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Many Names, Many Gains?

How Local Diversity in Germany Affects Innovation
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Abstract

Meeting others with different backgrounds brings up new ideas. This paper shows that

this not only matters for a background in heterogeneous industries or nationalities, but that

regional differences matter too. Regions within a country vary in their traditions and culture.

Cultural homogeneity within regions becomes mixed due to internal migration, which, like

international migration, increases the diversity of a place. In a novel approach, I look at

diversity in German municipalities, measured by different family names, and investigate its

effect on the number of generated patents. I use a unique dataset from a 1996 phonebook and

casualty lists from WWI. There is a positive association between innovation and diversity

when defined by the share of new names, a deconcentration measure, or a Shannon index.

Causality is established by using instrumental variables estimations with historical borders.

I show that intra-country diversity affects patenting positively and conclude that regional

differences matter for economic outcomes.
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1 Introduction

Family names tell a story about an individual's background. �Foreign� names point to a
family history of immigration, more recently or long ago. �Domestic� names give indica-
tions, too, about where a family originates because many names are speci�c to a region.
When individuals or families move, they also bring their names to a new place. Thus,
earlier migration is re�ected in the composition of family names. Migration itself is an
important determinant of diversity because it increases the cultural heterogeneity of a
place if migrants keep (parts of) their culture. This is illustrated vividly by the exam-
ple of international migration. Earlier research has shown that diversity, measured by
industry heterogeneity or on an inter-country level by di�erent nationalities, positively
a�ects the innovativeness and productivity of an economy. This is most likely connected
to complementary skills and knowledge (Ottaviano and Peri, 2006). However, cultural
disparities arise within a country as well. Usually, they stem from the regions' di�erent
histories and traditions, but are also linked to the natural environment, the economy,
and the di�erent upbringings of families, including professional specializations. These
di�erences might also lead to other knowledge, skills, and abilities; most likely on a
smaller scale than in the international comparison.

This paper asks whether these di�erences between regions within a country are
relevant to advancing innovativeness. To shed light on this issue, I employ a dataset on
the distribution of family names in Germany to account for local diversity and examine
the relationship with patents per employee in the municipality associations.

The distribution of family names proxies for family distribution (in the male line) in
Germany quite well. This is due to the legal situation until 1976, which determined that
the husband's name was the family name. The legal circumstances changed; however,
a large majority of couples still choose the husband's family name when they marry 1.
How families historically spread across Germany is therefore re�ected by their names
in a phone book, which I use to account for diversity. A drawback of using a phone
book to measure diversity stems from having common names that originated at di�erent
locations and thus do not necessarily relate to a geographical distribution of the name
(compare e.g. �Smith� or �Müller�). Still, many names are unique or predominant in a
speci�c region and can account for movements of families. I use this insight and a data
set containing all 1996 phone book entries to determine where the diversity of family
names in Germany is high or low.

The literature suggests that �interactions between diverse people [. . . ] increase eco-
nomic performance� (Möhlmann and Bakens, 2015, p. 235). This is based on the idea of
Jacobs' externalities � spillovers from �rm and sector diversity (Jacobs, 1969; proven by
Glaeser et al., 1992; Henderson, 1997) and also holds for cultural diversity. Ottaviano
and Peri (2006) provide evidence by showing that native workers have higher wages and
rents in places where the share of foreign-born people is higher. Focusing on Germany,
Niebuhr (2010) looks at a cross-section of German regions to study the e�ect of the
cultural diversity of the labor force on patent applications. She con�rms that a positive
spillover e�ect outweighs the costs of diversity. However, most studies focus on the
impact of cultural diversity measured solely by nationalities.

I add to the literature by looking at whether diversity from intra-country di�erences,

1Only 3% decided in favor of the wife's name, whereas 80% opted for the husband's name in 1996,
and 17% kept their individual family names. (Rosar, 2020)
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proxied by family names, a�ects economic performance. Posch et al. (2023) regard in-
novation in the USA and measure cultural diversity by family names, too. They show in
an IV-Setting that higher diversity a�ects patenting positively, both in terms of quantity
and quality, and at a regional or individual level. The proven mechanism behind this
builds on individuals having di�erent knowledge and being willing to interact. Because
Posch et al. (2023) study diversity in an immigrant country, the historical USA, their
family name measure also captures di�erences in the ancestral country. I add to their
contribution by solely accounting for regional di�erences among the native population
by restricting my sample to family names present in 1890 in Germany. I estimate the
e�ect of local diversity at the level of municipality associations, measured by family
names, on innovativeness, measured by patents. A higher number of family names is
expected to be connected to a more dynamic composition of the municipality associ-
ations throughout history, thus resulting in a higher diversity. With this, I build on
a reasoning analogous to the international case: that relocation of people induces cul-
tural diversity (Bakens et al., 2015) because culture varies over space and even minor
alterations, such as within Germany, could shape people di�erently. From these di�er-
ent interacting backgrounds, innovation is expected to arise via complementary skills,
knowledge, and abilities, as well as better interactive problem-solving. Additionally,
�rms in a more diverse environment can choose the most capable employees from a
larger pool, which might also increase innovativeness.

I �nd that local diversity a�ects innovation positively when de�ned by the share of
new names that were not present in 1890, a deconcentration measure, or a Shannon
index. Causality is established by using the historical borders as an instrument. Using
di�erent estimation speci�cations, adding more controls, and controlling for geographi-
cal spillovers shows that my �ndings are robust.

