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This paper investigates the way social networks and social indicators of segregation interact 

and their relationship with income disparity for 426 towns and cities in Hungary. Three social 

indicators of segregation are used to capture different characteristics of social segregation in 

towns: (i) ethnic fragmentation, (ii) religious fragmentation, and (iii) education inequality. 

Using open-access data from Tóth et al. (2021), non-spatial and spatial two-stage least square 

models are estimated for income inequality at the town level. The study finds that these social 

segregation indicators positively correlate with income inequality through social network 

fragmentation. Also, the spatial model shows that income inequality has a strong spatial 

relationship across towns. 
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1. Introduction 

Rising income inequality remains one of today's significant social and economic 

difficulties. Widening income inequality is harmful to socioeconomic well-being 

through many channels. It is the cause of many social issues, such as poverty, crime, 

unemployment, health problems, lower life expectancy, and lower levels of 

education (Stiglitz, 2012). A large amount of literature has been written to study the 

reasons for income inequality, with most studies focusing more on evidence from 

the United States and the OECD than other nations (CavanaughBreau, 2018). The 

factors explaining the income disparities can be categorized into six broad 

explanations: (i) structural macroeconomic sectoral changes, (ii) globalization and 

technology change, (iii) labor market and other relevant institutions, (iv) 

demographic and microstructural changes, (v) politics and political processes, and 

(vi) tax/transfer schemes (FörsterTóth, 2015). However, many objections still exist 

over why the expansion in income disparity occurred. The interaction of structural 

elements such as social networks and geography that influence inequality is less 

known (Tóth et al., 2021). 

Network effects arise when a person's likelihood of adopting a habit rises 

with the number of other people in their social network who have already done so. 

Individuals' choices are influenced by their network peers in several domains, such 

as network externalities, social learning and peer assistance, and normative 

influence (DiMaggioGarip, 2012). Studies on social networks highlight how social 

relationships enable individuals to take advantage of economic opportunities 

(Granovetter, 1985). However, inequality is aggravated when the impacts of 

individual differences are magnified via social networks, particularly when 
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economic status influences the formation of social relationships (DiMaggioGarip, 

2012). Social networks are ingrained in geography, which has profound implications 

for inequality. For instance, much of an individual's economic potential and access 

to possibilities through education is determined by where they live (Chetty et al., 

2014). Even within relatively small geographical units such as cities and towns, 

there is a concomitant difference in outcomes between neighborhoods (Glaeser et 

al., 2009).  

There has been very little research into the regional aspects of income 

disparity. This is due, in part, to a lack of suitably disaggregated data linking 

geography to income at an individual or household level. Data from wider 

geographical areas cannot indicate heterogeneity between small geographical units 

or locations with easy access to a prosperous labor market and more isolated ones. 

The main motivation of this paper is the open-access data and findings of Tóth et al. 

(2021) on the joint relationship between social network structure, urban topology, 

and inequality in Hungarian towns. Tóth et al. (2021) investigated how social 

networks and urban topology interact and how they affect inequality. They 

employed three urban topology indicators to capture different characteristics of 

social segregation in towns: (i) the average distance from the center, (ii) the extent 

of spatial concentration of amenities in towns, and (iii) the degree to which physical 

barriers divide residential areas. They found that social network fragmentation is 

substantially higher in towns where residential communities are divided by physical 

barriers like rivers and railroads. Towns with relatively remote neighborhoods from 

the center of town and spatially concentrated amenities are also more socially 

divided. Finally, they concluded that the spatial characteristics of a location could 

exacerbate economic inequities through social network fragmentation using a two-

stage model. If social network fragmentation is related to income inequality, then 

the question arises whether other social segregation metrics can explain network 

relations with inequality. In this regard, this paper aims to examine how social 

segregation measures connect to inequality via their relationships to social network 

fragmentation. I use three social measures to capture segregation characteristics: 

ethnic fragmentation, religious fragmentation, and education disparities. This paper 

relies on work by Tóth et al. (2021) in data and approach but changes the channels 

explaining social network fragmentation and extends the estimation method using a 

spatial two-stage model. The data includes social network, population, and 

socioeconomic information for 426 towns in Hungary from 2011 to 2016. 

This study offers two contributions to the existing literature. First, it stands out 

for its focus on inequality at the town level, departing from the more common 

country- or regional-level analyses. Second, exploring inequality through the lenses 

of spatial and social network fragmentation and conventional indicators adds depth 

to current research in this area. 

The paper is organized as follows. Section 2 examines the relevant literature. 

The data are introduced in Section 3, which describes spatial characteristics of 

income inequality across towns, social network fragmentation, and control and 

instrumental variables. The key findings are then reported in Section 4, and the 

conclusion is provided in Section 5. 
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2. Literature review 

Income inequality trends and drivers: Medgyesi and Tóth (2021) documented that 

Hungary had the lowest inequality group during the pre-transition period of 1980-

1984, with Gini values below 0.25. However, in the early 1990s, Eastern European 

(EE) countries underwent a transitional recession, resulting in a significant fall in GDP 

and increased income inequality (FlemmingMicklewright, 2000). Kattuman and 

Redmond's (2001) study on income inequality in Hungary from 1987 to 1996 revealed 

that inequality remained stable until 1991, with factors like falling real incomes and 

changes in taxes and state transfers playing a role. However, after 1991, income 

inequality significantly increased due to growing earnings disparity, diverse sources 

of household income, and emerging disparities in state transfers. Furthermore, 

throughout the transition period, some sources provide cross-country evidence on 

trends and determinants of inequality in EE countries (Milanovic, 1999; 

FlemmingMicklewright, 2000; AristeiPerugini, 2015). 

