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Abstract

This paper evaluates the role of labor mobility as a mechanism for transfer
of e¢ ciency-enhancing knowledge and it examines the extent to which worker
�ows can explain agglomeration advantages. I employ a matched worker-�rm
dataset from the Veneto region of Italy to identify the high-wage �rms (HWFs).
Using balance-sheet data, I show that the HWFs are more productive and
have higher intangible capital per worker. For each non-HWF in the region,
I then construct a measure for the number of workers with experience gained
in HWFs. I �nd that the e¤ect of the recruitment of a HWF worker on a
�rm�s productivity is an increase between 2 and 3.7 percent. These results
are not likely to be driven by unobservable productivity shocks. The number
of workers with HWF experience observed at a non-HWF is increasing in the
number of good �rms in the same local labor market and same industry. My
�ndings suggest that when similar �rms cluster in the same local labor market,
their productivity bene�ts froms better access to knowledge carriers.
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1 Introduction

Localities in many countries are characterized by important and persistent di¤er-
ences in productivity. For instance in the United States, total factor productivity
(TFP) of manufacturing �rms in areas at the top of the TFP distribution is three
times larger than TFP in areas at the bottom of the distribution. Remarkably, these
di¤erences largely seem to have been persistent over the last 30 years.1Another promi-
nent feature of economic landscape is represented by industry clustering, whereby
�rms tend to cluster near other �similar��rms (for example: �rms that sell similar
products). The concentrations of high-tech industries in Silicon Valley, biomedical
research in Boston, biotech in San Diego and San Francisco are some of more fa-
mous examples of the geographic agglomeration of �rms in a single industry. The
proliferation of multinational corporation activities in recent decades has led to the
emergence of new industrial clusters around the world. Firms that agglomerated in,
for example, Silicon Valley and Detroit now have subsidiaries clustering in Banga-
lore and Slovakia (Alfaro and Chen, 2010). Economists have long suspected that
both the large spatial heterogeneity in productivity and the industrial concentration
may be due the presence of agglomeration economies. In the past twenty years, a
signi�cant amount of work has been devoted to studying the importance of these
economies, which exist when productivity rises with density. Despite the di¢ cul-
ties involved in estimating the exact magnitude, researchers seem to accept that
important agglomeration advantages exist for many industries. However, the �eld
has still not reached a consensus on the relative importance of di¤erent explanations
of these advantages (Glaeser and Gottlieb, 2009). The potential sources of agglom-
eration economies include: learning, labor market pooling, proximity to providers
of intermediate non-tradable goods and services and the proximity of the �rms to
consumers. Identifying the micro-mechanism behind the productivity advantages is
crucial for obtaining a convincing picture of the agglomeration phenomenon. First,
without understanding the precise dimension of the interaction of �rms and workers
that generate agglomeration advantages, it is di¢ cult to be con�dent about their
existence. Furthermore, identifying the ultimate causes of agglomeration advantages
is helpful for understanding persistent labor market di¤erences across areas. This
is not only of interest for regional economists, but also for growth economists. As

1Moretti (2011).
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pointed out by Moretti (2011)

"within country di¤erences in productivity [...] are possibly even more
remarkable than cross-country di¤erences, since the mobility of labor and
capital within a country is unconstrained and di¤erences in institutions
and regulations are small relative to cross-country di¤erences. As a conse-
quence, it is di¢ cult to understand why some countries are poor and other
countries are rich without �rst understanding why some cities within a
country are poor and others are rich".

Finally, understanding the causes and consequences of agglomeration of economic
activity is also crucial for understanding the economic rationale for location-based
policies (Kline, 2010; Kline and Moretti, 2011).
The main idea of this paper is that knowledge may be embedded in workers

and may di¤use when workers move between �rms. The strong localized aspect
of knowledge spill-overs discussed in the agglomeration literature may arise from
the propensity of workers to change jobs within the same local labor market. I
�rst evaluate the role of labor mobility as a mechanism for transfer of e¢ ciency-
enhancing knowledge and then I move on to examine the extent to which worker
�ows can explain agglomeration advantages. For this purpose, I use a matched
worker-�rm dataset for the Veneto Region of Italy (Card, Devicienti, Maida, 2010).
Employing the method in Abowd, Creecy and Kramarz (2002), I estimate wage
equations where both �rm and worker e¤ects can be identi�ed and I de�ne good
�rms as high-wage-�rms (HWFs), i.e. those establishments with top values of the
estimated �rm e¤ects. Then, I construct �rm-speci�c measures for the number of
workers in Venetian �rms with experience gained at good �rms. This is a measure of
the explicit contact between good �rms and other local �rms. By using this measure
within a productivity regression framework, I can evaluate whether employees trained
at good �rms who later join other local �rms bring with them some of the knowledge
that they have acquired.
If labor mobility is to act as a channel for agglomeration advantages, we would

imagine the following to be observed. First, HWFs should have a �rm-speci�c ad-
vantage that could be the basis for knowledge transfer. Second, non-HWFs that hire
workers with previous experience from HWFs should bene�t in terms of increased
productivity. Third, the probability of hiring from a good �rm should be higher in
localities with a higher share of good �rms (i.e. �rm location should matter).
In this paper, I use social security earnings records for employees and balance

sheet data and location information for employers in order to evaluate the evidence
on all three points for Veneto manufacturing during the 1990s. While the issues

3



analyzed in this paper are of general interest, the case of Veneto is important be-
cause this region is part of a larger economic area, distinct from the older industrial
triangle (between Turin, Milan and Genoa) and the less developed South, where,
like in Silicon Valley, networks of specialized �rms have been most e¤ective in pro-
moting and adapting to technological change during the last three decades. This
so-called "Third Italy" has received a good deal of attention by researchers, also in
the United States (Piore and Sabel, 1984; Piore, 2009). More speci�cally, Veneto
is a dynamic, �manucentric�region characterized by a large presence of �exible es-
tablishments, frequently organized in districts with an industrial value added higher
than the national average, and a very strong vocation for exporting their products.
As a �rst exercise to assess the potential for knowledge transfer in the region, I

look for evidence of an HWF advantage using the detailed �rm �nancial information
at my disposal. I show that the HWFs are more productive and have higher capital
(in particular intangible capital) per worker. I progress to examine the extent to
which non-HWFs bene�t from hiring workers from HWFs. I enter annual �rm-
level measures of the number of workers with recent HWF experience in a Cobb-
Douglas production function, and I �nd that non-HWFs which hire workers with
previous experience from HWFs bene�t in terms of increased productivity. I �nd
that the e¤ect of the recruitment of a HWF worker on a �rm�s productivity is an
increase between 2 and 3.7 percent. To address the issue of unobservable productivity
shocks that are correlated with hiring in general I enter as a control the number of
recently hired workers without experience from good �rms. To address the issue of
unobservable productivity shocks that are correlated with hiring from good �rms,
I employ the productivity literature�s techniques to control for the endogeneity of
inputs to assess this issue�s relevance in this paper�s setting. In particular, I apply
the estimator developed in Levinsohn and Petrin (2003), the within estimator, the
Olley and Pakes (1996) estimator.
Having found evidence in favor of an important role of labor turnover as a mecha-