The following section provides an overview of the existing work regarding how cul-
tural diversity, measured at the inter-country level, a�ects economic performance. I
then explain the empirical method by commenting on the theoretical model, the mea-
sures of diversity, and the data. Next, I describe my estimation, �ndings, and how I
tackle the endogeneity issue. For the latter, I employ historical, political borders as
instruments for diversity. Lastly, I perform some robustness checks before concluding.

2 Literature Review

According to Jacobs (1969), diversity helps generate new knowledge and advance pro-
ductivity by bringing together di�erent expertise and exchanging ideas. Originally, di-
versity is thought of as di�erences between �rms and sectors. This theory is con�rmed
by the work of Glaeser et al. (1992), who show that it is rather spillovers from diversity
than externalities from competition and specialization within an industry that advance
innovation in agglomerations. They compare cities' industry diversity and growth in the
USA between 1956 and 1987. Likewise, Henderson (1997) shows for the US-American
urban counties between 1977 and 1987 that diversity externalities between industries
have a more sustained e�ect on employment and seem dynamic.

Jacobs' theory also translated to a cultural de�nition of diversity: Culture deter-
mines how we live together and is de�ned as the features that are relatively homogeneous
within groups, but vary between them. These include a common value system, historical
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traditions, religion, and lifestyles (Bakens et al., 2015). Cultural groups are often de-
limited by geography. Thus, the spatial distribution of people correlates with cultural
dispersion to some extent. However, this relationship is not set in stone. Migration
mixes this up and increases cultural diversity; when people relocate and retain (aspects
of) their original culture (Bakens et al., 2015). This happens both on an inter- and
intra-country level. The resulting cultural diversity can positively or negatively a�ect
innovation and productivity. While heterogeneous workers might have to deal with, e.g.,
communication barriers, they can also exchange ideas from their di�erent backgrounds,
generate knowledge, and improve productivity.

Ottaviano and Peri (2006) provide evidence for a positive e�ect of cultural diversity
on productivity by showing that native workers have higher wages and rents in places
where the share of foreign-born people is higher. They expect this to be due to the com-
plementarity of skills between workers. They study 160 metropolitan areas in the USA
between 1970 and 1990 and distinguish between places of birth for cultural diversity.
With an IV method, they aim to solve the endogeneity that migrants tend to go where
industries and cities boom. They use each city's predicted change in national groups
as an instrument, relying on the observation that nationalities tend to �ock together.
Looking at a more recent period, Cooke and Kemeny (2017) con�rm that birthplace di-
versity is responsible for productivity improvements in the USA between 1991 and 2008.
They also show that more complex problem-solving is enriched by diversity. Bellini et al.
(2013) follow Ottaviano and Peri in their approach and regard how diversity, de�ned by
country of birth, a�ects productivity in the NUTS3 regions of 12 European countries.
They con�rm a positive correlation and �nd further evidence for causation, too. Posch
et al. (2023) �nd a positive e�ect of cultural diversity on innovation as well, both in
terms of quantity and quality, and at a regional or individual level. They measure diver-
sity by using family names, which in their setting in the USA also includes di�erences
in nationalities from immigration. Möhlmann and Bakens (2015) investigate the same
relationship with a two-step method. For Dutch �rms, they �rst estimate total factor
productivity by measuring the deviation from sector productivity. In a second step,
they investigate whether more diverse �rms in terms of the ethnicity of their employees
are more productive. Their results show that a higher share of foreigners in a �rm hurts
productivity. Diversity among these employees, however, is positively correlated with
�rm performance. The e�ect disappears when �rm �xed e�ects are included. Ozgen
et al. (2014) also look at �rm-level data from the Netherlands and Germany. They es-
tablish a connection between (the parental) place of birth of employees and the number
of new products in a �rm. Their results suggest a modest positive in�uence of cultural
diversity on innovativeness. They also extensively subsume evidence from other studies
in Europe, North America, and New Zealand. Here, they emphasize cultural diversity's
positive potential (productivity and innovation) and adverse e�ects (communication
barriers).

Regarding employers more closely, Nathan and Lee (2013) study 7600 �rms in Lon-
don and compare their cultural diversity with innovation, entrepreneurship, and where
sales are directed. They rely on �rm microdata to de�ne diversity as whether owners
and partners are migrants or non-(white-)British. In their regression, the authors �nd
a small but signi�cant diversity bonus: Higher diversity makes �rms more innovative,
they are better at reaching out to international markets, and migrants are more likely to
be entrepreneurs. Evidence for spillovers from cultural diversity is also found in papers
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dealing with business management (Roberge and van Dick, 2010; Van Beers and Zand,
2014).

Focusing on Germany, Niebuhr (2010) estimated a cross-section of German regions
to prove the e�ect of cultural diversity of the labor force on patent applications. She
con�rms that a positive spillover e�ect outweighs the costs of diversity. Concerning the
endogeneity problem, she argues that migration is often motivated by earlier migration
from the same origin and thus uses the latitude of the region center and lagged diversity
of neighboring regions as instruments in an IV regression. Brunow and Stockinger (2015)
also con�rm the e�ect of cultural diversity on innovation at the �rm level in Germany.
They account for diversity by di�erent nationalities while their dependent variables
re�ect di�erent innovation outcomes (e.g., improvement or introduction of products).

