (Yi+1,C3) 

Fraction Pairs 

connected  

F3 = C3/P3 

2010 2011 1.809.281 3709 0.00205 13.207.229 2363 0.0001789 11.46 

2011 2012 1.945.776 4295 0.0022073 14.498.705 2898 0.0001999 11.04 

2012 2013 2.056.446 4705 0.0022879 15.374.492 2821 0.0001835 12.47 

2013 2014 2.052.890 4340 0.0021141 15.257.973 2799 0.0001834 11.52 

2014 2015 2.039.499 4850 0.002378 15.232.368 2855 0.0001874 12.69 

2015 2016 2.057.903 4631 0.0022503 15.245.845 3081 0.0002021 11.14 

2016 2017 2.123.494 4530 0.0021333 15.749.038 2783 0.0001767 12.07 

2017 2018 2.110.340 4312 0.0020433 15.236.984 2990 0.0001962 10.41 

2018 2019 2.146.928 3531 0.0016447 15.392.923 2425 0.0001575 10.44 

2019 2020 1.962.868 889 0.0004529 13.633.095 731 0.0000536 8.45 
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The total number of director pairs with the shortest path distance of lengths 2 and 3 are represented by P2 and P3, 

respectively. The total number of director pairs of lengths 2 and 3 that created a new pair in year Yi+1 are represented 

by C2 and C3, respectively. F2 and F3 represent the fraction or the empirical probability of the boards which connected 

each year with the shortest path distance of lengths 2 and 3 accordingly. The likeliness of F2 over F3 is represented by 

∆F. 

Figure 3 shows the comparison of empirical probability forming a new link between the directors in the UK and EU 

with the shortest path distance of lengths 2 and 3 over a ten years. As it can be observed from Figure 3, there is an 

upward trend of the probability of creating a new connection from 2011 to 2016 for a distance of 2 for the UK region. 

The empirical probability is counted for 0.0012566 in 2011 and climb to 0.0016258 in 2015. Next, there is a significant 

surge, with almost 35 percent in 2016. At this point, the trend reversed. It starts to decrease remarkably from 0.0021838 

in 2016 to 0.0017462 or decline about 20 percent in 2017 and starts to fall over the year. 

Overall the probability of creating a new connection in the EU with 1 intermediary is fluctuated throughout the year 

from 2011 to 2015 and reach 0.0023780 in the same year. However, it has a downward trend after 2015. As it can be 

observed from the Figure 4, there is a fluctuated trend of probability of creating a new connection from 2011 to 2018 

for distance of 3 for the UK and EU region. The empirical probability is counted for 0.0002494 for the UK region and 

0.0001789 for the EU region in 2011. For the UK region, the probability reaches the lowest point with 0.0002187 in 

2013 and reach the peak 2018 counted for 0.0002819. After 2018, the probability declines sharply over the years. While 

in the EU region, it hit a high-point in 2016 with 0.0002021 and similar to the UK region, it has started to fall after 2018. 

(a)

  

(b)

  

Figure 5. Comparison Analysis for Cyclic Closure Bias: (a) Cyclic Closure Bias with Distance = 2; (b) Cyclic Closure Bias 

with Distance = 3 
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4-2- Network Point of View using Shared Affiliation Bias 

The following part depicts the results and analysis of shared affiliation bias for the Current Employment Network of 

boards for two regions with five different categories of mutual friends over the period of eleven years. 

Result 

The network evaluation of shared affiliation bias for the Current Employment Network over a 10 year of the UK 

region is presented in Tables 3 and 4 depicts the network evolution for EU region. For each row in every table, Yi in the 

first column denotes the year in which the boards with mutual friends of 1, 2, 3, 4, >= 5 is evaluated in the network. 

Yi+1 in the second column represents the new links formed between the boards in the next year, which will be evaluated. 

F1, F2, F3, F4, and F5 represent the fraction of the empirical probability of the boards which possibly connected in year 

Yi and actually connected next year with mutual friends of 1, 2, 3, 4, and >=5. 

