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1. Introduction
Firms are heterogeneous in the distribution of the wages they offer and they compete to hire workers.
Within the same labour market, we observe variations in average wage and wage dispersion across firms.
Such heterogeneity is accounted for only partially by the human capital composition of a firm’s workforce.
The conditional (on worker’s observable characteristics) component of average wage and within-firm
wage dispersion has been extensively investigated, empirically as well as theoretically. Market
imperfections are called upon to explain it. Search frictions account for wage dispersion across workers,
so that otherwise identical workers receive different wages at identical firms (see e.g. Mortensen, 1990;
Burdett and Mortensen, 1998). Job mobility, inter-firm competition and human capital accumulation
generate heterogeneity in within-firm wage dispersion (Postel-Visnay and Robin, 2002; Burdett et al.,
2011). Theories of knowledge spillovers across firms rely on inter-firm worker mobility as the mechanism
facilitating such spillovers (Stoyanov and Zubanov, 20212 and 2014). In this paper, we highlight
knowledge transfer as specific channel through which labour mobility affects conditional within-firm
wage dispersion and offer new empirical evidence consistent with it.
We present a model in which knowledge is at the same time an essential input of production and a byproduct of production activity. Knowledge as a by-product of production activity rarely is codified. It takes
the form of tacit knowledge: information and best-practices workers acquire on the job and can bring to
any new job within the firm or any new firm they join. It follows that firms hiring away workers from
other firms can access knowledge otherwise not available. This induces firms to pursue a strategy of
learning-by-hiring (Parrotta and Pozzoli, 2012; Serafinelli 2016). Moreover, combing tacit knowledge
from a variety of sources, firms can improve their productivity (Vilalta-Bufi, 2010). This gives firms an
incentive to hire away workers from a wide array of firms. However, firms are heterogeneous in their
ability to take advantage of the tacit knowledge carried by workers hired away from other firms. Cohen
and Levinthal (1990) refer to the latter as a firm’s absorptive capacity. We assume firms differ in the
complexity of the tacit knowledge they produce and model absorptive capacity as a firm’s ability to make
use of tacit knowledge of increasing complexity. The more complex is the knowledge a firm is able to
digest, the greater the number of firms from which it can hire away workers. This in turn improves its
absorptive capacity, as prior knowledge favours the assimilation of new knowledge (Cohen and Levinthal,
1990). In brief, the adoption of learning-by-hiring policies generates workers flows that connect firms in
a network. Connecting to a greater number of other firms, those firms able to digest complex knowledge
are central to the network and experience enhanced absorptive capacity. As long as workers carrying
complex tacit knowledge command higher wages, firms central to the network have also the highest wage
dispersion.
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Using employer-employee matched data from a highly industrialized Italian region, we document a
positive correlation between conditional within-firm wage dispersion and a firm’s position in the network.
Our data provide us with individual worker’s employment history and thus, in principle, with information
about the workers flows connecting firms. To take advantage of the information in our data, we apply
network theory. We map workers flows between firms and build the network formed by the firms. For
each firm, we then proceed to assess its network centrality, a measure based on the idea that a firm hiring
workers from a great number of firms obtains more knowledge and, thus, is located at a more central
position than others. Acquiring more knowledge, the firm develops better absorptive capacity. Thus, the
firm’s position in the network can be seen as informative of the firm’s absorptive capacity. In our data
conditional within-firm wage dispersion turns out to be increasing in network centrality. That is, the more
central is a firm in the network, the more absorptive capacity is developed by the firm, the greater is a
firm’s conditional wage dispersion.
The contribution of our paper to the literature is two-fold. We contribute to the literature on wage
dispersion, providing evidence of conditional within-firm wage dispersion in a market at almost full
employment and explaining it by means of the role played by workers as carriers of tacit knowledge. We
contribute to the literature on knowledge transfer. The latter usually identifies knowledge carriers by
means of the wage premium firms pay to attract them (Parrotta and Pozzoli, 2012). We endogenize the
wage premium and relate it to a firm’s absorptive capacity. We document in the data a correlation between
the position of the firm in the network, that gives information on the ability of the firm to acquire
knowledge through learning-by-hiring (absorptive capacity), and within-firm wage dispersion.
The remaining of the paper is organized as follows. In Section 2, we review the literature. In Section 3,
we present the model. In Section 4, we introduce the dataset and present the measure of network centrality.
In Section 5, we illustrate our empirical strategy and discuss the results. Section 6 concludes.
2. Literature review
In this section, we briefly review important literature contributes to within-firm wage dispersion,
knowledge spillover and learning-by-hiring. These elements allow us to lay the foundations for our model.
Wage dispersion is an empirical fact. We observe wage dispersion across occupations, sectors and groups.
We also observe within-firms wage dispersion and, in this paper, we are interested in suggesting a possible
explanation for the latter.
An important source of wage dispersion is on-the-job search.1 In principle, job mobility is sufficient to
generate earning differentials between identical workers working at identical firms (Mortensen, 1990;
1

Absent worker mobility, within-firm wage dispersion emerges as the equilibrium outcome in presence of moral hazard. This
is the case of tournament (Lazear and Rosen, 1981; Lazear, 1989) as well as hierarchical models of production (Williamson,
1967; Calvo and Wellisz, 1979; Qian, 1994).
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Burdett and Mortensen, 1998). 2 The mechanism is simple: unemployed workers are willing to take low
paid employment as they can continue to search for better paid work while employed. Inter-firm
competition is also an important determinant of wage dispersion, as well as search mechanisms (PostelVisnay and Robin, 2002; Dey and Flinn, 2005; Cahuc et al., 2006). Postel-Visnay and Robin (2002) model
a theory of wage dispersion where unemployed workers search for a job, employees search for a better
job and firms poach workers from each others. Workers differ in ability and firms differ in the marginal
productivity of efficient labour. Search on the job allows employees to locate alternative firms, whom they
can bring into Bertrand price competition with their current employer. This competition results either in a
wage rise or in job mobility. Earnings depend on a worker-specific contribution to match productivity and
a firm-specific component related to the last wage mobility that the worker enjoyed and that typically
characterizes the effect of frictions. As result, wage dispersion emerges in the steady-state equilibrium.
Combining mechanisms of job mobility with mechanisms of human capital accumulation3 allows to offer
interesting insights on within-firms wage dispersion. For example, Burdett et al. (2011) analyse an
equilibrium labour market with on-the-job searches and experience effects. They model workers wage as
composed of a worker fixed effect (initial ability), a firm fixed effect (the firm’s piece) and experience.
They show that the learning-by-doing sorting equilibrium (where over time more experienced workers
tend to find and quit for better paid employment) increases equilibrium wage dispersion within and across
firms. Learning-by-doing reduces unemployed worker reservation wages (e.g. unemployed workers are
willing to accept low wages as work experience is valuable) and increases wage competition across firms
for experienced workers. Moreover, firms that pay higher piece rates attract and retain a more experienced,
and thus more productive, workforce. Fu (2011) combines on-the-job searches and firm funding general
training (i.e. ex ante identical firms decide, in addition to their pay rates, whether or not to provide costly
training that improves their workers general skill). The model shows that wage dispersion exists because
identical workers are paid differently across firms, workers differ in their productivity ex post and there is
a positive correlation between pay rate earned and human capital. It offers an explanation for the
systematic difference in within-firm wage dispersion across firms and generates correlations between
various firm characteristics that are consistent with the data.
Theories of knowledge spillovers across firms rely on inter-firm worker mobility as mechanism facilitating
such spillovers (Fosfuri et al., 2001; Markusen, 2001; Glass and Saggi, 2002; Dasgupta, 2012). The main
idea is that knowledge production within firms creates a positive externality to the hiring firms and their
2

Assuming firm’s heterogeneity and worker’s heterogeneity help to better fit empirical data (Bontemps et al., 2000; PostelVinay and Robin, 2002).
3
Since the pioneering work of Becker (1964) and Mincer (1974), human capital theory has been used to explain the wage
growth of workers over the life cycle. According to this theory, wages increase as workers accumulate both firm-specific and
general skills. Moreover, human capital theory demonstrates that earnings dispersion is a prerequisite for significant skill
investments (Neal and Rosen, 2000).
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workers. In facts, labour mobility has been recognized as a natural candidate to account for knowledge
transfer across firms (Arrow, 2012). Knowledge – either tacit or formal – is embodied in workers and thus
worker flows across firms are a likely source of knowledge spillovers. Thus, firms can acquire knowledge
through an appropriate learning-by-hiring strategy: hiring away experts from other firms (Song, Almeida
and Wu, 2003).
Empirical studies support the existence of gains from knowledge spillovers retained by firms as extra
profit and workers as extra wages. Using matched employer-employee data from Danish firms over the
period 1980-2005, Parrotta and Pozzoli (2012) estimate the impact of recruiting knowledge carriers –
defined as workers holding tertiary education – on the firm’s real value added. Their results lend support
to the view that learning-by-hiring “enhances productivity at the firm level.” (p. 184). Serafinelli (2016)
tests the extent by which worker flows affects knowledge transfer from highly productive firms to less
productive ones. Using matched employer-employee data from firms located in the North Italy region
Veneto over the period 1992-2001, Serafinelli (2016) shows that firms hiring away workers from highly
productive firms located nearby experience increases in productivity. This leads the author to conclude
that agglomeration effects on productivity are likely to derive from “the propensity of workers to change
job within the same local labour market.” (p. 2). Finally, Poole (2013) provides evidence on productivity
spillovers from MNEs by examining the impact of the share of workers with past experience at MNEs on
the wage of local firm’s incumbent employees. Using matched employer-employee data from Brazilian
firms over the period 1996-2001, Poole (2013) uncovers a positive and sizeable effect of the presence of
former multinational workers in the workforce on the wage of continuing employees of domestic firms. A
10% increase in the workforce share of former multinational workers leads to an increase in the average
wage of the same magnitude, an effect of a size comparable to one more month of tenure at the firm.
Stoyanov and Zubanov (2012) observe firm-to-firm movements in Denmark (using matched firm-worker
data) and find that firms that hired workers from more productive firms experience productivity gains one
year after the hiring. Stoyanov and Zubanov (2014) find that both incumbent workers and the workers
who bring spillovers benefit in terms of higher wages from the total output gain.
To the best of our knowledge, very little attention has been devoted in the literature to the consequences
of a policy of learning-by-hiring for the distribution of wages at the hiring firm.4 A notable exception is
Vilalta-Bufi (2010). The aim of Vilalta-Bufi (2010) is to contribute a theory of wage growth and
differences in experience premia across industries, for which robust empirical evidence is available. In
analogy to Romer (1990), Vilalta.Bufi (2010) models production as increasing in the variety of knowledge
a firm commands. Knowledge is embedded in workers and workers with experience at different firms are
4

