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Abstract

Using a matched employer-employee data-set, we analyze how workforce diversity associates with the
productivity of firms in Denmark, following two main econometric routes. In the first one, we estimate
a standard Cobb-Douglas function, calculate the implied total factor productivity and relate the latter
to diversity statistics in a second stage. This reduced-form approach allows us to identify which types
of labor heterogeneity appear to descriptively matter. In the second approach, we move toward a richer
production function specification, which takes different types of labor as inputs and that allows for flexible
substitution patterns, and possible quality differences between types. Both methods show that workforce
diversity in ethnicity is negatively associated with firm productivity. The evidence regarding diversity in

education is mixed.
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1 Introduction

Diversity in the labor force is an increasing reality in many developed countries. This diversity results from,
among other things, the following major factors: policy measures that counteract population aging and anti-
discrimination measures, the growth in immigration from diverse countries experienced in recent decades and
the educational and skill upgrading of workforcesE] All of these factors lead to increasing diversity within
the labor force in terms of age, gender, ethnicity and skills.

We observe increasing diversity across many workplaces and often hear about the importance of further
internationalization and demographic diversification for firms. In many countries, firms’ hiring decisions are
affected by governmental affirmative action policies. Additionally, firms are under social pressure to increase
diversity. At the same time, firms are challenged by the constantly changing demand for goods and services,
as well as by new customers and markets, in today’s globalized world. A diverse workforce may be a key
factor in helping firms to understand and meet these new needs.

The popular press usually emphasizes workforce diversity as beneficial for firms, but is this really true?
Do firms benefit from labor diversity and does it generate competitive advantage? What is the relationship
between workplace labor diversity and firm performance? Although the issue is very important, there is
considerable ambiguity surrounding this topic.

Economic theory suggests that workforce diversity may affect firm performance differently and through
various channels. Diversity in skills and education may generate knowledge spillover among the employees
within a firm (as long as workers’ knowledge sets do not overlap and are relevant to one another), which
positively affects firm performance (Lazear, 1999). However there are certain activities for which having
workers with similar skills and education is preferable, as in the case of Kremer’s (1993) O-ring production
function, where profit-maximizing firms should match workers of similar skills/education together. Similarly,
diversity in age can be beneficial to firms because the human capital of younger and older workers can
complement each other. Younger employees have knowledge of new technologies and IT, and older employees

have a better understanding of (and more experience with) intra-firm structures and the operating process

IDemographic projections by the United Nations suggest that during the next four decades, populations in Europe might
ceteris paribus decline by 12 % (United Nations, 2000). The main factor responsible for population aging is a large decline
in the total fertility rate over the last half century. As a consequence of this trend, governments have adopted a number of
measures to counteract the problem of population aging, including policies that encourage people to work longer, to increase
female labor participation and to attract skilled immigrants. In many countries, governments have increased the regular and
early retirement age, restricted access to early retirement by changing economic incentives and promoted anti-discrimination
measures related to age. Female labor participation has grown in most of the world during the last century (OECD, 2005).
This growth is partly due to policies encouraging women to work, e.g., better childcare and parental leave provisions and gender
anti-discrimination measures. Furthermore, we can observe an increase in immigration, including to developed countries, and
a broader diversity of immigrants with respect to their countries of origin (Adsera and Pytlikova, 2011; Pedersen et al. 2008).
As a result of this change, the diversity of the workforce with respect to gender, age and ethnicity has increased. Finally, as a
consequence of the worldwide globalization process and skill-biased technological changes, governments in many countries have
taken steps to increase the skill level of the workforce (e.g., by increasing the supply of university-educated people and enhancing
the availability of lifelong learning).



(Lazear, 1998). However, Becker’s (1957) model of co-worker discrimination suggests that demographic
heterogeneity among workers may create communication friction if workers are prejudiced and may thus
result in some productivity costs.

The expected contribution of ethnic and cultural diversity to firm performance is also unclear. Ethnic-
cultural diversity may affect firm performance negatively because it may (i) hinder potential knowledge
transfer among workers due to linguistic and cultural barriers, (ii) reduce peer pressure by weakening social
ties and trust, and (iii) create non-pecuniary disutility associated with joining or remaining in a ethnically
diverse firm (Lazear, 1999). A similar point regarding trust is made by Glaeser et al. (2000) and Alesina and
La Ferrara (2002), who show that people often distrust members of other ethnic groups and tend to prefer
interacting in culturally homogeneous communities. Conversely, ethnic diversity can be beneficial to firm
performance, improving decision making and problem solving (Hong and Page, 2001 and 2004), stimulating
the creation of new ideas and favoring knowledge transfers (Berliant and Fujita, 2008). Further, workforce
diversity may provide useful information to a firm about a product market, which can enhance the firm’s
ability to compete in global markets (Osborne, 2000; Rauch and Casella, 2003).

To the best of our knowledge, the empirical evidence concerning diversity and economic performance is
fairly scarce, and most of the previous work in this area has employed case studies of one firm (e.g., Hamilton
et al. 2003, 2004; Kurtulus, 2011; Leonard and Levine, 2006) or has used aggregate regional data (e.g.,
Ottaviano and Peri, 2006 and 2011; Suedekum et al., 2009). The use of more comprehensive data in this field
is fairly rare (Barrington and Troske, 2001; Iranzo et al. 2008; Navon, 2009; Grund and Westergaard-Nielsen,
2008, Garnero and Rycx, 2013). Furthermore, most previous studies have focused on only one dimension
of diversity, with the studies by Barrington and Troske (2001), Kurtulus (2011) and Leonard and Levine
(2006) being the only exceptions, and none of these studies has determined the effect of diversity on firm
performance. Within this largely “explorative” and “descriptive” literature, there seems to be some consensus
with respect to skill diversity as a positive factor in firm performance (Hamilton et al., 2003, 2004; Leonard
and Levine, 2006; Iranzo et al. 2008; Navon, 2009; Kurtulus, 2011, Garnero and Rycx, 2013), but the
evidence regarding diversity along ethnic and demographic lines is rather mixed. Case studies, for example,
find that diversity with regard to age and race is negatively associated with firm performance (Hamilton et
al. 2003, 2004; Leonard and Levine, 2006; Kurtulus, 2011), whereas studies using aggregated regional data
find a positive correlation between ethnic diversity and performance (e.g., Ottaviano and Peri, 2006 and
2011; Alesina and La Ferrara, 2005; Sparber, 2009; Suedekum et al. 2009; Peri, 2011). As this study, Fox
and Smeets (2011) make use of the Danish matched employer-employee data-set and consider different skills
levels of workers. Their work is primarily focused on quality dispersion within labor rather than on the role

that diversity of inputs plays in making firms more or less productive.



