DISCUSSION PAPER SERIES

IZA DP No. 6972

The Nexus between Labor Diversity and
Firm’s Innovation

Pierpaolo Parrotta
Dario Pozzoli
Mariola Pytlikova

October 2012




The Nexus between Labor Diversity
and Firm’s Innovation

Pierpaolo Parrotta

Aarhus University, NCCR LIVES
and University of Lausanne

Dario Pozzoli
Aarhus University, CIM and 1ZA

Mariola Pytlikova
Aarhus University, CCP, CIM and CReAM

Discussion Paper No. 6972
October 2012

IZA

P.O. Box 7240
53072 Bonn
Germany

Phone: +49-228-3894-0
Fax: +49-228-3894-180
E-mail: iza@iza.org

Any opinions expressed here are those of the author(s) and not those of IZA. Research published in
this series may include views on policy, but the institute itself takes no institutional policy positions.
The IZA research network is committed to the IZA Guiding Principles of Research Integrity.

The Institute for the Study of Labor (IZA) in Bonn is a local and virtual international research center
and a place of communication between science, politics and business. IZA is an independent nonprofit
organization supported by Deutsche Post Foundation. The center is associated with the University of
Bonn and offers a stimulating research environment through its international network, workshops and
conferences, data service, project support, research visits and doctoral program. IZA engages in (i)
original and internationally competitive research in all fields of labor economics, (ii) development of
policy concepts, and (iii) dissemination of research results and concepts to the interested public.

IZA Discussion Papers often represent preliminary work and are circulated to encourage discussion.
Citation of such a paper should account for its provisional character. A revised version may be
available directly from the author.


mailto:iza@iza.org

IZA Discussion Paper No. 6972
October 2012

ABSTRACT

The Nexus between Labor Diversity and Firm’s Innovation”

In this paper we investigate the nexus between firm labor diversity and innovation using a
linked employer-employee data from Denmark. Specifically, exploiting information retrieved
from this comprehensive database and implementing proper instrumental variable strategies,
we are able to identify the contribution of workers’ diversity in cultural background, education
and demographic characteristics to valuable firm’s innovation activity. The latter is measured
by: (1) the firm’s propensity to apply for a patent, (2) the number of patent applications
(intensive margin) and (3) the firm’s ability to patent in different technological areas
(extensive margin). We find that ethnic diversity plays an important role in propelling firm’s
innovation outcomes.

JEL Classification:  J15, J16, J24, J61, J82, 032

Keywords: labor diversity, ethnic diversity, patenting activity, extensive and intensive
margins

Corresponding author:

Dario Pozzoli

Department of Economics and Business
University of Aarhus

8000 Aarhus

Denmark

E-mail: dpozzoli@asb.dk

" We thank Guglielmo Barone, Tor Eriksson, Hideo Owan, Pekka lImakunnas, Michael Rosholm, Chad
Syverson and Mans Soderbom (alphabetical order) for helpful suggestions. In addition, we appreciate
comments from participants at seminars organized by the Copenhagen Business School, University of
Bergamo, Aarhus School of Business, University of Lausanne, and from participants at the following
conferences: ESPE 2010, The 5th Nordic Summer Institute in Labor Economics, The 2010 Ratio
Young Scientist Colloquium, ESEM 2010, CAED/COST 2010 in London, the 2010 International
Symposium on Contemporary Labor Economics at WISE, Xiamen, and EALE 2011 in Paphos. We
also thank Ulrich Kaiser and Cedric Schneider for graciously providing us the data on patent
applications. Pierpaolo Parrotta acknowledges the financial support from the Swiss National Centre of
Competence in Research LIVES and Graduate School for Integration, Production and Welfare. Mariola
Pytlikova gratefully acknowledges funding from the NORFACE Migration Programme “Migration:
Integration, Impact and Interaction”. The usual disclaimer applies.


mailto:dpozzoli@asb.dk

1 Introduction

Many developed and developing countries have experienced several changes in the workforce
composition which has led to an increased heterogeneity of the labor force in terms of age,
gender, skills and ethnicity. This is partly the result of policies adopted to counteract the
problem of population aging, anti-discrimination measures, immigration and the worldwide
globalization process (Pedersen et al. 2008). From the demand side, we observe increas-
ing diversity across many workplaces and we often hear about the importance of further
internationalization and demographic diversification. The promotion of diversity is often
perceived as a chance to improve learning and knowledge management capabilities and then
enhance firm productivity (Parrotta et al. 2011). Besides, workforce diversity is believed to
be an important source of innovation. For instance, in a relatively recent survey conducted
by the European Commission, a large number of respondents identified innovation as a key
benefit of having diversity policies and practices (European Commission, 2005). If this is
the case, firms could benefit from the growing diverse cultural backgrounds, demographic,
and knowledge bases of the workforces. Moreover, since there is a widespread consensus that
innovation is crucial for sustainable growth and economic development (as suggested in the
new growth theories), understanding the link between workforce diversity and innovation
seems to be essential for policy makers.

From a theoretical point of view, a paradox has been recognized: whereas a high degree
of heterogeneity among workers can be a source of creativity and therefore foster innovation
activity, it can also induce misunderstanding, conflicts and uncooperative behaviors within
workplaces and in this way hinder innovation (Basset-Jones, 2005). There is no general
agreement on which effect prevails. Specifically, differences in skills, education and more
broadly in knowledge among employees seem to be beneficial rather than detrimental. Ac-
cording to Lazear (1999), positive effects may prevail as long as workers’ information sets are
not overlapping but relevant to one another. Ambiguity instead persists for diversity in eth-
nic and demographic characteristics of employees. On one hand, people of different cultural

backgrounds may provide diverse perspectives, valuable ideas, problem-solving abilities, and



in this way facilitate the achievement of optimal creative solutions and therefore stimulate
innovations (Watson et al. 1993; Drach-Zahavy and Somech, 2001; Hong and Page, 2001
and 2004). As people of different ethnic backgrounds also possess knowledge about global
markets and customers tastes, they may stimulate firm to improve or develop products sold
abroad (Osborne, 2000; Berliant and Fujita, 2008). On the other hand, such heterogeneities
might create communication barriers, reduce the workforce cohesion and prevent cooperative
participation in research activities, bringing high costs of “cross-cultural dealing” (Williams
and O’Reilly, 1998; Zajac et al., 1991; Lazear, 1999). Effects of diversity in demographics
are two-faced, too. For instance, age heterogeneity may facilitate innovation because there
are complementarities between the human capital of younger and older workers: younger
employees have knowledge of new technologies and IT and older employees have a bet-
ter understanding and experience with the intra-firm structures and the operating process
(Lazear, 1998). But, demographic heterogeneity among workers may create communication
frictions if workers are prejudiced, and therefore bring some cost connected to the frictions
(Becker, 1957).

The empirical literature exploring the relationship between labor diversity and firm’s
innovation consists mainly of business case studies that often look at work-team compositions
(Horwitz and Horwitz, 2007; and Harrison and Klein, 2007) or even focus on diversity in
top management teams only (Bantel and Jackson, 1989; Knight et al. 1999; Pitcher and
Smith, 2001).!That may be imputed to differences in research aims and approaches, but
also to the lack of more comprehensive employer-employee data, which provide a notable
amount of information on the labor force composition at the firm level. To the best of our
knowledge, the evidence using more comprehensive data is virtually non-existent.

In this paper, we investigate the nexus between labor diversity and innovation using a
rich register-based linked employer-employee dataset (LEED) from Denmark for the years
1995-2003. Regarding measures of innovation, we follow previous literature and make use

of information on patents to proxy for innovation (Griliches, 1990; Bloom and Van Reenen,

IThere exists also some literature on the effects of diversity - typically ethnic labor diversity - on in-
novation using aggregate regional or industry data, for instance Kelley and Helper (1999), Feldman and
Audretsch (1999), Anderson et al. (2005), Niebuhr (2010); Kerr and Lincoln (2010).



2002). Specifically, we use the following three measures: (1) firm’s propensity to apply for
a patent, (2) the number of patents introduced each year and (3) firm’s propensity to apply
in more than one technological area, conditional on patenting. We investigate the effect
of labor diversity on firm innovation by looking at three dimensions of employee diversity:
cultural background, skills/education and demographics. The comprehensive data allows
us to dig deeper into the mechanisms by which diverse workforces may affect innovation.
In particular we test two hypotheses. First, we test the creativity hypothesis proposed by
the theoretical frameworks by Hong and Page (2001 and 2004) and Berliant and Fujita
(2008). Specifically, we expect that the beneficial effects of diverse problem-solving abilities
and creativity would materialize more in terms of innovation for white-collar occupations
compared to blue-collar occupations. Second, we exclude certain groups of foreigners from
calculation of ethnic diversity measures to test whether the costs of “cross-cultural dealing”
play a role. In particular, we expect that communication costs associated with ethnic
diversity may increase after subtracting out foreigners who are likely to speak Danish or
English.

In addition, we deal with several problems that previous literature studying the impact
of workforce diversity on innovation did not properly address. Most importantly, if firms are
aware of the importance of labor diversity and leverage it to improve their performance, then
the relationship under investigation is very likely to be affected by endogeneity. To address
these concerns, we implement an instrumental variable (IV) strategy a la Card (2001) based
on measures of historical workforce diversity patterns at the commuting area level (where a
firm is located) as instruments for the current firm labor diversity. In addition, we use an
alternative instrument for the workplace ethnic diversity based on foreign population shares
at the commuting areas predicted from a model of migration determinants. Furthermore,
firms are characterized by a different propensity to innovate. Thus, there exist unobserved
and observed firm-specific heterogeneity that should be taken into account to evaluate the
effect of any labor diversity dimension on firm’s innovation outcome. Following Blundell et
al. (1995), we account for past firms’ success in innovation and use pre-sample information

as an observable proxy for unobservable permanent firm characteristics. Finally, we control



for the potential role of the external knowledge in favoring firms’ patenting activity and
compute knowledge spillovers indicators based on geographical and technological distances
between firms.

Implementing alternative estimation techniques, we find evidence of the key role of ethnic
diversity in promoting firm’s innovation as measured by the number of patent applications,
the probability to apply for a patent or to patent in more than one technological field,
conditional on patenting. Specifically, we find that a 10 percentage change in ethnic diversity
increases the number of firms’ patent applications by approximately 4.4 (2.3) percent, in
the aggregate (disaggregate) diversity specification. Whereas the contribution of ethnic
diversity to start patenting is economically meaningful, the effect of ethnic diversity on
extensive margins is very large: conditional on patent application, a standard deviation
increase in ethnic diversity duplicates the probability to patent in different technological
fields, according to the most conservative estimates. Effects of diversity in education and
demographics turn out to be mostly insignificant when either the full set of controls is
included or endogenity is taken care of.