Consider Parrotta and Pozzoli (2012): knowledge carriers are identified by the condition that “the incomer’s wage is greater
than the average wage recorded in the recipient firm” (p. 171), thus implying but not testing an association between a policy of
learning-by-hiring and within-firm wage dispersion.
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carriers of different varieties of knowledge. Workers are mobile at a cost and within industries only. Firms
belonging to the same industry compete for experienced workers. Competition for experienced workers is
shaped by the firm’s capacity of absorbing knowledge from workers hired away from other firms. VilaltaBufi (2010) posits that firms have full access to the knowledge possessed by workers they trained
themselves, whereas they have only partial access to the knowledge possessed by workers trained by
others. Firms are homogenous within industries and heterogeneous across industries with respect to their
absorptive capacity. Assuming perfect competition on the product and labour markets, Vilalta-Bufi (2010)
shows that the wage of experienced workers relative to the wage of untrained or young workers is Ushaped in the absorptive capacity of the industry. Increases in absorptive capacity of the industry leads to
greater experience premia only when absorptive capacity is so large that the productivity gains from hiring
experienced workers more than compensate the mobility costs firms must cover, thus intensifying
competition for experienced workers. Heterogeneity in the absorptive capacity leads to heterogeneity in
experience premia across industries, 5 whereas firms belonging to the same industry exhibit the same
within-firm wage dispersion.
We follow Vilalta-Bufi (2010) in modelling production as an increasing function of varieties of knowledge
while we depart from it in assuming that firms competing for the same experienced workers differ in their
absorptive capacity and that a firm’s absorptive capacity evolves over time. These departures are key in
our model to account for within-firm wage dispersion across otherwise identical firms.
3. The model
In this section, we present a simple model in which the optimal hiring policy by heterogeneous firms gives
rise to intra-firm wage dispersion. The driving force of the model is the notion of learning-by-hiring.
Workers are carriers of complex and non-codified knowledge, developed continuously as a by-product of
the firm’s activities. We refer to such knowledge as tacit. By hiring experienced workers from other firms
in the market, a firm secures knowledge it would not access otherwise. However, firms are heterogeneous
in their ability to absorb knowledge from transferred personnel. This leads to heterogeneous hiring policies
by firms and as a consequence, to heterogeneous intra-firm wage distributions.
In the following, we present first the main elements of our model and then illustrate the implications of
firms’ optimal hiring policies on intra-firm wage distribution.
The economy: Consider an economy open for 𝑇 → ∞ periods. We think of an economy as a region where
firms locate in close proximity so that workers incur no mobility costs. In each period t, 𝐹 firms populate
the economy. Firms are heterogeneous in their total factor productivity and complexity of tacit knowledge
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The same holds for heterogeneity in labour mobility costs, learning by doing, industry’s technological level, substitutability
of different varieties of trained workers and number of knowledge varieties in the industry.
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they produce. Both total factor productivity and complexity of tacit knowledge depend stocastically on
some ex-ante R&D investment we do not model. Firms learn their total factor productivity and complexity
of tacit knowledge upon entering the economy. This is consistent with the view that firms do not know
with certainty their productivity before entering the economy.6 Firms operating in the economy in period
t are either incumbent (𝐼 ) or entrant (𝐸 ). Incumbents operated in the economy at 𝑡 − 1, whereas entrants
enter the economy at the beginning of period t. In each period t, entrants 𝐹
𝑣 ≤ 1 of firms operating in the economy in period 𝑡 − 1: 𝐹 = 𝜐𝐹

are a constant fraction 0 <

. At the end of each period 𝑡, a shock

hits a constant fraction 0 < 𝛿 ≤ 1 of firms operating at 𝑡. Firms hit by the shock leave the economy. We
assume that all firms have the same probability of suffering the adverse shock, i.e. the exiting probability
is independent of a firm’s characteristics, such as total factor productivity7 or age. We posit 𝑣 = 𝛿. It
follows that the number of firms operating in the economy is constant across periods: 𝐹

= 𝐹 = 𝐹.

Although the number of firms is the same across periods, the composition of the set of firms operating in
the economy changes. Keeping the number of firms constant simplifies our exposition without imposing
loss of generality. On the other hand, allowing the identity of firms to change across periods captures a
feature of many economies.
In each period t, 𝑀 identical workers, with reservation wage normalized to zero, enter the economy. Each
worker lives two periods. In each period, the worker offers labour services on a perfectly competitive
labour market, so that there is no involuntary unemployment. In the first period of her life, the worker
acquires any tacit knowledge developed by the firm she works at. The acquisition of tacit knowledge by
the worker occurs at no cost to the firm or worker. We refer to a worker possessing tacit knowledge as
senior and junior otherwise. In the second period of her life, the senior worker can work for the same firm
employing her in the first period or for a different employer. If the former, we refer to the worker as
retained. If the latter, we refer to the worker as hired away or poached. If a firm exits the market in the
wake of the adverse shock, we assume the workers it trained do not move to other firms, but leave the
economy. We introduce this assumption to simplify the exposition. As it will be clear shortly, it does not
entail any loss of generality.8
The production function: In each period 𝑡, firms produce a final good by means of labour services. Labour
services are provided by junior as well as senior workers. Following Vilalta-Bufi (2010), we posit that
both junior and senior workers offers their labour services on perfectly competitive markets, so that each
firm takes wages as given.

6

See Melitz (2003).
We follow Melitz (2003).
8
Furthermore, note that we are interested in firm’s optimal hiring policy and not in the efficiency of resources reallocation
across firms.
7

7

As mentioned above, junior workers are first-time employees and they all possess the same type of
knowledge.9 Senior workers have experience of past employment. They are carriers of firm-specific tacit
knowledge, developed as a by-product of a firm’s activities. Note that firms develop new tacit knowledge
in each period of activity, so that successive generations of senior workers from the same firm possesses
different tacit knowledge.10 Each firm can acquire the tacit knowledge developed by any other firm in the
economy by hiring its workers. The literature refers to this phenomenon as learning-by-hiring. As in
Vilalta-Bufi (2010), we posit that firms benefit from a heterogeneous senior workforce. In particular, we
assume that production is increasing in the variety of tacit knowledge a firm can command. However, a
firm can appropriate only partially the tacit knowledge carried by senior workers from other firms. Partial
appropriability of tacit knowledge stems from a number of sources. Being firm-specific, tacit knowledge
responds to some but not necessarily all the production needs of a firm other than the one of origin.
Furthermore, firms differ in the complexity of their know-how and working practices.11 The latter affects
the complexity of the tacit knowledge they produce. Complex tacit knowledge contributes the most to
production. At the same time, complexity affects the transferability of tacit knowledge. Cohen and
Levinthal (90, p. 140) remark that “Although it is difficult to specify a priori all the relevant characteristics
of knowledge affecting the ease of learning, they would include the complexity of the knowledge to be
assimilated…”.
In the light of the above discussion, we model firm i’s production function in period t as follows:
𝑦 =𝐴

(𝜆 𝑘 ) + 𝜑 𝜆 𝑘

+∑

𝜑 𝜆 𝑞 𝑘

(1)

where:
𝐴 is firm’s i total factor productivity (TFP). As mentioned above, firms are heterogeneous in their TFP.
Moreover, in each period some firms leave and others enter the economy. It follows that in each period 𝑡
a new ranking of firms according to TFP is formed. We identify a firm in each period 𝑡 by its relative
position in period 𝑡 TFP ranking. We posit that that firm 𝑖 = 1 has the lowest TFP whereas firm 𝑖 = 𝐹
has the highest TFP. That is: 𝐴