Authors primarily concluded that the key contributors to rising income 

inequality in EE countries throughout the transition period were widening differences 

in labor income distribution, the increasing importance of capital income, and the 

deterioration of the redistributive impact of welfare state programs. Milanovic (1999) 

is the first of the studies to give a cross-country perspective on the determinants of 

income inequality during the transition period in six countries, including Hungary. 

His findings revealed that the growing wage distribution discrepancy, exacerbated by 

the reduction in employment, was the fundamental cause of rising overall inequality. 

Pensions, somewhat unexpectedly, also contributed to increased inequality in EE 

countries. Meanwhile, both inadequately funded and poorly targeted social transfers 

had minimal impact on mitigating inequality across countries (Milanovic, 1999). 

Profits and capital income became more important as the private sector emerged and 

state-owned firms were privatized, increasing economic disparity in EE countries. 

This is because capital income is more unequally distributed than labor income 

(MedgyesiTóth, 2022). 

Nonetheless, variations in policies and results were evident among EE nations 

throughout the transition period. Hungary's encounter with inequality during this 

transition period deviated slightly from that of other countries, marked by a relatively 

smaller uptick in inequality. This disparity can be attributed to a blend of factors, 

including Hungary's early initiation of economic liberalization, influential dynamics 

driving inequality, and diverse social policies that offered some safeguards for 

individuals in the lower echelons of the labor market (Tóth, 2008). As a result, before 

becoming a member of the EU, income inequality in Hungary was roughly in line 

with the EU-15 average (MedgyesiTóth, 2021). However, during the global financial 

crisis, income inequality in Hungary saw a significant and alarming increase of 13.5%. 

This spike in inequality can largely be attributed to the reduced progressiveness of 

Hungary's tax system, which had a substantial impact. At the same time, the decline 

in the full-time employment rate also played a contributing but comparatively smaller 

role (Brzezinski, 2018).  

Aside from the previously identified transitional and structural issues, the next 

strand of literature has taken a partial approach to exploring the sources of income 
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inequality by keeping a cross-country perspective in EE countries. These sources include 

economic development (Tsaurai, 2020), globalization and technological progress 

(EspositoStehrer, 2009; Josifidis et al., 2021; OECD, 2011), labor market institutions 

(OECD, 2011; SzczepaniakSzulc-Obłoza, 2020), education and human capital 

accumulation (Omoeva et al., 2018; OECD, 2011), demographic shifts (Dolls et al. 

2019), migration (Docquier et al., 2019), and firm characteristics (Magda et al., 2021). 

As of 2020, inequality at the national level is moving closer to the EU average, 

but inequality within the country is becoming more heterogeneous. Hungary's Gini 

index of equalized disposable income was slightly lower than the EU average, but it 

has increased by 3.9 percentage points over the last decade. The top 20% of Hungarian 

households earn four times more than the bottom 20% of households in the income 

distribution. These findings are supported by examining changes in quintile 

distributions from 2010 to 2020. Income transfers in Hungary demonstrated a 

regressive tendency, with the lower quintiles either losing their share of income or 

seeing no improvement, while the top quintile had the most significant improvements 

(Table 1). 

Table 1. The main statistics in income inequality in Hungary, 2020 

Country 

Gini index 

of 

equalized 
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EU-27 30.2 0 4.9 0.1 8.0 0 13.4 0 17.7 0.2 22.8 0.1 38.1 -0.3 

Hungary 28.0 3.9 4.2 0.8 8.8 -1.2 13.8 0 17.8 -0.6 22.9 0.2 36.6 2.4 

Sources: Eurostat (2022a); Eurostat (2022b); Eurostat (2022c)  

Note: Online codes: (a) ilc_di12, (b) ilc_di11, (c)ilc_di01  

Regarding spatial income inequality, Pénzes et al. (2014) investigated the 

trajectory of spatial income disparities in Hungarian regions (NUTS-2) from 1988 to 

2012. The study revealed that the increase in income inequalities was notably more 

pronounced in underdeveloped areas. Conversely, developed regions experienced a 

more modest rise in income inequalities, demonstrating their ability to attract new 

investments and restructure their economies. Vida (2022) examined regional income 

                                                      

 
1 Equalized disposable income is determined by taking a household's overall income, which includes 

earnings, after tax contributions, and other deductions, and then dividing it by an equivalency scale. 
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disparities in Hungary from 2010 to 2019, focusing on their correlation with 

geographic trends in "realized competitiveness." The findings reveal significant 

spatial variations in regional performance and residents' income levels during this 

period, influenced by economic, spatial, and social factors. While some areas saw 

reduced spatial disparities, income gaps among different regions widened. 

