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Abstract Labor flows are important channels for knowledge spillovers between firms; yet
competing arguments provide different explanations for this mechanism. Firstly, productiv-
ity differences between the source and recipient firms have been found to drive these spillo-
vers; secondly, previous evidence suggests that labor flows from multinational enterprises
provide productivity gains for firms; and thirdly, industry relatedness across firms have
been found important, because industry-specific skills have an impact on organizational
learning and production. In this paper, we aim to disentangle the effects of productivity
gap, multinational experience and industry relatedness in a common framework. Hungar-
ian employee—employer linked panel data from 2003-2011 imply that the incoming labor
from more productive firms is associated with increasing future productivity. The impact
of multinational spillovers cannot be confirmed, once productivity differences between the
firms are taken into account. Furthermore, we find that flows from related industries out-
perform the effect of flows from same and unrelated industries even if we control for the
effects of productivity gap and multinational spillovers.
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1 Introduction

Following Arrow (1962), worker mobility has long been considered a major source of
knowledge flow across firms: the hiring firm benefits from the embodied knowledge
and skills of incoming labor, which has a positive effect on wages and productivity in
the recipient company (Almeida and Kogut 1999; Zucker et al. 2002; Palomeras and
Melero 2010; Stoyanov and Zubanov 2014). It is widely accepted that skills gained at
the source firm matters for the productivity gains of the recipient firm; and the knowl-
edge spillover conveyed by labor flows and its impact on firm’s productivity is affected
by individual, firm-level, and environmental attributes (Mawdsley and Somaya 2016).
Here we focus on three complementary factors of firm-level attributes that have been
found critical in facilitating or constraining the impact of inter-firm knowledge transfer
through labor mobility.

First, Stoyanov and Zubanov (2012) argue that the experience gained from effi-
cient production is important and claim that the influence of new workers is stronger
if they arrive from more productive firms. Second, scholars argue that labor mobility
from foreign-owned or multinational enterprises (MNEs) to domestic companies is an
efficient channel for productivity spillovers, because the experience of previous MNE
workers regarding production technologies, marketing and management processes pro-
vide extra gains for the domestic firms that hire them (Balsvik 2011; Gorg and Strobl
2005; Poole2013). Third, the degree of technological relatedness of skills between the
source and recipient firms have been found important and empirical results suggest
that those new skills provide the most benefits that are related but not identical to the
existing skills of the recipient firm (Boschma et al. 2009; Timmermans and Boschma
2014).

Despite the well-developed literature shortly summarized above, the effects and the
interactions of relative productivity, multinational spillovers and relatedness of skills
have not been looked at in a common framework. The aim of our paper is to test these
mechanisms together. To do this, we analyze a matched employer-employee dataset
that covers the 2003-2011 period and the full horizon of Hungarian firms.

In addition to verifying all the above arguments separately, we contribute to the
literature in two ways. First, our analysis reveals that the effect of multinational spill-
overs disappears when productivity differences are introduced into the model. This
finding implies that labor flows from MNEs do not boost local economy per se and
labor mobility matters only from those MNEs that are more productive than their host
economy. Second, we found that the similarities of knowledge base of the source and
recipient firms exert an additional positive effect on productivity. The effect of related
labor flows remain positive and significant even if the productivity gap and multina-
tional spillovers are controlled for.

The structure of the paper is as follows. In the following section we summarize
the conceptual framework and theoretical background of our research. The structure
of the data and the main patterns of labor flows are presented in Sect. 3. The baseline
empirical model focusing on productivity differences is introduced and implemented in
Sect. 4, which is extended by multinational spillovers in Sect. 5. The measurement for
relatedness of skills across industries is introduced in Sect. 6, where we further extend
the empirical model and discuss results regarding industry-specific skills. The main
conclusions are drawn in Sect. 7.
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2 Conceptual framework and related literature

Mawdsley and Somaya (2016) suggest an integrative conceptual framework of employee
mobility research. According to this, the content transferred by labor mobility between
firms is a central element. Mobile employees convey their human capital when they
move between firms, which includes their knowledge, skills, competencies and expert-
ness they gained through formal education and experiential learning. Therefore, the
most rewarding for firms is hiring high performers: talents, star employees and execu-
tives or inventors (Groysberg et al. 2008; Palomeras and Melero 2010; Teece 2003), who
may bring outstanding managerial, professional or occupational human capital and thus
can extensively improve the new firm’s performance. However, Campbell et al. (2012)
and Carnahan et al. (2012) revealed that if employees with extreme high performance
leave a firm, they are more likely to create new ventures instead of joining another firm,
and that an appropriate compensation schedule can minimize the hazard of employee
entrepreneurship of high performing employees. Nonetheless, not only star employees
and executives are valuable for firms; the experience, skills, tacit knowledge of special-
ized practices, processes, and technologies the mobile employees gain at the source firm
all add to the capabilities of the recipient firm (Dokko et al. 2009; Song et al. 2003).
Mawdsley and Somaya (2016) highlight that the labor mobility and its impact on
organizational outcomes are conditioned by three contextual layers: the individual
attributes of the mobile employees, the attributes of the source and destination firms,
and the features of the broader environment. In this paper we focus on the attributes of
the source and destination firms and reflect on three complementary theories on how
the capabilities gained at the sending firm are conveyed through labor mobility and are
integrated into the processes of value production of the recipient firm. In the remainder
of this section, we provide an overview of the “Productivity gap”, “Multinational spillo-
ver” and “Industry relatedness” approaches and introduce the hypotheses accordingly.

2.1 Productivity gap

Stoyanov and Zubanov (2012) shows that incoming workers have positive influence on
the productivity of the recipient company if hired away from a more productive firm,
because their experience of efficient production might be implemented in the production
process or can diffuse in the recipient firm and increase the productivity of incumbent
employees as well.

However, according to the extant literature, it is far from trivial that the productiv-
ity gap effect is universally present regardless from the structure of the labor market.
One counter-example is Germany where Stockinger and Wolf (2016) found no evidence
for the productivity gap effect. Therefore, it is important to test the theory in an econ-
omy with different level of development and historical context from Denmark where the
original model was developed (Stoyanov and Zubanov 2012). Our case refers to Hun-
gary that, like other countries in Central and Eastern Europe, went through a rapid skill-
biased technological change and an intense influx of MNEs in the 90 and 2000 s, before
joining the EU.

Our first hypothesis refers to the positive impact of hiring workers from more pro-
ductive firms:
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H1 Incoming employees with similar levels of human capital increase the productivity
of the recipient firm to a greater extent if they have been hired away from more productive
firms.

2.2 Multinational spillovers

Labor mobility is frequently used to illustrate the presence of productivity spillovers from
foreign-owned or multinational enterprises (MNEs) to domestic companies (Fosfuri et al.
2001). This mechanism is especially important in developing and catching-up economies,
where several policy instruments are used to attract and retain multinationals (Blomstrom
and Kokko1998). Multinational companies spend more on R&D, utilize more intangible
assets such as patents and new technologies; are much more involved in international trade
than domestic ones, and outperform them in productivity as well (Arnold and Javorcik
2009). Theoretical models suggest three channels that contribute to productivity spillovers
from multinationals: demonstration effects, when domestic companies develop by imi-
tating multinationals, competition effects and knowledge transfer through labor mobility
(Djankov and Hoekman 2000; Gorg and Strobl 2005). Previous research in Hungary found
spillover effects from MNEs to domestic companies by looking at the productivity dynam-
ics of co-locating companies (Halpern and Murakozy 2007); however, only highly produc-
tive domestic firms enjoy these positive externalities (Békés et al. 2009).

Considering the mechanisms of spillovers through employee mobility, Gorg & Strobl
(2005) show that the domestic firms whose owners worked for MNEs in the same industry
are more productive than other domestic firms, however, receiving training in the multina-
tional environment was not found to have additional effect. Mion and Opromolla (2014)
show that export experience of managers acquired at the source firm influences the export
performance of the recipient firm. Maliranta et al. (2009) finds that the mobility of R&D
personnel has positive effect on the recipient firm’s productivity, if they are employed in
non-R&D jobs. Balsvik (2011) finds that the private reward of moving from MNEs to
non-multinational firms is far less than the productivity premium they cause at the hiring
non-multinational firm. Poole (2013) identifies an increase in incumbent domestic workers’
wages after hiring employees with some experience at a multinational establishment as evi-
dence of knowledge transfers from multinationals to domestic firms.

However, mechanisms, such as training, R&D activity, or successful export activity
condense in labor productivity; thus, it is not clear how multinational spillovers add to
the effect of productivity gap. Therefore, we aim to test how these two mechanisms pre-
vail together and based on the previous literature, propose that the multinational spillover
effects sustain.

H2 Incoming employees from MNEs have higher impact on the productivity of recipi-
ent firms than employees from coming from domestic firms, even if the productivity gap
between the source and recipient firms is controlled for.

