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Abstract

I use anonymized data from Facebook to construct social diversity and social connectedness
weight matrix of counties in the U.S to evaluate the relationship between social network and
economic development. I find that there is a negative relationship between social diversity and
MDI rate, which further confirms the theoretical understanding that diverse contact helps
improving socio-economic performance at individual and community levels. However, once
I estimate this relationship for only the 10 percent counties having highest social diversity, this
relationship disappears which implies that the relationship between having high social diversity
does not hold true for better economic development performance for counties with highest
social diversity level. I further ask the question of social and spatial spillovers in economic
development between counties and try to answer by estimating an econometric specification
for geographical and social connection weight matrix. My findings suggest that there are
spillover effects among counties in terms of geographical and social connection. However, 1
cannot conclude these effects as causal relationships. Nevertheless, this paper can be
considered as another step in understanding the population-level relationship between social
network and economic development based on online network data to proxy for real life

relationships.
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1 Introduction

Social network exists in our daily life and affects every aspect of our social and economic
development. Theoretically, social network structure is said to have an impact on economic
performance of individuals and the whole community. While the debate about which network
structure supports economic development as a whole the most or how network forms is still
ongoing, the methods and datasets for evaluating the impact of social network on population’s
economic development are expanding with the existence of big data. If Eagle et al (2010) was
the first one to use an aggregate level data of individual mobile phone network data to estimate
the relationship between network diversity and the whole community’s economic
development, more data is now available for researchers to dig further in this topic, including
satellite data, online social network data, etc. However, in the case of online social network
data, most of the research do not use public data, but mostly private data from a specific
company by cooperating with some of the people working in that company and those datasets

are only available for that researcher for a limited amount of time.

In this paper, I will go further to explore the relationship between network diversity and
economic development by using a public dataset from Facebook to estimate network diversity
through Social Connectedness Index as published in their website. I use the multidimensional
deprivation rate as a proxy for the level of economic development in each county in the US.
Therefore, the aim of this paper is () to evaluate and quantify the relationship between
network diversity and socio-economic development of a community (ii) to estimate the extent
of social and spatial socio-economic spillovers between U.S. counties and highlight the

importance of geographical networks as well as social network between counties.

I first explain the method that I am using throughout this paper. The first method is adopted
from Eagle et al (2010) to build a social diversity index for all counties in the U.S. I then explain
the regression model that I use to quantify the relationship between social diversity and MDI
rate. My results suggests that there is a negative relationship between social diversity and MDI
rate. In applying my data to estimate a regression model for social diversity and MDI rate, I

also check with OLS assumptions and spatial dependence of my dataset. My regression models



suffer from heteroskedasticity and spatial dependence among counties, which I try to adjust
by using a spatial lag model. The second method is adopted from Amarasinghe et al (2018) to
estimate how one county’s MDI rate depends on its social and geographical connectivity with
other counties in their network. I estimate this econometric model by using a dataset of MDI
rate from US census, the social connectedness index from Facebook, and the distance data
from NBER. My measure of socio and economic performance is MDI rate, and my interested
independent variable is social connectedness. In order to estimate for the spillover effects, 1
need to build a matrix for geography and social connectedness. My results suggest that there
are spillover effects for being geographical and social connected with other counties. I then
use robustness check to evaluate my results. The results for social diversity, in overall, are
robust, however, there is no evidence in whether there is an impact of social diversity on MDI
rate for top 10% counties with highest social diversity. The results for robustness check for
social connectedness are not reported due to being perfectly fit error. Therefore, even though
my regression models are statistically significant, I cannot say that this relationship is causal as
the social network itself suffers from being endogenous, but due to the time limitation, I

cannot conduct a method to adjust for endogeneity.

Nevertheless, I think this paper could contribute to the literature in two ways. First, I further
confirm the existence of the relationship between network diversity and economic
development, that a community which is more socially connected will have better performance
in social and economic aspects. Second, I also find that this relationship seems not true for
the top 10% counties with highest social diversity, as shown in the map and the regression
results. Third, I also further confirm the existence of spillover effects in terms of social and
spatial dependence in economic development between counties. And finally, I contribute to a
recent literature which use online data to understand various aspects of social and economic

performance and social network.

The remaining of this paper is organized as follows. Section 2 summarizes some literature
about social network, poverty, and the relationship between social network and socio-
economic performance. I then explain the methodology that I use in this paper in section 3.

