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Abstract

This paper adds a spatial angle to economic growth. We create an endogenous

growth model, where agents require experts to implement their ideas. The experts

might not live in the same location as the agents and need to relocate to the agent

with an idea leading to an implementation cost. The relocation cost increases with

the distance between agents and experts leading to a direct link between how close

people live together and the implementation cost of ideas and hence growth. In order

to empirically test this, we create the new measure Spatial Population Concentra-

tion, that captures how close people live together and show that counties and states

where people live closer together tend to grow faster both for the United States and

in the world.
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1 Introduction

Knowledge creation is the most important contributor of economic growth in classical

endogenous growth models like Romer (1990). Innovation and the knowledge creation

can explain why some countries grow faster than the others (e.g. Romer (1994)). We

look at one important component of this knowledge creation, namely what impact the

geographic distribution of people has on innovation and hence growth. Specifically, we

create a model, where the implementation of ideas depends on the availability of experts.

In this model, the closer people live together, the easier it is to get hold of a expert and

hence the cheaper it is to implement an idea. In places, where ideas can be implemented

cheaper, more ideas are implemented and hence economic growth is faster.

This paper hence contributes to two main areas in the literature. Firstly, our model

is closely related to the the literature on knowledge creation which focuses on the num-

ber of entrepreneurs and researchers and their productivity at the economy level (e.g.

Romer (1990), Jones (1995), Gong et al. (2004) or Aghion and Howitt (1992)) or R& D

expenditure at the industry level (e.g. Grossman and Helpman (1991), Zeira (2011) or

Bloom et al. (2017)). This literature typically assumes that the economic activity is not

geographically spread out. Our model introduces economic frictions due to agents not

being in the same location that impacts the innovation process. In order to implement

ideas, agents compete for experts that might not be in the same location and hence need

to pay the cost of the relocation of experts. The further spread out agents and experts

live, the more expensive it becomes to relocate the expert and the more profitable an

idea must be to be worth implementing. In turn, a higher implementation cost due to

the geographic spread, causes fewer ideas to be implemented and hence slower economic

growth.

Secondly, our paper is related to the literature on the geography of growth. One

important focus in this literature is knowledge spillovers, where an economic power center

increases economic activity in the regions surrounding the hub.1 Our model and our new

measure might be able to contribute to determining the drivers of the economic hubs

themselves. Specifically, the model suggests that areas that are more densely populated

increase output growth because more ideas get implemented.

Another focus in the geography of growth literature is the roles of cities (e.g. Altun-

bas et al. (2013); Carlino (2001); de Groot et al. (2007); Perumal (2017); Glaeser et al.

(2009)). Cities are places, where people live closely together and have historically been

1For example, Le Van et al. (2002); Rivera-Batiz and Romer (2008); Bottazzi and Peri (2003); Blazek
and Sickles (2010); Desmet et al. (2018)
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the drivers of economic growth (e.g. Chen et al. (2014); Gollin et al. (2016); Jedwab and

Vollrath (2015); Jedwab et al. (2017)). Our model and empirical findings are in line with

this literature. There should be a lower implementation cost due to people living closer

together in cities and thus faster growth than other parts of a country.

In order to empirically estimate the impact of the spacial distribution, we introduce a

new measure called the ”Spacial Population Concentration”. This measure calculates how

many people live on average within a given radius of every person in a country. There

are several existing measures of how close people live together, two of the most well

known being population density and urbanization. While they both capture how close

people live together, they each have important shortcomings relative to our new measure.

Population density has the shortcoming that it can be very strongly affected by large

sparsely populated areas. For example, Australia’s population is largely concentrated in

cities along the coasts and the center is only very sparsely populated. Its population

density is thus very low, even though people largely live in cities. Urbanization is more

flexible in this regard, as it measures people in cities or otherwise densely populated areas.