2.3 Industry relatedness

Following Becker (1964), the human capital theory claims the human capital transferred
by mobile employees consist of general and firm-specific components. Accordingly,
labor is not homogeneous but specific to the firm (Becker 1962, 1964; Mincer 1974;
Jovanovic 1979a, b; Flinn 1986; Topel and Ward 1992), to the occupation (Kambourov
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and Manovskii 2009a, b) or both to the firm and occupation (McCall 1990; Miller 1984;
Neal 1999; Pavan 2011) to the tasks performed (Poletaev and Robinson 2008; Gathman
and Schoenberg 2010; Nedelkoska and Neftke 2010). However, according to some stud-
ies, human capital proved being industry-specific rather than firm-specific (Neal 1995;
Parent 2000; Sullivan 2010).

In this paper, we will take the industry-specific human capital approach (Neal 1995;
Parent 2000; Sullivan 2010) by arguing that similarity across industries in terms of
dominant knowledge and skills matters for productivity spillovers transmitted by labor
mobility. The rationale behind the expectation is that workers moving across industries
use some of their previous experience in their new firm in a new industry, which might
be more efficient if the knowledge and skills of the mobile employee are similar to the
ones needed at the company (Neftke et al. 2016). Further, industry-specific human capi-
tal and the opportunity costs of jobs switching—due to the imperfect utilization of skills
in the new workplace—might also constrain inter-industry labor movements. On this
base, we posit that highly qualified workers are more likely to move to technologically
related industries then low-skill workers because their opportunity cost is higher. Thus,
human capital of mobile workers and technological relatedness of industries are inter-
dependent factors and drive the impact of labor flows jointly. In the matter of organi-
zational impacts of labor mobility, a certain degree of similarity is useful between the
technological knowledge environment in the receiving company and the new knowledge
and skills conveyed by the incoming labor flow. This is because new employees might
understand and accomplish tasks more easily when they have developed related skills
previously and also because incumbent workers might absorb the new knowledge more
easily if the new knowledge is related to their extant knowledge (Boschma et al. 2009;
Timmermans and Boschma 2014). There is a trade-off between learning new routines,
practices, processes, insights from the incoming employees and ease of integration of
them. On the one hand, new knowledge and novel thinking yields new valuable capa-
bilities for the hiring firm, but on the other hand, similarities across firms in terms of
demanded knowledge and skills might facilitate the adoption and spread of new knowl-
edge (Herstad et al. 2015; Maliranta et al. 2009; Tzabbar et al. 2013, 2015).

Empirical findings suggest that the incoming workforce has to bring a certain amount
of novelty to the firm as well in order to obtain productivity gains (Boschma 2005);
for example, innovating firms need to hire new inventors who possess expertise that is
new to the firm (Rosenkopf and Almeida 2003; Song et al. 2003). However, too high
knowledge overlap between the source and destination firms leads to redundant knowl-
edge which might reduce the positive impact of productivity gap between the source
and destination firms (Maliranta et al. 2009), while the heterogeneous technological
knowledge might intensify the positive effect of knowledge spillover (Rosenkopf and
Almeida 2003; Song et al. 2003). Therefore, previous results suggest that the recipient
firm benefits the most when the incoming workers arrive from related but not the same
industries (Boschma et al. 2009; Timmermans and Boschma 2014). A remaining puzzle
is if these findings hold when the productivity gap and multinational spillovers are also
considered.

H3 Incoming employees from related industries have higher impact on the productivity
of recipient firms than employees from the same and unrelated industries, even if the pro-
ductivity gap between the source and recipient firms and multinational spillovers are con-
trolled for.
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3 Data

We have access to the Hungarian administrative data integration database, which is an
anonymized employer-employee linked panel dataset created by matching five administra-
tive data sources, for the years 2003-2011, developed by the databank of HAS CERS. The
database contains a 50% random sample of the population aged 15-74 living in Hungary
in 2003 and the involved employees are traced over the period. The most important demo-
graphic features of the employees (gender, age, place of residence in the year of entry), and
information about their employment spells (months worked, ISCO-88 occupation code,
monthly wage) as well as company characteristics (4-digit industry code according to the
NACE’08 classification, number of employees, and specific rows of their balance sheets
and financial statements including tangible assets, equity owned by private domestic, pri-
vate foreign, and state owners, sales, pre-tax profits, material-type costs, personnel expen-
ditures, the wage bill) are known. All monetary variables are deflated by yearly industry-
level producer price indices to calculate their real 2011 value.

The data is managed by the Databank of the Institute of Economics of the Hungarian
Academy of Sciences and can be accessed for scientific research upon individual request.
For more details consult http://adatbank.krtk.mta.hu/adatbazisok_allamigazgatasi_adatok.

Data manipulation included two steps. First, we created yearly matrices from the
monthly intercompany movements of employees. Details of the first step can be found in
the “Appendix”. Second, we excluded those worker movements where spin-offs, merg-
ers and acquisitions or reorganizations were suspected to be the reason for the change in
company ID instead of real labor movements. Following Neffke et al. (2016), we identi-
fied these spurious labor flows when (1) all employees of a firm with 5 or less employees
moved to another firm with identical ID; (2) at least 80% of the employees of a firm with
more than 5 employees moved to another firm with identical ID; (3) at least 100 employ-
ees “moved” between two firms within 1 year. Furthermore, we excluded firms with less
than 2 employees, firms with extremely high productivity', and firms that did not receive
incoming workers from the private sector. This procedure resulted in 652,289 individual
job switches and 70,771 firm-year combinations during the observed period (Table 1).

4 The productivity gap effect
4.1 Baseline model

We measure firm productivity by the natural logarithm of value added per worker, stand-
ardized with industry-year averages. To quantify productivity spillovers, we use the pro-
ductivity gap between source and recipient firms according to the formulation of Stoy-
anov and Zubanov (2012). Thus we calculate the average difference between the source
firms’ and recipient firm’s productivity, weighted by the number of incoming workers from

! The threshold was set to labor productivity of HUF 50 million per worker. 0.8% of the cases were
dropped due to this rule.
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Fig. 1 Productivity growth and the productivity gap by the extent of inflow. Note: Mean and 95% confi-
dence intervals in the figures

source firm #; and multiply this number by the share of new workers within the total num-
ber of employees at the recipient firm:

H'l+
A" (A= 4) Hi
prodgap;, = . s )]
I{j,t+l Ni,t+l

where A;, and A;, denote the logarithm of labor productivity standardized with industry-
year averages of the source firm i and the recipient firm j at time ¢, respectively, H; ., is the
number of new workers in the recipient firm j, and N, is the total number of employees
in the recipient firm j. Note that in Eq. (1) we calculate productivity differences between
the source and the recipient firms in time ¢ (before the mobility happened), and take the
average of these for the newly arrived workers at the recipient firm after the mobility (time
t+1).

Figure 1 illustrates the connections between the yearly changes in productivity of the recip-
ient firm on the basis of the average productivity difference between the recipient firm and the
source firms in a bivariate analysis. The average productivity difference has been transformed
with the formula e*~1, so that labor inflows arriving from at least 65% more productive firms
take the value of 0.5 on the horizontal axis. Productivity growth is also transformed in a simi-
lar way. Subfigures are separated by the share of new workers within the employees of the
recipient firm. One can observe that a higher productivity difference is associated with higher
productivity growth, which suggests that workers arriving from a more productive firm have a
higher positive effect on the productivity of the recipient firm. When labor inflows constitute
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a greater share of the workforce of the recipient firm, the effect of the productivity difference
is bigger. In the extreme case when labor inflows reach at least 30% of the number of employ-
ees in the recipient firm, a positive productivity difference of at least 65% is associated with
a 50-55% increase in the productivity of the recipient firm. The connection is also significant
for the negative productivity difference, but the effect seems to be smaller.

When exploring how different labor flows affect the productivity of firms, we have to con-
sider several alternative explanations. The first problem arises when a firm alters the combina-
tion of inputs, for example invests into more efficient production facilities without changing
the labor force, which automatically increases the labor productivity of the firm. Therefore,
the quantity of capital must be controlled for together with labor inflow and outflow. The sec-
ond problem is the effect of exogenous demand and industry-specific shocks on value added
per worker, because a positive demand shock may increase the value added per capita even
if a firm does not employ new workers simply because sales are growing. To control for this
effect, we will use industry-region-year fixed effects in the pooled OLS regression models.
The third problem is the self-selection of workers, because the human capital of incoming
workers might be correlated with the productivity of the source firm, which might confound
our estimates on the effect of the productivity gap between the source and recipient firms. We
may also assume an endogenous connection between productivity growth and the quality of
incoming workers, if a priori expectations on future firm productivity attract more productive
workers to firms with better growth potential (e.g. a new project a firm just landed is not yet
visible in productivity but may be already known for aspiring workers), which may result in a
reverse causality between the quality of new hires and the future productivity of the recipient
firm.

In order to remedy the problem of worker self-selection and to control for the objection-
able correlations of the human capital of the moving workforce with the productivity levels of
firms, we include the average human capital of the recipient firms for years ¢ and 7 + 1 in the
productivity growth estimation. In calculating human capital, we follow the idea of Abowd
et al. (1999), which we found the most readily applicable to our data. Since we do not know
the exact locations of establishments, the dynamics in the geographical mobility of employ-
ees and their acquisition of new skills, we consider problematic to model individual worker
assortativeness to establishments based on expected wage level (Card et al. 2013). Deploying
the method of Abowd et al. (1999), our results also remain comparable with those of Stoyanov
and Zubanov (2012).