nism of knowledge transfer, I then turn to the question of the extent to which worker
�ows can explain evidence on agglomeration advantages. Exploiting information on
the location of �rms, I show that for a non-HWF, the probability of hiring a worker
with HWF experience is increasing in the share of HWFs in the local labor market
where the non-HWF is located. Put di¤erently, �rm location is of importance be-
cause distance acts as a barrier for workers�job mobility: the propensity of workers
to change jobs in the same local labour market is greater than their propensity to
move between local labour markets. In general, one might expect labor mobility to
also be a¤ected by economic proximity. Therefore I explore whether worker �ows
from good �rms to other �rms in a local labor market are larger within an industry. I
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show a statistically signi�cant relation between the number of good �rms in the same
local labor market and same industry and the number of knowledge carriers. I do not
�nd a statistically signi�cant relation when I consider good �rms in same local labor
market but di¤erent industry. In short, the number of workers with HWF experi-
ence observed at a non-HWF is increasing in the number of good �rms in the same
local labor market and same industry. My �ndings suggest that when similar �rms
cluster in the same local labor market, their productivity bene�t froms better access
to knowledge carriers. These results may help explaining the �ndings in Henderson
(2003), Cingano and Schivardi (2004), Moretti (2004b), Greenstone, Hornbeck and
Moretti (2010) that productivity advantages are increasing both in geographic and
economic proximity. The remainder of this paper is structured as follows. In Sec-
tion 2 I relate the paper to the existing literature. Section 3 presents the empirical
model and discusses relevant estimation issues. In Section 4 I describe my data and
provide a descriptive overview. The regression results along with various extensions
and robustness checks are presented in Section 5. Section 6 concludes the paper.

2 Relation to Previous Research

My paper adds to a growing literature on agglomeration advantages, which is criti-
cally surveyed in Rosenthal and Strange (2004) and Moretti (2011). The closest part
in the literature to my paper is the work on micro-foundations for agglomeration
advantages based on learning mechanisms and on labor pooling. In Rotenberg and
Saloner (2000), competition between �rms to hire skilled employees makes it easier
for workers to recoup the cost of acquiring industry-speci�c human capital. Acemoglu
(1997) maintains that in large cities or industrial concentrations, �rms invest in new
technologies because they know that they can �nd specialized employees.2 Duranton
and Puga (2004) present a model, inspired by Jovanovic and Rob (1989), Jovanovic
and Nyarko (1995), and Glaeser (1999), where proximity to individuals with greater
skills or knowledge facilitates the acquisition of skills and the exchange and di¤usion
of knowledge. Helsley (1990) argues that the knowledge produced in a location is a
by-product of output, and di¤uses through contacts between �rms whose cost rises
with distance. In Combes and Duranton (2006), knowledge is embedded in workers
and it is only di¤used when workers move between �rms. In this type of setting, the
strong localized aspect of knowledge di¤usion is easily justi�ed by the propensity of

2In the model by Kim (1989), workers in a larger market also invest more in the depth of their
human capital and less in the breadth. Zucker, Darby and Brewer (1998) argue that the presence
of specialized human capital is the main determinant of the entry decisions of new biotechnology
�rms in a city.
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workers to change jobs within the same local labor market3. Greenstone, Hornbeck
and Moretti (2010) �nd that �ve years after the opening of a large manufacturing
establishment, total factor productivity (TFP) of incumbent plants in US counties
that were able to attract one of these large plants is 12% higher than the TFP of
incumbent plants in counties that survived a long selection process, but narrowly lost
the competition. The increase in TFP that they observe is (a) increasing over time
and (b) larger if incumbent plants are economically close to the large establishment.
These two facts are consistent with the presence of intellectual externalities that are
embodied in workers who move from �rm to �rm. However, while the sharp research
design allows Greenstone, Hornbeck and Moretti (2010) to obtain credible estimates
of the e¤ect of the entry on TFP, with their data it is not possible, as recognized by
the authors, to draw de�nitive conclusions regarding the exact mechanism at work.4

Finally, Saxenian (1994) claims that the proximity of high-tech establishments in
Silicon Valley is associated with a more e¢ cient �ow of new ideas. More speci�cally,
she argues [p. 37] that

�The decentralized and �uid environment accelerated the di¤usion
of technological capabilities and know-how within the region... When
engineers moved between companies, they took with them the knowledge,
skills, and experience acquired at their previous jobs�

I contribute to this literature by investigating the importance of labor turnover
as a micro-mechanism for agglomeration advantages.
Other papers outside the agglomeration literature have emphasized the fact that

new workers share ideas on how to organize production or information on new tech-
nologies that they learned with their previous employer. For theoretical studies,
see Fosfuri, Motta and Rønde (2001), Cooper (2001), Markusen (2001), Glass and
Saggi (2002), and Dasgupta (2010). As for the empirical work, Song, Almeida, and
Wu (2003) showed that turnover can explain patterns of patent citations, while Rao
and Drazin (2002), Kaiser, Kongsted, and Rønde (2008) and Maliranta, Mohnen,
and Rouvinen (2009) �nd that hiring knowledge labor from R&D-intensive estab-
lishments is related to a better performance by the hiring establishment. Papers on
spillovers from foreign to domestic �rms have expanded the scope of the spillovers
through the worker �ows literature by looking at broader knowledge than that pos-
sessed and transferred by R&D labor alone. Gorg and Strobl (2005) show that

3See also Fosfuri and Rønde (2004)
4Moretti (2004b) also �nds that productivity advantages are increasing both in geographic and

economic proximity.
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domestic �rms established in Ghana by entrepreneurs with experience from foreign-
owned companies in the same industry are more productive and more likely to survive
than other �rms. Using plant-level data from Colombia, Markusen and Tro�menko
(2009) present evidence to support the hypothesis that "experts" hired from abroad
have substantial, although not always immediate, positive e¤ects on value added per
worker. Balsvik (2011) uses matched employer-employee data and o¤ers a detailed
account of productivity gains linked to worker �ows from foreign multinational to do-
mestic �rms in Norway.5In a similar vein, Parrotta and Pozzoli (2012) and Stoyanov
and Zubanov (2012) using linked worker-�rm data both show evidence for Denmark
that is consistent with models of knowledge di¤usion through labor mobility. The
�ndings in my paper are related to Balsvik (2011), Parrotta and Pozzoli (2012) and
Stoyanov and Zubanov (2012). While these authors exclusively focus on knowledge
transfer, I investigate the extent to which labor mobility can explain productivity
di¤erences across locations.

3 Econometric Model

3.1 Identi�cation and Characterization of Good Firms

In order to isolate the good �rms, I estimate wage equations where both �rm and
worker e¤ects can be identi�ed, and then I de�ne the good �rms as the HWFs. More
speci�cally, following Abowd, Kramarz and Margolis (1999), I specify a loglinear
statistical model for wages as follows:

wijt = X 0
it� + �i +  j + vt + "ijt (1)

where the dependent variable is the log of the average daily wage earned by worker
i in �rm j in year t, and is expressed as a function of individual heterogeneity, �rm
heterogeneity, and measured worker characteristics.6 The �rm and worker e¤ects ( j
and �i) represent, respectively, the earnings premium that a �rm pays to each worker
it employs, and the earnings premium that a worker receives in each �rm she works
for. These components also absorb the premium associated with any time-invariant
attributes of workers and �rms (such as technology, or industry). The assumptions
for the statistical residual "ijt are (a) E["ijtji; t; x] = 0, (b) V ar["ijtji; t; x] < 1 and

5Poole (2009) �nds a positive e¤ect on wages paid in domestic �rms in Brazil of the share of
new workers previously employed by foreign-owned �rms.

