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Abstract 

Did migrants help make Paris a center for the arts and Vienna a beacon of classical music? Or 

was the rise of these knowledge agglomerations a sole consequence of local actors? Here, we 

use data on the biographies of more than 22,000 famous historical individuals born between the 

years 1000 and 2000 to estimate the contribution of famous immigrants, emigrants, and locals 

to the knowledge specializations of European regions. We find that the probability that a region 

develops a specialization in a new activity (physics, philosophy, painting, music, etc.) grows 

with the presence of immigrants with knowledge on that activity and of immigrants specialized 

in related activities. We also find that the probability that a region loses one of its existing areas 

of specialization decreases with the presence of immigrants specialized in that activity and in 

related activities. In contrast, we do not find robust evidence that locals with related knowledge 

play a statistically significant role in a region entering or exiting a new specialization. These 

findings advance our understanding of the role of migration in the historical formation of 

knowledge agglomerations. 
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Main Text 

Introduction 

Migrants help carry knowledge across space (1–5), shaping the geography of cultural and 

economic activities (6–9). But most studies documenting the role of migrants in the diffusion 

of knowledge use recent data on patents (6, 10–17), research (12, 18) or product exports (19) 

or analyze historical spillovers within single activities (20–26). This leaves questions about the 

role of migrants in the historical formation of knowledge agglomerations relatively unexplored. 

To explore the role of migrants in the historical formation of knowledge agglomerations we use 

bibliographic data on more than 22,000 famous individuals—artists, physicists, explorers, 

philosophers, etc.—living in Europe between the years 1000 and 2000. We use this data to 

investigate how immigrants, emigrants, and locals explain the probability that a region gives 

birth to famous individuals specialized in an activity. That is, we study how the knowledge of 

migrants and locals contributes to explain, for example, Paris becoming the birthplace of 

painters and Vienna of composers. 

We can explore these questions by creating measures of knowledge spillovers within and 

between locations and activities. Consider spillovers across locations within the same activity. 

The knowledge that migrants carry across borders may impact a location’s ability to give birth 

to famous figures in the activity that the migrants specialize in. That is, immigrant 

mathematicians may increase the probability that a city or region begets famous 

mathematicians. Similarly, emigrating mathematicians may decrease that probability. To 

capture such spillovers, we identify whether a region experiences a larger than expected inflow 

or outflow of famous individuals specialized in an activity. 

Now consider spillovers across both locations and activities. Migrants and locals specialized in 

an activity (e.g. mathematics) can impact a region’s ability to give birth to famous figures in a 

related activity (e.g. physics). To capture such spillovers, we use measures of relatedness (27–

31), which exploit information on the colocation of activities to estimate how “cognitively 

close” a location is to an activity.  

During the past decades, measures of relatedness have been validated as robust predictors of 

the probability that countries, regions and cities enter or exit an activity, such as product exports 

(27, 32, 33), technologies (34–40), industries (41–44), and research areas (45–47). Recent 

contributions to this literature have focused on unpacking the channels behind this statistical 

law (48–55). For instance, does industry-specific or occupation-specific knowledge contribute 
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to the growth and survival of firms? (51) No study, however, has yet unpacked relatedness in 

the context of historical migration. Here we use a dataset spanning 1,000 years of history in 

Europe to explore how the knowledge of immigrants, emigrants, and locals explains the 

probability that a region gives birth to famous cultural figures in an activity. This contributes to 

both, understanding the role of migrants in the geography of knowledge, and to unpacking 

relatedness metrics in the context of migration. 

Our findings show that migrants play a crucial role in knowledge agglomerations. Specifically, 

we find that the probability that a European region develops a specialization in a new activity 

grows on average by 4.5 percentage points if that region received an excess number of 

immigrants specialized in that activity. Moreover, we find this effect is enhanced by immigrants 

specialized in related activities. Similarly, we find that the probability that a European region 

loses one of its existing specializations decreases on average by 8.7 percentage points if that 

region received an excess number of immigrants specialized in that activity. This effect is also 

enhanced by immigrants specialized in related activities. In contrast, we do not find a 

statistically significant and robust role of the related knowledge of locals in entries or exits. In 

all models, we control for the stock of nearby knowledge in a region to account for spatial 

spillovers due to channels other than migration and for further observed and unobserved factors 

specific to a region, an occupation or a century.  

Together, these findings advance our understanding of the role of immigrants, emigrants, and 

locals in the historical formation of knowledge agglomerations. They contribute to both, the 

literature on the role of migrants in knowledge diffusion (1–26) and the literature on relatedness 

(27–55). Moreover, by developing measures of the related knowledge of migrants, we combine 

both migration and relatedness in a framework that can be used to study how knowledge 

spillovers across space and across activities combine in more recent settings. 

Data & Methods 

We use the 2020 version of Pantheon (56), a publicly available dataset including information 

on famous individuals with a Wikipedia page in more than 15 different language editions. We 

focus on the 22,847 famous individuals born or died in Europe between the years 1000 and 

2000. We choose Pantheon because it classifies individuals using a taxonomy of 101 

occupations, such as painter, writer, composer, physicist, chemist, mathematician, etc. This 

level of disaggregation is needed to construct measures of specialization and relatedness. The 

full taxonomy and descriptive statistics are provided in the Supporting Information (SI) Section 

1.1. 
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We use geographic coordinates to assign each biography to European administrative regions 

(NUTS-2 or regions of similar size for countries outside the EU, e.g. Russia, see SI Section 1.2) 

for their place of birth and death. Figures 1a and 1b show the places of birth and death of all 

individuals in our dataset within the applied administrative borders. Due to a lack of data on the 

full trajectory of individuals, we follow the literature (57–59) and use places of birth and death 

as a proxy for migration.  

We find that most of the migration of famous Europeans over the past 1,000 years took place 

within countries and towards large cities (e.g. from smaller cities in France to Paris, see Fig. 

1c). Migration is in fact quite common among famous individuals. Going back to the 11th 

century, the share of migrants in our dataset never drops below 65 percent. In the 19th century, 

almost 80 percent of famous individuals died in a different region than the one in which they 

were born in (see Fig. 1d). 

These migration patterns are not random but follow a process of preferential attachment, 

clustering individuals in major cities (57, 58, 60–63) and leading to a higher spatial 

concentration for places of death than birth. Figure 1e shows the number of births and deaths 

of famous individuals for the ten most populated regions in the 19th century. For example, 416 

famous individuals were born in Paris in the 19th century, but 934 died there. 

We use information entropy H to quantify the spatial concentration of births and deaths across 

regions. Information entropy (base 2) estimates the number of yes-or-no questions that we 

would need to answer—on average—to find the place of birth or death of an individual (see SI 

Section 2.1). If deaths are more concentrated than births, we will need less questions to guess a 

place of death than one of birth. We can use entropy to estimate the effective number (64) of 

places of birth or death as 2H, which is the number of regions effectively experiencing the birth 

or death of a famous individual. 

Figure 1f shows the effective number of places of birth and death for each century. Prior to the 

15th century, the spatial concentration of famous births and deaths was similar. But starting in 

the 15th century, places of death have become more spatially concentrated and places of birth 

more widespread. In fact, by the 19th century famous individuals were effectively born in more 

than 200 (out of 405) regions across Europe, while they effectively died in only 100 regions 

(Fig. 1f).  
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Figure 1. Places of birth, places of death and migration patterns of famous individuals in Europe over the past 
1,000 years. (a-b) Maps of a places of birth and b places of death included in the analysis (NUTS-2 regions for 
EU, comparable regions for other countries, e.g. oblasts in Russia, see SI Section 1.2). Regions around Paris and 
Moscow are highlighted as examples of a higher spatial concentration of places of death than birth. (c) Network 
of migration among cities for famous individuals within Europe over the past 1,000 years. Node sizes are 
proportional to a region’s immigration. (d) Share of migrants in our dataset per century. (e) Number of births and 
deaths of famous individuals born in the 19th century in the ten most common regions of death. (f) Effective number 
of places of birth and death derived from Shannon entropy (see SI Section 2.1). Starting in the 15th century, the 
places of death of famous individuals are more spatially concentrated than their places of birth.  
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Next, we explore how the knowledge of immigrants, emigrants, and locals shapes the 

geography of knowledge. We explain the probability that a region gives birth to a famous 

individual specialized in an activity as a function of estimates of knowledge spillovers within 

and between both regions and activities.  

To capture the knowledge spillovers of migration within the same activity, we calculate the 

ratio between the observed number of famous immigrants (!!",$!%%!) or emigrants (!!",$&%!) with a 

certain occupation and their expected number (respectively !"!",$!%%! and !"!",$&%!). This allows us 

to create measures of excess immigration or excess emigration, and thus, to control for the 

natural attractiveness of a location and the characteristics of an occupation. This is important to 

address reverse causality concerns, since the effects of migrants could be simply a reflection of 

local factors making a place attractive for migrants with a certain specialization. By focusing 

on excess migrants, we help mitigate the risk of reverse causality.  

Mathematically, this involves taking the ratio between the observed and expected number of 

immigrants or emigrants:  

 
#!",$
!%%! =

!!",$
!%%!

!"!",$
!%%! 

 ,   (1) 
 

#!",$
&%! =

!!",$
&%!

!"!",$
&%! 

where the values are for individuals in region i and occupation k born in century t. 

Here we use two models for the expected numbers (!"!",$). The first one considers the number 

of individuals in a location and the number of individuals specialized in an activity. That is a 

“bins and balls” model for the expected number of immigrants or emigrants, making Eq. 1 the 

Revealed Comparative Advantage (65) or Location Quotient, a common measure of 

specialization: 

 
!"!",$ =

∑ !!",$" ∑ !!",$!
∑ !!",$!,"

   (2) 

The second model expands on this by taking the attractiveness of a location in a specific activity 

into account. We model !"!",$ using a negative binomial regression where we control for the 

observed number in the previous period (!!",$'(), the previous specialization of the location in 

the activity based on famous individuals born there (&!",$'()!*$+,), and fixed effects for each location-

time ('!$) and activity-time (("$) (to account for unobserved factors). That is, 
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 !"!",$ = )*+- + +(!!",$'( + +.&!",$'(
)!*$+, + '!$ + ("$-   ,   (3) 

where ) denotes the negative binomial probability density (see SI Section 3.4.1 for results), and 

 
&!",$'(
)!*$+, =

!!",$'(
)!*$+,

.
∑ !!",$'(

)!*$+," ∑ !!",$'(
)!*$+,!

∑ !!",$'(
)!*$+,!,"

/

 
      .   (4) 

!!",$
)!*$+, denotes the number of famous individuals born in location i specialized in activity k in 

century t. 

If the observed number of immigrants or emigrants in an activity exceeds the expected number, 

we identify a region as specialized in that activity with respect to immigrants or emigrants.  

We create two specialization matrices for famous immigrants (0!",$
!%%!; died here, but born 

elsewhere) and emigrants (0!",$
&%!; born here, but died elsewhere):  

 
0!",$
!%%! = 1

1					4)	#!",$
!%%! ≥ 1

0					78ℎ:;<4=:
 

(5) 
 

0!",$
&%! = 1

1					4)	#!",$
&%! ≥ 1

0					78ℎ:;<4=:
	 

Figures 2a and b show these two matrices using data for individuals born in the 19th century. 

The matrices are characterized by a nested structure we recover by sorting locations by diversity 

(respectively ∑ 0!",$
!%%!

"  and ∑ 0!",$
&%!

" ), and occupations by ubiquity (respectively ∑ 0!",$
!%%!

!  

and ∑ 0!",$
&%!

! ). This structure is typical for matrices summarizing the geography of activities 

(66, 67) (SI Section 2.2), but also, for networks describing species interactions in ecology (68–

72). 

To capture spillovers across activities we use measures of relatedness (27–31). Relatedness 

exploits information on the colocation of activities to estimate the affinity between a location 

and an activity. We create three separate measures of relatedness for immigrants, emigrants, 

and locals. 

These measures build on the specialization matrices described in Eq. 5. This time, however, we 

need to create specialization matrices for locals as well. So, we define locals as famous 

individuals who were born in a region, no matter if they died there or elsewhere. We use this 

definition because of the large share of migrants among famous individuals (see Fig. 1d), which 

would reduce our number of observations drastically if we defined locals as individuals who 

were born and died in the same place. Controlling for the related knowledge of emigrants, 
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however, relatedness based on all births is a valid proxy for the related knowledge of individuals 

who were born and died in the same region (SI Section 2.3). 

That is, as before, we calculate the ratio between observed and expected births of famous 

individuals: 

 
#!",$
)!*$+, =

!!",$
)!*$+,

!"!",$
)!*$+,   (6) 

Again, we can apply both the naïve model described in Eq. 2 or estimate the expected number 

of births given local factors (Eq. 3, see SI Section 3.4.1) before creating binary specialization 

matrices for locals: 

 
0!",$
)!*$+, = 1

1					4)	#!",$
)!*$+, ≥ 1

0					78ℎ:;<4=:
   (7) 

This matrix also exhibits a nested structure (Fig. 2c). 

Next, we define the proximity or similarity between two occupations as the minimum of the 

conditional probability that a location is specialized in both of them (27):  

 
>""!,$
!%%! =

∑ 0!",$
!%%!0!"/,$

!%%!
!

?@A	(∑ 0!",$
!%%! , ∑ 0!"/,$

!%%!! )!
  

 
>""/,$
&%! =

∑ 0!",$
&%!0!"/,$

&%!
!

?@A	(∑ 0!",$
&%! , ∑ 0!"/,$

&%!! )!
 (8) 

 
>""/,$
)!*$+, =

∑ 0!",$
)!*$+,0!"/,$

)!*$+,
!

?@A	(∑ 0!",$
)!*$+,, ∑ 0!"/,$

)!*$+,! )!
  

and use these proximities to calculate the relatedness between locations and activities: 

 
E!",$
!%%! =

∑ 0!"/,$
!%%!>""/,$

!%%!
"´
∑ >""/,$

!%%!"´
  

 
E!",$
&%! =

∑ 0!"/,$
&%!>""/,$

&%!
"´
∑ >""/,$

&%!"´
 (9) 

 
E!",$
)!*$+, =

∑ 0!"/,$
)!*$+,>""/,$

)!*$+,
"´
∑ >""/,$

)!*$+,"´
  

These measures quantify how far, for example, Paris is from having a specialization in 

archeology or Berlin from having a specialization in philosophy.  
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The relatedness densities based on the naïve model for the expected number of immigrants, 

emigrants and locals (Eq. 2) are highly correlated with the relatedness densities using the 

negative binomial model in Eq. 3 to determine the expected number (R2>0.9, see SI Section 

3.4.1).  