The corresponding wage equation is specified as

Wijt =@+ 2y B+ 0, + @+ €0 2)
where w,, ;, denotes the natural logarithm of the wage of worker m working for firm j at
time ¢, z,,, stands for the vectors of worker m’s time-variant attributes (age, age-squared,
1-digit occupation code) at time ¢, 6,, represent their time-invariant personal characteristics,
and @; is the firm fixed effect. The wage equation is estimated using a panel regression with
employee and employer fixed effects, with Correia (2016)’s multi-dimensional fixed-effects
approach and the Stata command reghdfe.

Using this approach, the human capital of workers is calculated from the predicted values
of worker-specific component of Eq. (2):

AC,, =z,,p+6,+8 3)

myj,t

for each worker. This way we are able to include the average wage gain due to the observ-
able attributes of the workers (such as age, included in the term z,, ,f), together with their
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unobserved human capital characteristics, 6,,. In fact this 8,, worker-level fixed-effect in the
wage equation estimates the bonus that employees receive in wage compared to their co-
workers with similar observable characteristics (as they are controlled for in the equation)
at the same workplace (as firm fixed effects are included). Following the above mentioned
literature, we assume that this bonus is due to the worker’s unobserved human capital.
Worker-specific human capital is then averaged for each firm j:

Nf,r+ 2Ps
Em;ll (Hcm,t>

N 3

jt+l

HCjypy = @

where N; ., is the total number of employees in the recipient firm j, and I-/Ibm’[ stands for
the human capital of each employee at firm j measured at time ¢. For the results of the wage
equation estimation and a more detailed description of the calculation of human capital,
see the “Appendix”.

We estimate the level of productivity of firm j at ¢ + 1 if the firm receives labor inflow at
t using the following equation, and include the lagged productivity of firm j to control for
autocorrelation:

A_,—JJrl = aAJ-J +p -prodgapj’, +5,- HC]-’, +p;- HC]»,,H + ij’, + 6D + € 5)

where A; ., and A;, denote the natural logarithm of the productivity of firm j standardized
with the industry average in the recipient firm at # 4+ 1 and ¢, respectively; To control for
the change of average human capital of the workforce, we included the current and lagged
estimate of the workforce’s human capital®. X .« includes the characteristics of the recipient
firm at ¢ (firm size, total assets, share of outflows, employee fluctuation, share of workers
without a job in the previous year), and D denotes the combined industry-region-year fixed
effects.

Pooled OLS estimations with industry-region-year fixed effects confirm Hypothesis 1,
that incoming employees with similar average human capital will increase the recipient
firm’s productivity more if they have been hired from a firm with higher productivity. We
find a positive and significant effect of the productivity gap on the subsequent productivity
of the recipient firm (Table 2 Columns A-B). The coefficient of 0.162 means that a firm
hiring 10% of its employees from 10% more productive firms at year 7 gains a productivity
increase of 0.1 X 0.1 X 0.162 =0.16% at ¢ + 1.

Following Stoyanov and Zubanov (2012), the productivity gap can be decomposed into
positive and negative productivity gap indicators when only those movements are taken
into account that originate from more or less productive firms compared to the recipient
one:

I~I/‘z+l
D (AL, — A H.
prOdgapft _ Z,_l 1,[( it j,I) . o+ (6)

Hi,t+1 N/‘,t+l

2 Note in Eq. (4) that for calculating 1-’1\C, 1 at company j, the wage equation at the previous year is used,
so that in case of a newly arriving worker at company j, human capital measures come from a wage equa-
tion in the employee’s previous workplace in order to overcome the endogenous connection between the
employee’s new wage and the new productivity of the recipient firm.
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Table 2 The effect of the productivity gap

Column A Column B Column C Column D
Lagged productivity 0.666%** 0.657%** 0.673%*** 0.664%**
(0.005) (0.005) (0.005) (0.005)
Productivity gap 0.171%%% 0.162%*%*
0.011) 0.011)
Positive productivity gap 0.317%%** 0.304%%*
(0.020) (0.020)
Negative productivity gap 0.015 0.012
(0.020) (0.020)
Human capital 0.136%%* 0.133%%*%*
(0.011) (0.011)
Lagged human capital 0.001 0.000
(0.010) (0.010)
Observations 70,771 70,771 70,771 70,771
R-squared 0.591 0.594 0.593 0.595

Firm-clustered robust standard errors in parentheses

Industry-region-year FE and the following controls are used: the characteristics of the recipient firm (total
assets and its lag, ownership, size), measures of labor mobility (share of new hires, share of workers leaving
the firm, fluctuation, share of workers hired from unemployment)

wkp < 0.001; #p < 0.01, *p < 0.05

H'H—
N Z,’:j‘l l(l - Di,t)(Ai,t - Aj,t) Hj,t+l
pr()dgapj = : s @)
’ H N, ju+1

J .

where D;, = 1if A;, > A;,, and zero otherwise. All other notations are identical with the
ones in Eq. 1. The above differentiation is useful if we assume that knowledge spillovers
occur primarily when the incoming labor arrives from more productive firms. Equation 5

can be reformulated by decomposing the productivity gap into a positive and a negative
gap:

A1 = QA + B, - prodgap”, + B, - prodgap’, + By - HC;, + By - HC; ., +7X;, + 6D + Ej"’(S)
where notations are identical with notations in Eq. 5.

Our findings reveal the importance of the positive productivity gap. Results are reported
in Table 2 Columns C-D. They show that hires from firms with higher productivity
increase the subsequent productivity of the firm by 0.31% (Column D). Although we found
a significant effect for the negative productivity gap in the bivariate analysis (see Fig. 1),
hires from firms with lower productivity do not have a significant influence on subsequent
productivity in the multivariate specification.

Equation 5 is estimated on different groups of firms to check the robustness of the esti-
mated effects. Results are reported in Table 3. First, we relax the condition of having new
hires, and include all firm-years in the model (Column A). Then we separate these by size
(Columns B-C). Finally, we return to the original sample of firms with non-zero incom-
ing workers, and analyze them by size (Columns D-E). The effect of the productivity gap
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Table 3 Robustness of the effect of the productivity gap on different firm samples

Column A Column B Column C Column D Column E
Lagged productivity 0.583%:#:% 0.575%3%:% 0.75] %% 0.636%:#* 0.76]%:%*

(0.002) (0.002) (0.010) (0.007) (0.012)
Productivity gap 0.071%#%* 0.068#%** 0.317%#%* 0.130%%* 0.351%#%*

(0.009) (0.009) (0.053) (0.010) (0.053)
Estimation sample All firms All firms All firms Firms with new hires

N <50 N> 50 N <50 N>50

Observations 582,022 551,533 30,489 50,766 20,005
R-squared 0.488 0.474 0.737 0.559 0.753

Firm-clustered robust standard errors in parentheses

Industry-region-year FE and the usual controls are used: the characteristics of the recipient firm (total assets
and its lag, average human capital and its lag, ownership, size), labor mobility measures (share of new hires,
share of workers leaving the firm, fluctuation, share of workers hired from unemployment, “no new hires”
dummy in Columns A-C)

#kp < 0.001; #¥p < 0.01; *p < 0.05

becomes larger in big firms (0.32% in Column C, 0.35% in Column E). Possible explana-
tions for this last phenomenon may lie in the effective HR processes and training in large
firms; alternatively, a few incoming worker may spread new knowledge to more colleagues
in large firms. This might set a new agenda for knowledge spillover studies.

4.2 Alternative mechanisms

To verify the robustness of the productivity gap as the baseline mechanism of knowledge
spillovers through labor flows, we test a variety of alternative explanations. It is possible
that the decision of the management to hire many workers (or to hire new workers at all)
indicates an expected increase in productivity (Acemoglu 1997). Therefore the hiring deci-
sion may be endogenous to the expected productivity increase. To check this reversed cau-
sality issue, we first decompose the productivity gap variable into its two elements: the
share of new hires and the average productivity of their sending firm.

incoming_share = Hian 9)

- ‘, 1 — —

e Nj,r+1

H.
T (A, - A,
avg_proddiff,, = M (10)
’ Hj,t+1
so that the productivity gap is the interaction of these two terms:

prodgap;, = avg_proddiff;, - incoming_share; (1)

In case if our results were only due to this endogeneity, we would expect that only
the share of new workers remains significant, and the productivity difference loses sig-
nificance. Another way to deal with this issue of endogeneity is to consider the decision of
the firm on hiring new employees or not, instead of measuring the quantity of new hires.
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Therefore we need to control for the estimated probability of hiring new employees. We
use a logit model (“Appendix”: Table 10) to predict the probability of employing new labor
for period ¢ + 1 based on firm characteristics already known in period ¢, and include the
predicted probabilities in the productivity regression.

In addition, geography might matter for productivity spillovers through labor flows
because skills of workers from another region might be different (Boschma et al. 2009),
labor flows might be motivated by amenities and other advantages for individuals (Flor-
ida et al. 2008) and large cities provide productivity advantages for firms (Combes et al.
2012). To control for spatial mechanisms, we include the settlement type combination of
the recipient and source firm, and a same settlement dummy in our model.