6Worker characteristics are tenure, tenure squared, age, age squared, a dummy for manager, a
dummy for white collar, and interaction terms between gender and individual characteristics.
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(c) orthogonality to all other e¤ects in the model7; the presence of labor mobility in
matched worker-�rm data sets makes it possible to identify worker and �rm e¤ects.
The method in Abowd, Creecy and Kramarz (2002) identi�es separate groups of

workers and �rms that are connected via labor mobility in the data. In my fourteen-
year sample, the largest group connected via mobility contains around 99% of the
observations in the dataset. I run my estimation for the largest group, and de�ne the
good �rms as HWFs, i.e. those �rms in the top 20% of estimated �rm �xed e¤ects.
See Section 4 for more details on the procedure.
For labor mobility to be a mechanism for agglomeration advantages, we would

imagine that a �rm-speci�c advantage is observed that could be the basis for knowl-
edge transfer from HWFs. Therefore, once I have assigned the establishments in the
HWFs and non-HWFs groups, I estimate equations like

ln yjst= �0 + �1HWFjs + �s + vt + ejst (2)

where the dummy HWF takes the value of 1 if �rm j in industry s is classi�ed as
high-wage, and yjst are di¤erent �rm-level outcomes, such as output per worker,
value added per worker and tangible and intangible capital per worker.8 The results
are discussed in the descriptive overview of Section 4.

3.2 Workers Flows and Productivity

With linked worker-�rm data, I can establish measures of explicit contact between
good �rms and other local �rms by constructing establishment-speci�c measures for
the number of workers in Venetian �rms with experience gained at good �rms. Then,
I use this measure within a productivity regression framework in order to evaluate
whether employees trained at good �rms who later join other local �rms bring with
them some of the knowledge that they have acquired.
More speci�cally, I estimate:

yjst= �kkjst + �mmjst + �lljst + �HHjst +�st+vt+ujst (3)

7See Abowd and Kramarz (1999a and 1999b) for a complete discussion of the exogeneity as-
sumption for the residual.

8I could have de�ned the good �rms as the highly productive ones and detected them using
balance sheet data. There are three reasons why I do not pursue this strategy, and instead de�ne
the good �rms as HWFs. First, the use of social security data allows the introduction of measured
individual characteristics and worker e¤ect. Second, social security data are available for a longer
period of time than the balance sheets, and therefore they allow me to detect more episodes of labor
mobility out of good �rms.
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where yjt is the log value of total production (in real euros) at �rm j in industry
s in t, and ljst;mjst; kjst are the log values of labor, material, and capital inputs.
The main variable of interest is Hjst; i.e. the number of workers in t � 1 with ex-
perience from HWFs. 9 For a worker to be counted as having HWF-experience in
year t; the worker must be observed in a HWF for one or more of the years t� k to
t � 1. Given that I use social security data from 1987 and I run production func-
tion regressions starting from 1995 (see Section 4), in the baseline speci�cation I set
k = 8 in order to have as many events of mobility out of HWFs as possible. 10The
inclusion of year dummies controls for the overall business cycles, while the large
number of industry-year interaction terms controls for industry-level business cycles,
and also time-varying variables such as pro�t margins, industry concentration, and
import competition.11 Given the way I have created H, this measure captures the
recently hired workers with HWF experience. If recent hires are systematically cor-
related with time-varying unobservables at the �rm level, my estimate of �H will
be biased upward.12 In order to address this issue, I include Njst, i.e. the number
of recently hired workers in t without experience from good �rms. Therefore, the
possible identi�cation of knowledge transfer relies on the di¤erential e¤ect of hiring
an employee with HWF experience over hiring an employee from another non-HWF.
Balsvik (2011) uses a similar approach by dividing workers newly hired by Norwe-
gian �rms into two groups: those with experience from multinational enterprises,
and those without any such experience. Once I have included both Hjst and Njst,
the correlation between time-varying unobserved productivity shocks and hiring in
general would not cause any bias in the di¤erence between the impact of new hires
from HWFs and non-HWFs. However, time-varying shocks that are correlated with
the propensity to hire workers from good �rms give rise to an upward bias in the
di¤erential e¤ect of Hjst. One can imagine a situation where an establishment ex-
periences a positive productivity shock and responds by hiring workers from good
establishments whom it can now better a¤ord (Stoyanov and Zubanov, 2012). Then,
in addition to the e¤ect of the recently hired workers from HWF, Hjst will carry the
receiving �rm�s own productivity shocks of t � 1 or earlier. The fact that I lag the
number of workers from HWF only partially addresses this concern. To estimate

9h is constructed from head counts in the matched employer-employee data, while L is taken
from the balance sheet data.
10I experimented with k = 5; 6; 7 and the results largely remained unchanged.
11The industry-year interaction terms are based on 21 industry dummies corresponding to the

two-digit ISIC level.
12Moreover, if workers who change establishments are more productive than stayers in general,

the e¤ect of newly hired workers with HWF experience may equally apply to newly hired employees
without HWF experience.

9



consistently the e¤ect of hiring from a good �rm, I must ensure that Hjst is uncor-
related with unobserved shocks to the receiving �rm�s productivity coinciding with,
or preceding, the hiring of workers from good �rms.
Section 5.1 also employs the productivity literature�s techniques to control for

the endogeneity of inputs to assess this issue�s relevance in this paper�s setting. In
particular I apply the estimator developed in Levinsohn and Petrin (2003) which uses
intermediate inputs as proxies for these unobservable shocks. As a further control, I
apply the Olley and Pakes (1996) approach that uses investment as a proxy variable.
See the Appendix for a brief summary of the in-depth discussion of �structural�
estimators in Eberhard and Helmer (2010).

3.3 Labor Mobility and Productivity in the Local Labor
Market

If labor mobility is to act as a channel for agglomeration advantages, the probability
of hiring from a good �rm should be higher in localities with a higher share of good
�rms, i.e. �rm location should be of importance. Firm location may matter because
the relocation costs for workers or the informational cost of identifying the �right�
worker for �rms are large across localities. On the former dimension, Combes and
Duranton (2006) show that labor �ows in France are mostly local: about 75% of
the skilled workers remain in the same employment area when they switch �rms.
The degree of geographical mobility implied by this �gure is small, since the average
French employment area is comparable to a circle of radius 23 km. In Dal Bó,
Finan and Rossi (2011), randomized job o¤ers allow causal estimates of the e¤ect of
commuting distance on job acceptance rates. Distance is found to be a very strong
(and negative) determinant of job acceptance: applicants are 33 percent less likely
to accept the position if the municipality to which they are assigned is more than 80
kilometers (the median distance) away from their home municipality.
As concerns Veneto, in January 2012, I visited several �rms and interviewed

proprietors and workers about the history of their enterprises and their current op-
erations. I have also interviewed employers�associations and chamber of commerce
o¢ cials. The anecdotal evidence that I collected supports the idea that �rm location
is of importance.13