In this article, we use a unique register-based linked employer-employee data-set (LEED) from Denmark,
which allows us to overcome many of the limitations of previous studies and to contribute to the literature
in several ways. We follow two main econometric routes to investigate the association between diversity
and firm productivity. First, we estimate a standard Cobb-Douglas function, that includes labor as a single
undifferentiated input, calculate the implied total factor productivity and in a second stage relate the latter
to three relevant dimensions of diversity, i.e., cultural background, education and demographics, and using
two alternative specifications of diversity, i.e., an aggregate and a disaggregate one. Implementing this
“reduced-form” approach, we also explore the possible mechanisms through which workforce diversity affects
firm productivity by attempting to test a set of hypotheses derived from existing theories. Specifically, we
look at whether the impact of diversity on productivity arises from diversity within distinct occupational
groups rather than the establishment’s labor force in total, because we expect that diverse problem-solving
abilities and creativity will be more strongly related to productivity in white-collar occupations than in
blue-collar occupations. Additionally, we investigate the importance of communication costs and the costs
of “cross-cultural dealing” by excluding certain groups of foreigners (i.e., individuals with tertiary education
or those who speak a Germanic language) in calculating the ethnic diversity measures. The reduced-form
approach allows us to identify which types of labor heterogeneity appear to descriptively matter but it does
not formally take into account that the labor input is non-homogeneous in the production function, i.e., labor
of different types is of different quality (Hellerstein et al., 1999; Iranzo et al., 2008; Fox and Smeets, 2011;
and Irarrazabal et al., 2011). We therefore move toward a richer production function specification, which
takes different types of labor as inputs and that allows for flexible substitution patterns, and possible quality
differences between types. Specifically, we proceed by modeling a value-added production function that, as in
the reduced-form approach, is Cobb-Douglas in capital and labor but in which the contribution of the labor
aggregate also depends on different types of labor in a CES specification.

Our results generally show that labor diversity in ethnicity is negatively associated with firm productivity,
while the demographic diversity seems not to matter. These findings are consistent with earlier research by
Lazear (1999), Glaeser et al. (2000), Alesina and La Ferrara (2002), and may provide evidence that the
negative effects of the communication and integration costs that are associated with a more demographically
and culturally diverse workforce counteract the positive effects of diversity on firm productivity (i.e., the effects
of creativity and knowledge spillover). The evidence regarding labor heterogeneity in terms of education is
mixed instead. On the one hand, our reduced-form analysis reveals that labor diversity in education is
significantly and positively associated with firm productivity. On the other hand, the estimated parameters
of the structural production function, governing the substitutability between labor types, suggest that it is

not generally optimal to have dispersion in labor types along the educational dimension. However estimating



a modified specification of the structural model separately for each 2-digits industry suggests that, for about
half of the sectors, skill diversity arising only among highly educated workers positively associates with firm
productivity.

The structure of the article is as follows: section 2 briefly describes the data as well as the methods used to
calculate labor diversity at the firm level; section 3 describes the main econometric routes we follow to measure
firm productivity and its association with labor diversity. Section 4 reports results on the relationship between
diversity and productivity using the reduced-form approach. Section 5 includes results from the structural

production function estimation which allows for labor heterogeneity. Section 6 offers concluding remarks.

2 Data

2.1 Data description

The data-set for this empirical investigation is created by merging information from three different main
sources. The first source is the Integrated Database for Labor Market Research (henceforth IDA), provided
by Statistics Denmark. The IDA is a longitudinal employer-employee register that contains valuable informa-
tion (age, education, other demographic characteristics, labor market experience and earnings) about each
individual employed in the recorded population of Danish firms for the period 1980-2005. Only attrition due
to death and permanent migration is included in the data-set. The labor market status of each person is his
or her status as of the 30th of November of each year. The retrieved information is aggregated at the firm
level to obtain variables such as firm size, workforce composition (including average firm tenure; shares of
managers, middle managers, men, highly skilled workers, and technicians; and the shares of employees be-
longing to each age distribution quartile), labor diversity (see the next section for more details) partial /total
foreign ownership and whether the firm is multi-establishment.

The second data source (henceforth referred to as REGNSKAB), also compiled by Statistics Denmark,
provides information on firms’ business accounts. These data cover the construction and manufacturing
industries beginning in 1994, manufacturing beginning in 1995, wholesale trade beginning 1998 and the
remaining portions of the service industry from 1999 onwards. From REGNSKAB, the following accounting
items are used to estimate the production function: value addedﬂ materials (intermediates), capital stock
(fixed assets) and related industriesﬂ Furthermore, linking these variables to a third data source, i.e., the

Foreign Trade Statistics Register, we can retrieve information on whether the firm engages in export activities.

2Computed as the difference between the total sales and the intermediate costs.
3The following industries are excluded from the empirical analysis: i) agriculture, fishing and quarrying; ii) electricity, gas
and water supply; and iii) public services.



2.2 Firm level labor diversity

This section focuses on employee diversity at the firm level. Labor diversity is quantified using information
regarding workers’ gender, age, work experience, highest level of education achieved and nationality. We
use the Herfindahl index to measure the degree of diversity at the firm level. Unlike traditional diversity
measures such as the percentage of employees belonging to a specific group, the Herfindahl index combines two
quantifiable measures: the “richness” (the number of categories represented within the firm or the workplace)
and “equitability” or evenness (how even the numbers are for the individual categories). We calculate three
separate indices to measure the cultural, skill and demographic dimensions of diversity.

Cultural diversity is represented either by the employees’ nationalities or by the languages they speak. The
various nationalities have been grouped into the following categories: North America and Oceania, Central
and South America, Africa, West and South Europe, former Communist countries, East Asia, Other Asia,
and Muslim countriesﬂ It has been argued in the previous literature that linguistic distance serves as a good
proxy for cultural distance (Guiso et al., 2009; Adsera and Pytlikova, 2011). Therefore, we have grouped
employees together by the languages spoken in their countries of origin. This linguistic classification is more
detailed than the grouping by nationality. We group countries (using the major official language spoken
by the majority) at 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 entitled Ethnologue:
Languages of the World (Lewis, 2009); see the Appendix for more details about the list of countries and the
linguistic groups included. Education-related diversity is represented by 6 categories based on information
concerning the employees’ highest educational level completed (tertiary education, secondary and vocational
education, or pre-secondary education). We divide tertiary education into 4 categories, making a distinction
between Bachelor’s, Master’s and postgraduate degrees in the social science, the humanities, engineering and
the natural sciences. In a more disaggregated specification, we also decompose secondary education into
general high school, business high school and short and long vocational education programs. Finally, the
demographic index is built from the intersection of gender and age quartiles or quintiles (8 or 9 categories in
total, depending on the level of aggregation).

To measure diversity at the firm level for each dimension, we sum the Herfindahl indices calculated for
each workplace belonging to the same firm, which are weighted by the number of employees employed in each

workplace:

4Second-generation immigrants are not treated as foreigners in the main analysis. However, we employ a specification in
which second-generation immigrants are included in the group of foreigners in the section on the mechanisms driving the effect
of workforce diversity on firm productivity.
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where indexp;; is the Herfindahl diversity index of firm i at time ¢ calculated along the h-th dimension
(education-related and demographic), W is the total number of workplaces belonging to firm 4, S is the total
number of categories of the related diversity dimension, and NV,, and NV, are the total number of employees
of workplace w and of firm i. The proportion of the workplace’s labor force that falls into each category s
of the h-th dimension at time t is represented by the term pswtﬂ The diversity index has a minimum value
equal to 0 if only one category is represented within the workplace and a maximum value equal to (1 — %) if
all categories are equally represented. The index is interpreted as the probability that two randomly drawn

individuals in a workplace belong to different groups.