Table 3. Shared Affiliation Bias Evaluation in UK 

Yi Yi+1 
Fraction Pairs 

Connected for Mutual 

Friends = 1 (F1) 

Fraction Pairs 

Connected for Mutual 

Friends = 2 (F2) 

Fraction Pairs 

Connected for Mutual 

Friends = 3 (F3) 

Fraction Pairs 

Connected for Mutual 

Friends = 4 (F4) 

Fraction Pairs 

Connected for Mutual 

Friends >= 5 (F5) 

2010 2011 0.0105798 0.1751171 0.4122511 0.4762096 0.4825119 

2011 2012 0.0108542 0.1900783 0.4362467 0.4674809 0.4763202 

2012 2013 0.0105499 0.1702143 0.3497335 0.4482123 0.4655517 

2013 2014 0.010134 0.1610227 0.3697479 0.4458562 0.4563724 

2014 2015 0.0094752 0.1463159 0.3618207 0.4348103 0.4455099 

2015 2016 0.0095219 0.1424592 0.3286484 0.4091498 0.4402701 

2016 2017 0.0091475 0.1309491 0.2822286 0.3867484 0.4263204 

2017 2018 0.0092217 0.1368488 0.3476175 0.4333189 0.4443532 

2018 2019 0.008813 0.1492346 0.3086817 0.403155 0.4578702 

2019 2020 0.0083158 0.139275 0.3053207 0.4147939 0.4608833 

Table 4. Shared Affiliation Bias Evaluation in EU 

Yi Yi+1 
Fraction Pairs 

Connected for Mutual 

Friends = 1 (F1) 

Fraction Pairs 

Connected for Mutual 

Friends = 2 (F2) 

Fraction Pairs 

Connected for Mutual 

Friends = 3 (F3) 

Fraction Pairs 

Connected for Mutual 

Friends = 4 (F4) 

Fraction Pairs 

Connected for Mutual 

Friends >= 5 (F5) 

2010 2011 0.0048997 0.0314609 0.0992321 0.1930776 0.4713363 

2011 2012 0.0046948 0.0323243 0.0995143 0.1971716 0.4424435 

2012 2013 0.0046361 0.0310196 0.0902135 0.1878699 0.4096094 

2013 2014 0.0045566 0.0303604 0.1019512 0.1827215 0.4180874 

2014 2015 0.0048533 0.0336583 0.1161154 0.2100379 0.4266714 

2015 2016 0.004837 0.0352589 0.1221848 0.2259818 0.425948 

2016 2017 0.004693 0.0332242 0.1240886 0.2363438 0.4346562 

2017 2018 0.004667 0.0364793 0.1229338 0.2430999 0.4427503 

2018 2019 0.004255 0.0348411 0.1258071 0.2505542 0.4463982 

2019 2020 0.0038619 0.0365821 0.1464855 0.2446071 0.4739395 

Analysis 

From Table 3 and Table 4, it can be clearly seen that the probability of the directors forming a link in the future tends 

to increase with increasing the number of mutual friends between any two unrelated boards. It confirms the statement 

stated in the previous literature. Shahgholian, et al. (2012) and Kossinets & Watts (2006) argued that the number of 

mutual affiliations increases the chances of forming a link between the boards at some point in the future [15, 16]. Figure 

4 shows the graphs of empirical probability forming a new link between the directors with shared affiliations of 1, 2, 3, 

4, and >= 5 from the year 2014 to 2020 in UK and EU region. As it can be observed from the two graphs, it shows an 

upward trend which means the chance of a pair of directors making a connection in the future increase with the increase 

in the number of mutual friends. However, it is noticed that in Figure 4, the probability of making a new tie of the 

director with sharing the same friends in UK for 2014 and 2015 are higher compared to 2016, then it starts to fall after 

2016, except in 2018. While in Figure 4, the probability of forming a link between the boards in EU region in 2014 and 

2015 are lower than in 2016. Then generally, from 2017 to 2020, the chance of making a link is better. 
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(a)  

(b)  

Figure 6. Comparison Analysis for Shared Affiliation Bias Analysis in yearly basis: (a) Shared Affiliation Bias Analysis in 

the UK; (b) Shared Affiliation Bias Analysis in the E.U. 

Overall the probability of creating a new connection in EU with 1 intermediary is fluctuated throughout the year from 

2011 to 2015 and reach 0.0023780 in the same year. However, it has a downward trend after 2015. As it can be observed 

from the Figure 4, there is a fluctuated trend of the probability of creating a new connection from 2011 to 2018 for 

distance of 3 for the UK and EU regions. The empirical probability is counted for 0.0002494 for UK region and 

0.0001789 for EU region in 2011. For the UK region, the probability reaches the lowest point with 0.0002187 in 2013 

and reaches the peak in 2018 counted for 0.0002819. After 2018, the probability declines sharply over years. While in 

the EU region, it hit a high-point in 2016 with 0.0002021 and similar to the UK region, it has started to fall after 2018. 