Exploiting information on the location of �rms, I can empirically investigate this
issue by estimating:

13As expressed by Federico Callegari, of the Treviso Chambre of Commerce: "When losing their
job, workers tend to look for another job with a commuting time of 20-30 minutes. Why? Because
they want to go home during the lunch break!"
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(hire_from_HWF )jlt=�1(share_HWFs)lt�2 + F 0jt�2 + vt + ujlt (4)

where the dependent variable is a dummy which takes the value of one if a non-HWF
j in locality l is hiring from a good �rm at time t, (share_HWFs)lt�2 is the lagged
share of good �rms in location l and F 0jt contains the observable �rm characteristics
(number of employees, share of female workers, share of white collar workers, share
of managers, share of workers aged 30 or less and share of workers aged 40) The
results are discussed in Section 5.2

4 Data Sources and Descriptive Overview

The data set is for Veneto, a administrative region in the North-East of Italy, which
is the third Italian region by GDP and has a population of around 5 million people,
around 8 percent of the country�s total. The region underwent deep economic changes
in the last few decades. Until after World War II, the economy was largely based
upon farming and the region experienced large out-migration to Germany, Switzer-
land, United States, Canada and Australia. The 1960s and 1970s were characterized
by intense economic development. Starting from the mid-nineties until the most re-
cent recession, Veneto has been a full employment region with a positive rate of job
creation in manufacturing, compared to a negative national rate and positive migra-
tion �ows (Tattara and Valentini, 2007). As mentioned in the Introduction, Veneto
is characterized by a large presence of �exible establishments, frequently organized in
districts with a very strong vocation for exporting their products.14Metal-engineering
is the largest industry (electromechanical, precision machining, etc.); important in-
dustries are also goldsmiths, mechanical goods, furniture and plastics, garments,
textiles, leather and shoes.15

The data set pools three kinds of information: individual earnings records, �rm
balance sheets, and information on local labor systems. The �rst two kinds of infor-
mation (combined for the period 1995-2001) have been used by Card, Devicienti and
Maida (2011).
The earnings records result from the Veneto Workers History (VWH) dataset,

which was assembled by Giuseppe Tattara and collaborators at University of Venice
with administrative archives of the Istituto Nazionale per la Previdenza Sociale

14The most famous example of industrial district is probably the eyeglasses district in the Province
of Belluno. This district hosts the largest world manufacturer Luxottica, whose brands include Ray-
Ban eyeglasses.
15Benetton, Sisley, Geox, Diesel, Replay are Venetian brands.
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(INPS), which is the main public institute of social security in Italy. 16 The VWH
has data on private sector personnel in the Veneto region over the period 1975 to
2001. Speci�cally, it contains register-based information for virtually any job that
lasts at least one day. The whole employment history has been reconstructed for
each worker. On the employee side, the VWH contains overall earnings during the
calendar year for every job, the amount of days worked during the year, the proper
national contract and the level within that contract (i.e., a "job ladder" code), and
the employee�s age, gender, region (or country) of birth, and tenure with the em-
ployer. On the �rm side, the VWH contains industry (categorized by �ve-digit code),
the dates of "birth" and closure of the establishment (if applicable), and the location
of the establishment. Balance sheet records starting from 1995 were obtained from
AIDA (analisi informatizzata delle aziende), a database circulated by Bureau Van
Dijk which contains information for incorporated non-�nancial Italian establishments
with annual revenues of at least 500,000 Euros.17 AIDA has the o¢ cial balance sheet
records for these �rms, which contain revenues, total wage bill, the book value of
capital (broken into a number of subgroups), value added, the overall number of
workers, materials and industry (classi�ed by �ve-digit code).
Information on local labor systems (LLMs) was obtained from the National In-

stitute of Statistics (ISTAT). The LLMs are territorial groupings of municipalities
characterized by a certain degree of working-day commuting by the resident popula-
tion. ISTAT conducted three studies on LLMs: in 1981, 1991 and 2001. In 2001 686
LLMs were listed in Italy, and the median number of employees was 10763. 18Since
I use data for the period 1987-2001 (see below) I exploit the LLM classi�cation in
1991, were the 518 municipalities (comuni) in Veneto are divided into 51 LLMs, 48
of which have their centroid in the region. I use �rm identi�ers to match job-year
observations for workers aged 16 to 64 in the VWH to �rm �nancial data in AIDA
for the period 1995 to 2001. The match rate is fairly large: at least one observation
in the VHW was found for over 95% of the employers in the AIDA sample. Around
50% of all employees observed in the VWH between 1995 and 2001 (the period of
overlap with the balance sheet data) can be matched to an AIDA �rm. Most of
the non-matches seem to be workers of small �rms which are omitted from AIDA.
16I am extremely grateful to Giuseppe Tattara for making the dataset available and to Marco

Valentini and Carlo Gianelle for assistance in using it. Additional information on VHM is available
in the Appendix, which draws on the descriptions in Battisti (2012), Tattara and Valentini (2011)
and Card, Devicienti and Maida (2011)
17See http://www.bvdep.com/en/aida.html. Only a small portion of establishments in AIDA is

publicly traded. I eliminate these establishments and those with consolidated balance sheets (i.e.,
holding companies).
18The average was 30576, the minimum 1251 and the maximum 1321564.
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I could match at least one employee for around 18,000 �rms, or around 10% of the
entire universe of employers contained in the VWH.19

From this set of potential matches, I made a sequence of exclusions to obtain my
estimation sample for equation (1). One, I removed all workers outside manufactur-
ing. Two, I excluded job-year observations with remarkably high or low values for
wages (I trim observations outside the 1% - 99% range). Four, I dropped observa-
tions where �rms only had one employee in VWH. I use VHW data from 1987 to
2000 for �rms that could be matched in AIDA. As explained above, the method in
Abowd, Creecy and Kramarz (2002) identi�es in the data separate groups of workers
and �rms that are connected via mobility. I run the grouping algorithm separately,
and then use the created group variable to choose the largest group as a sample
for the �xed-e¤ects estimation. I identify the HWFs as those in the top 20% group
of ranked values for the �xed e¤ects.20 Table 1 shows that for Veneto manufactur-
ing, there are clear di¤erences between HWFs and non-HWFs in labor productivity
(output per worker), value added per worker and �rm size �see equation (2). The
table further shows di¤erences in capital per worker (Column 4) and in particular in
intangible �xed assets (intellectual property, accumulated research and development
investments, goodwill). This evidence is important for assessing the potential for
knowledge transfer in the region. Overall, these descriptive results point to an HWF
advantage. Since labor productivity is 17% higher in HWFs, and intangible capital
per worker 31% larger, we can also think of HWFs as high-productivity �rms, or
high-intangible-capital �rms.
For labor mobility to be a mechanism for agglomeration advantages, we must

observe some workers moving from HWFs to other �rms. The wage premium in
HWFs may encourage employees to stay in HWFs instead of switching to non-HWFs,
and worker �ows may therefore be small. In terms of the potential for knowledge
transfer, the interesting question is how workers with recent HWF experience spread
across the group of non-HWFs. In a typical year between 1995 and 2001, 3.6% of
non-HWFs employ workers with recent HWF experience. If we consider all non-
HWFs that hire workers from HWFs (regardless of how recently they arrived), this
percentage is equal to 4.3%.21If I de�ne HWFs as those in the top 50% group of