To illustrate the structure of the proximity matrices, we visualize the network of occupations 

based on the colocation of famous immigrants (>""/,$!%%!) born in the 19th century (Fig. 2d). A 

high proximity between two occupations indicates similarity or complementarity among them. 

Like measures of propensity, measures of proximity capture the combined presence of the 

multiple factors that may be contributing to the colocation of two activities. For example, we 

find a high proximity between biologists and physicians, mathematicians and physicists, and 

musicians and actors (see Fig. 2d). While the latter may be considered an example of colocation 

due to high complementarity (musicians and actors may perform together), associations 

between mathematicians and physicists, or biologists and physicians, may indicate similarity in 

skills. 
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Figure 2. Nested specialization matrices and the similarity between occupations in the 19th century. (a-c) 
Specialization matrices based on a immigrants, b emigrants, and c locals in the 19th century (see Eq. 5 and 7). 
Examples of locations and occupations (I: writer, II: mathematician, III: physicist, IV: journalist, V: pilot) are 
highlighted. (d) Occupation space based on the colocation of famous immigrants born in the 19th century using 
the naïve model described in Eq. 2 to determine the expected number of immigrants. Node size is proportional to 
the number of famous individuals specialized in the respective occupation in the dataset born in the 19th century. 

 

Armed with our measures of relatedness we can now study the combined effects of migration 

and relatedness on the geography of knowledge. We do this by estimating logistic models 

explaining the new specializations of a region (entries) and the specializations lost by a region 

(exits). This emerges directly from the specialization matrix defined in Eq. 7.  

Specifically, we define  

 
FG8;H!",$ = 1

1					4)	0!",$'(
)!*$+, = 0	@GI	0!",$

)!*$+, = 1

0					78ℎ:;<4=:
 

(10)                      
 

FA48!",$ = 1
1					4)	0!",$'(

)!*$+, = 1	@GI	0!",$
)!*$+, = 0

0					78ℎ:;<4=:
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We explain entries and exits using measures of the knowledge of immigrants and emigrants in 

that activity (0!",$
!%%!, 0!",$

&%!) and of the related knowledge that we can attribute to immigrants, 

emigrants and locals (E!",$!%%!, E!",$&%!, E!",$)!*$+,). For instance, a significant correlation between 

0!",$
!%%! and entries would point towards migrants bringing into the region the knowledge needed 

to carry out activity k. That is, a high influx of mathematicians would increase the probability 

that the region begets its own famous mathematicians. This would be consistent with research 

showing that migrants help carry the knowledge needed to enter an activity (6, 10–26). 

Similarly, a significant correlation between E!",$!%%! and entries would support the idea that the 

related knowledge brought by migrants also impacts the probability that a region develops a 

new activity. That is, the knowledge of famous immigrants specialized in mathematics diffuses 

to related fields, such as physics or chemistry, and increases the probability that a region begets 

its own physicists or chemists. 

Lastly, a significant correlation between E!",$)!*$+, and entries, after controlling for E!",$&%!, would 

indicate that the related knowledge of locals contributes to entering a new activity. That is, a 

region with many locals already specialized in mathematics has a higher probability of 

branching into physics or chemistry.  

In these models, we control for several other factors that might correlate with the probability of 

entry or exit, such as population (73–75) (see SI Section 1.3), a location’s diversity of 

occupations (i.e. the number of specializations across occupations) and an occupation’s 

ubiquity (i.e. the number of locations specialized in it). Also, we account for knowledge 

diffusion across space due to other reasons than migration by creating measures of the spatial 

proximity to other regions with specializations in that specific activity or in related activities 

(see SI Section 2.4). Lastly, we capture unobserved factors using region, century, and 

occupation category fixed effects. We provide descriptive statistics and discuss the explanatory 

variables in more detail in SI Section 3.1.   

Defining J!",$ = KFG8;H!",$ , FA48!",$L, we estimate the following logistic regression model  

 M*J!",$- = N(O(0!",$'(
!%%! + O.0!",$'(

&%! 	

																				+	O1E!",$'(
!%%! + O2E!",$'(

&%! + O3E!",$'(
)!*$+,	

																				+	P′R!",$'( + S! + T$ + '4 + U!",$)	 

,               (11)     
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where N denotes the logistic probability density, R!",$'( denotes a vector of observed control 

variables and S!, T$, '4 the fixed effects.  

Results 

Table 1 and Figure 3 show the relationship between the occupations of migrants and locals in 

both entries and exits. Here we used the “bins and balls” model in Eq. 2 to predict the expected 

number of immigrants, emigrants and locals. For entries (Table 1, columns 1-5), we find that 

the probability of entry correlates positively with an excess inflow of migrants specialized in 

an activity during the previous century (0!",$'(
!%%! = 1). Specifically, an excess of immigrants 

increases the probability of entry by 4.5 percentage points on average (Fig. 3a). Figure 3b plots 

the probability of entry as a function of 0!",$'(
!%%! .  

We also find that the probability of entry grows with the related knowledge of immigrants. A 

1-point-increase of E!",$'(!%%!  increases the probability of entry on average by 0.16 percent (Fig. 

3a). Figure 3c visualizes the results by plotting the average probability of entry as a function of 

the relatedness density of immigrants (E!",$'(!%%! ). In accordance with the literature(28, 76), the 

average probability of entry grows slightly super-linearly from 7.7 percent if no related 

knowledge of famous immigrants is present in a region (E!",$'(!%%! = 0) to 21.4 percent if all 

related activities are present (E!",$'(!%%! = 100). Moreover, we find a significantly negative 

correlation between E!",$'(&%!  and entries and a significantly positive correlation between E!",$'()!*$+, 

and entries. These correlations, however, are not robust to other fixed-effects specifications or 

period subsamples (SI Section 3.4). 

When we look at exits (Table 1, columns 6-10), we find similar effects but with the opposite 

sign. An excess inflow of famous individuals specialized in an activity during the previous 

century (0!",$'(
!%%! = 1) reduces the probability of exit significantly by 8.7 percentage points on 

average (Fig. 3d). Also, the related knowledge of immigrants (E!",$'(!%%! ) helps prevent losing 

specialization in an activity. Figure 3e and f visualize these results by plotting the probability 

of exit as a function of 0!",$'(
!%%!  and E!",$'(!%%! , respectively. 
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Table 1. Main results of logistic regression models explaining entries and exits of activities. 

	 Dependent	Variable:	/0123!",$	 Dependent	Variable:	/451!",$	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	 (7)	 (8)	 (9)	 (10)	

6!",$%&
!''! 	 0.380***	 0.335***	 0.381***	 0.375***	 0.330***	 -0.509***	 -0.464***	 -0.509***	 -0.510***	 -0.461***	

	 (0.073)	 (0.066)	 (0.074)	 (0.074)	 (0.066)	 (0.051)	 (0.064)	 (0.061)	 (0.051)	 (0.072)	
6!",$%&
('! 	 0.012	 -0.027	 0.015	 0.010	 -0.017	 0.131	 0.123	 0.125	 0.131	 0.114	

	 (0.235)	 (0.228)	 (0.231)	 (0.234)	 (0.224)	 (0.177)	 (0.180)	 (0.185)	 (0.177)	 (0.190)	
7!",$%&!''! 	 	 0.011***	 	 	 0.012***	 	 -0.014*	 	 	 -0.014**	
	 	 (0.003)	 	 	 (0.002)	 	 (0.008)	 	 	 (0.007)	
7!",$%&('! 	 	 	 -0.001	 	 -0.008***	 	 	 0.005	 	 0.008	
	 	 	 (0.004)	 	 (0.002)	 	 	 (0.015)	 	 (0.019)	
7!",$%&)!*$+,	 	 	 	 0.006	 0.011**	 	 	 	 0.001	 -0.002	
	 	 	 	 (0.006)	 (0.006)	 	 	 	 (0.006)	 (0.012)	
Further	controls	 P	 P	 P	 P	 P	 P	 P	 P	 P	 P	
Fixed	effects:	           
Century	 P	 P	 P	 P	 P	 P	 P	 P	 P	 P	
Region	 P	 P	 P	 P	 P	 P	 P	 P	 P	 P	
Category	 P	 P	 P	 P	 P	 P	 P	 P	 P	 P	

Observations	 6180	 6180	 6180	 6180	 6180	 2017	 2017	 2017	 2017	 2017	
Pseudo-R2	 0.124	 0.124	 0.124	 0.124	 0.125	 0.145	 0.147	 0.146	 0.145	 0.147	
AIC	 5680.9	 5677.5	 5682.8	 5682.1	 5679.4	 2607.6	 2605.7	 2609.2	 2609.6	 2608.9	
BIC	 6811.4	 6814.7	 6820.0	 6819.3	 6830.0	 3527.5	 3531.2	 3534.7	 3535.1	 3545.6	
Standard	errors	are	clustered	by	region	and	period.	The	full	regression	tables	with	all	control	variables	are	provided	in	SI	Sections	3.2	and	3.3.	*	p	<	
0.1,	**	p	<	0.05,	***	p	<	0.01	

 

 
Figure 3. Main results. (a) Average marginal effects on the probability of entry to new activities based on the 
logistic regression model in Table 1, column 5. !"#,%&'

"((" = 1 increases the probability of entry on average by 4.5 
percent, while a 1-point-increase of $"#,%&'"(("  leads to an increase in the average probability of entry of 0.16 percent. 
* p < 0.1, ** p < 0.05, *** p < 0.01. ‡ denotes robustness of the results (SI Section 3.4). (b-c) Probability of entry 
to a new activity as a function of b !"#,%&'

"(("  and c the immigrants’ related knowledge, $"#,%&'"((" . (d) Average marginal 
effects on the probability of exit from activities based on the logistic regression model in Table 1, column 10. * p 
< 0.1, ** p < 0.05, *** p < 0.01. ‡ denotes robustness of the results. (e-f) Probability of exit from an existing area 
of specialization as a function of e !"#,%&'

"(("  and f the immigrants’ related knowledge, $"#,%&'"((" .  
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These results are robust to estimating the expected number of immigrants, emigrants and locals 

in Eq. 1 and 6 using the negative binomial regression model described in Eq. 3 (see SI Section 

3.4.1). By accounting for local factors, we are able to obtain a more accurate estimate of the 

expected number of immigrants, emigrants and locals and, thus, of a disproportionate migration 

flow. This mitigates some of the endogeneity concerns, providing evidence that our findings 

are indeed a result of migration. 

We address further endogeneity concerns by testing whether our results are robust to applying 

other regression model specifications. We find that the knowledge of immigrants remains a 

significant predictor for both entries and exits, limiting the chance that omitted variables drive 

our results (SI Section 3.4.2). Also, our sample of famous individuals is not balanced over time. 

Our findings, however, are robust to excluding the 20th century from the analysis (SI Section 

3.4.3). Moreover, our results do not change if we redefine entries and exits as the first or last 

birth of a famous individual with a specific occupation in a location instead of developing or 

losing an area of specialization (SI Section 3.4.4). Lastly, we explore the explanatory power of 

interaction terms between various relatedness densities, following the literature on migrants as 

agents of structural change (6–8). We find a significant, but quantitatively negligible negative 

interaction term between E!"!%%! and E!")!*$+, in explaining entries, indicating that the related 

knowledge of immigrants and locals are weak substitutes (SI Section 3.4.5).  

Discussion & Conclusion 

Labor mobility and migration are core tenets of continental unions, such as the United States 

and the European Union, because policymakers intuit that migrants carry knowledge across 

space and activities (1–5). Yet, despite multiple studies documenting the role of migrants in the 

diffusion of knowledge (6, 10–26), there is little historical quantitative evidence of the role of 

migrants in the historical evolution of knowledge agglomerations. 

Here, we used bibliographic data of more than 22,000 famous individuals—sculptors, 

composers, politicians, chemists, etc.—living in Europe between the years 1000 and 2000 to 

explore how the knowledge of immigrants, emigrants, and locals explains the probability that 

a region gives birth to famous individuals specialized in an activity.  

Our findings show that migrants play a crucial role in the historical geography of knowledge. 

Specifically, we find that the probability that a European region develops a specialization in a 

new activity grows with the presence of immigrants having knowledge on that activity. Also, 

using measures of relatedness (27–31), we find that this effect is enhanced by spillovers across 

cognitively proximate activities. Put differently, the probability that a region begets famous 
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mathematicians grows with an excess immigration of mathematicians and with immigrants 

from related fields, such as physics or chemistry. Similarly, we find that the probability that a 

European region loses one of its existing areas of specialization decreases with the presence of 

immigrants specialized in that activity and in related activities. However, we do not find that 

locals with related knowledge play a statistically significant and robust role in entries or exits. 

These findings advance our understanding of the evolution of European agglomerations over 

the past millennium and of the role of migrants and locals therein. Specifically, we find robust 

evidence that European agglomerations did not only evolve path-dependently (77), but also that 

they benefited from spillovers generated by the migration of famous individuals. This supports 

the literature on the role of migrants in the diffusion of knowledge (1–8, 10–26) and contributes 

to the field on measures of relatedness (27–31), which have been shown to be robust predictors 

of developing new and losing existing areas of specialization (32–47). 

Migrants are known agents of structural change enabling the development of unrelated activities 

(6–8). Our findings differ slightly from that finding by emphasizing migration as a channel of 

related diversification and path-dependent development, thus contributing to the literature on 

unpacking the channels behind the principle of relatedness (48–55). Also, we contribute 

methodologically to the literature by disentangling relatedness measures for immigrants, 

emigrants and locals. These novel measures make it possible to explore how knowledge 

spillovers across space and across activities combine.  

Our study also has important limitations. First, we observe only a small subset of the overall 

population. That is, 22,000 of the most famous individuals living in Europe over the past 1,000 

years. A more comprehensive dataset would allow for a more accurate and granular estimation 

of a location’s related knowledge and the geography of activities. Second, we do not observe 

the full migration trajectory of individuals, but only their place of birth and place of death. 

Although this approach follows the literature (57–59), more detailed data on where famous 

individuals lived would provide a better analytical basis to explore the evolution of 

agglomerations. This issue becomes more pressing when applying the same methodology to 

contemporary data, since mobility increased substantially during the last century. Lastly, we 

focus only on Europe. So, it may be that the principles behind the historical geography of 

knowledge uncovered here are different for other parts of the world.  