Recent literature looks at the channel of spillovers and suggests that it is skill (Doc-
quier et al., 2020) and knowledge complementarity (Buchholz, 2021; Bernstein et al.,
2022). Docquier et al. (2020) use panel data from the US from 1960 to 2010 and
show that gains in diversity are more signi�cant from highly-skilled immigrants. More-
over, they show that the impact is largest when immigrants come from countries that
are either economically or culturally distant. Their evidence also points to skill com-
plementarity being responsible for these outcomes. Buchholz (2021) investigates the
mechanism of diversity spillovers by looking at US Metropolitan Statistical Areas with
pseudo panels of workers and �xed e�ects regressions. He �nds that it is both an e�ect
of �interactive problem solving� and an �exposure� e�ect. The �rst refers to people
pooling their knowledge as part of problem-solving, while the latter refers to becoming
more productive by learning from others. Bernstein et al. (2022) look at immigrants in
the US and their patenting activity employing their social security number. They �nd
that 16% of inventors are immigrants and are responsible for an even larger number of
patents. Using premature death as an instrument, they show that knowledge spillovers
from immigrants to natives are greater than between natives.

I examine whether a positive relationship between diversity and innovation exists
at the municipal level in Germany. In contrast with existing work, I proxy for (intra-
country) diversity by family names and their dispersion over time. A greater number
of family names is expected to be connected to a more dynamic place. In this, I
build on the reasoning that relocation of people promotes cultural diversity because
culture varies over space and minor deviations, such as within Germany, shape people
di�erently.2 They stem from the di�erent upbringings of families, di�ering natural
environments and economic factors, and traditions in di�erent (historical) regions of
Germany. They result in di�erent mindsets and potentially in di�erent abilities and
skills. These di�erences are expected to give rise to innovation, e.g., by a collaboration
of people with di�erent mindsets to solve a problem together, or by people with di�erent
backgrounds sharing ideas.3

In the next section, I turn to the empirical method.

2Analogous to di�erences between countries, di�erences between regions can be smaller or greater
but cannot be neglected for the case of Germany (compare e.g. Falck et al., 2012 or Kremer, 2022)

3Ciccone and Nimczik (2022) �nd that a higher share of expellees in Baden-Wuerttemberg led to a
higher number of patents, also assuming knowledge spillovers drive this outcome.
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3 Method

Model

To account for potential costs and advantages of diversity for innovativeness, I rely
on the model of Niebuhr (2010). It expects excessive di�erences to hinder exchange
(e.g., via language barriers, however, misunderstandings are also possible with the same
mother tongue) and thus innovation. On the other hand, advantages could arise from
diversity via two channels: Firstly, if more diverse people meet, interactions are expected
to be more productive and generate new knowledge. Secondly, with a larger pool of
more diverse people, �rms can choose the most capable employees, who then create
more innovation.

Yi = [1− τ(divi)]
α

n
∑

o=1

(Loi)
α

The e�ect of cultural diversity augments the common production function in place
i. Diversity div from culturally di�erent origins (names), noted by o, increases output
for a �xed number of workers and is de�ned as divi =

∑

n

o=1
(Loi/Li)

α. With α ∈ (0, 1),
diversity increases (for a �xed n and Li) if large groups get smaller and therefore groups
are more evenly distributed. The costs of di�erences (τ), e.g., communication barriers,
are an increasing function of diversity div and thus reduce the advantages of it, modeled
by e�ectively limiting the number of inputs.

The elasticity of substitution between di�erent origins (re�ected by names) is σ =

1/(1− α).
Whether advantages or disadvantages of cultural diversity prevail depends on this

elasticity of substitution and the costs of diversity, as can be seen when looking at the
marginal e�ect of diversity:

δYi
δdivi

= Lα

i

[

[1− τ(divi)]
α
− α[1− τ(divi)]

α−1
∗

δτ

δdivi
∗ divi

]

When the production function is multiplied by (Li/Li)
α to prevent a merely quan-

titative e�ect of increasing labor supply, it can be rewritten as:

Yi = Lα

i
divi[1− τ(divi)]

α

Measures of Diversity

Cultural disparities arise within a country. They usually stem from a di�erent history
and tradition of the regions, but also from a dissimilar natural environment, economy,
and education, among other things. Furthermore, people are raised di�erently in dif-
ferent families. I expect that when these people meet, the di�erences spark innovation.
This argumentation is analogous to that of Ottaviano and Peri (2006), who show that
diversity in places of birth fosters productivity.

The distribution of family names proxies for family distribution in Germany quite
well. Until 1976, families could not decide what name to choose as a family name,
and even after that, a large majority continued to select the husband's name. How
families historically spread across Germany in the male line is therefore re�ected by the
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Figure 1: Distribution of family name �Wethmar� (left) and �Müller� (right). Yellow
points refer to the distribution in 1890, blue ones to 1996.

names in a phone book, which I use to account for diversity. This is pictured by the
distribution of the family name �Wethmar� in Figure 1. The name originated in the
region of Westphalia, and many descendants still live around that area. Some, however,
have moved further and increased diversity elsewhere.

A drawback of using a phone book to measure diversity is that it has common names
that originated in di�erent places and thus do not necessarily relate to a geographical
distribution of the name (compare e.g. �Müller� in Figure 1). Still, I consider these
to be distributed randomly enough not to harm my measure.4 Moreover, many names
in Germany are unique (the mean number is at 129 entries per family name, with the
median at 21) or predominant in a speci�c region and can account for movements of
families.