19Card, Devicienti and Maida (2011) show that the average �rm size for the matched jobs sample
(36.0 workers) is considerably larger than the average for total employers in the VWH (7.0 workers).
Mean daily wages for the matched observations are also greater, while the fractions of younger (age
30 or less) and female employees are lower.
20I use the a2reg Stata routine developed by Ouazad (2007) to implement the approach in Abowd,

Creecy and Kramarz (2002).
21Overall, 839 workers switch from HWFs to non-HWFs; 797 of these workers have recent HWF

experience.
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ranked values for the �xed e¤ects (instead of 20%) 8% of non-HWFs employ workers
with HWF experience.
The presence of a �rm-speci�c advantage, together with evidence of actual worker

�ows, can only suggest that a potential for knowledge transfer through labor turnover
does exist, while a productivity bene�t at the �rm level due to turnover is consistent
with labor turnover actually working as a channel for knowledge transfer. In the next
section, I discuss the extent to which non-HWFs bene�t from hiring workers from
HWFs. In order to obtain the estimation sample for the �rm-level analysis �equation
(3) � I �rst removed the HWFs. Then, among the non-HWF group I removed
(a) �rms that closed during the calendar year, and (b) �rm-year observations with
remarkably high or low values for several key �rm-level variables, such as total value
of production, number of employees, capital stock and materials (I trim observations
outside the 1% - 99% range). Since I am using AIDA data (from 1995 to 2001) for
the �rm-level analysis, in order to reduce the in�uence of false matches (particularly
for larger �rms) I followed Card, Devicienti and Maida (2011) and eliminated the
"gross outliers", a minor number of matches (less than 1% of all employers) for which
the absolute gap between the number of workers reported in the balance sheet and
the number found in the VWH is larger than 100.22The resulting �rm level sample
is summarized in Table 2.

5 Empirical Evidence

5.1 Evidence on Labor Mobility and Productivity

Table ?? shows the results of estimating equation (3). In column 1, the coe¢ cient
on Hjst is positive (0.051) and highly signi�cant. The impact of the recruitment of a
HWF worker on a �rm�s productivity is an increase of 5.1 percent. Columns 2 and
3 report the results where I add �xed e¤ects for province-by-year, and province-by-
industry-by-year.23 The results largely remain unchanged. In Column 4, I include
Njst in order to address the issue of a potential correlation between recent hires and

22I also assessed the quality of the matches by comparing the overall number of individuals in
the VWH who are reported as working for a certain employer (in October of a certain year) with
the overall number of employees recorded in AIDA (for the same year). When I eliminated the
"gross outliers" ,the correlation between the number of workers in VHM and the �gure found in
the balance sheet was 0.996. Card, Devicienti and Maida compared total wages and salaries for the
calendar year as recorded in AIDA with overall wage payments recorded for workers in the VWH.
The two measures are extremely correlated (correlation > 0.98) and the median ratio between them
is close to 1.0.
23A province is an Italian administrative division. There are 7 provinces in Veneto.
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time-varying unobservables �see Section 3.2. The coe¢ cient on newly hired workers
without HWF experience is positive and highly signi�cant but small (0.004). The
di¤erence in the productivity e¤ects associated with the two types of newly hired
workers is highly signi�cant.
Table ?? presents results where I try to address the issue of transmission bias,

i.e. the presence of unobservable shocks that �transmit to�input choices, using the
productivity literature�s techniques. In the �rst 3 columns, I compare parameter
estimates from OLS (Column 1), the Levinsohn and Petrin (2003, henceforth LP)
estimator (Column 2) and the within estimator (Column 3). In Column 2, Hjst is
treated as a freely variable input.24 The coe¢ cient for Hjst in Column 2 is positive
(0.037) and highly signi�cant; it is lower than the OLS estimate, con�rming both
the theoretical and empirical results on freely variable inputs discussed in LP. 25 The
estimates for Hjstdi¤ers quite substantially from the OLS estimate, and is closer to
LP estimates. It is positive (0.026) and highly signi�cant 26As a further check, in
Column 4 I report results using the Olley and Pakes (1996, henceforth OP) estimator.
27 The coe¢ cient is positive (0.048) and highly signi�cant. However, I do not observe
investment, and hence I have to derive the proxy variable in t as the di¤erence in
the reported book value of capital in t + 1 and the value in t: This exacerbates
the measurement error problems associated with the proxy variable approach. In
addition it reduces my sample size quite substantially because (a) one year of data
is lost when I take the di¤erence in reported book values and (b) only observations
with positive values for the proxy variable can be used in the OP approach, and a
large portion of my sample does not satisfy this condition. 28

Taken together, the �ndings shown here suggest that non-HWFs which hire work-
ers with previous experience from HWFs bene�t in terms of increased productivity.

24I use the levpet Stata routine developed by Levinsohn, Petrin, and Poi (2003).
25As for the other freely variable input, Ljst the OLS estimate also exceeds the LP estimates.

The results for capital are also consistent with LP, which show that if capital is not correlated with
this period�s transmitted shock (but variable inputs are), or capital is much less weakly correlated
with the productivity shock than the variable inputs are, the OLS estimate on capital is likely to
be biased downward
26Note that the within estimator removes all permanent productivity di¤erences among �rms

that might be correlated with the propensity to hire workers with HWF-experience. For instance,
non HWFs may target sending HWFs with particular characteristics (e.g. some domestic HWFs
may prefer to hire from multinationals) and the (long-term) stable preferences in hiring may re�ect
certain management practices.
27I use the opreg Stata routine developed by Yasar, Raciborski, and Poi (2008).
28Firms will have their non-positive proxy variable observations truncated from the estimation

routine because the necessary monotonicity condition does not hold for these observations. See
Eberhard and Helmer (2010) for more details
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The productivity e¤ect attributed to workers with HWF experience is not associated
with recently hired workers in general; I do not �nd a similar productivity e¤ect
for recently hired workers without HWF experience. Moreover, these results do not
seem likely to be driven by unobservable productivity shocks.
I subjected the sensitivity of my �ndings to three additional robustness checks.