These results support the hypothesis that ethnically diverse workers tend to have a wider
pool of different experiences, knowledge bases and heuristics boosting their problem-solving
capacities and creativity, which in turn facilitate innovations. In this regard, our findings
are consistent with the theoretical frameworks proposed by Hong and Page (2001 and 2004)
and Berliant and Fujita (2008). These positive effects of workforce diversity on innovation
clearly outweigh any costs of “cross-cultural dealing”. Hence, our results suggest firms
aiming to promote innovation to focus on recruitment strategies that explicitly account
for heterogeneity in ethnicity. This article may also provide some suggestions to public
authorities in terms of innovation policies. Given that innovation is considered as one
of the most important components for the long-term economic growth, investigating the
determinants of the innovation process may also lead to the identification of the sources
of a sustainable growth. In this regard, public institutions and policy makers could invest
resources to promote ethnic diversity within workplaces and in such a way increase the

innovation, and ultimately the economic growth.



The structure of the paper is as follows: section 2 briefly describes the data, section 3
provides details on the empirical strategy, section 4 explains all the results of our empirical

analyses and section 5 offers some concluding remarks.

2 Data

2.1 Data sources

The data set we use for our analysis is obtained by merging three different data sources
from Denmark. The first one is the ‘Integrated Database for Labor Market Research’ (IDA),
which is a register-based LEED managed by Statistics Denmark, a Danish governmental
institute in charge for creating statistics on the Danish society and economy. IDA contains
a broad set of information on individuals and firms for years 1980-2006. In particular,
we are interested in gender, age, nationality, education, occupation, tenure, place of work,
whether a company is (partially or totally) foreign-owned and a multi-establishment firm.
The second data source is a register of firms’ business accounts (REGNSKAB) that provides
information on a number of financial items, which we need in order to construct values of
firms’ capital stock, information on whether a firm is an exporter and the 3-digit industry,
in which the firm operates. This database is also maintained by the Statistics Denmark and
reports data for the period 1995-2006.2 In REGNSKARB it is possible to identify partially
and totally imputed values, which we exclude from our final data set in order to avoid
any bias in the estimates. The last data source is a collection of patent applications sent
to the European Patent Office (EPO) by Danish firms.® It covers a period of 26 years

(1978-2003) and allows us to account for 2822 applicants and 2244 granted firms.? We

2Part of the statistics in REGNSKAB refers to selected firms for direct surveying: all firms with more
than 50 employees or profits higher than a given threshold. The rest is recorded in accordance with a
stratified sample strategy. The surveyed firms can choose whether to submit their annual accounts and
other specifications or to fill out a questionnaire. In order to facilitate responding, questions are formulated
in the same way as required in the Danish annual accounts legislation.

3The access to these data has been made possible thanks to the Center for Economic and Business
Research (CEBR), an independent research center affiliated with the Copenhagen Business School (CBS).

4More details concerning the construction and composition of the data set can be found in Kaiser,
Kongsted and Rgnde (2008).



disregard industries® with no patenting firms during the period covered in our empirical
analysis. We also exclude enterprises with less than 10 employees from our sample to allow
all investigated firms to reach (potentially) the highest degree of (ethnic) diversity at least
when an aggregate specification is used, as outlined in the next section. Finally we leave
out firms that were founded during the estimation period (1995-2003), given that we use a
“pre-sample” estimator that requires information on firms’ patenting behavior prior to 1995.
Thus, our final data set contains information on approximately 12,000 firms per year over

a period of 9 years (1995-2003).

2.2 Diversity measures

The workforce diversity (heterogeneity) measures used in this article are computed at
the workplace level and then aggregated at the firm level and are based on the Herfindahl
index. The latter combines two important dimensions of diversity: the “richness”, which
refers to the number of defined categories within a firm, and the “evenness”’, which informs
on how equally populated such categories are. Specifically, our diversity measures represent

weighted averages of Herfindahl indexes computed at the workplace level:

S
(1 - Zp?ust> )
s=1

where Div__h; is the diversity index of firm ¢ at time ¢ for the dimension h, W is the total

w

N,

Div_hy = Z w
w=1 Ni

number of workplaces (w refers to a given workplace) constituting the firm, and therefore
N,, and N; denote the total number of workers at the workplace and firm levels, respectively.
Thus, the ratio between the last two variables corresponds to the weighting function, while
Pwst 18 the proportion of the workplace’s employees falling into each category s at time ¢,
with s = 1,2,...,.5. The diversity index has a minimum value, which takes value on zero if
there is only one category represented within the workplace, and a maximum value equal

to (1 — %) if all categories are equally represented. The index can be interpreted as the

5 Agriculture, fishing and quarrying; electricity, gas and water supply; sale and repair of motor vehicles;
hotels and restaurants; transports; and public services.



probability that two randomly drawn individuals in a workplace belong to different groups.

As we distinguish between cultural, educational (skill) and demographic diversity, a
separate measure is computed along each of the three cited dimensions. Diversity in cul-
tural background is associated with employees’ country of origin® and is built by using
the following eight categories: North America and Oceania, Central and South America,
Africa, Western and Southern Europe, Formerly Communist Countries, East Asia, Other
Asia, Muslim Countries.” Diversity in education is based on six categories. In particular,
tertiary education (PhD, Master and Bachelor) is divided into the following four groups:
engineering, humanities, natural sciences and social sciences. The other two categories are
represented by secondary and compulsory education. Eight categories instead refer to the
demographic diversity, which is computed by combining gender and four age dichotomous
indicators associated with quartiles of the overall age distribution.

Given that the overall categorization might be somehow arbitrary, we decide to use
a more disaggregate one, too. The alternative cultural background diversity is based on
linguistic classification.® Specifically, we group foreign employees together by family of lan-
guages, to which the language spoken in their home country belongs.” Using the third
linguistic tree level language classification drawn from Ethnologue, we end up having 40
linguistic groups.'® Further, our disaggregated diversity indexes in education and demo-
graphics are based on eight and ten categories, respectively. Differently from the former
classification, the secondary education is split into 3 sub-groups: general high school, busi-
ness high school and vocational education. Demographic diversity is computed by combining

gender and five age dichotomous indicators associated with quintiles of the overall age dis-

6Native Danes are excluded.

7See Appendix1 for more details about the countries belonging to each ethnic category.

8Previous literature argues that linguistic distance serves also as a proxy for cultural distance (Guiso et
al., 2009; Adsera and Pytlikova, 2012).

9Specifically, we use the official language spoken by majority in a given country of origin to link the
country into groups by family of languages.

10The linguistic classification is more detailed than the grouping by nationality categories. Specifically, we
group countries (their major official language spoken by the majority in a particular country) by the third
linguistic tree level, e.g. Germanic West vs. Germanic North vs. Romance languages. The information
on languages is drawn from the encyclopedia of languages “Ethnologue: Languages of the World”, see the
Appendix section for more details about the list of countries and the linguistic groups included. Furthermore,
we adjust the index to take account of the firm size. Specifically, we standardize the index for a maximum
value equal to (1 - %) when the total number of employees (N) is lower than the number of linguistic
groups (5).



tribution.

2.3 Descriptive statistics

Table 1 reports some descriptive statistics of the variables used in our empirical anal-
ysis. Besides showing means and standard deviations for the full sample of firms, we also
split the firm population into two groups based on whether a firm applied for at least one
patent (patenting firm) or did not, and we show the descriptive statistics for patenting and
non-patenting firms. As we can observe from the Table 1, there are remarkable differences
between patenting and non-patenting firms with respect to firms’ workforce composition.
Not surprisingly, patenting firms are characterized by larger shares of highly educated em-
ployees, white-collar workers, middle managers and managers. Interestingly, patenting firms
also record a higher share of female and foreign employees. Workers in these knowledge-
based firms are slightly older on average terms: presumably the share of young employees
is lower because patenting firms hire a wider proportion of well trained and experienced
people. As a matter of fact long tenure profiles are more common within patenting firms’
environment. Regarding the workforce diversity variables central for the main hypotheses
in this paper, there is a number of interesting facts arising from the Table 1. First, it is
obvious that patenting firms in Denmark have more diverse workforces. In particular there
is a clear difference between patenting and non-patenting firms with respect to the ethnic
heterogeneity, which is more than 3 times larger on average in patenting firms. Patenting
firms have also larger educational and demographic diversity compared to non-patenting
firms.

Further, patenting firms are characterized by notably higher values of capital and labor
inputs: the average capital stock is about 9.7 times the value of the non-patenting firms.
Patenting firms are also more likely to be multi-establishment companies and markedly
(82 percent) more export-oriented. Regarding the foreign owership status, in general we
can observe that the foreign capital penetration is quite low among firms in Denmark, and

there is no difference with respect to foreign ownership status between patenting and non-



patenting firms.

For the purposes of our analyses it appears relevant to take into account the role of
external sources of knowledge since they may facilitate firms’ innovation activity. Therefore
we construct two measures of knowledge spillovers, one based on the geographical distance
and the other on the technological proximity, see Appendix 2 for a detailed description of the
external knowledge indexes. Looking at these measures of knowledge spillovers, see Table
1, we find no evidence of diffused clustering behavior or huge differences in technological
distance between the two groups of firms.

Overall, the presented descriptives raise a reasonable interest in evaluating the “nexus”
between workforce diversity in ethnicity, education and demographics and firms’ patenting

behavior, which is something we are going to investigate in depth in the next sections.

3 Econometric methods

3.1 Propensity to innovate

To investigate the effect of labor diversity on firm’s propensity to innovate, we employ a

standard binomial regression technique. Specifically, we estimate the following probit model:

zig=1 of 2z5,>0

zit =0  otherwise

with 2z}, = v.Div_cy +vsDiv_sy + vaDiv_dy + x;tﬂ + v

where 2}, denotes the unobservable variable inducing firm ¢ to apply at least once for a
patent at time ¢; z;; indicates whether firm 4 concretely has applied at time ¢; the first three
terms at the right-hand side are diversity in cultural background, skills and demographics
respectively and v,y is the error term. The vector m;t includes an extensive set of observable
characteristics that might affect firms’ innovation outcomes. More specifically, we include

detailed workforce composition characteristics such as shares of foreigners coming from a
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given group of countries under the aggregate diversity specification (e.g. shares of foreigners
from North America and Oceania, Central and South America, Africa, Western and South-
ern Europe, Formerly Communist Countries, East Asia, Other Asia, and Muslim Countries),
shares of managers, middle managers, males, shares of workers with either tertiary or sec-
ondary education, and shares of differently aged workers belonging to the employees’ age
distribution quartiles, the average firm tenure, whether the firm is an exporter and controls
for partial/total foreign ownership and multi-establishment dummy. Further, we control for
possible knowledge spillover effects, and we include two external knowledge indexes, which
we constructed ourselves and which are described in detail in Appendix 2. Whereas controls
on workforce composition improve the precision of estimates on diversity indexes (as the
latter are based on such shares), the inclusion of spillover measures and foreign ownership
status may capture effects related to external knowledge production. Finally, we include
a set of year, regional and 3-digit industry classification dummies in order to capture any

business cycle influences, regional- or industry-specific effects.

