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Abstract
This paper presents some evidence on the dynamics of population across Italian 
locations (municipalities and LLMs) over the period 1951–2011. We find that popu-
lation shifted from initially smaller to relatively larger locations. The growth rate 
of very large urban areas was particularly intense in the post-war period, while it 
became slower in the last two decades. Population dynamics in the post-war period 
are related to structural change away from agriculture; sectoral diversification and—
to a lesser extent—human capital represent an important determinant of city growth 
in the last two decades.

Keywords R2 · L16

JEL Classification Gibrat law · Population divergence · Structural change

1 Introduction

The aim of this paper is to provide some stylized facts on patterns of population 
growth of Italian cities over the medium/long run. We proceed in two steps. We 
first evaluate the relationship between growth and the initial levels of city population 
between 1951 and 2011. Then, we study the extent to which the observed population 
dynamics have been driven by the deep economic transformations that characterized 
the Italian economy in the last 60 years.
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Our focus on population growth has two main reasons. The first is related to the 
deep connection between population dynamics and economic factors. While physi-
cal geography (mountains, coasts, rivers) may have played a crucial role in early set-
tlements, in the long run, the evolution of the population across geographical loca-
tions is mostly led by economic motives.1 The second refers to the fact that city 
level data on population are characterized by a good availability and higher quality. 
For this reason long run analyses in urban economics generally rely on population 
data, since other economic indicators are more likely to be affected by measurement 
errors and lack of comparability over time.

Testing Gibrat’s law is important for both its positive and normative implications. 
The size of a city is the result of a complex amalgam between centripetal and cen-
trifugal forces. If the Gibrat’s law were confirmed, these two forces perfectly coun-
terbalance in expectation and city size is simply determined natural advantages or 
geographical constraints; this basically imply that first-nature advantages are the 
only determinant of city size while the impact of second-nature advantages (agglom-
eration economies) is limited. In principle, this has relevant policy implications; if 
growth is random, irrespective of past productivity shocks, all policies aimed at 
improving the locational fundamentals would always be very effective since they 
could have may have permanent consequences on the spatial distribution of popula-
tion and economic activities; if, instead, agglomeration economies play a relevant 
role, public policies would be effective only in the short run.

This is the first work, to the best of our knowledge, that studies population growth 
for all Italian locations over a relatively long time span. Italy represents an interest-
ing case because of its great variability of economic conditions and regional imbal-
ances over this period of time. Between 1951 and 2011 experienced distinct phases 
in its economic history, passing from decades of intense growth and industrializa-
tion (1951–1971) to marked economic and productivity slowdown (1991–2011). 
Our results show that Gibrat’s law is rejected over the period 1951–2011, irrespec-
tive of whether we consider administrative units (municipalities) or local labor 
markets (LLMs). In the last 60  years there was a remarkable shift of population. 
Very small locations consistently lost population over time, while cities of inter-
mediate size grew more than average; the growth rate of very large cities changed 
over time. In the post-war period, very large locations grew more than average due 
to the strong urbanization process that took place in those years; in the subsequent 
decades, instead, growth for this kind of locations halted, suggesting a progressive 
decline in agglomeration economies or a rise in congestion costs. The rejection 
of the random growth leads to the second part of the paper in which we study the 
role economic factors in explaining such divergence; we focus, in particular, on the 
structural change away from agriculture (Michaels et al. 2012) that characterized all 
modern economies in the last 60 years. While agricultural activities are intensive in 
the use of land and have very limited returns from agglomeration, non-agricultural 
sectors rely much less on land and benefit more from higher density in economic 

1 The most known example is Detroit, whose decline in population coincided with a severe downturn in 
manufacturing activity. In Italy, similar dynamics were experienced in cities like Trieste or Naples.



375

1 3

Economia Politica (2019) 36:373–398 

activities.2 This implies that structural change may have made relatively larger loca-
tions more economically attractive at the expenses of smaller ones. We also ana-
lyze the role of sectoral diversification and human capital. Larger cities are generally 
more diversified and more educated than smaller ones; this can—in part—explain 
population divergence considering the large evidence on the positive role of diversi-
fication and human capital for the absorption of negative sectoral shocks (Duranton 
2007; Findeisen and Suedekum 2008; Glaeser and Gottlieb 2009) and, in general, 
in spurring local economic growth (Glaeser et al. 1992; Glaeser 1995; Henderson 
et al. 1995). Our results show that structural change, especially the one away from 
agriculture, plays an important role in describing population growth over locations. 
Structural change has instead a more limited role when we analyze the last two dec-
ades. The role of sectoral diversification was instead quite limited in the post-war 
decades and it became relevant in the period 1991–2011. Human capital, instead, 
provide a limited support to local growth; this result is in constrast with the interna-
tional evidence.

The paper is organized as follows. Section 2 provides a brief review of the related 
literature, which is based on international evidence. Section  3 describes the data. 
Section 4 presents the test for random growth. Section 5 studies the possible deter-
minants for population divergence. Section 6 concludes.

1.1  Related literature

The main contribution of this paper is the analysis of the Gibrat’s law for all Ital-
ian cities over a relatively long time span. Early papers on the topic tended to con-
firm the hypothesis that city growth is random. Eaton and Eckstein (1997) examined 
the growth patterns for 40 long-established cities in Japan between 1876 and 1990 
and 39 cities in France between 1925 and 1985. For this highly-selected sample, 
they confirm the existence of parallel population growth (i.e. orthogonality between 
growth and initial conditions). This pattern is confirmed by Sharma (2003), for 
the size distribution of cities in India over a century, and Ioannides and Overman 
(2003), for US metropolitan areas in the 1990s.3 More recently, the availability of 
larger datasets with population data for all locations over very long time-spans has 
questioned the empirical relevance of Gibrat’s law. Beeson and DeJong (2002) docu-
ment that population growth by US states was more intense following their admis-
sion to the Union. Holmes and Lee (2010) find an inverted-U relation between 
growth and size from 1990 to 2000 for US locations. Dittmar (2011) shows that 
orthogonal growth across European cities emerged only in the modern period (after 
1500). Desmet and Rappaport (2017), Giesen and Südekum (2014), and Sánchez-
Vidal et al. (2014) documents episodes of convergence or divergence from a long-
term perspective; however, Gibrat’s law generally emerge in the very long run, once 

2 Duranton and Puga (2004) classify microfundations of economics of agglomeration into matching, 
sharing, and learning. As Breschi and Lissoni (2001) point out that within-urban labor mobility is a 
prominent channel for knowledge accumulation.
3 This is confirmed by Eeckhout (2004) for all US cities in the 1990 s.
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the incidence of confounding factors like the age of the location and structural trans-
formations gradually disappear.4 Convergence across location is reported by Gon-
zalez-Val (2016) for a set of European cities from 1300 to 1800. Our results basi-
cally confirm the rejection of the Gibrat’s law for Italian cities in the period under 
consideration.