<𝐴

<. . . 𝐴 <. . . 𝐴 .12

𝜆 is the amount of junior labour services employed by firm i in period t
𝑘 is a measure of the complexity of knowledge possessed by a junior worker in period t; we assume such
measure to be constant over time: 𝑘 = 𝑘 for any t

9

As discussed in the Introduction, the focus of our work is the transmission of tacit knowledge developed within firms. For
this reason, in the model we abstract from heterogeneity in formal skills across workers.
10
If otherwise, firm i would have no incentive to hire senior workers of type j more than once. In fact, new hires from firm j
would contribute tacit knowledge firm i has absorbed already.
11
Sutton (2012) refers to them as a firm’s capability.
12
The reason why we introduce a per-period ordering of firms will be clear shortly.
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𝜆

𝜆

is the amount of senior labour services employed by firm i [j] in period 𝑡 and supplied by workers

employed by firm i [𝑗] in period 𝑡 − 1; in the following we refer to the latter as senior workers of type i
[𝑗].
𝜑 𝜑

is a variable taking value 1 if firm i [𝑗] is a period t incumbent and 0 if firm i [𝑗] is a period t

entrant: if firm i [𝑗] is a period t entrant, no senior worker of type i [𝑗]is available at time t
𝑘 𝑘

is a measure of the complexity of the tacit knowledge possessed by a worker employed by firm i

[𝑗] in period 𝑡 − 1
𝑞 is firm i’s absorptive capacity of knowledge possessed by a senior worker of type j.
We assume that in each period t firms can be ordered by the complexity of the tacit knowledge they
produce, with firm 1 producing less complex knowledge than any other firm: 𝑘 < 𝑘 <. . . 𝑘 . We think
of the measure of knowledge complexity 𝑘 as a parameter that transforms units of labour service into
efficiency units. We posit that some ex-ante R&D investments we do not model, determine the complexity
of a firm’s tacit knowledge upon entry in the economy. The complexity of tacit knowledge produced by a
firm could vary across periods. We confine ourselves to consider it constant over time. However, the rank
of any given firm in the ordering of tacit knowledge complexity changes over time. This is due to some
firms leaving the economy and new ones entering it, with exiting and entering firms differing in the
complexity of tacit knowledge they produce. For the sake of expositional clarity, we assume the per-period
ordering of firms by TFP and complexity of tacit knowledge to be the same.
Absorptive capacity: We model partial appropriability of tacit knowledge by assuming that firm i can
absorb only a fraction of the tacit knowledge carried by senior workers hired away from firm j. Thus, we
posit that one unit of senior labour service trained by firm 𝑗 ≠ 𝑖 transforms into 𝑘 efficiency unit when
employed by firm j and into 𝑞 𝑘 < 𝑘 when employed by firm i. We assume 0 ≤ 𝑞 < 1 and nonincreasing in the measure of knowledge complexity, with 𝑞 being the largest and 𝑞 = 0 for some value
of 𝑗 > 𝑖. This implies that a firm appropriates – albeit partially – the tacit knowledge produced i) by any
firm below it in the ranking of tacit knowledge complexity; ii) by at least some firms above it in the ranking
of tacit knowledge complexity.
Firms are heterogeneous in absorptive capacity. We model heterogeneity in absorptive capacity among
firms as follows: higher absorptive capacity allows firms to absorb knowledge from a larger number of
firms in any set of firms ordered by the complexity of the tacit knowledge they produce. Take two firms
in the economy, firm l and h. In period t, firm h has higher absorptive capacity than l as long as:
𝑞

13

> 0; 𝑞 > 0, 𝑗 = 1, … 𝑚13

(2a)

We make no assumption on the relative magnitude of 𝑞 and 𝑞 , 𝑗 = 1, … 𝑚.
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𝑞 = 0 𝑎𝑛𝑑 𝑞

> 0, 𝑗 = 𝑚 + 1, … 𝑚 + 𝑛

(2b)

𝑞 = 0 𝑎𝑛𝑑 𝑞

≥ 0, 𝑗 = 𝑚 + 𝑛 + 1, … 𝐹

(2c)

Note that absorptive capacity is time-varying, in a sense we specify shortly. Cohen and Levinthal (90, p.
129) argue that an “organization needs prior related knowledge to assimilate and use new knowledge”.
Prior related knowledge has two sources: past R&D investment and past hiring. As mentioned above, we
posit that firms undertake some R&D investments prior to entering the economy. Along with TFP and the
complexity of tacit knowledge produced by the firm, we assume ex-ante R&D investments determine the
firm’s absorptive capacity upon entry. That is, ex-ante R&D investments determine the set of firms whose
tacit knowledge a period t entrant can (at least partially) appropriate.14 Subsequent to entry, ex-ante R&D
investments and the hiring policy interact in determining a firm’s post-entry absorptive capacity. Ex-ante
R&D investments defines a firm’s position in the per-period ranking of tacit knowledge complexity and
thus it sets the lower bound on the number of firms whose tacit knowledge a period t incumbent can
appropriate. Let us now focus on the hiring policy. In each period t, the larger the number of firms from
which a firm hires away workers, the wider the spectrum of tacit knowledge the firm acquires and thus
the more complex the tacit knowledge it absorbs. The latter offers the “prior related knowledge” necessary
to access new and complex knowledge in period 𝑡 + 1. Thus, the number of firms from which firm i hires
away workers in period t determines the upper bound on the number of firms whose tacit knowledge firm
i can appropriate in period 𝑡 + 1.
In brief, we define firm i’s absorptive capacity in period t as the number of firms whose tacit knowledge
firm i can appropriate. Firm i’s absorptive capacity in period t is increasing in its rank in period t
complexity ordering of tacit knowledge and in the number of firms whose tacit knowledge firm i
appropriated in period 𝑡 − 1. Thus, we conclude that absorptive capacity varies over time and it is
increasing in the variety of tacit knowledge the firm acquired in past periods. As we show shortly, this
links a firm’s hiring decisions and absorptive capacity in new ways.
Firm’s optimization problem: Having introduced the production function, we turn to consider the demands
of junior and senior labour services by firms operating in the economy. In each period t, firms demand
junior and senior labour services to maximize the discounted sum of future profits. However, we follow
Vilalta-Bufi (2010) and argue firm’s profit maximization can be set up as a static problem. The demand
of junior labour services by firm i in period t affects the supply of senior labour services of type i in period
𝑡 + 1. However, in period t firm i would not demand an amount of junior labour services different from
the one that maximizes period t profits. As in Vilalta-Bufi (2010), we assume that no long-term contract
can be signed by firm i and its employees, committing junior workers hired in period 𝑡 to remain with the

14

We do not model ex-ante R&D investment and thus we take absorptive capacity upon entry as given.
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firm up to the end of period 𝑡 + 1. At the beginning of period 𝑡 + 1, firm i competes with all other firms
demanding senior labour services of type i. It follows that in period t firm i does not demand junior labour
services below the amount required to maximise period t profits. If otherwise, type i senior labour services
would command a higher equilibrium wage. Departing from profit maximization in period t by decreasing
the demand of junior labour services brings no benefit in period 𝑡 + 1.
Likewise, in period t firm i does not demand junior labour services above the amount required to maximise
period t profits. If otherwise, in 𝑡 + 1 the supply of type i senior labour services expands and the
equilibrium wage in the market for type i senior labour services falls. However, the fall in wage for type i
senior labour services is experienced by all firms in the market at 𝑡 + 1, leaving firm i’s competitive
position unchanged. At the same time, any departure from period t profit maximization by firm i affects
firm i only and reduces its profits. We conclude that it is not in the interest of firm i to demand junior
labour services in any amount departing from the one maximizing period t profit.
Let us now turn to consider a firm’s absorptive capacity as a potential source of intertemporal linkages,
As mentioned above, a firm’s absorptive capacity in period 𝑡 + 1 is affected by the variety of tacit
knowledge absorbed by the firm in period 𝑡. However, the firm cannot modify its period 𝑡 + 1 absorptive
capacity by means of its hiring policy in period 𝑡. According to the production function in (1), period t
marginal product of the first unit of any variety j of senior labour services is infinite as long as 𝑞 > 0.
Thus, given finite wages for senior labour services, in period t firm i demands a positive amount of any
variety j of senior labour services for which 𝑞 > 0 holds. Would it make sense for firm i to demand a
positive amount of any variety 𝑗 of senior labour services for which 𝑞 = 0 holds? The answer is in the
negative. In period t, firm i is unable to absorb any of the knowledge carried by senior workers of type 𝑗
such that 𝑞 = 0. It follows that its absorptive capacity in period 𝑡 + 1 is unchanged with respect to hiring
only j-type senior labour services for which 𝑞 > 0 holds. As the absorptive capacity depends on the
extensive and not the intensive margin of hiring, we conclude that firms do not demand senior labour
services in period t in order to enhance period 𝑡 + 1 absorptive capacity and thus we can treat firm’s profit
maximization as a static problem.
Given the static nature of the firm’s maximization problem, period t labour services demand functions by
firm i solve:
max
,,…

𝑝𝐴

(𝜆 𝑘 ) + 𝜑 𝜆 𝑘

+∑

𝜑 𝜆 𝑞 𝑘

− 𝑟̂ 𝜆 − 𝑟̂ 𝜑 𝜆 − ∑

𝑟̂ 𝜑 𝜆

(3)