However, there is no common definition available across countries and the measure does

not differentiate more or less densely populated areas within urban areas. Indeed, our

measure can be used to calculate urbanization rates based on a threshold of how many

people live within a certain radius of every person.

In the remaining of the paper we discuss our main model in section 2 and data sources

and estimation measures in section 3. Preliminary results are presented in section 4. We

discuss the future work in the final section.

2 Model

Our model is a mix between the growth model proposed by Romer (1990) and creative

destruction models as described for example in Aghion and Howitt (1992) but with a

more extensive labor market. We assume that there are two types of agents i. The first

type is a regular agent and the second type is an expert in the field kit from n possible

fields. Every agent has an idea in the field xit from the same n possible fields every

period. It is assumed that there is no relation between the field of an expert and the field

of the idea and there is no ex ante difference in the idea of experts or regular agents. The

agent can choose to either become an entrepreneur and implement her idea, or to become

a wage worker. If an agent chooses not to become an entrepreneur, the agent earns the

competitive wage wlt as a regular worker and the wage wkt as an expert. If there are

more experts in a field k than are needed, wkt = wlt and the excess number of experts
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become regular workers. Agents that choose to become an entrepreneurs will implement

their idea by starting a company and produce an output variety. They earn the profits

of this company which are given by

πit = Aitl
α
it − wtlit − c2itwkt (1)

The productivity term Ait is stochastic and reflects the profitability of the idea. lit is the

number of workers employed at the market wage wlt. α < 1 ensures that the company has

decreasing returns to scale and cit is the implementation cost of the idea. Entrepreneurs

chose the number of workers for a given wage to maximize profits

wlt = αAitl
α−1
it (2)

The choice between becoming a worker and becoming an entrepreneur is determined by

the profit they would make if a company was started. If the profit is less than the market

wage (πit < wlt), a regular agent does not become an entrepreneur. If the expert wage

with field k is larger than the profit of the potential company (πit < wkt), the expert

does not become an entrepreneur. Both wages are endogenously determined by the labor

demand and supply. It is assumed that a percentage pkt of agents are experts in field k

that can help implement ideas that match this field. In order to implement an idea, an

entrepreneur requires a matching expert. For example, if the idea is a new component for

a car, an automobile engineer might be the expert needed. It is assumed that productivity

Ait, the idea type xit and the specialization kit are all distributed independently from

each other.

2.1 Movement cost c

While the production of output variety using the production function

yit = Aitl
α
it (3)

can use any other agent as a worker, it is necessary to get one expert with field k to

implement the idea and pay him the market wage wkt. It is assumed that experts need

to physically move to the entrepreneur in order to implement an idea, the cost of which

is paid by the entrepreneur. Depending on how close the expert is to this entrepreneur,

the cost for moving is higher or lower. We cap the cost of moving the expert at the

market wage wlt. This implies that in the worst case, an entrepreneur needs to pay a
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cost cit = wlt + wkt to implement an idea and in the best case pays cit = wkt. For most

entrepreneurs, the cost is somewhere inbetween and depends directly on the distance

between agents at the aggregate level. If the entire population of a country lives in the

same place, the cost is the going wage wkt. There are several distributional aspects that

can affect the cost cit. Specifically, the cost for implementing an idea can depend on

the percentage of experts for the specific idea in the population (the more, the lower the

cost), how concentrated they are (the less concentrated, the lower the cost), and how

many people live within a certain radius dt of every agent (the more people, the lower

the cost).2

2.2 Growth

So far, the model can compare of how developed countries or regions are, depending on

their geographic distribution. This leads to different wage and migration patterns as well.