Our paper also analyzes the role of structural change on population dynamics. 
Michaels et  al. (2012) study population growth for all US locations from 1880 to 
2000 and document a strong positive correlation between population growth and 
initial size of the location. They interpret these results through the lens of struc-
tural transformation of the US economy away from agriculture. The intuition is that 
manufacturing and services benefit more from agglomeration economies; struc-
tural change increases the comparative advantage of larger locations (i.e. rising the 
returns to agglomeration) and create a positive correlation between growth and ini-
tial size. According to their estimates, structural change had a relevant impact on the 
departure from the Gibrat’s law especially for the areas (e.g. Southern States) and in 
the decades (1880–1960) in which the structural transformation of the US economy 
away from agriculture was more intense. Our results confirm for the Italian case the 
importance of structural transformations in explaining population divergence across 
locations; structural change away from agriculture is particularly important in the 
early stages of the modernization of the Italian economy.

Finally this paper also analyzes—for the Italian case—the role of other deter-
minants like sectoral diversification and human capital on local growth. There is a 
widespread consensus on the positive impact of diversification (Glaeser et al. 1992; 
Henderson et  al. 1995); this finding has been rationalized by Duranton and Puga 
(2001) in a theoretical model that shows that more diversified cities are more likely 
to foster the growth of new and innovative sectors. The concept of diversification has 
been more recently rephrased by Frenken et al. (2007) to accommodate the concept 
of related variety; for the Netherlands, they show that productivity growth was more 
intense in the areas in which diversification occurred among technologically close 
sectors. As for the impact of human capital, early literature on the topic (Glaeser 
et al. 1995) has emphasized the role of human capital for local growth; this evidence 
was extensively reviewed by Moretti (2004) and Glaeser and Gottlieb (2009). More 
recently, human capital was also portrayed as a major source of regional resilience 
during the recent European crises (Crescenzi et  al. 2016). For Italy, Giffoni et  al. 
(2017) has found a positive relationship between human capital endowment and 
population growth for the period 1981–2001. Our results partially confirm the inter-
national evidence. While the impact of sectoral diversification (especially, among 
related varieties) is in line with the results for other countries, the impact of human 
capital is more limited; population growth positively correlate with the level of edu-
cation of local population only for the period 1991–2011 (a period that partially 
overlaps with Giffoni et al. 2017).

4 Rappaport and Sachs (2003) find that the increasing population density in the coastal areas of the 
United States is partly driven by the fact that those areas are characterized by a higher productivity; how-
ever, in more recent decades, population divergence is also explained by quality of life.
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1.2  Data and descriptive statistics

This paper uses population and employment data at city level for all decennial cen-
suses from 1951 to 2011. The choice of the unit of observation is a critical issue. 
As explained by Cuberes (2011) both administrative and functional definitions of 
cities have advantages and disadvantages. For example, administrative boundaries 
are sometimes arbitrary and lack of economic content. Functional definitions of met-
ropolitan areas, instead, have more economic meaning but they change over time; 
this makes them less suitable for long run comparisons. For this reason, we use both 
administrative and functional boundaries. As for the administrative units, we rely on 
the homogenization recently made available by the Italian Statistical Office (Istat) 
on the web portal http://ottom ilace nsus.istat .it/. Municipalities’ data are made com-
parable from 1951 to 2011. Table 1 presents the number of municipalities for each 
census year. As for the functional boundaries, we use the Istat definition of LLMs. 
Starting from 1981, Istat started surveying the commuting patterns across munici-
palities by Italian workers. This allowed constructing commuting matrixes among 
municipalities. The Istat LLM is a set of at least two contiguous municipalities char-
acterized by self-contained commuting patterns (at least 75% of local population 
lives and works in the LLM). For the purposes of this paper, we use the LLMs map 
based on 1981 commuting patterns for all analyses between 1971 and 2011.5

Table  2 presents a number of descriptive statistics for both municipalities and 
LLMs. Average population growth across cities between 1951 and 2011 is negative 
(− 8.8% in log points); this indicates the prevalence of a number of locations that 
lost population since in the same period total population in Italy grew by 22% (in 
log points). The great variability in growth rate is apparent by the standard deviation 
that is seven times the mean. Figures 1a, b show different population growth pat-
terns according to different geographical zones: growth has been weaker for munici-
palities and LLMs located in internal mountainous areas, especially in the Apen-
nines, than for those placed in coastal areas. The prevalence of small rural locations 
in 1951 can be also detected by the average high share of employees in agriculture 

Table 1  Number of 
municipalities by year

Authors’ calculations on Istat data

1951 7810
1961 8035
1971 8056
1981 8086
1991 8100
2001 8101
2011 8092

5 There are two main sources of arbitrariness. The first is the use of 1971 as a staring year, despite the 
fact that commuting patterns were registered in 1981. The second is the use of 1981-LLMs for the fol-
lowing years, despite the fact that we know that LLMs changed over time. It should be noted, however, 
that our results are quite robust to the change of the initial year or the change of the definition of LLMs. 
Results are available upon request.

http://ottomilacensus.istat.it/
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(57%) that is larger than national figure at that time (41%). The standard deviation 
of the log population for municipalities was 1.040 in 1951 and 1.340 in 20116; this 
indicates an increasing dispersion in the city-size distribution suggesting the exist-
ence of a sigma-divergence across Italian location.

2  Random growth for Italian cities

2.1  Non parametric analysis

Gibrat’s law for population growth predicts the orthogonality between growth rates 
and initial conditions. We test this implication by using both parametric and non-
parametric estimates.