Section 4 lists some dataset and explains in details which variables that I will use in my analysis.
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Section 5 discusses some important results and evaluates my results with robustness check.
Then in section 6, I discuss some limitations in my methodology and set out some ideas for

future work. Finally, I conclude the paper in section 7.
2 Literature Review

The classical economic model sees humans as homoscedasticity and there is no interaction
between human. However, since 1990s, the neoclassical model has looked into a different lens
seeing people as heteroskedasticity and they can interact with each, and then influence each
other’s decision. Studies of network have now more expanded in understanding economic
behaviors. Granovetter (2005) explains that by carrying information social network could help
to diffuse the information and then can affect economic outcomes. He also points out other
mechanisms that makes social network affect economic outcomes which are reward and
punishment. A final mechanism is through trust embedded in the social network and believe
that “others will do the right thing”. Jackson (2014) explains these mechanisms more in details
in terms of network characteristics, including “network-based notions of density”,
“distribution of connections”, “segregation patterns”, and the “positions of key nodes”. He
also emphasizes on the “non-unidirectional” relationship between social network and
economic outcomes. Social network does not only determine economic outcomes, but vice
versa, it is partly determined by economic outcomes. It is important to understand the
difference between macro level characteristics of network, such as density of links or

segregation patterns, and micro level characteristics, for instance whether a person’s friends

are friends with each other (Jackson, 2014).

Researchers have tried to use empirical evidence to explain these mechanisms. Previous studies
have found the importance of social network in many areas. In terms of diffusion, social
network is reported to play an important role in spreading ideas, information, shaping
behaviors and even spreading diseases. Barr (2000) finds that entrepreneurial networks are a
determinant of Ghanaian manufacturing enterprise performance, in which entrepreneurs with
larger and more diverse contacts will have better performance. In analyzing the importance of

knowledge flows between enterprises, he presents that the knowledge flow in Ghana is not



sufficiently complementary with their own knowledge to achieve endogenous growth. In
learning about technology adoption, there’s research from Conley and Christopher (2001) and
Bandiera and Rasul (2006) who analyze the process of social learning and conclude that a
farmer’s initial decision to adopt a new technology depending on the decisions of others in
their social network. Banerjee et al (2013) expand this idea further and analyze the diffusion
of microfinance in rural Indian villages. Their findings suggest that households that have more
friends participated in microfinance are more likely to hear about microfinance than
households who have lower friends participated in microfinance. In terms of information flow
and performance, Aral and Van Alstyne (2008) find that diverse networks drive economic
performance where individuals in the network can access to novel information. These findings
lie on some important aspects of network such as segregation, network density, or the adapted
behaviors of network after an individual’s reaction to the changes in the circumstances. For
example, highly clustered networks are believed to limit access to economic opportunities
from outside networks, while diverse networks give more opportunities for individuals in the
network to access new information. Burt (2004) is a pioneer in this area where he concludes
that individuals having a network low in cohesion will have better performance. Another
opposite idea is started from Coleman (1988) where he concludes that dense networks are
important for social capital. His reasons lie on that dense groups will have common language
and can be a base to create a “critical mass” for knowledge generation. Granovetter (2005)
also gives explanations on why dense networks might be better for performance as denser
network can help overcome free-rider problems and emphasize trust between individuals in
the network. These explanations are all relevant in understanding how network affects
economic behaviors, social capital and economic performance, like Woolcock and Narayan
(2000) concludes social capital in terms of network is “a double-edged sword” that involves

both benefits and cost.

Some other areas also witness an increasing number of research on social network including
analyzing criminality behaviors, labor market and trade. Criminal behaviors are found not to
be at an individual level and do not happen at isolation, but happen in a social context, depend

on social networks of individuals. Patacchini and Zenou (2008) find that young people have



higher degrees of social interactions happen to commit more crime. Ludwig et al (2013) find
that relocating families from high- to low-poverty neighborhood can reduce violence by 30%-
50% and imply an importance of social interactions in criminal behaviors. In labor market,
social networks also play an important role. Starting from Granovetter’s ideas of the strength
of weak ties, Gee et al (2015) use six million Facebook users’ data and find an evidence that
most people find jobs through one of their weak ties relationships, however, she also finds
that a single of strong tiles is more valuable for job seekers at the margin. Social networks also
exist in trade patterns. Empirical findings from Chaney (2014) and Morales et al. (2019) find
that social clusters influence trade, which means if two countries are in the same social cluster,
it is likely that there is a bilateral trade between them. This pattern is found because being in
the same social clusters help them to reduce information asymmetries and improve contract
enforcement (Bailey et al, 2020), which agrees with the findings from Coleman. Guiso et al.

(2009) also finds that trust facilitates trade and influence the flows of goods.

For literature on poverty, research observes a persistent pattern on inequality in wages, health
and other economic and well-being dimensions. The reason for this persistent pattern might
be that poor or disadvantaged people can only interact with other similar people like them, so
it is hard for them to climb to upward situations due limited contacts. The peer effects from
social network of poor people bring more negative feedbacks rather than a positive role model.
Bertrand et al (2000) report the importance of networks (measured by language spoken at
home) in welfare participation. For example, if an individual has a friend who is in welfare
program, they can benefit by reducing the cost of applying for welfare, learning more about
welfare program with a cost of hearing less about job opportunities or other opportunities.
Harrison et al (2019) also find that communities with higher social capital will have lower
poverty rates, and policies in reducing poverty will be more helpful if combining with
supporting social capital formation, particularly more important for communities in persistent

poverty.