Importantly, these changes also manifested in the spatial patterns of regional 

competitiveness within districts. Zoltán (2022) underscored the importance of 

geographic proximity in shaping income inequalities and dynamics among local 

settlements in Hungary, highlighting the formation and evolution of income clubs as 

a significant aspect of this phenomenon. 

Network effects on inequality. Researchers who have examined network 

effects in various fields often find that these effects tend to exacerbate social 

inequality. For example, in the context of health, Pampel et al. (2010) suggested that 

individuals with higher socioeconomic status tend to adopt healthier behaviors and 

form connections with others of similar status, strengthening their social networks and 

ultimately contributing to improved health outcomes and widening health disparities. 

In education, Gamoran (2011) highlighted that school tracking, a form of induced 

homophily, typically amplifies disparities in academic achievement, thus 

exacerbating educational inequalities. 

According to DiMaggio and Garip (2012), network effects can potentially 

worsen disparities among different groups in adopting beneficial practices. Their 

financial or cultural resources should positively influence an individual's likelihood 

of adopting a useful practice. Financial resources enhance a person's capability to 

engage in the practice due to improved affordability, while cultural resources, 

typically assessed through years of formal education, play a role by elevating 

awareness of new practices, enhancing comprehension of intricate innovations, or 

facilitating more efficient utilization of these practices. Moreover, individuals' social 

networks should comprise people who resemble them regarding traits indicative of 

their likelihood to adopt the new practice. This phenomenon is known as homophily, 

where individuals tend to establish connections with those who share similar 

socioeconomic and demographic characteristics. Homophily is observed across 

various contexts, including adult friendship networks, children's friendship networks, 

and even marital choices (Bianconi et al., 2014; Rivera et al., 2010). Homophily can 

arise due to structural factors or individual decisions, but in either case, it can create 

conditions that lead to increased inequality when network effects are at play 

(McPherson et al., 2001). This ubiquity of network effects on the micro-level can lead 

to social segregation on a larger scale: groups with various socioeconomic statuses 

are segregated in social networks (Stadtfeld, 2018). If access to resources or 

information passes across the network, this macro-scale network structure might lead 

to divergent economic potentials between groups (Tóth et al., 2021). 

Social network and geography. Social networks are closely intertwined with 

geography, and this relationship has significant implications for inequality (Tóth et 

al., 2021). For instance, where an individual lives, often indicated by their home 

location, can strongly predict a substantial portion of their future economic prospects. 

Namely, individuals living in certain neighborhoods or areas may have better access 

to educational opportunities, job markets, and other economic resources that can 
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positively impact their economic outcomes (Chetty et al., 2014). Interestingly, 

economic disparities are not solely limited to comparisons between regions or 

countries. Even within relatively small geographical units like cities and towns, 

significant divergence in economic outcomes can be observed. Glaeser et al. (2009) 

reviewed the economic causes of income inequality in metropolitan areas and found 

that differences in both skill distribution and returns to skill play essential roles in 

explaining income inequality variations across metropolitan areas. This suggests that 

disparities in economic well-being can be highly localized and not just a macro-level 

phenomenon. 

Furthermore, people build social relationships with others who are physically 

close to them. This "local bias" indicates that people are more inclined to form ties 

with neighbors, coworkers, or community members in the same geographical area. 

Local relationships can impact many aspects of life, including job opportunities, social 

support, and resource access (Sampson, 2008). Geography primarily shapes economic 

outcomes by influencing the composition of social networks. When social interactions 

are constrained to a particular geographical region, it can limit personal and collective 

advancement. This is because access to a wide range of resources, information, and 

opportunities provided by socially distant connections is vital for progress. When 

social networks are spatially bounded, people may miss out on valuable connections 

and resources that could enhance their economic well-being (Bailey et al., 2018; 

ErikssonLengyel, 2019). 

In essence, geography plays a pivotal role in shaping economic inequality by 

influencing the structure of social networks. Social ties formed within specific 

geographic boundaries can either enhance or limit individuals' and communities' 

access to opportunities, resources, and economic success. 

3. Data and variables  

This paper uses open-source geographic data (Open Street Map data)  and town-level 

aggregate data applied in the recent paper by Tóth et al. (2021), which includes 

population and socioeconomic information for 474 towns in Hungary. These towns 

and cities comprise about 60% of Hungary's population. The capital city of Budapest 

was excluded from the data due to its considerable disparities with other cities and 

towns. Because 48 cities were not matched when the data was matched to the map, 

this paper used 423 cities. Tóth et al. (2021) estimated the Gini index at the town level 

in 2011 and 2016 to quantify income inequality based on total income distributions 

across HNSO income categories. This paper uses the town Gini index 2016 

(G_(i,2016)) as a dependent variable.  

According to Eurostat, Hungary's income disparity has been lower than the 

EU-27 average for the past decade (the 10-year average is 0.28), but increases in 

regional disparities within the country have moderated it. Specifically, Hungary has 

come closer to EU averages while moving further away from other marginalized parts 

of its territory. The income inequalities in 426 towns and cities range from 0.42 

(Füzesgyarmat) to 0.65 (Telki). The towns neighboring Budapest, those along Lake 

Balaton, certain towns near the western and southern borders, and those along 
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highway M6 have the highest income inequalities among Hungarian towns (Figure 

1.). It is worth noting that inequality is low in towns in the east and north of the 

country. 