Non-parametric estimates are obtained by the following regression:

where i indicates the city or the LLM; gi is the standardized log growth rate of city 
i; standardized growth rate is the difference between the growth rate and the sample 
mean, divided by standard deviation. Si is the log population of location i at the start 
of the period (Ioannides and Overman, 2003). The objective of this regression is 
to provide an approximation of the unknown relationship between growth and size 
using smoothing, without making parametric assumptions about the functional form 

(1)gi = m
(

Si
)

+ �i

Table 2  Descriptive statistics

Authors’ calculations on Istat data

No. Obs. Mean Standard deviation

Municipalities
 Log pop. Growth (1951–2011) 7761 − 0.088 0.630
 Log pop. (1951) 7761 7.945 1.040
 Log pop. (2011) 7761 7.857 1.340
 Share Agr. 1951 7761 57.396 24.070
 Share Man. 1951 7761 27.606 20.087
 Div. Related Variety Index (RV) 1951 7761 0.966 0.296
 Div. Unrelated Variety Index (UV) 1951 7761 1.927 0.420

LLMs
 Log pop. Growth (1971–2011) 955 0.023 0.238
 Log pop. (1971) 955 10.159 1.052
 Log pop. (2011) 955 10.183 1.158
 Share Agr. 1971 955 29.000 16.280
 Share Man. 1971 955 41.139 13.191
 Div. Related Variety Index (RV) 1971 955 2.765 0.820
 Div. Unrelated Variety Index (UV) 1971 955 2.411 0.242

6 The difference between the two figures is statistically significant.
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of m
(

Si
)

 . We denote the estimate of m
(

Si
)

 with m̂
(

Si
)

 that is the local average of the 
dependent variable around Si . This local average smooths the value around Si by 
using a kernel, that is a continuous weight function symmetric around Si . The kernel 

Fig. 1  Population growth
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K used in the remainder of the paper will be an Epanechnikov kernel, with optimal 
bandwidth h as computed by Silverman (1986). In formula, the estimator is equal to:

Figure 2a presents the kernel estimation for the standardized growth rates of Italian 
cities between 1951 and 2011; Fig. 3a shows the same estimation for LLMs over the 
period 1971 and 2011. Both figures decisively reject the random growth hypothesis.7 
Over both time spans middle-size locations registered a positive standardized growth, 
while smaller location grew less than the average. The turning points are around 5000 
inhabitants for cities and 20,000 for LLMs. Results for bigger municipalities (more than 
200,000 inhabitants) are instead more tentative due to larger standard errors; it should 
be noted, however, that point estimates are lower than those registered by middle-sized 
locations. The other panels of Figs. 2 and 3 present a breakdown of the relationship 
between growth and size by splitting growth rates into three (for cities) or two (for 
LLMs) 20 years subperiods. This periodization is particularly meaningful for the Italian 
case. From 1951 to 1971 Italy experienced the fastest economic growth in its history 
(the so-called economic miracle); this period is characterized by a dramatic shift from 
a mostly agricultural to a manufacturing economy. In the same period Italy registered 
vast internal migrations from the countryside to urban centers and, in particular, from 
the North to the South. In the second period (1971 to 1991) Italy experienced lower 
but still vibrant economic growth; industrialization continued at fast pace, especially in 
some areas of the North East and the Center, with the rise of industrial districts.8 Other 
cities of ancient industrialization like Milan and Genoa started instead to deindustrial-
ize. The third period (1991–2011) is characterized by a marked economic slowdown 
and (especially in the second decade) and an intense deindustrialization.

Across time, heterogeneity arises especially with respect to larger locations. City 
level data show that during the most intense period of industrialization and eco-
nomic growth in the post-war years (1951–1971) the relationship between growth 
and initial size is almost monotonically increasing. In this period, indeed, larger cit-
ies grew more than all other locations; this is probably attributable to the fact that 
this period was characterized by a strong rural–urban migration that determined the 
spatial concentration of individuals in the larger urban centers in a period in which 
congestion costs were still low. In the following four decades (from 1971 to 2011), 
the relationship between growth and initial size is hump-shaped for both munici-
palities and LLMs. In these decades, population growth was relatively more intense 
for cities between 3000 and 60,000 inhabitants and for LLMs between 20,000 and 
450,000 people; above and below these thresholds relative growth was negative. 
These patterns indicate that the strong urbanization in the period 1951–1971 dra-
matically lowered the net benefits of agglomerations (benefits minus congestion 

(2)m̂(s) =
n−1

∑n

i=1
Kh

�

s − Si
�

gi

n−1
∑n

i=1
Kh

�

s − Si
� .

8 This area was subsequently called “Third Italy” with the aim to distinguish it from the already industri-
alized North-West and the still lagging South.

7 Note that these figures (for the entire period and for subperiods) are quite similar to those shown by 
Desmet and Rappaport (2015) for the period 1940-2000.
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costs) for larger locations thus hampering their growth in the last two subperiods; 
Accetturo and Mocetti (2019) provide evidence on the steep rise in housing costs 
and traffic congestion in larger Italian location from 1970s.

2.2  Parametric analysis

Despite the presence of a large number of observations, non-parametric tests are 
generally quite sensitive to the presence of outliers (Tibshirani and Efron 1993). For 
this reason we also perform parametric tests. We first estimate the basic relationship:

where—as before—i indicates the city or the LLM; gi is the standardized log growth 
rate of city i. S̃i is the standardized log population of location i at the start of the 
period. f() is either a linear or quadratic function of S̃i.9

(3)gi = f
(

S̃i
)

+ 𝜀i,

Fig. 2  Growth and INITIAL size—Municipalities. Authors’ calculations on Istat data

9 The constant is omitted from this regression since both dependent and explanatory variables are stand-
ardized.
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Table 3 presents the results. In the upper panel, the first two columns are for cities 
(period 1951–2011) and the second two are for LLMs (1971–2011). The first and 
the third columns present the results when f() is linear; the second and the fourth 
show the estimates when it is quadratic. In all cases random growth is rejected: lin-
ear coefficients are always positive and significant, and in the second column shows 
also a negative and significant quadratic coefficient, thus confirming the hump-
shaped relationship between growth and size. Estimates for subperiods (lower pan-
els) confirm the heterogeneity over time. For municipalities, the estimated parabola 
is convex for the period 1951–1971; this basically confirms that smaller munici-
palities relatively grew less in this period and very large locations grew compara-
tively more (remind that coefficient are standardized). The estimated curve becomes 
instead concave in the subsequent four decades; this confirms the fact that in the 
last decades net benefits of agglomeration declined, thus hampering their growth. 
Results for LLMs confirm the previous ones since for both subperiods 1971–1991 
and 1991–2011, the estimated second order polynomial is negative and significant 
thus implying that larger LLMs grew relatively less than intermediate-sized ones.