I am interested in intra-country di�erences in Germany and whether they a�ect
innovativeness. Names of foreigners thus bias my measure. Therefore, I restrict the
sample of family names to names that appeared in Germany in 1890. This excludes
family names from, e.g., the so-called �guest workers� and double names from marriages.
If, however, foreigners marry into a German family and receive the German name, they
are still part of my sample.

To quantify diversity from the distribution of family names, I employ three measures
that regard di�erent dimensions: the share of new names, deconcentration, and the
Shannon index. They are explained in the following.

4The relative shares of the name �Müller� across Germany is found in Figure 5 in the Appendix, as
an example.
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Share of new names

The most straightforward way to quantify how diverse a place is is by looking at how
many individuals came to it who were living elsewhere before. Therefore, as the �rst
measure of diversity, I count how many people live in a place in 1996 with a family
name that was not present in that area in 1890. Because I restrict my sample to names
appearing in Germany in 1890, this measures how many people came to the place with
a di�erent regional background. I use the share of people with a name that was not
present in 1890 over all inhabitants as my �rst diversity measure, and calculate it by

Share new namesi = Entries new namesi/All entriesi

A higher share of new names equals a more diverse area.

Deconcentration

Next, I look at how many di�erent family names are present in the place in 1996. For
this, I divide the number of di�erent family names by the number of inhabitants of
every place and am left with the average number of family names per inhabitant. It is
thus calculated by

Deconcentrationi = Namesi/Entriesi

I call this diversity measure �Deconcentration� as it looks at how many di�erent family
groups are present. A higher number of family names per inhabitant means a more
diverse place.

Shannon diversity

Last, I regard a more traditional measure of diversity, which is also employed by Posch
et al. (2023). It stems from information theory and considers the number of di�erent
groups and the evenness of their distribution. It is calculated by

Shannon Diversityi = −[
n̄
∑

o=1

(Namesoi/Entriesi) ∗ log2(Namesoi/Entriesi)]

A higher value of the Shannon index reveals a more diverse municipality.
The correlations between all three measures are 0.76 between the share of new names

and deconcentration, 0.14 between the share of new names and Shannon index, and -0.19
between deconcentration and the Shannon index.

Data

The distribution of names is provided by CompGen (Verein für Computergenealogie
e.V.). It draws from a digitized phone book that provides the distribution of names in
1996. I match geocoded names with today's municipality boundaries. A combination
of postal codes and location names georeferenced the data.5 Additionally, I use data
from casualty lists from World War I from the same source to see which names were
present back then and where they appeared.

5The geocoding refers to postcode and place name and is thus not entirely accurate.
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Figure 2: Diversity of family names

Since private phone coverage in East Germany only started to advance after reuni-
�cation but had not �nished in 1995 (Didczuneit, 2015), I restrict my sample to West
Germany, where the proper distribution of names is expected to be reliably identi�ed.
The total number of entries in West Germany is 26 million, with 209,135 family names.
The mean of the occurrence of family names is 128.6, with the median being at 21 en-
tries per family name. This shows that large outliers (the maximum number of entries
is 279,932 for a single family name, which is �Müller�) bias the mean strongly; many
names are indeed attributable to only a couple of people, presumably related.

Diversity of the municipality associations in 1996 is displayed in Figure 2.
As for innovation, patent data is available from Deutsches Patent- und Markenamt

and refers to the inventor's address. Figure 3 shows the distribution of patents in West
Germany averaged from 1995 to 1999. I identify places of innovation from the postcodes
of the patent inventors and times by the year of the e�ective European �ling date of
the innovation. I average them over the years 1995 to 1999 to prevent measurement
bias. The average number of patents per employee from 1995 to 1999 is 0.007 with a
standard deviation of 0.026. The distribution is heavily left-skewed and displayed in
Figure 3.

Data on control variables related to the regional employment structure stems from
the Establishment History Panel of IAB (Ganzer et al., 2020). Skill level and share of
foreign-born employees among employees are used as controls and averaged from 1995
to 1998 to prevent measurement bias. Due to data censoring, I lose around 6% of the
observations. The sample of the main regression is seen in Figure 4. Information on
the urban type with dummy variables for large cities, medium-sized cities, larger towns,
smaller towns, and rural areas is gathered from the INKAR database (Bundesinstitut
für Bau- Stadt- und Raumforschung (BBSR)).

Descriptive statistics are in Table 1.
As the spatial unit, I build on municipalities associations (�Gemeindeverbände�)

because they are more comparable across Germany than the more unevenly sized mu-
nicipalities, but still refer to a �ne spatial level.

I estimate OLS and 2SLS regressions, FOR JOURNAL: as do Posch et al. (2023),
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Figure 3: Patents per employee

Table 1: Descriptive statistics 1996

count mean sd min max
Patents/Employee 3399 .0068502 .02487 0 1.204864
New names 3415 .7041405 .1390327 .202211 1
Deconcentration 3415 .4608311 .1021182 .1115982 1
Shannon Diversity 3415 9.746677 1.217753 0 13.82171
Share foreigners 3399 .0721459 .0473105 0 .3709796
Share high-skilled 3399 .0506658 .0350192 0 .527629
Share low-skilled 3399 .1781056 .0445319 .0513941 .501992
Large cities 69
Medium sized cities 519
Larger towns 717
Smaller towns 932
Rural areas 1160
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with patents transformed by inverse hyperbolic sine (IHS) to account for (a few) zero
patents.