Figure 1. Town Gini Index 2016 (Quintile and Cartogram map) 

 

Source: own elaboration based on the dataset of Tóth et al. (2021) 

Figure 2a depicts box plots of the towns’ Gini index in 2011 and 2016 with 

descriptive statistics. In terms of inequality developments, there was a strong 

correlation between inequality in 2011 and 2016 (Figure 2b.). The overall level of 

inequality in most towns increased somewhat, from an average Gini index of 0.476 

in 2011 to an average of 0.485 in 2016. Between 2011 and 2016, inequality 

increased in around 69% of total towns, remained unchanged in 12%, and declined 

in 19% of towns; the highest increases and decreases in town Gini were reported in 

Zalakomár (15%) and Balatonkenese (10%), respectively. High-income disparities 

have also been observed in high-income and high-density towns, as indicated by the 

town Gini coefficient’s positive correlation with income per capita and population 

density (Figure 2b.). 
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Figure 2a. Box plot for the 

town Gini index for 2011 and 

2016 

Figure 2b. Correlation and distribution of the variables  

 

Source: own elaboration based on the dataset of Tóth et al. (2021) 

Note: (Gini index 2016; ln (population density), ln (income per capita 2016), and Gini index 

2011) 

Regarding spatial statistics, Moran’s I statistic was 0.220 in 2016, 

indicating that income inequality has a weak spatial autocorrelation. Focusing on 

the towns where inequality is positively and strongly linked with its spatially 

lagged counterparts (the first or High-High quadrant of Moran scatter plot), spatial 

autocorrelation has increased (Moran’s I is 0.287) than the overall statistic of 0.220, 

but unselected observations indicate no spatial autocorrelation (a value of -0.052). 

This result would imply the presence of spatial heterogeneity in the strength of the 

spatial autocorrelation, as the subset chosen exhibits a significantly different degree 

of dependency than its complement or the whole dataset (Figure 3.). 

The local indices for spatial analysis (LISA) show that 113 of 426 towns 

have a significant local spatial association. Based on the position of the value and 

its spatial lag in the Moran scatter plot, the LISA’s cluster map illustrates the 

significant places with an indicator of the type of spatial relationship. Among the 

113 towns, 38 are in high-high clusters, 44 are in low-low clusters, 17 are in low-

high clusters, and 14 are in high-low clusters (Figure 4.). Looking at the 

relationship between the Morgan scatter plot and the cluster map, are 81 towns 

selected in the High-High quadrant of the Moran scatter plot, of which 38 are 

significant on the cluster map (see Annex-1). 
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Figure 3. Moran scatter plot in the town Gini index 2016 (focusing on a subset, 

including 81 towns)* 

 

Figure 4. LISA Significance and cluster maps 

 

Source: own elaboration based on the dataset of Tóth et al. (2021) 

Note: *The one on the left (in red) is for the selected observations, while the one on the 

right is for the complement, often known as unselected observations (in black) 

Another important variable in this paper is social network fragmentation 

within a town. Tóth et al. (2021) used data from a Hungarian online social network, 

iWiW, to describe social network structure within towns. The iWiW (International 

Who Is Who) network was founded in 2002 and quickly became Hungary's most 

popular online social network. At its peak in 2010, it was one of the most popular 

national websites, reaching about 40% of the country's population (Tóth et al., 

2021). The site was permanently shut down in 2014 due to heavy competition from 

Facebook. It is now being utilized as a large-scale dataset, including location (self-

reported), birthday, gender, date of registration and last login, the ID of friends, 
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and ID of inviters, to research the social interactions of the Hungarian people.  

Regarding population representativity, the iWiW was accessible to those aged 14 

and above, potentially reaching 8.2 million people in Hungary. By early 2013, 

roughly 33% of Hungarians aged 14 and older were members of this network. 

When compared to nationally representative internet usage surveys conducted in 

2013, approximately half of the adult online population was iWiW users. The age 

distribution of iWiW users closely aligns with the estimated number of internet 

users in Hungary up to age 60 but decreases significantly after age 70. The network 

is well-represented among Hungary's economically active population 

(Supplementary information of Tóth et al. 2021). Tóth et al. (2021) substituted 

online social ties for in-person social relationships. While this method 

oversimplifies the complexities of social interactions, they argue that it is still the 

most accurate data source available. It is important to acknowledge that data is 

imperfect and comes with limitations, such as not having insights into the specifics 

of these social connections, including their nature, strength, or how often people 

communicate. Nevertheless, they believe that there is no systematic bias in the data 

that would undermine the credibility of the analysis. 

It is important to note potential geographical biases in representativeness, 

as innovations like iWiW were notably influenced by age, education, and location 

dynamics. Initially, it gained popularity among young, educated urban 

demographics, and while later adoption included elderly individuals from rural 

areas, it never matched the earlier rates. The overall iWiW user rate spans from 23% 

in small villages to 42% in major cities, with smaller settlements being over-

represented by the elderly and those with lower educational levels. Nonetheless, the 

relatively limited number of outlier settlements in this pattern strengthens the 

reliability of iWiW data. 