In the �rst robustness check, I entered Hjst�1 instead of Hjst. The results, shown
in the Appendix, are very similar. In the third robustness check, I eliminated the
unobserved �rm e¤ect in equation (3) by �rst di¤erencing the model. In the third
robustness check, I allowed the e¤ect of materials to di¤er by 2-digit industry For all
robustness checks, the results were largely unchanged (These estimates not shown
here but available upon request).
The estimates shown so far cannot dismiss an alternative reason for the positivec�H , namely that employees with HWF experience are positively selected compared to

the other workers in non-HWFs. In constructing the ranking of �rms in Section 3.1 I
take into account individual heterogeneity and measured worker characteristics (see
eq. (1)). However movers might be selected. As for the individual characteristics, in
all year movers from HWFs are signi�cantly more likely than stayers at non-HWFs
to be young and male. In most years they are also signi�cantly more likely to be
white collars (this category also includes middle managers). In some years they
are signi�cantly more likely to be managers29. Given these di¤erences in observ-
able chracteristics, I add to equation (3) variable inputs such shares of managers,
females, white collars, and di¤erently aged workers. The results largely remained
unchanged (the estimates are not shown here but are available upon request). As
for unobserved ability, I compare the distributions of the worker �xed e¤ects in non-
HWFs from estimating equation (1) for stayers and workers coming to non-HWFs
from good �rms. A mean-comparison test of b�i fails to suggest that workers coming
to non-HWFs from good �rms are positively selected. I also compared the overall
distribution in Figure 1, which shows the quantile-quantile plot, i.e. a plot of the
quantiles of the distribution of b�i for the stayers at non-HWFs against the quantiles
of the distribution of b�i for the workers coming from good �rms, for the most recent
year, 2001. Figure 2 shows the quantile-quantile plot for the year 2000. Points on
the right-hand side of the 45-degree line mean that the values of the distribution on
the x-axis are higher than those of the distribution on the y-axis. If most points are
on the right-hand side of the main diagonal, we will conclude that workers coming to
non-HWFs are positively selected on unobservable ability.30 However, Figure 1 and

29The Appendix shows descriptive statistics for movers from HWFs and stayers at non-HWFs
for the most recent year.
30Both axes are in units of the estimated �i from equation 1 (vertical axis for stayers and horizontal

16



2 show no evidence of this. Despite some di¤erences in the two graphs, points on
the x-axis are not usually higher than points on the y-axis31. Therefore this exercise
again fails to suggest that worker selection is the source of the estimated produc-
tivity bene�ts. As a further check on this issue, I add to equation (3) �j, the �rm
level average of worker estimated person e¤ects. The coe¢ cient of �j is positive and
highly signi�cant, but c�H is very similar (the estimates are not shown here but are
available upon request).

5.2 Evidence on worker �ows and Productivity in the Local
Labor Market

Having found evidence in favor of an important role of labor turnover as a mechanism
of knowledge transfer, I then turn to the question of the extent to which worker �ows
can explain evidence on agglomeration advantages. As discussed in Section 3.3: if
labor mobility is to act as a channel for agglomeration advantages, the probability
of hiring from a good �rm should be higher in localities with a higher share of good
�rms, i.e. �rm location should be of importance. The distribution of good �rms
across locations is not uniform. Some LLMs have a higher share of good �rms than
others (see Table 5). Since the region-wide share of good �rms is �xed (equal to 25%,
see Section 3.1) each �rm should, in principle, face the same probability of hiring a
worker from a good Venetian �rm, regardless of location, unless geography plays a
role.
Column 1 of Table ?? shows the results of estimating equation 4 using the probit

method (The reported estimated coe¢ cients are semi-elasticities; standard errors are
clustered by �rm). The coe¢ cient on the lagged share of good �rms in the LLM is
positive (2.154) and highly signi�cant.32

Columns 2 reports the results where I add �xed e¤ects for province-by-year.33

The coe¢ cient on the lagged share of good �rms in the LLM is again positive,
even though somewhat smaller (1.706) and highly signi�cant. A standard deviation
(0.097) increase in the share of good �rms in the LLM is linked to a 17% increase in
the probability of hiring from a good �rm. Columns 3 shows the estimates when I
add �xed e¤ects for province-by-industry-by-year. The results are unchanged. This

axis for the hires from good �rms). For a given point on the q-q plot, we know that the quantile
level is the same for both points.
31The same conclusion holds for the other years in the 1995-2001 period.
32Recall the description of LLMs in Section 4. Here, I only consider LLMs whose centroid is in

Veneto.
33A LLM can span more than one province
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evidence suggests that �rm location is of importance because distance acts as a
barrier for workers� job mobility: the propensity of workers to change jobs in the
same local labor market is greater than their propensity to move between local labour
markets. I subjected the sensitivity of these �ndings to a number of robustness
checks. First, I estimated equation (4) using the linear probability model with LLM
�xed e¤ect. Second, I entered �rm �xed e¤ects. Third, I used di¤erent lags of the
explanatory variables. Third, I clustered the standard error by local labor market
instead of by �rm. For all robustness checks, the results largely remained unchanged
(the estimates are not shown here but are available upon request). Overall, my
results are then consistent with the model in Combes and Duranton (2006) where
�rms that cluster in the same local labor market bene�t from better access to workers
whose knowledge enhances e¢ ciency.
In general, one might expect labor mobility to also be a¤ected by economic prox-

imity. Therefore in Table (??) I explore whether worker �ows from good �rms to
other �rms in a local labor market are larger within an industry. I show a statisti-
cally signi�cant relation between the number of good �rms in the same local labor
market and same industry and the number of knowledge carriers. I do not �nd a
statistically signi�cant relation when I consider good �rms in same local labor mar-
ket but di¤erent industry. These results may help explaining the �ndings in Moretti
(2004b) and Greenstone, Hornbeck and Moretti (2010) that productivity advantages
are increasing both in geographic and economic proximity.

6 Conclusions

The evidence provided in this paper is consistent with labor turnover working as a
channel for agglomeration advantages. First, I showed that HWFs feature higher
labor productivity, higher value added per worker and higher intangible �xed assets
per worker. This suggests that HWFs have a �rm-speci�c advantage and hence, that
there is a potential for knowledge transfer. Second, non-HWFs which hire workers
with previous experience from HWFs bene�t substantially in terms of increased
productivity. These results are not likely to be driven by unobservable productivity
shocks. Third, the probability of hiring from a good �rm is higher in localities with
a higher share of good �rms (i.e. �rm location matters). Thus, labor turnover seems
to be a mechanism for agglomeration advantages in Veneto manufacturing.
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A Transmission bias and Structural Estimators of
production functions.

A standard Cobb-Douglas production function is given by

Yj = AjK
�k
j M

�m
j N

�n
j N

�n
j (5)

where N j and N j represent workers without HWF experience and those with
HWF experience, respectively. The empirical equivalent (denote log values with
lower case letters) is

yjt = �kkjt + �mmjt + �nnjt + �nnjt + �o + &jt (6)

in equation (6) ln(Aj) is decomposed into �o and &jt; where the constant �o
represents mean e¢ ciency across all �rms and &jt represents deviations from this
mean.
De�ne &jt as

&jt = !�jt + �jt = �j + !jt + 
t + �jt (7)

which indicates that &jt contains measurement error and a productivity term !�jt
(TFP) which is known to the �rm but unobserved by the researcher.
Rewrite equation (6) to yield

yjt = �kkjt + �mmjt + �nnjt + �nnjt + �o + �j + !jt + 
t + �jt (8)

The main problem for estimation of speci�cation such as equation (8) arises from
the suggestion that �rms decide on their choice of inputs based on the realized shock
!jt which only they observe. Since !jt is suggested to �transmit to�input choices,
this is known as �transmission bias�(Eberhard and Helmer, 2010).
In order to assess this issue�s relevance in this paper�s setting consider a �rm�s

optimization problem in each time period under the assumption of perfectly compet-
itive input and output markets

max�j = pAjK
�k
j M

�m
j N

�n
j N

�n
j � wNN j � wNN j � rKj � qMj

where prices of output and inputs are industry-wide equilibrium prices. The
corresponding FOC wrt to labor with HFW experience is

