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Abstract

Acquiring skilled workers can be a key comparative advantage for firms. However, this pro-
cess involves much uncertainty that firms need to navigate. Leveraging managers’ social networks
can help reduce search frictions, improve match quality, and boost firm performance. In this paper,
we investigate the role of managers’ networks on three dimensions of individual and organizational
outcomes: hiring, responsibilities, and performance. We do so by leveraging the availability of
rich transactional data in professional football (soccer) in Europe. Our data covers both men’s and
women’s football, comprising over 6k coaches, 80k players, and 100k movements between teams.
First, we find that managers rely heavily on their networks for hiring decisions, particularly for non-
star workers, and network-based recruiting can be done more cheaply than external hiring. Second,
managers give their network-hired workers more responsibilities by allowing them more game time,
particularly in the first season. Third, we find that increasing the number of network-recruited work-
ers is associated with significantly higher team performance. These patterns hold consistently across
both men’s and women’s football. We discuss the generalizability of our results and implications for
managers in other industries.
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1 Introduction

Human capital and talent acquisition are essential for firm performance (Colbert, 2004). Employees carry
substantial knowledge, skills, and expertise that can translate into a competitive advantage (Michaels
et al., 2001). Among the strategies firms follow to improve human capital (Lepak and Snell, 1999), the
external acquisition of talent, i.e., hiring employees who can immediately contribute, is beneficial be-
cause it allows for rapid productivity gains (Becker, 1964; Munyon et al., 2011). Employee mobility can
improve organizational outcomes as new employees can deliver performance, build and adapt routines
and systems, and create knowledge spillovers (Campbell et al., 2012; Mawdsley and Somaya, 2016).

However, hiring the right workers is a challenging task for firms, as they might not be able to accu-
rately predict the contribution of potential employees (Chadwick and Dabu, 2009; Hoffman et al., 2018).
For example, productive workers can encounter barriers upon moving to new environments and firms,
failing to adapt and replicate their previous performance (Dokko et al., 2009; Raffiee and Byun, 2020).
Organizations must trust the new individual will create value, and the individual must expect a higher
utility from the new job. How firms deal with this information asymmetry problem has attracted much
research attention (Paul and Scott, 2011; Raffiee and Byun, 2020; Casoria et al., 2022; Brymer et al.,
2024).

Previous research has demonstrated that the social ties of current employees play a key role in or-
ganizational hiring decisions (Rubineau and Fernandez, 2015) because they can reduce uncertainty and
search frictions for new employees (Montgomery, 1991; Granovetter, 2018). Organizations are more
likely to hire individuals with whom their members share characteristics, such as education (i.e., gradu-
ating from the same higher education institution) (Rider, 2012; Kacperczyk, 2013; Hadlock and Pierce,
2021; Carnahan et al., 2022), professional background (i.e., working for the same institution) (Brandes

et al., 2015; Hensvik and Skans, 2016; Cai et al., 2022; Hacamo and Kleiner, 2022), or ethnicity (i.e.,



having a shared cultural or ethnic background) (Giuliano and Ransom, 2013; Aslund et al., 2014; Kerr
and Kerr, 2021).

However, shared characteristics do not fully capture the complexity of managers’ social networks
and their influence on hiring. While shared characteristics can be used to infer employee quality, we
can expect that managers carry even more information about their direct former employees. To the best
of our knowledge, no paper has systematically examined how managers with control over personnel
hires use their own professional network to acquire talent and determine individual and organizational
outcomes—in large part because having high-quality data on management structure is hard to come by.
Research also faces limitations in quantifying the input of new employees hired from the manager’s
network and their influence on performance (Barwick et al., 2023). To test for the effects of hires from
the direct network of managers, one, therefore, needs not only to be able to observe movements between
firms but also to have some information about the firm structure (to be certain that a worker has worked
with a manager before) and comparable performance metrics. These conditions are not easily satisfied in
most labor market data; one usually has to make a trade-off between these conditions: either one studies
a complete industry, where direct relationships might be unobserved (Rider, 2012; Hensvik and Skans,
2016), or one has access to detailed information for one firm but often at the expense of comparable
performance metrics or observable movements across firms (Flory et al., 2015; Chen et al., 2020).

In this paper, we leverage the availability of large granular datasets from European football (soc-
cer) to test for the effects of managers’ networks on hiring, responsibilities given to workers, and firm
performance. Our data covers both men’s and women’s professional football. We use data from the
reference website on football transfers and performance, Transfermarkt, and its subsidiary Soccerdonna.
This setting grants us access to the complete career and network records of thousands of managers and

employees globally and to standardize the performance metrics of hundreds of firms over time. In total,



our dataset covers a network of approximately 6,200 coaches, 83,000 players, 100,000 transfers, and
2,300 teams over 17 years.! This data satisfies all the conditions to investigate the role of managers’
networks on hiring and performance, as we can observe complete networks in comparable international
markets with high-stakes and standardized performance metrics. While European football is a very spe-
cific industry, it does provide several compelling methodological advantages and access to rich publicly
available data. We believe this justifies looking at this particular corner of the world to study the links be-
tween managers’ networks, hiring decisions, and firm performance, passing the external validity novelty
Litmus test (List, 2020, p. 45).