When examining social network fragmentation within a town, Tóth et al. 

(2021) only look at ties between iWiW users that live in the same town through the 

Louvain algorithm, which detects communities. This approach divides the people in 

the town i's network into groups by optimizing a modularity metric 𝑄𝑖, which 

compares the density of edges within groups to the density across groups. To 

eliminate the dependence on the size and density of the network, they scaled it by 

the maximum value of 𝑄𝑖. Then, the fragmentation is 

𝐹𝑟𝑎𝑔𝑖 =
𝑄𝑖

𝑄𝑖
𝑚𝑎𝑥         (1) 

 

The fragmentation values in the data were created for the end of 2011. There 

is a positive correlation (ρ=0.3) between the town Gini 2016 and social network 

fragmentation (Figure 5.). 
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Figure 5. The correlation between town Gini 2016 and social network fragmentation 

 
Source: own elaboration based on the dataset of Tóth et al. (2021) 

Note: The fitted line indicates a linear regression: Gi,2016 = 0.429 + 0.19Fi; and the 

dashed horizontal line represents the town Gini 2016 mean (0.485). 

Lengyel and Jakobi (2016) found that the economic development of towns 

influences the adoption of online social networks, including iWiW, with wealthier 

towns having a higher share of iWiW users. As a result, low-income people may 

be underrepresented on iWiW, thus skewing the statistical association between 

social network fragmentation and income disparity. Tóth et al. (2021), on the other 

hand, noted that those who do not use iWiW may be socially segregated from those 

who do, implying that social network fragmentation in poorer towns may be even 

more pronounced than observed in iWiW, underestimating the correlation between 

fragmentation and income inequality. 

The table below describes all the variables used in this study and sample 

average values. These variables span from 2011 to 2016 based on data availability. 

However, given the relatively consistent annual changes in most variables, it is 

believed that having data spanning five years does not have a significant effect. 
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Table 2. List of variables and sample average 

Name of variables 

 
Notation Type Definition 

Sample 

average 

(n=426) 

Dependent variable  

Inequality 𝐺𝑖 Numeric  
Gini index calculated at the town level on 

equivalized household income 2016 
0.485 

Independent variables  

Distance to border 𝐷𝑖𝑠𝑡𝑖 Numeric 
The distance in kilometers from the nearest 

border 
60.673 

Town size 𝑆𝑖𝑧𝑒𝑖 Numeric The town’s total area, in km2 7,896.7 

Population density  𝐷𝑒𝑛𝑠𝑖 Numeric 
The population is divided by the size of the 

residential area. 
2.031 

Unemployment 

ratio 
𝑈𝑛𝑒𝑚𝑝𝑖 Numeric 

Unemployed people as a percentage of the 

total labor force 
0.063 

Employment in the 

manufacturing 

sector  
𝐸𝑚𝑝𝑖 Numeric  

Number of persons employed in the 

manufacturing sector 
1,557.69 

Business tax 𝑇𝑎𝑥𝑖 Numeric  

Taxes on corporate income. It is used to 

measure the level of economic efficiency of 

a town. 

560,469.8 

Foreign investment  𝐹𝐼𝑛𝑣𝑖 Numeric 
Revenue capital owned by foreign firms in 

2011, measured in 1,000 Hungarian Forint 
9,367,646 

Fragmentation 𝐹𝑟𝑎𝑔𝑖 Numeric   
Social network fragmentation (see Equation 

1) 
0.297 

Age  𝐴𝑔𝑒𝑖 Numeric The ratio of residents older than 60 years 0.245 

High school 𝐻𝑠𝑐ℎ𝑜𝑜𝑙𝑖 Numeric  
The ratio of residents with high school 

degrees or above 
0.301 

Income per capita  𝐼𝑛𝑐𝑖  
The income per capita in 2016 at the town 

level, measured in Hungarian Forint 
999,005.1 

Instruments 

Ethnic 

fragmentation 
𝐸𝑡ℎ𝑛𝑖𝑐𝑖 Numeric  

The entropy of ethnic distribution is 

estimated using ethnic group size 

distribution. The indicator is high if the 

town's ethnic groups are of similar size.  

0.126 

Religious 

fragmentation 
𝑅𝑒𝑙𝑖  Numeric  

The entropy of religious distribution is 

calculated using population distribution 

across confession groups. The indicator is 

high if the town’s religious groups are of 

similar sizes.  

0.677 

Education 

inequalities 
𝐸𝑑𝑢𝑐𝑖 Numeric  

Coefficient of variance in the 6th-grade 

math exam.2 The indicator is high if there 

are significant discrepancies between 

primary schools in the town's commuter 

zone. 