4 Results

In the following, I investigate whether a higher intra-country diversity, measured by
family names, positively correlates with higher innovativeness. This is expected because
people with di�erent backgrounds may have complementary skills and/or knowledge;
they exchange ideas more productively or solve problems better together because of
other approaches.

I estimate OLS regressions of the diversity measures on innovativeness, measured
by patents. I control for di�erences in employee structure, proxied by skill level and
national background. Additionally, I control for the level of urbanization and use state
�xed e�ects.

I �nd a positive and signi�cant association between all three diversity measures and
innovation in Table 2, Panel A.6 This shows that there is likely to be a positive rela-
tionship between diversity and innovation in di�erent dimensions: Share of new names
shows that when additional families move into a place, this correlates with increased
innovativeness. Likewise, a higher number of family names relative to number of inhab-
itants (Deconcentration) correlates positively with the number of patents. Lastly, the
Shannon index reveals that a more diverse distribution of family names is connected to
more innovation. However, the causality is unclear and is dealt with in the following
section.

Endogeneity

The association between diversity and innovativeness has a substantial risk of reverse
causality. It seems reasonable that diversity not only enhances innovation, but also
that more people migrate to and thereby increase the diversity of places with high
innovativeness. In these more productive places, e.g., higher wages as a pull factor, are
expected.

I am investigating the mechanism by looking at instrumental variables regressions
with distance to historical borders. This is based on the idea that it is easier to move
within political entities than across them. For example, it is now more costly to move
between German federal states than within them, e.g., because children have to adapt to
di�erent school syllabi. From this follows that places closer to borders are less attractive
because they are restricted on one side and distance impedes migration (Ravenstein,
1885 and Parikh et al., 2003). Thus, regions close to borders should be less diverse
because they have fewer in- and out�ows than more central locations.

I make use of historic maps that refer to the German states since 1820 and the
Prussian provinces, the post-war occupation zones, and the federal states (see also
Kremer, 2022). I construct the weighted distance over time for each municipality to
the closest border between 1820 and 1996. I only regard the border distance since 1890
for the share of new names. I use the same instrument for all three diversity measures
because I expect all dimensions of diversity to be a�ected by distance to historical

6I am not using count models since I transformed my dependent variable by normalizing it to patents
per employee. Scatterplots of the relationship are found in Figure 6 in the Appendix.
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Table 2: Municipality-level estimates of the e�ect of family name diversity on innovation
(1) (2) (3)

Patents/empl Patents/empl Patents/empl
Panel A: OLS estimates

Share of new names 0.00795∗∗

(0.00389)

Deconcentration 0.0120∗

(0.00699)

Shannon Diversity 0.00000568
(0.000703)

Panel B: Reduced form regressions

Distance to borders since 1820 0.0000658∗∗∗

(0.0000158)

Distance to borders since 1890 0.0000594∗∗∗

(0.0000148)
Panel C: IV estimates

Share of new names 0.0914∗∗∗

(0.0251)

Deconcentration 0.104∗∗∗

(0.0268)

Shannon Diversity 0.0257∗∗∗

(0.00821)
Panel D: First stage regressions

Share of new names Deconcentration Shannon Diversity
Distance to historical borders 0.000721*** 0.000632*** 0.00256***

(0.000107) (7.07e-05) (0.000532)
F-test of excluded instruments 45.55 79.94 23.09
Controls: Urban Type Yes Yes Yes

Controls: Labor Force Yes Yes Yes

State �xed e�ects Yes Yes Yes
Observations 3390 3390 3390

Standard errors in parentheses
∗

p < 0.1, ∗∗

p < 0.05, ∗∗∗

p < 0.01

borders. I �nd positive signi�cant �rst-stage regressions for all three measures (Table
2, Panel D). Likewise, �nd Redding and Sturm (2008) that places closer to the inner-
German border had lower population dynamics. The reduced form is also positively
signi�cant (Table 2, Panel B).

The second stage regressions in Table 2, Panel C show diversity's positive and sig-
ni�cant e�ect on innovation in all three speci�cations.7 I thus a�rm my earlier �nding
that diversity has a positive causal e�ect on innovation. These results align with Posch
et al. (2023) who similarly estimate the e�ect of family name diversity on innovation
in the US by IV regressions. Their �ndings, however, also include the e�ect of cultural

7The quantitative di�erence between the numbers is due to estimating the average treatment e�ect
in OLS and the local average treatment e�ect in IV.
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diversity from immigration.
Balancing tests in Table 18 show that the instrument does not signi�cantly a�ect

either the number of plants or the number or the share of engineers and scientists,
population density or unemployment, the total number of employees, or employees
between 20 and 24 years old in reduced form regressions.

To prove the exclusion restriction, that the instrument a�ects diversity through mi-
gration, I model diversity in 1996. I use data from Roesel (2022) to proxy for population
number in 1890 and model migration �ows between regions depending on geographical
and cultural distance8. Additionally, I make borders prohibitive for migration. I do not
account for any other economic factors in the model and use the resulting new in�ows
into municipalities as an instrument for diversity. I con�rm the positive signi�cant e�ect
of the share of new names and deconcentration in Table 3 and that diversity is related
to innovation through migration. The instrument is, however, weak for the Shannon
index.