Yet, despite these limitations, our study provides evidence of migration playing a central role 

in the evolution of European knowledge agglomerations. Also, while being a historical study, 

our findings have contemporary policy implications. The effects of migration on local 
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economies have been debated intensively, both in academia (9, 78–80) and in policy circles 

(81, 82). Our findings show that high-skilled migrants can enhance and accelerate the 

development of cities and regions and can prevent them from exiting activities. Yet, our results 

cannot tell us whether these findings remain for migration that is incentivized by policy 

instruments, since we observe migration involving multiple forces, from forced displacement 

due to war, to curiosity driven organic migration. Unpacking these multiple channels is an 

interesting area of future research.  
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1. Data 

1.1. Pantheon 

The main data source for our analysis is the 2020 version of the Pantheon dataset (1), which is 

publicly available at pantheon.world. It contains information on more than 88,000 famous 

individuals with more than 15 language editions in Wikipedia worldwide. We restrict our 

sample to the years 1000 to 2000, since the number of observations in the overall dataset 

increases after the year 1000 and becomes less volatile (see Figure S1). Also, as described in 

the main manuscript, we focus on continental Europe and, thus, only include individuals who 

are born or have died in Europe. The reasoning behind this restriction is the need to have an as 

comprehensive picture of the structure of famous individuals in a region as possible. Due to an 

arguable Western bias in Wikipedia and the selected time horizon, we restrict our sample to 

Europe. Overall, this reduces our sample to 22,847 individuals. 

We follow the occupation taxonomy by Yu et al. (1), which differentiates in total between 101 

occupations of 27 categories and 8 broad categories. Table S1 describes the taxonomy and 

displays the number of famous individuals born or died in Europe between 1000 and 2000 with 

the respective occupation. Politicians (5,233), writers (2,817) and painters (1,126) are the most 

common occupations of famous figures in the past millennium.  

As expected based on Figure S1, the number of observations in our subset of the overall dataset 

increases with time. While we have data on 284 individuals born in the 11th century, this number 

increases to 7,483 in the 20th century (see Table S2). Due to this imbalance, we perform 

robustness checks for period subsamples in Section 3.4.3. 

We do not observe the full migration trajectory of individuals, which is why we use places of 

birth and death as a proxy for migration (2, 3). Interestingly, migration is very common among 

notable individuals in the dataset. 75.1 percent of individuals in the dataset die in a different 

region they are born in. Also, migration among famous individuals has become more prevalent 

over time. While in the 11th century 31.3 percent of individuals died in a different region than 
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they were born in, this is only the case for 20.8 percent in the 19th century (see Table S2 and 

Figure 1d in the main text). 

 

 

 
Figure S1. Number of observations in the overall Pantheon dataset(1) by decade of birth 
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Table S1. Occupation taxonomy following Yu et al.(1) and number of individuals born and/or deceased in 
Europe between the years 1000 and 2000 

 
 

Table S2. Number of famous individuals and share of locals by century 

Period No. of 
observations 

Share of individuals that 
died in the same region 
they were born in 

11th century 284 31.3% 

12th century 339 27.7% 

13th century 377 32.1% 

14th century 422 34.6% 

15th century 784 31.6% 

16th century 1,109 29.9% 

17th century 1,231 34.6% 

18th century 2,516 27.9% 

19th century 8,301 20.8% 

20th century 7,483 24.0% 

 

1.2. Administrative regions 

For aggregation purposes, we assign individuals to regions based on their geocoded places of 

birth and death. We use NUTS-2 regions for countries in the European Union and the European 

Broad Category Category Occupation Obs. abs. Obs. in % Broad Category Category Occupation Obs. abs. Obs. in %
Dance DANCER 46 0,2% Computer Science COMPUTER SCIENTIST 21 0,1%

ARCHITECT 300 1,3% Engineering ENGINEER 208 0,9%
DESIGNER 42 0,2% Invention INVENTOR 205 0,9%
COMIC ARTIST 25 0,1% MATHEMATICIAN 549 2,4%
FASHION DESIGNER 14 0,1% STATISTICIAN 6 0,0%
ACTOR 969 4,2% Medicine PHYSICIAN 331 1,5%
FILM DIRECTOR 421 1,8% BIOLOGIST 600 2,6%
PAINTER 1126 4,9% PHYSICIST 418 1,8%
SCULPTOR 122 0,5% CHEMIST 330 1,4%
PHOTOGRAPHER 47 0,2% ASTRONOMER 285 1,2%
ARTIST 33 0,1% ARCHAEOLOGIST 79 0,3%
COMPOSER 889 3,9% GEOLOGIST 46 0,2%
MUSICIAN 390 1,7% ECONOMIST 128 0,6%
SINGER 352 1,5% PSYCHOLOGIST 98 0,4%
CONDUCTOR 64 0,3% GEOGRAPHER 44 0,2%
BUSINESSPERSON 158 0,7% ANTHROPOLOGIST 36 0,2%
PRODUCER 13 0,1% SOCIOLOGIST 26 0,1%

Law LAWYER 24 0,1% POLITICAL SCIENTIST 10 0,0%
EXPLORER 295 1,3% ATHLETE 389 1,7%
ASTRONAUT 41 0,2% RACING DRIVER 260 1,1%

History HISTORIAN 184 0,8% CYCLIST 136 0,6%
WRITER 2817 12,4% CHESS PLAYER 123 0,5%
LINGUIST 117 0,5% TENNIS PLAYER 79 0,3%
JOURNALIST 48 0,2% SKATER 47 0,2%

Philosophy PHILOSOPHER 563 2,5% WRESTLER 43 0,2%
POLITICIAN 5233 22,9% FENCER 42 0,2%
NOBLEMAN 551 2,4% BOXER 39 0,2%
DIPLOMAT 24 0,1% GYMNAST 37 0,2%
PUBLIC WORKER 8 0,0% SKIER 37 0,2%
MILITARY PERSONNEL 917 4,0% SWIMMER 25 0,1%
PILOT 33 0,1% MOUNTAINEER 23 0,1%

Religion RELIGIOUS FIGURE 811 3,6% TABLE TENNIS PLAYER 6 0,0%
Activism SOCIAL ACTIVIST 197 0,9% SOCCER PLAYER 963 4,2%

CELEBRITY 31 0,1% COACH 32 0,1%
PRESENTER 8 0,0% HOCKEY PLAYER 22 0,1%
MODEL 8 0,0% BASKETBALL PLAYER 18 0,1%
EXTREMIST 69 0,3% HANDBALL PLAYER 13 0,1%
OCCULTIST 31 0,1%
PIRATE 20 0,1%
MAFIOSO 12 0,1%

Science & 
Technology

Math

Natural Sciences

Social Sciences

Sports

Individual Sports

Team Sports

Institutions

Government

Military

Public Figure

Media Personality

Outlaws

Business & Law Business

Exploration Explorers

Humanities Language

Arts

Design

Film and Theatre

Fine Arts

Music
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Free Trade Association. For other countries in Europe, we use administrative regions of 

comparable size. Specifically, these are oblasts for Russia, Ukraine and Belarus, federal entities 

for Bosnia and Herzegovina, and the whole country for Kosovo and Moldova (see Figure S2). 

Shape files are publicly available online for NUTS regions (see e.g. ec.europa.eu) as well as for 

administrative regions of other countries (see e.g. gadm.org).  

 
Figure S2. Administrative regions applied in the analysis. Bold lines mark country borders. 

1.3. Population 

We augment our analysis with publicly available population data on more than 2,000 European 

cities going back to 700 AD (4–6). We use the coordinates provided in the dataset to assign 

cities to regions. This enables us to aggregate the population data by region. 

1.4. Potential other data sources 

In fact, more comprehensive data sources for notable people are available, such as Freebase 

from Google or the very recently published database by Laouenan et al. (7), which contains 

information on 2.29 million notable individuals. Unfortunately, these data sources are not 

sufficiently consistent with respect to their occupation classification. For example, the database 

by Laouenan et al. (7) distinguishes between almost 5,000 occupations, but these are not unique. 

A consistent occupation classification is, however, key for our research project, since we want 

to describe the geography of knowledge based on this classification. Nonetheless, these data 

sources are very promising avenues for future research, potentially enabling the analysis of the 

historical geography of knowledge based on notable figures beyond Europe.  
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2. Methods 

2.1. Information entropy 

Due to migration flows towards cities and the tendency of agglomeration, places of death are 

spatially more concentrated than places of birth. We provide evidence that this is the case by 

calculating the effective number of places of birth and places of death using information 

entropy.  

Let !!,# denote the number of famous individuals in region i and century t, then entropy H is 

given by 

 
"# =$ !!,#

∑ !!,#!
&'($ )

!!,#
∑ !!,#!

*
%

!&'
 (S1) 

Intuitively, "# is the average number of minimum yes/no questions one has to ask to guess a 

famous individual’s region of birth or death.  

The effective number of places is then given by 2(!. This measure gives the number of places 

as if they were equally common (8). The higher the effective number of places, the lower the 

spatial concentration. 

Figure 1e in the main manuscript plots the effective number of places of birth and places of 

death per century.    

2.2. Adjacency matrices  

To calculate the relatedness density, we transform our dataset into binary specialization 

matrices per century. We define that a location is specialized in an occupation if it exhibits a 

larger number of famous biographies in the respective occupation than expected. As described 

in the main manuscript, we employ two different approaches to the expected number of 

biographies. The first one is a naïve “bins and balls” model and identical to the Revealed 

Comparative Advantage or Location Quotient. The second approach consists of estimating the 

expected number of immigrants, emigrants and locals in a negative binomial regression model, 

taking local factors into account.  

Then, we create specialization matrices based on immigrants (born somewhere else, but died 

here), emigration (born here, but died somewhere else) and locals (born here). We define the 

matrix ,!)
*   for j = {immi, emi, births} as 
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,!)
* = -1					01	

!!),#*

!2!),#*
≥ 1

0					'5ℎ7890:7
 (S2) 

Prior to the calculation of the matrix ,!)
*  we remove regions and occupations with very few 

observations, since they can distort the specialization matrix. Specifically, we remove regions 

and occupations with not more than 5 famous individuals in a century, i.e. ∑ !!)*) ≤ 5 and 

∑ !!)*! ≤ 5, respectively. For the 11th to 15th century, we employ a less restrictive cutoff, i.e. 

∑ !!)*) ≤ 3 and ∑ !!)*! ≤ 3, due to fewer observations. Additionally, we remove individuals 

with the occupation “companion”. 

Sorting these specialization matrices by diversity and ubiquity reveals their nested structure 

(see Fig. 2a-c in the main manuscript).  

2.3. The related knowledge of locals 

We define locals as famous individuals who were born in a region, no matter if they died there 

or elsewhere. We use this definition because of the large share of migrants among famous 

individuals (see Table S2), which would reduce our number of observations drastically if we 

defined locals as individuals who were born and died in the same place. Here, we show that the 

relatedness density based on all famous individuals born is a valid proxy for the related 

knowledge of individuals that have been born and died in the same region, after controlling for 

the related knowledge of emigrants. 

To show this, we create a measure of relatedness for locals (born and died here) in analogy to 

the other relatedness measures based on the naïve model of the expected number: 

 
!"#
$%&'$( = #

1					&'	
("#
$%&'$( ∑ ("#

$%&'$(
#⁄

∑ ("#
$%&'$(

" ∑ ("#
$%&'$(

",#+
≥ 1

0					./ℎ123&41

  

 
5##*,+
$%&'$( =

∑ !"#,+
$%&'$(!"#*,+

$%&'$(
"

678	(∑ !"#,+
$%&'$(, ∑ !"#*,+

$%&'$(
" )"

 (S3) 

 
<"#,+
$%&'$( =

∑ !"#*,+
$%&'$(5##*,+

$%&'$(
#´

∑ 5##*,+
$%&'$(

#´
  

Then, we estimate the following linear regression: 

 >!),#+,-.+/ = ?'>!),#0!1#2/ + ?$>!),#34! + A! + B# + C!) (S4) 

Figure S3 shows the correlation between the fitted values based on the regression and the real 

values of >!),#+,-.+/. The correlation between the real and fitted values is high (R2=0.65), indicating 
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that >!),#0!1#2/ controlling for >!),#34! is a valid proxy for >!),#+,-.+/. This result is also robust for 

including all covariates of the logistic regression models described in Section 3.1. 

 

Figure S3. Correlation between fitted and real values for <-.,/
012304 

2.4. Spatial lags 

To control for other means of knowledge diffusion across space than migration, we create 

spatial lags. Specifically, we differentiate between the availability of knowledge in the same 

activity (do geographically proximate regions have a specialization in that exact activity?), and 

related activities (do geographically proximate regions have specializations in related 

activities?).  

To do so, we measure the distance between all the administrative regions depicted in Figure S2 

(technically, their centroids) and transform them into a proximity matrix D!5!. Let E!5! denote 

the distance between regions 0′ and 0. Then, 

 
D!5! = G

1 E!5!H 					01	0′ ≠ 0	
0					'5ℎ7890:7

 (S5) 

We then define the spatial lag with respect to specializations in the same activity as the region’s 

average proximity to regions with a specialization in that activity: 
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J!),#6 = ∑ D!5!,!),#

0!1#2/
!
∑ D!5!!

 (S6) 

Similarly, we define the spatial lag with respect to relatedness: 

 
J!),#7 = ∑ D!5!>!),#0!1#2/

!
∑ D!5!!

 (S7) 
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3. Results 

3.1. Logistic regression models explaining entries and exits and descriptive 
statistics 

As described in the manuscript, we estimate logistic models to explain entries and exits in an 

activity using measures of the knowledge of immigrants and emigrants in that activity (,!),#
!44!, 

,!),#
34!) and of the related knowledge that we can attribute to immigrants, emigrants and locals 

(>!),#!44!, >!),#34!, >!),#0!1#2/). 

To reduce endogeneity concerns because of omitted variables, we control for several other 

observed and unobserved factors that might influence the probability of entry or exit. 

We control for the number of occupations a location is specialized in (diversity, ∑ ,!)
0!1#2/

) ), 

since the probability of entry or exit likely grows with the number of occupations already 

present in the respective location. Also, we control for an occupation’s ubiquity, ∑ ,!)
0!1#2/

!  (i.e. 

the number of locations that are specialized in the respective occupation), since it may be easier 

to develop specializations in ubiquitous occupations. Furthermore, we control for a region’s 

population (Section 1.3) at the beginning of the century (K'K!,#), because we suspect a 

correlation between population size and the probability of entering or exiting an activity. Also, 

we control for knowledge diffusion due to other channels than migration captured in spatial 

lags, J!),#8'6  and J!),#8'7  (see Section 2.5). Lastly, our definition of entries and exits can be 

sensitive to borderline cases. The expected number of births may already be very close to the 

observed number before entering, which increases the probability of entering. Hence, we 

control for the ratio between the observed and expected number of births in the previous period 

(L!),#0!1#2/ = 967,!869!:;

9:67,!869!:;).  