0.068 

User rate 𝑈𝑅𝑖 Numeric 
The fraction of the population of a town on 

iWiW 
0.344 

Source: own construction based on the dataset of Tóth et al. (2021) and TEIR database  

                                                      

 
2 Data were gathered through the national 6th grade mathematical competence test in 2011.  
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4. Results 

The estimation strategy of this paper is twofold. First, I use the non-spatial simple 

regression models to estimate the relationship between social network fragmentation 

and income inequality. Second, I apply a spatial two-stage least square (2SLS) 

regression model to estimate how social segregation measures are associated with 

income inequality through their relationship to social network fragmentation.  

The spatial weights need first be established before analyzing the spatial 

dependency. Spatial weights are important in constructing spatial autocorrelation 

statistics because they enable the generation of spatially explicit variables, such as 

spatially lagged variables and spatially smoothed rates. Technically, the weights are a 

square matrix that describes the neighbor structure between the observations. This 

study uses a contiguity weight because the towns with high inequality tend to 

agglomerate in certain areas (see Figure 1.). Namely, the queen continuity with the 

second order is applied since it is a little broader, defining neighbors as geographical 

units with a shared edge or the same vertex. 

Figure 6. Queen weights characteristics: Connectivity histogram, towns with 11 

neighbors 

 

Source: own elaboration based on the dataset of Tóth et al. (2021) 

Non-spatial model: 

𝐺𝑖 = 𝛽0 + 𝛽1𝐹𝑟𝑎𝑔𝑖 + 𝛽2log (𝐷𝑒𝑛𝑠𝑖) + 𝛽3𝐻𝑠𝑐ℎ𝑜𝑜𝑙𝑖 + 𝛽4𝐴𝑔𝑒𝑖 +
𝛽5𝑈𝑛𝑒𝑚𝑝𝑖 + 𝛽6log (𝐸𝑚𝑝𝑖) + 𝛽7 log(𝐹𝐼𝑛𝑣𝑖) + 𝛽8𝑇𝑎𝑥𝑖 + 𝛽9log (𝐷𝑖𝑠𝑡𝑖) +
𝛽10log (𝑆𝑖𝑧𝑒𝑖) + 𝜀         (2) 

The result of OLS regression indicates the ten predictors explained 37.7% of 

the variance in the town Gini index. Social network fragmentation, population density, 

foreign investment, business taxes, and town size are positively and statistically 

significantly related to income inequality in towns. Social network fragmentation, in 

particular, has the greatest influence on income disparity; one unit increase in 

fragmentation corresponds to a 0.164 unit increase in income inequality. Employment 

in the manufacturing sector, on the other hand, has a negative and significant impact 
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on income disparity in towns (Table 4.). There is no multicollinearity (mean 

VIF=2.09) between independent variables, and heteroskedasticity-robust standard 

errors are applied to avoid the presence of heteroskedasticity. However, the normality 

test confirms that the distribution of the residuals is significantly different from 

normal (see test results from Annex-2). 

Furthermore, Ramsey's regression specification error test (RESET) utilizing 

powers of the fitted values of the Gini index reveals that the model includes omitted 

variables, assuming an endogeneity problem in equation (2) (Table 4). To reveal the 

endogenous variable in the model, I manually performed the Durbin-Wu-Hausman 

(DWH) test for the potential endogenous regressor, social network fragmentation 

(𝐹𝑟𝑎𝑔𝑖). The test result (F (1,388) =4.37, p=0.037) leads to a rejection of the null 

hypothesis that social network fragmentation (𝐹𝑟𝑎𝑔𝑖) is exogenous (see the test 

performance from Table A 1 in the Annex-2). Also, diagnostics Moran I of the 

residuals (I= 7.336, p < 0.001) indicates that the OLS residuals are spatially 

autocorrelated, meaning that the spatial relationship is identified in the error terms 

(see Diagnostics for spatial dependence from Table A 2 in the Annex-2). Therefore, I 

use the spatial two-stage least square regression model with spatial lag.  

The spatial 2SLS estimation model: 

𝐺𝑖 = 𝛽0 + 𝜌𝑊𝐺𝑖 + 𝛽1𝐹𝑟𝑎�̂�𝑖 + 𝛽2log (𝐷𝑒𝑛𝑠𝑖) + 𝛽3𝐻𝑠𝑐ℎ𝑜𝑜𝑙𝑖 + 𝛽4𝐴𝑔𝑒𝑖 +

𝛽5𝑈𝑛𝑒𝑚𝑝𝑖 + 𝛽6log (𝐸𝑚𝑝𝑖) + 𝛽7 log(𝐹𝐼𝑛𝑣𝑖) + 𝛽8𝑇𝑎𝑥𝑖 + 𝛽9log (𝐷𝑖𝑠𝑡𝑖) +

𝛽10log (𝑆𝑖𝑧𝑒𝑖) + 𝜀𝑖        (3) 

IVs for Frag: 

𝐹𝑟𝑎�̂�𝑖 = 𝛼0 + 𝛼1𝐸𝑡𝑛𝑖𝑐𝑖 + 𝛼2𝑅𝑒𝑙𝑖 + 𝛼3𝐸𝑑𝑢𝑐𝑖⏟                  
𝑆𝑜𝑐𝑖𝑎𝑙 𝑠𝑒𝑔𝑟𝑒𝑔𝑎𝑡𝑖𝑜𝑛 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠

+ 𝛼4𝑈𝑅𝑖 + 𝑣𝑖   (4) 

𝑊𝐺𝑖 in equation (3) is the spatial lagged term of the dependent variable and  

 𝐸𝑡𝑛𝑖𝑐𝑖 , 𝑅𝑒𝑙𝑖, 𝑎𝑛𝑑 𝐸𝑑𝑢𝑐𝑖 in equation (4) are the social measures of segregation. The 

spatial model generally expresses how the dependent variable G directly affects its 

immediate neighbors. In other words, widening income inequality in one town will 

directly impact towns nearby. 