The robustness of productivity gap against these alternative mechanisms is evaluated
with the following model:

Aj 1 = A, + py - incoming_share;,. + f, - HC;, + B3 - HC;

+p; - avg_proddi]jﬁ-¢ + -prodgaij +fs - Pr_fmjﬁl + TGJ-’H_I +7vX;, + 6D+ +e;,,
12)
where Pr_lﬂin\g‘i’, +1 stands for the predicted probability of hiring at firm j at time ¢ + 1, and
G, for the set of geography controls, that is the share of new hires arriving from various
settlement types and the exact same settlement at firm j at time 7 + 1.

In Table 4, we test these proposed alternative mechanisms empirically by construct-
ing the augmented model seen in Eq. 12 in a stepwise manner. First, we only include the
share of new hires in the baseline model without human capital (Column A). Next, we go
on with adding human capital and its lag (Column B), the average productivity difference
and productivity gap separately (Column C and D), and finally we also test how much the
inclusion of the predicted probability of hiring and detailed geography controls (Column E
and F) alters the coefficients of our model.

The share of new hires has a significant effect on subsequent productivity (Column A)
even when controlled for human capital (Column B) and for the average productivity dif-
ference (Column C). In Column D productivity gap and the average productivity difference
offset each other, and their joint effect show that the superior productivity of the source
firm enhances productivity only if a sufficient number of new workers (7.4%) arrives to the
firm.* In Column E, we find that the predicted probability of hiring is indeed significant,
and the coefficient of the share of new hires loses its significance in explaining subsequent
productivity; but most importantly, it does not alter the coefficient of our main explana-
tory variable, the productivity gap. Therefore we can conclude that the share of new hires,
or alternatively, the probability of hiring new employees predicts subsequent productivity
growth, however, the impact of superior productivity of the source firms remains positive
after these controls.

3 Beyond the settlement type combination of the recipient and source firm, and the same settlement
dummy, we also used alternative measures of geography controls, such as two different divisions of set-
tlement types, same region dummy, and the settlement type of the residential address. These specifications
earned very similar results.

4 The joint effect of average productivity difference and productivity gap turns positive at
0.014/0.188 = 7.4% share of new workers.
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Table 4 Alternative specifications to the baseline model

Column A Column B Column C ColumnD  Column E Column F

Share of new hires 0.106***  0.093***  0.088*** (0.058***  0.018 -0.017
(0.016) (0.016) (0.017) (0.017) (0.018) (0.024)
Human capital 0.147%%%  Q.151%%%  0.145%** 0.140%%*  Q.157%**
(0.011) (0.012) (0.011) (0.012) (0.015)
Average productivity difference 0.026%**  —0.014*** —0.007 —0.008
(0.003) (0.004) (0.004) (0.004)
Productivity gap 0.188***  (.151%** (.17]%**
(0.014) (0.016) (0.022)
Probability of hiring (estimated 0.117*%%  0.139%**
by logit)
(0.041) (0.050)
Geography: settlement type of Yes
source and recipient firm
Observations 70,771 70,771 70,771 70,771 63,021 44,523
% of original observations 100.0% 100.0% 100.0% 100.0% 89.0% 62.9%
R-squared 0.588 0.590 0.596 0.599 0.628 0.653

Industry-region-year FE and the usual controls are used: the characteristics of the recipient firm (total assets
and its lag, lagged human capital, ownership, size), and labor mobility measures (share of workers leaving
the firm, fluctuation, share of workers hired from unemployment)

Firm-clustered robust standard errors in parentheses
% p < 0.001, ** p < 0.01, * p < 0.05

The geography controls (Column F), that is the settlement type of the source and recipi-
ent firm and the same settlement dummy also prove to have a significant effect on produc-
tivity. Similarly to the previous control, the geography controls do not change the coeffi-
cient of the productivity gap substantially.

4.3 Dynamics

Knowledge of the new workers may not only affect the recipient firm’s productivity imme-
diately after arrival, but the new employees may have an adjustment period, and they can
also have a longer term impact. This was confirmed by Stoyanov and Zubanov (2012).
They advocate for the method of local projections (Jord4 2005) to measure the own dynam-
ics of the effect of productivity gap. We estimate the proposed forecast equation:

t+n—1 t+n—1 t+n t+n—1
Ajpn = Z oA + 0, ~prodgapj', + Z b LZVJ)F()de + Z B I-/I\C,m + Z 7pXjp + 0D + €y,
k=t I=t+1 m=t p=t
13)
In Eq. 13, the autoregressive terms are recursively substituted with their respective
values n years back, the coefficient 6, measures the response of the recipient firms’ pro-
ductivity in year ¢t + n to the productivity gap in #, via the channels of autoregression
and own dynamics. Average productivity of source firms from year ¢ + 1 to year r+n—1I
ensure to control for the effects of hiring in these years: av_prod;, denotes the natural
logarithm of the average productivity of all source firms from where firm j hired a new
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Table 5 Dynamics in the effect of the productivity gap

Productivity in 1 year Productivity in Produc-
2 years tivity in
3 years
Panel A
Productivity gap 0.157%#%* 0.057 0.097*
(0.043) (0.032) (0.046)
Observations 17,057 17,057 17,057
R-squared 0.707 0.713 0.716
Panel B
Positive productivity gap 0.343%#%* 0.089 0.185%*
(0.099) (0.066) (0.069)
Negative productivity Gap 0.004 0.044 0.031
(0.061) (0.050) (0.086)
Observations 17,057 17,057 17,057
R-squared 0.707 0.713 0.716

Firm-clustered robust standard errors in parentheses

Industry-region-year FE and the usual controls are used: the characteristics of the recipient firm (productiv-
ity, total assets and its lag, average human capital and its lag, ownership, size), and labor mobility measures
(share of new hires, share of workers leaving the firm, fluctuation, share of workers hired from unemploy-
ment)

Sample: firms with at least 1 new hire in the starting year ¢
##%p < 0.001; **p < 0.01; *p < 0.05

worker in year ¢, weighted by the share of new workers in the total workforce of the
recipient firm.

H
a1

d = Zi=1 Ai,t Hj,t+1

av_pro it = T

I-Ij,[+l A’j,t+l

(14)

b}

where the notations are identical with notations in Eq. 1. All the other notations in Eq. 13
are identical with those in Eq. 5.

Table 5 contains results of the estimation on the sample of firms with at least one
new hire in the starting year, i.e. in year z. We estimated the dynamics up to five years
following the arrival of the workers in a step-wise manner; however, the inclusion of
productivity in 4 and 5 years as a dependent variable caused a critical drop in the com-
mon number of observations. Therefore, we only present results for the subsequent three
years.

Coefficients of the positive productivity gap indicate that if the firm keeps hiring 10%
of its workforce for two consecutive years from firms which are 10% more productive,
the cumulative productivity gain in the third year is 0.1 X 0.1 x (0.343 + 0.089 + 0.185)
= 0.62 percent over the productivity of a similar firm which did not hire during the
same period.

In sum, our analysis in Hungary provides further evidence that the productivity gap
between the source and recipient firm is crucial for knowledge spillovers; we can verify
Hypothesis 1. In the remainder of the paper, the productivity gap models presented in
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Fig. 2 Job switches by firm
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Sect. 4 will be used as a base model to test the additional effects of multinational spillo-
vers and industry relatedness.

5 Is there an additional foreign-domestic spillover effect?

We define a company as foreign-owned or multinational if at least 50% of its registered
capital belongs to foreign private owners, the company is state-owned if at least 50% of
the registered capital belongs to public entities, and the company is private domestic if at
least 50% of the registered capital belongs to private domestic owners. Figure 2 illustrates
that similarity between the source and the recipient firm in terms of ownership increases
the probability of job switch. The probability that an employee will go to a foreign-owned
company is almost two times higher when the source firm is foreign-owned as compared
to other types of source firms. Also, a higher share of workers from private domestic firms
will go to private domestic firms as compared to the moves from other firm categories.
Finally, employees leaving state-owned companies are more likely to move to state-owned
companies than employees leaving other types of firms. However, the majority of employ-
ees leaving firms from all ownership categories will end up in private domestic companies,
because most of the firms are in this category.

Labor flows from foreign-owned firms or MNEs are usually considered a major source
of knowledge spillovers, and we aim to see whether there are any additional effects of for-
eign spillovers besides the effect of the productivity gap because MNEs are typically more
productive than domestic firms. In order to observe these in the data, we calculate the share
of workers arriving from private domestic and foreign-owned companies, and analyze their
effects in the regression models, first without, and then with the productivity gap:

PD F

Jat+1 Jut+1 —
Ajp1 =aA; + By - N +5- N +p3 HC;, + B, - H ]z+1 + Bs - Pr_hiring;,

141 141

+ f - prodgap;, + vyX;, + 6D + ¢;,,

s)
where H]P ?r denotes the number of new arrivals to firm j from private domestic companies
at time ¢ + 1 H , denotes the number of hires coming from foreign-owned companies at
time ¢ + 1. AC;, i+ stands for the average human capital of the employees of firm j at time
t+1 1nc1ud1ng new hires at time ¢ + 1, and HC ; denotes the same notion at time 7, X;, for
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Table 6 The effect of the ownership and relative productivity of source firms on subsequent productivity

Column A Column B Column C Column D
From private domestic 0.104%* 0.098%* 0.098** 0.102%*
(0.035) (0.035) (0.035) (0.035)
From private foreign 0.161%** 0.136%%%* 0.137%#%* 0.071
(0.040) (0.039) (0.039) (0.039)
Human capital 0.148%** 0.147%%* 0.140%**
(0.012) (0.012) (0.012)
Probability of hiring 0.173%** 0.116%**
(0.042) 0.041)
Average productivity difference —0.007
(0.004)
Productivity gap 0.152%%%*
(0.016)
Wald test F statistic (1, 31799)* 4.82 2.09 2.27 1.43
Wald test p value 0.028 0.148 0.132 0.232
Observations 63,021 63,021 63,021 63,021
R-squared 0.623 0.625 0.625 0.628

Firm-clustered robust standard errors in parentheses

Industry-region-year FE and the usual controls are used: the characteristics of the recipient firm (lagged
productivity, total assets and its lag, lagged human capital, ownership, size), measures of labor mobility
(share of new hires, share of workers leaving the firm, fluctuation, share of workers hired from unemploy-
ment). Only the observations with non-missing data on the probability of hiring

##kp < 0.001; **p < 0.01; *p < 0.05

*Wald test for testing the equality of the parameter estimates of “from private domestic” and “from private
foreign” variables

the characteristics of the recipient firm at ¢ (firm size, total assets, general labor mobility
measures), and D for the combined industry-region-year fixed-effects.