In Appendix we also show the results on a generalized test on Gibrat’s law in 
which we use log population density instead of log population. This is an important 

Fig. 3  Growth and INITIAL size—LLMs. Authors’ calculations on Istat data
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robustness check because location surfaces might be different and densities might be 
able to better capture the presence of agglomeration/congestion forces. Estimation 
results are quite similar to the ones obtained by using log population.

2.3  Relocation of population within LLMs

Previous sections have shown that between 1951 and 2011, smaller locations consist-
ently lost population in favor of intermediate-sized ones; larger municipalities, instead, 
grew more intensively in the 50 s’ and the 60 s’, while they slowed down in the subse-
quent decades. These patterns seem to indicate that in all subperiods a relevant reloca-
tion process occurred within larger urban zones. To investigate this issue, we run the 
following regression:

where Di,main is a dummy equal to one if the municipality i is the main city in the 
LLM and DLLM is a set of LLM dummies.

Table 4 presents the results. All specifications, for all subperiods, still confirm that 
relocation of population from smaller to larger municipalities even within LLMs. The 
behavior of the main city, instead, changes over time. The main city within the LLM 
grew relatively more than the other municipalities until 1971; in the last two decades, 
instead, the coefficient becomes negative and significant thus indicating a process of 
suburbanization within LLMs.

3  Structural change, sectoral diversification, and human capital

3.1  Detecting the effects

Gibrat’s law is consistently rejected for Italian locations over a long time span. In 
order to explain this feature, we focus on the role played by some economic trans-
formations that characterized the Italian economy over the last 60 years.

As explained in Sect. 2, Michaels et al. (2012) show that the shift from agricul-
tural to non-agricultural activities partially explains the rejection of the Gibrat’s 
law for US counties from 1880 to 2000 in the US. The shift away from agriculture 
dramatically modifies the growth potential of each location. Smaller locations 
(with a comparative advantage in agriculture, due to their land abundance) are 
likely to lose, while more populated areas are more able to exploit agglomera-
tion economies and, hence, are more likely to register economic (and population) 
growth. The characteristics of Italian structural change are described in Table 5. 
In 1951 40% of Italian workers were employed in agriculture; the corresponding 
share for manufacturing was 32%. From 1951 to 1971 agricultural share more 
than halved, while manufacturing share rose by 12 percentage points reaching its 
historical peak (44% in 1971). Starting from 1971, the share of industrial workers 
started to decrease, with a more intense fall in the period 2001–2011.

We estimate the following equation:

(4)gi = 𝛽S̃i + 𝛾Di,main + 𝜅DLLM + 𝜀i,
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Table 3  Random growth for MUNICIPALITIES and LLMs

Authors’ calculations on Istat data
OLS regressions, see Eq. (3). Standardized regression coefficients. Robust standard errors are in paren-
thesis. * (**) [***] denotes significance at the 10% (5%) [1%] level

Dependent variable: log popu-
lation growth

Municipalities (1951–2011) LLMS (1971–2011)

(1) (2) (3) (4)

Log initial population 0.2397*** 0.4792*** 0.3536*** 2.7206***
[0.0104] [0.0892] [0.0329] [0.3746]

(Log initial population)2 − 0.2410*** − 2.3734***
[0.0851] [0.3653]

R2 0.057 0.058 0.125 0.155
No. Obs 7761 7761 955 955

Municipalities (1951–1971)

(5) (6)

Log initial population 0.2900*** − 0.1904**
[0.0101] [0.0947]

(Log initial population)2 0.4834***
[0.0935]

R2 0.084 0.087
No. Obs 7760 7760

Municipalities (1971–1991) LLMS (1971–1991)

(7) (8) (9) (10)

Log initial population 0.3160*** 1.6310*** 0.3824*** 2.8599***
[0.0118] [0.0849] [0.0338] [0.3905]

(Log initial population)2 − 1.3250*** − 2.4843***
[0.0803] [0.3848]

R2 0.100 0.126 0.146 0.179
No. Obs 8028 8028 955 955

Municipalities (1991–2011) LLMS (1991–2011)

(11) (12) (13) (14)

Log initial population 0.2120*** 1.3564*** 0.3299*** 2.8589***
[0.0113] [0.0893] [0.0319] [0.3491]

(Log initial population)2 − 1.1534*** − 2.5358***
[0.0845] [0.3366]

R2 0.045 0.066 0.109 0.143
No. Obs 8075 8075 955 955
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where gi and S̃i denote the same variables explained in the previous section. sh̃_agri 
and sh̃_mani are, respectively, the (standardized) share of agriculture and the share 
of manufacturing in location i at the start of the period. These two variables are 
aimed at capturing the role of structural change on population growth (Michaels 
et al. 2012); we use of the start-of-the-period figures (rather than changes over time) 
to reduce the impact of simultaneity biases in first differenced regressions (Baum-
Snow and Ferreira 2015).

Parameter � represents the conditional correlation between initial size and 
growth; it is equal to zero when population growth is random, while it is positive 
(negative) in case of divergence (convergence). In order to keep relatively simple the 
interpretation of the coefficient we just insert the linear term of Si despite the fact 
that the relationship between growth and size is generally concave.