2.3 Descriptive statistics

Before discussing descriptive statistics for the variables included in the main analysis, we should stress that
(a) firms with imputed accounting variables and (b) firms with fewer than 10 employees have been omitted
from the main sampleﬁ The former choice was made to reinforce the reliability of our empirical analysis.
The latter was made to allow all of the investigated firms to potentially reach the highest degree of ethnic
diversity when an aggregated specification is usedE] Altogether, we are able to analyze the productivity of
approximately 28,000 firms for the years 1995 to 2005.

Table 1 provides basic descriptive statistics for all of the variables used in our analysis for the main sample
by firm size. We split the sample into two main groups: firms above and below 50 employees. Consistent
with the overall character of the Danish private sector, 78 % of the observations corresponds to firms with
fewer than 50 employees Compared with larger firms, smaller companies are engaged in export activities to

a lesser extent and are characterized by lower levels of value added, materials and capital stockﬂ Moreover,

5For ethnic diversity, the shares of foreign workers of different nationalities/linguistic groups in each workplace have been
calculated as follows:

foreignersswt

Pswt = N .
foreignersyt

6 Approximately 9,000 observations corresponding to almost 2,000 firms are lost by limiting the sample to firms with at least
ten employees. Descriptive statistics for the excluded firms are reported in Table A1l of Appendix 2. We have also performed the
main analysis including firms with fewer than ten employees (Table A2 of Appendix 2) and we found that the results obtained
from the unrestricted sample are qualitatively similar to those reported in the paper.

"When a linguistic classification is adopted, we adjust the ethnic diversity to take firm size into account. Specifically, we
standardize the index for a maximum value equal to (1-1/N) when the total number of employees (N) is lower than the number
of linguistic groups (S).

8 According to the OECD (2005), the population of Danish firms is mainly composed of small and medium-sized companies;
firms with fewer than 50 employees account for 97 % of firms and provide 42 % of the total employment in manufacturing and
services.

9 Accounting values are reported in thousands of real DKK. Monetary values are deflated by using the GDP deflator for the
base year 2000 retrieved from the World Bank database.



whereas small firms feature larger shares of managers, relatively younger employees and personnel with
secondary education, firms with more than 50 employees present larger proportions of women, foreigners and
employees with longer tenure. The two groups of firms are comparable in terms of share of employees with

a tertiary education, a key element in our empirical analysis, and in terms of firm ownership.
[Insert Table 1 and 2 around here]

Table 2 reports detailed descriptive statistics for all of the diversity indices by industry, by firm size and
by year. As mentioned in the previous subsection, we calculate our diversity measures using two different
aggregation levels for the categories included in the indices. Cultural diversity is represented by the employees’
nationalities in the aggregate specification and by the languages they speak in a more disaggregate one.
Education-related diversity is based on the information concerning the employees’ highest educational level
completed. In the aggregate index, we distinguish between different types of tertiary education while in a
more disaggregate one, we also make a field-related distinction at the level of secondary education. Finally, the
demographic index is based on gender and age quartiles or quintiles, depending on the level of aggregation. We
observe greater diversity for firms within the manufacturing and the financial and business service industries,
whereas small firms present lower diversity in all dimensions no matter the level of aggregation used. Finally,
diversity is increasing slightly over time, especially in ethnicity. This result is consistent with the increasing

migration to Denmark observed in recent decades.

3 Empirical strategy

3.1 Productivity estimation

As highlighted in the literature concerning the identification of the firm production function, the major issue
in the estimation of input parameters is the possibility that there are factors influencing production that are
unobserved by the econometrician but observed by the firm. In such a case, firms may use asymmetrically
observed shocks to maximize their profits or to minimize their costs. More specifically, it is expected that firms
respond to positive (negative) productivity shocks by expanding (reducing) their output, which requires a
higher quantity and/or quality of production inputs. Thus, the OLS estimates of the coefficients of the inputs
that are observed by econometricians may be biased and inconsistent, and error terms and regressors may
be correlated. Moreover, it is widely acknowledged that whereas fixed-effects (FE) estimation techniques
(Mundlak, 1961) consider firm heterogeneity, FE techniques do not solve the simultaneity problem when

productivity shocks fluctuate over time.



Several methods to address simultaneity have been proposed, such as the structural approach advocated
by Olley and Pakes (1996) (OP henceforth) and Levinsohn and Petrin (2003) (LP henceforth) Both OP and
LP suggest semiparametric methods based on (i) the identification of a proxy variable, which is assumed to be
a function of time-varying productivity shocks (total factor productivity) and (ii) the definition of conditions
under which this function is invertible. The aim is to infer the total factor productivity by using the observed
firms’ input choices (Wooldridge, 2009)E] Although OP and LP are broadly used approaches in the structural
identification of the production function, they suffer from collinearity and even identification problems, as
noted by Ackerberg, Caves and Frazer (2006) (henceforth ACF). Given the timing and dynamic implications of
input choices, these researchers raise questions about the LP estimation techniques in particular. Therefore,
ACF propose an estimation method built on OP and LP approaches that does not suffer from potential
collinearity problems: the coefficient of labor is no longer estimated during the first stage (in a value added
production function).

Gandhi, Navarro and Rivers (2012) (henceforth GNR) have recently expressed some concerns about
the fact that the ACF approach may lead to misleading inferences, as the latter is based on the value-
added specification of the production function, which requires fairly specialized assumptions. They therefore
propose an alternative method to ACF where the identification problem caused by flexible inputs is solved

by a transformation of the firm’s short run first-order condition in a gross-output specification.

3.2 Methodological approaches

We follow two main methodological routes to investigate the link between workforce diversity and produc-
tivity. In the first one, we estimate a standard Cobb-Douglas function, calculate the implied total factor
productivity and relate the latter to our labor diversity indices in a second stage. This “reduced-form” ap-
proach allows us to evaluate which dimensions of workforce diversity seem to descriptively matter but it
does not formally account for the fact that labor of different types is of different quality (Hellerstein et al.,

1999; Iranzo et al., 2008; Fox and Smeets, 2011; and Irarrazabal et al., 2013). We therefore move toward

10See Ackerberg et al. (2006) for a survey.

HThe approach advocated by Olley and Pakes (1996) is a two-step estimation method. In the first step, semiparametric
methods are used to estimate the coefficients of the variable inputs along with the nonparametric function linking productivity
to capital and investment. In the second step, parameters of capital inputs are identified based on the assumed dynamics of the
productivity process (where productivity is assumed to follow a first-order Markov process, see Wooldridge, 2009). However,
the OP estimation method presents two major drawbacks. First, because adjustment costs create lumpiness in the investment
levels, these levels may not respond smoothly to productivity shocks. Second, the OP approach excludes firms that report
zero investment levels: it induces a de facto truncation bias. To overcome these drawbacks, LP use a measure of intermediate
inputs as a proxy for investment levels. This choice has many benefits. First, changes in the intermediate inputs do not typically
involve adjustment costs, and the intermediate inputs therefore respond better to productivity shocks than investments. Second,
the intermediate inputs provide a simple link between the estimation strategy and the economic theory because they do not
typically represent state variables. Third, because intermediate inputs are almost always used in production, the LP approach
circumvents the above-mentioned data truncation problem. Moreover, the LP approach suggests three specification tests for
evaluating the proxy’s performance (Petrin et al. 2004). However, the coefficient of the proxy is recovered during the second
stage rather than the first (as in the OP approach).



a richer production function specification that (i) accounts for different types of labor as inputs and (ii)
adjusts for both quality differences and complementarity /substitutability between labor inputs. Specifically,
we proceed by modeling a value-added production function that is Cobb-Douglas in capital and labor but in
which the contribution of the labor aggregate also depends on different types of labor in a CES specification.
One of main advantages of the second approach compared to the reduced-form one is that the former is
more structurally motivated and theoretically grounded, as it explitly allows for flexible substitution pat-
terns and possible quality differences between labor types. However, the structural estimation approach is
computationally demanding and forces us to model labor dispersion with less flexibility and with a higher
level of aggregation compared to the reduced form approach, which allows us to test a set of hypotheses and
the robustness of our main results by attempting several alternative specifications as well as by looking at
within occupation diversity. The reduced-form approach furthermore allows to simultaneously look at the
three dimensions of diversity (ethnic, educational and demographic) within the same equation, while with
the structural method we need to make the stronger assumption that each dimension of diversity enters
separately into the production function. Given that both approaches have costs and benefits, we view their

results as complementary.