,…

where:
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𝑝 is the perfectly competitive price at which firm i sells its final good; we assume it to be constant over
time15
𝑟 is the market wage for junior labour services in period t
𝑟 𝑟

is the market wage for senior labour services of type 𝑖 [𝑗]in period t

First order conditions for the above problem are:16
𝑝 𝐴 𝜎(𝜆 𝑘 )
𝑝𝐴 𝜎 𝜑 𝜆 𝑘

𝑘 − 𝑟̂ = 0
𝜑 𝑘 − 𝜑 𝑟̂ = 0

𝜑 𝑞 𝑘 − 𝜑 𝑟̂ = 0 for any 𝑗 ≠ 𝑖

𝑝𝐴 𝜎 𝜑 𝜆 𝑞 𝑘

(4a)
(4b)
(4c)

Note that equations (4b) and (4c) hold as identity for 𝜑 = 0 and 𝜑 = 0, respectively. It follows that
labour service demands are given by:
𝜆 =
𝜆 =

𝜆 =
̂

̂

̂

for any 𝑖 = 𝐼 ; 𝐸

(5a)

for any 𝑖 = 𝐼

(5b)

for any 𝑗 ≠ 𝑖 with 𝑗 = 𝐼 ; 𝑖 = 𝐼 , 𝐸

(5c)

Regardless of whether incumbent or entrant, all firms demand junior labour services (eq. 5a) in period t.
As far as senior labour services are concerned, note that period t incumbent firms only provide the latter.
It follows that in period t incumbent firms demand senior labour services they trained themselves in period
𝑡 − 1 (eq. 5b), whereas both entrant and incumbent firms demand senior labour services provided by any
other incumbent firm j whose tacit knowledge the firm can absorb (eq. 5c). That is, regardless of whether
incumbent or entrant, firm i demands senior labour services provided by firm j as long as 𝑞 > 0.
As shown above in equations 5a-5c, in each period t the hiring decisions of firm i are driven by its perperiod absorptive capacity. We can identify an intensive and an extensive margin to firm i’s hiring
decisions. Other things equal, the larger 𝑞 , the greater the amount of type j senior labour services hired
by firm i. We refer to it as the intensive margin of firm i’s hiring decisions. Furthermore, firm i hires away
workers from firm j only if 𝑞 > 0. Other things equal, the larger the set of 𝑞 > 0, the greater the number
of firms from which firm i hires away workers and thus the greater the variety of labour services firm i
employs. We refer to it as the extensive margin of firm i’s hiring decisions.
15

We assume perfect competition on the product market of the final goods to keep matters tractable. See Vilalta-Bufi (2010),
p. 553.
16
The selected functional forms ensure that second order conditions are satisfied.

12

Heterogeneity in absorptive capacity has implications on the per-period composition of the workforce
through the intensive as well as the extensive margins of a firm’s hiring decisions. However, in the
following we focus on the extensive margin as the latter only accounts for the variety of labour services a
firm employs.
Composition of the workforce and intra-firm wage dispersion: Consider two arbitrary selected firms
operating in the market in period t. Let them be firm ℎ and firm 𝑙. Assume firm ℎ has higher absorptive
capacity than 𝑙 according to the definition in 2a-2c.
From 5a-5c, we see that in period t both ℎ and 𝑙 hire junior workers as well as senior workers trained by
incumbent firms occupying position from 1 to m in period t complexity ranking. However, firm ℎ only
hires away workers from firms producing tacit knowledge of greater complexity than firm 𝑚. In fact, firm
ℎ can absorb tacit knowledge produced by firms indexed from 𝑚 + 1 to 𝑚 + 𝑛, whereas that is not the
case of firm 𝑙.17 Thus, ℎ hires away workers from a larger set of firms than 𝑙 and the workforce employed
by ℎ comprises senior workers carrying more complex knowledge than the workforce employed by 𝑙. In
each period t, the distribution of absorptive capacity across firms determines the endogenous formation of
a network, in which firms are linked by workers flows. Depending on their position in the network at
period t, firms will have certain levels of absorptive capacity at time 𝑡 + 1 that will endogenously
determine the network configuration in 𝑡 + 1 (and so on). Therefore, there is a strong correlation between
firms’ position in the network in a any given period and absorptive capacity in the following period. Note
that the configuration of the network and the ties each firm forms within the network vary across periods.
This is due to firms leaving and entering the economy and the changes in absorptive capacity experienced
by incumbent firms through the formation and dissolution of ties – as argued above.18
Determining the configuration of the network and each firm’s position in it, heterogeneity in absorptive
capacity has implications for within-firm wage dispersion. The greater is a firm’s absorptive capacity, the
greater the variety of senior labour services it secures through its hiring decisions. We argue that the greater
is the variety of senior labour services a firm employs, the greater is wage dispersion within the firm. Note
that in our model, workers are heterogeneous only in the type of tacit knowledge they carry. Thus, wage
dispersion in each period depends on the firm’s per-period absorptive capacity and the equilibrium wage
of each type of labour service, either junior or senior. Let us start from the equilibrium wages.
Consider first the market for junior labour services in period t. As mentioned above, the market for junior
labour services is perfectly competitive. In each period t, 𝑀 workers enter the economy for the first time.

17

Note that according to the definition in 2c, firm ℎ can hire away workers from firms up to 𝐹. However for the sake of our
argument it is sufficient that 𝑞 = 0 for all 𝑗 > 𝑚 and 𝑞 > 0 for some 𝑗 > 𝑚.
18
See comments to 2a-2c.
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(

Given (5a), period t demand for junior labour services amounts to ∑

)

. The

̂

equilibrium wage 𝑟̂ for junior labour service in period t solves

∑

(

)

∑

(

(6)

= 𝑀𝑡

̂

It is easy to see that
)

(7)

𝑟̂ =

We turn to consider senior labour services. As stated above, the market for type j senior labour service is
perfectly competitive. In each period t, the supply of type j senior labour services is fixed and it depends
on the amount of junior labour services hired by firm j in period 𝑡 − 1. Call 𝐿 the supply of type j senior
labour service in period t. Substituting the equilibrium wage for junior labour services from (7) into (5a),
we obtain the demand of junior labour services by firm j in period 𝑡 − 1. We refer to it by 𝜆

,

.Thus

the supply of type j senior labour service in period t is given by:
𝐿 ≡𝜆
where 𝐴

,

,

=𝑀

,

(

∑

(8)
)

is the TFP of the firm occupying position j in period t TFP ranking.19

In each period t, the demand of labour services of type j is given by
𝜆 +∑

𝜆 =

+∑
̂

(9
̂

The equilibrium wage rate for type j senior labour service solves:

𝜆 +∑

(10)

𝜆 =𝐿

The solution to equation (10) is:
𝑟̂ =

𝑝𝐴

+∑

𝑝𝐴

(11)

𝑞

Substituting (8) into (11), we obtain:
𝑟̂ = 𝜎 𝑘

𝑝𝐴

+∑

𝑝𝐴

𝑞

∑

(

)

(12)

,

19

The value of the parameter A capturing a firm’s TFP is the same across periods. However, the identity of firms and thus their
position in per-period ranking of TFP and tacit knowledge complexity vary across periods as some firms exit and other enter
the economy. The notation adopted in (8) aims to make it explicit that we are considering the demand of junior labour services
in period 𝑡 − 1 by the firm occupying position j in period t ranking.
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The equilibrium wage rate for type j senior labour service is increasing in the complexity of the tacit
knowledge produced by firm j – measured by 𝑘 – and in the demand for it – captured by the terms in
square brackets. The equilibrium wage rate is declining in the supply of type j senior labour service.
Conflicting forces shape the equilibrium wage rate of type j senior labour service. In particular, the demand
for workers carrying highly complex tacit knowledge is small relative to the demand for workers carrying
less complex varieties. A larger number of firms demand the latter than the former. However, complex
tacit knowledge boosts output more than less complex varieties. When the second effects prevails,
equilibrium wage rate is the higher the more complex is the tacit knowledge the senior workers carry.
This leads us to link the variety of senior labour services a firm demands and the dispersion of wages it
pays. High absorptive-capacity firms hire workers that low absorptive-capacity firms are unable to hire
because of the complexity of the tacit knowledge they carry. This implies that high absorptive-capacity
firms hire away workers from a larger number of firms than low absorptive-capacity ones. Furthermore,
high absorptive-capacity firms only hire workers commanding high wages because of the productivity of
the tacit knowledge they carry. Thus, the range of the wage distribution is wider for high absorptivecapacity firms than for low absorptive-capacity ones.
There are several measures of wage dispersion. Variance is one of the most commonly used. In the
following, we identify the condition under which in any period 𝑡 the variance of the wages paid by a high
absorptive-capacity firm (h) exceeds the variance of the wages paid by a low absorptive-capacity firm (l).
To this end, we call 𝑗 [𝑗 ] any generic element in the set of firms from which firm h [l] can hire away
workers according to the definition in (2a)-(2c). Since it does not involve loss of generality and it simplifies
notation, we drop reference to period 𝑡. The difference in the variance of the wages paid by firm h and the
variance of the wages paid by firm l is:
𝜎 −𝜎 =
1
∑
𝜆