Table 3: IV Regressions with modeled diversity
(1) (2)

Patents/empl Patents/empl
Share of new names 0.102∗∗∗

(0.0312)

Deconcentration 0.168∗∗∗

(0.0494)

Controls: Urban Type Yes Yes

Controls: Labor Force Yes Yes

State �xed e�ects Yes Yes
Observations 3390 3390

Standard errors in parentheses
∗

p < 0.1, ∗∗

p < 0.05, ∗∗∗

p < 0.01

Diversity positively a�ects innovation via the following migration channel: A more
dynamic population composition of the municipality associations throughout history
leads to a larger number of di�erent family names, thus higher diversity. This builds
on the reasoning that relocation of people induces cultural diversity (Bakens et al.,
2015) because culture varies over space and even minor alterations, such as within
Germany, may shape people di�erently. These di�erent interacting backgrounds and
complementary skills and knowledge are expected to give rise to innovation. Recent
literature has shown that these channels exist for the case of international diversity
(Bernstein et al., 2022; Buchholz, 2021; Docquier et al., 2020).

5 Robustness

As robustness checks, I perform several tests concerning additional controls, the regres-
sion speci�cation, and geographic spillovers.

8the latter stems from Falck et al. (2012)
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Additional Controls and Subsamples

In further estimations, I add more controls or estimate subsamples to prove the robust-
ness of my �ndings:

In Table 4, I control for the manufacturing sector's in�uence, which is expected
to be responsible for many patents. The sample size is dramatically reduced due to
data censoring, and the instrument is weak in this speci�cation. Thus, OLS results are
displayed to con�rm the main speci�cation. The e�ect of the share of manufacturing is
positive and insigni�cant.

Similarly, I control for the workforce's share of engineers and scientists, because
they especially contribute to the generation of patents. The results in Table 5 mimic
the main results and show positive signi�cant e�ects of these workers in the �rst two
speci�cations.

Additionally, I control whether a (technical) university is present in a place because,
again, these institutions might especially contribute to innovativeness (compare Fritsch
and Wyrwich, 2018). Results are displayed in Table 6 and show signi�cant positive
e�ects of diversity on patents. Positive impacts of university presence are found in the
speci�cation for the share of new names and deconcentration, negative ones for the
Shannon diversity.

In Table 7, I also control each municipality association's population size. The in-
strument is too weak for the Shannon index speci�cation. The base �ndings for the
share of new names and deconcentration are unharmed.

Moreover, I control geographical factors to ensure the e�ect is correctly identi�ed.
I use terrain ruggedness and the presence of waterways. Results are found in Table 8
and show no di�erence from the base speci�cation.

In Table 9, I restrict the sample to towns and rural areas (1 and 2) and large and
medium-sized cities and larger towns (3 and 4). These subsamples show that diversity
has a positive but insigni�cant e�ect on innovation in more urbanized areas. On the
other hand, the e�ect is positive and strongly signi�cant in more rural areas. I expect
this to be related to the fact that it matters more who you meet in less populated areas.

Lastly, I exclude prevalent names (such as �Müller�) because these might bias the
results. If only regarding the distribution of less familiar family names (de�ned by less
than 192 entries in Germany, referring to the 90th percentile), my results in Table 10
are robust.

Di�erent Speci�cations

To prove the methodological soundness of my results, I run further speci�cations:
I drop all municipality associations with fewer than 1000 phone book entries since

they may be biased due to their small size. Results are found in Table 11 and show
similar e�ects to the base results. Again, in the Shannon speci�cation, the instrument
is too weak.

If I drop the federal states of Bremen and Hamburg, which are city states and thus
might bias the outcomes, it does not change anything.

Moreover, I estimate a Poisson regression in Table 12 and can show that I �nd
an outcome similar to the OLS for share of new names and deconcentration. For the
Shannon index, the e�ect is negative but insigni�cant.
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I also estimate the extensive margin of patents. Results are found in Table 13 and
show only a positive e�ect of the Shannon index. However, only 120 municipalities are
without patents, a small subsample of 3.5%.

Table 14 shows the outcomes when the level of patents per employee is used instead
of the inverse hyperbolic sine. They are similar to the base �ndings.

When controlling for the number of foreigners, high- and low-skilled as well as women
and young employees, instead of using their shares, Table 15 shows positive and signif-
icant e�ects of diversity on innovation in all three columns.

Geographic Spillovers

Because spillover e�ects are suspected due to people not always working where they live
and meeting in the surroundings, I estimate SLX models both distance- and adjacency-
weighted. Results are found in Tables 16 and 17. The OLS results are displayed for the
share of new names and Shannon diversity because the IV is weakly instrumented. I
�nd a positive signi�cant e�ect of diversity on innovation. The spatial weight does not
show a clear pattern.

6 Conclusion

By measuring diversity with the distribution of family names in Germany, I show that
diversity enhances innovation when de�ned as intra-country di�erences. A more diverse
family name distribution, in terms of deconcentration or measured as openness by de-
velopment over time, within a municipality association is correlated to a higher number
of generated patents. This shows that cultural disparities within a country are relevant
to economic outcomes. This result is robust to several robustness tests. I con�rm with
an IV estimation that the association between diversity and innovativeness runs from
the former to the latter.

My �ndings indicate that cultural disparities within a country are relevant to eco-
nomic outcomes.
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Figure 5: The shares of the family name �Müller� in each municipality show no distinct
geographic pattern but appears rather randomly.
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Figure 6: Scatterplots between diversity and IHS(patents/employee). If I exclude out-
liers > 0.2 patents/employee in the regressions, signs or signi�cances of results are
stable.