3.2.1 Reduced form approach: the empirical association between diversity and productivity

Referring to the literature concerning the estimation of the production functions, we regard the method
suggested by ACF as our main approach. Productivity is obtained from a Cobb-Douglas production function
containing the value added, Y, the labor, L, and the capital, K. Because input characteristics differ across
industries, the production function parameters are estimated separately for each 1-digit sector j. The log-

linear firm ¢ production function is specified as follows:

InYije = cons + alnL;j + BInKj: + wije (1)

with t = 1,2,...,T. The error term u;;; consists of a time-varying firm specific effect v;;; (unobserved by

econometricians) and an idiosyncratic component ¢;;;. Following ACF, we assume that

E (giji | Lijes kijes majes Lije—1, Kije—1,, Maje—1, .oy lij1, Kiji, maji) =0 (2)

where m refers to our proxy variable (materials) and lower-case letters to log-variables. Because past
values of €;;; are not included in the conditioning set, we allow for serial dependence in the pure shock term.

However, we need to restrict the dynamics of the productivity process:

10



E (Uz‘jt | Vijt—1,Vijt—2, "'77)1']'1) =K (Uijt | Uijt—l) =f (Uijt—l) (3)

for given functions f (-). As in the ACF approach, we assume that the material input is selected after the
labor input. As a result, material demand will be a function not only of capital and productivity but also of

l:

mije = f(Kije, Vije, Lijt) (4)

and assuming that the material demand function is strictly increasing in productivity shock v;;: , we

obtain

vije = f (Kije, Mijes Lijt) - (5)

Plugging the inverse material demand into the production function, we obtain the first-stage equation,

which serves here only to separate v;;; from €;; ,

Yijt = cons + ol + Bkije + fﬁl(kijta Mty lije) + € - (6)

The function f~1(-) is proxied with a polynomial in materials, capital and labor. Therefore, the estimated
net output of the idiosyncratic component is used to identify parameters for the inputs in the second stage.
Recalling that v;j; is a first-order Markov process, we define a;;; as an innovation that can be correlated with

the current values of the proxy variable m;;; and

Qijt = Vijt — g (Uijtfl) s (7)

where a;j; is mean independent of all information known at ¢ — 1 and g (-,-) is also proxied with a low-
degree polynomial in the dependent variablesE Given our timing assumption, we proceed by using the

moments:

Eaijlkijt, lije—1] = 0 (8)

to identify coefficients for k and [ . Using the estimates of the production function parameters, the total

factor productivity (henceforth TFP) for firm 4 at time ¢ in industry j is defined as

12To keep the number of regressors manageable, we always use a fourth-degree polynomial (with interactions) in the first stage
and a third-degree polynomial in v;;; to compute g(.).

11



TFP;j; = yije — odije — Bk 9)

Following the computation of TFP values, the relationship between these and alternative measures of

diversity can be estimated with OLS in the following equation separately for each 1-digit sector j:

TFP;j = Coj + Cij(index _ethnic;ji) + Coj(index _edu;ji) + (35(index _demoyj¢)+
+Cej (Cije) + Gt + Crj + Cng + Cnj * Cij + Tije (10)

where (15, (25, and (3; measure the associations between TFP and employees’ diversity in terms of
ethnicity, education and demographic characteristics, respectively; and Cj;, is a vector including workforce
composition characteristics, such as the shares of employees belonging to each category included in our
diversity indices We think that the inclusion of such shares partly control for the fact that different
labor types may have different qualities. Failing to control for labor quality, the estimated contribution of
diversity in the TFP equation (10) confounds the direct effects of diversity ({15, 25, and (3;) with such
quality differences. We further and explicitly address the issue of labor quality in the structural estimation
approach described in the next sub-section. The same vector Cj;;; also include the share of managers and
middle managers and average firm tenure, whether the firm is foreign-owned, whether the firm exports
and a multi-establishment dummy, whereas (;, (.;,(n; are time, regional and two-digit industry controls,
respectively.

Independent estimations of equation (10) by 1-digit industry allow us to rule out the possibility that
workplace diversity only reflects an industry technology choice. Factor intensities and the mix of capital
and labor may vary substantially across industries. For example, some technologies might require a set of
highly skilled employees working in concert with a set of mid-level employees and a set of low-skill workers.
Other technologies might only require high-skill or low-skill labor. Considering industry-specific results will
therefore ensure that variations in the observed diversity of education levels across firms within the same
industry will also reflect cross-firm differences in the makeup of the workforce, rather than merely reflecting

which type of technology the firm has chosenEf]

13Specifically, in the aggregate specification of diversity we control for the shares of foreigners from North America and
Oceania, Central and South America, Africa, Western and Southern Europe, former Communist countries, East Asia, Other
Asia, and Muslim countries; the shares of employees with compulsory education, with secondary education, and with tertiary
education split into 4 main categories (humanities, natural sciences, social sciences and engineering); and the shares of female
and male employees belonging to various age distribution quartiles. In the disaggregate specification of diversity, we include the
shares of foreigners belonging to each linguistic group, as described in Appendix 1, and the shares of employees with different
types of education and belonging to various gender-specific age distribution quintiles, as explained in section 3.2.