To obtain the impact of growth over time, it is necessary to specify how growth enters this

model. In line with the literature endogenous growth (e.g. Romer (1990)), we choose that

research and development increases the productivity of firms. In our model, the closest

to this is the implementation cost. We assume that only the wage of the specialist is an

expense in research and development rather than the transportation cost. As a result, we

assume that the expected value of productivity E(At) evolves as follows:

E(At+1) − E(At) = wt ∗ ht (4)

where h is the number of ideas implemented in period t. This setup ensures that the more

ideas are implemented, the faster growth is achieved. Because more ideas implemented

means more experts are hired by companies, the expenditure is directly related to the

number of people working in research and development, which is endogenously determined

in the model. Specifically, the growth depends on the distribution of Ait as well as the

distribution of experts (cit) and both together determine the wage wt as well as the

number of ideas implemented ht.

2In order to simulate this economy, one might make further assumptions about the model for tractabil-
ity like that productivity Ait is geographically independently distributed from the implementation cost
cit. Also, one might restrict that only non-experts can have ideas that can potentially be implemented
and that the number of ideas is equal to the number of experts.
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3 Data and Measurement

In order to test our model we mainly use two data sets that combine geographic and

economic variables. The geographic data comes from the Global Human Settlement

database3. This data provides a spatial information on the number of people living with

1 km resolution for the entire world ( 1 x 1 km ≈ 20,004 x 40,004 cells) for the four

distinct years: 1975, 1990, 2000 and 2015.

Using these maps we estimate the Spatial Population Concentration (SPC); in other

words, how close people live together based on distance and population distribution. The

formula that we use to measure this:

SPCd =

∑N
i=1 xi ∗ ndi∑N

i=1 xi
− 1 (5)

where SPCd is the distribution measure for distance d, measuring how many people live

on average within distance d of every person in a country. xi is the number of people

at position i and ndi is the number of people within distance d of position i. Figure 4

provides details on calculations of Spatial Population Concentration measure. We use

George Washington Colonial One High Performance Computing System for our SPC cal-

culations. 4

3.1 Selection of Distances

While our baseline results are for 75km, we calculate SPC for various distances and discuss

their economic impacts in the next section. The Global Human Settlement database

uses census data where available and augments it with satellite images to allocate the

population based on building footprints. Particularly for the 1975 year, there is a very

limited availability of local census data in some countries which means that the spacial

data is not very accurate. We thus decided to use a relatively large radius (d) to address

this. The range of radii used as robustness checks start at 10 km and go up to 200 km.

Given that population data is available for each km the measure captures around 314

cells for d = 10km. In the 200km case, SPC captures over 125 thousand cells and the

measure is much less important than for shorter radii. Also, beyond a radius of 300 km

Bottazzi and Peri (2003) found no effects of spillovers.

3https://ghsl.jrc.ec.europa.eu/
4https://colonialone.gwu.edu/
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3.2 Additional Data

Our state level variables mainly come from the Bureau of Economic Analysis and the

U.S. Census Bureau.5 In addition to this, we use Penn World Tables as another main

data source for our dependent variable, real GDP, and for the controls to test our model

at the global scale. Penn World Tables provides information for 180 countries for the

period, 1975-2015, covered in this study. We use World Bank urbanization rates and

Press Freedom Index, World Economic Freedom Index 6 and Comparative Competition

Law Index 7 for the robustness check for global scale.

4 Empirical Strategy and Results

4.1 Specifications

We are interested in how the spacial concentration of people impacts GDP growth. We

rely on cross-sectional long-difference regressions as used for example in Jedwab and

Vollrath (2015) as a baseline specification. For our sample of 50 states (and D.C.) we

estimate the following equation:

∆LrGDPc,90−15 = β0 + β1LSPCdc,90 + β2∆Lpopc,90−15 + γXc + εc,90−15 (6)

where ∆LrGDPc,90−15 is the log difference in real GDP between 1990 and 2015 for state

c. LSPPdc,90 is our variable of interest, the log distribution measure for the distance in

1990 as defined in equation 5. We also include log change in population growth in the

same period (∆Lpopc,90−15) and Xc is our vector of additional control variables including

population and real GDP in 1990 in logs as well as the average years of schooling), public

spending for transportation infrastructure in 1990, and log area of states. In order to get

a causal inference of the spacial population concentration measure, we also instrument