𝜆 (𝑟̂

+

− 𝑟̂ )[(𝑟̂

𝜆

∑

𝜆

+∑

+ 𝑟̂ ) − (𝑟̂ + 𝑟̂ )] +

𝜆

𝜆 (𝑟̂

− 𝑟̂ )[(𝑟̂

𝜆

+∑

𝜆

𝜆
𝜆 (𝑟̂

+ 𝑟̂ ) − (𝑟̂ + 𝑟̂ )]

− 𝑟̂ )[(𝑟̂

+ 𝑟̂ ) − (𝑟̂ + 𝑟̂ )]

(13)

where 𝑟̂ [𝑟̂ ] is the average wage paid by firm h [l].20
The sign of (13) depends on the terms in curly brackets. Thus, the variance of the wages paid by firm h
exceeds the variance of the wages paid by firm l if and only if:
20

With some abuse of notation, we posit j takes values from 0 onwards so that we sum across junior and senior labour services.
This is to economize on space.
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𝜆 (𝑟̂

𝜆

+

− 𝑟̂ )[(𝑟̂

+ 𝑟̂ ) − (𝑟̂ + 𝑟̂ )] +

𝜆

𝜆 (𝑟̂

− 𝑟̂ )[(𝑟̂

𝜆

𝜆 (𝑟̂

+ 𝑟̂ ) − (𝑟̂ + 𝑟̂ )]

− 𝑟̂ )[(𝑟̂

+ 𝑟̂ ) − (𝑟̂ + 𝑟̂ )]

>0

(14)
In brief, heterogeneity in the complexity of tacit knowledge positively affects within-firm wage dispersion.
Heterogeneity in tacit knowledge complexity entails a dispersion in the equilibrium wage rates for senior
labour services; given heterogeneity in absorptive capacity, the latter in turn entails wage dispersion within
firms pursuing learning-by-hiring.
The prediction of our model concerning within-firm dispersion rests on heterogeneity in absorptive
capacity. In the next sections, we will test this prediction. Unfortunately, no measure of firm’s absorptive
capacity is readily available. To put our model to the data, we rely on the fact that absorptive capacity is
a function of prior acquired knowledge. As argued above, the larger the set of firms from which firm i
hires away workers in period t, the higher is its absorptive capacity in period 𝑡 + 1. Thus, a firm’s position
in the network of firms in period t is informative of its absorptive capacity in period 𝑡 + 1. In the next
Section, we will take advantage of this fact to study empirically the relationship between firm’s absorptive
capacity and within-firm wage dispersion. Our strategy implies that we focus on incumbent firms only.
However, we do not consider it a limitation of our empirical test as new entrants and incumbents pursue
the same learning-by-hiring strategy.
4. Data, measures and descriptive statistics
4.1 Data
Our empirical analysis is based upon mapping individual reallocations in Veneto, a region of Italy. Veneto
is a highly industrialized Nuts-2 Italian region that ranks among the most developed and densely populated
regions in Europe. During the period under analysis (1995-2001), the Veneto labour market was
characterized by a positive rate of job creation in both industries and services, and by almost frictional
unemployment, accompanied by high labour mobility, with worker turnover comparable to Anglo-Saxon
countries. The economic activities are widespread over the entire territory. But, there is also evidence of
spatial agglomeration pivoted around a plurality of small and medium urban centres and industrial districts
(Brusco, 1986; Becattini et al., 1990; Tattara and Anastasia, 2003) indicating that a large number of firms
are indeed interconnected. For all these reasons, Veneto represents an interesting area to perform our
analysis.
We use Veneto Worker Histories (VWH), a longitudinal linked employer-employee dataset developed at
the Department of Economics of the University of Venice Ca’ Foscari on the basis of administrative
16

records of the Italian Social Security Institute. This longitudinal dataset covers the universe of worker
histories in Veneto in the private sector for more than twenty years, up to 2001. The main advantage of
this dataset is that it permits recovery of virtually all individual transitions between firms; moreover, the
administrative nature of the data ensures that the obtained network is indeed a reliable representation of
the true fabric of labour mobility (Gianelle, 2014).
In particular, VWH includes register-based information that allows building a history of the working life
of each employee who has been hired for at least one day by an establishment based in Veneto, during the
period of observation, regardless of the worker’s place of residence. On the employee side, the VWH
includes total earnings during the calendar year for each job, the number of days worked during the year,
the worker’s gender, age, region (country) of birth, occupation and seniority with the firm. On the
employer side, the VWH includes the sector, the dates of “birth” and closure of the firm (if applicable)
and the firm’s location.
Changes in the legal ownership may represent an issue. In principle, the firm identifier changes each time
the legal ownership of the firm changes, even if the underlying operations do not cease, or changes in the
nature of the activity are not appreciable. Many such situations have been recognized: if more than 50%
of the employees are taken over by a new employer, the business is said to be continuous and the old
employer is assigned the identifier of the new employer. The remainder of such situations could represent
a problem for our analysis (leading to overestimation of job mobility) and have been ruled out restricting
our dataset to firms that operates throughout the entire period of study.21 A second restriction applies to
firm size. It would not be very meaningful to calculate wage dispersion for firms with very few employees.
Hence, for each year, we restrict our dataset for regression analysis to firms with at least 50 employee
observations.22 Our sample includes individuals aged between 15 and 65 years employed in 1516 medium
and large sized firms in industries and services sectors. Over the period 1995-2001, we have a sample of
about 2,000,000 individuals (see Table 1). On average 36% of our workers are female, 18% are between
the ages of 15 and 25, 71% are between the ages of 26 and 49, and 11% are aged 50 or above. About 4%
of the employees are immigrants. Average tenure is about 6 years and 56% of workers have 10 or more
years of experience. The mean daily wage is 57 Euros.23
[Insert Table 1 about here]

21

The length of the period of study is an issue. We select a period as long as possible taking into account that longer periods
lead to smaller balanced firm panels. A period of seven years (1995-2001) seems to be a good compromise. We performed a
sensitivity analysis using shorter periods and our results are robust. Related tables are available upon request from the authors.
Robustness analysis using a longer period 1991-2001 is presented in the paper. Lagged variables are computed using
appropriate data.
22
There are some degrees of arbitrariness in this choice. A sensitivity analysis has been performed.See Section 5.
23
We use daily gross wages as our wage variable and we calculate full-time equivalent real wages. No restrictions are imposed
on the duration of job spells, nor on the type of occupation. To ensure that a few extreme observations do not skew the results,
we delete some outliers: employees with very high or low/zero wages.

17

4.2 Absorptive capacity and the firm’s position in the network
Empirically, we wish to offer some evidence supporting the prediction of our model concerning the
existence of a positive correlation between intra-firm wage dispersion and firm’s absorptive capacity. In
Section 3, we point out that firm’s absorptive capacity is a function of prior acquired knowledge24 and,
therefore, it depends on the firm’s position in the network in the previous period. Since firm’s absorptive
capacity is unobservable, we use the firm’s position in the network as informative on absorptive capacity.
Thus, we test the existence of a positive correlation between intra-firm wage dispersion in the current year
and the firm’s position in the network in the previous year. Empirical findings supporting the existence of
this correlation will allow us to argue in support of the prediction of our model.
We define the firm position in the network as follows. We refer to a firm with a large number of ties as
central to the network, where ties represent workers hired away from other firms. In particular, according
to our theoretical framework, centrality should be defined by the following proprieties: (i) a firm having
maximum centrality should hire away workers from all other firms; (ii) firms that do not hire workers
away should have zero centrality; and (iii) centrality should increase when the number of links increases.
In the literature there are many indicators measuring the actor’s prominence in a network (Wasserman and
Faust, 1994). Among them, we have degree centrality, closeness centrality, betweenness centrality,
eigenvector centrality. While considerable conceptual overlap exists between these indicators, they also
may be conceptually distinct. Two of these measures are conceptually close to our theoretical assumptions
and have the proprietaries described above: degree centrality and closeness centrality.25
Degree centrality is a very simple, but often very effective measure of a firm’s centrality. Degree centrality
measures the number of ties that a firm has. It is, therefore, based on the idea that a firm hiring workers
from a larger number of firms accesses more knowledge, and thus is located at a more central position
than others. In contrast, an actor with a low degree, who appears to be less visible in the knowledge flows,
is peripheral in the network.
Degree centrality has also some disadvantages. In particular, it only takes into account the immediate ties
that a firm has rather than both direct and indirect ties to all others. A possible solution can be found using
closeness centrality, a measure that emphasizes the distance of each firm to all others in the network
(Freeman, 1978; Opsahl et al., 2010; Wasserman and Faust, 1994). Closeness centrality is, therefore, better
24