14Prior academic research suggests that diversity leads to economic gains or losses depending on industry characteristics
(Sparber, 2009, 2010). More specifically, diversity seems to increase productivity in sectors that require creative decision
making, problem solving, and customer service, but ethnic diversity may decrease productivity in industries characterized by

12



3.2.2 Structural estimation approach: production function with different types of labor

The reduced-form approach described above allows to identify which types of labor heterogeneity appear
to descriptively matter but does not formally recognize that labor input is non-homogeneous, i.e., labor of
different types is of different quality (Hellerstein et al., 1999; Fox and Smeets, 2011; Irarrazabal et al., 2013).
Therefore we move toward a richer value-added production function, which continues to be Cobb-Douglas
in capital and a labor aggregate, but the contribution of the labor aggregate also depends on different types
of labor in a CES specification. To account for differences in firms’ labor types, we use the observed shares
of labor types within a given dimension, i.e. demographic or educational (for a similar specification see Fox
and Smeets, 2011; and Irarrazabal et al., 2013). Specifically, we use the following generalized Cobb-Douglas
production function in capital and labor:

Yije = Aije - [Lije - B(Huijeoo - Hwije)| - KL,

15t (11)

where W represents the maximum number of labor types in a given dimension and the term E(H j4..... Hw j¢)
represents the overall efficiency of the labor force of firm ¢ belonging to industry j depending on the shares
of these labor types H with Treating the overall efficiency as a CES function of the observed shares of labor

types, we can express the term FE as:

E(Hlijt ..... HWijt) = [(13'11']‘,5)7 + (7)2H2ijt)’y + ..+ (77[/[/.[’.’Wij,g)’q1/’y (12)

where the parameters 7s, ...,y model the relative difference in quality between worker type w and
worker type 1, i.e. if workers of type w are more (less) productive than type 1, then 7, is greater (less)
than one. The parameter v governs instead the complementarity/substitutability between labor types, as the
elasticity of substitution is given by 1/(1—+). Assuming constant returns to each labor type, a parameter of
larger than one would imply that the labor types are substitutable, the isoquants are concave, the technology
is submodular and exibits a taste for employing workers of different types (Grossman and Maggi 2000;
Bombardini et al. 2012). Put it differently, if -y is larger than one, then dispersion of labor types increases
productivity and it is optimal to combine workers of different types along a specific dimension (Iranzo et al.
2008). By contrast, if +y is smaller than one, there is complementarity (or imperfect substitutability) between
labor types (Iranzo et al. 2008). This means that the technology is supermodular, the isoquants are convex

and dispersion in labor types has a negative effect on productivity.

high levels of group work or teamwork and efficiency. Our current industry categorizations, however, are too rough for us to test
the hypothesis, as jobs of both types (jobs that require creativity versus efficiency) are likely to be in each aggregate industry.

15We have to make sure that every 0 < Hyij¢ < 1, as Hyj¢ taking the value 0 or 1 is not consistent with the Cobb-Douglas
framework. We sort this problem out by adding or subtracting a small € to any Hyj¢ = 0 or Hysj¢ = 1 (Irarrazabal et al.
2013).
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As in case of the standard production function (1), we estimate equation (11) with the ACF approach.
Specifically we use the current value of capital, the lagged values of labor and the shares of workers for each

labor type w to form a set of the following moment conditions:

E[aijelkije, liji—1, Hiije—1, s Hwije—1] = 0 (13)
to identify coefficients for k, [ and the parameters v and 7s,....,nw. As in section 3.2.1, we assume
that the innovation term a;j;; to the productivity shock v;;; = f_l(kijt,mijt,lijt,Hlijh wooy Hyrijt) 1s mean

independent of all information known at ¢ — 1.

4 Results from the reduced form approach

4.1 Main results

As mentioned in the previous section, in the reduced form approach measures of TFP are computed as
residuals from the first step estimation in which the firms’ value added is regressed on their capital and labor
stocks. The industry-specific elasticities of capital and labor obtained by implementing the ACF approach
are reported in the first panel of Table 3. In the second and third panel of Table 3, we also report the same
elasticities estimated using two alternative approaches to ACF. The first one (OP) allows for the control of
sample selection issues and deals with firm exitm The second method (GNR) employs a gross-output instead
of a value-added production function. Comparing the estimated elasticities across these methods, we find
that the OP and GNR estimates of the labor coefficients are more often smaller than their ACF counterparts
while the capital elasticities obtained from OP (GNR) are larger (smaller). These results are generally in line
with what has been found in Ackerberg, Caves and Frazer (2006) and Gandhi, Navarro and Rivers (2012).
The main results for the second step using three alternative measures of TFP (ACF, OP and GNR)
are shown separately in the three panels of Table 4. As explained in section 3, we describe the empirical
association between labor heterogeneity and firm productivity, using two different aggregation levels for the
categories included in our diversity indices. The results obtained using the more aggregated level are shown
in the first sub-panel of each TFP panel, whereas the results obtained using the disaggregated categories are
presented in the second sub—panelE All of the estimated coefficients of our diversity measures are reported

in standard deviation units in order to compare the relative contributions of each dimension of diversity,

16We have also investigated whether firm diversity plays a role in terms of firm survival. In most industries, our diversity
indices are not significantly correlated with firm probability of exiting the market. The results are reported in Table A3 of
Appendix 2.

17The estimated coefficients on the share variables used as controls in the aggregate specification of diversity are reported in
Table A4 1-4 3 of Appendix 2.
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thereby easing the comparison across magnitudes.
[Insert Table 4 around here]

Ethnic diversity is generally negatively associated with firm TFP, whereas the coefficients of educational
and demographic diversity are positive. The empirical associations between educational diversity are precisely
estimated in all industries but transport, whereas the coefficient of ethnic diversity is statistically significant
only in the case of manufacturing, construction and wholesale trade. Demographic diversity is never sig-
nificantly correlated with firm productivity. All of these results are qualitatively robust across diversity
specifications and are not substantially affected by the measure of TFP employed, although the estimated
correlations between ethnic diversity and productivity are slightly smaller in the both the OP and GNR spec-
ifications compared to the ACF counterpart. For the sake of brevity, we proceed by discussing the results for
the manufacturing and service industries and those obtained using TFP calculated with ACF approach only.
In the manufacturing sector, a standard deviation increase in ethnic diversity is associated with a decrease in
firm TFP by 1.3 %, while a standard deviation increase in educational diversity is associated with an increase
in firm TFP by 1 %, when an aggregated index is considered. If we focus on the disaggregated index instead,
a standard deviation increase in ethnic diversity is associated with a decrease in firm TFP by 1.6 %, while
a standard deviation increase in educational diversity is associated with an increase in firm TFP by 2.9 %.
The magnitudes involved in the wholesale and retail trade are qualitatively similar to those estimated in the

manufacturing sector.

4.2 Testing alternative hypotheses

In the next steps, we attempt to assess which mechanisms drive our results on employee diversity and
firm TFP by exploiting the variation in occupations, nationalities and industry characteristics. While these
exercises provide useful information on the channels through which diversity is associated with productivity,
it is important to underline that they are not conclusive evidence of a particular mechanism. To simplify
the presentation of these exercises, we discuss the results for the manufacturing and the wholesale and retail
trade industry onlyﬁ and focus on the disaggregated indicesﬂ

First, we separately calculate the diversity indices for white- and blue-collar occupations and include
them all in the same specification. We use this strategy based on the supposition that diversity could
play a different role for distinct occupational groups and could consequently have varying effects on firm

productivity. In particular, we expect that diverse problem-solving abilities and creativity will generate

18The results for the other industries are reported in Table A5 of Appendix 2.
19The results obtained using the aggregate indices are qualitatively similar to those obtained using the detailed categorization
and are reported in Table A6 of Appendix 2.
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higher productivity for white-collar occupations than for blue-collar occupations@ Second, we exclude or
include certain groups of foreigners in calculating ethnic diversity to test the importance of communication
costs and the costs of “cross-cultural dealing.” The results regarding the association between diversity and
firm productivity, calculated separately for the two occupational groups and included in the same regression
are reported in the first two columns of Table 5. Our results show that the correlation of educational
diversity with firm productivity is indeed much larger for white-collar occupations than for blue-collar ones.
Moreover, the negative coefficient of ethnic diversity among white-collar workers is lower than the coefficient
associated with blue-collar occupations. Conversely, the effect of demographic diversity is insignificant for
both occupational groupSE Therefore, our results are consistent with the creativity and knowledge spillovers
hypotheses proposed in the theoretical frameworks developed by Hong and Page (2001 and 2004) and Berliant
and Fujita (2008).