LSPPdc,90 by the 1975 distribution. Without the instrument, it could be the case that

there are factors that cause a high concentration in 1990 also cause the subsequent growth

to be very high. There could also be reverse causality if people anticipate fast growth in the

future and hence move to specific locations. The 15 years earlier should largely mitigate

these potential issues as the trends can change substantially over time as evidenced for

example by the demographic comparison of Detroit and San Francisco. Both saw a rapid

5https://www.bea.gov/ and https://www.census.gov/
6https://www.heritage.org/index/explore
7http://comparativecompetitionlaw.org/data/
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decline in the population starting in the 1960s, but while San Francisco rebounded in the

90s, Detroit’s population kept declining.

Aside from the cross-section estimations, we repeat the above analysis in a panel.

Particularly, we collect GDP and population data for the four years for which we have

the Spatial Population Concentration (SPC) measure. Since our measure is not just the

population divided by a fixed land mass, unlike the population density, we can include

our variable into a panel regression. Then we run a panel for the four years according to

the equation:

∆LrGDPc,t = β′0 + β′1LSPCdc,t + β′2∆Lpopc,t + θc + µc,t (7)

While this regression allows us to take advantage of having four years worth of data

and control for year fixed effects, it does not provide causal inferences about SPC and real

GDP. In particular, there could be reverse causality, as GDP growth might cause people

to live closer together, just like people living closer together can cause GDP growth. We

find a statistically significant relationship between real GDP and our measure (coefficient:

0.29***) as presented in Table 6.

4.2 Results

The United States. Table 3 presents the baseline results for 75 km including the control

for logarithm of the state area (the sample consists N=51 observations: 50 states and the

District of Columbia). The statistically significant coefficient in column (1) (0.16***)

corresponds to around 15.4% of RGDP growth when the average value of log SPP is

taken. The inclusion of our SPP measure thus increases the variance explained by 4-5%

(R2 without SPP measure is 0.59 vs R2 is 0.64 in column (1).). Tables 4 and 6 report

the results and their impacts for various distances.

World. Estimation results of equation 6 for distance 75 km is reported in Table 8.

We take the logarithm of our measure, SPP, to interpret the coefficients as percentage

changes. Column (1) shows that the impact of SPP measure in 1990 on the RGDP

growth for the period 1990-2015 is significant (coefficient: 0.16***). This implies that

for a country on average our measure explains 17.1% of the growth. Table 9 reports the

economic impact of SPP for different distances. Coefficients are statistically significant

except the coefficient in 100 and 200 km. As expected impact of SPP on explaining RGDP

decreases with distance since cost of knowledge creation increases.
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Spatial Population Proximity measures the amount of people on average that an in-

dividual can reach within a certain distance. However, the amount of experts is not the

same everywhere. Developing countries (or regions) have different share of experts than

the developed countries. Therefore, we control for human capital.8

Can Spatial Population Concentration (SPC) be used to explain the growth at a global

scale? To test this, we include all countries to our regression. Estimation results are con-

sistent with our findings for the U.S.

Robustness. Can we use an already existing measures as an alternative to our

measure to test the hypothesis that the closer the people live, the faster the economic

growth is? Population density and urbanization rates are two possible alternatives that

we explore to compare them with our measure for their impact on GDP growth by using

population density.

(i) Population Density. Instead of our measure, SPP, we use population density and

run the equation 6 to estimate the economic impact of population density on explaining

the GDP growth of countries. Population density measures the number of people per

square km of land area. However, the population density within the country differs.

Consider two country: Australia and Estonia. The population density of Australia is

3 whereas the population density for Estonia is 28.5 in 2015. Following our hypothesis

we should expect higher knowledge creation and implementation in Estonia compared to

Australia. Due to inhospitable climate, people concentrated in the coasts around few big

cities in Australia. On the other hand, in Estonia people are more spread out across the

country. That is why SPP measure for Australia is larger than the SPP in Estonia as

shown in Table 1. This is the opposite for the population density. If we have census data

per km for each country in the world then we can calculate population density at the

micro level. The lack of complete census data for each district for all countries creates

potential mismeasurement when testing the impact of geography on growth.