Table 4: Estimation results when Controlling for Manufacturing: OLS regressions
(1) (2) (3)

Patents/empl Patents/empl Patents/empl
New names 0.0105∗

(0.00585)

Deconcentration 0.0185∗∗

(0.00919)

Shannon Diversity 0.000906
(0.000941)

Share manufacturing 0.00288 0.00275 0.00461
(0.00288) (0.00304) (0.00305)

Controls: Urban Type Yes Yes Yes

Controls: Labor Force Yes Yes Yes

State �xed e�ects Yes Yes Yes
Observations 837 837 837

Standard errors in parentheses
∗

p < 0.1, ∗∗

p < 0.05, ∗∗∗

p < 0.01
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Table 5: Estimation results when Controlling for Share of Engineers and Science: IV
(2SLS) regression, Proximity to historical borders as instrument

(1) (2) (3)
Patents/empl Patents/empl Patents/empl

New names 0.0902∗∗∗

(0.0247)

Deconcentration 0.103∗∗∗

(0.0264)

Shannon Diversity 0.0261∗∗∗

(0.00833)

Share engineers and science 0.00000181∗∗∗ 0.00000153∗∗∗ -0.00000174∗∗

(0.000000644) (0.000000517) (0.000000691)

Controls: Urban Type Yes Yes Yes

Controls: Labor Force Yes Yes Yes

State �xed e�ects Yes Yes Yes
Observations 3390 3390 3390

Standard errors in parentheses
∗

p < 0.1, ∗∗

p < 0.05, ∗∗∗

p < 0.01

Table 6: Estimation results when Controlling for (Technical) Universities: IV (2SLS)
regression, Proximity to historical borders as instrument

(1) (2) (3)
Patents/empl Patents/empl Patents/empl

New names 0.0970∗∗∗

(0.0252)

Deconcentration 0.111∗∗∗

(0.0268)

Shannon Diversity 0.0257∗∗∗

(0.00754)

University before 1900 0.00384 0.00212 -0.00623
(0.00286) (0.00221) (0.00447)

Technical University before 1900 0.0168∗∗∗ 0.0111∗∗∗ -0.00292
(0.00554) (0.00408) (0.00358)

Controls: Urban Type Yes Yes Yes

Controls: Labor Force Yes Yes Yes

State �xed e�ects Yes Yes Yes
Observations 3388 3388 3388

Standard errors in parentheses
∗

p < 0.1, ∗∗

p < 0.05, ∗∗∗

p < 0.01
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Table 7: Estimation results when Controlling for Population size: IV (2SLS) regressions,
Proximity to historical borders as instrument

(1) (2)
Patents/empl Patents/empl

New names 0.0883∗∗∗

(0.0240)

Deconcentration 0.101∗∗∗

(0.0257)

Population size 4.44e-08∗∗∗ 4.28e-08∗∗∗

(1.47e-08) (1.37e-08)

Controls: Urban Type Yes Yes

Controls: Labor Force Yes Yes

State �xed e�ects Yes Yes
Observations 3390 3390

Standard errors in parentheses
∗

p < 0.1, ∗∗

p < 0.05, ∗∗∗

p < 0.01

Table 8: Estimation results when Controlling for Terrain Ruggedness (TRI) and Wa-
terways: IV (2SLS) regressions, Proximity to historical borders as instrument

(1) (2) (3)
Patents/empl Patents/empl Patents/empl

New names 0.0938∗∗∗

(0.0274)

TRI_mean 0.000554∗ 0.000491∗ 0.000865∗∗

(0.000287) (0.000278) (0.000349)

TRI_stdev -0.000860∗∗ -0.000795∗∗ -0.00143∗∗∗

(0.000386) (0.000376) (0.000500)

LENGTH 1.73e-08∗∗ 1.46e-08∗∗∗ -1.67e-08∗∗

(7.07e-09) (5.46e-09) (8.45e-09)

Deconcentration 0.103∗∗∗

(0.0277)

Shannon Diversity 0.0241∗∗∗

(0.00777)

Controls: Urban Type Yes Yes Yes

Controls: Labor Force Yes Yes Yes

State �xed e�ects Yes Yes Yes
Observations 3390 3390 3390

Standard errors in parentheses
∗

p < 0.1, ∗∗

p < 0.05, ∗∗∗

p < 0.01
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Table 10: Estimation results for less common names only: IV (2SLS) regression, Prox-
imity to historical borders as instrument

(1) (2)
Patents/empl Patents/empl

Deconcentration 0.0901∗∗∗

(0.0238)

Shannon Diversity 0.0186∗∗∗

(0.00551)

Controls: Urban Type Yes Yes

Controls: Labor Force Yes Yes

State �xed e�ects Yes Yes
Observations 3389 3389
Adjusted R2 -0.076 -0.292

Standard errors in parentheses
∗

p < 0.1, ∗∗

p < 0.05, ∗∗∗

p < 0.01

Table 11: Estimation results Excluding places with less than 1000 obs: IV (2SLS)
regressions, Proximity to historical borders as instrument

(1) (2)
Patents/empl Patents/empl

New names 0.0783∗∗∗

(0.0233)

Deconcentration 0.0934∗∗∗

(0.0246)