Most of these above listed empirical evidence lie on analyzing a sub-population’s social
network, except for the research by Gee et al (2015) and Bailey et al (2020). With the help of

big data, the research on social network and a population’s economic well-being have been
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easier. Several research has focused on mobile phone data to predict economic development,
social mobility as well as estimate the relationship between network diversity and economic
development. A pioneer in this area is from Eagle et al (2010) who use communication
network data in August 2005 in the UK which covers more than 90% of the mobile phones
in the country to find a relationship with socioeconomic opportunity. They find that economic
development of communities is highly correlated with network diversity of that community.
Satellite data is also becoming more popular in economics to predict poverty and estimate
economic well-being (Engstrom et al, 2017; Jean et al, 2016; Donaldson and Storeygard, 2016;
Amarasinghe et al, 2018). Another promising dataset is using social connectedness data from
online social network, for example Facebook, LinkedIn, and Twitter to analyze social network
and individual’s economic well-being as well as other relevant economic perspectives, for
example knowledge flow, housing market, international trade, or labor market. Bailey et al
(2018a) find evidence of social networks in housing market in the U.S. by using anonymized
data from Facebook. As mentioned above, Gee et al (2015) also use anonymized data from
Facebook to evaluate the importance of social contacts in finding jobs. Bailey et al (2020)
continues with the anonymized data from Facebook to build a social connectedness index for
180 countries and 332 European regions to pattern the relationship between social network
and international trade. Diemer (2020a, 2020b) also builds on this social connectedness index
to map and find the relationship between social network and the geography of knowledge

flows in the US, and spatial diffusion of economic shocks in networks.
3 Methods

3.1 Social Diversity

By applying a similar method from Eagle et al (2010), I will calculate a variable called Dsocial(i)

which measures how connected different counties to each other in the US.
Hi=— Z?zlpSCij « log (pSCij)

Where k is the number of counties in the US and pSCijj is the proportion of county i’s total

normalized social connectedness that involves county j, or



normalized SCij

pSCij = 52

=1 normalized SCij

Where normalized SCijj is the social connectedness index normalized by the product of the
total population of two counties. I then define social diversity, Dsocial(i) as the Shannon
entropy associated with county i’s communication behavior, normalized by k:

Hi
log (k)

Dsocial(t) =

I then plot on the map the geographical distribution of social diversity and MDI rate to
evaluate the relationship between economic development outcomes (MDI data) and social

diversity.
3.2  Econometric Specification
Regression model with Social Diversity

My next step is to quantify the relationship between MDI rate and social diversity by regressing

MDI rate on social diversity. The econometric specification is as follows:
MDIi = B, + B1* Social Diversityi + Xi + & @

Where MDIi is the multi-dimensional deprivation index rate for county i (the MDI rate is only
calculated in 2017), Social Diversity; is the social diversity calculated from the above part, Xi
is the set of control variables (described below). 31 is the interested coefficient in this

econometric model.
Regression model with Social Connectedness

The method from Eagle et al (2010) gives us a brief understanding on the correlation between
social network and economic development. However, I also want to explore whether there
are social and spatial spillover effects in economic development. Therefore, I will apply the
methods from Amarasinghe et al (2018) to answer this question. They use an econometric
model to estimate spatial spillovers of economic activities in districts in 53 African countries.
I will also build an econometric model based on their econometric model to evaluate the social

and spatial effects of MDI rate among counties.
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The econometric equation is described as:

MDI;; = Bo+ 51 *Zj—l Wy 55 *M DIy —I—__."?’-‘,;*Zj’_l Wa,i i ¥*M DI+ Xt +ei
(I1)
Where MDI;: is the multidimensional deprivation index of county i at time t (in this study, I
only evaluate MDI in 2017), w1,jis the (1)) cell of the adjacency matrix based on geographic
connectivity, wa;jis the (i, j) cell of the adjacency matrix based on social connectedness, Xi:is
the set of county level characteristics as control variables of county i at time t (2017). This
econometric model assumes that the MDI local spillovers to other counties only happen by
the geographical and social connected lag of the dependent variable. It should be noted that
in the econometric model by Amarasinghe et al (2018), they also introduce the local spillover
effects due to spatial lag of the explanatory variables. However, due to the time constraint of
the paper, I only consider lag of the dependent variable, and the lag of the explanatory variables

may be interesting as a follow-up for the future study.

Endogeneity of network formation is a problem when working with network. In this case,
there could be a reverse causality, in which MDI rate affects the network of that county by the
movement of poor people between counties, rather than the network itself affects MDI.
Diemer (2020a) adjusts this concern by creating a new measure of social connectedness which
is the relative probability of friendship that controls migration and distance between counties.
However, due to the time constraint of the paper, I will assume that the movement of poor
people will take time and social connectedness in the short term do not fluctuate much and is
not affected by the movement of poor people in the short term. Though the MDI is measured
in 2017 and the social connectedness is calculated in 2020, I will assume that social

connectedness does not change much within this time frame.