Results in Table 8 indicate that population density is not statistically significant ex-

plaining the RGDP growth for the sample 180 countries for the period 1990-2015. Esti-

mation results did not change when we control for human capital. Population density is

not statistically significant for the U.S. case as well. However, this does not fully sufficient

to answer the question in this paper: the role of distances on the knowledge creation.

We cannot run panel regressions when we use population density due to multicollinear-

8It is also possible that R&D might come from government. However, this is captured in the human
capital at least to some extent.
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ity between population density and population growth.

Urbanization Rates. As a second alternative to our measure, we run the regres-

sions with urbanization rates. Table ?? shows the results and the overall impact of the

urbanization coefficient. Unlike population density, it is found that urbanization rate of

countries has an impact on explaining the GDP growth rates. There is an extensive liter-

ature that GDP growth and urbanization co-move as summarized in Chen et al. (2014);

Gollin et al. (2016); Jedwab and Vollrath (2015); Jedwab et al. (2017) for example. One

key question with this measure is how important it is to have a common definition across

the world. The one used here currently is country specific, but we are planning to try a

common definition as well.

5 Conclusion

The preliminary estimation results indicate that SPP measure is statistically significant

in explaining RGDP growth across countries and superior to alternative measures; popu-

lation density and urbanization rate, since (i) has an higher economic impact (compared

to population density), (ii) it ignores uninhabited places for the calculation which is not

the case for population density, (iii) it captures the impact of urbanization considering

alternative distances and (iv) it can be tracked over time: ideal for panel regressions to

address reverse causality. This implies how close people live has an impact on economic

growth. In this section, we discuss our plan for the further extension of this study.

The current estimates of Spatial Population Proximity measure captures the average

effect. However, there might be cases where socio-economic factors at the region level

impacts the knowledge creation process such as the existence of casts or the ethnic groups

that do not interact with each other. This impacts the knowledge creation and GDP

growth at the region level. We will address this by using one degree grid cell level output

data provided by G-Econ.9 We also consider night lights as an additional proxy for

regional development.

The Spatial Population Proxy is an index accounting for the ”Euclidean” distance.

We mainly ask how many people that an individual can reach within a certain distance

regardless of how fast that they can get from one point to another. However, infrastructure

related data will plan to be added in the extension of this study as an additional control.

Our main goal in this study is to explain the role of geographic closeness on the

9The Global Gridded Geographically Based Economic Data:
https://sedac.ciesin.columbia.edu/data/set/spatialecon-gecon-v4
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economic growth of countries. However, our measure can easily be applied to within

region or country cases. To show this we explore the U.S. case. Working with the U.S.

data not only allows us to identify the impact of geographic closeness on the growth of

states but also allow us to check the robustness of our measure by controlling for various

state level indicators such as human capital, industry diversification, research and business

centers. Some of those are left for the future analysis.10

We use World Bank urbanization rates (% of population living in urban areas) for a

robustness check. Following the similar methodology for SPP, we plan to add an alterna-

tive urbanization measure by calculating the fraction of the population living within d km

of a certain amount of population. This will allow us to measure the urban population

proximity across countries.

10Based on the availability of data we also plan to repeat the analysis for the U.S. cities.
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Appendix: Tables, Graphs and Figures

Figure 1: Spatial Population Proximity, d=100 km, 2015

Note: This map shows the SPP measure for 100 km distance for countries in 2015. It is drawn based
on quantiles. The countries shown in blue color are the ones people more spread out compared to the
countries shown in red where people concentrate (due to geographic or some other factors).