We consider an employee (player) to be in a manager’s (coach’s) network if the employee has pre-
viously worked for this specific manager. This tie involves daily interactions and implies a hierarchical
“vertical” relationship (Ertug et al., 2020). Our definition of social tie maximizes managers’ knowledge
about potential employees: in football, we can be certain that a coach has worked directly with a player
if they were employed by the same club at the same time, given that each club only has one (profes-
sional) team. This is a distinct advantage of our setting, as such certainty is harder to achieve in other
industries with large multinational companies, where shared employment does not always imply direct
collaboration. Additionally, our data allows for exploring mechanisms that facilitate the new hire.

First, we examine how often managers use their network to hire new employees, considering both the
cost of recruitment and the quality of employees. We expect that managers’ insights and past experience
with employees in their network will allow them to identify the best matches and facilitate the transfers.
We find that managers are 16 times more likely to hire through their networks than random chance would
predict, while attracting talent at lower costs. Additionally, we can assess whether managers use their

network to hire “star” or “second-tier” employees (Groysberg et al., 2008; Teece, 2003; Carnahan et al.,

'For men, the top 10 European leagues are considered; however, for women, all available data is taken into account to obtain
a sufficient sample size.



2012). We find that players recruited through the managers’ networks have significantly lower market
values at the time of hire, indicating that managers use their networks more for “second-tier” players.

Second, we consider how much managers trust the employees hired from their own network (Levin
and Cross, 2004). Managers can use these marquee employees to transmit ideas, implement processes,
and consolidate practices (Campbell et al., 2012; Mawdsley and Somaya, 2016). However, previous
research lacks objective measures to quantify how much managers rely on new employees (Mawdsley
and Somaya, 2016). In this study, we examine whether managers grant employees hired from their
network more responsibilities, relative to other team members. To measure this, we use the number of
minutes played and games featured in the team. We also evaluate the managers’ tenure at the firm as
a moderating factor. We find that network-recruited employees enjoy more responsibility in their first
season with the team. The effect vanishes (and even becomes negative) over time.

Third, we analyze how the number of employees recruited from the managers’ network influences
firm performance. The question of the effects of network-recruited employees has attracted much atten-
tion in the social network literature (Eliason et al., 2017; Burks et al., 2015; Barwick et al., 2023). We find
that having more network-recruited players is associated with better firm performance, measured through
the number of points and end-of-season rankings (although the marginal returns of a network-recruited
player are decreasing). This is consistent with a smoother transition of workers under a newly-recruited
manager.

This paper primarily contributes to four strands of the literature. First, the paper contributes to the
literature on how referrals and the social connections of incumbent employees affect new hires and
their labor conditions, mostly using employer-employee and survey data (see, for example, Cingano and
Rosolia (2012) in Italy, Kramarz and Skans (2014) in Sweden, Dustmann et al. (2016) and Glitz (2017) in

Germany, and Saygin et al. (2021) in Austria). More recently, Barwick et al. (2023) used novel geocoded



phone records in China to show that referral jobs are associated with several quality measures. Generally,
these papers show that coworker networks help recruit other high-quality employees who benefit from
better labor conditions such as higher wages, increased probability of moving from a part-time to a full-
time job, or shorter commutes. Our paper focuses, however, on the under-examined network of managers
with influence on hiring decisions and responsibility for performance. We advance knowledge on if (and
how) managers use their social connections for hiring and the responsibilities given to network-hired
employees in the new firm.

Second, this paper contributes to the literature on how hiring from coworkers’ social networks in-
fluences firm performance. Empirical studies in this area are scarce because comprehensive data on the
performance of employees and employers is often unavailable (Barwick et al., 2023), but when such data
exists, they typically report a positive effect (see, for example, Eliason et al. (2017) in Sweden, Burks
et al. (2015) in the US, and Barwick et al. (2023) in China). Although hiring through ties and referrals
can improve firm performance by improving coordination, facilitating cooperation, and/or reducing in-
formation asymmetry, the management and organization literature also anticipates a detrimental effect
linked to nepotism and lack of diversity (Beaman and Magruder, 2012; Brandes et al., 2015; Beaman
et al., 2018; Ertug et al., 2020). Using comparable performance metrics across firms and countries, we
find a positive effect of hiring through managers’ networks on firm performance but with decreasing
marginal returns of each additional hire.

Third, this paper contributes to the literature on network spillovers of managers. For instance, the
literature has highlighted that recruiting managers can increase access to the new employee’s former
firm’s clients (Rogan, 2014; Briscoe and Rogan, 2016; Mion et al., 2016; Patault and Lenoir, 2024).
Several papers have also shown the benefits of good vertical relations between managers and workers to

influence firm outcomes (Lazear et al., 2015; Peeters et al., 2020; Hoffman and Tadelis, 2021). In this



paper, we contribute to this literature by showing that managers can attract their former employees at a
lower cost than other workers using a multi-country analysis with firms competing for talent in a global
market.