In Section 3, we argue that the availability of “prior related knowledge” Cohen and Levinthal (1990) identify as necessary to
absorb new knowledge in the future is increasing in the heterogeneity of the firm’s current workforce.
25
Eigenvector centrality and betweenness centrality are also popular measures of centrality, we do not use these measures for
the following reasons. Eigenvector centrality is a measure of the influence of a node in a network (Bonacich, 1972) and it is
based on the idea that a node is important if it is linked to other important nodes. Nodes that receive few links may still have
high centrality if the linkers have large centrality. Thus, centrality is not an increasing function in the number of links and,
therefore, eigenvector centrality is not coherent to our theoretical framework. Betweeness centrality is also not coherent to our
theoretical framework. Betweenness centrality measures the extent to which a vertex lies on paths between other vertices
(Newman, 2003). Thus, betweenness centrality identifies the firms that have more strategic roles in knowledge dissemination,
while our theoretical framework identifies the firms that have access to more heterogeneous knowledge.
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able to describe the networks in its complexity and it is more appropriate for our analysis. 26 In fact,
closeness centrality takes both, direct connections and indirect connections, into consideration. Thus, firms
can be connected through short paths (direct connections) or long paths (indirect connections). Accessing
knowledge using long paths imply some degrees of knowledge loss. In other words, it is easy to
appropriate knowledge from firms that are close to. Thus, long paths are weighted less than short ones.
Formally, the closeness centrality of firm j is defined as the inverse of the sum of geodesic distances
(shortest-path) from firm j to all other firms in the network:
𝐶 =∑

(15)

( , )

where d  j; k  is the geodesic distance (shortest-path) between firms j and k. For example, if firm j hires
workers away from firm k, d  j; k  is equal to one; moreover, if firm j hires workers away from firm k and
the latter firm hires workers away from firm q, then d  j; q  is equal to two. In other words, firm j is able
to acquire “complex knowledge” from firm k, because firm k is linked to firm q.27
As the distance between firms in disconnected components of a network is infinite, the closeness centrality
measure cannot be applied to networks with disconnected components (Opsahl et al., 2010; Wasserman
and Faust, 1994). And, this is exactly our case: about 12.53% of firms are isolated in at least one year (that
is, they never hired workers away from other firms in at least one year). Therefore, we use the modified
measure of closeness centrality proposed by Opsahl et al. (2010)28. He suggests a possible solution that
allows the measure to be applied to networks with disconnected components and at the same time maintain
the original idea behind the measure. Since the intra-component closeness scores are not infinite for all
the firms in the network and the limit of a number divided by infinity is zero, we measure closeness
centrality as the sum of inversed distances to all other firms instead of the inverse of the sum of distances
to all other firms:
𝑁𝑒𝑡𝑤𝑜𝑟𝑘 = ∑

( , )

(16)

We calculate the normalized scores of (16) that are bound between 0 and 1. It is 0 if a firm is isolated, and
1 if a firm is directly connected to all others. Weights based on the number of workers hired away from
other firms (that indicate the strength of the ties) are used as appropriate.

26

As robustness analysis, we perform our analysis also using degree centrality. Results are robust and available upon request.
Our network is a directed network (Knoke and Burt, 1983): since knowledge is embedded in workers and diffuses when
workers move to other firms, we only consider the firm opportunities of knowledge acquisition, that are the number of ties
(hired workers) received by a firm (indegree). We do not consider the number of ties sent by a firm (outdegree). Indeed, a
worker separation represents a loss in term of human capital and will affect pay dispersion at firm level. However, we are
interested in studying the relationship between knowledge spillovers due to hiring workers away from other firms and wage
dispersion. Thus, we focus only on indegree.
28
In the literature, it is possible to find analogous measures: harmonic centrality (Marchiori and Latora, 2000); valued centrality
(Dekker, 2005).
27
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We calculate the modified measure of closeness centrality yearly. 29 Descriptive statistics about the
modified measure of closeness centrality are shown in Table 2. Firm closeness centrality is on average
about 0.1039. The maximum is below one (it is around 0.18) indicating that none of the firms is connected
to all others. Closeness centrality slightly increases over time showing on average an increase in the degree
of connection between firms. Simultaneously, the average shortest path length decreases over time. The
latter is an important feature in characterizing a network. It is defined as the average number of steps along
the shortest paths for all possible pairs of network nodes. It is a measure of the knowledge flow efficiency
in the networks. Since a shorter average path is more desirable, the observed decrease in the shorter
average path over time suggests that the network becomes less complicated and more efficient.
[Insert Table 2 about here]
About 12.53% of the firms are isolated in at least one year (register a value equal to zero). See Table 3.
However, less than one percent of the firms results isolated for 3 or more years and only one firm results
always isolated during the period of study. In Table 4, we observe that firms that are isolated in at least
one period have on average lower turnover and a more experienced and mature workforce. They are on
average smaller than firms that result always connected.
[Insert Tables 3 and 4 about here]
Figure 1 shows some examples of single firm's network. It illustrates examples of firms hiring away 15
employees or more in 1-year period. In 1994, we observe a single firm having only immediate ties. In
2000, we observe a single firm having both immediate ties and indirect ties. This is exactly the case where
by hiring away a worker from firms that hire away workers from other firms, a firm obtains more complex
knowledge than by hiring a worker away from a disconnected firm.
[Insert Figure 1 about here]
Figure 2 investigates the relationship between firm size and closeness centrality. We split the firms into
four equal size groups using the quartiles of closeness centrality (firms in group 1 have the lowest
centrality, while firms in group 4 have the highest centrality). For each group, we display the distribution
of firm size using a box plot. In a box plot the central rectangle spans the first quartile to the third quartile
(the interquartile range of wage distribution), the segment inside the rectangle shows the median and
"whiskers" above and below the box show the locations of the minimum and maximum (unless there are
outliers).30
[Insert Figure 2 about here]

29

The dataset includes all the firms with at least 5 employees operating during a specific year. We do not include reallocations
involving smaller firms due to computation constrains. However, using 1994 data, we are able to test the correlation between
the measure of closeness centrality including all firms and the measure of closeness centrality including all firms with at least
five employees. The correlation is about 0.93 indicating that the latter can be a good proxy for the former.
30
Outliers are not showed in Figure 2.
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Figure 2 shows clear evidence of a positive association between firm size and closeness centrality. We
also find that both closeness centrality and firm size increase over time (see Table 2). These are not
surprising findings since larger firms are indeed able to hire more workers. However, closeness centrality
is a more complex concept than "number of workers hired by the firm". It focuses on workers hired away
from other firms and knowledge flows among firms. Therefore, even if firm size and closeness centrality
are positively correlated, closeness centrality does not vary systematically with firm size.
5. Empirical strategy
5.1 Methodology
In this section, we present our empirical strategy to test the main prediction of our model. Our strategy
involves testing for the existence of positive correlation between intra-firm wage dispersion and lagged
firm’s position in the network.
Two types of within-firm wage dispersion indicators can be found in the literature: unconditional
indicators, by which wage dispersion is measured across heterogeneous workers, and conditional
indicators, where wage dispersion is measured across workers with similar observable characteristics. We
use the latter type of indicator.
To calculate our conditional wage dispersion indicator, we follow the Winter-Ebmer and Zweimüller
(1999) methodology, which rests upon a two-step estimation procedure. In the first step, we estimate by
OLS the following wage equation for each firm and each year separately:
(17)

ln 𝑤 = 𝛼 + 𝑥 𝛼 + 𝜇

where w ij is the gross wage of worker i in firm j, xij is the vector of individual characteristics including
age, age squared, sex, tenure, experience dummies, immigration dummy and occupation dummy (blue
collar), and 𝜇 is the error term. Note that using covariates as experience dummies 31 is particularly
important to separate between mechanisms of human capital accumulation that make workers more
productive (and, then, better paid) from the effects of potential knowledge spillovers due to job-to-job
mobility.
The standard deviations of the residuals of these regressions run firm by firm and year,  jt , are then used
as a conditional measure of wage dispersion in the second step, which consists in estimating the following
firm-level equation:
𝜎 = 𝛽 + 𝑁𝑒𝑡𝑤𝑜𝑟𝑘

𝛽 + 𝑥 𝛽 + 𝑧 𝛽 + 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟

𝛽 + 𝑦𝑒𝑎𝑟 𝛽 + 𝑣 + 𝜀

(18)

31

We use the following dummies: experience is 0-2 years; experience is 2-5 years; experience is 5-10 years; experience is 10
or more years. To construct these dummies we use the 1975-2001 Veneto Worker Histories.
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where 𝑁𝑒𝑡𝑤𝑜𝑟𝑘

is the modified measure of closeness centrality of firm j in year 𝑡 − 1 and it is

informative on the firm’s absorptive capacity; 

jt

is the conditional wage dispersion indicator, in level;

x jt contains aggregated characteristics of workers in firm j at time t (the share of the workforce that is
younger than 25 and older than 50 years, respectively; the share of the workforce with 0-2 year experience
and with 2-5 year experience, respectively; the share of women; the share of blue-collar workers; the share
of immigrants); z jt includes firm characteristics, i.e. the sectoral affiliation, firm size (and firm size
squared) and area dummies; yeart represents a vector of year dummies to control for time-specific fixed
effects;  j is firm fixed effect and 

jt

is the error term. Turnover at time 𝑡 − 1 (that is the rate at which

employees leave a workforce and are replaced) is included as covariate to separate the effect of workforce
replacement from the role played by workers as carriers of tacit knowledge on wage dispersion.
Table 5 presents some descriptive statistics on the conditional within-firm wage dispersion computed
according to Equation (17).32 By construction, it varies not only between firms but also over time within
a given firm. For all firm/year observations, the average conditional dispersion is equal to 0.2 (with a mean
daily wage of 4.05 - Table 1). This means that, in the average firm, workers with similar observable
characteristics do not differ much in their wages. On average, wages can be 5% higher or lower than the
mean wage due to unobservable factors. However, firms result to be considerable different: some firms
show larger internal wage dispersion (the maximum conditional dispersion is 0.46), whereas some firms
show no internal wage dispersion (the minimum conditional dispersion is 0).
[Insert Table 5 about here]
5.2 Estimates
We present multivariate analysis estimates by regressing closeness centrality on dispersion of the wage
levels. First, we use OLS to examine differences among firms. In a second step, taking into account
unobserved heterogeneity across firms, we estimate fixed effect panel regressions.
The OLS regression (Table 6, columns 2 and 3) shows a positive relation between lagged closeness
centrality and within-firms wage dispersion across firms. In other words, firms with better positions in the
networks at 𝑡 − 1 have larger wage dispersion at time 𝑡. However, there could be differences across firms
that are not captured by the control variables and affect the position in the network and wage dispersion
simultaneously leading to biased and inconsistent parameter estimates. The firm fixed effects estimation
(Table 6, columns 4 and 5) confirms the existence of a positive relation between closeness centrality and
within-firms wage dispersion across firms. The coefficient for lagged closeness centrality is positive

32

Daily wages are in log and the average log wage is equal to 4.05.