4 Data

The unit of observation in this study is at county level. For answering the research questions
proposed, I will need data for economic development (proxy by the multidimensional
deprivation index), data for social connectedness, data for geography and data for control

variables.
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4.1  Dependent variable: Multidimensional Deprivation Index

To measure economic development for each county, I use Multidimensional Deprivation
Index (MDI) as a proxy for economic development. According to the U.S. Bureau of Census,
MDI is a complement for the Official Poverty Measure and has six dimensions: standard of

living, education, health, economic security, housing quality, and neighborhood quality.

The dataset is acquired through the website of U.S. Bureau of Census, in which the most
updated version of this dataset is 2017. In the report, U.S. Census Bureau also mentions that
each dimension was weighted equally (though it is not necessary). The reasons include that it
is easy to understand and the dimension can be easy to stand on its own; that to weight one
dimension more important than another needs a valid justification which is case by case

depend on individuals and related to the robustness of the results.

Specifically standard of living is defined as poverty according to the official poverty measure;
education is measured as aged 19 or older without a high school dilemma; health is calculated
as poor health status; economic security includes at least two of the three conditions which
are lack of health insurance, unemployed for 12 months, cumulative hours worked per week
was less than 35 hours; housing quality is defined as lack of complete kitchen, plumbing,
overcrowded housing unit or high cost burden; and neighborhood quality is measured as living

in a neighborhood which has high crime, poor air quality, or poor food environment.

Since the MDI already adjust for the total population of a county, I will use the MDI rate

without any modifications in this study.
4.2 Data for social connectedness

To measure social network, I use Social Connectedness Index (SCI) developed by Bailey et al
(2018b). They use an anonymized snapshot of active Facebook users and their friendship
networks to measure the social connectedness index across locations. To get their location,
they use the locations based on their information listed on their Facebook account and their

IP address when they log in their Facebook account. They are defined as:
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FB Connectionsi,j
FB Users; * FB Users;

Social Connectedness Index;,; =

Where FB Users;and FB Usersjare the number of Facebook users in locations i and j, and FB
connections;jis the total number of Facebook friendship connections between individuals in
the two locations 1 and j. The public data measures the relative probability of a Facebook
friendship between a given Facebook user in location i and a given Facebook user in location
j, which has the value from 1 to 1,000,000,000. In the US counties Social Connectedness Index,
the maximum value is Los Angeles County-Los Angeles County connection with the value of
1,000,000. From this dataset, I then have a social network with 3,136 nodes and 9,462,485
edges.

Users of Facebook is mostly unchanged since 2018, which about 70% of adults in the U.S. use
the platform (Pew Research, 2019). In the same report, it is reported that people from 18-49
use Facebook the most, around 70-80% for each age group. It decreases by age group,
however, for people 65 and more, there are still 46% of people use Facebook. Therefore, the
online Facebook friendship could be a good proxy for social connection of US friendship
network in real life. (Gee et al, 2015). I use the most updated version (till the time this research
is written) of US counties SCI from the website of Facebook Data for Good which is

September 2020.

To measure social connectivity between counties, I build a social connectivity matrix. First, I
normalize the SCI by the product of the population of two counties connected. This is to
adjust that counties which have larger population will have larger facebook users, and the SCI
will be larger. This normalization is also done by Bailey et al (2018b) and Diemer (2020a).
Second, after I have the normalized SCI, I create a matrix between counties, in which the value
between county i and county j is 0 (wicjc) if the normalized SCI below the median level of all
normalized SCI, and the value between county i and county j is 1 (Wic,jc) if the normalized SCI

greater or equal the median level of all normalized SCI.

4.3. Data for Geography
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Bailey et al (2018b) specify that people tend to be friends with each other if they are located
near each other, so geography data is important in my study, as also specified in the method.
In this study, I use the data for Geography extracted from NBER which has data on the

distance between counties.

To measure geographic connectivity between counties, I will build a geographic connectivity
based on the distance between counties. I construct a spatial weight matrix as the value
between county i and county jis 1 (wicjc=1) if the distance between two counties is lower than
200 miles, and equals 0 (wicjc = 0) if the distance between two counties is greater than 200
miles (Bailey et al (2018b) also defines the concentration of a friendship network as the share
of friends live within 200 miles). Therefore, I take 200 miles as a cut-off value, however, it is
more convincing if we could compare between different cut-off value and to see how it will

affect the magnitude of the coefficients and their statistically significant. This could be an

expansion for the future research.
4.4. Control variables

I select control variables from those is shown to be important in previous studies. I adopt the
three control variables from Harrison et al (2019) including the total non-white population,
total population under 19, and total population above 65. They mention that poverty tend to
concentrate for some racial and ethnic minority groups in the U.S because discrimination
happen in jobs and in hiring process for some ethnic minority groups as well as lower levels
of education among these groups make them easier to be in poverty. Total population under
19 and above 65 are included as control variables to represent the population who is not in

the work force, therefore, may affect the poverty rate of that county.