Fourth, this paper contributes to the literature using “sports as a lab” (Kahn, 2000). Previous research
has used sports as a laboratory because it offers objective performance measures from public sources that
allow the testing of economic and managerial theories (Day et al., 2012; Fonti et al., 2023; Glennon et al.,
2024; Ahmadi et al., 2025). In this paper, we add to the literature that examines how managers impact
firm strategy and performance. Peeters et al. (2020) show that matching middle and upper managers
and their level of cooperation is a significant driver of firm performance using panel data from the US
Major League Baseball. Closely related to this paper, Brandes et al. (2015) show that teams with general
managers who recruit players from their former employer in the National Basketball Association in the
US (not necessarily players they directly managed) tend to have a lower performance. In this paper, we
leverage a tremendous amount of data on firm performance and inter-organizational mobility (including
transfers, fees, and contracts) from professional football to contribute to two key dimensions. First, we
study the direct network of managers (head coaches) rather than institutional ties. Second, we link this
tight working relationship between head coaches and players to hiring decisions, allocation of respon-
sibilities, and firm performance. Moreover, our analysis includes data from both men’s and women’s
soccer settings.”

Finally, we discuss the extent to which our findings can be generalized to other industries and mar-
kets. In the institutional background and discussion sections, we highlight the similarities and differences
between the roles and tasks of managers and players in football clubs and managers and workers in other

industries. In particular, we discuss differences between our studied market and other industries in terms

2Men’s and women’s leagues are at different development stages, which significantly influences particular outcomes such
as transfer fees. Rather than directly comparing the magnitude of some men’s and women’s outcomes, we examine whether
similar networking and hiring patterns exist in both markets.



of beliefs about transferability of skills across firms and incentives faced by managers and firms.
The remainder of the paper is structured as follows. Section 2 offers details about the institutional
background. Section 3 presents the data used in the paper and Section 4 details the empirical strategy.

Section 5 presents the results and Section 6 discusses the findings and concludes.

2 Institutional Background

2.1 European football labor context

Substantial granular data on inter-organizational mobility is essential to evaluate the effects of man-
agers’ networks on hiring and performance. Tracking workers when they change firms over time is
very difficult in most labor markets. Even when such tracking is feasible, obtaining proper information
about individual productivity and firm structure is often impossible, e.g., which workers work with which
managers and in which specific tasks (Fahrenkopf et al., 2020).

In this sense, European football offers an ideal setting for multiple reasons. First, the market is
large and economically significant, with growing European league revenues now reaching as high as
€30 billion annually (Deloitte, 2023). European football also attracts talent globally, with thousands
of workers moving from more than 150 different countries every year (Glennon et al., 2024). Second,
and particularly relevant for our purpose, is that the tasks employees (players) and managers (coaches)
engage in are very similar across teams (Dietl et al., 2011; Pieper et al., 2014; Gomez-Gonzalez et al.,
2019). This allows for the comparison across time, teams, and countries. Third, professional sports offer
a lot of publicly available data to test for economic and management theories (see Fonti et al. (2023) for
areview). Here, we briefly introduce how football is organized in Europe.

Club football in Europe is organized as follows. National federations organize leagues, which are

year-long competitions where every team competes against all others, usually twice a year (once in their



home stadium, once in the opponent’s stadium). The structure of leagues is very similar across countries.
Within countries, teams compete in a promotion and relegation system, where successful clubs in lower
divisions (ex: France’s Ligue 2 or Germany’s 2. Bundesliga) can move up to higher leagues (Ligue I or
1. Bundesliga). In contrast, poorly performing teams face relegation.> In European football, some teams
can also compete against teams from leagues in other European countries in competitions that take place
every year. In this paper, we focus solely on national leagues and not on other competitions, such as
domestic cups or European leagues, because of lower comparability.

Each team in the league is composed of players and coaching staff headed by a head coach (whose
role is detailed in the next paragraphs). Outside of transfer windows, where teams are allowed to trade
players (more on this below), squads of players are stable. As opposed to firms in other industries,
European football teams (with some exceptions) do not aim to maximize profits but rather revenues so
they can afford new talent investments (Késenne, 2000; Garcia-del Barrio and Szymanski, 2009). We

refer to the generalizability of our findings in the discussion.

2.2 Managerial tasks of coaches

In football, coaches act as managers of their team of players. Coaches are responsible for the team’s
day-to-day activities, including organizing training sessions, preparing game strategies, selecting the
squad to play in matches, and making on-field decisions such as tactics and player substitutions. In their
task, coaches can be assisted, especially in big professional teams, by their assistants, who might be
responsible only for specific tasks (e.g., fitness coach, second coach, goalkeeper coach, coach for set-
pieces). When landing at a new team, coaches usually bring their assistants. Coaches also serve as the
team’s public face, acting as a link between players and other stakeholders, including owners, media, and

fans. They rank among the highest-paid team employees, with top teams regularly paying their coaches

3This is different from major leagues in the US, where teams are guaranteed to compete in the same league yearly.



millions of euros annually.*

Head coaches also have substantial power over hiring decisions. For example, they decide whether
and, if so, under what conditions the team signs a new player, renews a player’s contract, or transfers a
player to another club. As such, players face the same types of incentives as employees in other indus-
tries, in that they need to perform their tasks well and impress their manager (Muehlheusser et al., 2018).
Coaches, therefore, have a strong hand in shaping the structure of the team, and successful coaches, like
successful managers, can help shape industry standards (e.g., Ralf Rangnick, a German coach and the
inventor of “gegenpressing”, a tactic in which teams try to immediately win back possession after losing
the ball, or Pep Guardiola, a Spanish coach and the architect of “tiki-taka”, a tactic in which teams keep

ball possession with short and accurate passes).