N j = (
�npAj
wN

)
1

1��nK
�k

1��n
j M

�m
1��nN

�n
1��n
j (9)
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rewritten in logs it can be seen that nj is a function of !jt

nj =
1

1� �n
(ln �n + ln p+ �o + &jt � lnwN + �kkjt + �mmjt + �nnjt)

Several solutions for the endogeneity of input choices with regard to unobserved
productivity have been proposed in the literature What follows is a brief summary
of the in-depth discussion of �structural�estimators in Eberhard and Helmer (2010).
OP address the issue of endogeneity of inputs by using information about observed
investment to proxy for unobserved productivity and by applying a control function
estimator. They assume that kjt and !jt are �rm-speci�c state variables in the �rm�s
dynamic programming problem. The Bellman equation is

Vjt(kjt;!jt) = maxf�j(kjt;!jt)� cj(ijt) + �E[Vt+1(kjt+1;!jt+1)jkjt;!jt; ijt]g

where kjt+1 = (1 � �)kjt + ijt is the law of motion for capital accumulation.
Investment is chosen at time t and adds to the capital stock at time t + 1: The

solution gives an investment policy function that depends on capital and productivity
ijt(kjt;!jt): Labor is not included in the investment equation because it is assumed to
be a �non-dynamic�input: it can be adjusted after realization of !jt within the same
period. A key assumption is that investment is strictly increasing in both capital
stock and productivity. In addition, !jt is assumed to be the only unobservable
driving the investment choice. Finally, when deciding upon investment in period
t + 1 any realizations of !jt prior to time t are not incorporated in the investment
function because productivity evolves by assumption following an �exogenous �rst-
order Markov process�: a �rm builds expectations about its productivity at time
t+1 exclusively based on its productivity levels realised at time t. Therefore one can
assume most generally that productivity evolves according to !jt = g(!jt�1) + �jt,
where �jt is the random �productivity shock�. Provided the investment function
is continuous in kjt; and !jt, and provided investment is positive, the investment
equation can be inverted to yield !jt = ft(ijt; kjt). The OP estimator is implemented
in two stage: �rst, by estimating

yjt = �lljt + �jt(ijt; kjt) + �jt

where
�jt(ijt; kjt) = �o + �kkjt + ft(ijt; kjt) (10)
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OP propose estimation based on a third-order polynomial series expansion. In the
second step, OP employ these estimates to run a regression of yjt � b�lljt on b�jt(�)
and kjt, which yields an unbiased c�k . From the assumption of a Markov process for
productivity and equation (10) one can realise that

E[!jtj!jt�1] = g(�jt�1(ijt�1; kjt�1)� �o � �kkjt�1) + �jt

This allows one to write

yjt � b�lljt = �kkjt + g(b�jt�1(ijt�1; kjt�1)� �o � �kkjt�1) + �jt + �jt (11)

Given that �k enters the equation twice and in combination with other parameters,
euqation (11) is estimated using non-linear least squares (NLLS).
The OP model can be extended to include �rm exit, in which case an extra step

is added between the two described above, where a probit regression is �tted on a
nonlinear function of ijt, kjt using the same argument of proxied productivity as in
the �rst step. The predictions from this intermediate step are then added in the g()
function in the above second step.
Building on OP, LP suggested the use of intermediate input demand instead of

investment demand as a proxy for productivity !jt. This means that the decision
on intermediate input is made at time t once !jt is observed by the �rm. The same
applies to labour input choices, which in turn means that labor and intermediate
inputs are chosen at the same, and labour preserves its assumed non-dynamic/�exible
nature. In the LP approach, intermediate inputs (electricity, material inputs) are a
function of !jt and kjt similar to the use of investment in the OP procedure.
The LP strategy keeps on relying on the scalar unobservable and monotonicity

requirements. The production function to be estimated by LP is

ojt = �o + �lljt + �kkjt + �mmjt + !jt + �jt

where mjt is intermediate inputs. Note that LP use (log) gross output as depen-
dent variable, instead of value-added. LP specify demand for intermediate inputs
as mjt = mjt(kjt;!jt) where demand is assumed to be monotonically increasing in
!jt. This assumption allows to invert the function to obtain a proxy for unobserved
productivity !jt = ft(mjt; kjt). The �rst step of the production function is then
rewritten as

ojt = �lljt + �jt(mjt; kjt) + �jt

where �jt(mjt; kjt) = �o + �kkjt + �mmjt + ft(mjt; kjt): The second step is
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ojt � b�lljt = �kkjt + �mmjt + g(b�jt�1 � �o � �kkjt�1 � �mmjt�1) + �jt + �jt

Since mjt is not orthogonal with respect to �jt, LP instrument current intermedi-
ate input levels through one-period lagged levels. See Eberhard and Helmer (2010)
for further details.
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The grouping algorithm. Source: Abowd, Creecy and Kramarz (2002)
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Table 1: Firm Characteristics, 1995-2001
(1) (2) (3) (4) (5) (6)
Y/L VA/L L K/L tang.K/L intang.K/L
b/se b/se b/se b/se b/se b/se

HWF 0.173 0.136 0.083 0.106 0.065 0.313
(0.021) (0.014) (0.034) (0.030) (0.032) (0.050)

Observations 25137 25137 25137 25137 25137 25137

Dependent Variables are in Logs. All OLS regressions include year and industry dummies. See equation (2)

Output, Value Added and Capital variables are in 1000�s of 2000 real euros

Standard errors (in parentheses) clustered by �rm

The dummy HWF takes value 1 if the �rm is classi�ed as high-wage

Table 2: non-HWFs, 4388 Individual Firms
Variable Mean (Std. Dev.) Min. Max. N

Output in 2001 (1000�s of real euros) 8940.529 (10331.616) 1101.159 94712.109 3014
Capital in 2001 (1000�s of real euros) 2106.03 (2904.353) 60.286 23070.875 3014
Materials in 2001 (1000�s of real euros) 4443.621 (6046.294) 81.723 53299.207 3014
�rm age (years) in 2001 19.574 (10.96) 1 100 3014
workers from HWF 0.038 (0.211) 0 4 21330
workers from non-HWF 3.574 (6.583) 0 177 21330
employees 51.141 (51.499) 3 455 21330
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Table 3: Workers with HWF experience and Productivity, OLS Estimates
(1) (2) (3) (4)

Baseline Prov.-Year FE Prov.-Ind.-Year FE non-HWF workers
b/se b/se b/se b/se

log(capital) 0.088 0.089 0.092 0.086
(0.004) (0.004) (0.004) (0.004)

log(materials) 0.576 0.577 0.574 0.574
(0.007) (0.007) (0.007) (0.007)

log(employees) 0.262 0.261 0.262 0.252
(0.008) (0.008) (0.007) (0.008)

workers from HWF 0.037 0.036 0.034 0.030
(0.010) (0.010) (0.010) (0.010)

workers from non-HWF 0.004
(0.001)

Observations 21330 21330 21330 21330

Dependent variable: Log(Output). Standard errors (in parentheses) clustered by �rm

All regressions include year dummies

Column 1 reports estimates from the baseline speci�cation, see equation ()