We use fixed effects to account for unobserved heterogeneity: Entering new activities may have 

been easier or harder in some centuries across all locations for unobserved reasons, which is 

captured by B#. Similarly, the probability of entry may depend on location-specific factors that 

do not change over time (A!), while the probability is likely to differ between occupation 

categories as well (M+, see Table S1 for the occupation taxonomy).  

Defining N!),# = OPQ58R!),# , PT05!),#U, we estimate the following logistic regression model  
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 VWN!),#X = ((Z',!),#8'
!44!;1.<#/ + Z$,!),#8'

34!;1.<#/

+ Z=>!),#8'!44!;1.<#/ + Z>>!),#8'34!;1.<#/

+ Z?>!),#8'0!1#2/ +	?'E0[78:05R!,#8'
+ ?$\]0^\05R),#8' + ?=log	(pop!,#)
+ ?>J!),#8'6 + ??J!),#8'7 + ?@L!),#8'0!1#2/ + A!
+ B# + M+ + C!),#)	 

(S8) 

where ( denotes the logistic probability density. 

Descriptive statistics 

Table S3 provides the summary statistics for the variables used in the regression models (based 

on the naïve model for the expected number of immigrants, emigrants and locals). Each entry 

refers to a unique combination of region, occupation and period. 

The relatedness densities based on immigrants, emigrants and locals correlate with each other 

but show a considerable amount of variance (see Figure S4). 

Table S3. Descriptive statistics 

Variable N Mean Std. Dev Minimum 25th pc. Median 75th pc. Maximum 
!!"#!$%&' 43,273 17.83 10.84 0 9.65 15.67 23.87 100 

!!"
!((!)$*+%' 18,597 17.54 12.31 0 8.32 14.67 23.59 100 

!!"
,(!)$*+%' 36,985 17.88 10.59 0 9.89 15.85 23.67 100 

"!"
#!$%&' 43,814 0.16 0.36 0 0 0 0 1 

"!"
!((!)$*+%' 18,663 0.17 0.37 0 0 0 0 1 

"!"
,(!)$*+%' 37,264 0.15 0.36 0 0 0 0 1 

#$%&'!" 15,818 0.17 0.37 0 0 0 0 1 

#()%!" 3,794 0.64 0.48 0 0 1 1 1 

*!"#!$%&' 43,814 0.42 1.60 0 0 0 0 64 

*!"
,(!)$*+%' 43,814 0.27 0.94 0 0 0 0 31 

*!"
!((!)$*+%' 43,814 0.27 1.73 0 0 0 0 120 

+),-&.)%'! 43,814 8.33 4.43 1 5 8 10 30 

/0)1/)%'" 43,814 37.45 34.33 0 12 22 54 149 

2!",%.  43,295 17.76 5.58 6.87 13.39 17.06 21.73 68.14 

2!",%/  43,814 0.16 0.13 0 0.05 0.11 0.24 0.88 
Note: Each observation in the underlying dataset refers to a certain location i, occupation k and time t. 
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Figure S4. Correlations between different relatedness density metrics 
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3.2. Main regression tables explaining entries to new activities 

Table S4 shows the main results for the logistic regression model explaining entries to new 

activities estimating the underlying expected number of immigrants, emigrants and locals with 

the “bins and balls” model. Columns 2-6 of Table S4 correspond to columns 1-5 of Table 1 in 

the main text.  

As mentioned in the main text we find a positive correlation between entries to a specific 

activity and a disproportionate inflow of famous individuals with knowledge in that activity. 

Also, the related knowledge of immigrants correlates positively with the probability of future 

entries. These coefficients are robust to other specifications and period subsets. In this 

specification, the related knowledge of locals also correlates positively, while the related 

knowledge of emigrants correlates negatively with future entries. These effects are not robust, 

however.  

The control variables behave mostly as expected. We find a positive correlation between the 

probability of entry and the occupation’s ubiquity. Thus, it is easier to enter a ubiquitous (and 

thus less complex) activity. Also, we find a positive correlation between the population level at 

the beginning of the century and the probability of entry. More populated locations have a 

higher probability of entering new activities, holding everything else equal. Also, following the 

definition of entries, being closer to the threshold of a specialization increases the probability 

of entry. Lastly, we find that knowledge also diffuses across space for other reasons than 

migration. Specifically, the probability of entry grows with the proximity to other regions 

having a specialization in the same activity (J!),#8'6 ). In contrast, proximity to regions with 

related knowledge (J!),#8'7 ) does not correlate significantly. 
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Table S4. Main results of logistic regressions explaining the entry to new activities. 

	 Dependent	Variable:	#$%&'!",%	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	
"!",%01
!((! 	 	 0.380***	 0.335***	 0.381***	 0.375***	 0.330***	

	 	 (0.073)	 (0.066)	 (0.074)	 (0.074)	 (0.066)	
"!",%01
,(! 	 	 0.012	 -0.027	 0.015	 0.010	 -0.017	

	 	 (0.235)	 (0.228)	 (0.231)	 (0.234)	 (0.224)	
!!",%01!((! 	 	 	 0.011***	 	 	 0.012***	
	 	 	 (0.003)	 	 	 (0.002)	
!!",%01,(! 	 	 	 	 -0.001	 	 -0.008***	
	 	 	 	 (0.004)	 	 (0.002)	
!!",%01#!$%&'	 	 	 	 	 0.006	 0.011**	
	 	 	 	 	 (0.006)	 (0.006)	
+),-&.)%'!,%01	 -0.008	 -0.007	 -0.009	 -0.005	 -0.021	 -0.022	
	 (0.020)	 (0.020)	 (0.020)	 (0.017)	 (0.020)	 (0.022)	
/0)1/)%'",%01	 0.008***	 0.007***	 0.007***	 0.007***	 0.007***	 0.007***	
	 (0.001)	 (0.001)	 (0.001)	 (0.001)	 (0.001)	 (0.001)	
2!",%01/ 	 0.622***	 0.562***	 0.590***	 0.562***	 0.568***	 0.598***	
	 (0.207)	 (0.159)	 (0.122)	 (0.161)	 (0.175)	 (0.155)	
2!",%01. 	 0.029	 0.029	 0.021	 0.030	 0.023	 0.016	
	 (0.025)	 (0.024)	 (0.024)	 (0.024)	 (0.024)	 (0.024)	
P!",%01	 0.533***	 0.478**	 0.493***	 0.477**	 0.483***	 0.499***	
	 (0.124)	 (0.187)	 (0.178)	 (0.185)	 (0.182)	 (0.178)	
log	(STS!,%)	 0.368***	 0.351***	 0.249***	 0.352***	 0.349***	 0.249***	
	 (0.067)	 (0.074)	 (0.089)	 (0.074)	 (0.069)	 (0.083)	
FE:	period	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	region	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	occu.	category	 Y	 Y	 Y	 Y	 Y	 Y	
Observations	 6180	 6180	 6180	 6180	 6180	 6180	
Pseudo-R2	 0.121	 0.124	 0.124	 0.124	 0.124	 0.125	
AIC	 5694.6	 5680.9	 5677.5	 5682.8	 5682.1	 5679.4	
BIC	 6811.6	 6811.4	 6814.7	 6820.0	 6819.3	 6830.0	
Standard	errors	are	clustered	by	period	and	region.	*	p	<	0.1,	**	p	<	0.05,	***	p	<	0.01	

 

3.3. Main regression tables explaining exits of activities 

Table S5 shows the results of the logistic regression model explaining exits of activities 

estimating the underlying expected number of immigrants, emigrants and locals with the “bins 

and balls” model. Columns 2-6 of Table S5 correspond to columns 6-10 of Table 1 in the main 

text.  

As mentioned in the main text we find a significantly negative correlation between exits of a 

specific activity and a disproportionate inflow of famous individuals with knowledge in that 

activity. Also, the related knowledge of immigrants correlates negatively with the probability 

of future exits. These coefficients are robust to other specifications and period subsets. 

Considering the control variables, we find a robust negative correlation between an activity’s 

ubiquity and the probability of exit. More ubiquitous activities exhibit a lower probability of 

exit. Also, the closer the expected number has been to the threshold in the previous century, 

i.e. the lower L!),#8', the higher the probability of exit.  
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Table S5. Main results of logistic regressions explaining the exit of activities. 

	 Dependent	Variable:	#()%!",%	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	
"!",%01
!((! 	 	 -0.509***	 -0.464***	 -0.509***	 -0.510***	 -0.461***	

	 	 (0.051)	 (0.064)	 (0.061)	 (0.051)	 (0.072)	
"!",%01
,(! 	 	 0.131	 0.123	 0.125	 0.131	 0.114	

	 	 (0.177)	 (0.180)	 (0.185)	 (0.177)	 (0.190)	
!!",%01!((! 	 	 	 -0.014*	 	 	 -0.014**	
	 	 	 (0.008)	 	 	 (0.007)	
!!",%01,(! 	 	 	 	 0.005	 	 0.008	
	 	 	 	 (0.015)	 	 (0.019)	
!!",%01#!$%&'	 	 	 	 	 0.001	 -0.002	
	 	 	 	 	 (0.006)	 (0.012)	
+),-&.)%'!,%01	 -0.042	 -0.044	 -0.039	 -0.051	 -0.046	 -0.045	
	 (0.029)	 (0.032)	 (0.033)	 (0.044)	 (0.036)	 (0.039)	
/0)1/)%'",%01	 -0.027***	 -0.026***	 -0.025***	 -0.026***	 -0.026***	 -0.026***	
	 (0.006)	 (0.006)	 (0.006)	 (0.005)	 (0.006)	 (0.005)	
2!",%01/ 	 1.399*	 1.405	 1.417	 1.459*	 1.417	 1.473*	
	 (0.836)	 (0.873)	 (0.882)	 (0.844)	 (0.896)	 (0.891)	
2!",%01. 	 0.038	 0.042	 0.040	 0.043	 0.043	 0.042	
	 (0.050)	 (0.053)	 (0.052)	 (0.050)	 (0.054)	 (0.051)	
P!",%01	 -0.023***	 -0.022***	 -0.026***	 -0.021***	 -0.022***	 -0.025***	
	 (0.006)	 (0.007)	 (0.008)	 (0.006)	 (0.007)	 (0.007)	
log	(STS!,%)	 -0.372	 -0.340	 -0.265	 -0.357	 -0.343	 -0.283	
	 (0.277)	 (0.272)	 (0.272)	 (0.276)	 (0.278)	 (0.280)	
FE:	period	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	region	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	occu.	category	 Y	 Y	 Y	 Y	 Y	 Y	
Observations	 2017	 2017	 2017	 2017	 2017	 2017	
Pseudo-R2	 0.138	 0.145	 0.147	 0.146	 0.145	 0.147	
AIC	 2624.5	 2607.6	 2605.7	 2609.2	 2609.6	 2608.9	
BIC	 3533.3	 3527.5	 3531.2	 3534.7	 3535.1	 3545.6	
Standard	errors	are	clustered	by	region	and	period.	*	p	<	0.1,	**	p	<	0.05,	***	p	<	0.01	

 

3.4. Robustness checks 

In this section, we provide various robustness checks for our main results concerning the role 

of migrants in the historical geography of knowledge. Specifically, we explore 

• potential endogeneity concerns estimating the expected number of immigrants, 

emigrants and locals in a negative binomial regression model (Section 3.4.1), 

• different regression model specifications for both entries and exits (Section 3.4.2), 

• different period subsets for both entries and exits, since our dataset is unbalanced with 

respect to time (Section 3.4.3),  

• a different definition of entries (Section 3.4.4), and 

• interaction terms to investigate the role of migration in unrelated diversification 

(Section 3.4.5). 

3.4.1. Estimating the expected number of immigrants, emigrants and locals 
In our main specification, we defined the specialization matrices based on the concept of the 

Revealed Comparative Advantage. We say that a region is specialized in an activity, if the 

observed number of immigrants (!!),#!44!), emigrants (!!),#34!) or locals (!!),#0!1#2/) is larger than 
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the expected number of immigrants (!2!),#!44!), emigrants (!2!),#34!) or locals (!2!),#0!1#2/), respectively,  

given the size of the region and the ubiquity of the occupation (see Eq. 2 in the main text).  

But based on that definition, our results shown in Table S4 and Table S5 may be subject to 

endogeneity. For instance, a region’s local factors may change, affecting both the migration 

flows and the probability of giving birth to famous individuals in an activity. This could distort 

our estimates of whether a region is, in fact, specialized in an activity or experiences 

disproportionate immigration. To address these endogeneity concerns, we estimate the expected 

number of immigrants, emigrants and locals using not only the number of individuals in a region 

and the occupation’s ubiquity, but also a region’s specialization structure in the previous 

century and further unobserved factors specific to a region, activity and century. 

Specifically, we estimate the following negative binomial regression models: 

 !!),#!44! = 1(?A + ?'!!),#8'!44! + ?$d!),#8'0!1#2/ + M!# + e)# + C!),#) 

,       (S9)  !!),#34! = 1(ZA + Z'!!),#8'34! + Z$d!),#8'0!1#2/ + M!# + e)# + C!),#) 

 !!),#0!1#2/ = 1(AA + A'!!),#8'0!1#2/ + A$d!),#8'0!1#2/ + M!# + e)# + C!),#) 

where d!),#8'0!1#2/ = 967869!:; ∑ 967869!:;7C
∑ 967869!:;6 ∑ 967869!:;6,7C  , while M!# and e)# denote fixed-effects accounting for 

unobserved factors specific to a region in a specific century and to an occupation in a specific 

century, respectively. Table S6 shows the results. 

We use the fitted values of these regression models as the expected values in creating the 

specialization matrices in Eq. S2 (!2!),#!44!, !2!),#34!, !2!),#0!1#2/).  

Using these adjacency matrices, we calculate the proximities between activities as well as the 

relatedness densities for immigrants, emigrants and locals. Figure S5 shows that the original 

measures of related knowledge based on the more naïve definition of the expected numbers and 

the relatedness densities based on the expected numbers gained from Eq. S9 are highly 

correlated with an R2 of 0.9 to 0.95. 