22

(0.025) and statistical significant.33 This result support the idea of a positive correlation between intrafirm wage dispersion and firm’s absorptive capacity. Since the latter is a function of prior acquired
knowledge, we can conclude that knowledge spillovers are important determinant of within-firm wage
dispersion.34
[Insert Table 6 about here]
Many of the control variables take statistically significant coefficients of the expected sign (Table 6,
Columns 4 and 5). The share of white collars is associated with increasing within-firm wage dispersion.
This result supports the following argument (Buckley, 1985). White-collar jobs, which commonly include
a broad range of duties, provide an opportunity to demonstrate superior performance. Where promotion
to a higher grade is inappropriate, a range of pay rates can be used to reward superior performance within
a job or pay grade. Conversely, it has been argued that the working environment of employees in certain
blue-collar jobs (e.g. those in assembly line operations) offers limited opportunity to deviate from
established performance standards and, therefore, a single rate or narrow rate-range system may be more
appropriate. Moreover, single rates or narrow rate ranges are generally favoured by labour unions,
especially in the blue-collar area.
The percentage of older workers is also positively correlated with wage dispersion. In the Italian labour
market, older workers are often workers with long tenures. Thus, a range of pay rates can be used to reward
loyalty within a job or pay grade leading to more within-firm wage dispersion. Instead, high percentages
of part-time employees are associated with reduced within-firm wage dispersion indicating that firms
prefer to use a single rate or narrow range of pay rates for part-time employees.
The shares of the workforce with limited work experiences are also associated with increasing within-firm
wage dispersion. From one side, entry-level jobs (those usually aimed at recent graduates or people who
have recently finished specific training courses) are normally associated with low wages and single rate
or narrow range of pay rates. On the other side, pay of individual workers within a specific range depends
on unobserved differences on performance (merit), propensity to job movements and specific
skills/knowledge carried by workers. These differences can be large across workers at the beginning of
their career, as a result lower tail wage dispersion can rise.
Finally, we split our sample between industries and services. The results for firms in industries (Table 6,
columns 8 and 9) are quite similar to our overall results. In particular, the estimated coefficient of lagged
closeness centrality is positive and statistically significant at 1% level. This suggests that for firms in more
central positions at time 𝑡 − 1, we expect to observe more wage dispersion at time t. This result supports
33

Statistical significant at 5% level.
Unfortunately, our results do not permit to quantify the increases in wage dispersion due to increases in firm’s absorptive
capacity. We only observe a positive link between wage dispersion and firm’s centrality that permits us to infer on the sign of
the correlation between wage dispersion and firm’s absorptive capacity.
34
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the prediction of a positive correlation between intra-firm wage dispersion and firm’s absorptive capacity.
Instead, the results for firms in the services sector (Table 6, columns 6 and 7) suggests no statistical
significant relation between lagged closeness centrality and wage dispersion. An explanation of these
findings can be found in the differences between services and industries in terms of knowledge transfer.
Services are characterized by less R&D, a central role for information and communication technologies,
and difficulties of intellectual property protection. These peculiarities of services can diminish the
importance of workers movements as channels of knowledge transfer implying a no significant statistical
relationship between firm centrality and wage dispersion.
5.3. Robustness checks
In this section, we perform some robustness checks.
First, we test whether our decision to consider only firms with 50 workers or more can affect the results.
It is not the case: our results are robust with respect to different subsamples of the data. Similar positive
and significant relationships between lagged closeness centrality and within-firm wage dispersion emerge
when we extend our sample to all firms with 20 workers or more and when we restrict our sample to all
firms with 70 workers or more.35
Second, we examine the relation existing between lagged closeness centrality and wage dispersion by firm
size. We focus on firms in industries only and we split out our sample by firm size: we run separate
regressions for small-medium sized firms (50-149 employees), and medium-large firms (150 or more
employees). Estimates are reported in Table 7. The results for small-medium sized firms show a positive
and statistically significant relation between closeness centrality and wage dispersion across firms: the
estimated coefficient is equal to 0.034. Focusing on the medium-large sized firms, the estimated
coefficient is also positive (0.046) and statistically significant. Therefore, our evidence is supportive of a
positive correlation between intra-firm wage dispersion and absorptive capacity across firm sizes.
[Insert Table 7 about here]
Third, we estimate firm specific effects as random effects. The latter assume that the observable
characteristics and the firm heterogeneity component are uncorrelated. If this holds random effects are
more efficient than fixed effects, otherwise the correlation between predictors and the error term will lead
to inconsistent estimates. However, random effects allow estimating coefficients for time-invariant
covariates and, therefore, separating longitudinal and cross-sectional associations between lagged
35

Results are available upon request.
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closeness centrality and wage dispersion. The coefficient of the longitudinal average of closeness
centrality (time invariant variable) captures the effect on within-firm wage dispersion of enduring crossfirm differences (structural factors in terms of absorptive capacity). Then, to capture the effect on wage
dispersion in each firm of the time variation of closeness centrality, we subtract the mean from each
realization of the time-varying variable. The resulting longitudinal component (a firm-year level variable)
is group-mean centred, and is orthogonal to the mean, such that the two coefficients can be estimated
separately. Table 8 report estimates for two specifications of the random effects model. The sample
includes firms in industries only. The first specification represents the benchmark specification of our
random effect analysis and refers to Equation 18 (with  j modelled as random effects). As expected,
estimates confirm a positive correlation between lagged closed centrality and wage dispersion. The second
specification includes the longitudinal and cross-sectional components of closeness centrality. We find a
positive correlation between wage dispersion and lagged closeness centrality (mean) supporting the
existence of structural cross-firm differences in terms of absorptive capacity. We also find a positive
relationship between wage dispersion and the longitudinal component of lagged closeness centrality. An
increase in lagged closeness centrality (with respect to the structural value) increases intra-firm wage
dispersion.
[Insert Table 8 about here]
Forth, we test whether our decision to focus on the period 1995-2001 can affect the results. We consider
a longer period 1991-2001. 36 As result the sample is smaller: it includes 1042 firms that operates
throughout the entire period of study (both in industries and services). Our main result is robust (see Table
9, column 2 and 3): the positive and significant relationship between lagged closeness centrality is
confirmed. Using this sample, we also consider the possibility that turnover affects unobservable
characteristics of the workforce and thus conditional wage dispersion within firms. If this is the case, we
need to model interactive fixed effects (Bai, 2009). The latter permit to control for time-varying and
unobservable factors that might affect both within-firm wage dispersion and the firm’s position in the
network. Results are reported in Table 9 (column 4 and 5). The positive relation between lagged closeness
centrality and conditional within-firm wage dispersion is robust: knowledge spillovers within firms due to
job-to-job movers matters even when we explicitly allow for the possibility that labour turnover affect
unobservable characteristics of the workforce.
[Insert Table 9 about here]

36

Lagged variables refers to the period 1990-2000.
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6. Conclusions
Wage dispersion within firms has attracted much attention in the literature. Worker’s and firm’s
observable characteristics only partially account for it. Search frictions, job mobility and firm competition
in hiring workers are usually invoked to explain within-firm wage dispersion conditional on worker’s and
firm’s observable characteristics. In this paper, we argue that within-firm conditional wage dispersion can
be the outcome of firms pursuing a policy of learning-by-hiring. Workers are carriers of tacit knowledge
and firms secure such knowledge by hiring workers from other firms. However, firms are heterogeneous
in their ability to absorb knowledge from transferred personnel. This leads to heterogeneous hiring policies
by firms and as a consequence, to heterogeneous intra-firm wage distributions.
We put the above prediction to the test of data taking advantage of the fact that a firm’s absorptive capacity
is a function of prior acquired knowledge and, therefore, it depends on the firm’s past position in the
network. Using a matched employee-employer dataset from Veneto region comprising the employment
histories of about 2 million individuals, we map workers flows between firms and build the network
formed by the firms. We construct a measure of closeness centrality that we use as informative of the
firm’s absorptive capacity. We document a positive correlation between within-firm conditional wage
dispersion and closeness centrality. Thus, our results offer empirical evidence supporting a positive
correlation between within-firm conditional wage dispersion and the firm’s capacity to acquire knowledge
through a learning-by-hiring policy. Our results are robust to a number of tests.
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Figure 1.