3.2 Identification

If firms aim at labor diversity to improve their innovation performances, then the relationship
under investigation is very likely to be affected by endogeneity. To address the potential
endogeneity issues, we follow an instrumental variable (IV) strategy in order to obtain
a causal effect of workforce diversity on firm innovation activities. More specifically, we
instrument our diversity variables with indexes of workforce diversity in cultural background,
skills and demographic characteristics, computed at the commuting area, where the firm is
located.!! Given that the current geographical location of firms may not be random, we

predict the current composition of the labor supply at the commuting area level by using

1 The so-called functional economic regions or commuting areas are identified using a specific algorithm
based on the following two criteria: firstly, a group of municipalities constitute a commuting area if the
interaction within the group of municipalities is high compared to the interaction with other areas; secondly,
at least one municipality in the area must be a center, i.e. a certain share of the employees living in
the municipality must work in the municipality, too (Andersen, 2000). In total 104 commuting areas are
identified.

11



its historical composition and the current population stocks (Card, 2001).12 Pre-existing
workforce diversity at the commuting area level is unlikely to be correlated with a current
firm’ s innovation, if measured with a sufficient time lag. In particular we use workforce
composition at the commuting areas from year 1990.'3 In this approach, for example, the
predicted share of immigrants from country ¢ and living in a commuting area [ at time ¢,
Meye , 18 computed using the early 90’s stock of immigrants from country ¢ living in [ and

its current population of immigrants:

stocke1990
C
> ey Stocke

We believe that diversity at the commuting area level presents a suitable supply driven

Meiy =

instrument for workplace level diversity because commuting areas in Denmark (except for
the area around Copenhagen) are typically relatively small and therefore firms very likely
recruit workers from a given local supply of labor, which is characterized by a certain
degree of heterogeneity. This argument is further reinforced by the role of networks in the
employment process (Montgomery, 1991, Munshi, 2003). Thus firms placed in areas with
high labor diversity are also more likely to employ a more diverse workforce. It is important
to emphasize that although the commuting areas are not closed economies in the sense that
workers are free to move out, there is a clear evidence of low residential mobility for Denmark
(Deding et al. 2009), which seems to support the properness of our IV strategy. This

IV approach represents a plausible solution also to the selective settlement of immigrants,

12See also research by Card and Di Nardo (2000), Dustmann et al. (2005) and Cortes (2008) for similarly
computed instruments.

IBWe chose year 1990 as a historical base for our predictions because we believe that the lag of 5-13
years should be a sufficient lag for the purposes of our IV construction. In addition, the development in
immigration to Denmark also supports the choice. The eighties and nineties were characterized by rather
restrictive immigration policy with respect to economic migrants from countries outside the European Union
(EU), which made it rather difficult for firms in Denmark to hire applicants from the international pool of
applicants (due to consequences of the Oil Crisis). Immigration to Denmark from those countries during
the eighties til mid-nineties was rather characterized by immigration on the basis of humanitarian reasons
and family-reunion. However, since then Denmark has further tightened its immigration policy (even laws
concerning family reunification and asylum). In particular since the 2001 election, in which the right-wing
Danish People’s Party (DF) with its anti-immigration agenda acquired a significant political power, the
immigration policy in Denmark became one of the strictest in the world. For firms it meant almost no
possibilities to hire international workers from countries outside the EU, which has often been criticized by
the Confederation of Danish Industry (DI). Given those historical developments, we decided to use shares
of immigrants from 1990 as a base for our predictions.

12



because (i) immigrants are likely to settle where there are existing migrants’ networks and
the presence of individuals with the same cultural and linguistic background as themselves
(Damm, 2009; Pedersen at al. 2008)'4, and (ii) pre-existing (from 5 to 13 years earlier)
immigrant concentrations are unlikely to be correlated with current firm innovation. Our
identification strategy is further strengthened by the fact that the firm location decisions
are shown not to be specifically driven by the degree of workforce diversity but rather by
the size of the local demand, the proximity to customers and suppliers, the quality of local
physical infrastructure, the access to firms’ knowledge spillovers (Krugman, 1991; Audretsch
and Feldman, 1996; Adams and Jaffe, 1996; Alcacer and Chung, 2010; Delgado et al. 2010).
And in relation to the last aspect, our measures of firms’ knowledge spillovers, described in
the previous section, should be able to partly control for the endogeneity of firm location
decisions. We use the described IV strategy for analyses of all three dimensions of innovation:
propensity to innovate, intensive and extensive margins.

As a part of the robustness analyses, we use an additional instrument for the workplace
ethnic diversity, in which we compute our ethnic diversity levels at commuting areas on
predicted shares of foreign population based on coefficients obtained from an empirical model
of determinants of migration. Specifically we run the following empirical specification, which
is based on time variant push and pull factors, and costs of migration (Pedersen et al. 2008;

Ortega and Peri, 2009):

Mer = a4+ 0+ (Y% 0:) + (0% 0:) + Aoy + €

where m¢;; is a share of foreigners from source country ¢ and living in a commuting
area [ at time ¢, f;are year dummies, y; and o, are country of origin and commuting areas

fixed effects, respectively, and ). are time invariant pair of country and commuting areas

141n the case of Denmark, there was also a special dispersal policy implemented for refugees between years
1986 and 1998 by the Danish authorities. The dispersal policy implied that new refugees were randomly
distributed across locations in Denmark, see e.g. Damm (2009). This fact as well supports the validity of our
instrument because the refugees, as a part of international migrants to Denmark, were not driven by the firm
innovation outcomes when settling, but by those dispersal policies or by the migrant networks. In addition,
the inflows of economic migrants are driven by push and pull factors of destination and origin countries,
costs of migration and other bilateral relationships between the origins and destinations (Pedersen et al.
2008; Ortega and Peri, 2009). We believe that those migration determinants are unlikely to be correlated
with a firm’ s innovation outcomes.

13



fixed effects, which represent controls for costs of migration and other bilateral historical
relationship between the country of origin and commuting areas. We then predict the share
of immigrants from country ¢ and living in a commuting area [ at time ¢, M. , based on
the obtained coefficients from the empirical model of determinants of migration. Further,
we use those predicted shares to compute an ethnic diversity index at the commuting area
level and use it as an instrument for the workplace ethnic diversity. We believe that the
determinants of migration are likely to be orthogonal with respect to innovation outcomes

at the workplace levels.

3.3 Intensive margins

Our point of departure for the analysis of the intensive margins, is the patent production
function. Following a standard procedure within the literature (Blundell et al., 1995, Kaiser
et al., 2008), we assume a Cobb-Douglas functional form. Moreover, as our dependent
variable is the number of patents, which is by definition restricted to non-negative integers,
the econometric strategy used to analyze the relationship between intensive margins of
patenting activity and labor diversity is grounded on the family of count models. As a
starting point we assume that the data generating process follows a Poisson distribution. If
the random variable Yj;, in our case number of patent applications filed by firm ¢ at time
t, is Poisson distributed, then the probability that exactly y applications are observed is as

follows

e~ Nit \Y

PYi=y| u)= )l

Covariates can be introduced by specifying the individual (firm) mean as

Air = exp (BCDiv_cit + BsDiv_siy + BaDiv_d; + w;tﬂw + m) , (1)
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where 7); stands for the unobserved time-invariant firm-specific heterogeneity term and
wy is a vector of patent production determinants, as specified in subsection 3.1.'® Similar
to Blundell, Griffith and Van Reenen (2002), we proxy for the unobserved heterogeneity #;
by arguing that the main source of unobserved permanent differences in firms’ capabilities
to innovate can be captured by the pre-sample history of innovative successes. In line with
that, we assume that the firms’ average number of patent applications provides a good
approximation of the above unobservable heterogeneity component 7;. However, an overall
increase in the number of patent applications is recorded during the pre-sample period.
Thus, as Kaiser et al. (2008) suggest, we deal with that by normalizing a firm’s number of

patents in a pre- sample year by the total number of patents applied for during that year:

1 T+t y
it
()

i=1 Yit
Following Blundell et al. (1995), we also include, among the covariates w;¢, the discounted
patent stock of firm ¢ at period ¢ — 1 in order to account for potential state dependence in

patenting activity. This is calculated as

disc__stockis—1 = yir—1 + (1 — 8)disc__stock;;—o ,

where y;;_1 is the lagged number of patent applications and ¢ is the depreciation rate set
equal to 30 per cent as in Blundell et al. (1995).

We also add a dummy variable taking value on zero if the firm had never innovated
prior to 1995, to capture persistent differences between patenting and non-patenting firms
(Blundell et al., 1995; Blundell et al., 1999). In addition, this dummy variable represents a
remedy for the so-called "zero-inflation problem" given that in our data many firms never
applied for a single patent. The pre-sample information technique is feasible in a study
like ours because we have a long series for the dependent variable (1977-1994) prior to the

starting period (1995) of the final sample in use.

15Unfortunately our dataset lacks a very important input which is not included in our specification: R&D
expenditures or R&D workers. However, the inclusion of capital stock and of the share of highly skilled
workers partly attenuate this omitted variable bias.

15



As described in the identification subsection above, one may argue that the relationship
between firm-patenting activity and diversity could be affected by endogeneity. The latter
issue might arise because there could be unobserved firm-specific factors influencing both the
number of patent applications and the degree of labor diversity. To address these concerns,
we apply a two-stage IV procedure to the Poisson model as suggested by Vuong (1984). In

this case, equation (1) is specified as follows:

Ait = exp (5aDZ‘07€it + BsDiv_si + BaDiv_dy + ’w;tﬁw +n; + Uit) (2)

where the term wu;; can be interpreted as unobserved heterogeneity correlated with the
diversity indexes but uncorrelated with the vector of patent production determinants w;;.'6
To model the correlation between the endogenous variables and w;, we specify a system of

linear reduced-form equations, one for each diversity index. This is:

Div_cy = w;ﬂw + Z;ﬂz + Ecit

Div_sip = WiV + Z;ﬂz + Esit

Div_d; = w;ﬂw + Z;ﬂz + Edit
where z;; is the vector of exogenous variables that affects firm level diversity, but does not
directly affect the number of patent applications. As in section 3.1, the excluded variables
are the diversity indexes computed at the commuting area where the firm is located and
the model is just-identified. The error terms e are assumed to have zero mean and to
be correlated across equations for a given firm ¢, but uncorrelated across observations.

Furthermore, we assume that the errors u and ¢ are related via

Uit = Peeit + Ps€sit + pacdir + Cit (3)

where (;; ~ [O,Uﬂ is independent of e, €5t and e..'7 Substituting equation (3) in

16The error term u;; is added to allow for endogeneity. It also induces overdispersion, so that the Poisson
model and the Negative binomial model are empirically equivalent.