Before proceeding to model estimation, let us first determine whether these 

variables are suitable instruments for social network fragmentation (𝐹𝑟𝑎𝑔𝑖). Key 

assumptions are that the instrumental variables (IVs) are correlated with social 

network fragmentation (𝐹𝑟𝑎𝑔𝑖) but uncorrelated with residuals of equation (3). An 

F-test of the first stage regression confirms that social segregation indicators are 

strong instruments of social network fragmentation (Table 3.). Stock and Yogo 

(2005) proposed the rule concerning the size of F statistics (with more than one 

instrument) from the first stage regression to detect weak instruments. The IVs are 

strong if the first-stage F statistic is more than 10. Thus, the relevant F statistic is 

18.97, higher than 10, showing that I do not need to be concerned about weak 

instruments. 
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Table 3. Estimation of the first stage 

 Fragmentation 

Ethnic fragmentation -0.017 

 (0.031) 

Religious fragmentation 0.05* 

 (0.031) 

Education -0.256** 

 (0.112) 

User rate 0.229*** 

 (0.03) 

Constant 0.204*** 

 (0.023) 

Observations 426 

Adj R-squared 0.145 

F statistic (4, 421) 18.97*** 

Standard errors are in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

Source: own computation based on the dataset of Tóth et al. (2021) 

The estimation results of non-spatial and spatial 2SLS are presented in Table 

3. The social network fragmentation, instrumented by social segregation indicators, 

is positively and significantly associated with income inequality. Its magnitude has 

increased dramatically in both 2SLS models compared to the OLS result. This 

finding provides strong evidence for a link between social network fragmentation 

and inequality. It also implies that social segregation measures significantly predict 

social network outcomes associated with inequality. 

Regarding control variables, only business tax is turned into a non-

significant variable compared to the OLS result. Other relevant controls indicate 

that highly populated towns, larger towns, and towns with significant foreign 

investment have higher levels of inequality. In contrast, towns with higher 

employment in the manufacturing sector have lower levels of inequality. As a result, 

indicators favoring agglomeration and income tend to increase inequality, whereas 

ones favoring productivity tend to decrease inequality. This result can be explained 

as an “inverted-U” Kuznets curve indicating the relationship between a country’s 

income per capita and interpersonal income inequality. It suggested that inequality 

would be minor within low-income countries, rise as development progressed, and 

narrow as growth's advantages spread. 
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Table 4. Estimation results of non-spatial and spatial models 

 OLS 2SLS Spatial 

2SLS 

 Gini 2016 Gini 2016 Gini 2016 

WGini 2016   0.233** 

   (0.116) 

Estimated Fragmentation(a)  0.164*** 0.594** 0.466*** 

 (0.029) (0.241) (0.162) 

Log (Pop. density) 0.048*** 0.045*** 0.044*** 

 (0.006) (0.007) (0.006) 

High school 0.010 0.017 0.014 

 (0.012) (0.016) (0.014) 

Age 0.005 -0.025 -0.019 

 (0.031) (0.037) (0.033) 

Unemployment ratio -0.017 -0.014 -0.026 

 (0.047) (0.061) (0.056) 

Log (Employment in manufacturing) -0.055*** -0.063*** -0.058*** 

 (0.006) (0.008) (0.007) 

Log (Foreign investment) 0.006** 0.011** 0.009** 

 (0.001) (0.005) (0.004) 

Log (Business tax) 0.007*** 0.002 0.003 

 (0.002) (0.004) (0.003) 

Log (Distance to the border) 0.001 0.001 0.002 

 (0.002) (0.002) (0.002) 

Log (Town size) 0.041*** 0.048*** 0.045*** 

 0.005 (0.007) (0.006) 

Constant 0.360*** 0.299*** 0.199*** 

 (0.024) (0.045) (0.077) 

Observations 426 426 426 

Adj R-squared/Pseudo R-squared/Spatial 

Pseudo R-squared 

0.377 0.274 0.316 

F stat/ First stage F-test 26.73*** 18.97*** - 

RESET  12.31*** - - 

DWH test - 0.014 

(p=0.906) 

- 

Anselin-Kelejian Test - 12.288*** 2.136 

(p=0.144) 

Robust standard errors are in parentheses; *** p<0.01, ** p<0.05, * 

p<0.1 

 

Source: own construction based on the dataset of Tóth et al. (2021) 