Table 6 illustrates the effect of the ownership of the source firms. In the first step, only
the ownership variables are entered (Column A) in the baseline model without human cap-
ital controls. To test if the coefficients of new hires from domestic firms and those from
multinational firms are different, we conducted a Wald test as a postestimation. We see
significant differences between the reference category, private domestic companies and for-
eign-owned ones. The results are consistent with the idea of knowledge transfer from for-
eign to local companies, since the point estimate of the foreign effect is significantly higher
than the point estimate of the domestic effect. In the next model, human capital controls are
included (Column B), which decreases the difference between foreign and domestic point
estimates, and the difference is no longer significant. Third, the estimated probability of
hiring is included in the model, which does not alter the difference between the parameter
estimates of the ownership of the source firms (Column C). Finally, the productivity gap
and the ownership of the source firms are considered jointly (Column D) and the difference
between local private companies and foreign owned ones diminishes even more: the point
estimate of the effect of new hires from domestic firms becomes higher than those from
of MNEs, and the difference stays insignificant. These results suggests that the knowledge
transfer from foreign companies to private domestic ones is partly explained by the higher
human capital of the employees coming from foreign-owned firms, and by the superior
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productivity of these firms; and we do not see substantial additional effect of the multina-
tional ownership.

Based on these findings, we cannot verify Hypothesis 2. Notwithstanding the falsified
hypothesis, the results are reasonable because multinational companies are generally more
productive than domestic companies, and employ more skilled workers. However, the dis-
covery we presented in this section is original because it implies that the mechanisms that
are frequently observed in connection with MNEs (e.g. training, experience with interna-
tional business) already embody in the productivity of the firm. The results also imply that
we can expect knowledge spillovers only from those foreign-owned firms that are more
productive than the host economy.

6 Industry relatedness and the effect of inter-industry labor flows

Scholars quantify inter-industry relatedness by using both output-based approaches and
input-based approaches. The input-based approaches assume industries are related if they
use the same inputs in their production process, such as patents (Engelsman and van Raan
1991; Breschi et al. 2003) value-chain linkages retrieved from input-output tables (Fan
and Lang 2000), or similarities of human capital by looking at the occupational profiles
of industries (Farjoun 1994, 1999; Chang 1996; Chang and Singh 1999). A specific case
among the input-based measures is the skill-relatedness measure (Neffke and Henning
2013), as it measures similarities between inputs: skills applied in industries—but indi-
rectly: from labor mobility, by comparing the extent of moving workers across industries to
expected values in case of random movements.

In output-based analyses the relatedness is measured by the co-occurring products that
are produced in the single economic entities. The approach is based on the coherence meas-
ure of Teece et al. 1994, in analyzing corporate diversification. According to them, “a firm
exhibits coherence, when its lines of business are related, in the sense that there are certain
technological and market characteristics common to each. A firm’s coherence increases as
the number of common technological and market characteristics found in each product line
increases” (Teece et al. 1994:4) They constructed the measure of industry relatedness by
comparing the joint occurrences of industries in diversified firms’ portfolio compared to
random diversification of corporations. The following studies of Lien and Klein 2008; and
Bryce and Winter 2009 added slight modifications to the measure, and analyzed empiri-
cally its effect entry behavior of firms.

A further development of this method is the revealed relatedness index of Neffke et al.
(2011); the relatedness network of industries based on this measure is commonly referred
to as industry space. This, instead of comparing actual co-occurrences of industries within
the firm portfolios to ones expected under random diversification, estimate the expected
value using regression analysis, explicitly taking into account the characteristics of source
and recipient industries, such as profitability, size, and total revenue. We choose this
method for measuring relatedness, as we consider the “common technological and market
characteristics” to be good proxies of the necessary skills in the production. We opt for this
measure in contrast to the more evident skill-relatedness measure because of the endogene-
ity concerns about skill-relatedness: we would infer the impact of related skills through a
measure which infers relatedness from the direct consequence of related skills, mobility.
In addition to the co-occurrence of products within firms, we will test the results using
the product space measure of Hidalgo et al. (2007). This measures similarity between the
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Fig. 3 Industry space network in Hungary, 2003-2012. Notes: Nodes are industries defined by 4-digit
NACE codes and color-codes refer to sectors of 2-digit NACE codes. We included edges with weights
R;; > 0. The natural logarithm of employment is used to depict the size of the industry, which is reflected by
the size of the nodes. The position of the nodes is determined by the Force Atlas 2 algorithm in Gephi

necessary resources for manufacturing products by the co-occurrences of products within
countries’ export portfolios.

Since the revealed relatedness is the conditional probability of co-occurrence of prod-
ucts in industries i and j, where most of the potential pairs of industries do not co-occur
with each other in the same firm, i.e. there is a large number of zeros, we follow Neffke
et al. (2011) and use zero-inflated negative binomial regression for estimation. From the
predicted values of the regression, we could get our revealed relatedness measure:

Lo
ij >

kL;
where ” indicates fitted value and k is a normalizing constant to normalize the RR values to
the [0,1] interval (see “Appendix 4” for a detailed description of the methodology. The net-
work data of the Hungarian industry space is available at http://www.mtakti.hu/relatedness/).
In Fig. 3, the industry space network of four-digit industries is plotted using a spring
algorithm, which brings related industries close to each other. It is visible from the net-
work that there is a correlation between the official NACE classification and revealed
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Table 7 Job switches and technological proximity for different occupation segments, 2003-2011

Segment Different industry Same indus- Job switch
ay (%) &~ —————
RR =0 (%) RR below RR above % N
median (%) median (%)
Managers 353 27.2 16.0 21.6 100.0 540
High-skilled 38.1 31.6 15.1 152 100.0 668
Mid-skilled high-wage 38.8 29.0 13.2 19.0 100.0 5253
Mid-skilled low-wage 39.8 29.2 12.2 18.9 100.0 7188
Low-skilled 46.9 25.2 9.3 18.6 100.0 1465

N denotes the number of job switches of the occupation segment on average per year. ISCO-88 1-digit
categories were used to identify occupation segments: 1 Managers, 2 High-skilled, 3-8 Mix of mid-skilled
high-earners and mid-skilled low-earners separated by industry median wage, 9 Low-skilled

relatedness, because industries in similar sectors tend to group together. However, one can
observe a much more complex structure of industry relatedness than one can deduce from
industry classification.

The distribution of labor mobility across related, unrelated and same industries varies
by the skill-level of occupation categories (Table 7). Most of the moves occur across unre-
lated industries (RR = 0), and this rate grows as the skill-level of workers decreases. The
likelihood of moving to a related industry increases with the workers skills which might
be due to the opportunity cost of job-switching and thus the barriers of employee mobility.
Furthermore, managers have the highest chance to move within the same industry. This
suggests that low-skilled occupations are less industry-specific and the costs of changing
industry are low. Meanwhile the costs of an industry switch are the highest for manag-
ers, which implies that management techniques might differ across industries and managers
have to have a deep knowledge of their field to know how to set up firm structure, organize
the activities, and allocate tasks within the firm.