17This assumption means that € is a common latent factor that affects both diversity and patent applica-
tions and is the only source of dependence between them, after controlling for the influence of the observed
variables.
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equation (2) for u;; and taking the expectation with respect to ¢ yields

E:(\) = exp(BcDiv_c+ BsDiv_s+ BaDiv_d+ w/ﬁ + 0+ INE(°) + pece + pses + pacd) -

The constant term [nE(e%) can be absorbed in the coefficient of the intercept as an element

of w. It follows that

’
Ait = exp <BcDiv_Cit + BsDiv_sit + ﬂdDiv_dit + witﬁw + M + pcEcit + pPsEsit + Pdedit> s

where €., €5+ and €. are the new additional variables. Given that the former variables
are unobservable, we follow a two-step estimation procedure where we first estimate and
generate them and second we estimate parameters of the Poisson model after replacing
Ecit, Egit and eqp With €., €5ir and €. . Obviously, the variance and covariance matrix of
the two-step estimator needs to be adjusted for the above replacement by bootstrapping the

sequential two-step estimator.

3.4 Extensive margins

The estimation approach used to evaluate the extensive margins of firms’ patenting
behavior is similar to the one adopted for the firms’ propensity to patent. Although the
count data models would be more suitable for the analyses of relationship between workforce
diversity and the number of different technological areas of patent application, our data and
concretely the lack of minimum observations required to run count data models do not
allow us to use them. Instead, we evaluate whether more labor diversity increases the
probability of a firm to (apply for a) patent in more than one technological area, conditional

on patenting.

4 Results

This section reports findings for each of the outcome dimensions we look at: propensity

to innovate, intensive and extensive margins. Further, we dig deeper into the analyses and
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we test three main hypotheses, which help us to uncover the role of the mechanisms by which
diverse workforces affect firms’ innovation outcomes. First, we test the creativity hypothesis
proposed by the theoretical frameworks in Hong and Page (2001 and 2004) and Berliant
and Fujita (2008) by distinguishing between diversity among white- and blue-collar workers.
Second, we exclude certain groups of foreigners from calculation of ethnic diversity measures
to investigate the role of the costs of “cross-cultural dealing” as suggested by Williams and
O’Reilly (1998), Zajac et al. (1991) and Lazear (1999). Finally, in the sensitivity analyses
subsection we examine whether the results differ across alternative diversity measures and

samples.

4.1 Results on labor diversity and propensity to innovate

Table 2 reports estimates concerning the propensity to apply for a patent in a given
year. In column 1, we show a model with the three workforce diversity indexes as the only
regressors. The workforce diversity can explain about 14% of the overall variation in the
dependent variable and is associated with sizable and significantly positive effects. Columns
2 and 3 show results from probit models with all other covariates; while the former treats the
diversity indexes as exogenous variables, the latter shows the IV specification with predicted
workforce diversity levels at commuting areas as instruments for the firm workforce diversity.
The results obtained from the IV estimator imply that a standard deviation change in the
ethnic diversity increases the probability to apply for patent by 0.16 percentage points. This
corresponds to a rise in the probability to innovate by about 5 percent.'® On the contrary,
the significance of the effects related to education and demographic diversity vanish. Note
that the first stage of our IV approach clearly shows that our instruments are strongly
correlated with the firm level diversity. Their statistical validity is also confirmed by the
F-statistics, as the latter are always above 70, which allows us to dismiss the null hypothesis

of weak instrument (Stock and Yogo, 2005).1?

18These figures are obtained using the average probability of innovating. From the estimates in Table 2,
the average probability of innovating is around 0.03. Therefore, the changes in the probability of innovating,
in percentage terms, are (0.16/0.03) = 5.33.

19The first stage results are available on request from the authors.
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Columns 4 to 6 report models with single diversity dimensions to check whether one
dimension of diversity captures the effects associated with other indexes. Ethnic diversity,
for example, may pick up some of the skill diversity effects as individuals with the same edu-
cation but coming from different countries may present degrees of educational heterogeneity
as well. Both educational and demographic diversity remains insignificant even when they
enter the probit model separately while the coefficient of ethnic diversity remains stable. We
cannot, however, rule out that the ethnic diversity is still capturing heterogeneity in a spe-
cific educational level (employees with same degree but coming from different universitary
systems may still present some degree of heterogeneity).

Turning to the other control variables, firms with higher shares of highly skilled and
vocational workers, and exporting firms have higher propensity to patent. Instead, the
knowledge spillovers and the average firm tenure do not explain much of such a propensity.

As mentioned in section 2.2, we additionally estimate probit models using diversity
indexes based on a more detailed category specification; the results are shown in the Table
2, columns 7 and 8. Now the effect of a standard deviation change in the ethnic diversity
produces an increase in the probability to apply for a patent by 0.08 percentage points
which correspond to a rise in the probability to innovate by 2.5 percent, whereas the effects

of education and demographic diversity appear negligible.?°

4.2 Results on labor diversity and intensive margins

In the next step, we analyze how firm workforce diversity contribute to the number of
patent application. Tables 3 reports the results of the intensive margins analyses, here the
estimated coefficients represent elasticities. The first column in Table 3 shows the output
of a Poisson regression?! having only the diversity measures as regressors: the coefficients
to all diversity indexes are large, positive and significant. Once more, after including all
the other control variables (column 2) their dimension and statistical significance decreases.

Nonetheless, except for the ethnic heterogeneity, the diversity indexes don’t retain their

20Results obtained from the specifications with single diversity dimensions are very similar to the ones
reported in columns 4, 5 and 6 and are available on request from the authors.
21Negative binomial models provide very similar results which are available on request from the authors.
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statistical significance. Taking the IV Poisson specifications as the most reliable, we find
that ten percent increase in the ethnic diversity leads to 4.4 percent increase in the number
of patent applications for the aggregated diversity measures. This effect is quite sizable given
that the elasticity associated with a production input like human capital (proxied by the
share of highly skilled workers) is actually slightly smaller. Similar conclusions are drawn
when all the diversity indexes enter separately the Poisson equation. As in the previous
section, our first stage results confirm that our instruments are very good predictors of the
firm level diversity.??

In line with previous literature, we find important effects of the shares of highly skilled
workers, capital and labor stock on the number of patent applications, whereas knowledge
spillovers do not seem to have significant contributions to the overall number of patent
applications. As in the case of patenting propensity, exporters benefit from the knowledge
gained on the international markets.

Columns 7 and 8 in Table 3 report results for models using the labor diversity indexes
based on disaggregate groupings. The results are similar to those using aggregate diversity
specifications, although the coefficients to our diversity variables are slightly smaller in size.
Specifically, in the IV Poisson (column 3) a ten percent increase in ethnic diversity implies

a 2.3 percent increase in the number of patent applications.??

4.3 Results on labor diversity and extensive margins

Table 4 reports the effects of labor diversity on the probability of patenting in different
technological areas in a given year, conditional on patent application. The structure of this
table is similar to the previous ones. Regarding the variables of interest, we find that the di-

versity indexes alone explain 7 percent of the overall variation in the dependent variable and

22The results from the first stage are available on request from the authors.

23We have also investigated whether the effects of a particular dimension of diversity can be influenced
by other forms of labor heterogeneity by inclusion of all possible interaction couples between the diversity
indexes. Furthermore, driven by the hypothesis that there might be complementarities among different skills
and demographic groups, in particular young and educated workers together with a more diverse workforce
can stimulate innovation and creativity, we have augmented our models with interactions between diversity
indexes and shares of highly skilled and younger workers. Nevertheless, none of the interactions turned out
to be statistically significant. Figures showing marginal effects of the interactions are available from the
authors upon request.
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that the coefficients to diversity indexes are positive and statistically significant. However,
the significance of the diversity in education and demographic characteristics vanishes when
endogeneity is taken care of. Overall, we find that ethnic diversity is important for patent-
ing in different technological areas. Taking the estimates from the full IV specification, it
turns out that a standard deviation increase in ethnic diversity is associated with a raise of
about 19 (29) percent points in the probability to patent in different technological fields for
the aggregate (disaggregate) diversity, conditional on patent application. Or alternatively,
a standard deviation increase in ethnic diversity duplicates the probability to patent in dif-
ferent technological fields, according to the most conservative estimates.2* Thus it seems
as the ethnic diversity is much more relevant for patenting in different technological areas
rather than for the patenting per se.

Turning to the other control variables, firms with higher shares of highly skilled and
young workers, and larger capital stock have higher probability of patenting in different

technological areas.

4.4 Results - mechanisms involved

Our rich dataset allows us to uncover the role of different mechanisms by which diverse
workforces affect firms’ innovation outcomes as proposed by the theory and thus we test a
number of hypotheses. Firstly, we calculate our diversity indexes for white- and blue-collar
occupations separately. This is driven by the idea that diversity could play a different role
for distinct occupational groups and consequently have diverse effects on firm innovation. In
particular, we expect that the beneficial effects of diverse problem-solving abilities and cre-
ativity would materialize more in terms of innovation for white-collar occupations compared
to blue-collar occupations. Second, we exclude certain groups of foreigners from calculation
of ethnic diversity measures to test how important are the communication costs and costs
of “cross-cultural dealing”. In these analysis and those reported in the next section, we use

disaggregate indexes only, as we think that the indexes based on a detailed categorization

24From the estimates in Table 4, the average probability of patenting in different technological areas is
around 0.18. Therefore, the changes in the corresponding probability, in percentage terms, are (19/0.18) =
105.
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may be more adequate to represent workforce diversity.?®

The results of the effect of diversity indexes calculated separately for the two occu-
pational groups on firm probability to innovate, number of patent applications and firm
probability of applying for a patent in different technological areas are presented in the first
two columns of Table 5. Our results show that that workforce diversity is indeed much more
important for white-collar than for blue-collar occupations. The effect of ethnic diversity
on both the intensive and extensive margins of innovation is positive and statistically sig-
nificant for the group of white-collar workers only. Conversely, the effect of education and
demographic diversity is insignificant for both white- and blue-collar occupations except for
the demographic diversity, which turns out to have statistically significant positive effect
on the probability to innovate among blue-collar workers. Thus, our results support the
creativity hypothesis proposed by the theoretical frameworks by Hong and Page (2001 and
2004) and Berliant and Fujita (2008).