2.3 Employee mobility (transfers) in European football

In most instances, the European football market operates like any other market in the corporate setting
(with some exceptions as described by Glennon et al. (2024)). The mobility of players is key to our
research. In football, a player’s movement between teams is called a transfer. Like in other industries,
there are almost no restrictions regarding the salary and contract duration that players negotiate with
teams.’ The three main differences in inter-organizational mobility between European football and other
industries are as follows.

First, if the player is still under contract with the former team, the new team pays a transfer fee to
compensate for the loss of the worker. The fee can vary depending on many factors, such as skills, age,
position, or current contract (Franceschi et al., 2024). Once a player has decided to join a new team, both

the player and the current employer have a strong incentive to negotiate the exit. If the player reaches the

“See for instance https://frontofficesports.com/highest-paid-soccer-managers/.

SThis is a substantial difference with major sports leagues in the US, where salary caps regulate individual wages and team
bills. In Europe, only the set of rules implemented by UEFA under the Financial Fair Play umbrella in 2010 has attempted to
limit clubs’ spending in talent acquisition with some controversy and modest results (Peeters and Szymanski, 2014).
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end of the contract, the new team can simply recruit the player for free (called a “free transfer””). Another
transaction option between clubs is to loan players (with or without a loan fee), where the borrowing
team pays (part of) the player’s salary. Second, the transfers can only happen during specific periods
known as transfer windows, which are set times when clubs are allowed to buy, sell, or loan players.®
Third, players have agents who negotiate the transfer conditions, salary, and contract duration.

The football transfer market provides rich transactional data, including transfers, fees, and contract
durations of highly skilled workers. Unfortunately, we cannot access salary data, which is restricted and
opaque for long time series. The European transfer market represented approximately €12 billion in
2023 (CIES Football Observatory, 2024). In our dataset, the average transfer fee is around €1,240,000
for men and €790 for women, and no fee was paid for most transfers.” The highest transfer fee regis-
tered was €222,000,000 in 2017 when Paris Saint-German (France) hired the player Neymar from FC

Barcelona (Spain). The next section provides more detailed information on our dataset.

3 Data

In this paper, we use transfer and performance data in European football to evaluate the effects of
managers’ networks. For men, we scraped data for 14 seasons—from 2008/2009 to 2021/2022—from
the website Transfermarkt (see details below). For women, we collected the same data for the seasons
2019/2020 to 2024/2025 from the website Soccerdonna (data for previous years for women were too
sparse). Descriptive statistics are presented in Table 1 for men and Table 2 for women. The choice of

seasons was made for data availability reasons.

SThere are two transfer windows: one between seasons in summer and another mid-season in winter.

"The women’s transfer market is still much smaller than the men’s, with only very top teams paying transfer fees for star
players. For example, only two transfers (out of more than 200) were known to involve a fee in the 2024 summer transfer
window for the English Women’s Super League (Sky Sports, 2024).

11



3.1 Data source

Our data comes from Transfermarkt® for men’s leagues and its subsidiary Soccerdonna’ for women’s
leagues. These websites centralize information about teams, coaches, players, performances, and trans-
fers in all main football leagues worldwide.

The websites collect transfer data for all top leagues and provide market value assessments for play-
ers, defined as “an expected value of a player in a free market.”!® While the exact formula to determine
the market value of players is not fully transparent, we know community members make predictions
based on players’ characteristics, performances, and contractual relationships. Crowd-based market
value estimations may be somewhat biased as (for example) social influences can undermine the wis-
dom of the crowd effect (Lorenz et al., 2011). However, Transfermarkt’s market values are remarkably
accurate, as research finds high correlations with actual transfer fees (Miiller et al., 2017). Importantly for
our research, while these crowd-based “market values” may be only noisy estimates of the true market-
determined fees, they have been found to influence negotiations between clubs and players (Coates and
Parshakov, 2022).

Transfermarkt data have been extensively used to analyze labor market issues such as immigration
and employee mobility (Glennon et al., 2024), firm valuation (Scelles et al., 2016), rewarding luck (Gau-

riot and Page, 2019), or predicting performance (Peeters, 2018).

3.2 Team data

For men, we scraped the information about all clubs who played at least one season in the first two

divisions in the top 10 European leagues, according to the ranking by the Union of European Football

8https ://www.transfermarkt.com/

9https ://www.soccerdonna.com/

Yhttps://www.transfermarkt.com/market-value-definition/thread/forum/357/thread_id/
3433
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Associations (UEFA).!! The leagues are (in alphabetical order): Austria, Belgium, England, France,
Germany, Italy, Netherlands, Portugal, Spain, and Scotland. For women, we used the entire data from
Soccerdonna to obtain a sufficiently large number of observations. The sample consists of 570 men’s
teams and 1,781 women’s teams.

For each team, we scraped the roster for each season and their history of coaches. We also collected

their performance results (total number of points and end-of-season ranking).

3.3 Coach data

For every team in our sample, we scraped the entirety of their coaching history. After removing the
coaches who never coached in the relevant period, we have a sample of 2,807 coaches for men and 3,411
for women.

For each coach, we collected their entire coaching history, as well as performance metrics of their

tenure with each team (length of tenure, number of games played, points per game).