Vector Xi includes controls for alternative explanations for population growth. We 
concentrate on two main determinants. The first is the role of sectoral diversifica-
tion. Duranton (2007) and Findeisen and Suedekum (2008) show that sectoral diver-
sification has an impact on city-level population and economic cycles. If an urban 
area is diversified enough, negative idiosyncratic shocks in some industries could be 

(5)gi = 𝛽S̃i + 𝛾1s�h_agri + 𝛾2s�h_mani + 𝜅Xi + 𝜀i,

Table 4  Relocation within LLMs

Authors’ calculations on Istat data
OLS regressions, see Eq.  (4). Unit of observation: municipality. All specifications include LLM dum-
mies. Standardized regression coefficients. Robust standard errors are in parenthesis. * (**) [***] 
denotes significance at the 10% (5%) [1%] level

Dependent variable: log popu-
lation growth

1951–2011 1951–1971 1971–1991 1991–2011
(1) (2) (3) (4)

Log initial population 0.1403*** 0.2760*** 0.1522*** 0.1247***
[0.0170] [0.0172] [0.0219] [0.0177]

LLM’s biggest city dummy 0.0875*** 0.1181*** − 0.0147 − 0.0522***
[0.0091] [0.0100] [0.0114] [0.0097]

R2 0.603 0.572 0.450 0.545
No. Obs 7751 7751 8025 8025

1951–2011 1951–1971 1971–1991 1991–2011
(5) (6) (7) (8)

Log initial population 1.2500*** 0.7666*** 1.8769*** 1.5583***
[0.0931] [0.1156] [0.0963] [0.0948]

(Log initial population)2 − 1.1239*** − 0.4968*** − 1.7610*** − 1.4780***
[0.0917] [0.1177] [0.0952] [0.0922]

LLM’s biggest city dummy 0.1239*** 0.1342*** 0.0526*** 0.0103
[0.0089] [0.0106] [0.0110] [0.0092]

R2 0.614 0.575 0.484 0.569
No. Obs 7751 7751 8025 8025
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compensated by the growth of other sectors, thus leaving employment, income lev-
els, and population unchanged (Glaeser et al. 1992; Henderson et al. 1995; Duran-
ton and Puga 2001); moreover, diversification also induces inter-sectoral knowledge 
spillovers with relevant impact on productivity (and, hence, population) growth. 
Frenken et al. (2007) operationalize this idea by showing that sectoral diversifica-
tion can be decomposed in a within-sector diversification (so-called related variety 
that captures the technological effects) and a between-sector component (so-called 
unrelated variety that accounts for the portfolio diversification argument).10 In prac-
tice we use the economic censuses from 1951 to 1991; these data (provided by Istat) 
contain information on the number of employees for each municipality at 4-digit 
Nace level. Unrelated variety is measured as an entropy index across sectors at 
2-digit level:

where g indexes 2-digit sectors and Pgi
 is the share of employment in sector g in 

location i. UVi captures the degree of diversification in an area across technologi-
cally distant sectors. Diversification across technologically close sectors is captured 
instead by the related variety index:

where

(6)UVi =
∑

g

Pgi
log2

1

Pgi

,

(7)RVi =
∑

g

Pgi
Hgi

(8)Hgi
=
∑

j∈Sg

pji

Pgi

log2
1

pji∕Pgi

Table 5  Structural change

Authors’ calculations on Istat data

Share of agriculture Share of 
manufac-
turing

1951 40.8 32.2
1961 28.0 40.5
1971 17.1 43.6
1981 12.8 40.4
1991 7.8 33.6
2001 6.0 32.3
2011 6.0 26.3

10 Caragliu et al. (2016) employ these measures in a cross-sectional analysis on EU regions.
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pji is the share of subsector (4-digit) j belonging to macro-sector (2-digit) g over 
total employment. RVi captures the degree of diversification across subsectors 
belonging to the same 2-digit macro-sector.

The second control we include is a measure of human capital endowment at local 
level. A large literature on urban growth has shown that human capital is a major 
determinant for economic growth, especially in the most recent decades (Glaser 
et  al. 1995; Moretti 2004; Glaeser and Gottlieb 2009). We use the share of indi-
viduals with at least a secondary-school diploma since this is the only measure 
that is consistently available from 1951. Finally, we include a dummy for southern 
locations.11

4  Results

Estimation results of Eq. (5) for municipalities are reported in Table 6a shows the 
estimates for the entire period (1951–2011). The first column reports the simple 
correlation between growth and initial population controlling for the dummy South 
only; the coefficient is positive confirming the population divergence we observed 
in the previous section. An increase of a standard deviation in local population is 
associated with a rise in the relative population growth of 28% points. The sec-
ond column adds controls for agriculture: initial share is negatively correlated with 
population growth. This fact confirms the effects of structural change on population 
dynamics (Michaels et al. 2012). The third column includes controls for manufac-
turing. The positive effect of the initial industrial share is quite small12: this is not 
surprising considering that the period between 1951 and 2011 is characterized by 
opposing waves of industrialization and deindustrialization. In the fourth column we 
include diversification indexes (related and unrelated varieties); as shown by Fren-
ken et al. (2007), diversification in related varieties has a stronger impact on popula-
tion growth (Glaeser et al. 1992; Henderson et al. 1995; Duranton 2007). Column 
five adds human capital. Quite unexpectedly, the sign is negative; as we will see, this 
is driven by a specific period of time (1971–1991).

The signs of the correlations are roughly confirmed across sub-periods. The ini-
tial agriculture share impacts negatively during all the 20-years sub-periods and its 
effect is stronger in the first two decades (1951–1971, panel (b)); the effect of the 
initial manufacturing share is not significant for the first 20 years, while it becomes 
strongly positive and significant in the subsequent periods, especially over the period 
1971–1991 (panel (c)). Human capital is not significant in the first 20 years while it 

11 A dummy for Southern locations is necessary to control for the divergent pattern that experienced 
the Italian economy since the national unification in the 1860s. It also aims at capturing the stark differ-
ences between the two macro-areas under several dimensions (geography, economic development, infra-
structure human and social capital). However, all results are confirmed is we remove this dummy; results 
available upon request.
12 This result is in contrast with Glaeser et al. (1995) which find that specialization in manufacturing is 
negatively correlated with economic growth. It should be noted, however, that—compared with the US—
manufacturing still plays a very relevant role in the Italian economy.
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has a negative effect in the 1971–1991 decades when the industrialization of the 
North-Eastern and Central Italy took place (industrial districts); this is not surpris-
ing since the knowledge spillovers in industrial districts were not based on formal 
education but rather on learning by doing. de Blasio and Di Addario (2005) confirm 
this hypothesis by estimating negligible returns to education in industrial districts. 
The impact of human capital is instead positive and significant in the last 20 years, 
in a period of strong tertiarization of the Italian economy.13

We calculate the impact of each component in explaining population diver-
gence by looking at the sensitivity of the coefficient of initial population across 
specifications. In particular, we analyze the role of structural change and diver-
sification in reducing the estimate of � ; we compare the third, the fourth, and 
the fifth columns with the first one. For the entire period (1951–2011) structural 
change impacts for almost 40% (= (0.2827–0.1723)/0.2827) of the observed 
population divergence; diversification accounts, instead, for roughly 13% 
(= (0.1723–0.1351)/0.2828). The relative importance of structural change and 
diversification changes over time. The role of structural change is particularly 
relevant in the first two decades as it explains almost 50% of total divergence 
(= (0.3117–0.1567)/0.3117), while it accounts for roughly one-quarter of diver-
gence in the following four decades. Diversification, instead, does not impact on 
divergence in the 50 s’ and 60 s’ while its relevance raises to more than 50% in 
the period 1991–2011 (= (0.1993–0.0585)/0.2681). As we said, human capital 
explains divergence only in the last decades; however, its impact is quite limited 
(4% = (0.0565–0.0469)/0.2681).