To test the role of “cross-cultural dealing” we exclude from the calculation of ethnic
diversity alternative groups of foreigners: (1) the second generation immigrants, who are
very likely fluent in Danish and who are almost perfectly integrated into the Danish society
and culture; (2) foreigners with tertiary education and (3) foreigners speaking one of the
language belonging to the germanic group. The last two groups are likely to absorb Danish
or English (which is the communication language in many businesses in Denmark) more
quickly. It is plausible to expect that communication costs associated with ethnic diversity
may increase after subtracting out foreigners who are likely to speak Danish or English.
The results are shown in Table 5, columns 3, 4 and 5 for measures treating the second
generation of immigrants, foreigners with a language belonging to the Germanic group of
languages and foreingers with university education as natives, respectively. Interestingly, the
role of ethnic heterogeneity on innovation weakens once we exclude foreigners who probably
speak English or Danish, confirming the idea that the communication costs and costs of
“cross-cultural dealing” are likely to be more important when foreigners don’t speak the

same language. This is shown by results of analyses from all innovation outcomes under

25The results using the aggregate indexes are qualitatively similar to the detailed categorization, and they
are available from the authors upon request.
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consideration. Furthermore, the fact that the effect of ethnic diversity on the number
of patent applications remains positive and significant even when we exclude university
graduates may also indicate that the latter effects are not merely driven by the recruitment

of talented high skilled workers from abroad.

4.5 Sensitivity analyses

In this section, we examine whether the effects of labor diversity on patenting activity
of firms hold across alternative diversity measures and samples. All results are again based
on the full IV specifications described in the previous section and they are shown in Table
6.

First, as a part of the sensitivity analysis we evaluate eventual variations in the effects
of labor diversity when the diversity measure is differently computed. In particular, we use
two alternative diversity indexes: the Shannon-Weaver entropy and the richness indexes.
The entropy index is considered as one of the most profound and useful diversity indexes
in biology (Maignan et al., 2003), whereas the richness index is defined as a number of
categories observed for each dimension of interest (it does not account for the “evenness”
dimension). The results are shown in Table 6, columns 1 and 2, respectively, and both
measures support the results from our main analyses using our preferred Herfindhal index
and show that ethnic diversity has significant positive effect on all considered innovation
outcomes.

Next, we include an Herfindhal index for the type of tertiary education (this index has
now only 4 categories: engineering, natural sciences, social sciences and humanities) and
the standard deviation for the years of education and age. This allows us, on one hand, to
treat age as a cardinal variable and, on the other, to disantangle the effects associated with
the amount of education from those related to the type of tertiary education. The results
from Table 6, column 3, show that the effects of both education and demographic diversity
are never significant.

As big cities have usually a lot of immigrants and at the same time a high percentage of
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innovative firms, in the next robustness check we drop Copenhagen (the only real agglomer-
ation area in Denmark) and environs from the analysis. Results from this robustness check
are reported in column 4, Table 6, and do not qualitatively differ from the main results.

As labor diversity has been computed at the firm level (weighting average of Herfind-
ahl indexes computed at the workplace level), we evaluate how results change if multi-
establishment enterprises are excluded from the sample. Restricting our attention to single
workplaces, we check whether the relationship between workforce diversity and innovation
is sensitive to the level of analysis or whether it is mainly driven by big companies. Column
5 of Table 6 reports infomation on such a check: the interpretation of these findings does
not significantly differ from that related to the main results.

Next, we run our analyses using an alternative instrument for the workplace ethnic
diversity based on shares of immigrants at the commuting areas predicted from a model of
migration determinants. Specifically, we use the model of migration determinants to predict
shares of immigrants from a particular source country living in a particular commuting
area. We then use the predicted shares of immigrants to construct ethnic diversity levels at
commuting areas, which we then use as an instrument for ethnic diversity on the workplace
level. More details on how the alternative instrument is calculated, is given in section 3.2.
above. The results using the alternative IV shown in column 6, Table 6, confirm our main
findings. For all three studied innovation outcomes we observe that the ethnic diversity has
a significantly positive effect, whereas the effects of educational and demographic diversity
are statistically insignificant.

Finally, we look at whether there is any difference in the effect of diversity on innovation
for firms with or without pre-sample patents. Not surprisingly, the last two columns of Table

6 show that the impact of ethnic diversity is stronger for firms with pre-sample patents.

5 Discussion and conclusions

In this paper we provide an overall assessment of the nexus between labor diversity and

firms’ patenting behavior. To the best of our knowledge, this study represents the first
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concrete attempt to formalize and generalize the relationship between labor diversity and
innovation by using detailed information on firms’ workforce composition.

Specifically, controlling for a large number of firm-specific characteristics, proxying for
time-invariant unobservables, including reasonable measures of knowledge spillovers, adopt-
ing alternative categorizations for diversity and using proper instruments for the labor diver-
sity dimensions of interest, we find a robust evidence that ethnic diversity of the labor force
is an important source of innovation. That facilitates firms’ patenting activity in several
ways: (a) it increases their propensity to (apply for a) patent, (b) it increases the over-
all number of patent applications and (c) it enlarges the breadth of patenting technological
fields. Being prudent in the quantification of ethnic heterogeneity effects on all these aspects
of patenting activities, we find that a 10 percentage change in ethnic diversity increases the
number of firms’ patent applications by approximately 2.3 percent, according to the most
conservative estimates. The contribution of ethnic diversity in terms of general propensity
to send at least one patent application in a given year is economically sound: a standard
deviation change in its value turns to raise such a probability by 2.5-5 percent. Conditional
on patenting, the effect of ethnic diversity on extensive margins is very large, a standard
deviation change in skill diversity duplicates the firms’ probability to apply for a patent in
different technological areas. Thus, in order to widen the patent technological spectrum it
seems to be fundamental to increase the heterogeneity in the workers’ perspectives stemming
from different cultural background. Regarding the results of education and demographic di-
versity on innovation, their effects typically vanish when we include the full set of controls or
once we instrument the diversity measures. Finally, we find that the beneficial effect of eth-
nic diversity on innovation materializes for white-collar occupations only, whereas the effect
for the group of blue-collar workers is negligible. These results support the hypothesis that
more educated workers tend to have a wider pool of different experiences, knowledge bases
and heuristics boosting their problem-solving capacities and creativity, which in turn facili-
tate innovations. In this regard, our findings are consistent with the theoretical frameworks
proposed by Hong and Page (2001 and 2004) and Berliant and Fujita (2008).

The overall picture coming out from our empirical analyses seems to be particularly
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relevant not only for the design of firms’ innovation and hiring strategies but also for public
policies aimed at fostering innovation. Our results give an important insight into the tech-
nological process, a driver of productivity growth and hence of the economic growth. We
find that an increase in firm labor diversity in terms of ethnicity has a positive effect on
the firm innovation process. Thus, governmental policies aimed to promote an employment
of workers with different cultural backgrounds can be beneficial in terms of improvements
in firms’ patenting activities, increasing both private returns, directly, and social gains,
through knowledge diffusion mechanisms. Such policies might help to invert the general
decline in patenting activity recorded during the recent economic crisis among the OECD

countries (OECD, 2009).
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Appendix 1: Measurement of ethnic diversity

The citizens in the different nationality groups are: Danish, Danish native including second
generation immigrants; North America and Oceania, United States, Canada, Australia,
New Zealand; Central and South America, Guatemala, Belize, Costa Rica, Honduras,
Panama, El Salvador, Nicaragua, Venezuela, Ecuador, Peru, Bolivia, Chile, Argentina, Brazil;
Formerly Communist Countries, Armenia, Belarus, Estonia, Georgia, Latvia, Lithuania,
Moldova, Russia, Tajikistan, Ukraine, Bulgaria, Czech Republic, Hungary, Poland, Romania,
Slovakia, Albania, Bosnia and Herzegovina, Bulgaria, Croatia, Rep. of Macedonia, Mon-
tenegro, Serbia, and Slovenia; Muslim Countries, Afghanistan, Algeria, Arab Emirates,
Azerbaijan, Bahrain, Bangladesh, Brunei Darussalem, Burkina Faso, Camoros, Chad, Dji-
bouti, Egypt, Eritrea, Gambia, Guinea, Indonesia, Iran, Iraq, Jordan, Kazakstan, Kirgizstan,
Kuwait, Lebanon, Libyan Arab Jamahiriya, Malaysia, Maldives, Mali, Mauritania, Morocco,
Nigeria, Oman, Pakistan, Palestine, Qatar, Saudi Arabia, Senegal, Sierra Leone, Somalia,
Sudan, Syria, Tadzhikstan, Tunisia, Turkey, Turkmenistan, Uzbekistan, Yemen; East Asia,
China, Hong Kong, Japan, Korea, Korea Dem. People’s Rep. Of, Macao, Mongolia, Taiwan;
Asia, all the other Asian countries non included in both East Asia and Muslim Countries
categories and Africa, all the other African countries not included in the Muslim Country;
Western and Southern Europe, all the other European countries not included in the For-

merly Communist Countries category.

Using linguistic grouping: Germanic West (Antigua Barbuda, Aruba, Australia, Austria,
Bahamas, Barbados, Belgium, Belize, Bermuda, Botswana, Brunei, Cameroon, Canada, Cook
Islands, Dominica, Eritrea, Gambia, Germany, Ghana, Grenada, Guyana, Haiti, Ireland, Ja-
maica, Liberia, Liechtenstein, Luxemburg, Mauritius, Namibia, Netherlands, Netherlands An-
tilles, New Zealand, Saint Kitts and Nevis, Saint Lucia, Saint Vincent and Grenadines, Sey-
chelles, Sierra Leone, Solomon Islands, South Africa, St. Helena, Suriname, Switzerland,
Trinidad and Tobago, Uganda, United Kingdom, United States, Zambia, Zimbabwe), Ger-
manic Nord (Denmark, Iceland, Norway, Sweden), Slavic West (Czech Republic, Poland,
Slovakia), Slavic South (Bosnia and Herzegovina, Croatia, Serbia, Slovenia), Slavic East
(Belarus, Georgia, Mongolia, Russian Federation, Ukraine), Baltic East (Latvia, Lithua-
nia), Finno-Permic (Finland, Estonia), Ugric (Hungary), Romance (Andorra, Angola,
Argentina, Benin, Bolivia, Brazil, Burkina Faso, Cape Verde, Chile, Columbia, Costa Rica,
Cote D’Ivoire, Cuba, Djibouti, Dominican Republic, Ecuador, El Salvador, Equatorial Guinea,
France, French Guina, Gabon, Guadeloupe, Guatemala, Guinea, Guinea Bissau, Holy See,