Controls: Urban Type Yes Yes

Controls: Labor Force Yes Yes

State �xed e�ects Yes Yes
Observations 3071 3071

Standard errors in parentheses
∗

p < 0.1, ∗∗

p < 0.05, ∗∗∗

p < 0.01
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Table 12: Estimation results Poisson estimation
(1) (2) (3)

Patents/employee Patents/employee Patents/employee
New names 0.832∗

(0.486)

Deconcentration 0.948
(0.816)

Shannon Diversity -0.0862
(0.0732)

Controls: Urban Type Yes Yes Yes

Controls: Labor Force Yes Yes Yes

State �xed e�ects Yes Yes Yes
Observations 3390 3390 3390

Standard errors in parentheses
∗

p < 0.1, ∗∗

p < 0.05, ∗∗∗

p < 0.01

Table 13: Estimation results Extensive margin
(1) (2) (3)

extensive extensive extensive
New names -1.175

(0.946)

Deconcentration -0.204
(1.035)

Shannon Diversity 0.568∗∗∗

(0.139)

Controls: Urban Type Yes Yes Yes

Controls: Labor Force Yes Yes Yes

State �xed e�ects Yes Yes Yes
Observations 1927 1927 1927

Standard errors in parentheses
∗

p < 0.1, ∗∗

p < 0.05, ∗∗∗

p < 0.01
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Table 14: Estimation results in Levels: IV (2SLS) regressions, Proximity to historical
borders as instrument

(1) (2) (3)
patentssumperwork patentssumperwork patentssumperwork

New names 0.0907∗∗∗

(0.0254)

Deconcentration 0.103∗∗∗

(0.0271)

Shannon Diversity 0.0256∗∗∗

(0.00826)

Controls: Urban Type Yes Yes Yes

Controls: Labor Force Yes Yes Yes

State �xed e�ects Yes Yes Yes
Observations 3390 3390 3390

Standard errors in parentheses
∗

p < 0.1, ∗∗

p < 0.05, ∗∗∗

p < 0.01

Table 15: Estimation results with Labor force measured in numbers: IV (2SLS) regres-
sion, Proximity to historical borders as instrument

(1) (2) (3)
Patents/empl Patents/empl Patents/empl

New names 0.0699∗∗∗

(0.0170)

Deconcentration 0.0844∗∗∗

(0.0198)

Shannon Diversity 0.0186∗∗∗

(0.00493)

Controls: Urban Type Yes Yes Yes

Controls: Labor Force Yes Yes Yes

State �xed e�ects Yes Yes Yes
Observations 3390 3390 3390

Standard errors in parentheses
∗

p < 0.1, ∗∗

p < 0.05, ∗∗∗

p < 0.01
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Table 16: Estimation results for SLX model, distance weighted: IV regressions
(1) (2) (3)

ihs_patentssumperwork ihs_patentssumperwork ihs_patentssumperwork
New names 0.00335∗∗

(0.00147)

new_weighted 0.00336
(0.00693)

Deconcentration 0.115∗∗∗

(0.0361)

deconc_weighted -0.156∗∗∗

(0.0527)

Shannon Diversity 0.0000479
(0.0000923)

shannon_weighted -0.00124
(0.000811)

Controls and State fe Yes Yes Yes
Observations 3454 3454 3454
Adjusted R2 0.021 -0.431 0.020

Standard errors in parentheses
∗

p < 0.1, ∗∗

p < 0.05, ∗∗∗

p < 0.01

Table 17: Estimation results for SLX model, adjacency weighted: IV regressions
(1) (2) (3)

ihs_patentssumperwork ihs_patentssumperwork ihs_patentssumperwork
New names 0.00292∗∗

(0.00141)

new_weighted 0.00406∗∗∗

(0.00113)

Deconcentration 0.0899∗∗∗

(0.0266)

deconc_weighted -0.0182∗∗∗

(0.00700)

(mean) shannon 0.0000620
(0.0000919)

shannon_weighted 0.000353∗∗∗

(0.000103)

Controls and State fe Yes Yes Yes
Observations 3454 3454 3454
Adjusted R2 0.023 -0.256 0.021

Standard errors in parentheses
∗

p < 0.1, ∗∗

p < 0.05, ∗∗∗

p < 0.01
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Table 19: Reduced form with modeled diversity
(1)

Patents/empl
(sum) �ows_x_y 0.000000598∗

(0.000000361)

Medium sized cities 0.00163∗∗∗

(0.000504)

Larger Towns 0.00293∗∗∗

(0.000674)

Smaller Towns 0.00404∗∗∗

(0.000776)

Rural areas 0.00776∗∗∗

(0.000839)

Share foreigners 0.0336∗∗∗

(0.0128)

Share high-skilled -0.0177
(0.0170)

Share low-skilled -0.0419∗∗

(0.0171)

DE1 0
(.)

DE2 -0.180∗

(0.110)

DE5 -0.00259∗∗∗

(0.000692)

DE6 -0.00196∗∗∗

(0.000612)

DE7 -0.00177∗∗

(0.000770)

DE9 -0.00279∗∗∗

(0.000736)

DEA -0.00142∗∗

(0.000578)

DEB -0.000194
(0.00107)

DEC -0.00401∗∗∗

(0.000583)

DEF -0.00460∗∗∗

(0.00122)

Constant 0.00868∗∗

(0.00361)
Observations 3390
Adjusted R2 0.024

Standard errors in parentheses
∗

p < 0.1, ∗∗

p < 0.05, ∗∗∗

p < 0.01
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