3.4 Player data

We scraped the team roster (all the players under contract) for each team in every season of our
sample. We first scraped information about the players’ demographics (nationality, birth year, position).
We then scraped their performance history (minutes and games played in each season). Last, we scraped
their transfer history, giving us the origin and destination team, the transfer fee, and the estimated market
value at the time of the transfer.

The number of individual players in the final data is 38,402 men’s players and 44,538 women’s

players, representing 201 and 163 different nationalities, respectively.!> For men’s players, we have

' Accessible here.
"2The top 5 nationalities for men’s players are Italian, Spanish, French, English, and German, and the top 5 nationalities for
women’s players are German, Mexican, Spanish, Finnish, and Danish.
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89,998 transfers, for which we have fee information for 41,939. For women’s players, we have 21,589

transfers, out of which only 158 transfers have a fee.

3.5 Final data

For the analysis below, we need to evaluate the effects of managers’ networks on three dimensions:
hiring, responsibilities given, and team performance.

The first step in the analysis is to define what coach networks are. We define a player as being in
a coach’s network if the new team’s coach had already coached the player in a previous season. For
example, in August 2010, the player Ricardo Carvalho was transferred from Chelsea (England) to Real
Madrid (Spain). The coach of Real Madrid at the time was José Mourinho, who was the previous coach
of Carvalho in Porto (Portugal) in 2003/2004. The Transfer from network variable would therefore be
coded as 1. As an example, all transfers with a fee above €1 million in the season 2021/2022 are
displayed in Figure A, and aggregates of all transfers between the "Big five" leagues (England, France,
Germany, Italy and Spain) are displayed in Figure A.2.

While our data is restricted to a few countries, we capture the complexity of competing clubs hiring
globally and players engaging in several transfers during their careers. To define the Transfer from
network variable, we use the entire player’s career, not only the teams included in our final dataset. We
include player-coach links in our analysis regardless of when or where they were originally formed—
whether they occurred in a different country/continent or outside of our studied time period. In our
dataset, the percentage of transfers that occur within the manager’s network is approximately 12.5% for
men and 17.5% for women.

To determine if teams pay a premium when recruiting from a manager’s network, we calculated how
much each transfer fee differed from the player’s market value at the time of the transfer. A positive value

means the team paid a premium for recruiting a given player. For both men and women, we find that

14



the average of this difference is negative, meaning that teams typically pay fees lower than the market

values for players. This is likely because many transfers occur at the end of the player’s contract, where

the destination team does not need to pay money to the origin team.

Descriptive statistics are displayed in Table 1 for men and Table 2 for women. Figures B.1 and B.2

in the Appendix display respective correlation matrices.

Table 1: Descriptive statistics, men’s data

Variable N Mean Std. Dev. Min Q1 Q2 Q3 Max
Panel A: Teams

Total points 6,193 51 16 0 40 49 62 106
Rank 6,193 9.3 5.8 1 4 14 24
Coaches per season 6,778 1.6 0.76 1 1 1 2 6
Players per season 6,778 26 7.9 1 23 27 31 55
Panel B: Coaches

Nb of teams coached 2,807 2.1 1.6 1 1 1 3 12
Tenure (days) 5,885 453 515 0 153 299 575 9,733
Nb games 5,660 48 56 1 16 31 60 1,490
Nb players used 5,658 35 16 5 25 31 41 222
Panel C: Players

Birth year 38,324 1991 7.1 1960 1986 1991 1996 2006
Teams in career 38,402 2.4 1.7 1 1 2 3 14
Minutes played 161,737 1,909 1,550 1 566 1,647 2,929 9,215
Games played 161,737 27 20 1 10 25 39 117
Panel D: Transfers

Avg. market value 92,930 2,170 5,948 0 217 500 1,500 180,000
Market value (transfer) 88,309 1,492 3,805 10 200 450 1,200 150,000
Transfer fee 49,383 1,246 4,953 0 0 0 300 222,000
Fee - Market value 42,934  -535 3,124 -81,500 -750 -300 -100 122,000
Transfer from network 89,268 0.12 0.33 0 0 0 0 1
Panel E: Player - coach relation

Social tie 227,757 0.056 0.23 0 0 0 0 1
Nationality match 225,331 0.62 0.49 0 0 1 1 1
Nationality tie 212,494  0.01 0.12 0 0 0 0 1

Note: Q1, Q2, and Q3 represent quartiles. The variable Transfer from network is a dummy equal to 1 if, at the time
of a transfer, the player had already been coached by the coach of his new team. The Social tie variable is similar
but equals to 1 only if the coach coached the player before and the coach transferred the player to the team. The
Nationality match variable is a dummy variable equal to 1 if a player shares the nationality with the coach. The
Nationality tie variable is equal to 1 if Nationality match is 1 and the country of the club is not equal to the ones of

the coach and the player. Market values and transfer fees values are displayed in thousands of euros.
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Table 2: Descriptive statistics, women’s data

Variable N Mean Std. Dev. Min QI Q2 Q3 Max

Panel A: Teams

Total points 4,245 24 16 0 13 22 34 99
Rank 4,245 6.1 3.7 1 5.5 9 19
Coaches per season 5,056 1.4 0.69 1 1 1 2 6
Players per season 5,056 19 6.9 1 14 19 24 52
Panel B: Coaches

Nb of teams coached 3,411 1.2 0.45 1 1 1 1 4
Tenure (days) 3,949 328 392 0 42 196 461 1,939
Panel C: Players