Table 1: Comparison of Spatial Population Proximity and Population Density across
years

Note: This table compares SPP index with the population density. Although SPP and population density
are two separate index and not perfectly comparable this table helps us to clearly state the difference
between the two measures. Population density measures the number of people per square km of land area.
It also counts for the uninhabited areas. On the other hand, SPP does not include uninhabited areas.
It also provides information whether people live more concentrated or spread out within the country. In
Australia people concentrated in the coasts whereas in Estonia they are more spread out. Therefore, SPP
measure for Australia is larger than the SPP for Estonia. This is the opposite for the population density.
SPP measure divided by 1000000 to make it in a similar scale to compare with population density.
Numbers are rounded to nearest decimal.
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Figure 2: Comparison of Spatial Population Proximity and Population Density on Map

Note: This figure shows the comparison of Australia ans Estonia based on Spatial Population Proximity
for 100 km. To make them comparable we use same scale. As shown in the maps yellow areas are the
uninhabited areas whereas red represents the most populous places. In Estonia people are spread out
across the country. On the other hand, in Australia people mostly concentrated around few big cities.

Figure 3: Spatial Population Proximity and Population Density

Note: This figure shows the comparison of Spatial Population Proximity and the Population density
measures. SPP measure is less skewed whereas population density increases quickly. This implies that
mean of SPP is better for where the average country is.
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Figure 4: Spatial Population Proximity Calculation

This is a visual representation for the Spatial Population Proximity calculation. For each individual in
each 1 km x 1 km cell we calculate the number of people live on average within the distance, d. Consider
a simple example. There are 3 individuals living in the cell at the center (highlighted in black). We first
divide black cell with the number of people living in it. Then we sum the number of people living in the
circle area with radius d. For the black box the sum is 24. We subtract the individual him/herself. We
repeat this for each 1 km x 1 km cell. Finally we take the average of all cells to create the measure to
create the index for each country/region/state (based on the interest of analysis).
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Table 2: Effect of Spatial Population Concentration on Growth, U.S. : Cross-Section

Dependent variable: log Diff. RGDP (1990-2015)

(1) (2) (3-IV) (4) (5)

log SPC: 75km 1990 0.16*** 0.14** 0.13** 0.12* 0.14**
(0.05) (0.05) (0.05) (0.05) (0.06)

log Population 1990 0.33*** 0.37*** 0.37*** 0.24** 0.39***
(0.10) (0.10) (0.09) (0.10) (0.11)

log RGDP 1990 -0.42*** -0.44** -0.43*** -0.48*** -0.37**
(0.09) (0.09) (0.08) (0.10) (0.15)

log Diff. Pop. 1990-2015 0.80*** 0.82*** 0.81*** 0.73*** 0.81***
(0.12) (0.13) (0.12) (0.14) (0.14)

log area 0.04* 0.04 0.03 0.03 -0.06
(0.02) (0.02) (0.02) (0.02) (0.18)

log Urban Pop 1990 0.17*
(0.10)

log PopDensity 1990 -0.11
(0.21)

Observations 51 51 51 51 51
R2 0.64 0.66 0.66 0.67 0.66
Controls: Transp. & Educ. No Yes Yes Yes Yes
F stat (Prob > F) 13.27 (0.00)

This table shows the long-difference cross-section estimation results for the impact of for Spatial Popula-
tion Concentration (SPC) on the change in RGDP for the period 1990-2015 for the U.S.. Each column is
a separate regression. In Columns (1) is the baseline results. In column (2) we control for Transportation
Infrastructure and Education in 1990. In column (3)is the IV results. we show the estimation results for
SPC. Columns (4) and (5) show the results for the impacts of log Urban Population and log Population
density in explaining the RGDP growth.Robust standard errors are shown in parentheses. *** p<0.01,
** p<0.05, * p<0.1
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Table 3: Effect of Spatial Population Concentration on Growth, U.S.: Various Distances

Dependent variable: log difference RGDP (1990-2015)