Column 2 includes province(7)-year interaction dummies

Column 3 includes province(7)-industry-year interaction dummies

Column 4 includes the number of newly hired workers from non-HWFs
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Table 4: Workers with HWF experience and Productivity: Robustness to Speci�ca-
tions Adjusting for the Endogeneity of Firm Inputs

(1) (2) (3) (4)
OLS OP LP Within
b/se b/se b/se b/se

log(capital) 0.088 0.076 0.151 0.061
(0.004) (0.018) (0.009) (0.005)

log(materials) 0.576 0.579 0.592
(0.007) (0.008) (0.012)

log(employees) 0.262 0.251 0.230 0.087
(0.008) (0.010) (0.006) (0.006)

workers from HWF 0.037 0.034 0.020 0.014
(0.010) (0.015) (0.008) (0.006)

Observations 21330 8310 21330 21330

Dependent variable: Log(Output)

All regressions include year dummies

Column 1 reports estimates from OLS speci�cation. See equation ()

Column 2 implements the procedure in Olley and Pakes (1996)

Column 3 implements the procedure in Levinsohn and Petrin (2003)

Column 4 reports within estimates

Table 5: Local Variables
Variable Mean (Std. Dev.) Min. Max. N

Firms in LLM 207.073 (120.398) 8 479 34859
HWFs in LLM 35.741 (25.35) 0 109 34859
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Table 6: Hiring from HWFs, Probit Regressions
(1) (2) (3) (4)

Baseline Prov.-Year-Ind. FE by Ind. Prov.-Year-Ind. FE
b/se b/se b/se b/se

lag5(HWFs in LLM) 0.006 0.006
(0.002) (0.002)

lag5(HWFs in LLM same IND) 0.042 0.042
(0.010) (0.010)

lag5(HWFs in LLM di¤ IND) -0.001 -0.001
(0.002) (0.002)

Observations 34859 33116 34859 33116

Pr(x0b�) .014 .015 .014 .015
Marginal e¤ects

(d) for discrete change of dummy variable from 0 to 1

Dep. Variable is dummy equal to one if non-HWF hires from a HWF

Column 1 reports estimates from the baseline speci�cation - see equation ()

Column 2 includes province(7)-industry(92)-year interaction dummies

Column 3 divides local HWFs depending on whether they belong to same industry of the non-HWF

Column 4 adds province(7)-industry(92)-year interaction dummies to Column 3

Standard errors (in parentheses) clustered by �rm. Regressions include year dummies

Estimated Coe¢ cients are semi-elasticities
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Table 7: Number of HWFs in LLM by Industry and Workers with HWF experience
(1) (2) (3) (4)

Baseline Prov.-Year FE Prov.-Year-Ind. FE LLM FE
b/se b/se b/se b/se

lag5(HWFs in LLM same IND) 0.0041 0.0037 0.0041 0.0029
(0.0009) (0.0009) (0.0009) (0.0010)

lag5(HWFs in LLM di¤ IND) -0.0003 -0.0002 -0.0003 0.0006
(0.0001) (0.0001) (0.0001) (0.0005)

Observations 34859 34859 34859 34859

Dependent variable: Workers with HWF experience

All regressions include year dummies

Column 1 reports estimates from baseline speci�cation

Column 2 includes province(7)-year interaction dummies

Column 3 includes province(7)-industry-year interaction dummies

Column 4 includes LLM e¤ects
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Table 8: Workers with HWF experience from same industries and Productivity
(1) (2)
OLS LP
b/se b/se

log(capital) 0.089 0.151
(0.004) (0.009)

log(materials) 0.576
(0.007)

log(employees) 0.262 0.230
(0.008) (0.006)

workers from HWF in same ind. 0.055 0.039
(0.018) (0.015)

Observations 21330 21330

Dependent variable: Log(Output)

All regressions include year dummies

Column 1 reports estimates from OLS speci�cation. See equation ()

Column 2 implements the procedure in Levinsohn and Petrin (2003)

Table A.1: Movers from HWF to non-HWFs, 2001
Variable Mean (Std. Dev.) Min. Max. N
age 34.503 (8.153) 18 62 372
white collar 0.395 (0.49) 0 1 372
manager 0.03 (0.17) 0 1 372
female 0.237 (0.426) 0 1 372

Table A.2: Stayers at non-HWFs hiring from non-HWFs, 2 > 001
Variable Mean (Std. Dev.) Min. Max. N
age 37.539 (9.602) 16 65 58654
white collar 0.272 (0.445) 0 1 58614
manager 0.014 (0.119) 0 1 58614
female 0.317 (0.465) 0 1 58654
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Table A.3: Local Variables
Variable Mean (Std. Dev.) Min. Max. N

local_HWFs 38.028 (26.781) 0 116 50918
share of HWFs in LLM 0.175 (0.075) 0 0.6 50918

Table A.4: Hiring from HWFs, Probit Regressions
(1) (2) (3)

Baseline Prov.-Year FE Prov.-Year-Ind. FE
b/se b/se b/se

lag2 (share of HWFs in LLM) 2.154 1.706 1.799
(0.412) (0.477) (0.474)

Observations 16425 16425 16425

Pr(x0b�) .033 .032 .029

Dep. Variable is dummy equal to one if non-HWF hires from HWF

Column 1 reports estimates from the baseline speci�cation - see equation (4)

Column 2 includes province(7)-year interaction dummies

Column 3 includes province(7)-industry(92)-year interaction dummies

Standard errors (in parentheses) clustered by �rm. Regressions include year dummies and �rm level controls

Estimated Coe¢ cients are semi-elasticities

Table A.5: Number of HWFs in LLM and Workers with HWF experience
(1) (2) (3)

Baseline Prov.-Year FE Prov.-Year-Ind. FE
b/se b/se b/se

lag(HWFs in LLM) 0.0012 0.0011 0.0011
(0.0003) (0.0004) (0.0003)

Observations 44355 44355 44355

Dependent variable: Workers with HWF experience

All regressions include year dummies and LLM e¤ects

Column 1 reports estimates from baseline speci�cation

Column 2 includes province(7)-year interaction dummies

Column 3 includes province(7)-industry-year interaction dummies
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Table A.6: Workers with HWF experience and Productivity, OLS Estimates using
lagged values for number of workers

(1) (2) (3) (4)
Baseline Prov.-Year FE Prov.-Ind.-Year FE L from non-HWF
b/se b/se b/se b/se

log(capital) 0.090 0.090 0.093 0.088
(0.005) (0.005) (0.005) (0.005)

[1em] log(materials) 0.570 0.571 0.569 0.569
(0.007) (0.007) (0.007) (0.007)

[1em] lag(workers from HWFs) 0.051 0.051 0.047 0.047
(0.012) (0.012) (0.013) (0.012)

[1em] log(employees) 0.264 0.264 0.264 0.254
(0.008) (0.008) (0.008) (0.008)

[1em] lag(workers from non-HWFs) 0.004
(0.001)

Observations 19560 19560 19560 19560

Dependent variable: Log(Output). Standard errors (in parentheses) clustered by �rm

All regressions include year dummies

Column 1 reports estimates from the baseline speci�cation, see equation ()

Column 2 includes province(7)-year interaction dummies

Column 3 includes province(7)-industry-year interaction dummies

Column 4 includes the number of newly hired workers from non-HWFs
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