In order to include technological proximity into the estimation framework, we add two
new variables to the equation: the number of workers arriving from the above RR catego-
ries and the interaction of industry relatedness with the productivity gap. The final regres-
sion equation is specified by

RR1 HRR2 SAME
Jut+1 Jit+1 Jat+1
Ay = adj + Py - prodgap; + - = + s - 4
H H ’ N/ t+1 N/ t+1 N/',r+1
+ ﬂsprodgapRRl + ﬂﬁprodgapm2 + ﬁ7pr0dgupSAME + By -HC;  + Py - HC oy +7vX;, + 6D + ¢,

a7
where HRR" represents the number of new arrivals from firms with the respective tech-
nologlcal dlstance RR, indicates proximity below the median level, and RR, above the
median. HSAf”E is the number of new workers at firm j who did not change industry, and
RR = 0 is the reference category. HC;, denotes human capital of firm j at time 7. X, stands
for the characteristics of the recipient firm at ¢ (total assets, firm size, ownership, gen-
eral labor mobility measures), and D for the industry-region-year dummies. The variable
pr()dgapRR" denotes the productivity gap for the workers arriving from firms with the spe-
cific technologlcal proximity category specified above:
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Table 8 The effect of the

. . Column A Column B  Column C
productivity gap and industry
relatedn.egs on subsequent Lagged productivity 0.640%**  0.675%**  0.675%**
productivity
(0.006) (0.006) (0.006)
Human capital 0.155%%%  0.141%*%  (.142%%%*
(0.012) (0.012) (0.012)
Lagged human capital —0.007 —0.008 —0.008
(0.011) (0.011) (0.011)
Share of unrelated inflows 0.167%** 0.130* 0.074
(0.062) (0.059) (0.062)
Share of related inflows 0.230%* 0.239%%* 0.181*
(0.082) (0.082) (0.084)
Share of same industry inflows  0.169%** 0.147%%* 0.083
(0.059) (0.055) (0.058)
Share of non-tradable inflows 0.096%**  0.081***  (0.027
(0.019) (0.018) (0.022)
Productivity gap 0.149%**  (.146%**
(0.021) (0.021)
PG of unrelated inflows 0.040 0.043
(0.065) (0.065)
PG of related inflows 0.128 0.125
(0.108) (0.109)
PG of same industry inflows 0.078 0.080
(0.064) (0.064)
PG of of non-tradable inflows 0.016 0.020
(0.024) (0.024)
From private domestic 0.089%x*
(0.024)
From private foreign 0.068*
(0.029)
Observations 69,143 69,143 69,143
R-squared 0.607 0.610 0.611

Firm-clustered robust standard errors in parentheses

Industry-region-year FE and the usual controls were used: the charac-
teristics of the recipient firm (total assets and its lag, ownership, size),
and labor mobility measures (share of new hires, share of workers
leaving the firm, fluctuation, share of workers hired from unemploy-

ment)
#HEp < 0.001; **p < 0.01; *p < 0.05

H,

RRk Z,‘:TI Di,t (Ai,t - Aj,r) Hj,t+l
prodgapj’ L= I N
Jit+1 i+l

(18)

where D;, equals 1 if RR(i,) corresponds to the above specified ranges (RR1: RR below

median, RR2: RR above the median) and zero otherwise.
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Table 8 contains the results of the estimation specified in Eq. 12 in a step-wise man-
ner. Each specification includes industry-region-year fixed effects, the characteristics of the
recipient firm, average characteristics of source firms, the human capital of the new hires,
and general inflow-outflow measures. First, only the share of incoming workers from dif-
ferent industry relatedness categories are examined (Column A). The findings suggest that
a higher share of inflows from related industries to the firm increases productivity more.
Interestingly, workers arriving from the same industry do not have such impact. Next, the
productivity gap is added, together with its interaction with the industry relatedness meas-
ures (Column B). We find that the effect of the productivity gap is positive, and its effect
does not differ by industry relatedness, furthermore, the positive effect of new workers
arriving from a related industry remains stable. Finally, the models are completed with
ownership variables (Column C); the effects of the industry relatedness and the produc-
tivity remain similar, and multinational spillovers do not have an additional significant
effect when one compares them to labor flows from domestic firms of the same produc-
tivity. These findings support Hypothesis 3 and we can verify that workers arriving from
firms that apply related technologies boost the productivity of the recipient firm more than
workers from the same or from unrelated industries. This finding imply that workers from
related industries implement their experience more easily than those from unrelated ones,
and also suggest that workers from related industries bring more novelty than workers from
the same industry and consequently, some difference in the incoming knowledge is benefi-
cial for the subsequent productivity.

7 Conclusion

The aim of this paper was to investigate the impact of knowledge spillover conveyed by
labor flows across firms on firm’s productivity and the factors that can facilitate or constrain
this knowledge transfer. We examined three attributes of companies involved in the mobil-
ity process in a common framework: their relative productivity, their ownership, and their
industry relatedness. We found evidence that knowledge spillovers transmitted by labor
flows across companies are determined by productivity gap across the source and recipient
companies. When we examined positive and negative productivity gap separately, we have
shown that hiring workers from more productive companies is beneficial, however, hiring
from less productive one in not harmful, which is consistent with the idea that employees
apply the knowledge of better operations. These results are consistent with previous find-
ing of Stoyanov and Zubanov (2012) and contradicts Stockinger and Wolf (2016). One can
also note that our measure of productivity gap is composed of two parts: the magnitude of
incoming workers, and the superiority of the firm they are coming from in terms of pro-
ductivity. When including both terms in the regression, we see that the interaction of these
two is the actually significant term, that is work experience at a more productive firm has a
higher impact on productivity with the increasing share of new workers.

The fact that hiring workers from more productive firms is associated with subsequent
productivity gain does not imply causality itself. First, hiring decisions of firms may indi-
cate future productivity increases. When including these factors to our models, we found
that the decision of hiring new workers (or alternatively, the magnitude of the new hires)
can be an indicator of subsequent productivity growth; however, the effect of productiv-
ity gap between the source and recipient firms is still present after controlling for this
endogeneity.
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Further endogeneity issues may arise, because the fact that companies introducing new
technologies, and expecting productivity gains can attract employees with better skills,
who tend to work with more productive companies. We applied a human capital control for
controlling this endogeneity, which indeed decreased the estimates of the productivity dif-
ference parameters indicating the presence of this endogeneity, but additional productivity
effects remained. We acknowledge however, that including the average human capital of
firms may not tackle the endogeneity of labor movements entirely, thus we do not intend to
imply causality design.

We also find that the above productivity gap overshadows the effect of foreign spillo-
vers. Our results show that foreign spillovers in Hungary disappear after controlling for the
human capital of workers and the productivity difference of firms, so that flows from for-
eign firms are effective only if the foreign firm is more productive than the domestic firm.
This clears up the outcomes of some former studies on a positive productivity effect of
labor flows from multinational firms to domestic firms (Balsvik 2011; Poole 2013). These
results are also consistent with the economic operation of (multinational) companies. Sig-
nificant additional effect would indicate an investment of MNEs’ employees’ transferable
human capital, which does not return in the terms of productivity. Furthermore, we show
that technological proximity across industries matters: hiring workers from related, but
not similar industries is associated with an additional increase in subsequent productivity.
This result is similar to the findings of Boschma et al. (2009), even though our study adds
several additional controls, most importantly by using panel methods and industry fixed-
effects, and the control for productivity differences. Our results are also valid across meas-
ures of relatedness commonly used in economic geography, as the technological proximity
of Neffke et al. (2011) and the product space of Hidalgo et al. (2007).

Our results have important implications for strategic decisions at the firm level and for
policy makers as well. A clear message for firms is that it is worth to hire new employ-
ees from more productive firms because productivity spillovers manifest in these labor
flows. Furthermore, a firm might expect productivity gains not only when hiring from the
same industry but also when new employees come from technologically related industries
because the skills developed in these industries can be also quickly fit to the firm’s produc-
tion processes. Consequently, firms might also benefit from considering the technological
proximity to other firms in the local environment in various types of further strategic deci-
sions such as site selection.

We can also argue that the use of labor flow data allows us to re-evaluate our policy-
related knowledge about productivity spillovers from foreign-owned or multinational
enterprises to domestic companies and thus can provide better recommendations. To that
end, the support of FDI per se may not be the most rewarding policy, if the productivity
growth of the local economy is an important aim. Instead, regional and national policies
should focus on those foreign investments that are more productive than domestic firms,
which can lead to productivity spillovers through labor flows and thus to economic growth.
Additionally, policies should pay more attention to attract those new industries that are
related to the incumbent industries in local environment because skill-relatedness increases
the chance of inter-firm learning, which favors growth. National and regional governments
can also improve the quality of their intervention in the accumulation of local skill base by
mapping the technological proximity of present industries. By doing this, they might better
plan and design local training and re-training programs and help early-career or dismissed
employees to obtain those skills that are related to the local demand and thus increase the
chance of career progress.
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Further research might go into more detail on where exactly the productivity differences
lie, which really matter for spillovers through labor mobility. For example, is the train-
ing the multinationals or more productive firms provide to their employees important for
knowledge spillovers? One might expect that the knowledge gained over longer periods of
working at more productive firms matters more than narrowly defined training. Another
underexplored but connected question concerns the role of organizational structure. New
employees might exploit their skills better in an environment they are already used to and
might perform better in a new organization with similar routines to what they are already
familiar with.
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Appendix 1: Detailed description of data management

We have access to the Hungarian administrative data integration database, which is an
anonymized employer-employee linked panel dataset created by the matching of five
administrative data sources, for the years 2003-2011, developed by the databank of HAS
CERS. The database contains a 50% random sample of the population aged 15-74 living in
Hungary in 2003 and the involved employees are traced over the period. The most impor-
tant demographic features of employees (gender, age, place of residence in the year of
entry), and information about their employment spells (months worked, ISCO-88 occupa-
tion code, monthly wage) as well as company characteristics (4-digit industry code accord-
ing to the NACE Rev. 2 classification, number of employees, and specific rows of their
balance sheets and financial statements including tangible assets, equity owned by private

Fig. 4 Periods of productivity Financial year:
change and labor mobility

t t+1 t+2

Productivity change from t to t+1:
—_—

Inflows from t to t+1:

(| endogeneous flows
July of t June of t+1
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domestic, private foreign, and state owners, sales, pre-tax profits, material-type costs, per-
sonnel expenditures, wage bill) are known. All monetary variables are deflated by yearly
industry-level producer price indices to calculate their real 2011 value.