5 Results

5.1  Main results
Comparable maps between highest MDI rate and lowest MDI rate counties

As an illustrating example to show the difference in the social connectedness map between

county with highest MDI rate and county with lowest MDI rate, I compare the social
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connectedness maps of Cape May County, NJ and Hamilton County, IN respectively. To
construct the map, I use the Social Connectedness normalized by dividing the Social
Connectedness Index by the product of county-level population. I show the heat map in figure
1 which shows the relative probability social connectedness map in Cape May County, NJ
(Figure 1A) — which has the highest MDI rate, and Hamilton County, IN (Figure 1B) — which
has the lowest MDI rate.

Overall, for both Cape May County and Hamilton County, they are more socially connected
to counties that are geographically close to them. For example, for Hamilton County, IN, the
darkest color is around the Indiana state. Likewise, for Cape May County, NJ, the darkest color
is around their New Jersey state and around North Fast region. In addition, the main
difference for the two counties social connectedness map is on their connection with two
different regions. While Hamilton County, IN is mostly connected with the nearest
geographically counties to them which is the Mid-West region, Cape May County does not
have strong connection with this area. The similar pattern applies for the North Fast and
South Atlantic regions. While Cape May County, NJ is mostly connected to these two regions,
Hamilton County does not have strong connection with this area. For the rest of the regions

in the US, these two counties have quite similar pattern in social connectedness.

To illustrate more clearly in their difference in terms of social connectedness level, I illustrate
with linear interpolation in figure 2 while for figure 1, it is deciles interpolation. With linear
interpolation, we can see that Cape May County, NJ does not have much difference in their
social connectedness between counties, except for their own county. For Hamilton County,
their social connectedness is not only strong with their nearest neighborhood in terms of
geography, but also in some counties in Mid-West, West South Central and West Mountain
regions who are not geographically close to them. Hence the social connectedness level in
Hamilton County is more diverse compared to Cape May County, who is mostly strong in
their own neighborhood. This may reflect the idea of Burt (2004) which concludes that highly
clustered communities limit their opportunities, and communities having more diverse

network have better performance.
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Figure 1. County-Level Social Connectedness Maps (Deciles Interpolation)

Figure 1A. Social Connectedness Map of Cape May County, NJ

US County-Level Social Connectedness Map Cape May
County, NJ

Created with Datawrapper

Figure 1B. Social Connectedness Map of Hamilton County, IN

US County-Level Social Connectedness Map Hamilton
County, IN

Created with Datawrapper
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Figure 2. County-Level Social Connectedness Maps (Linear Interpolation)

Figure 2A. Social Connectedness Map of Cape May County, NJ

US County-Level Social Connectedness Map - Cape May
County, NJ

low high

Figure 2B. Social Connectedness Map of Hamilton County, IN

US County-Level Social Connectedness Map of Hamilton
County, IN

low high

Hamilton County, IN
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Social Diversity and Economic Development

The above comparable maps between two counties with highest and lowest MDI rate show a
difference in their social connectedness map. To conduct a more general view on all counties
in the US, in this section, I apply the method from Eagle et al (2010) as discussed in the section
4. Figure 3 shows a comparable map between MDI rate and social diversity score of counties
in the US. To construct the map, I use the Social Diversity score which ranges from 0 to 1 for
all counties, instead of Social Connectedness Index. I show the heat map in figure 3 which
shows the social diversity map (Figure 3A) and the MDI-inverse map (Figure 3B). To have a
better visualization and find the similarity between the two maps, I use deciles interpolation
and use an MDI-inverse rate rather than the MDI rate — which means the darker the color,
the better performance that this county has. There are some similar patterns between the two
maps which indicate that counties with diverse communication patterns tend to have better
performance, for example in the North East region, a part of the Mid-West region, a part of
the West Mountain region, and a part of the West South and East South-Central region.
However, some regions show opposite pattern in social connectedness and economically
healthy performance. For example, the West Coast region, a part of the Mid-West region, and
a part of the South Atlantic region. These regions have diverse communication patterns
(darker color for social diversity), but worse economically healthy performance or vice versa,
have low social diversity score, but higher overall economic and health performance. This
implies that social diversity is correlated to economic development, but only have a low
correlation. There are other unexplained reasons for economic development that are not

covered by social diversity.