To investigate the role of “cross-cultural dealing,” we exclude either foreigners with tertiary education
or foreigners who speak a Germanic language. Alternatively, we include second-generation immigrants in
calculating ethnic diversity. All of these groups of foreigners are likely to absorb Danish or English (which
is the communication language in many businesses in Denmark) more quickly. Therefore, it is plausible that
the communication costs associated with ethnic diversity may increase (decrease) after we remove (include)
these foreigners, who are likely to speak Danish or English@ The results presented in Table 5, columns 3, 4
and 5 are obtained by including both the standard ethnic diversity, as calculated in the main analysis, and an
alternative one in which the second generation of immigrants is treated as non-native and where foreigners
with university education or those who speak a Germanic language are included as natives, respectively.
Interestingly, the coefficient of ethnic heterogeneity is larger (smaller) in absolute terms, once we exclude
(include) foreigners who most likely speak Danish or English, compared to the coefficient estimated on the
standard ethnic diversity@ These findings are in line with the hypothesis that the communication costs
and the costs of “cross-cultural dealing” within ethnically heterogeneous workforces play a role in terms of
firm productivity. However, the results obtained by excluding second generation immigrants, may also be
explained by the fact that the latter generally have stronger labor market networks in addition to lower

communication costs compared to other foreigners.

[Insert Table 5 around here]

20This is grounded on the fact that (i) white-collar workers typically (manage) interact with a larger number of employees
than blue-collar ones; (ii) white-collar employees are, on average, more educated than employees in other occupations and are
therefore more likely to access and exploit their colleagues’ knowledge heterogeneity; and (iii) white-collar employees are typically
more influential in firms business plans and strategies.

21Hypothesis testing also reveals that the coefficients of diversity for white-collar occupations are statistically different from
the coefficients of diversity for blue-collar occupations, especially for the ethnic dimension.

22 According to the existing literature, individuals have an easier time acquiring a foreign language if their mother language is
linguistically closer to the foreign language (Isphording and Otten, 2011; Chiswick and Miller, 1995).

23Hypothesis testing reveals that the two estimated coefficients are significantly different from one another.
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We next examine the different mechanisms by which diverse workforces are associated with firm produc-
tivity by looking at different industries and firm categories@ First we do not find that the coefficients of
the diversity indices differ for firms that are more open to trade@ Therefore, our analysis does not support
the hypothesis that workforce diversity provides beneficial information to firms from other countries and
markets and, in this way, creates positive effects on firm productivity (Osborne, 2000; Rauch and Casella;
2003). Second, we look at whether the correlation of diversity and TFP is different for firms in high-tech
industries, which tend to require higher levels of creative and problem-solving activitiesm Our results reveal
that the hypothesis on creativity is not supported by this empirical exercise because the coefficients of both
the education and the ethnic diversity index are not statistically different across the two groups of industries,
namely those with below and above average R&D intensity. Finally, we find that the positive (negative)
effects of educational (ethnic) diversity are statistically stronger (weaker) in the subsample of industries with
increasing employment compared to industries with declining employment. This is in line with the hypothesis
that “growing” firms are more likely to benefit from diversity because they hire younger people and foreign

individuals more often than do “shrinking” firms.

4.3 Sensitivity analysis

In the next step, as a part of our sensitivity analysis, we evaluate the variations in the coefficients estimated
on labor diversity that result when diversity is computed in various ways. As in the previous sub-section,
we discuss the results for the manufacturing and the wholesale and retail trade industry only and focus on
the disaggregated indicesm In particular, we use two alternative diversity indices: the Shannon-Weaver
entropy index and the richness index. The entropy index is considered to be one of the most profound and
useful diversity indices in biology (Maignan et al., 2003). The richness index includes a number of categories
observed for each dimension of interest; it does not include the “evenness” dimension. The results are shown
in Table 6, columns 1 and 2, and both sets of results are consistent with our main findings. Next, we include a
Herfindhal index for the type of tertiary education (this index now has only 4 categories: engineering, natural
sciences, social sciences and humanities) and the standard deviation of the years of education and age. This
allows us to treat age as a cardinal variable, and to disentangle the effects associated with the amount
of education from those related to the type of tertiary education. Table 6, column 3, reports statistically

insignicant coefficients on both standard deviations and an estimate on educational diversity (the Herfindhal

24The results of these additiobnal empirical exercises are all reported in Table A7 of Appendix 2.

258pecifically we augment equation (2) by including interactions between the export dummy and diversity in ethnic, educational
and demographic dimensions and we find that the interaction terms are not precisely estimated and are not jointly significantly
different from zero.

26G8pecifically, we divide industries into two groups defined by whether their aggregate level of R&D expenditure as a share of
employment is above or below the median recorded for the overall economy.

27The results for the aggregated indices are reported in Tables A8 of Appendix 2.
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index for the type of tertiary education) that is in line with the finding discussed in the main analysis. These
findings, together with the results obtained from occupation-specific diversity (Table 5, columns 1 and 2),
may suggest that the positive association between educational diversity and firm TFP is mainly driven by the
white-collar occupations, who are very likely to have tertiary education, or by workers with different types
of tertiary education.

We then divide firms by size and evaluate whether there is any change in the coefficients of workforce
diversity for small firms (those with fewer than 50 employees), medium-sized firms (those with 50-100 em-
ployees) and large firms (those with more than 100 employees)@ The effects of diversity could be more
beneficial to larger firms because the organizational and diversity management practices of such firms are
well established and formalized, and thus, they are more likely to introduce policies that can help to sustain
a diversified workforce and to counteract the potential costs associated with diversity. On the one hand, the
coefficients on the ethnic diversity index are negative for differently sized firms, with the largest coefficient
associated with large firms, as reported in columns 4, 5 and 6 of Table 6. On the other hand, educational
diversity is more important for large than for medium-sized firms. We can therefore conclude that larger
firms are more likely to benefit from educational diversity but the latter are not necessarily more successful
in counteracting the costs of ethnic diversity compared to smaller firms.

Given that large cities usually host many immigrants and highly skilled workers and also house a high
percentage of productive firms, we conduct an additional sensitivity check by removing the only real agglom-
eration area in Denmark, namely Copenhagen and its environs. The results concerning this robustness check
are reported in column 7 of Table 6 and do not qualitatively differ from the main results.

Furthermore, because labor diversity has been computed at the firm level (by weighting the average of the
Herfindahl indices computed at the workplace level), we evaluate how the results change if multi-establishment
firms are excluded from the sample. The last column of Table 6 reports the results. These findings do not

significantly differ from the main results.

[Insert Table 6 around here]

281t is important to clarify that the scope for diversity is not mechanically increasing in firm size. This can be explained with
a simple example. Let’s assume that there are 5 possible categories of employees, and let’s compare two firms with 10 and 100
employees, respectively. The two firms would feature exactly the same level of diversity, if their workforces equally represented
all possible categories, i.e. if there were 2 and 20 employees for each category in the first and second firm, respectively. For both
firms the diversity index would equal (1 — ((0.2)2 % 5)).