Results for LLMs (Table  7) basically confirm these findings. From 1971 to 
2011 population divergence across LLMs was relevant, with a standardized coef-
ficient of 0.338 (panel (a), first column). Over this period, the impact of struc-
tural change played on divergence was significant (18%), although quantitatively 
smaller than the one computed for cities. Analyses by sub-periods do not show 
much heterogeneity: the impact of both structural change and diversification is 
quite constant in both sub-periods.

5  Concluding remarks

In this paper we present some evidence on the dynamics of population across all 
Italian locations (municipalities or LLMs) over the period 1951–2011. Our aim 
is to detect whether Gibrat’s law holds for Italy over a relatively long (and quite 
diversified) period of time. We find that random growth is consistently rejected. 
From 1951 to 2011, population shifted from initially smaller to relatively larger 
locations; the growth rate of very large urban areas was more intense in the post-
war period and it slowed down in the subsequent decades. We interpret this result 

13 This is consistent with the evidence by Giffoni et  al. (2017) that shows that tertiary education is a 
good predictor of population growth in Italian LLMs in the period 1981–2001.
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Table 6  Determinants of population growth for cities

Dependent variable: log 
population growth

(1) (2) (3) (4) (5)

(a) (1951–2011)
 Log initial population 0.2827*** 0.1653*** 0.1723*** 0.1351*** 0.1522***

[0.0107] [0.0112] [0.0113] [0.0131] [0.0131]
 Agricultural share − 0.4057*** − 0.3331*** − 0.3112*** − 0.5109***

[0.0116] [0.0294] [0.0299] [0.0427]
 Industrial share 0.0763*** 0.1241*** − 0.0440

[0.0291] [0.0315] [0.0411]
 Div. related varieties 0.0670*** 0.0673***

[0.0117] [0.0117]
 Div. unrelated varieties 0.0252* 0.0281**

[0.0134] [0.0134]
 Human capital − 0.1167***

[0.0147]
 R2 0.102 0.237 0.238 0.242 0.249
 No. Obs. 7761 7761 7761 7761 7761

(b) (1951–1971)
 Log initial population 0.3117*** 0.1610*** 0.1567*** 0.1573*** 0.1582***

[0.0105] [0.0102] [0.0107] [0.0124] [0.0128]
 Agricultural share − 0.5209*** − 0.5648*** − 0.5683*** − 0.5777***

[0.0119] [0.0292] [0.0302] [0.0413]
 Industrial share − 0.0461 − 0.0466 − 0.0545

[0.0296] [0.0325] [0.0405]
 Div. related varieties 0.0270** 0.0270**

[0.0114] [0.0114]
 Div. unrelated varieties − 0.0231* − 0.0230*

[0.0124] [0.0124]
 Human capital − 0.0055

[0.0145]
 R2 0.096 0.318 0.318 0.321 0.321
 No. Obs. 7784 7784 7784 7761 7761

(c) (1971–1991)
 Log initial population 0.3324*** 0.2286*** 0.2447*** 0.1678*** 0.1908***

[0.0120] [0.0128] [0.0124] [0.0168] [0.0173]
 Agricultural share − 0.2887*** − 0.1143*** − 0.1233*** − 0.2001***

[0.0121] [0.0203] [0.0203] [0.0234]
 Industrial share 0.2053*** 0.1885*** 0.1131***

[0.0190] [0.0196] [0.0233]
 Div. related varieties 0.1361*** 0.1364***

[0.0145] [0.0145]
 Div. unrelated varieties − 0.0255* − 0.0214

[0.0138] [0.0139]
 Human capital − 0.0882***
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by analyzing the relative roles of structural change and diversification. We find 
that structural change away from agriculture and, to a lesser extent, industriali-
zation had a big role in explaining population divergence across locations. The 
effect was particularly strong until 1971, while it weakened in the last two dec-
ades. Diversification had also an effect in explaining divergence: its role became 
more relevant in the last 20 years.

In interpreting these results two things should be kept in mind.
First, we just show conditional correlations, in which problems of omitted 

variables or reverse causality might be pervasive. While we think that a good 
description of data is important for a primer in analyzing economic issues, we are 
aware that detecting causality is important when we derive policy implications. 
We leave this problem to future research.

Second, the structural change and diversification interpretations for population 
dynamics have recently become quite popular. In our estimates we find that they 
able to explain an important part of the observed divergence (50% in the ‘50 s and 
the ‘60 s, almost one-third in subsequent decades). However, observed divergence 
is still robust across locations, even in the most recent decades. A possible expla-
nation, that we leave for future research, is linked to the path dependence in the 
location of population. Individuals may react quite slowly (and with several lags) 

Table 6  (continued)

Dependent variable: log 
population growth

(1) (2) (3) (4) (5)

[0.0168]
 R2 0.109 0.170 0.182 0.194 0.198
 No. Obs. 8053 8053 8053 8029 8029

(d) (1991–2011)
 Log initial population 0.2681*** 0.1928*** 0.1993*** 0.0565*** 0.0469***

[0.0115] [0.0121] [0.0120] [0.0162] [0.0164]
 Agricultural share − 0.2206*** − 0.1819*** − 0.1903*** − 0.1693***

[0.0114] [0.0129] [0.0129] [0.0149]
 Industrial share 0.0816*** 0.0544*** 0.0761***