SPC Distance (d): (10 km) (25 km) (50 km) (100 km) (200 km)

log SPC 0.25* 0.15* 0.17*** 0.13** 0.03
(0.14) (0.07) (0.06) (0.05) (0.05)

log Population 1990 0.35*** 0.35*** 0.35*** 0.31*** 0.29**
(0.10) (0.10) (0.09) (0.10) (0.11)

log RGDP 1990 -0.40*** -0.41*** -0.44*** -0.39*** -0.33***
(0.11) (0.10) (0.10) (0.09) (0.09)

log Diff. Pop. 1990-2015 0.76*** 0.75*** 0.76*** 0.83*** 0.81***
(0.12) (0.12) (0.12) (0.13) (0.14)

log area 0.01 0.01 0.03 0.04 0.01
(0.02) (0.02) (0.02) (0.02) (0.03)

Observations 51 51 51 51 51
R2 0.61 0.62 0.64 0.63 0.60

This table shows the IV estimation results for the U.S. Each column is a separate regression for different

distances. For each column we use two-stage least squares to predict SPP 1990 by SPP 1975 for each

distance, d, in the first stage and then regressed on GDP in the second stage. Robust standard errors

are shown in parentheses. *** p<0.01, ** p<0.05, * p<0.1

Table 4: Effect of Spatial Population Concentration on Growth, U.S.: IV

Dependent variable: log difference RGDP (1990-2015)

SPC Distance (d): (10 km) (25 km) (50 km) (75 km) (200 km)

log SPC 0.18 0.11* 0.15** 0.15*** 0.03
(0.13) (0.07) (0.05) (0.05) (0.05)

log Population 1990 0.34*** 0.34*** 0.35*** 0.33*** 0.29***
(0.10) (0.09) (0.09) (0.09) (0.10)

log RGDP 1990 -0.38*** -0.39*** -0.42*** -0.41*** -0.33***
(0.11) (0.10) (0.10) (0.09) (0.08)

log Diff. Pop. 1990-2015 0.76*** 0.75*** 0.76*** 0.79*** 0.80***
(0.11) (0.11) (0.11) (0.11) (0.13)

log area 0.009 0.01 0.02 0.03* 0.01
(0.01) (0.01) (0.02) (0.02) (0.02)

Observations 51 51 51 51 51
R2 0.61 0.62 0.64 0.64 0.60
F Stat 17.91 15.90 17.26 19.13 16.23
(Prob > F) (0.00) (0.00) (0.00) (0.00) (0.00)
This table shows the IV estimation results for the U.S. Each column is a separate regression for different

distances. For each column we use two-stage least squares to predict SPP 1990 by SPP 1975 for each

distance, d, in the first stage and then regressed on GDP in the second stage. Robust standard errors

clustered are shown in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table 5: Average impact of SPC on economic growth for the U.S.: various distances

Distance SPC Coefficient Mean Impact

10 km 0.25* 0.17 4.2%

25 km 0.15* 0.45 6.7%

50 km 0.17*** 0.75 12.7%

75 km 0.16*** 0.98 15.6%

100 km 0.13** 1.19 15.4 %

200 km 0.03 1.88 5.6%

This table shows the impact of Spatial Population Concentration (SPC) co-

efficient on explaining the RGDP growth by using the baseline estimation

results in Tables 3 and 3.

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

Table 6: U.S. Panel Estimation Results

Dependent Variable:
log RGDP (1) (2) (3)

log SPC 75km 0.26** 0.29***
(0.10) (0.10)

log Population 0.79*** 0.77*** 0.87***
(0.07) (0.07) (0.08)

log area 0.06 0.04 -0.02
(0.05) (0.05) (0.04)

log education 1.94*** 0.86* 1.22**
(0.33) (0.49) (0.59)

Observations 153 153 153
R2 0.96 0.96 0.95
Year FE No Yes Yes
Controls: Transp. & Educ. Yes Yes Yes
Robust standard errors clustered at state level are shown in parentheses.