Birth year 36,215 2000 5.4 1964 1997 2001 2004 2010
Teams in career 44,538 1.4 0.69 1 1 1 2 7
Minutes played 92,000 714 716 1 108 430 1,192 4,162
Games played 92,090 10 9 1 2 8 17 51
Panel D: Transfers

Avg. market value 7,031 43 53 0 15 28 50 625
Market value (transfer) 3,724 31 32 0 15 20 35 425
Transfer fee 31,313 0.79 14 0 0 0 0 805
Fee - Market value 3,724 -26 45 -425  -30 -20 -15 790
Transfer from network 22,353 0.17 0.37 0 0 0 0 1
Panel E: Player - coach relation

Social tie 119,126  0.035 0.18 0 0 0 0 1
Nationality match 119,120 0.81 0.39 0 1 1 1 1
Nationality tie 109,134  0.14 0.35 0 0 0 0 1

Note: Q1, Q2, and Q3 represent quartiles. The variable Transfer from network is a dummy equal to 1 if, at the time
of a transfer, the player had already been coached by the coach of his new team. The Social tie variable is similar
but equals to 1 only if the coach coached the player before and the coach transferred the player to the team. The
Nationality match variable is a dummy variable equal to 1 if a player shares the nationality with the coach. The
Nationality tie variable is equal to 1 if Nationality match is 1 and the country of the club is not equal to the ones of
the coach and the player. Market values and transfer fees values are displayed in thousands of euros.
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4 Estimation Strategy

We examine managers’ networks’ effects on hiring, responsibilities given to employees, and firm

performance.

Hiring. We look at two different dimensions of hiring: the quality of employees and the costs of
recruitment. For the quality of employee recruited, we estimate the following equation, for player ¢, at

the level of the transfer ¢ for team d, in season s:13

Market value; = o + a1 Transfer from network; + oo X; s + g + g (D)

where ay and o, represent team and season fixed effects. We also control for player i’s age at the time
of transfer, nationality, and position.'*

The coefficient of interest in Equation 1 is ;. o3 > 0 would mean that players recruited through
the coach’s network are more valuable, ceteris paribus. Put differently, it would indicate that managers
use their network to attract “star” players. On the other hand, if oy < 0, it means that managers use their
network to recruit lower-quality players, i.e., “squad” players.

To evaluate the influence of managers’ networks on the costs of recruiting, we then estimate the
following equation, where the outcome variable, Ay, is the difference between the transfer fee (what the

firm pays) and the market value of the player:

Ay = Bo + 1 Transfer from network; + B2 Xi s + B4 + Bs 2)

A positive 51 would indicate that managers need to pay a premium to recruit players from their

network, while a negative 1 would indicate that they are able to attract players at a lower cost.

BFor all our models, we use robust standard errors clustered at the team level.
!“Please note that because of data availability, we cannot control for position in models using women’s data.
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Responsibilities. We define responsibility in our context as the coach putting the player on the pitch for
games. On average, men’s teams have 26 players and women’s teams 19 players in their roster, but can
only play up to 16 players per game (11 starters and up to five substitutions), so having more game time
proves that the coach gives a player more responsibilities. The two outcome variables that we will use are
the number of minutes played and games played in a season. The unit of observation is player i-season s.
We control for player tenure at the club, as well as age at the time of the season, and other characteristics
of the player and the team. We also control for season fixed effects. The estimated equation is, therefore,

the following:

Yis = 70 + 7 Social tie; s + 2 Tenure; s + -3 Social tie; s X Tenure; s + V4 Xi s +7: +7vs ()

A positive v; would indicate that players recruited through the manager’s network are being given
more responsibilities on average, while the interaction term (3) indicates whether this bias in favor of

“known” players is increasing or decreasing with tenure at the club.

Firm performance. The final dimension of analysis of the effects of managers’ networks is on firm
performance. Our two measures of performance are the total number of points at the season’s end!?
and the final ranking in the league. To make coefficients comparable, we took the opposite of the final
ranking as the outcome so that a positive coefficient is associated with a better ranking.

To evaluate the effect of players recruited through the managers’ networks on performance, we calcu-
lated the number of players recruited by the manager’s network for each team by counting the instances
where Transfer from Network equaled 1. To control for nonlinearity, we also computed the square of this

variable. We then estimate the following equation, where the unit of analysis is team ¢-season s:

Y: s = 0o + 61 Nb players from networktS + 2 Nb players from networkis + 03Xt s+ 0t +0s  (4)

'5In national leagues, a win earns a team three points, a draw one point, and a loss zero points.
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5 Results

Result 1: Transfers occur more frequently in the managers’ networks than they would at random.

To test for the prevalence of recruitment in managers’ networks, we compared the realized network
distribution and the distribution that would occur under random networks. We start by evaluating this
difference in men’s data. On average, players have approximately 4.5 distinct coaches in their careers. If
transfers were formed randomly, the probability of joining any of the 570 teams in our sample would be
quite small—approximately 0.8% based on the ratio of coaches to possible clubs. In our data, 12.4% of
transfers are made to former coaches, meaning the figure is 16 times higher than under random networks.
Given the number of transfers we analyze—nearly 90 thousand—the probability of observing a deviation
at least this large is essentially 0.