The data is managed by the Databank of the Institute of Economics of the Hungarian
Academy of Sciences and can be accessed for scientific research upon individual request.
For more details consult http://adatbank.krtk.mta.hu/adatbazisok_allamigazgatasi_adatok.

The raw data contains employee-employer links on a monthly basis. We defined the
main employer for every worker and for every year as the workplace where the worker
spent the highest number of months in the given year, and created yearly matrices of
intercompany movements between these main employers. In particular, if an employee
switches firm in the second half of year ¢ or first half of year # + 1, the recipient firm
will be her employer in year t 4+ 1 and the source firm will be her employer in year .

However, our models assess the effect of labor mobility on firms’ productivity on a
yearly basis, which can lead to an endogenous connection between labor flows and produc-
tivity change (not discussed in the main text). The problem is illustrated in Fig. 4; produc-
tivity shocks (e.g. purchasing a machine) happening in the first half of year # + 1 can affect
the number of new hires in the first half of year 7 + 1.

The potential of reverse causality shortly summarized above might distort our analysis.
In order to exclude the possibility of such endogeneity, we conduct the analysis only for
those new hires that were observed in year ¢ or in January in year ¢ + 1 at the latest, and
exclude all the cases of labor mobility that happened between February and June.

A certain time period has to pass for the new employee to exert a significant effect on
firm productivity. With new employees working for a short period and not controlling for
months worked at the recipient firm, we would underestimate the effect of new hires on
yearly productivity growth. Therefore, in the productivity spillover analysis, only those
workers were considered as new hires that stayed for at least 6 months with their new
employer.

Appendix 2: Calculation of human capital

As described in the main text, the human capital of each worker is calculated for each
year spent in the private sector. The gaps in private sector employment of at most 3 years
are filled by linear interpolation. In case of gaps of at least 4 years, or when the worker
only worked in the public sector before getting a job in the private sector, human capital is
calculated by a wage regression on the subsample of public sector workers. In addition to
the multi-dimensional fixed-effects approach, as a robustness check, we also estimated a
pooled OLS regression with age, age-squared, gender and skill-levels of workers. Results
are presented in Table 9.

Figure 5 shows the distribution of human capital calculated without and with employee
fixed effects. Version 1 explains 69% of the variation of the log value of wage, whereas
version 2 has an R-squared of 84%. The correlation between the two versions of human
capital is 0.74. Since fixed effects can control for more individual-specific characteristics,
version 2 is a better approximation of the worker’s true human capital. Its closer-to-normal
distribution also makes it more desirable for further analysis, therefore we continue with
this measure.

Figures 6 and 7 show the distributions of human capital with employee fixed effects by
gender and skill level. Looking at the curves, we can infer that there is no significant differ-
ence between the value of the work-related abilities of men and women, although the varia-
tion is higher in the case of women. There is a clear difference between the distributions of
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Table 9 Wage equations without and with employee fixed effects, separately on private and public sector
employees

Method Pooled OLS Employee FE
Sample of employees Private sector ~ Public sector  Private sector  Public sector
Age 0.060%%** 0.039%##%* 0.089 0.079
(0.001) (0.003) (416.32) (105.41)
Age-squared — 0.001*** — 0.000%** — 0.001%** — 0.001%**
(0.000) (0.000) (0.000) (0.000)
Male 0.182%** 0.093%** - -
(0.004) (0.009)
Low-skilled 0.155%** 0.139%** - -
(0.007) (0.033)
Mid-skilled 0.009 —0.008 - -
(0.007) (0.007)
Managers 0.913%** 1.128%s#* 0.361%** 0.6247%%*
(0.012) (0.035) (0.01) (0.021)
Professionals 0.792%%* 0.790%%** 0.357%%%* 0.5247%%%*
(0.019) (0.032) (0.01) (0.016)
Technicians and assistants 0.586%** 0.536%** 0.2927%%% 0.3497%%%*
(0.015) (0.014) (0.011) (0.013)
Office administrators 0.475%%% 0.3507%:%* 0.24 1% 0.266%*
(0.022) (0.015) (0.014) (0.012)
Commercial workers 0.387%%* 0.2987%#* 0.24 1 %% 0.2817%#%*
(0.022) (0.011) (0.012) (0.019)
Agriculture and forestry 0.239%%%* 0.121%%* 0.147%#%* 0.130%*%*
(0.018) (0.012) (0.007) (0.009)
Blue-collars in industry and construction ~ 0.353%%* 0.267%#%* 0.224 %% 0.226%%#*
(0.014) (0.009) (0.01) (0.008)
Assemblers and machine operators 0.288%*%* 0.279%%*%* 0.185%%*%* 0.213%%*
(0.023) (0.026) (0.01) (0.010)
Army 0.4327%%% 0.844##%* 0.208%##* 0.629%##*
(0.080) (0.028) (0.031) (0.067)
Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations 11,192,798 6,260,904 10,864,118 5,723,524
R-squared 0.687 0.759 0.843 0.849

Robust standard errors in parentheses. High-skilled: worked at least once in an occupation requiring tertiary
education; Mid-skilled: worked at least once in an occupation requiring secondary education; Low-skilled:
everybody else. The baseline occupation category is “Elementary occupations”. The baseline skill category
is “High-skilled”. Employees present only in 1 year of the analysis do not have an individual FE, therefore
they are excluded from Columns C and D

wkp < 0.001; #p < 0.01; *p < 0.5

human capital by skill level, particularly to the advantage of highly skilled workers. These
descriptive findings confirm our decision to use human capital calculated with worker fixed
effects.
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High-skilled: worked at least once in an occupation requiring tertiary education; Mid-
skilled: worked at least once in an occupation requiring secondary education; Low-skilled:
everybody else.

Appendix 3: Estimating the probability of hiring

Since the hiring decision of the firm might be correlated with productivity, we should con-
trol for this endogeneity. We do so by estimating the probability of hiring and including it
in the productivity regression. We estimate logit regressions to predict the probability of
hiring for period ¢ + 1 based on firm characteristics already known in period ¢ for the whole
population of firms.
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Fig. 7 Distribution of human capital with employee FE by skill levels

Appendix 4: Calculation of the revealed relatedness distances between industries

To construct the revealed relatedness distances between industries in Hungary, we used
the Hungarian Prodcom database matched to the firm-level balance sheet panel data
from the National Tax and Customs Administration, available at the Central Statistical
Office of Hungary for years 2002-2012. Because the Prodcom database covers indus-
trial activities only, we had to restrict this step of the analysis to the mining, manufac-
turing and energy sectors (NACE Rev 2: 05-35).

The Hungarian Prodcom database, available at Central Statistical Office (CSO)
of Hungary has data on the production of manufactured goods in Hungary for years
1996-2012.

The Prodcom survey requires all qualifying firms to record their production activities
at the 8-digit Prodcom (PC8) product level. In the first step of data procession, the pri-
mary sector of each company was identified. Each company the (4 digit) industry code
was assigned, which corresponded in the Prodcom classification to its most important
product in sales volume. Second, a directed link from industry A to industry B was
created, if a company had the highest sales volume in sector A, but also produced prod-
ucts, which belong to sector B according to the Prodcom classification. By summing
the links over the industries we got the co-occurrence network of industries, where each
node corresponds to a (4 digit) industry, and each edge weight corresponds to number of
the companies producing in both industries. Note, that we have obtained a directed and
weighted network this way for each year.

To calculate the expected number of these co-occurrences between the industries, we
used a zero-inflated negative binomial regression, following Neffke et al. (2012). This
models the dependent variable by a regime selection process, which determines the prob-
ability if the outcome is an excess zero or not, and a count data part, which determines the
count outcome in case it is not an excess zero, assuming negative binomial distribution:

E(Lylviwyeg) = [1 = Ho(y +v;8; + W;5j)]ea+V;ﬂi+W:l)’+e”
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where 6; and 6; represent the characteristics of the source and recipient industries respec-
tively, specifically the number of firms, the total revenue, profits, number of employees,
and value added. These variables are available in the firm-level balance sheet panel data
from the National Tax and Customs Administration (NTCA), which was available at the
CSO and was merged to the Prodcom database using the anonymized company identifier.

From the predicted values of the regression, we were able to calculate our revealed
relatedness measure:

Lo
= =
kL;

where " indicates fitted value and k is a normalizing constant.
Appendix 5: The effect of relatedness using the product space measure

The product space concept is based on the idea that different productive factors are behind
the production of each product. These include labor, land, capital, technological sophisti-
cation and institutions (Hidalgo et al. 2007). However, the products are not only different
by the necessary level of these factors, but specializing on a product needs specific skills,
infrastructure, or institutions: “making cotton shirts does not require more or less skills
than making chocolate, but different skills”. The similarity of these factors will increase
the likelihood that these products are produced in similar countries, therefore a pair of
products will appear in a country’s export portfolio more often, if they require similar pro-
duction factors. Consequently, the relative co-appearance of the products in the countries’
export portfolios can be used to proxy the similarity of the necessary production factors.