Honduras, Italy, Macau, Martinique, Mexico, Moldova, Mozambique, Nicaragua, Panama,
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Peru, Portugal, Puerto Rico, Reunion, Romania, San Marino, Sao Tome, Senegal, Spain,
Uruguay, Venezuela), Attic (Cyprus, Greece), Turkic South (Azerbaijan, Turkey, Turk-
menistan), Turkic West (Kazakhstan, Kyrgystan), Turkic East (Uzbekistan), Gheg (Al-
bania, Kosovo, Republic of Macedonia, Montenegro), Semitic Central (Algeria, Bahrain, Co-
moros, Chad, Egypt, Irak, Israel, Jordan, Kuwait, Lebanon, Lybian Arab Jamahiria, Malta,
Mauritiania, Morocco, Oman, Qatar, Saudi Arabia, Sudan, Syrian Arab Republic, Tunisia,
Yemen, United Arabs Emirates), Indo-Aryan (Bangladesh, Fiji, India, Maldives, Nepal,
Pakistan, Sri Lanka), Mon-Khmer East (Cambodia), Semitic South (Ethiopia), Malayo-
Polynesian West (Indonesia, Philippines), Malayo-Polynesian Central East (Kiribati,
Marshall Islands, Nauru, Samoa, Tonga), Iranian (Afghanistan, Iran, Tajikistan), Betai
(Laos, Thailand), Malayic (Malasya), Cushitic East (Somalia), Viet-Muong (Vietnam),
Volta-Congo (Burundi, Congo, Kenya, Lesotho, Malawi, Nigeria, Rwanda, Swaziland, Tanza-
nia, Togo), Barito (Madagascar), Mande West (Mali), Lolo-Burmese (Burma), Chadic
West (Niger), Guarani (Paraguay), Himalayish (Buthan), Armenian (Armenia), Sino
Tibetan (China, Hong Kong, Singapore, Taiwan), Japonic (Japan, Republic of Korea, Korea
D.P.R.O.).
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Appendix 2: External knowledge indexes

The main literature on agglomeration economies emphasizes the importance of firm’s
local environment, which may reflect information advantages, labor or other inputs pooling
and further beneficial network effects aimed at alleviating the burden represented by fixed
costs. A seminal contribution in this field is due to Audretsch and Feldman (1996), who
find that industries characterized by elevated R&D intensity or particularly skilled labor
forces present a greater degree of geographic concentration of production. Other relevant
studies like Wallsten (2001) and Adams and Jaffe (1996) provide evidence of the geographic
extent of knowledge spillovers by computing the distance in miles between each firm-pair.
However, the geography is not the only dimension of the external knowledge. In fact, there
exists at least another approach which focuses on the concept of technological proximity
(Jaffe, 1986; Adams, 1990). Specifically, the idea that the technology developed by a firm
can affect other firms, even though they are not geographically close or no transactions of
goods occur between them, has led to the definition of technological proximity as closeness
between firm-pairs’ technological profiles.

Following both the cited approaches, we construct two indexes of knowledge spillovers.
These are weighted sums of firms’ codified knowledge proxied by the discounted stock of
patent applications.?6 The weighting function for the first index refers to the geographical
distance between pairs of workplaces’ municipalities and is computed by using the firms’
latitude and longitude coordinates (the address of their headquarters). Specifically, assuming
a spherical earth of actual earth volume, this method allows us to measure the distance in
kilometers between any pair of firms ¢ and j .2” The first knowledge spillover index is then

computed as follows:

I
1
K geoy = it Z disc_stock;y .
J#i

The second index is instead based on the technological proximity. Following Adams

26See paragraph 4.2.
2"We use the following formula d;; = 6378.7 * acos{sin(lat;/57.2958) * sin(lat;/57.2958)+
+cos(lat; /57.2958) * cos(lat; /57.2958) x cos(lon; /57.2958 — lon; /57.2958)} .
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(1990), we use the shares of differently skilled workers to define our alternative weighting
function 1;; that is the uncentered correlation:
fif;

ij = R

[(fif:) (fif})]

The components of the generator vector f reflects firm’s workforce composition in terms
of skills using the disaggregated categorization as described in section 3.2. The second

measure of knowledge spillover pool is therefore defined as

I
K _techy = 1y Z disc_stock;y .
J#i
Thus, both K _geo;; and K _tech;; contain weighting functions that might capture the
so-called firm’s absorptive capacity, which is the ability to identify and exploit the knowledge

externally produced (Cohen and Levinthal, 1990).

36



(% ©0'TT) seMIATIOR SsouIsnq pue (% G1'T) UOYRIPIULIUL
reoueuy ‘(9 2g0) suoneorUNUWONR[e) pue 3sod ‘(% 70'6) opely [reldl ‘(% L9FI)
oper) aresofoym ‘(% (0F'¢g) UOTIONIISUOD ‘(9 6L'¢) amyTmany ‘(9 €T°6T) S[RIDW dIseq
‘(9% 0G'T) s1onpoad TeIsUIU DI[[RISUI-UOU IO ‘(Y 6F°¢) S[eorurard ‘(% 89°9) sponpoid
poom ‘(9% $g'g) So[IxaY (% GO'F) 099eqO) pUR SoSeIoAdq ‘POOJ :SUIMO[[O] o1} oIe
sisAreue [esrrrdurd a1y Ul POPN[OUL SI0109S [RLIISIPUI 9T, '€00C OF GGG WOIJ soSerose
o) se PassaIdxo ore so[qerres SUUNOIOR pue UOISOdUIODd IOIOPYIOM [ : SIPON

8LGE 8G0€6 9€996 N
66T°CTT 686°¢8 €9C el 86€°€6 P19'€el 601°€6 oouRsIp [eorydeioo3 oYy uo paseq d[qerrea aofjids Tono[[ids a9y
769 19¢ TT9P90T  GE9E'LYE  T86°CT0T 6L6°LVE ¢y L201 QOTRSTP [EDISOTONTPD) T} TO Paseq d[qeLIeA Toao[[ds Toao[rds 095

2500 1€6°0 667°0 11670 6670 1290 Surrodxo st way oy Ju 1 dxo
167°0 G820 G0€°0 €01°0 ¥Ie0 111°0 JUDUIYST[(RISI-TI[UI ST ULIY DY JI °] unu
¥90°0 ¥00°0 090°0 70070 090°0 ¥00°0 POUMO USIOI0] ST WIy oty JT ‘] drqs1oumo-usoIof
0TL9TTC 8'TETT9S  L'9L096L  69°L808G 006°L1TS88  0L0'€TLIL (=1 0001) [eyden
90¢°¢e $G8°0 - - 969°0 2€0°0 suorjeoridde jueyed jo roquunu [enuue suoryeorjdde juoyeq
:soqeLIRA SUTUNOdDY

€50°0 Te60 cL00 8180 cL00 0880 sorystegorIetD orfdersoursp seaforduwe 1o paseq Xopul AISIOATD 188es1p owop xopuy
G010 989°0 1€1°0 PLG°0 CET0 6,50 ToryeDnpa  $99£0[dWd 1O Paseq Xopur AJISIOAID 188estp npa xopuy
A ¥16°0 9¢z°0 W10 G970 [l 1) ogengue] uoyods soodo[dud UO paseq Xopul A}ISIOAIP 133esIp oruyjo Xopuy
16070 €6L°0 .00 T80 TL0°0 $CL0 sonstoloRIRYD ddeISourop seoio[duro mo paseq Xopur A}ISIOATDP 188 owop Xopuy
[01°0 L8P0 T111°0 91%°0 ZIT0 RI¥°0 uoryeonpo seafo[due uo paseq Xopul AJSIOATP 133 npa xopuy
6L2°0 7680 9120 110 200 210 Lo Jo £1punod seafordurs wo paseq Xapur AJISIOATP 188 orur)e Xopuy
005°0 €67°0 7620 ¥60°0 c1e0 60T°0 soofordtd ()T ey} sSof ST 97IS Wy Jt ‘T €218
€81°0 98¢0 §ce0 0210 8¢€°0 €e10 soafordud (T PUe TG WLIMIA( ST dZIS WY JT ' COZIS
L97°0 €280 01v°0 G8L°0 ¢4 89L°0 soadordwa (g ety $SIY ST 9718 WLy Jt ] o718
¥€2°0 999°0 9.2°0 66L°0 92370 66L°0 soafodums [re jo uorprodord e se s1e[[od onyq SIR[0D an[q
R0Z°0 682°0 661°0 Z91°0 2020 19T°0 soadorduws {re jo uorprodord e se s1oSeurewt afpprut IoGetren oppru
9%0°0 av0'0 9¢0°0 6£0°0 9¢0°0 070°0 soaforduwe (e jo uoryrodoid e se siofeuewt ToSeura
LT il 6L6'T 9L8Y €L6'T 068'% 2INUDY dFeIoAR aImuo}
0210 $80°0 06070 9¢0°0 6070 R€0°0 seadorduws e jo uorprodoid e se woryeonpe A1e1ae) e Yim seafojdurs CIos
R€T°0 9€9°0 ¥.1°0 7€9°0 eL10 7€9°0 soafoduwo [1e jo uorpodoad e se uoryeonps Arepuoses-jsod /Arepuooss e s seafordurs IS
18070 1820 12T°0 7680 12T°0 760 sooforduwe (e jo uoryrodoid ' se uoryeonpo Arosnduwod s sooso[durd TIIHS
660°0 L6T°0 10T°0 102°0 10T°0 1020 soafoduwo [1e Jo uoryrodoxd e se ¢9-1 poSe seafordura pode
6L0°0 G850 111°0 GTT 0 1o 9220 soafordum [[e jo uontodoxd e se )j-L¢ page seadofdwa gose
€01°0 7680 0€1°0 G620 0€1°0 8620 soodo[due [[e jo uorprodoid e se ge-Gg pode soosojdurd zo%e
20T°0 9610 L0 6,20 PLT°0 9.2°0 soaforduws [pe jo uorprodord e se gz-GT pade seadorduro To8e
290°0 {¢0°0 GR0°0 <100 ¢R0°0 9%0°0 sooforduo [re jo uorprodold e se seaforduwe ystuep-uou SI9UB1010]
081°0 969°0 €ee0 91L°0 2820 91L°0 soakordws [[e jo uorprodoid e se uswr soeut
SO[qReA VAT

PS uedN PS wea\ PS U uonuyga(] SO[(RLIRA

Juojed SUO JSLI] Y8 [IIM SULIL]

syuoyed JNOYIIM SULIL]

ordures 1y

$o19813R9S 2ATIALINSO(T T O[qRL,



‘[9AS] WLIY O} 1B POISISNO SIOLS PIBRPURIS % 0Tx ‘%Cws %L ‘S[OAS] 90UROYIUSIG
"UOT)RWI)SO AT WOIJ s3NsaI 110doI YOPOJA] PUR 9[OPOIN-C[OPOIN UoIjesyIads 935013
-3eSIp o1} U0 poseq AJSIOATP :R[OPOIN-L[PPOIN "uorjesyads 0)e301d3e o1} U0 paseq
AYISIOATP  :Q[OPOIN-T[PPOIN “pojiodar are sjoope Teursre]y -uonesrdde juejed ouo
1SB9 1B 2ARY 073 Ajiqeqold oY) SI SUOIFRWIISS [[B Ul 9[qeriea juapuadop oY, 590N