18



4.4 Endogeneity

Even if it is not clear whether firms always have control over their workforce diversity we cannot completely
rule out that firms endogenously choose the level of labor diversity in order to improve their productivity.
This would imply that the findings in the previous section are likely to be biased estimates. We therefore
attempt a causal effect analysis by using an instrumental variable (IV) strategy to address these potential
endogeneity issues. More specifically, we instrument our diversity variables with indices of workforce diversity
in cultural background, education and demographic characteristics, computed at the commuting area where
the firm is located Given that diversity in a given commuting area may be a function of the current firms’
demand for diversity, we predict the current composition of the labor supply at the commuting area level by
using its historical composition and the current population stocks (for similarly computed instruments see
Card and Di Nardo, 2000; Dustmann et al., 2005; Cortes, 2008; and Foley and Kerr, 2012). Pre-existing
workforce diversity at the commuting area level may be not correlated with a firm’s current labor demand
and productivity, if measured with a sufficient time lagF’z] In particular we use workforce composition at the
commuting areas from the year 1990F’E] In this approach, for example, the instrument for ethnic diversity is
calculated using the predicted share of immigrants from country ¢ and living in a commuting area [ at time
t, Mt - The latter is computed using the early 1990’s stock of immigrants from country c¢ living in [ and its

current population of immigrants at time ¢:

29Tt seems reasonable to assume that the hiring and firing costs for labor or the fixed costs of changing the workforce
characteristics can generally last longer than a period. This suggests that the workforce composition and diversity are very
likely to be persistent over time. Therefore, firms may not promptly respond to TFP shocks with immediate changes to their
diversity mix.

30The 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 constitutes a commuting area if the interaction within the group of municipalities
is high compared to the interaction with other areas; second, at least one municipality in the area must be a center, i.e., a certain
share of the employees living in the municipality must also work in the municipality (Andersen, 2000). In total, 104 commuting
areas are identified.

31Unfortunately, in our data-set, it is not possible to observe in which area each establishment of a multi-establishment firm
is located. For multi-establishments firms, location information is only provided at the headquarter level. However, we do not
think this represents a serious problem as multi-establishment firms constitute only 11 % of our sample. This is also confirmed
by the fact that estimating our IV models on the sub-sample of mono-establishment firms provide qualitatively similar results
to the ones obtained from the full sample. These additional results are reported in Table A9 of Appendix 2. Note that the
estimation of the parameters on diversity cannot be carried out for transport sector because of the low number of observations.

32Reverse causality however may be still an issue for big firms employing a large fraction of the local labor force. However,
running our IV models on the subsample of firms with fewer than 50 employees provides qualitatively similar results to those
obtained from the full sample, as shown in Table A9 of Appendix 2. Note that the estimation of the parameters on diversity
cannot be carried out for transport sector because of the low number of observations.

33We choose the 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 1980s and 1990s were characterized by rather restrictive immigration policy with respect to economic migrants
from countries outside the European Union (EU), which made it difficult for firms in Denmark to hire applicants from the
international pool of applicants (due to the consequences of the oil crisis). Immigration to Denmark from those countries from
the 1980s to the mid-1990s was 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
significant political power, Denmark’s immigration policy became one of the strictest in the world. For firms, it meant almost
zero possibilities to hire international workers from countries outside the EU, which has often been criticized by the Confederation
of Danish Industry (DI). Given these historical developments, we decided to use shares of immigrants from 1990 as a base for
our predictions.
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We believe that diversity at the commuting area level may represent a suitable supply driven instrument for
workplace level diversityﬁ because commuting areas in Denmark (except for the area around Copenhagen)ﬁ
are typically relatively small, and are therefore 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; and 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 in
and out, there is clear evidence of low residential mobility (Deding et al., 2009), which seems to support the
appropriateness of our IV strategy.

The results of the first and the second stage of this IV exercise are shown in Table 7 and 8, respectively. In
addition to the economic motivation for the instruments presented above, their statistical validity is largely

confirmed by the F-statistics reported in Table 7.
[Insert Table 7 around here]

The estimation adopting the IV strategy yields qualitatively similar results to those reported in the main
analysis (Table 4) and are in line with the conclusions drawn in the previous sub-sections. Table 8 reveals a
statistically significant and positive (negative) relationship between educational (ethnic) diversity and firm
productivity, especially within the manufacturing and the wholesale and retail trade sectors. However, the
estimated parameters on diversity and their standard errors are generally larger compared to the results, in

which diversity is treated as exogenous.
[Insert Table 8 around here]

Although our instrument is based on the historical composition of the local labor supply, however, it may
still be the case that our identification strategy is invalidated by the fact that firms choose locations that

are historically richer in population diversity. E To indirectly assess the extent to which the endogeneity

34Summary statistics of our supply driven instruments reveal that they are persistent over time, i.e. most of the variation
is between commuting areas and that the overtime within variation is modest. Specifically, the overall, between, and within
variations of the commuting area ethnic diversity are 0.163, 0.161, and 0.026, respectively. The same statistics are 0.072, 0.071,
and 0.012 for the commuting area educational diversity and 0.045, 0.043, and 0.01 for the commuting area demographic diversity.
Similar descriptive statistics are obtained by excluding Copenhagen and its environs.

35Fxcluding firms located in Copenhagen and its environs from the TV estimations provides similar results to those obtained
from the main sample, as shown in Table A9 of Appendix 2.

36Previous studies on firm localization (Krugman 1991, Audretsch and Feldman 1996, Adams and Jaffe 1996, Alcacer and
Chung 2010, Delgado et al. 2010), however, have shown that the location choices are mainly driven by the access to local
innovation potential and knowledge spillovers and also by the size of the local demand, the proximity to customers and suppliers
and the quality of local physical infrastructure.
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of location affects our results, we have also estimated the IV models on a sub-sample of firms, for which
this issue may be less important, i.e. firms which enter the market before the reference year used to predict
diversity at the commuting area level (1990). Unfortunately the information about the establishment year
is available only for about 30 percent of the total sample. Findings obtained from this additional robustness
check are reported in Table A9 of Appendix 2 and they are qualitatively in line with those reported in Table
8, but they are generally less precisely estimated due to the fact that the sample size considerably shrinks.
Note that the estimation of the parameters on diversity cannot be carried out for construction and transport
sectors because of the low number of observations.

All in all, we think that, although our IV strategy presents some potential flaws and we should interpret
our IV results with caution, this additional analysis provides us with a useful tool to assess the robustness
of the directions of the associations between diversity and productivity in terms of the methodology used to
estimate them. Moreover, the fact that the results are qualitatively similar whether or not instruments are
used, supports the initial assumption that the estimated TFP represents an exogenous first-order Markov
process, i.e. these results support the assumption for the first stage of the reduce-form approach (see equations

1-8) to be valid.

5 Results from the structural estimation approach

The previous section has explored the empirical associations between labor diversity and TFP in a reduced-
form fashion and have served to identify which types of labor heterogeneity appear to descriptively matter.
On the basis of these results, it seems that labor diversity in ethnicity and education are strongly correlated
with firm productivity with opposite signs, while demographic diversity is not significantly associated with
firm TFP.