The product space is calculated using the conditional probabilities of being effective
exporters of products:

@;;, = min{ P(RCAx; ,|RCAx; ), P(RCAXx;,|RCAx; )},

where RCAx;, =1 if a country is an effective exporter of product i in year z, and zero
otherwise.

We deployed UN Comtrade country-level data on international trade of 775 products
on the 4-digit level of SITC Rev. 2. codes in year 2003 to calculate the measure of prod-
uct proximity for all countries except Hungary to ensure the exogeneity of the measure
(Boschma et al. 2013). We used the official concordance tables of Eurostat RAMON web-
site to translate the codes to the 4-digit NACE Rev. 1.1. system and aggregate them by
taking the mean of proximity for each 4-digit industry pair. Assigning a proximity measure
was possible between companies in the agriculture, mining, manufacturing and energy sec-
tors (NACE Rev.1.1. 01-40). We calculated the median proximity of effective labor move-
ments, and categorized each movement to “unrelated” for proximity below the median
value, “related” for proximity above the median, and ,,same industry”.

Our regression equation for measuring the effect of relatedness between the source and
recipient industry of the mobile workers is similar to Eq. 12. The only difference is that we
do not categorize the product space distances to four categories (zero, below median, above
median, same industry), but only to three: below median, above median, and same indus-
try, thus the “below median” category became baseline in the regression.

5 Available at http://atlas.media.mit.edu/en/resources/datal.
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Table 10 Logit model to
estimate the probability of hiring

Logit

Hiring in sub-
sequent year
oI1)

Sales

Assets

Lag average human capital

Lag share of new hires

Lag share of workers leaving the firm

State-owned

Private domestic

Private foreign

Number of employees:

Number of employees

Number of employees

Number of employees:

Constant

Observations

Pseudo R-squared

2-9

: 1049

1 50-249

250

0.369%+*
(0.006)
0.093%#*
(0.006)
— 0.259%#
0.011)
0.916%#*
(0.028)
0.610%#*
(0.020)
0.520%+*
(0.100)
0.519%#*
(0.090)
0.628#
(0.091)
0412
(0.386)
1.407#5%
(0.386)
2,302
(0.386)
3.080%#*
(0.389)
—9.105%**
(0.401)
582,022
0.263

Industry-region-year FE, margins at means reported, firm-clustered

robust standard errors in parentheses

All monetary variables are deflated to their 2011 value and in logs

wkp < 0.001; #¥p < 0.01; *p < 0.05

Results indicate a positive effect of incoming labor from related industries (Table 10).
This effect does not change when we control for the productivity gap (Table 10. Column
B), however, ownership controls result in a small decrease in the coefficient, and the loss
of significance at the 5% level (however, it would be significant at 10%) (Column C). Addi-
tionally, we do not see significant interaction effect between the productivity gap and the
proximity companies in the product space. Altogether, the results based on proximity in
the product space are similar to the ones, we obtained with the technological proximity
measures (Table 7), however, a somewhat less consistent, as the same industry parameter
is significant and positive in the second specification, while the related industry parameter

loses its significance at the 5% level.
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We can explain these slight differences compared to the previous results on two
bases. The conceptual difference to our baseline measure is that product space uses
countries, as levels of observations instead of on plants. Therefore, the factors, which
are relevant in similarity is wider, most importantly by the inclusion of institutions,
which do not tend to be different between firms of a country, but between states. There-
fore, this measure includes more noise conceptually, if we want to use it for measuring
similarity in skills. This may influence the parameters of related and unrelated indus-
tries, but not the parameter of same industry. The difference in its estimate must go back
to the difference in industry categorization: when measuring technological proximity
(Neffke and Henning 2008) we used the NACE Rev 2. categories, while the proximities
in the product space (Hidalgo et al. 2007) are available for the NACE Rev 1.1. classifi-
cation. The results may differ due to the fact that in the older classification some indus-
tries, which are closely related, but not exactly the same (according to the improved
classification) belong to the same categories, therefore the positive coefficient of the
same industry parameter is due to activities, which are close to each other, however not
similar, which is reflected in the improved classification of economic activities.

Appendix 6: Full regression results reporting all control variables

In the main text, we refrained from reporting full regression tables with all control vari-
ables to keep focusing on the effects which are central in answering our research questions
and hypotheses. Still, we consider it vital to present the full results of at least our baseline
model.

Table 11 shows the results of our baseline regression on the effect of the productivity
gap with all control variables in our analysis. Previously unreported controls are the log of
total assets and its lag to control for changes in the amount of capital at the firm, ownership
and employment size dummies (baseline categories: number of employees: 2-9, owner-
ship: state) of the recipient firm which are essential determinants of growth potential, share
of new hires from unemployment to show how picky firms were when hiring new work-
ers, share of workers leaving the firm to control for outflowing workforce, and fluctuation
(share of new hires multiplied by the share of leaving workers) to control for the firm-
specific dynamics of hiring and firing (Table 12).
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Table 11 Th.e effect of Column A Column B  Column C
the productivity gap and
technological proxim%ty on Lagged productivity 0.640%**  0.675%**  0.675%**
subsequent productivity
(0.006) (0.006) (0.006)
Human capital 0.156%%*%  0.142%*%  (.141%%*
(0.012) (0.012) (0.012)
Lagged human capital —0.007 —0.007 —0.007
0.011) (0.011) 0.011)
Share of related inflows 0.200%* 0.195%* 0.139
0.072) (0.070) 0.071)
Share of same industry inflows  0.091 0.121%* 0.053
(0.062) (0.054) (0.057)
Share of non-tradable inflows ~ 0.086***  0.078***  0.020
(0.019) (0.018) (0.022)
Productivity gap 0.177%%* Q.17 1%**
(0.022) (0.022)
PG of related inflows —0.001 0.009
(0.080) (0.080)
PG of same industry inflows 0.093 0.101
(0.057) (0.057)
PG of of non-tradable inflows —-0.019 —0.013
(0.025) (0.024)
From private domestic 0.099%%*%*
(0.024)
From private foreign 0.076%**
(0.029)
Observations 68,884 68,884 68,884
R-squared 0.607 0.611 0.611

Firm-clustered robust standard errors in parentheses

Industry-region-year FE and the usual controls are used: characteris-
tics of the recipient firm (total assets and its lag, ownership, size) and
general measures of labor mobility (share of new hires, share of work-
ers leaving the firm, fluctuation, share of workers hired from unem-

ployment)

#H4p < 0.001; **p < 0.01; *p < 0.05
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Table 12 The effect of the productivity gap: Full regression output

Subsequent productivity

Column A Column B Column C Column D
Lagged productivity 0.666%** 0.657%** 0.673%%* 0.664%**
(0.005) (0.005) (0.005) (0.005)
Productivity gap 0.171%%* 0.162%%%*
(0.011) (0.011)
Positive productivity gap 0.317%%% 0.304%**
(0.020) (0.020)
Negative productivity gap 0.015 0.012
(0.020) (0.020)
Human capital 0.136%%%* 0.133%#%%*
0.011) 0.011)
Lagged human capital 0.001 0.000
(0.010) (0.010)
Total assets 0.285%%* 0.285%%*%* 0.284%%* 0.284%*%*
(0.009) (0.009) (0.009) (0.009)
Lagged total assets —0.216%** — 0.222%%* —0.216%** — 0.222%%*
(0.009) (0.009) (0.009) (0.009)
Share of new hires 0.081%*** 0.070%** —0.041%* —0.048*
(0.016) (0.016) (0.019) 0.019)
Share of workers leaving the firm — 0.075%** — 0.060%** — 0.078%** — 0.063%*
(0.022) (0.022) (0.022) (0.022)
Fluctuation 0.142%* 0.116 0.164* 0.139%*
(0.064) (0.064) (0.064) (0.064)
Share of new hires from unemployment —0.000 —0.000 —0.000 —0.000
(0.000) (0.000) (0.000) (0.000)
Private domestic ownership 0.115%%* 0.130%%*%* 0.114%%* 0.127%%*
(0.019) (0.019) (0.019) (0.019)
Private foreign ownership 0.217%%% 0.22]%%% 0.213%%%* 0.217%%*
(0.019) (0.019) (0.019) (0.019)
Number of employees: 10-49 -0.010 —0.001 —0.004 0.005
(0.007) (0.007) (0.007) (0.007)
Number of employees: 50-249 —0.076%** — 0.056%** — 0.067*** — 0.048%***
(0.010) (0.010) (0.010) (0.010)
Number of employees: 250 — 0.168%** — 0.133%** — 0.157%** — 0.123%**
(0.015) (0.015) (0.015) (0.015)
Constant — 1.014%%* — 1.273%** — 0.996%** — 1.248%**
(0.034) (0.038) (0.034) (0.037)
Observations 70,771 70,771 70,771 70,771
R-squared 0.591 0.594 0.593 0.595

Firm-clustered robust standard errors in parentheses

Industry-region-year FE and the following controls are used: the characteristics of the recipient firm (total
assets and its lag, ownership, size), measures of labor mobility (share of new hires, share of workers leaving
the firm, fluctuation, share of workers hired from unemployment)

*#4p < 0.001; **p < 0.01; *p < 0.05
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