Examples of single firm's networks: firms hiring away more than 15 employees in 1-year
period.
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Table 1. Sample descriptive statistics: period 95-2001
Descriptive statistics (%)
Mean
Females

35.47

Average age (years)

35.38

Age is [15-25] years

18.07

Age is (25,50] years

70.95

Age is 50+ years

10.98

Apprentice

2.51

Blue collars

63.47

White collars

34.02

Part time

9.17

Average tenure (years)

5.91

Experience is (0-2) years

10.91

Experience is [2-5) years

13.27

Experience is [5-10) years

20.13

Experience is 10+ years

55.69

Immigrants

4.12

Average firm size (50+ employees)

4.32

Firm size: 50-149

69.91

Firm size: 150+

30.09

Sector is industry

80.15

Area is Belluno

4.68

Area is Padova

15.70

Area is Rovigo

2.84

Area is Treviso

21.77

Area is Venice

11.61

Area is Vicenza

26.91

Area is Verona

16.49

Turnover (t-1)

26.35

Average daily wage (log) (*)

4.05

No. Obs

2020652

No. Firms
(*) 57.4 euro (min=17.62 euro; max= 244.25 euro)

1516

Table 2. Networks and firms statistics
Firm(t)

Network(t-1)
Modified closeness centrality
Mean

Std. Dev.

Average shortest path lenght

Mean size

Max

t=95

0.0694

0.0360

0.1307

12.93

173.3

t=96

0.0985

0.0341

0.1597

10.65

179.6

t=97

0.0945

0.0355

0.1575

11.12

185.8

t=98

0.1008

0.0338

0.1685

10.60

5.6

t=99

0.1067

0.0340

0.1755

10.44

201.4

t=2000

0.1116

0.0363

0.1778

9.99

211.3

t=2001

0.1244

0.0338

0.1824

9.54

213.3
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Table 3. Isolated firms
Isolated firms:

%

No. Firms

Always connected

1326

87.47

1 year

138

9.10

2 years

38

2.51

3 years

8

0.53

4 years

3

0.20

5 years

2

0.13

6 years

0

0.00

Always isolated

1

0.07

Isolated at least 1 year

0

12.53%

Table 4. Connected versus isolated firms: descriptive statistics
Firms (observed in 2001)

Always

Isolated

connected

in at least 1 year

Average conditional within-firm wage dispersion (t-1)

20.20%

17.39%

% workfore: females

33.03%

40.57%

% workfore: experience is (0-2) years

9.41%

3.49%

% workfore: experience is [2-5) years

13.10%

6.86%

% workfore: experience is 5+ years

77.50%

89.65%

% workfore: age is [15, 25] years

15.43%

7.74%

% workfore: age is (25,50]

72.61%

77.16%

% workfore: age is 50+ years

11.97%

15.10%

% workfore: apprentice

4.00%

1.96%

% workfore: blue collars

66.64%

68.08%

% workfore: white collars

29.36%

29.97%

% workfore: part-time

7.01%

6.27%

% workfore: immigrants

7.76%

3.16%

Average firm size (50+ employees)

217.30

95.66

80.15%

80.00%

39.21

23.96

Sector is industry
Turnover (t-1)
Table 5. Wage dispersion: descriptive statistics (period: 95-2001)
Unconditional intra-firm wage dispersion
Conditional intra-firm wage dispersion

mean

min

max

0.28

0.02

1.06

0.

0.00

0.46
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Table 6. Estimation results (period of study: 95-2001)
OLS
All

Dependent variable: conditional intra firm wage dispersion
Coef

Fixed Effects
All
S.E.

Coef

Fixed Effects
services

Bootstrap SE

Bootstrap SE

Coef

Bootstrap SE

Modified Closeness centrality (t-1)

0.1762 ** 0.0211

0.0245

0.0106 -0.0048

0.0216

0.0325 **

0.0117

Females (%)

0.0273 ** 0.0043

0.0154

0.0129

0.0451

0.0283

0.0021

0.0188

Workers with [0-2) years experience (%)

0.0693 ** 0.0177

0.0376 **

0.0126

0.0955 **

0.0293

0.0173

0.0128

Workers with [2-5) years experience (%)

0.0997 ** 0.0165

0.0350 **

0.0110

0.0844 **

0.0248

0.0147

0.0124

Workers under 25 (%)

-0.1050 ** 0.0154 -0.0520 **

0.0123 -0.0725

0.0303 -0.0437 **

0.0137

Workers over 50 (%)

0.0081

0.0175

0.0378 **

0.0139

0.0260

0.0389

0.0440 **

0.0142

Aprentice (%)

-0.0135

0.0178

0.0052

0.0146

0.0042

0.0361

0.0150

0.0168

White Collars (%)

0.0699 ** 0.0057

0.0470 **

0.0115

0.0409 **

0.0139

0.0581 **

0.0166

Part time (%)

-0.0012

0.0108 -0.0509

*

0.0218 -0.0471

0.0273 -0.0517

Immigrant (%)

-0.0278

0.0148 -0.0311

*

0.0140 -0.0742 **

0.0264 -0.0089

1.7E-05

2.3E-05

No. Employees

2E-05 **

No. Employees - squared

-6E-09 **

Industry

0.0269 ** 0.0033

turnover

-4E-07

Area dummies

yes

Year dummies (time fixed effects)

yes

Constant

*

Coef

Fixed Effects
industries

6E-06 5.4E-05 **
1E-09 -8.6E-09 *
---

1E-05 -1.2E-05
yes
--yes

0.1063 ** 0.0071

yes
0.1557 **

*

4.1E-05

3.4E-09 -6.4E-09

---

7.4E-05 **

4.8E-09 -1.1E-08

---

7.0E-06 -3.1E-05

--*

0.0158
1.8E-05
7.3E-09

---

--7.4E-06

---

---

---

---

---

yes

yes

yes

yes

yes

0.0067

0.1357 **

0.0165

0.1562 **

0.0397

0.0470

0.0365

sigma_e

0.0260

0.0316

0.0244

rho

0.6993

0.6888

0.6921

R-sq: within

0.1162

0.0893

0.1348

0.1365

0.1507

0.1797

R-sq: overall

0.2252

0.1307

0.1333

0.1678

No. Obs

10612

10612

2,107

8,505

No. Firms

1516

1516

301

1215

Note: (**) statistical significant at 1% level; (*) statistical significant at 5% level

0.0237

1.8E-05 -4.8E-06

sigma_u

R-sq: between

*

0.0070

Table 7. Estimation results by firm size. Industry only (period of study: 95-2001). Fixed effects model.
Dependent variable: conditional intra firm wage dispersion employees<150
Coef
Modified Closeness centrality (t-1)

employees >=150

Bootstrap SE

0.0354 **

Coef

Bootstrap SE

0.0130 0.0457 **

0.0117

Covariates

yes

yes

yes

yes

Year dummies (time fixed effects)

yes

yes

yes

yes

Constant

0.1636 **

sigma_u

0.0382

0.0337

sigma_e

0.0262

0.0174

rho

0.6796

0.7900

R-sq: within

0.1118

0.1707

R-sq: between

0.1487

0.05

R-sq: overall

0.1352

0.1843

5369

3136

No. Obs
No. Firms
% Firms
Notes:
(i)
(ii)
(iii)

0.0076 0.1442 **

767

448

63%

37%

average number of employees during the period of study;
covariates: see Table 5;
(**) statistical significant at 1% level; (*) statistical significant at 5% level.

Table 8. Estimation results: random effects model (industry only)
Dependent variable: conditional intra firm
Bootstrap
wage dispersion
Coef
SE
Modified Closeness centrality (lag)

0.0497 **

Bootstrap
SE

Coef

0.0130

Modified Closeness centrality (lag)-mean
Mean Modified Closeness centrality (lag)

0.0372 **

0.0123

0.3843 **

0.0588

Covariates

yes

yes

yes

yes

Year dummies (time fixed effects)

yes

yes

yes

yes

Constant

0.1464 **

0.0051

0.1148 **

sigma_u

0.0317

0.0317

sigma_e

0.0244

0.0244

rho

0.6284

0.6287

R-sq: within

0.1298

0.1294

R-sq: between

0.2927

0.3174

R-sq: overall

0.2484

0.2668

No. Obs

8,505

8,505

No. Firms
Notes:

1215

1215

(i)
(ii)

0.0076

covariates: see Table 5;
(**) statistical significant at 1% level; (*) statistical significant at 5% level.

0.0124

Table 9. Estimation results (period of study: 91-2001)
Dependent variable: conditional intra firm wage dispersion Coef
Modified Closeness centrality (t-1)
Covariates

0.0277 **
yes

Constant

0.2168 **

Bootstrap SE Coef
0.0094 0.0275 **
yes

yes

0.0086 0.2067 **

Time fixed effects

yes

no

Firm fixed effects

yes

no

no

yes

No. Obs

12504

12504

No. Firms
Notes:

1042

1042

interactive fixed effects (firms, years)

(i)
(ii)

Bootstrap SE
0.0096
yes
0.0038

covariates: see Table 5;
(**) statistical significant at 1% level; (*) statistical significant at 5% level.

1