We then use these new measures of the knowledge of immigrants, emigrants and locals in the 

logistic regression models described in Eq. S8. The results for both entries (Table S7) and exits 

(Table S8) remain virtually unchanged. Only for exits, we do not find a significant correlation 

in one of the three fixed-effects specifications. 
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Table S6. Negative binomial regression models to estimate the expected number of immigrants, emigrants and 
locals. 

	 ("#,+
"<<"	 ("#,+

=<"	 ("#,+
>"?+@(	

("#,+AB
"<<" 	 0.033**	 	 	

	 (0.013)	 	 	

("#,+AB
=<" 	 	 0.038***	 	

	 	 (0.011)	 	

("#,+AB
>"?+@(	 	 	 0.033***	

	 	 	 (0.009)	

B"#,+AB
>"?+@(	 0.045***	 0.038***	 0.040***	

	 (0.006)	 (0.005)	 (0.005)	
Overdispersion	parameter	 2.033***	 3.453***	 2.369***	
	 (0.163)	 (0.294)	 (0.138)	

FE:	period-region	 X	 X	 X	
FE:	period-occupation	 X	 X	 X	

Num.Obs.	 39131	 43651	 43755	
Pseudo-R2	 0.341	 0.292	 0.282	
AIC	 30775.6	 39170.4	 50334.3	
BIC	 40173.4	 49573.8	 60775.3	

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

 

 

Figure S5. Correlation between the relatedness densities based on the definition of expected number as in the 
Revealed Comparative Advantage (original) or the negative binomial regression (new). 
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Table S7. Logistic regression model explaining entries to new activities using the expected numbers of the model 
in Eq. S11 

	 Dependent	Variable:	#$%&'!",%	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	 (7)	 (8)	 (9)	
"!",%01
!((!)$*+%'	 	 0.412***	 0.318***	 	 0.378***	 0.311***	 	 0.387***	 0.313***	

	 	 (0.064)	 (0.062)	 	 (0.073)	 (0.067)	 	 (0.066)	 (0.062)	
"!",%01
,(!)$*+%'	 	 0.218**	 0.175	 	 0.172	 0.176	 	 -0.016	 -0.010	

	 	 (0.110)	 (0.121)	 	 (0.120)	 (0.119)	 	 (0.130)	 (0.135)	
!!",%01
!((!)$*+%'	 	 	 0.011***	 	 	 0.012***	 	 	 0.014***	

	 	 	 (0.003)	 	 	 (0.003)	 	 	 (0.004)	
!!",%01
,(!)$*+%'	 	 	 -0.001	 	 	 -0.012***	 	 	 -0.014***	

	 	 	 (0.004)	 	 	 (0.004)	 	 	 (0.005)	
!!",%01#!$%&'	 	 	 0.009	 	 	 0.015**	 	 	 0.014**	
	 	 	 (0.006)	 	 	 (0.007)	 	 	 (0.006)	
+),-&.)%'!,%01	 0.038***	 0.035***	 0.005	 -0.030*	 -0.029*	 -0.048**	 -0.028	 -0.028	 -0.040*	
	 (0.003)	 (0.004)	 (0.021)	 (0.016)	 (0.016)	 (0.019)	 (0.018)	 (0.017)	 (0.021)	
/0)1/)%'",%01	 0.011***	 0.010***	 0.010***	 0.012***	 0.011***	 0.011***	 0.010***	 0.009***	 0.009***	
	 (0.003)	 (0.003)	 (0.003)	 (0.004)	 (0.004)	 (0.004)	 (0.003)	 (0.003)	 (0.003)	
2!",%01/ 	 0.135	 0.129	 0.129	 0.022	 0.016	 0.021	 0.208	 0.173	 0.197	
	 (0.428)	 (0.444)	 (0.402)	 (0.587)	 (0.595)	 (0.548)	 (0.889)	 (0.886)	 (0.832)	
2!",%01. 	 0.024	 0.022	 0.008	 0.021	 0.019	 0.008	 0.032	 0.031	 0.021	
	 (0.033)	 (0.031)	 (0.023)	 (0.039)	 (0.037)	 (0.034)	 (0.022)	 (0.021)	 (0.020)	
Pgh!",%01	 0.392***	 0.204	 0.221	 0.357***	 0.204*	 0.222*	 0.629***	 0.588***	 0.600***	
	 (0.087)	 (0.152)	 (0.149)	 (0.056)	 (0.123)	 (0.124)	 (0.109)	 (0.182)	 (0.182)	
log	(STS!,%)	 0.154***	 0.149**	 0.128**	 0.370***	 0.361***	 0.324***	 0.374***	 0.361***	 0.315**	
	 (0.055)	 (0.058)	 (0.063)	 (0.090)	 (0.092)	 (0.107)	 (0.109)	 (0.111)	 (0.127)	
FE:	period	 Y	 Y	 Y	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	region	 	 	 	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	occu.	category	 	 	 	 	 	 	 Y	 Y	 Y	
Observations	 6180	 6180	 6180	 6180	 6180	 6180	 6180	 6180	 6180	
Pseudo-R2	 0.073	 0.077	 0.079	 0.094	 0.097	 0.099	 0.130	 0.133	 0.135	
AIC	 5820.6	 5799.5	 5791.2	 5946.8	 5931.3	 5924.2	 5771.9	 5756.8	 5747.5	
BIC	 5908.0	 5900.5	 5912.3	 6909.1	 6907.0	 6920.1	 6895.6	 6894.0	 6904.9	
Standard	errors	are	clustered	by	region	and	period.	*	p	<	0.1,	**	p	<	0.05,	***	p	<	0.01	
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Table S8. Logistic regression model explaining exits from existing areas of specialization using the expected 
numbers of the model in Eq. S11 

	 Dependent	Variable:	#()%!",%	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	 (7)	 (8)	 (9)	
"!",%01
!((!)$*+%'	 	 -0.398***	 -0.345***	 	 -0.382***	 -0.345***	 	 -0.387***	 -0.359***	

	 	 (0.036)	 (0.034)	 	 (0.057)	 (0.015)	 	 (0.059)	 (0.019)	
"!",%01
,(!)$*+%'	 	 0.189	 0.147	 	 0.133	 0.124	 	 0.247	 0.243	

	 	 (0.208)	 (0.202)	 	 (0.201)	 (0.200)	 	 (0.225)	 (0.225)	
!!",%01
!((!)$*+%'	 	 	 -0.008***	 	 	 -0.010**	 	 	 -0.008	

	 	 	 (0.003)	 	 	 (0.005)	 	 	 (0.006)	
!!",%01
,(!)$*+%'	 	 	 0.006	 	 	 0.007	 	 	 0.001	

	 	 	 (0.004)	 	 	 (0.006)	 	 	 (0.007)	
!!",%01#!$%&'	 	 	 0.003	 	 	 0.000	 	 	 0.002	
	 	 	 (0.010)	 	 	 (0.009)	 	 	 (0.006)	
+),-&.)%'!,%01	 -0.041***	 -0.038***	 -0.047**	 -0.044	 -0.041	 -0.046	 -0.051	 -0.049	 -0.050	
	 (0.007)	 (0.006)	 (0.022)	 (0.030)	 (0.029)	 (0.041)	 (0.032)	 (0.032)	 (0.042)	
/0)1/)%'",%01	 -0.010**	 -0.009*	 -0.010**	 -0.013**	 -0.012**	 -0.012**	 -0.019***	 -0.018***	 -0.018***	
	 (0.005)	 (0.005)	 (0.005)	 (0.006)	 (0.006)	 (0.006)	 (0.005)	 (0.006)	 (0.005)	
2!",%01/ 	 0.406	 0.474	 0.582	 0.610	 0.671	 0.735	 0.523	 0.531	 0.543	
	 (1.629)	 (1.630)	 (1.637)	 (1.460)	 (1.465)	 (1.534)	 (1.181)	 (1.198)	 (1.272)	
2!",%01. 	 0.007	 0.011	 0.012	 0.018	 0.019	 0.019	 0.018	 0.020	 0.020	
	 (0.024)	 (0.025)	 (0.028)	 (0.050)	 (0.049)	 (0.049)	 (0.055)	 (0.058)	 (0.055)	
Pgh!",%01	 0.000	 -0.001	 -0.002	 -0.004	 -0.004	 -0.007	 -0.023*	 -0.024*	 -0.026***	
	 (0.009)	 (0.008)	 (0.009)	 (0.013)	 (0.013)	 (0.012)	 (0.013)	 (0.013)	 (0.010)	
log	(STS!,%)	 -0.195***	 -0.181***	 -0.169***	 -0.210	 -0.185	 -0.174	 -0.282	 -0.266	 -0.240	
	 (0.011)	 (0.014)	 (0.021)	 (0.277)	 (0.271)	 (0.278)	 (0.306)	 (0.305)	 (0.313)	
FE:	period	 Y	 Y	 Y	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	region	 	 	 	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	occu.	category	 	 	 	 	 	 	 Y	 Y	 Y	
Observations	 2053	 2053	 2053	 2031	 2031	 2031	 2025	 2025	 2025	
Pseudo-R2	 0.042	 0.048	 0.050	 0.081	 0.086	 0.087	 0.114	 0.120	 0.120	
AIC	 2565.3	 2552.0	 2553.5	 2698.1	 2689.0	 2691.8	 2650.8	 2640.4	 2644.9	
BIC	 2632.8	 2630.7	 2649.1	 3478.7	 3480.9	 3500.5	 3560.1	 3561.0	 3582.3	
Standard	errors	are	clustered	by	region	and	period.	*	p	<	0.1,	**	p	<	0.05,	***	p	<	0.01	
	
 

3.4.2. Model specifications 
To control for unobserved factors that have an influence on the probability of entering or exiting 

an activity, we use fixed effects. For example, period fixed effects account for any unobserved 

heterogeneity that is time-specific, but independent of the location and the activity. Thus, this 

controls for the effect that entering a new activity may have become more easier over time, 

because of economic development and urbanization. 

In the main results, we control for time-, location- and occupation category-fixed effects (see 

Table S4 and Table S5).  

In the following, we control either for time-location and occupation category fixed effects 

(Table S9 and Table S12 for entries and exits, respectively), for time and location fixed effects 

(Table S10 and Table S13 for entries and exits, respectively) or only for time fixed effects 

(Table S11 and Table S14 for entries and exits, respectively). Despite the different fixed effects, 

the main results for ,!),#8'
!44!  and >!),#8'!44! 	remain unchanged.  

Furthermore, we acknowledge that distances across space, if looking at such a long time 

horizon, are not constant over time, but decrease due to improvements in the infrastructure or 
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technological progress. Hence, we interact our measures of spatial proximity, 	
J!),#8'6  and J!),#8'7 , with dummies indicating the different centuries to alleviate concerns that 

our results are subject to omitted variable bias. Table S15 and Table S16 show that the results 

remain unchanged for both entries and exits, respectively. 	
 

Table S9. Logistic regression model explaining entries, accounting for period-region and occupation category 
fixed effects 

	 Dependent	Variable:	#$%&'!",%	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	
"!",%01
!((! 	 	 0.389***	 0.339***	 0.392***	 0.379***	 0.326***	

	 	 (0.095)	 (0.084)	 (0.095)	 (0.096)	 (0.083)	
"!",%01
,(! 	 	 0.033	 0.011	 0.026	 0.031	 -0.017	

	 	 (0.357)	 (0.369)	 (0.362)	 (0.353)	 (0.373)	
!!",%01!((! 	 	 	 0.019**	 	 	 0.020**	
	 	 	 (0.009)	 	 	 (0.009)	
!!",%01,(! 	 	 	 	 -0.007	 	 -0.024**	
	 	 	 	 (0.009)	 	 (0.010)	
!!",%01#!$%&'	 	 	 	 	 0.013*	 0.029***	
	 	 	 	 	 (0.007)	 (0.007)	
/0)1/)%'",%01	 0.007	 0.007	 0.006	 0.007	 0.007	 0.007	
	 (0.005)	 (0.005)	 (0.004)	 (0.004)	 (0.005)	 (0.004)	
2!",%01/ 	 0.652	 0.588	 0.604	 0.592	 0.597	 0.620	
	 (0.721)	 (0.729)	 (0.716)	 (0.731)	 (0.730)	 (0.719)	
2!",%01. 	 0.034	 0.034	 0.025	 0.039	 0.021	 0.015	
	 (0.031)	 (0.031)	 (0.031)	 (0.031)	 (0.031)	 (0.032)	
Pgh!",%01	 0.525**	 0.463*	 0.493*	 0.458*	 0.471*	 0.496*	
	 (0.249)	 (0.265)	 (0.273)	 (0.268)	 (0.258)	 (0.272)	
FE:	period-region	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	occu.	category	 Y	 Y	 Y	 Y	 Y	 Y	
Observations	 6165	 6165	 6165	 6165	 6165	 6165	
Pseudo-R2	 0.131	 0.134	 0.136	 0.135	 0.135	 0.137	
AIC	 5782.5	 5768.7	 5762.6	 5770.1	 5768.3	 5758.7	
BIC	 7437.3	 7437.0	 7437.5	 7445.0	 7443.3	 7447.1	
Standard	errors	are	clustered	by	region	and	period.	*	p	<	0.1,	**	p	<	0.05,	***	p	<	0.01	
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Table S10. Logistic regression model explaining entries, accounting for period- and location-fixed effects 

	 Dependent	Variable:	#$%&'!",%	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	
"!",%01
!((! 	 	 0.367***	 0.324***	 0.368***	 0.361***	 0.317***	

	 	 (0.086)	 (0.076)	 (0.087)	 (0.087)	 (0.076)	
"!",%01
,(! 	 	 0.207	 0.174	 0.208	 0.204	 0.182	