To be more precise on the correlation level, I conduct a correlation test between social
network diversity and socioeconomic performance. I use MDI rate for socioeconomic
performance, so it is predicted that the two variables should show negative relationship. I
found a weak negative correlation between social diversity and MDI rate (r = -0.175) in line
with the illustrative maps of these two variables in figure 3. Figure 4 shows a correlation map
between social network diversity and MDI rate. A line was fit to the data which is a downward

slope straight line to show the negative relationship between these two variables.
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Figure 3. County-Level Social Diversity and MDI-inverse Maps (Deciles
Interpolation)

Figure 3A. Social Diversity Map

US County-Level Social Diversity Map

Created with Datawrapper
Figure 3B. MDI-inverse Map

US County-Level MDI Map

- I—
1.67 41.67

Created with Datawrapper
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Figure 4. A correlation map between social diversity and MDI rate

Social Diversity vs. MDI rate
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Regression Results with Social Diversity

Table 1: Regression model for MDI rate with Social Diversity
Dependent variable: MDI rate

(1) (2)
Panel A. OLS Regression
Social Diversity -0.065 (***) -0.055 (***)
(0.006) (0.006)

Panel B. Spatial Regression
Social Diversity -0.033 (direct) (**%*)
-0.043 (indirect) (**%*)
-0.075 (total) (**%*)
State fixed effects X

County Demographics X X

I conduct a regression model for MDI rate with social diversity as an independent variable
(model I) to quantify the relationships between social diversity and MDI rate. As described
above, some control variables are added into the model, including non-white population, total
population under 19 and total population above 65. These control variables are important in
prior research about poverty rate. The model (1) in table 1 has social diversity as an

independent variable and county demographics as control variables. The coefficient for social
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diversity is -0.065 and statistically significant at 1% level. I can interpret as one increase in
social diversity level is correlated with a 0.065% decrease in the MDI rate when all other
explanatory variables are held constant. The model (2) in table 1 also has similar variables like
in model (1), except that I include state fixed effects into the model to control for state-variant
characteristics. The coefficient for social diversity decreases a bit in absolute value from -0.065
to -0.055, and it is still statistically significant. I select the model (2) as my preferred model and

will conduct other diagnostic tests based on this model.

I continue to check for the model assumptions for linear regression models, including linearity,
independence, equal variance, and normality. To check for these assumptions, I use residual
plot and QQ-plot, as shown in figure Al and A2. Figure A2 shows that the Q-Q plot has a
departure from the straight line at the end which means there is right skewness in the residuals.
This also reflects in figure Al with the residual plots where some of the residuals at the larger
values of fitted values show the right skewness, while other remains to be scattered randomly
and around the O value. To test for heteroskedasticity, I perform Breusch-Pagan test and the
result confirms that there is heteroskedasticity in my model. There are many ways to fix
heteroskedasticity in the model, and the most common way is to use robust standard errors. I

ran coeftest function in R to use robust standard errors and the results are included in table

A3.

Until now, I have not considered geography into my model. Eagle et al (2010) when
performing social diversity, they also construct a measure for spatial diversity. So I will check
whether there is a spatial characteristic of my data. As shown in figure 3B, MDI rate seems to
concentrate on some areas which have higher MDI than the average of the national MDI rate.
I perform Moran’s I test for the model (2) in table 1 as shown in table Al. The Moran’s I
statistic is 0.584 which seems that there is a positive spatial dependence in MDI rate between
neighboring counties. I also apply local Moran’s I test to check for local spatial dependence
within each county. Using this test, I could check for spatial dependence within each county,
and for illustration, I show 6 first counties in the table A2. The results from the table show

that there is no local spatial dependence in MDI rate within each county as their E.Ii are 0.
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Since the test statistics show that there is a spatial dependence among neighboring counties in
MDI rate, I try to fit the model with spatial lag model. The results are reported in panel B of
table 1. I only perform spatial lag model for model (2). For spatial lag models, there are three
coefficients for social diversity. One shows the direct effect (or the local effect), another shows
indirect effect (or the spillover effect), and the last one shows total effect (or sum of local and
spillover effect). The total effect of social diversity in spatial lag model is -0.075 which means
that an increase in social diversity level decrease the MDI rate by 0.075% - which is greater

than coefficients of both models in OLS regression.
Regression Results with Social Connectedness

In this part, I will try to answer the question about the spillover effects of MDI rate across
counties that are social connected with each other, which means to estimate the extent of
spatial and social MDI rate spillovers between the U.S counties. The above spatial lag model
only considers spatial dependence and base on social diversity, rather than direct from social
connectedness. The econometric specification model is illustrated in part 3.2 (model II). The

result from this econometric model is reported in table 2.

Table 2: Regression model for MDI rate with Social Connectedness

Dependent variable: MDI rate

(1) (2) (3)
Panel A. OLS Regression
Geography W MDI;. 0.899 (***)  0.898 (***)  0.906 (***)
(0.005) (0.005) (0.006)
Social Connectedness W MDIL;.  0.059 (**%) 0.059 (***) 0.051 (**%*)
(0.004) (0.004) (0.004)
State fixed effects X
County Demographics X X

Table 2 presents the baseline results for the equation (2). First, in column (1), I show the effect
of both social connectedness weight matrix and geographical weight matrix included in the
model without any covariates. The coefficient for geographical weight matrix MD]jc is 0.899

and statistically significant at 1% level. The coefficient for social connectedness weight matrix
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MDIjc is 0.059 and statistically significant at 1% level. In column (2), I include county
demographics as control variables, as described in part 4. The coefficients for both weight
matrix do not change much. In column (3), I include state fix effects. The coefficient for
geography W MDIjc increases from 0.899 to 0.906 and statistically significant at 1% level. The
coefficient for social sconnectedness W MDIjc decreases from 0.059 to 0.051 and also
statistically significant at 1% level. I will use model (3) as my preferred model to check for

other OLS assumptions.