In the women’s data, 17.41% of transfers occur within the coaches’ network, while the figure would
be 0.12% under random networks, making the ratio approximately 150. Again, given the number of
observations, the likelihood of observing such a deviation is essentially O.

Result 2: Managers tend to use their networks to recruit players of lower quality than other recruits.

Column 1 of Table 3 displays the results of the estimation of Equation 1 on the quality of players. It
appears that at the time of the transfer, players recruited through the coach’s network have a lower market
value than other recruited players. This means that managers use their networks not to recruit stars but
rather to recruit squad players. The effect is relatively modest in terms of magnitude, with players
recruited in the manager’s network valued on average approximately €273k lower than players recruited
outside it, corresponding to a 0.07 standard deviation lower valuation. For women’s data (Column 3),

possibly due to the much smaller sample size, the coefficient is not statistically significant.
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Table 3: Hiring

Men Women
Market value Fee - Market value Market value Fee - Market value
(1) (2) (3) 4)
Transfer from network  -273.71*** -140.39** -0.08 0.002
(67.40) (66.20) (1.77) (0.003)
Age 31.19*** -98.96*** 1.66*** -0.002***
(5.12) (9.57) (0.22) (0.0003)
Constant 112.71 1,763.93*** -31.04*** 0.04***
(177.47) (270.69) (7.51) (0.01)
Position FE v v
Nationality FE v v v v
Team FE v v v v
Season FE v v v v
Observations 87,166 41,916 3,674 3,674
R? 0.40 0.08 0.40 0.28

Note: The dependent variable in Columns 1 and 3 is the metric for quality of workers, represented by the market
value of the player at the time of the transfer. In Columns 2 and 4, the dependent variable is the difference between
what the team pays for the player and the market value. Both variables are coded in thousands of euros. The
Transfer from network variable is a dummy variable equal to 1 if the player had been coached by the manager prior
to the transfer. Nationality FE captures the player nationalities and the nationality tie between the manager and the
player. Robust standard errors clustered on the team level. * p < 0.1; **p<0.05; ***p<0.01.
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Result 3: Managers are able to attract players from their network at a lower price.

Column 2 of Table 3 indicates that players recruited through the manager’s network are recruited at
a lower price relative to their market value. As players recruited through the network have lower market
values (previous result), teams can attract players inside the manager’s network at an even lower cost.
In terms of magnitude, being transferred from the manager’s network is associated with a transfer fee
of approximately €140k lower (net) of market value. This corresponds to approximately 0.04 standard
deviation of market values. For women, the analysis does not yield significant results (Column 4), mainly
because transfers are free transfers in women’s leagues. !¢
Result 4: Managers give more responsibilities to workers with whom they share a social tie at the
beginning of their tenure at the club and reduce this premium over time.

Table 4 indicates that players recruited through the coach’s network tend to be given more responsi-
bilities, as measured by the number of games and minutes played. In the first year of the player in the
team, players recruited through the coach’s network play the equivalent of approximately one extra game
in the season. This corresponds to approximately a 0.06 standard deviation increase. The interaction
term with tenure at the club indicates that this effect fades rather quickly, as players recruited through the
manager’s network actually play fewer games and fewer minutes starting with their second season with
the coach they are reunited with.

Women’s results are similar to men’s (Columns 3 and 4). Players recruited through the manager’s
network also tend to play more minutes and games, with diminishing effects over time. The magnitude of

the effects are slightly smaller for women than men'” and remain statistically significant for the number

of games.

16Table C.1 in the appendix presents the results for the log of the market value (log(Market value + 1), as many values in the
women’s dataset are zero) and transfer fee (controlling for the player’s market value). Results are qualitatively similar, although
the coefficient is no longer statistically significant for transfer fees.

"This makes sense because women’s leagues typically have fewer teams and thus fewer games and fewer minutes per season.
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Table 4: Responsibilities

Men Women
Minutes played Games played Minutes played Games played
ey 2 3) “)
Social tie 106.60*** 1.03*** 32.77 0.63**
(25.87) (0.35) (24.56) (0.31)
Tenure 85.68*** 1.00*** 113.85%** 1.19%**
4.37) (0.05) (5.84) (0.07)
Social tie x Tenure -260.95*** -3.25%** -92. 117+ -0.86***
(15.16) (0.20) (17.13) (0.20)
Constant -5,282.76*** -48.58*** -2,159.02*** -18.50"**
(800.28) (11.32) (165.54) (1.78)
Individual controls v v v v
Position FE v v
Nationality FE v v v v
Team FE v v v v
Season FE v v v v
Observations 160,004 160,004 120,372 120,372
R? 0.13 0.12 0.27 0.34

Note: The dependent variable in Columns 1 and 3 is the number of minutes played over a season. In Columns
2 and 4, the dependent variable is the number of games played in a given season. The Social tie variable is a
dummy variable equal to 1 if the player had been coached by the manager prior to the transfer, for every season
following the transfer. The Tenure variable represents the number of years the player has been playing for the
club. Nationality FE captures the player nationalities and the nationality tie between the manager and the player.
Individual controls include market value, age and age squared. Robust standard errors clustered on the team level.
*p<0.1; **p<0.05; ***p<0.01.
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Result 5: The relationship between the number of players recruited through the manager’s network
and performance is an inverted U-shape, with positive but decreasing marginal returns.