	 	 (0.223)	 (0.220)	 (0.219)	 (0.221)	 (0.215)	
!!",%01!((! 	 	 	 0.010***	 	 	 0.011***	
	 	 	 (0.003)	 	 	 (0.003)	
!!",%01,(! 	 	 	 	 -0.001	 	 -0.008***	
	 	 	 	 (0.003)	 	 (0.002)	
!!",%01#!$%&'	 	 	 	 	 0.008	 0.013*	
	 	 	 	 	 (0.007)	 (0.007)	
+),-&.)%'!,%01	 -0.012	 -0.011	 -0.013	 -0.010	 -0.028	 -0.030	
	 (0.019)	 (0.019)	 (0.019)	 (0.015)	 (0.019)	 (0.020)	
/0)1/)%'",%01	 0.009***	 0.009***	 0.009***	 0.009***	 0.009***	 0.009***	
	 (0.003)	 (0.003)	 (0.003)	 (0.003)	 (0.003)	 (0.003)	
2!",%01/ 	 0.290	 0.245*	 0.255*	 0.245*	 0.259*	 0.273	
	 (0.185)	 (0.128)	 (0.152)	 (0.128)	 (0.154)	 (0.186)	
2!",%01. 	 0.029	 0.026	 0.020	 0.027	 0.020	 0.013	
	 (0.045)	 (0.043)	 (0.044)	 (0.043)	 (0.040)	 (0.041)	
Pgh!",%01	 0.298***	 0.161	 0.171	 0.160	 0.170	 0.184	
	 (0.114)	 (0.181)	 (0.173)	 (0.180)	 (0.171)	 (0.170)	
log	(STS!,%)	 0.363***	 0.350***	 0.257***	 0.352***	 0.349***	 0.258***	
	 (0.055)	 (0.061)	 (0.074)	 (0.061)	 (0.057)	 (0.068)	
FE:	period	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	region	 Y	 Y	 Y	 Y	 Y	 Y	
Observations	 6180	 6180	 6180	 6180	 6180	 6180	
Pseudo-R2	 0.092	 0.095	 0.096	 0.095	 0.095	 0.096	
AIC	 5819.7	 5806.0	 5803.1	 5808.0	 5806.7	 5804.3	
BIC	 6775.3	 6775.0	 6778.8	 6783.7	 6782.4	 6793.5	
Standard	errors	are	clustered	by	region	and	period.	*	p	<	0.1,	**	p	<	0.05,	***	p	<	0.01	
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Table S11. Logistic regression model explaining entries, accounting for period-fixed effects 

	 Dependent	Variable:	#$%&'!",%	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	
"!",%01
!((! 	 	 0.406***	 0.327***	 0.404***	 0.403***	 0.322***	

	 	 (0.072)	 (0.076)	 (0.072)	 (0.073)	 (0.077)	
"!",%01
,(! 	 	 0.195	 0.153	 0.189	 0.194	 0.147	

	 	 (0.175)	 (0.171)	 (0.176)	 (0.173)	 (0.169)	
!!",%01!((! 	 	 	 0.011***	 	 	 0.011***	
	 	 	 (0.002)	 	 	 (0.003)	
!!",%01,(! 	 	 	 	 0.004	 	 0.003	
	 	 	 	 (0.002)	 	 (0.003)	
!!",%01#!$%&'	 	 	 	 	 0.005	 0.004	
	 	 	 	 	 (0.005)	 (0.006)	
+),-&.)%'!,%01	 0.041***	 0.037***	 0.025***	 0.030***	 0.028***	 0.012	
	 (0.004)	 (0.005)	 (0.007)	 (0.006)	 (0.011)	 (0.015)	
/0)1/)%'",%01	 0.008***	 0.008***	 0.008***	 0.007***	 0.007***	 0.007***	
	 (0.003)	 (0.002)	 (0.002)	 (0.003)	 (0.003)	 (0.003)	
2!",%01/ 	 0.235	 0.186	 0.208	 0.188	 0.192	 0.215	
	 (0.337)	 (0.323)	 (0.329)	 (0.325)	 (0.328)	 (0.336)	
2!",%01. 	 0.040	 0.037	 0.029	 0.035	 0.034	 0.025	
	 (0.039)	 (0.038)	 (0.035)	 (0.037)	 (0.035)	 (0.032)	
Pgh!",%01	 0.366***	 0.224	 0.219	 0.222	 0.230	 0.223	
	 (0.111)	 (0.163)	 (0.157)	 (0.160)	 (0.156)	 (0.148)	
log	(STS!,%)	 0.164***	 0.158**	 0.130*	 0.160**	 0.161**	 0.134*	
	 (0.062)	 (0.067)	 (0.070)	 (0.067)	 (0.069)	 (0.071)	
FE:	period	 Y	 Y	 Y	 Y	 Y	 Y	
Observations	 6180	 6180	 6180	 6180	 6180	 6180	
Pseudo-R2	 0.070	 0.073	 0.075	 0.073	 0.073	 0.075	
AIC	 5697.9	 5679.1	 5670.1	 5680.3	 5680.5	 5672.9	
BIC	 5778.6	 5773.3	 5771.1	 5781.3	 5781.4	 5787.3	
Standard	errors	are	clustered	by	region	and	period.	*	p	<	0.1,	**	p	<	0.05,	***	p	<	0.01	

 

Table S12. Logistic regression model explaining exits, accounting for period-region and occupation category 
fixed effects 

	 Dependent	Variable:	#()%!",%	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	
"!",%01
!((! 	 	 -0.565***	 -0.523***	 -0.563***	 -0.553***	 -0.514***	

	 	 (0.155)	 (0.148)	 (0.155)	 (0.157)	 (0.150)	
"!",%01
,(! 	 	 0.142	 0.148	 0.129	 0.151	 0.157	

	 	 (0.168)	 (0.173)	 (0.169)	 (0.169)	 (0.174)	
!!",%01!((! 	 	 	 -0.037***	 	 	 -0.036***	
	 	 	 (0.014)	 	 	 (0.014)	
!!",%01,(! 	 	 	 	 -0.016	 	 0.000	
	 	 	 	 (0.012)	 	 (0.017)	
!!",%01#!$%&'	 	 	 	 	 -0.040***	 -0.038*	
	 	 	 	 	 (0.015)	 (0.021)	
/0)1/)%'",%01	 -0.027***	 -0.026***	 -0.026***	 -0.025***	 -0.024***	 -0.024***	
	 (0.007)	 (0.006)	 (0.006)	 (0.007)	 (0.007)	 (0.007)	
2!",%01/ 	 1.371	 1.427*	 1.685**	 1.297	 1.122	 1.399*	
	 (0.915)	 (0.848)	 (0.807)	 (0.801)	 (0.851)	 (0.796)	
2!",%01. 	 0.033	 0.040	 0.037	 0.037	 0.039	 0.037	
	 (0.049)	 (0.052)	 (0.057)	 (0.051)	 (0.052)	 (0.056)	
Pgh!",%01	 -0.021	 -0.019	 -0.026	 -0.020	 -0.022	 -0.029	
	 (0.022)	 (0.024)	 (0.026)	 (0.024)	 (0.024)	 (0.026)	
FE:	period-region	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	occu.	category	 Y	 Y	 Y	 Y	 Y	 Y	
Observations	 1989	 1989	 1989	 1989	 1989	 1989	
Pseudo-R2	 0.159	 0.168	 0.172	 0.168	 0.170	 0.173	
AIC	 2665.7	 2646.5	 2637.9	 2647.0	 2643.1	 2637.3	
BIC	 3969.4	 3961.4	 3958.5	 3967.5	 3963.6	 3969.0	
Standard	errors	are	clustered	by	region	and	period.	*	p	<	0.1,	**	p	<	0.05,	***	p	<	0.01	
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Table S13. Logistic regression model explaining exits, accounting for period- and location-fixed effects 

	 Dependent	Variable:	#()%!",%	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	
"!",%01
!((! 	 	 -0.520***	 -0.464***	 -0.520***	 -0.521***	 -0.460***	

	 	 (0.034)	 (0.033)	 (0.041)	 (0.034)	 (0.042)	
"!",%01
,(! 	 	 0.060	 0.053	 0.052	 0.060	 0.042	

	 	 (0.182)	 (0.185)	 (0.191)	 (0.182)	 (0.195)	
!!",%01!((! 	 	 	 -0.016***	 	 	 -0.017***	
	 	 	 (0.006)	 	 	 (0.006)	
!!",%01,(! 	 	 	 	 0.007	 	 0.010	
	 	 	 	 (0.012)	 	 (0.012)	
!!",%01#!$%&'	 	 	 	 	 0.003	 -0.002	
	 	 	 	 	 (0.006)	 (0.007)	
+),-&.)%'!,%01	 -0.036	 -0.037	 -0.031	 -0.047	 -0.042	 -0.041	
	 (0.027)	 (0.028)	 (0.027)	 (0.039)	 (0.029)	 (0.030)	
/0)1/)%'",%01	 -0.020***	 -0.019***	 -0.018***	 -0.019***	 -0.019***	 -0.019***	
	 (0.005)	 (0.005)	 (0.005)	 (0.005)	 (0.005)	 (0.005)	
2!",%01/ 	 1.277	 1.305	 1.317	 1.384	 1.332	 1.404	
	 (0.891)	 (0.956)	 (1.007)	 (0.923)	 (0.976)	 (1.009)	
2!",%01. 	 0.027	 0.032	 0.031	 0.033	 0.032	 0.033	
	 (0.045)	 (0.049)	 (0.049)	 (0.047)	 (0.049)	 (0.048)	
Pgh!",%01	 -0.012**	 -0.011*	 -0.015***	 -0.010*	 -0.011	 -0.014**	
	 (0.005)	 (0.006)	 (0.005)	 (0.006)	 (0.007)	 (0.006)	
log	(STS!,%)	 -0.316	 -0.284	 -0.196	 -0.308	 -0.291	 -0.221	
	 (0.257)	 (0.251)	 (0.249)	 (0.252)	 (0.256)	 (0.254)	
FE:	period	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	region	 Y	 Y	 Y	 Y	 Y	 Y	
Observations	 2023	 2023	 2023	 2023	 2023	 2023	
Pseudo-R2	 0.102	 0.111	 0.113	 0.111	 0.111	 0.114	
AIC	 2677.9	 2659.0	 2655.1	 2660.1	 2661.0	 2657.5	
BIC	 3458.0	 3450.4	 3452.0	 3457.1	 3457.9	 3465.7	
Standard	errors	are	clustered	by	region	and	period.	*	p	<	0.1,	**	p	<	0.05,	***	p	<	0.01	

 

Table S14. Logistic regression model explaining exits, accounting for period-fixed effects 

	 Dependent	Variable:	#()%!",%	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	
"!",%01
!((! 	 	 -0.549***	 -0.469***	 -0.541***	 -0.550***	 -0.464***	

	 	 (0.043)	 (0.047)	 (0.047)	 (0.042)	 (0.054)	
"!",%01
,(! 	 	 0.159	 0.131	 0.121	 0.158	 0.097	

	 	 (0.181)	 (0.177)	 (0.189)	 (0.184)	 (0.195)	
!!",%01!((! 	 	 	 -0.012***	 	 	 -0.012***	
	 	 	 (0.003)	 	 	 (0.003)	
!!",%01,(! 	 	 	 	 0.011	 	 0.009	
	 	 	 	 (0.008)	 	 (0.009)	
!!",%01#!$%&'	 	 	 	 	 0.011	 0.004	
	 	 	 	 	 (0.008)	 (0.008)	
+),-&.)%'!,%01	 -0.043***	 -0.039***	 -0.024***	 -0.058***	 -0.063***	 -0.051**	
	 (0.006)	 (0.004)	 (0.006)	 (0.017)	 (0.017)	 (0.020)	
/0)1/)%'",%01	 -0.014***	 -0.013***	 -0.013***	 -0.014***	 -0.014***	 -0.014***	
	 (0.003)	 (0.004)	 (0.004)	 (0.003)	 (0.004)	 (0.003)	
2!",%01/ 	 1.035	 1.056	 1.022	 1.188	 1.176	 1.183	
	 (0.782)	 (0.872)	 (0.904)	 (0.802)	 (0.838)	 (0.837)	
2!",%01. 	 -0.013	 -0.006	 -0.001	 -0.006	 -0.005	 -0.001	
	 (0.025)	 (0.025)	 (0.027)	 (0.025)	 (0.025)	 (0.027)	
Pgh!",%01	 -0.007	 -0.008	 -0.010**	 -0.006	 -0.007	 -0.008	
	 (0.006)	 (0.005)	 (0.005)	 (0.005)	 (0.005)	 (0.005)	
log	(STS!,%)	 -0.265***	 -0.247***	 -0.218***	 -0.246***	 -0.241***	 -0.215***	
	 (0.019)	 (0.022)	 (0.031)	 (0.023)	 (0.019)	 (0.031)	
FE:	period	 Y	 Y	 Y	 Y	 Y	 Y	
Observations	 2045	 2045	 2045	 2045	 2045	 2045	
Pseudo-R2	 0.059	 0.070	 0.073	 0.072	 0.071	 0.074	
AIC	 2558.5	 2531.7	 2526.2	 2530.7	 2532.3	 2527.1	
BIC	 2626.0	 2610.5	 2610.6	 2615.1	 2616.6	 2622.7	
Standard	errors	are	clustered	by	region	and	period.	*	p	<	0.1,	**	p	<	0.05,	***	p	<	0.01	
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Table S15. Logistic regression model explaining entries to new activities, interacting measures of spatial 
proximity with period fixed-effects. 

	 Dependent	Variable:	#$%&'!",%	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	
"!",%01
!((!)$*+%'	 	 0.365***	 0.321***	 0.366***	 0.359***	 0.315***	

	 	 (0.083)	 (0.091)	 (0.084)	 (0.087)	 (0.115)	
"!",%01
,(!)$*+%'	 	 -0.022	 -0.061	 -0.019	 -0.025	 -0.052	

	 	 (0.245)	 (0.256)	 (0.270)	 (0.249)	 (0.295)	
!!",%01
!((!)$*+%'	 	 	 0.011**	 	 	 0.012*	

	 	 	 (0.005)	 	 	 (0.006)	
!!",%01
,(!)$*+%'	 	 	 	 -0.002	 	 -0.009	

	 	 	 	 (0.008)	 	 (0.013)	
!!",%01#!$%&'	 	 	 	 	 0.008	 0.013	
	 	 	 	 	 (0.009)	 (0.012)	
+),-&.)%'!,%01	 -0.005	 -0.005	 -0.006	 -0.002	 -0.022	 -0.022	
	 (0.023)	 (0.023)	 (0.024)	 (0.021)	 (0.031)	 (0.030)	
/0)1/)%'",%01	 -0.003	 -0.004	 -0.004	 -0.004	 -0.005	 -0.005	
	 (0.004)	 (0.004)	 (0.005)	 (0.004)	 (0.004)	 (0.004)	
2!",%01/ 	 1.215***	 1.245***	 1.306***	 1.242***	 1.297***	 1.389***	
	 (0.235)	 (0.276)	 (0.351)	 (0.249)	 (0.326)	 (0.368)	
2!",%01. 	 0.133***	 0.131***	 0.124**	 0.132***	 0.125**	 0.118**	
	 (0.047)	 (0.048)	 (0.057)	 (0.050)	 (0.051)	 (0.055)	
Pgh!",%01	 0.612***	 0.575***	 0.590***	 0.574**	 0.582***	 0.599***	
	 (0.158)	 (0.218)	 (0.211)	 (0.229)	 (0.214)	 (0.216)	
log	(STS!,%)	 0.365***	 0.343***	 0.246*	 0.347***	 0.338***	 0.247*	
	 (0.102)	 (0.088)	 (0.146)	 (0.099)	 (0.081)	 (0.135)	
FE:	period	 X	 X	 X	 X	 X	 X	
FE:	region	 X	 X	 X	 X	 X	 X	
FE:	occ.	category	 X	 X	 X	 X	 X	 X	
2!",%01/ 	*	period	 X	 X	 X	 X	 X	 X	
2!",%01. 	*	period	 X	 X	 X	 X	 X	 X	
Observations	 6180	 6180	 6180	 6180	 6180	 6180	
Pseudo-R2	 0.124	 0.126	 0.127	 0.126	 0.127	 0.128	
AIC	 5695.9	 5683.7	 5680.6	 5685.6	 5684.5	 5681.9	
BIC	 6880.2	 6881.4	 6885.1	 6890.1	 6889.0	 6899.9	
Standard	errors	are	clustered	by	region	and	period.	*	p	<	0.1,	**	p	<	0.05,	***	p	<	0.01	
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Table S16. Logistic regression model explaining exits from existing areas of specializations, interacting 
measures of spatial proximity with period fixed-effects. 