To interpret the magnitude of the above coefficients, I apply the interpretation from
Amarasinghe et al (2018). I illustrate with an example with three counties: county 1, 2, and 3.
I assume the social connectedness within a county equals 0, and the social connectedness
between 1 and 2, 1 and 3, and 2 and 3 is 1 (means that the normalized social connectedness
between these counties are greater than the median). For example, with the coefficient of the
social connectedness W MDIjc is 0.051, it means that a 1% increase of the MDI rate of county

2 (or county 3) will increase the MDI rate by 0.051%.

To check for OLS assumptions, I conduct several tests. First, for the assumption that residuals
are not related with the predicted value of outcome variable or to the value of independent
variables (homoscedasticity), I plotted residuals versus the outcome variable (MDIi) and values
of independent variables (the geographical weight matrix*MDIj and the social connectedness
weight matrix*MDIj). Both the residuals versus fitted values and the Q-Q plot (figure A3 and
tigure A4) show some patterns. The Q-Q plot shows that the standardized residuals depart
from the straight line at the end and at the beginning of the line, which seems to have some
right skewness in the residuals. To confirm with statistics for the existence of
heteroskedasticity, I also use Breusch-Pagan test to check for heteroskedasticity. The result
shows that the p-value is smaller than 0.05 which means statistically significant, so I can reject

the null and can conclude that there is heteroskedasticity in my model.
5.2  Robustness check

Robustness check for regression with Social Diversity
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I did robustness check for regression with social diversity as an independent variable. It might
be the case that some of the counties with high social diversity drive the results. Therefore, in
panel A of table 3, I did the same regression models as table 1, but exclude the top 10 percent
counties with highest social diversity. The coefficients for social diversity do not change much
compared with the table 1. Both coefficients are statistically significant. Therefore, these
coefficients are robust even when I exclude the top 10 percent counties with highest social
diversity. In panel B of table 3, I also performed the same regression as in table 1, but I only
include in the models the top 10% counties with highest social diversity. Both coefficients are
not statistically significant, it means that I cannot reject the null hypothesis that there is no
effect of social diversity on MDI rate. It means my results are not robust if only include the
top 10% percent counties in social diversity. However, it also explains the pattern we see in
tigure 3A that some counties have darker color in social diversity, but lighter color in MDI
rate, which means they are more social connected, but perform worse in economic and health
indicators. Therefore, being social connected only explains a part in economic development,

there are more variables deciding on the level of economic development.

Table 3: Robusness check for regression models with Social Diversity

Dependent variable: MDI rate

1) (2)
Panel A. Exclude top 10 percent counties in social diversity
Social Diversity -0.071 (¥*%) -0.056 (¥*%)
(0.008) (0.007)
Panel B. Only include top 10 percent counties in social diversity
Social Diversity -0.004 0.101
(0.111) (0.137)
State fixed effects X
County Demographics X X

Robustness check for regression with Social Connectedness

I also conduct robustness check for regression models with Social Connectedness for two
groups excluding the top 10 percent counties with highest social diversity, and only including

the top 10 percent counties with highest social diversity. However, as reported in the results
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by R, the model is essentially perfect fit, and the summary may be unreliable. The reason for
this maybe that I overfit the data or the estimated effect of social connectedness weight MDIjc
equals O for these two subgroups. Due to this problem, I do not report the results for my

robustness check for regression models with Social Connectedness.
6 Limitations and Future Work

First, a problem with the above models is endogeneity. Jackson (2014) discusses the
importance to understand network formation and the endogeneity of network as people tend
to form relationships with others that are similar to them or to share economic benefits. This
homophily formation may be driven by unobserved characteristics that could be hard for
researchers to measure these characteristics. One way to adjust for endogeneity of networks
as mentioned by Jackson et al (2016) is to use instrumental variables. Acemoglu et al (2019)
use neighbors’ colonial history as an instrumental variable for the network of municipalities in
Colombia. Some instrumental variables are used by Harrison et al (2019) to estimate a spatial,
simultaneous model of social capital and poverty in the US are ethnic heterogeneity and same
county variables. The problem of endogeneity in the model also comes from the reverse
causality where depreciation creates incentives for poor people to move between counties,
rather than being socially and geographically connected with other counties affect MDI rate
of that county. Diemer (2019) in evaluating the spatial diffusion of local economic shocks in
the US also uses the Facebook social connectedness index and in adjusting for endogeneity,
he uses migration flows between all county pairs. In the context of my model, using migration
flows between counties could be a potential instrumental variable or the ancestry historical
immigration. The migration flows data between counties could be obtained from the Internal
Revenue Service (IRS) Statistics of Income Division. They have the available data at state and
county level from 1991 to 2018. The ancestry historical immigration can be obtained from the
datasets collected by Bailey et al (2018). The ancestry historical immigration could a good
instrument as it was determined a long time ago and may no longer affect MDI. However, the
migration flow as an instrument could also raise some concerns as whether it is truly