[0.0133] [0.0136] [0.0153]
 Div. related varieties 0.2020*** 0.1961***

[0.0150] [0.0152]
 Div. unrelated varieties − 0.0162 − 0.0158

[0.0126] [0.0126]
 Human capital 0.0419***

[0.0138]
 R2 0.194 0.231 0.235 0.253 0.254
 No. Obs. 8076 8076 8076 8076 8076

Authors’ calculations on Istat data
OLS regressions, see Eq.  (6). Unit of observation: municipality. All regressions include a dummy for 
Southern locations. Standardized regression coefficients. Robust standard errors are in parenthesis. * (**) 
[***] denotes significance at the 10% (5%) [1%] level
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Table 7  Determinants of population growth for cities

Dependent variable: log 
population growth

(1) (2) (3) (4) (5)

(a) 1971–2011
 Log initial population 0.3382*** 0.2637*** 0.2775*** 0.2694*** 0.4517***

[0.0328] [0.0378] [0.0381] [0.0455] [0.0483]
 Agricultural share − 0.1873*** − 0.1056* − 0.1324** − 0.3746***

[0.0396] [0.0572] [0.0585] [0.0716]
 Industrial share 0.1035** 0.0481 − 0.1901***

[0.0490] [0.0590] [0.0700]
 Div. related varieties 0.0370 − 0.0225

[0.0367] [0.0369]
 Div. unrelated varieties − 0.0589 − 0.0551

[0.0403] [0.0389]
 Human capital − 0.3365***

[0.0485]
 R2 0.185 0.204 0.208 0.212 0.250
 No. Obs. 955 955 955 955 955

(b) 1971–1991
 Log initial population 0.3844*** 0.2997*** 0.3146*** 0.3445*** 0.5268***

[0.0334] [0.0377] [0.0381] [0.0462] [0.0492]
 Agricultural share − 0.2131*** − 0.1249** − 0.1333** − 0.3754***

[0.0398] [0.0565] [0.0574] [0.0693]
 Industrial share 0.1117** 0.0615 − 0.1767***

[0.0481] [0.0576] [0.0681]
 Div. related varieties − 0.0220 − 0.0815**

[0.0383] [0.0387]
 Div. unrelated varieties − 0.0841** − 0.0803**

[0.0412] [0.0399]
 Human capital − 0.3365***

[0.0493]
 R2 0.147 0.173 0.177 0.183 0.221
 No. Obs. 955 955 955 955 955

(c) 1991–2011
 Log initial population 0.3029*** 0.2241*** 0.2500*** 0.2111*** 0.2447***

[0.0298] [0.0338] [0.0342] [0.0416] [0.0449]
 Agricultural share − 0.2075*** − 0.1550*** − 0.1683*** − 0.2037***

[0.0371] [0.0426] [0.0429] [0.0493]
 Industrial share 0.1234*** 0.0783* 0.0447

[0.0383] [0.0422] [0.0458]
 Div. related varieties 0.0880*** 0.0763**

[0.0331] [0.0338]
 Div. unrelated varieties − 0.0400 − 0.0372

[0.0317] [0.0320]
 Human capital − 0.0759*
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to local economic shocks; this implies that “old” systems of cities may perpetu-
ate over time despite the fact that some locations have completely lost their loca-
tional advantages. This might have strong aggregate effects as shown by Michaels 
and Rauch (2017) in their comparison between the French and the British urban 
systems.
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Appendix: Results on densities

In this appendix we report and briefly comment the results of the main estimates of 
the paper when the main dependent variable, i.e. city size, is defined not as the abso-
lute population of a territory but as its population density, namely the ratio between 
its population and its area.14

Table  8 shows the counterpart of Table  3 when we use log population density 
instead of log population as main variable of interest. For both municipalities and 
LLMs Gibrat’s law is again rejected. For municipalities the estimated parabola is 
now convex instead of concave; this is driven by the period 1951–1971 when popu-
lation growth was more intense more dense locations. In subsequent decades, the 
estimates are remarkably similar to the ones presented in Table 3.

In Tables  9, 10 we have results of the estimation of Eq.  (6); even in this case 
results of Tables 6 and 7 are confirmed.

Table 7  (continued)

Dependent variable: log 
population growth

(1) (2) (3) (4) (5)

[0.0446]
 R2 0.321 0.346 0.354 0.360 0.362
 No. Obs. 955 955 955 955 955

Authors’ calculations on Istat data
OLS regressions, see Eq. (6). Unit of observation: LLM. All regressions include a dummy for Southern 
locations. Standardized regression coefficients. Robust standard errors are in parenthesis. * (**) [***] 
denotes significance at the 10% (5%) [1%] level

14 This is, for instance, the measure of urbanization used by Michaels et al. (2012).
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Table 8  Robustness 1: population density

Authors’ calculations on Istat data
OLS regressions, see Eq. (3). Standardized regression coefficients. Robust standard errors are in paren-
thesis. * (**) [***] denotes significance at the 10% (5%) [1%] level

Dependent variable: log popula-
tion growth

Municipalities (1951–2011) LLMS (1971–2011)

(1) (2) (3) (4)

Log initial pop. density 0.4709*** 0.2121** 0.4304*** 1.0922***
[0.0111] [0.0864] [0.0344] [0.2708]

(Log initial pop. density)2 0.2624*** − 0.6682**
[0.0872] [0.2660]

R2 0.222 0.224 0.185 0.194
No. Obs 7761 7761 955 955

Municipalities (1951–1971)

(5) (6)

Log initial pop. density 0.4419*** − 0.6319***
[0.0118] [0.0861]

(Log initial pop. density)2 1.0889***
[0.0898]

R2 0.195 0.228
No. Obs 7761 7761

Municipalities (1971–1991) LLMS (1971–1991)

(7) (8) (9) (10)

Log initial pop. density 0.4694*** 1.1536*** 0.4330*** 1.0856***
[0.0114] [0.0713] [0.0352] [0.2847]

(Log initial pop. density)2 − 0.6955*** − 0.6589**
[0.0703] [0.2799]

R2 0.220 0.236 0.187 0.196
No. Obs 8029 8029 955 955

Municipalities (1991–2011) LLMS (1991–2011)

(11) (12) (13) (14)

Log initial pop. density 0.4040*** 1.3311*** 0.4206*** 1.1936***
[0.0112] [0.0709] [0.0310] [0.2086]

(Log initial pop. density)2 − 0.9444*** − 0.7807***
[0.0678] [0.2037]