While our results show that diversity in both the ethnic and the educational dimensions plays an important
role, we immediately recognize that labor input is non-homogeneous (Hellerstein et al., 1999; Fox and Smeets,
2011; and Irarrazabal et al., 2011) and that dispersion in these labor types may have an impact on firm
output (Iranzo et al., 2008). Therefore in this section we discuss the results obtained by estimating a richer
production function specification that takes different types of labor as inputs and directly models a set of
parameters adjusting for quality differences and governing complementarity /substitutability between these
different labor inputs. Specifically, we show the results obtained from two alternative specifications. In the
first one, we include in the overall efficiency term E (see equation 12) the shares of workers belonging to each
ethnic group used in the aggregate specification of our ethnic diversity index, including natives. In this case

we can re-write E as follows:
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E(Nijt-...Fsije) = [(Nije)” + (mFuije)” + oo+ (8 Fsije) 1Y (15)

where N;;; is the share of natives, while F'y;, ...., F'g;j; are the share of foreigners belonging to the eight
categories used to construct the ethnic diversity index in the aggregate specification. Table 9 shows the
estimated coefficients of the production function (11), where the overall efficiency of the labor force, E, is
expressed by equation (15). As in the reduced form approach, production function (11) is estimated with
ACFE The coefficients on labor (capital) are slightly larger (smaller) but in line with those obtained from a
standard specification of the production function, as reported in Table 3. These findings are consistent with
Hellerstein and Neumark (2004), who state that firms’ labor heterogeneity and quality is not “a necessary
component to the estimation of the rest of the production function.” We also investigate how the introduction
of the term FE in the production function affects the measurement of TFP, by comparing TFP calculated from
a standard production function (see equation 9) with TFP calculated from the non-homogenous production
function (11). Standard TFP estimates have a tendency to be larger than the non-standard TFP measures.
This is clearly shown by plotting the kernel densities of standard and non-standard TFP measures (see Figure
1). Applying Kolmogorov-Smirnov (KS) tests confirm that the distribution of standard TFP stochastically
dominates the distribution of non-standard TFP@ The fact that standard TFP may constitute an up-ward
biased measure of productivity can be explained by the fact that standard TFP measures do not take into
account the term FE, which allows for flexible substitution patterns and quality differences between labor
types.

The estimates of 71, ...., nw parameters governing relative quality difference between native and each types
of foreign workers reveal that only a few groups of foreigner workers are relatively more productive than native
workers, i.e. foreign workers from West/South Europe, Other Asia and North America/Oceania. The other
groups are generally less productive instead. The industry-specific estimates of the parameter y are precisely
estimated in the wholesale and retail trade, and financial and business sector only, and are lower than one
in all industries. Note that we always reject at reasonable significance levels the null hypothesis that the
coefficients -y is greater than one, implying between labor types imperfect substitutability or complementarity.
This is consistent with the hypothesis that dispersion in labor types along the ethnic dimension has a negative
association with firm output, in line with the results found in the previous section with the reduced form
approach.

In a second specification, we categorize workers according to their education as we did in the construction

37Note that the estimation of production function (11) cannot be carried out for construction and transport sectors due to
non-convergence of the estimation algorithm.
38The p-values associated with the null hypothesis for the equality of the distributions take value 0.000 in all cases.
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of our educational diversity index using the aggregate specification. In this case E can be re-written as:

E(Cijt, Sijis Trijes oy Taige) = [(Cije)™ + (m0S1ije)” + (mThije)” + ..o + (774T41'jt)7]1/V (16)

where Cj; is the share of workers with compulsory education, S;;; the share of workers with secondary
education, while T'1;j4, ..., T'4;5;: are the share of workers with different types of tertiary education, as described
in the aggregate specification of education diversity. Table 10 shows the result obtained by estimating
production function (11), in which the overall efficiency of the labor force is expressed by equation (16)@
As in the previous table the coefficients on labor and capital are in line with those obtained from a standard
specification of the production function, as reported in Table 3, and standard TFP estimates are larger than
non standard TFP measures (see Figure 2). The n parameters show that workers with either secondary or
tertiary education are much more productive than workers with compulsory education, especially workers
with an engineering or a scientific tertiary education. We find that the parameter v governing substitutability
among employees with different educational levels is below one in all industries, suggesting a supermodular
technology with a distaste for dispersion in types along the educational dimension. We therefore interpret
these results as evidence that highly-educated workers and low-skilled workers are imperfect substitutes and
that dispersion of labor types along the educational dimension has not a positive impact on productivity in

line with what has been found in Iranzo et al. (2008).
[Insert Table 10 around here]

The latter result is starkly contradictory with the descriptive analysis reported above in section 4, where
we find that our education diversity statistic is positively related with productivity. This inconsistency can
be partly explained by the fact that in the descriptive analysis we do not appropriately control for quality
differences between labor types, which seem to play an important role in the production function, as indicated
by the estimates on the n parameters. Furthermore in the reduced-form analysis we show that by calculating
occupation-specific diversity (Table 5, columns 1 and 2) or the Herfindhal index based only on the type of
tertiary education (Table 6, column 3), the positive association between educational diversity and firm TFP
is largely driven by the white-collar workers, who are very likely to be highly educated, or by workers with
different types of tertiary education. These results may therefore suggest that the contribution of educational
diversity is most likely due to the combination of skills of highly educated employees rather than by combining
the overall skills of workers with different levels of education. A possible test for the latter conjecture is to

estimate a modified version of the structural production function (11), that splits labor aggregate L into two

39Note that the estimation of the production function (11) cannot be carried out for construction and transport sectors due
to non-convergence of the estimation algorithm.
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groups, i.e. employees with compulsory education L, and workers with more than compulsory education Lo,
and that estimates the role of skill dispersion only among L, types. Treating L, as a standard Cobb-Douglas

input with unit elasticity of substitution to the Lo types, we can re-write production function (11) as follows:

Yijr = Aije Lk, - [Laije - [(0S166)” + (Trije)” + (mTaije)” + (1 Taije)” + (aTaige) )12 - K, (17)

where S;;; is the share of workers with secondary education, T'1;j¢, ...., T'4;;; are the share of workers with
different types of tertiary education, as in equation (16), and -y governs the complementarity /substitutability
only arising among workers with more than compulsory education, i.e. Ly. Table 11 shows the estimates
of production function (17), using the LP approach@ The estimates of the parameter v slightly increase
compared to those reported in Table 10, but they never exceed the threshold of one, suggesting imperfect
substitutability or complementarity also when we focus on dispersion in labor types within highly educated

workers.
[Insert Table 11 around here]

A possible explanation behind the latter result may be that the industrial classification used to separately
estimate production function (17) is very aggregate and may group industries with a super-modular technol-
ogy together with those with a sub-modular technology under the same 1-digit industry. Estimating equation
(17) separately for each 2-digits sector in fact reveals that for about half of the industries the ~ coefficient
is estimated to be larger than one@ This is the case for the following industries: i) food, beverages and
tobacco, ii) sales and repair of motor vehicles, iii) retail trade, iv) hotels and restaurants and v) financial
intermediation. However the v coefficient is precisely estimated only for 3 industries (food, beverages and

tobacco; sales and repair of motor vehicles; hotels and restaurants).
[Insert Table 12 around here]

By taking together all these results, we cannot thus conclude that dispersion in labor types in terms of
education for the overall workforce is positively correlated with productivity. However estimating a modified
sp