exogenous or not, and if it is the case where the migration flow is endogenous with the error
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terms, the instrumental variable estimation may even more biased than the OLS. Within the
limited time, I could not conduct 2SLS for these two instrumental variables to compare
between both, and to compare with the OLS and spatial models. However, in the future work,

it is essential to adjust for endogeneity in the models.

Second, in evaluating the spill over effects of being socially connected, I use a weight matrix
for social connectedness, with having normalized social connectedness greater than the
median equals 1, and smaller than the median equals 0. This division may make us difficult to
understand the spill over effects of counties who have social connectedness close to the cut-
off level, but in different sides of the cut-off level. Therefore, in the future work, one could,
instead of building a weight matrix of 1 and 0, for each county, divide into 20 bins of 100
social connected counties with 5 counties for each bin. In this way, we could avoid using the
cut-off level. The same could apply for geography weight matrix. It is also more convincing if
we could compare between different cut-off value and to see how it will affect the magnitude
of the coefficients and their statistically significant. In addition, one could also build a
geography weight matrix base on being a neighbor with each other. Another limitation in my
geography and social connectedness weight matrix is that I did not row normalize my matrix.
In the future work, it is important in creating these matrix to row normalize ensure

consistency.

Finally, in my papert, I have not evaluated with other network diversity metrics, for example
Eagle et al (2010) also use Burt’s measure of “structural holes” or Amarasinghe et al (2018)
use centrality measures, for example betweenness centrality, eigenvector central city, Katz-
Boncich centrality to measure key player centrality or to answer the question which district,
once removed, will reduce total nighttime lights the most (their dependent variable is nighttime
lights). This same method could also be applied into my paper to answer the question of the
key-player could affect other counties” MDI rates most. This could be an interesting question

to answer in the future work.

7 Conclusion
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This paper has studied a population-level social network to estimate the relationship between
social network and community economic development. My empirical evidence has again
confirmed that network diversity is associated with economic development, which means
being more socially connected is correlated with better economic development performance.
However, a causal relationship cannot be inferred from my models. Despite this limitation, it
is still worthy to note that on population level, the structure of network does affect socio-
economic performance, expanding the conclusion from Fagle et al (2010) by using an online

network data to proxy for real life relationships.

I first build a map of social diversity and MDI rate, then perform a correlation map between
these two variables to understand their relationship. I go further to quantify this relationship
by regressing MDI rate on social diversity and can find the negative relationship between these
two variables held other variables constant, and this coefficient is robust with different models
and with a subset of excluding top 10 percent counties with highest social connectedness
score. However, this coefficient is not robust if I only include top 10 percent counties with
highest social connectedness score in my model, and this can explain why some counties who
are strongly social connected with other counties, but have higher MDI rates, for example
some West Coast counties. It means that being socially connected only answers a part of the

question about economic development, and there are more variables should be considered.

I go one step further by using another regression model to estimate the social and spatial spill
over effects of MDI rate. The results show that there are spillover effects of MDI rate for
counties who are being geographically connected, or socially connected with each other.
Results from both regression models cannot be assumed as causal relationship due to
endogeneity problem of being socially connected with each other. Future work could try to
establish the causal mechanism between network diversity and economic development as well

as the social and spatial spillover effects between counties.
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9 Appendix

Table Al. Moran’s I test

Moran I test under randomisation

data: merge_sc_counties_sf$ MDI rate’
weights: Tistw_scB n reduced by no-neighbour observations

Moran I statistic standard deviate = 55.86, p-value < 2.2e-16

alternative hypothesis: two.sided

sample estimates:

Moran I statistic Expectation variance
0.5840912819 -0.0003195909 0.0001094546

Table A2. Local Moran’s I test

Ii E.Ii var.Ii Z.Ii Pr(z > Q)

Table A3. Robust Standard Errors

Dependent variable:

Dsoc -0.055*** (0.007)
non_white_sum 0.00000*** (0.00000)
underl19 0.00000 (0.00000)
above6s -0.00000*** (0.00000)

Note: I do not include the results for dummy variables for state fixed effects in table A3
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Figure Al. Residual Plot with social diversity as independent variable
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Figure A2. Q-Q Plot with social diversity as independent variable
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Figure A3. Residual Plot with Social Connectedness as independent variable
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Figure A4. QQ Plot with Social Connectedness as independent variable
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