	 Dependent	Variable:	#()%!",%	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	
"!",%01
!((!)$*+%'	 	 -0.515***	 -0.470***	 -0.514***	 -0.514***	 -0.464***	

	 	 (0.045)	 (0.065)	 (0.048)	 (0.040)	 (0.069)	
"!",%01
,(!)$*+%'	 	 0.160	 0.150	 0.154	 0.161	 0.141	

	 	 (0.178)	 (0.183)	 (0.184)	 (0.178)	 (0.190)	
!!",%01
!((!)$*+%'	 	 	 -0.016**	 	 	 -0.017**	

	 	 	 (0.008)	 	 	 (0.008)	
!!",%01
,(!)$*+%'	 	 	 	 0.005	 	 0.009	

	 	 	 	 (0.010)	 	 (0.013)	
!!",%01#!$%&'	 	 	 	 	 -0.004	 -0.009	
	 	 	 	 	 (0.006)	 (0.011)	
+),-&.)%'!,%01	 -0.037	 -0.040	 -0.035	 -0.047	 -0.032	 -0.029	
	 (0.045)	 (0.032)	 (0.031)	 (0.039)	 (0.040)	 (0.042)	
/0)1/)%'",%01	 -0.030	 -0.029**	 -0.029**	 -0.029**	 -0.029**	 -0.030**	
	 (0.020)	 (0.013)	 (0.013)	 (0.013)	 (0.013)	 (0.012)	
2!",%01/ 	 0.902	 0.858	 0.924	 0.873	 0.857	 0.953	
	 (2.003)	 (1.590)	 (1.565)	 (1.575)	 (1.598)	 (1.551)	
2!",%01. 	 0.107	 0.120	 0.121	 0.123	 0.120	 0.128	
	 (0.167)	 (0.092)	 (0.089)	 (0.089)	 (0.092)	 (0.084)	
Pgh!",%01	 -0.018	 -0.016***	 -0.020***	 -0.015**	 -0.017**	 -0.019***	
	 (0.019)	 (0.006)	 (0.006)	 (0.006)	 (0.007)	 (0.006)	
log	(STS!,%)	 -0.458	 -0.428	 -0.328	 -0.451	 -0.419	 -0.343	
	 (0.369)	 (0.321)	 (0.315)	 (0.325)	 (0.327)	 (0.329)	
FE:	period	 X	 X	 X	 X	 X	 X	
FE:	region	 X	 X	 X	 X	 X	 X	
FE:	occ.	category	 X	 X	 X	 X	 X	 X	
2!",%01/ 	*	period	 X	 X	 X	 X	 X	 X	
2!",%01. 	*	period	 X	 X	 X	 X	 X	 X	
Observations	 2017	 2017	 2017	 2017	 2017	 2017	
Pseudo-R2	 0.145	 0.154	 0.155	 0.154	 0.154	 0.156	
AIC	 2621.5	 2605.9	 2600.7	 2605.5	 2605.8	 2603.7	
BIC	 3580.7	 3581.9	 3576.8	 3581.5	 3581.8	 3590.9	
Standard	errors	are	clustered	by	region	and	period.	*	p	<	0.1,	**	p	<	0.05,	***	p	<	0.01	

 

3.4.3. Period subsets 
We established in Table S2 that our dataset is unbalanced with respect to the different centuries. 

The majority of famous individuals in our dataset are born in the 19th and 20th century. Hence, 

observations of relatedness densities and entries or exits are also unbalanced. To check the 

robustness of our results, we run the logistic regression models excluding the 20th century. Table 

S17 shows the results explaining entries to new activities, Table S18 for exits of activities. 

These regressions additionally include interaction terms between the variables of interest, 	

,!),#8'
!44! 	and	>!),#8'!44! , and periods to see whether the coefficient changes over time. 

For both entries and exits we find that our main results remain unchanged. That is, ,!),#8'
!44! 	and	

>!),#8'!44!  correlate positively with future entries and negatively with future exits. The results of 

the interaction terms with certain periods, however, provide first evidence that this effect is 

subject to changes over time. Looking at Table S17, we see that the coefficient of ,!),#8'
!44!  is 

significantly higher for entries before the 16th century, while the one for >!),#8'!44!  is essentially 

zero. However, a thorough analysis of this heterogeneity across time requires a more 
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comprehensive dataset. This may provide an interesting avenue for future research, since the 

difference in the coefficients may be connected to the rise of urbanization in Europe. 

Table S17. Logistic regression model explaining entries to new activities, subsample for 11th to 19th century. 

	 Dependent	Variable:	#$%&'!",%	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	 (7)	 (8)	 (9)	
"!",%01
!((! 	 	 0.544***	 0.461***	 	 0.540***	 0.442**	 	 0.537***	 0.440***	

	 	 (0.149)	 (0.161)	 	 (0.165)	 (0.209)	 	 (0.161)	 (0.164)	
"!",%01
,(! 	 	 -0.024	 -0.072	 	 -0.046	 -0.096	 	 -0.120	 -0.167	

	 	 (0.417)	 (0.395)	 	 (0.467)	 (0.417)	 	 (0.523)	 (0.456)	
!!",%01!((! 	 	 	 0.008***	 	 	 0.014*	 	 	 0.014**	
	 	 	 (0.002)	 	 	 (0.009)	 	 	 (0.006)	
!!",%01,(! 	 	 	 0.002	 	 	 -0.010	 	 	 -0.009	
	 	 	 (0.004)	 	 	 (0.008)	 	 	 (0.007)	
!!",%01#!$%&'	 	 	 0.007	 	 	 0.015	 	 	 0.017*	
	 	 	 (0.010)	 	 	 (0.012)	 	 	 (0.010)	
+),-&.)%'!,%01	 0.015	 0.009	 -0.031	 -0.094	 -0.100	 -0.140**	 -0.099	 -0.104	 -0.157***	
	 (0.017)	 (0.020)	 (0.037)	 (0.060)	 (0.062)	 (0.067)	 (0.063)	 (0.066)	 (0.050)	
/0)1/)%'",%01	 0.002	 -0.003	 -0.005	 0.012***	 0.006***	 0.001	 0.013***	 0.006	 0.002	
	 (0.005)	 (0.003)	 (0.003)	 (0.002)	 (0.001)	 (0.005)	 (0.004)	 (0.005)	 (0.004)	
2!",%01/ 	 0.883*	 0.826**	 0.929**	 0.552*	 0.557**	 0.768**	 0.220	 0.256	 0.409	
	 (0.471)	 (0.388)	 (0.392)	 (0.318)	 (0.274)	 (0.390)	 (0.536)	 (0.444)	 (0.441)	
2!",%01. 	 -0.003	 0.005	 -0.002	 -0.025***	 -0.014*	 -0.023*	 -0.009	 0.006	 -0.003	
	 (0.024)	 (0.018)	 (0.016)	 (0.008)	 (0.008)	 (0.014)	 (0.013)	 (0.018)	 (0.023)	
Pgh!",%01	 0.633*	 0.575	 0.563	 0.518	 0.484	 0.530	 0.722	 0.722	 0.749	
	 (0.325)	 (0.461)	 (0.445)	 (0.363)	 (0.531)	 (0.543)	 (0.461)	 (0.653)	 (0.637)	
log	(STS!,%)	 0.033**	 0.014	 -0.020	 0.432*	 0.417	 0.221	 0.416*	 0.385	 0.205	
	 (0.014)	 (0.011)	 (0.014)	 (0.250)	 (0.259)	 (0.304)	 (0.229)	 (0.238)	 (0.251)	
"!",%01
!((! (0-jT&-	16%&	k-$%/&')	 	 1.937***	 2.149***	 	 1.887***	 1.684***	 	 1.963***	 1.939*	

	 	 (0.310)	 (0.424)	 	 (0.491)	 (0.582)	 	 (0.711)	 (1.053)	
!!",%01!((! (0-jT&-	16%&	k-$%/&')	 	 	 -0.014**	 	 	 -0.011	 	 	 -0.015**	
	 	 	 (0.006)	 	 	 (0.013)	 	 	 (0.007)	
FE:	period	 Y	 Y	 Y	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	region	 	 	 	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	occu.	category	 	 	 	 	 	 	 Y	 Y	 Y	
Observations	 1397	 1397	 1397	 1386	 1386	 1386	 1386	 1386	 1386	
Pseudo-R2	 0.017	 0.029	 0.032	 0.046	 0.057	 0.062	 0.066	 0.077	 0.083	
AIC	 1728.8	 1718.8	 1728.5	 1776.5	 1769.2	 1774.0	 1775.6	 1768.7	 1773.1	
BIC	 1786.4	 1808.0	 1854.3	 2111.5	 2135.6	 2177.0	 2199.5	 2224.1	 2265.1	
Standard	errors	are	clustered	by	region	and	period.	*	p	<	0.1,	**	p	<	0.05,	***	p	<	0.01	
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Table S18. Logistic regression model explaining exits of activities, subsample for 11th to 19th century. 

	 Dependent	Variable:	QR-/#$,&	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	 (7)	 (8)	 (9)	
"!",%01
!((! 	 	 -0.492***	 -0.329***	 	 -0.538***	 -0.357***	 	 -0.518***	 -0.380***	

	 	 (0.061)	 (0.072)	 	 (0.086)	 (0.102)	 	 (0.096)	 (0.110)	
"!",%01
,(! 	 	 -0.169	 -0.211	 	 -0.199	 -0.208	 	 -0.096	 -0.127	

	 	 (0.205)	 (0.257)	 	 (0.208)	 (0.234)	 	 (0.226)	 (0.268)	
!!",%01!((! 	 	 	 -0.027***	 	 	 -0.047***	 	 	 -0.047***	
	 	 	 (0.002)	 	 	 (0.009)	 	 	 (0.010)	
!!",%01,(! 	 	 	 0.010	 	 	 0.010	 	 	 0.010	
	 	 	 (0.014)	 	 	 (0.022)	 	 	 (0.022)	
!!",%01#!$%&'	 	 	 -0.020**	 	 	 -0.029*	 	 	 -0.028	
	 	 	 (0.008)	 	 	 (0.015)	 	 	 (0.017)	
+),-&.)%'!,%01	 0.021	 0.016	 0.096***	 0.219*	 0.213	 0.436***	 0.199	 0.193	 0.410***	
	 (0.015)	 (0.015)	 (0.026)	 (0.127)	 (0.139)	 (0.091)	 (0.122)	 (0.129)	 (0.086)	
/0)1/)%'",%01	 -0.005	 0.004	 0.006	 -0.002	 0.007	 0.018	 -0.001	 0.008	 0.016	
	 (0.007)	 (0.008)	 (0.007)	 (0.014)	 (0.015)	 (0.013)	 (0.030)	 (0.033)	 (0.030)	
2!",%01/ 	 1.115***	 0.868*	 0.782*	 0.978	 0.718	 0.300	 0.924	 0.718	 0.360	
	 (0.355)	 (0.487)	 (0.463)	 (1.253)	 (1.312)	 (1.271)	 (1.718)	 (1.746)	 (1.618)	
2!",%01. 	 -0.022	 -0.025	 -0.021	 -0.046*	 -0.049**	 -0.059**	 -0.042	 -0.045	 -0.052	
	 (0.038)	 (0.038)	 (0.040)	 (0.026)	 (0.021)	 (0.026)	 (0.060)	 (0.056)	 (0.054)	
Pgh!",%01	 0.008	 0.009	 -0.001	 -0.001	 0.006	 -0.007	 -0.007	 0.000	 -0.013	
	 (0.032)	 (0.027)	 (0.025)	 (0.029)	 (0.030)	 (0.035)	 (0.018)	 (0.025)	 (0.034)	
log	(STS!,%)	 -0.220***	 -0.199***	 -0.116***	 -1.556**	 -1.497**	 -1.691**	 -1.583***	 -1.506**	 -1.709***	
	 (0.038)	 (0.047)	 (0.030)	 (0.666)	 (0.748)	 (0.772)	 (0.552)	 (0.625)	 (0.586)	
"!",%01
!((! (0-jT&-	19%&	k-$%/&')	 	 -0.208	 -0.298	 	 -0.039	 -0.254	 	 -0.017	 -0.220	

	 	 (0.347)	 (0.366)	 	 (0.504)	 (0.396)	 	 (0.581)	 (0.470)	
!!",%01!((! (0-jT&-	19%&	k-$%/&')	 	 	 -0.298	 	 	 -0.254	 	 	 -0.220	
	 	 	 (0.366)	 	 	 (0.396)	 	 	 (0.470)	
FE:	period	 Y	 Y	 Y	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	region	 	 	 	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	occu.	category	 	 	 	 	 	 	 Y	 Y	 Y	
Observations	 556	 556	 556	 556	 556	 556	 550	 550	 550	
Pseudo-R2	 0.012	 0.026	 0.037	 0.076	 0.087	 0.105	 0.097	 0.106	 0.121	
AIC	 783.6	 778.7	 778.2	 842.2	 839.5	 833.7	 848.4	 847.7	 844.1	
BIC	 831.1	 839.2	 856.0	 1123.1	 1133.3	 1144.8	 1193.2	 1205.4	 1219.1	
Standard	errors	are	clustered	by	region	and	period.	*	p	<	0.1,	**	p	<	0.05,	***	p	<	0.01	
	

 

3.4.4. Redefining entries and exits 
In the main results, we define entries based on births in a location in the coming century. That 

is, PQ58R!),# = 1 if ,!),#8'
0!1#2/ = 0 and ,!),#

0!1#2/ = 1 (see Eq. S2). Similarly, we defined PT05!),# =
1 if ,!),#8'

0!1#2/ = 1 and ,!),#
0!1#2/ = 0 

To check the robustness of our results, we apply a different definition of entries exits. Instead 

of defining the entry to a new activity by developing a new specialization, we can define entry 

as a location exhibiting births of famous individuals with a certain occupation for the first time. 