63€°0 18€°0 ¥8€°0 £8€°0 98€°0 98¢°0 ¥8€°0 9¢1°0 bs-y opnosd
9£996 9£996 9£996 9£996 9£996 9£996 9£996 9£996 N
sok sok sok SoA SOk S0k S04 ou A1yunoo jo dnois Aq s10usaIoy jo oreys
sok sok sof sok sok sok sok ou sorrmunp reak /oz1s /A1ysnpuy
(000°0) (000°0) (000°0) (000°0) (000°0) (000°0) (000°0)
++1000°0 ++1000°0 +x1000°0 10000 +x1000°0 ++1000°0 10000 ToA0[Ids P9}
(000°0) (000°0) (000°0) (000°0) (000°0) (000°0) (000°0)
1000°0 1000°0 1000°0 1000°0 1000°0 1000°0 1000°0 120][1ds 053
(100°0) (000°0) (000°0) (000°0) (000°0) (100°0) (000°0)
T00°0 T000°0- T000°0- T000°0- T00°0 %1000 T000°0- T
(000°0) (000°0) (000°0) (000°0) (000°0) (000°0) (000°0)
+1000°0~ 1000°0- #1000°0~ +1000°0~ 100070~ 100070~ +1000°0 amuey
(000°0) (000°0) (000°0) (000°0) (000°0) (000°0) (000°0)
10000 T000°0 +100°0 +100°0 +100°0 +100°0 #%100°0 Ioeteut o[pprut
(100°0) (100°0) (100°0) (100°0) (100°0) (100°0) (100°0)
100°0 100°0 1000 +100°0 #2000 +100°0 +100°0 Togeuewt
(100°0) (100°0) (100°0) (€00°0) (100°0) (€00°0) (100°0)
70070 ++£00°0 #4£900°0 7000 +x£G00°0 G00°0 k80070 gIms
(100°0) (100°0) (100°0) (200°0) (100°0) (200°0) (100°0)
20070 #2000 20070 ££00°0 20070 200°0 #2000 TIs
(000°0) (000°0) (000°0) (000°0) (000°0) (000°0) (000°0)
(100°0) (000°0) (100°0) (000°0) (000°0) (100°0) (000°0)
100°0 000°0- 0000 +x100°0- 100°0- 10000 +100°0- so[eut
(100°0) (100°0) (100°0) (100°0) (100°0) (100°0) (100°0)
100°0 «100°0 100°0 +100°0 #0070 +100°0 #1000 goge
(100°0) (100°0) (100°0) (100°0) (100°0) (100°0) (100°0)
+100°0 100°0 #100°0 1000 +100°0 #0070 «100°0 gose
(100°0) (100°0) (100°0) (100°0) (100°0) (100°0) (100°0)
+100°0 0000~ 1000 1000°0~ 10000 100°0 10000 ToSe
(000°0) (000°0) (000°0) (000°0) (000°0) (000°0) (000°0)
#%1000°0 #51000°0 #%1000°0 510070 510070 #%5100°0 #45100°0 (T)3071
(000°0) (000°0) (000°0) (000°0) (000°0) (000°0) (000°0)
00070 #xx100°0 110070 #5100°0 #x5100°0 #x5100°0 #45100°0 (>1)8071
(900°0) (100°0) (500°0) (500°0) (100°0) (900°0)
110°0 1000°0 800°0 L0070 0000 ok 9F0°0 owa( Xopup
(200°0) (100°0) (#00°0) (600°0) (100°0) (¥00°0)
200°0 70070 $00°0 100°0 100°0 #8100 npg xopup
(200°0) (000°0) (200°0) (200°0) (000°0) (200°0)
#££00°0 #1000°0 #800°0 #0070 510070 ##660°0 omuye Xopup
(AD Mqoig ~ nqoid (A 1901d  (AID) 190id  (AI) Mq0id  (AI) Mqoid  1qoid nqo1g

(8) PPOIN__ (2) 1PPOIN__ (9) PPN (g) IPPOIN (7) IPPOIN  (g) 1°POIN (%) 1°POIN (1) IPPOIN

"SYMSOI UlR]y "djesouul 03 ANIqeqord WG U0 AYISIOATD I0(R[ JO $100[0 oY ], G O[qRL

11



‘suorjesrjdox

00 yam aanpoooid Surdderysjooq dojs omy [eryuenbes e Sursn podderjsjooq oe siox
-1o pIepue)s :(A]) UOSSIOJ ‘[oAS] ULIY oYY} )8 POISISN[O SIOLID PIRPURIS "%0T s ‘%G
‘Of Tuesese S[OAD] 9OUROYIUSIG "UOIJRWIISO AT WOIJ SHMSal 110dox QOPOJN puR 9epPOIN
-CTePON  “uoryeOyIoads 9)e5aI183RsIp oY) U0 poseq AJISIOATP :Q[OPOIN-LPPOJN "UOIIed
-g1ads 99e80183e o) U0 paseq AJSIDAIP :Q[EPOJA-T[OPOIN "Po3I0odal oIe so1Io1)se[Hq
‘suotyestjdde Juejed Jo IoqUINU 91} ST SUOIPRUII)SI [ Ul S[RLIRA JuapUadop o, :S270\

5'818CG 1°G8.TT 162£5T 6°LL0ST 619282 721666 £7295C 0291 48]
9£996 9£996 92996 9£996 9£996 92996 9£996 9£996 N
soA Sok sak Sok SoA sak SoA ou A1yunon jo sdnois Aq s1euselog jo areyg
sk sok sk sok sok sk sok ou sormmmp Iead /ozis /Aysnpuy
(¥10°0) (2£0°0) (8€0°0) (8€0°0) (¢70'0) (7100 (2£0°0)
070°0 £690°0 £60°0 170°0 #9800 #L20°0 «190°0 Trods oy
(920°1) (06¢°0) (095°0) (0gc'g) (zes0) (£99°%) (165°0)
9091 «GL60 cOv°0 676G 9650 290°E 8650 Toro[[ids 003
(60°0) (020°0) (£20°0) (£20°0) (¢20°0) (620°0) (020°0)
£20°0 100°0 160°0~ 9800~ 7200 7100 G00°0~ jelul
(12£°0) (282°0) (862°0) (50€°0) (£62°0) (e1€°0) (982°0)
29v°0- 0380 €280 1L2°0- 650 630 e 0- omuoy
(¢60°0) (5L0°0) (890°0) (£90°0) (690°0) (0£0°0) (290°0)
#9810 150°0 #8110 0400 G010 LV0'0 #46ET°0 BRI O[ppIt
(070°0) (070°0) (070°0) (zv0°0) (170°0) (er0°0) (170°0)
z10°0 8000 910°0 8000 61070 8000 0200 Togemen
(8¥0°0) (¢€0°0) (¢€0°0) (ro1°0) (¢£0'0) (821°0) (¥£0°0)
#55LTT 0 w00 o T6T°0 ##£GE°0 550810 «xL9E0 #5x8CT°0 aIms
(0¥F°0) (967°0) (1¢7°0) (ve1'g) (FSF0) (97€°3) (629°0)
LV1'0 ##698°0 wGETT 6660 #+ETTT 1681~ s PGLT TS
(611°0) (611°0) (921°0) (521°0) (£21°0) (¥z1°0) (621°0)
#xx87G°0 5% 1€9°0 #%x999°0 #xx0L9°0 #xx VP40 +%x999°0 #xx089°0 dxe
(££5°0) (9¢°0) (09¢°0) (8L€°0) (FeF0) (109°0) (6¢50)
0S1'0 8630 £€0°0- eIro- 0700 ¥60°0 LV00 sofem
(9e2°0) (€v2°0) (262°0) (vez0) (#¥2°0) (6€2°0) (9v2°0)
052°0 a0 920 930 8.2°0 8650 L83°0 gole
(662°0) (¢62°0) (€0€°0) (682°0) (262°0) (60€°0) (toe°0)
€9z°0 SIT0 PeT’0 SPT0 G910 6030 [4ak( zose
(¥8¢°0) (9¢2°0) (622°0) (082°0) (152°0) (09€°0) (52°0)
#4780 6710 102°0 01€°0 Trz0 270 2810 Tose
(900°0) (900°0) (900°0) (900°0) (200°0) (200°0) (900°0)
558600 #5980°0 5L GO0 59800 ##58G0°0 #58S0°0 5L GO0 Aurmmp 30050 poxt]
(200°0) (200°0) (200°0) (200°0) (200°0) (£00°0) (200°0)
700°0 £00°0 $00°0 «P00°0 £00°0 £00°0 £00°0 (s1a0 poxy)sor]
(000°0) (000°0) (000°0) (100°0) (000°0) (100°0) (000°0)
10000°0 100000 100000 1000 10000°0 100000 100000 suoryeotdde Jo 3po3s poyunodsi(y
(662°0) (5L€°0) (6£7°0) (117°0) (199°0) (£02°0) (88€°0)
ce0'0 #8601 LT T w17 T ¢sT0 6€1°0 #£996°0 (T)%01
(2£9°0) (re9°0) (799°0) (¥799°0) (99'0) (2¢9°0) (629°0)
(e} +x46E8T Fax 110G 54x6L0°G #4x990°G #4xGCTC #xxCT0°G (>1)%011
(€10°7) (062°T) (281°¢) (678°€) (909°1) (cge'1)
STT'T 0TT'0- €810 €991 8150 56186 owap Xopuy
(ee1°1) (£99°0) (9€6°2) (ceze) (F25°0) (¢67°0)
630'T +x198°C £00°E SIS +CT6°0 #+%ECE'T npo Xopup
(¢11°0) (90°0) (r1e0) (112°0) (£0°0) (870°0)
#5VET0 £890°0 5 1EF°0 e PTV0 48800 4440880 omuy3e Xopuy
(AI) uossiog uossiod (AJ) uossiod (AJI) uossiog (AJ) uossiod (AJ) UOSSIOJ  UOSSIOJ uossIoJ
(8) PPOIN__ (L) 1PPOIN_ (9) 1PPOIN (g) 1PPOIN (¥) 1PPOIN (¢) PPOIN__ (2) 1PPOIN_ (T) 1°POIN

‘symsor urey suorjedrdde juojed ULIg WO AJSIDAIP I0(R] JO SID0J0 O T, ¢ 9[(R],

111



‘[oA9] WLIY
9} ) PAISIS]D SIOLID PIRPURIS %4 0T ‘UGyy ‘YT ussx S[OAD] 9OURIYIUSIS UOTJRUIT)SO
AJ woxj sjmsol 110dol QOPOIN PUe 9[OPOIN-EOPOIN uoreoyoods 91edo13sesip o)
uo poseq AJISIOATP :QPPOJN-L[PPOIN "uoreoyoads ojesordde oy) U0 poseq AJISISAID
:9[OPOIN-T[OPOIN "Po3iodal aIe s309jo [eUISIR]\ "SedlIe [edL30[0UYId) JUIIOPIP Ul Juajed
e Surd[dde jo Aiqeqord oy ST SUOIJRWIIISS [[R UL d[(RLIRA Juapuadep o], 5970\