State level Transportation and Education spendings are the control variables.

***p<0.01, ** p<0.05, * p<0.1.
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Table 7: Effect of Spatial Population Concentration on Growth, World : Cross-Section

Dependent variable: log Diff. RGDP (1990-2015)

(1) (2) (3-IV) (4) (5)

log SPC: 75km 1990 0.16*** 0.02 0.28** 0.15* 0.11*
(0.07) (0.17) (0.09) (0.07) (0.07)

log Population 1990 0.10 0.32** 0.05 -0.06 0.09
(0.07) (0.12) (0.06) (0.07) (0.07)

log RGDP 1990 -0.08 -0.26** -0.08* -0.18** -0.09
(0.05) (0.08) (0.05) (0.05) (0.06)

log Diff. Pop. 1990-2015 0.96*** 0.81*** 0.95*** 0.90*** 0.93***
(0.10) (0.14) (0.08) (0.09) (0.10)

log area -0.02 - 0.04 0.001 -0.02** 0.007
(0.01) (0.02) (0.09) (0.07) (0.07)

log Urban Pop 1990 0.26***
(0.03)

log PopDensity 1990 0.33
(0.10)

Observations 180 86 180 177 180
R2 0.35 0.40 0.35 0.35 0.36
Controls No Yes No No No
F stat (Prob > F) 83.72 (0.00)

Note:This table shows the long-difference cross-section estimation results for the impact of for Spatial
Population Concentration (SPC) on the change in RGDP for the period 1990-2015 for the World. Each
column is a separate regression. In Columns (1) is the baseline results. In column (2) we control for
Human capital, competition law index, economic freedom and press freedom in 1990. In column (3)is the
IV results. we show the estimation results for SPC. Columns (4) and (5) show the results for the impacts
of log Urban Population and log Population density in explaining the RGDP growth. Robust standard
errors are shown in parentheses.*** p<0.01, ** p<0.05, * p<0.1
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Table 8: Effect of Spatial Population Concentration on Growth, World: Various Distances

Dependent variable: log difference RGDP (1990-2015)

SPC Distance (d): (10 km) (25 km) (50 km) (100 km) (200 km)

log SPC 0.26 0.27* 0.24** 0.10 0.03
(0.26) (0.12) (0.09) (0.06) (0.02)

log Population 1990 0.14 0.12 0.09 0.10 0.14
(0.07) (0.06) (0.06) (0.08) (0.08)

log RGDP 1990 -0.08 -0.09 -0.09 -0.07 -0.07
(0.06) (0.05) (0.05) (0.06) (0.06)

log Diff. Pop. 1990-2015 0.94*** 0.93*** 0.94*** 0.97*** 0.98***
(0.09) (0.10) (0.10) (0.10) (0.10)

log area -0.04*** -0.02** -0.01 -0.03 -0.04*
(0.009) (0.008) (0.009) (0.01) (0.02)

Observations 180 180 180 180 180
R2 0.35 0.36 0.36 0.35 0.34
This table shows the IV estimation results for the U.S. Each column is a separate regression for different

distances. For each column we use two-stage least squares to predict SPP 1990 by SPP 1975 for each

distance, d, in the first stage and then regressed on GDP in the second stage. Robust standard errors

are shown in parentheses. *** p<0.01, ** p<0.05, * p<0.1

Table 9: Average impact of SPC on economic growth for the World: various distances

Distance SPC Coefficient Mean Impact

10 km 0.26 0.28 7.2%

25 km 0.27* 0.52 14.0%

50 km 0.24** 0.81 19.4%

75 km 0.16*** 1.07 17.1%

100 km 0.10 1.30 13.0 %

200 km 0.03 2.01 6.0%

This table shows the impact of Spatial Population Concentration (SPC) co-

efficient on explaining the RGDP growth by using the baseline estimation

results in Tables 3 and 3.*** p<0.01, ** p<0.05, * p<0.1.
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