Specifically, let us refer to this definition of entry as PQ58R2!),# and let it be defined as 

PQ58R2!),# = 1 if !!),#8'0!1#2/ = 0 and !!),#0!1#2/ > 0. Similarly, we can define exits as PT052!),# =
1 if !!),#8'0!1#2/ > 0 and !!),#0!1#2/ = 0. 

Table S19 shows the results of the logistic regression model for this definition of entry, for 

different specifications of fixed effects. As can be seen, the results are robust, that is,	,!),#8'
!44! 	

and >!),#8'!44!  correlate positively with future entries. The same holds for redefining exits as last 

births of famous individuals with a certain activity (Table S20). 
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Table S19. Regression results explaining entries to new activities, redefining entries as first births of famous 
individuals with occupation k in location i 

																																																			Dependent	Variable:	#$%&'2!",%	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	 (7)	 (8)	 (9)	
"!",%01
!((! 	 	 0.463***	 0.268**	 	 0.372*	 0.271**	 	 0.419***	 0.308***	

	 	 (0.167)	 (0.125)	 	 (0.196)	 (0.125)	 	 (0.160)	 (0.099)	
!!",%01!((! 	 	 	 0.021***	 	 	 0.021***	 	 	 0.024***	
	 	 	 (0.004)	 	 	 (0.006)	 	 	 (0.004)	
!!",%01,(! 	 	 	 0.015***	 	 	 0.006	 	 	 0.004	
	 	 	 (0.002)	 	 	 (0.007)	 	 	 (0.007)	
!!",%01#!$%&'	 	 	 -0.009	 	 	 0.002	 	 	 0.000	
	 	 	 (0.008)	 	 	 (0.006)	 	 	 (0.006)	
+),-&.)%'!,%01	 0.045***	 0.039***	 0.005	 -0.053**	 -0.054**	 -0.077**	 -0.042*	 -0.043**	 -0.059	
	 (0.008)	 (0.007)	 (0.023)	 (0.022)	 (0.022)	 (0.035)	 (0.022)	 (0.022)	 (0.036)	
/0)1/)%'",%01	 0.005	 0.005	 0.003	 0.006	 0.005	 0.004	 0.002	 0.001	 0.000	
	 (0.005)	 (0.004)	 (0.004)	 (0.007)	 (0.006)	 (0.006)	 (0.006)	 (0.006)	 (0.006)	
2!",%01/ 	 2.054***	 1.994***	 2.175***	 2.332***	 2.261***	 2.320***	 2.816**	 2.749**	 2.830**	
	 (0.540)	 (0.501)	 (0.410)	 (0.544)	 (0.507)	 (0.395)	 (1.216)	 (1.183)	 (1.109)	
2!",%01. 	 0.058	 0.058	 0.047	 0.057	 0.056	 0.041	 0.094**	 0.092**	 0.075**	
	 (0.048)	 (0.047)	 (0.043)	 (0.068)	 (0.068)	 (0.067)	 (0.038)	 (0.037)	 (0.036)	
log	(STS!,%)	 0.331***	 0.322***	 0.279***	 0.438**	 0.411**	 0.197	 0.510**	 0.479**	 0.237	
	 (0.040)	 (0.046)	 (0.069)	 (0.208)	 (0.198)	 (0.166)	 (0.225)	 (0.215)	 (0.199)	
FE:	period	 Y	 Y	 Y	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	region	 	 	 	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	occu.	category	 	 	 	 	 	 	 Y	 Y	 Y	
Observations	 5569	 5569	 5569	 5539	 5539	 5539	 5539	 5539	 5539	
Pseudo-R2	 0.106	 0.110	 0.118	 0.142	 0.144	 0.147	 0.224	 0.226	 0.230	
AIC	 5272.2	 5250.2	 5212.6	 5309.1	 5297.2	 5284.5	 4875.6	 4861.8	 4848.2	
BIC	 5345.0	 5329.7	 5311.9	 6235.8	 6230.6	 6237.7	 5961.2	 5954.0	 5960.3	
Standard	errors	are	clustered	by	period	and	region.	*	p	<	0.1,	**	p	<	0.05,	***	p	<	0.01	
 

Table S20. Regression results explaining exits to new activities, redefining exits as last births of famous 
individuals with occupation k in location i 

Dependent	Variable:	#()%2!",%	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	 (7)	 (8)	 (9)	
"!",%01
!((! 	 	 -0.447***	 -0.360***	 	 -0.435***	 -0.379***	 	 -0.474***	 -0.412***	

	 	 (0.077)	 (0.061)	 	 (0.088)	 (0.066)	 	 (0.092)	 (0.087)	
"!",%01
,(! 	 	 0.257*	 0.217	 	 0.144	 0.148	 	 0.085	 0.084	

	 	 (0.134)	 (0.136)	 	 (0.118)	 (0.122)	 	 (0.185)	 (0.187)	
!!",%01!((! 	 	 	 -0.017***	 	 	 -0.027***	 	 	 -0.025***	
	 	 	 (0.007)	 	 	 (0.010)	 	 	 (0.006)	
!!",%01,(! 	 	 	 0.010	 	 	 0.015*	 	 	 0.012*	
	 	 	 (0.008)	 	 	 (0.008)	 	 	 (0.006)	
!!",%01#!$%&'	 	 	 0.007	 	 	 -0.016**	 	 	 -0.019***	
	 	 	 (0.010)	 	 	 (0.007)	 	 	 (0.007)	
+),-&.)%'!,%01	 -0.058***	 -0.053***	 -0.067*	 0.037	 0.040	 0.070**	 0.039	 0.042	 0.080**	
	 (0.008)	 (0.006)	 (0.039)	 (0.032)	 (0.032)	 (0.030)	 (0.034)	 (0.035)	 (0.033)	
/0)1/)%'",%01	 -0.015***	 -0.013***	 -0.015***	 -0.021***	 -0.020***	 -0.019***	 -0.032***	 -0.031***	 -0.030***	
	 (0.002)	 (0.002)	 (0.003)	 (0.006)	 (0.006)	 (0.006)	 (0.009)	 (0.009)	 (0.008)	
2!",%01/ 	 -1.999***	 -1.998***	 -1.868***	 -2.402***	 -2.440**	 -2.431**	 -1.446**	 -1.414**	 -1.404**	
	 (0.445)	 (0.492)	 (0.585)	 (0.924)	 (0.960)	 (1.019)	 (0.686)	 (0.638)	 (0.594)	
2!",%01. 	 0.029	 0.032	 0.041	 0.097*	 0.101*	 0.111**	 0.079	 0.084	 0.089	
	 (0.041)	 (0.040)	 (0.040)	 (0.059)	 (0.057)	 (0.056)	 (0.072)	 (0.071)	 (0.070)	
log	(STS!,%)	 0.006	 0.001	 -0.002	 0.002	 0.001	 -0.004	 -0.012	 -0.011	 -0.017	
	 (0.016)	 (0.014)	 (0.009)	 (0.014)	 (0.013)	 (0.009)	 (0.019)	 (0.020)	 (0.017)	
FE:	period	 Y	 Y	 Y	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	region	 	 	 	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	occu.	category	 	 	 	 	 	 	 Y	 Y	 Y	
Observations	 2656	 2656	 2656	 2656	 2656	 2656	 2628	 2628	 2628	
Pseudo-R2	 0.154	 0.162	 0.168	 0.214	 0.220	 0.225	 0.308	 0.314	 0.317	
AIC	 3132.2	 3106.9	 3089.2	 3169.1	 3152.5	 3141.4	 2842.9	 2827.8	 2820.3	
BIC	 3202.8	 3189.2	 3189.2	 4004.7	 3999.9	 4006.4	 3806.2	 3802.9	 3813.0	
Standard	errors	are	clustered	by	period	and	region.	*	p	<	0.1,	**	p	<	0.05,	***	p	<	0.01	
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3.4.5. Interaction terms 
Following the literature on the role of migration in unrelated diversification (9–11), we add 

interaction terms between various relatedness densities to the main specification of column 6 

of Table S4. For example, a significantly negative interaction term between >!)!44! and >!)0!1#2/ 
would indicate that the related knowledge of immigrants and those of individuals born in a 

location are substitutes to each other. Put differently, if >!)0!1#2/ is high, the correlation of >!)!44! 
with the probability of entry decreases. As Table S21 shows, the interaction term between 

>!)!44! and >!)0!1#2/ is indeed significantly negative across all fixed-effects specifications. 

However, quantitatively, the coefficient is very small compared to the overall coefficient 

>!)!44!. Thus, we cannot conclude that migration contributes substantially to unrelated 

diversification. 

Table S21. Regression results explaining entries to new activities, including interaction terms 

	 Dependent	Variable:	#$%&'!",%	
		 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	 (7)	 (8)	 (9)	
"!",%01
!((! 	 0.320***	 0.319***	 0.319***	 0.317***	 0.316***	 0.316***	 0.330***	 0.329***	 0.330***	

	 (0.077)	 (0.077)	 (0.076)	 (0.074)	 (0.074)	 (0.075)	 (0.064)	 (0.063)	 (0.066)	
"!",%01
,(! 	 0.155	 0.137	 0.118	 0.186	 0.168	 0.152	 -0.012	 -0.024	 -0.035	

	 (0.163)	 (0.164)	 (0.164)	 (0.210)	 (0.204)	 (0.212)	 (0.222)	 (0.224)	 (0.228)	
!!",%01!((! 	 0.021***	 0.030***	 0.011***	 0.025***	 0.045***	 0.010***	 0.024***	 0.045***	 0.011***	
	 (0.003)	 (0.005)	 (0.003)	 (0.008)	 (0.010)	 (0.003)	 (0.007)	 (0.010)	 (0.003)	
!!",%01,(! 	 0.013***	 0.001	 0.015	 0.009	 -0.012***	 0.007	 0.007*	 -0.012***	 0.003	
	 (0.005)	 (0.004)	 (0.009)	 (0.007)	 (0.004)	 (0.014)	 (0.003)	 (0.005)	 (0.009)	
!!",%01#!$%&'	 0.003	 0.024***	 0.019	 0.011	 0.050***	 0.029	 0.009	 0.047***	 0.023*	
	 (0.005)	 (0.004)	 (0.012)	 (0.007)	 (0.013)	 (0.020)	 (0.006)	 (0.010)	 (0.012)	

!!",%01!((! ∗ !!",%01,(! 	 -0.000***	 	 	 -0.000*	 	 	 -0.000**	 	 	

	 (0.000)	 	 	 (0.000)	 	 	 (0.000)	 	 	
!!",%01!((! ∗ !!",%01#!$%&'	 	 -0.001***	 	 	 -0.001***	 	 	 -0.001***	 	
	 	 (0.000)	 	 	 (0.000)	 	 	 (0.000)	 	
!!",%01,(! ∗ !!",%01#!$%&'	 	 	 0.000	 	 	 0.000	 	 	 0.000	
	 	 	 (0.000)	 	 	 (0.000)	 	 	 (0.000)	
+),-&.)%'!,%01	 0.008	 0.004	 0.003	 -0.030	 -0.025	 -0.032	 -0.022	 -0.017	 -0.024	
	 (0.013)	 (0.012)	 (0.018)	 (0.021)	 (0.024)	 (0.022)	 (0.022)	 (0.025)	 (0.022)	
/0)1/)%'",%01	 0.006**	 0.006**	 0.007**	 0.008**	 0.007**	 0.008**	 0.006***	 0.006***	 0.007***	
	 (0.003)	 (0.003)	 (0.003)	 (0.004)	 (0.004)	 (0.004)	 (0.001)	 (0.001)	 (0.001)	
2!",%01/ 	 0.232	 0.163	 0.096	 0.302	 0.226***	 0.163***	 0.621***	 0.545***	 0.514***	
	 (0.340)	 (0.292)	 (0.220)	 (0.193)	 (0.086)	 (0.054)	 (0.146)	 (0.053)	 (0.146)	
2!",%01. 	 0.026	 0.027	 0.028	 0.013	 0.012	 0.016	 0.016	 0.015	 0.018	
	 (0.033)	 (0.033)	 (0.032)	 (0.041)	 (0.040)	 (0.041)	 (0.024)	 (0.023)	 (0.024)	
Pgh!",%01	 0.255*	 0.288*	 0.275*	 0.222	 0.259	 0.234	 0.531***	 0.557***	 0.530***	
	 (0.152)	 (0.155)	 (0.147)	 (0.169)	 (0.169)	 (0.170)	 (0.185)	 (0.188)	 (0.184)	
log	(STS!,%)	 0.138*	 0.144**	 0.143*	 0.249***	 0.222***	 0.265***	 0.242***	 0.218**	 0.255***	
	 (0.072)	 (0.070)	 (0.078)	 (0.068)	 (0.081)	 (0.079)	 (0.081)	 (0.089)	 (0.087)	
FE:	period	 Y	 Y	 Y	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	region	 	 	 	 Y	 Y	 Y	 Y	 Y	 Y	
FE:	occu.	category	 	 	 	 	 	 	 Y	 Y	 Y	
Observations	 6180	 6180	 6180	 6180	 6180	 6180	 6180	 6180	 6180	
Pseudo-R2	 0.076	 0.077	 0.076	 0.097	 0.099	 0.097	 0.125	 0.127	 0.125	
AIC	 5671.9	 5666.3	 5670.7	 5802.4	 5789.8	 5802.3	 5678.6	 5666.8	 5679.5	
BIC	 5793.0	 5787.5	 5791.8	 6798.3	 6785.7	 6798.2	 6836.0	 6824.2	 6836.9	
Standard	errors	are	clustered	by	period	and	region.	*	p	<	0.1,	**	p	<	0.05,	***	p	<	0.01	
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