16T°0 26270 60€°0 60€°0 L1€°0 81€°0 70€°0 190°0 ¢y opnosd
9801 9801 9801 9801 9801 9801 9801 9801 N
sok sok sok sok sok sok sok ou A1punoo jo dnois Aq s1ouSioloj jo areyq
sok sok sok sok sok sok sok ou sorrmunp reak /oz1s/A1ysnpuy
(000°0) (000°0) (000°0) (000°0) (000°0) (000°0) (000°0)
10000 1000°0 10000 10000 10000 10000 1000°0 Tono[[ids ooy
(000°0) (000°0) (000°0) (000°0) (000°0) (000°0) (000°0)
1000°0 1000°0 10070 #1000 10070 +x100°0 1000°0 Toaoids 003
(920°0) (920°0) (¥20°0) (¢z0°0) (¥20°0) (#20°0) (¥20°0)
€20°0- 120°0- £20°0- 2200~ 6200~ ¥20°0- 920°0- yuoyedod
(120°0) (1£0°0) (5£0°0) (820°0) (090°0) (990°0) (620°0)
zL00 100°0 820°0- 5070 #8600 6L0°0 200°0 Hnu
(600°0) (600°0) (600°0) (600°0) (800°0) (600°0) (600°0)
900°0 900°0 800°0 6000 110°0 2100 900°0 omuey
(L11°0) (660°0) (560°0) (z01°0) (£60°0) (001°0) (¢60°0)
760°0 600°0- G00°0 G20°0- 910°0- 50°0- 690°0 Ioeteur o[pprut
(¢ 0) (zal)] (z€20) (822°0) (922°0) (cgz0) (822°0)
820 16270 L1270 a61°0 L6270 GezT0 vLT0 Togeuewt
(182°0) (922°0) (90z°0) (88¢°0) (¢0z°0) (08¢°0) (1€2°0)
£E67°0 L6T°0 okl OL0 w0121 +£G99°0 w8LT'T 7L0°0- alms
(¢v1°0) (@rr0) (9%1°0) (6¥°0) (971°0) (¥r9°0) (€€2°0)
L0070 G90°0 #9170 290°0- #+0LE°0 890°0~ L €670 TS
(170°0) (270°0) (570°0) F#%0°0) (#%0°0) (#10°0) (¢70°0)
2€0°0 0£0°0 2100 ¢10°0 L00°0 0100 0100 dxo
(171°0) (860°0) (821°0) (8L0°0) (cL0°0) (0e1°0) (260°0)
L0T°0 £90°0 130°0- £20°0- 6000 010°0- 200°0- sofewt
(L92°0) (952°0) (552°0) (8v2°0) (L¥z0) (2L52°0) (£52°0)
San] 20T°0 89T°0 ¥8T°0 65270 192°0 8¢T°0 goge
(L81°0) (G81°0) (261°0) (8L1°0) (9L1°0) (981°0) (L81°0)
#687°0 #5680 #1870 #8170 sl #8P7°0 #5070 gose
(cez0) (902°0) (€0z°0) (¥0z°0) (981°0) (02z°0) (561°0)
#6690 #9070 ++E87°0 +£928°0 +G0G°0 #8870 #0070 ToSe
(050°0) (£20°0) (L20°0) (€20°0) (8€0°0) (170°0) (220°0)
12070~ #+870°0 #8800 #x920°0 Gv0°0- €r0°0- *CF0°0 (T)8071
(£10°0) (€10°0) (£10°0) (€10°0) (¢10°0) (€10°0) (€10°0)
#xx080°0 #xx870°0 #xx1€0°0 #550S0°0 #%5€50°0 #x57G0°0 #x5160°0 (>1)8071
(160°1) (8¢€°0) (706°0) (816°0) (87€°0) (ece0)
Tl 0£7°0 q10°0- 020°0- ¢80°0- #CLE0 owop Xopuy
(807°0) (0v20) (826°0) (¢z6°0) (18€°0) (L61°0)
680°0- #££9G°0 78L°0- 016°0- okl LET e (1) npo xopup
(061°0) (270°0) (08€°0) (¥8€°0) (c20°0) (190°0)
#6870 4511070 w1701 #x£90°T 516070 #£061°0 oruye Xopup
(AD Mqoig ~ nqoid (A 1901d  (AID) n90id  (AI) M90id  (AI) Mqoid  Nqoid 1nqo1g

(8) PPOIN__ (2) 1PPOIN__ (9) PPN (g) 1PPOIN (7) IPPOIN_ (g) 1°POIN _ (3) 1°POIN (1) IPPOIN

"S)INSaI UTRA “SkaIe [edIS0[ourdo) Juaeytp ut sSutdjdde jo Ayiqeqord oy) wo AYSIOAID I0qR[ JO S109[0 oY ], 7 9[(RL



‘[9AS] ULIY o1} Je PAISISN[D SIOLIO

PIePURIS  "%0Tx ‘Y%Cusx YT -S[OAD] 9OURIYIUSIG “SOTIUND AIISNPUI JISIP-09I7)
pue Ieo ‘sorjsLIojoRIRYD OYDads WLIY oY) [[e 9pN[oul pue so[qe) snoladld oY) ul pasn
yoroidde AT aures oY) [IIm POJRUIISS 9IR SUOISSAISAI [y PolIodel aIe SoI}IdI)se[
[oured o[pprut o) U] ‘pajiodal aIe s)oajje [RUISIRW [ourd )SR] PUR }SIY ) U] 570N

16270 8620 9620 6820 z62°0 gy opnosd
9801 9801 9801 9801 9801 N

(096°0) (286°0) (¥386°0) (8¢1°1) (L6T°1)

012’1 0ST'T 61€T TILT 816°0 I38esIp owop xopul

(g6£°0) (e6£°0) (vor°0) (c¥10) (€8L°0)

L00°0- 8¢0°0- 720°0- 2€0°0- 610'T- I3esIp npo Xoput

(L70°0) (990°0) (020°0) (087°0) (0z€°0)

¥50°0 00T°0 7500 820°0 #x06L°0  13SesIp omuyge xopur

AD)02 on)g

4D)109 YA

SoAIjRU Sk sojenpeds AJISIOATU()

soArjeu se dnoud dorueuLIor)

SOAIJRU Sk ‘W] "Ue8 pug AJSIsAIp oymads uorjednodoQ

seaJe [ed1do[outoo) Juaieyip ur Suiljdde jo Ayfiqeqoig

QVEBVT Q'981.% 7'2869T €'89LL7 0°0€L€€ 2y opnosd
9£996 9£996 9£996 9£996 9£996 N
(182°¢) (918°¢) (z6L¢) (LT ) (sgee)

196°C TILT 7001 601°C 098'T 133esIp owop xoput
(g21'1) (8¥1°1) (v1°1) (651°1) (66L°T)

£86°0 8L0°T 986°0 601°¢- 78T I33estp npo xoput
(6L0°0) (¢20°0) (¥00°0) (ceg0) (620°0)
++08T°0 6£0°0 +xGT0°0 £3C°0- #1890 13SesIp omuyye xopur

AD])02 M) AD]09 2y M
SOAIJRU Sk sojenpedd A)JISIOAIU() SOAIjRU sk dNoad OIURULIDY) SOAIJRU Sk ‘W] "Ue8 pug AJSISAIp oymads uorjednodQ

sjuayed ULIY JO JoqUINN

68€°0 68€°0 63€°0 Gge'0 ¥8€°0 gy opnosd
9£996 9£996 9£996 9£996 9£996 N
(900°0) (900°0) (900°0) (900°0) (¥00°0)
110°0 1100 1100 «C10°0 L0070 138estp owep xapur
(200°0) (200°0) (200°0) (200°0) (€00°0)
€000 £€00°0 €000 100°0 200°0- 133estp npe xopur
(000°0) (000°0) (000°0) (200°0) (900°0)
000°0 +1000°0 +100°0 £00°0 #xL10°0  18Sesip omumye xepur
&dzoo mw&m &SNQU mEQ\S

SOAIJRU Sk sojenpeid A)ISIOATU[) SoAljeUu sk dNoad JOIURWIOr) SOAIJRU Sk W] ‘uad pug AJISIoAIp oyeds uorpednooQ

ajeaouur 0} A)[iqeqord

"POAJOAUT SWISTURTDOUL 9} ‘UOIJRAOUUL ULIY UO AJSIDAID I0(R] JO SI090 O, :G 9[qR],



‘[9AS] WLIY S} 1B PAISISN[O SIOLS PIRPURIS % 0Tx ‘%Gws %L ‘S[OAS] 90UROYIUSIG
‘sorImunp AI3sNpul JISIP-09I(} PuR ILdA ‘SOTISIIoORIRYD OYads WLIY oy} [[8 opN[oul
pue yorordde AT oY} [IIM POJRUWIISO oIe SUOISSOIZRI [y sjuojed opdures-oxd tirm
SULIY JO PUe SULIY JUSWYSI[([R)SO-OUOW JO o[dures-qus o} I0j POASIYDIR 10U ST 90USIoA
-T0D :SeaAIR [RIIS0[0UTDs) JusIoylp ul SutA[dde jo Ayiqeqorg ‘poriodal are sernIse[d
[oued o[pprwt oy} U] ‘poyiodol oIe s100pe [eurdIew [oued ISe] puw ISIy 9} U] :SII0N

- (820°1)
- 9¢6'0

%1G6°T

- ¥I10 +98
syuoyed ojdures-oid yIm suiarg  syuojed ojdures-oad JNOYIIM SULIL] SHUCUIULIONOP UOHRISIUI AT  SWAY 1S0-0UOJ\ _ POpN[OXd S 10do) ps St A}ISIOAIp OWOp pue Npy  Ssoutpry  xopur Adosjuo uouuelg
seode [eo180[0uNo9) JuoIePIp Ul SuiA[dde jo ANIqeqold
§°000€ 12001 0°¢0¥s¢ Sores R6961€ L'6E09 R'TE6S 8'89¢TH
R96E 8926 96996 €P6S8 08768 96996 9€996 9£996
eIy
(98e)ps

1BFestp owop xoput

#%0G 0220

syuojed ojdwes-oad ypm sutirg  sjuojed ojdures-oad JNOYM SULIL]  SJURUIUILIOP UOHRIBI AT SWy 1q o oxo s1 (2do) _PS s AJSIOAIp OUIDP pUE NPH _ SSOUYIry

Syored WY Jo Joquny

9£996

###86C°0 2x810°0 +V #x110°0

syuojed ojdwes-oad [3Im Ul sjuojed o[dwes-o4d JNOYIM SULIL]  SJUCUIULIO)OP UOHEIST A]  SWUY IS OJN Popu[oxe s uodeyedo) Ps S¢ AJISIOAIp OWep put NPy SSouypry  Xopul Adoajuo uouueqs

SyeAounl 07 AN[Iqeqoig

"SYDOYD SSOUISTICOI ‘UOIJRAOUUL ULIY UO AJSIDAIP I0(R] JO SID9J0 O T, :9 9[(R],



	manuscript_Jpopecon.pdf
	main_results