Note: (a)-The level of fragmentation is used in the OLS regression 

5. Conclusion 

Using Hungarian town-level data from the paper by Tóth et al. (2021), this study 

examines how social networks and social segregation measures interact and their 

relationship with income disparity. Hungary's income inequality has approached the 
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EU average nationally, but the disparity in cities and towns has widened. At the town 

level, income disparities range from 0.418 to 0.645. The towns surrounding Budapest, 

those along Lake Balaton, and certain towns along the country's western and southern 

borders have higher income inequality. In contrast, places in the country's east and 

north have lower inequality. In this paper, I have found that social network 

fragmentation, as instrumented by social segregation indicators, significantly impacts 

income inequality at the town level. When there is ethnic fragmentation, religious 

fragmentation, and educational inequality in a town, social networks tend to be more 

fragmented. Therefore, like the urban indicators used by Tóth et al. (2021), these 

social segregation measures can also be significant predictors of social network 

outcomes associated with inequality. This study supports the findings of previous 

studies on the role of ethnicity and identity (e.g. Fundamental Rights Agency, 2014; 

Omoeva et al., 2018). Furthermore, a positive significant spatial lagged term suggests 

that inequality in neighboring towns has a strong spillover effect. 
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Annex-1: Morgan scatter plots 

Figure A-7. High-High Morgan scatter plot locations (81 observations selected) 
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Figure A-8. High-Low Morgan scatter plot locations (99 observations selected) 

 

Figure A-9. Low-Low Morgan scatter plot locations (178 observations selected) 

 

 

 

Figure A-10. Low-High Morgan scatter plot locations (68 observations selected) 

 

Source: own elaboration based on the dataset of Tóth et al. (2021) 
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Annex-2: Test results 

Non-spatial model (OLS regression): Test results 

1. Heteroskedasticity tests 

H0: Constant variance 

Test df Value Prob 

Breusch-Pagan test 10 97.770 <0.001 

Koenker-Bassett test 10 53.699 <0.001 

The Breusch-Pegan test result rejects the null hypothesis of homoskedasticity in the 

OLS regression. Thus, I used a robust heteroskedasticity standard error because 

significant heteroskedasticity generates biased standard errors and invalidates the 

resulting hypothesis tests. 

2. Test on the normality of errors 

H0: Residuals are normally distributed 

Test df Value Prob 

Jarque-Bera 2 66.159 <0.001 

The Jarque-Bera test results show that the distribution of the residuals is significantly 

different from normal. 

3. Durbin–Wu–Hausman (DWH) test of endogeneity (implemented manually): 

In the 1st stage, the potential endogenous variable, Fragmentation, was estimated on 

other explanatory variables in equation (2) and instrumental variables. Equation (2) 

with an additional variable, Res (the error from the first stage equation for 

Fragmentation), is estimated in the second stage. 

𝐺𝑖 = 𝛽1𝐹𝑟𝑎𝑔𝑖 + 𝛽2𝑋𝑖 + 𝛾𝑅𝑒𝑠𝑖 + 𝜀𝑖 

Under the null hypothesis, Fragmentation is exogenous. If Res could be observed, the 

exogeneity test would be the test of 𝐻0: 𝛾 = 0.  The estimation results in Table A 1 

show that the coefficient of fragmentation’s residual is different from zero, implying 

Fragmentation is endogenous. 
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Table A-1. Estimation results of the DWH test 

Variables Stage 1 Stage 2 

Fragmentation 
Gini 

2016 

Fragmentation  .491*** 

  (.165) 

Log (Pop.density) .016* .053*** 

 (.009) (.005) 

High school -.016 .01 

 (.022) (.012) 

Age .055 -.007 

 (.046) (.03) 

Unemployment ratio -.035 -.036 

 (.09) (.042) 

Log (Employment in 

manufacturing) 

.011 -

.068*** 

 (.009) (.006) 

Log (Foreign 

investment) 

-.013** .01*** 

 (.005) (.003) 

Log (Business tax) .011*** .004 

 (.004) (.003) 

Log (Distance to the 

border ) 

-.002 .004* 

 (.004) (.002) 

Log (Town size) -.008 .051*** 

 (.009) (.006) 

Ethnic fragmentation -.043  

 (.032)  

Religious 

fragmentation 

-.031  

 (.033)  

Education -.238**  

 (.108)  

User rate -.002  

 (.038)  

Fragmentation 

residual 

 -.345** 

  (.165) 

Constant .178*** .304*** 

 (.053) (.031) 

Observations 400 400 

R-squared .331 .478 

Robust standard errors are in parentheses 

*** p<0.01, ** p<0.05, * p<0.1  

Source: own elaboration based on the dataset of Tóth et al. (2021) 

H0: Fragmentation Residual =0 

F(1,388)=4.37 

Prob =0.0371 
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4. Diagnostics for spatial dependence 

Table A-2. Diagnostics for spatial dependence test for the OLS regression model 

Test MI/DF Value Prob 

Moran's I (error) 0.137 7.336 <0.001 

Lagrange Multiplier (lag) 1 35.947 <0.001 

Robust LM (lag) 1 1.394 0.2378 

Lagrange Multiplier (error) 1 46.49 <0.001 

Robust LM (error) 1 11.936 0.0006 

Lagrange Multiplier (SARMA) 2 47.883 <0.001 

Source: own elaboration based on the dataset of Tóth et al. (2021) 
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