R2 0.163 0.196 0.177 0.189
No. Obs 8076 8076 955 955



394 Economia Politica (2019) 36:373–398

1 3

Table 9  Robustness 2: population density

Dependent variable: log 
population growth

(1) (2) (3) (4) (5)

(a) (1951–2011)
 Log initial pop. density 0.4597*** 0.3246*** 0.3244*** 0.3088*** 0.3305***

[0.0111] [0.0125] [0.0125] [0.0132] [0.0132]
 Agricultural share − 0.2933*** − 0.3117*** − 0.2657*** − 0.5338***

[0.0119] [0.0296] [0.0311] [0.0439]
 Industrial share − 0.0199 0.0471 − 0.1827***

[0.0292] [0.0325] [0.0424]
 Div. related varieties 0.0234** 0.0246**

[0.0113] [0.0113]
 Div. unrelated varieties 0.0513*** 0.0621***

[0.0117] [0.0118]
 Human capital − 0.1555***

[0.0143]
 R2 0.238 0.296 0.296 0.299 0.311
 No. Obs. 7761 7761 7761 7761 7761

(b) (1951–1971)
 Log initial pop. density 0.4407*** 0.2089*** 0.2080*** 0.2012*** 0.2042***

[0.0117] [0.0121] [0.0121] [0.0127] [0.0129]
 Agricultural share − 0.4736*** − 0.5981*** − 0.5729*** − 0.6097***

[0.0121] [0.0285] [0.0306] [0.0423]
 Industrial share − 0.1341*** − 0.0970*** − 0.1286***

[0.0291] [0.0332] [0.0416]
 Div. related varieties 0.0176 0.0177

[0.0111] [0.0111]
 Div. unrelated varieties 0.0192* 0.0207*

[0.0111] [0.0111]
 Human capital − 0.0214

[0.0143]
 R2 0.197 0.339 0.342 0.344 0.345
 No. Obs. 7784 7784 7784 7761 7761

(c) (1971–1991)
 Log initial pop. density 0.4614*** 0.3809*** 0.3758*** 0.3327*** 0.3691***

[0.0114] [0.0125] [0.0127] [0.0144] [0.0147]
 Agricultural share − 0.1826*** − 0.1294*** − 0.1135*** − 0.2419***

[0.0118] [0.0196] [0.0200] [0.0242]
 Industrial share 0.0682*** 0.0901*** − 0.0421*

[0.0199] [0.0208] [0.0252]
 Div. related varieties 0.0801*** 0.0841***

[0.0129] [0.0129]
 Div. unrelated varieties 0.0139 0.0302**

[0.0124] [0.0128]
 Human capital − 0.1418***
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Authors’ calculations on Istat data
OLS regressions, see Eq.  (6). Unit of observation: municipality. All regressions include a dummy for 
Southern locations. Standardized regression coefficients. Robust standard errors are in parenthesis. * (**) 
[***] denotes significance at the 10% (5%) [1%] level

Table 9  (continued)

Dependent variable: log 
population growth

(1) (2) (3) (4) (5)

[0.0163]
 R2 0.215 0.237 0.238 0.244 0.255

No. Obs. 8053 8053 8053 8029 8029
(d) (1991–2011)
 Log initial pop. density 0.3978*** 0.3433*** 0.3416*** 0.2883*** 0.2973***

[0.0109] [0.0118] [0.0119] [0.0136] [0.0141]
 Agricultural share − 0.1282*** − 0.1140*** − 0.1120*** − 0.1268***

[0.0112] [0.0124] [0.0124] [0.0142]
 Industrial share 0.0338** 0.0348*** 0.0170

[0.0131] [0.0134] [0.0153]
 Div. Related Varieties 0.0924*** 0.0969***

[0.0127] [0.0129]
 Div. Unrelated Varieties 0.0028 0.0039

[0.0121] [0.0121]
 Human capital − 0.0321**

[0.0138]
 R2 0.282 0.293 0.294 0.300 0.300
 No. Obs. 8076 8076 8076 8076 8076
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Table 10  Robustness 3: population density

Dependent variable: Log 
population growth

(1) (2) (3) (4) (5)

(a) 1971–2011
 Log initial pop. density 0.4155*** 0.3588*** 0.3588*** 0.3471*** 0.4690***

[0.0342] [0.0378] [0.0382] [0.0400] [0.0383]
 Agricultural share − 0.1624*** − 0.1623*** − 0.1497*** − 0.4487***

[0.0363] [0.0506] [0.0538] [0.0708]
 Industrial share 0.0002 0.0188 − 0.2473***

[0.0493] [0.0577] [0.0690]
 Div. Related Varieties 0.0725** 0.0670**

[0.0301] [0.0296]
 Div. Unrelated Varieties 0.0464 0.0988***

[0.0378] [0.0361]
 Human capital − 0.3287***

[0.0445]
 R2 0.245 0.261 0.261 0.267 0.310
 No. Obs. 955 955 955 955 955

(b) 1971–1991
 Log initial pop. density 0.4318*** 0.3566*** 0.3570*** 0.3496*** 0.4552***

[0.0346] [0.0381] [0.0385] [0.0403] [0.0397]
 Agricultural share − 0.2155*** − 0.2205*** − 0.2110*** − 0.4701***

[0.0379] [0.0518] [0.0545] [0.0719]
 Industrial share − 0.0073 0.0063 − 0.2244***

[0.0492] [0.0578] [0.0705]
 Div. Related Varieties 0.0520 0.0472

[0.0323] [0.0321]
 Div. Unrelated Varieties 0.0341 0.0795**

[0.0386] [0.0378]
 Human capital − 0.2849***

[0.0463]
 R2 0.186 0.213 0.213 0.217 0.249
 No. Obs. 956 956 956 955 955

(c) 1991–2011
 Log initial pop. density 0.3985*** 0.3413*** 0.3412*** 0.3192*** 0.3584***

[0.0294] [0.0323] [0.0321] [0.0334] [0.0330]
 Agricultural share − 0.1648*** − 0.1473*** − 0.1345*** − 0.2037***

[0.0330] [0.0356] [0.0362] [0.0458]
 Industrial share 0.0554 0.0494 − 0.0207

[0.0372] [0.0392] [0.0449]
 Div. Related Varieties 0.0933*** 0.0890***

[0.0269] [0.0268]
 Div. Unrelated Varieties 0.0235 0.0398

[0.0296] [0.0299]
 Human capital − 0.1261***
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