4-3- Interpretation of Cyclic Closure and Shared Affiliations Bias 

The research concludes that the Brexit referendum in 2016 has a negative impact on forming a new connection of the 

directors in the UK since the empirical probability in the UK is declining after 2016 for the shortest path distance of 

lengths of 2 and after 2018 for the shortest path distance of the length of 3. In addition, the chance of forming a link 

based on various mutual friends is lower in general after 2016 except in 2018. However, it is arguably that the EU region 

was negatively affected by the Brexit referendum. Since the graphs demonstrate a negative trend of chances of making 

a new link in the EU region after Brexit referendum for cyclic closure bias analysis both for the length of 2 and, while 

it shows a rising tendency for shared affiliations bias after 2016. 
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4-4- Comparison of the Number of Edges with Sector 

Also the research found that the Brexit referendum in 2016 has a negative impact on forming a new connection of 

the directors in the UK since the empirical probability in UK is declining after 2016 for the shortest path distance of the 

length of 2 and after 2018 for the shortest path distance of the length of 3. In addition, the chance of forming a link based 

on various mutual friends is lower in general after 2016 except in 2018. 

Result 

Although only one third of the data containing sector information, the researchers grouped the data into 52 sectors 

with the total number of edges that found varied between 65.000 to 90.000 rows each year for the UK region while the 

total number of edges that found is varied between 165.000 to 244.000 rows each year for the EU region. 

Analysis 

As shown in Figure 5, the number of edges of banks sector hit a peak in 2013, then the number started to plateau 

until 2017 and dropped gradually over years while the number of edges of banks sector in the UK steadily increases 

from 2010 to 2019. 

   

Figure 7. Comparison Analysis for the Number of Edges in the Bank Sector 

As shown in Figure 6, the number of edges in UK for the consumer service sector is 290 in 2010. It started to climb 

and reach its highest point at 603 edges in 2017. Then it drops significantly for almost 25 percent in 2019 compared to 

2017. On the other hand, it increases gradually in EU from 2010 to 2015. Then it has slight drop in 2016 before it starts 

to grow sharply for about 68 percent from 2016 to 2018. Similarly, in the business service sector, the number of edges 

in UK increase moderately but declined after 2017 while it kept growing over the years for the EU region. 
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(b)  

Figure 8. Comparison Analysis for the Number of Edges: (a) Analysis for the Number of Edges in the Consumer Service 

Sector; (b) Analysis for the Number of Edges in the Business Service Sector 

In the food & drug sector as shown in Figure 7, the number of edges In EU is increasing gradually in general. Even 

though it fell in 2016, the number of edges reached its highest point in 2018. On the other hand, in UK, it rises steadily 

to end up at 700 edges in 2015 and start to drop over the years. 

   

Figure 9. Comparison Analysis for the Number of Edges in Food & Drug Sector 

4-5- Interpretation of the Number of Edges between Sectors 

Generally, the impact of Brexit is more obvious in the EU rather than in the UK, The consumer service sector, is the 

most affected by the evolution of directors’ connections after Brexit. The graph indicates a sharp increasing after 2017 

in EU while it shows a downward trend in the UK. 

Consumer service sector is the most affected on the evolution of directors’ connection after Brexit and showing a 

sharp positive trend after 2017 in EU while indicating a negative trend in UK Similarly, the food & drug sector showing 

equal trend with consumer service sector. While bank sector displays an opposite trend compared to consumer the two 

previous sectors. The Brexit referendum creates a major uncertainty for the banking and financial service industry in 

EU [28]. For example, in Cyprus, UK-based banks borrowed an amount equal to more than 40 percent of GDP and lent 

to debtors in total the equivalent of over 30 percent of Cypriot GDP. 
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5- Conclusion 

We can accept that the Brexit referendum in 2016 has a negative impact on forming new connections between the 

directors in the UK since the empirical probability in the UK has declined after 2016 for the shortest path distance of 

length of 2 and after 2018 for the shortest path distance of length of 3. In addition, the chance of forming a link based 

on varies mutual friends is lower in general after 2016 except in 2018. However, it is arguably that the EU region 

negatively affected by the Brexit referendum. Since the graphs demonstrate a negative trend of chances of making a new 

link in the EU region after the Brexit referendum for cyclic closure bias analysis both for length of 2 and, while it shows 

a rising tendency for shared affiliations bias after 2016. To this end, the researchers found that consumer service sector 

is the most affected on the evolution of directors’ connections after Brexit. The graph indicates a sharp increasing after 

2017 in the EU while it shows a downward trend in the UK. Next, the second most affected is food & drug sector. It 

shows a steady fall after 2015 in the UK. On the other hand, the number of edges in the EU is showing a significant 

positive trend after 2014. Lastly, the bank sector, which has the highest number of edges in the network display an 

opposite trend compared to the two previous sectors. The trend of the bank sector in the UK is growing in 11 years while 

it shows a negative trend after 2016 in the EU. 
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