Results from Table 5, Columns 1 and 2, indicate that an increase in the number of players recruited
from the manager’s network is associated with significantly higher performance for the team. In terms
of magnitude, increasing the number of network-recruited players by one is associated with 1.35 points
more at the end of the season (approx. 1/2 of a win) and a 0.54 position higher ranking. Interestingly,
the coefficient for the squared term is negative and statistically significant, meaning there is a decreasing

return to network-recruited players.

Table 5: Firm Performance

Men Women
Total points Rank Total points ~ Rank
() (2) 3) “4)
Nb players from network 1.35%** 0.54*** 2.00"** 0.40***
(0.16) (0.06) (0.63) (0.14)
Nb players from network? -0.07*** -0.03*** -0.15** -0.04**
(0.03) (0.01) (0.08) (0.02)
Average market value 0.001*** 0.0003*** 0.28*** 0.07***
(0.0002) (0.0000) (0.04) (0.01)
Constant 48.74** -36.48***  6,014.21***  299.68
(24.23) (9.90) (1,275.43) (241.19)
Team FE v v v v
League FE v v v v
Divison FE v v v v
Season FE v v v v
Observations 9,372 9,372 724 724
R? 0.57 0.51 0.42 0.42

Note: The dependent variable in Columns 1 and 3 is the number of points a team got in a particular season. In
Columns 2 and 4, the dependent variable is the opposite of the rank, meaning that an increase in the dependent
variable corresponds to a better rank. The variable Recruited from network is an integer representing the number
of players in the squad who were recruited from the coach’s network. We control for the average market value in
the team. Robust standard errors clustered on the team level. *p<0.1; **p<0.05; ***p<0.01.

Back-of-the-envelope calculations indicate that the peak of performance is obtained for approxi-

mately ten players recruited through the manager’s network, and teams with 20 or more network-
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recruited players perform worse than teams with no such players. Given that, on average, a team has
1.89 players recruited from the manager’s network, the returns would still be very positive. Data for
women (Columns 3 and 4) show the same pattern—teams that recruit more players from the manager’s
network perform better with a decreasing return the more network-recruited players exist. The magni-

tudes of the coefficients for men and women are comparable.

6 Discussion and Conclusion

Hiring the right workers is essential for firm growth (Michaels et al., 2001; Colbert, 2004). Managers
can play a crucial role in identifying talent, as their substantial information about former workers can
reduce uncertainty about fit (Montgomery, 1991; Granovetter, 2018). In this paper, we leverage the
public availability of data in the European football market to study how managers use their networks to
impact three dimensions: hiring, responsibilities, and performance.

First, we find that managers rely substantially on their previous networks for their recruitment strate-
gies, as they are much more likely to recruit from their networks than would happen at random. This
finding relates to the significant impact of referrals and social connections of incumbent employees on
new hires (Cingano and Rosolia, 2012; Kramarz and Skans, 2014; Dustmann et al., 2016; Glitz, 2017).
While previous research largely relies on administrative data and focuses on the social ties of employees,
we show that the manager’s network plays a major role. Furthermore, we observe that managers use their
networks to recruit squad players (as opposed to star players) at a lower price than their market value
(Groysberg et al., 2008; Teece, 2003; Carnahan et al., 2012) This mechanism shows how managers lever-
age their knowledge of and experience with former workers to benefit new firms (Briscoe and Rogan,
2016; Mion et al., 2016; Patault and Lenoir, 2024).

Second, we find that players recruited through the manager’s network tend to be given more respon-
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sibilities, measured through more games and minutes played. This finding is a novel addition to the
literature, which has primarily focused on the impact of referrals and ties on the probability of finding a
job (Kramarz and Skans, 2014; Glitz, 2017) or improved labor conditions such as wages, full-time jobs,
or other advantages (Saygin et al., 2021; Barwick et al., 2023). Our data, however, allows us to compare
how managers use workers recruited from the network compared to other workers under similar competi-
tive conditions. Additionally, we can observe this manager-employee relationship over time. We find that
workers recruited from the managers’ network have an advantage regarding responsibilities that decrease
with time. Our main interpretation is that the uncertainty channel is a key driver. The mobility of man-
agers has been long associated with implementing new high-order organizational routines and practices
(Kraatz and Moore, 2002). However, the implementation process often involves uncertainty, results in
false starts, and requires time. Under these circumstances, new managers may rely on workers from their
network to establish organizational routines and practices (Mawdsley and Somaya, 2016). As former
mobile workers have tacit knowledge and experience with such routines, their input becomes essential
in effectively transferring key routines impacting performance (Aime et al., 2010). Once the desired
routines and practices are successfully established and all workers gain experience with the manager, the
relevance of former workers from the network diminishes.

Third, we examine the influence of players hired from the managers’ network on team performance.
The literature is scarce because detailed firm and employee performance data is not easily available.
Some research links hiring through referrals with nepotism, lack of diversity, and biases that can nega-
tively impact the best-qualified candidates and hurt organizational performance (Beaman and Magruder,
2012; Beaman et al., 2018; Ertug et al., 2020). However, several studies show evidence that firm perfor-
mance benefits from employee referrals increasing production (Eliason et al., 2017), reducing turnover

or recruitment costs (Burks et al., 2015), or increasing growth rates (Barwick et al., 2023). We find that
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hiring more workers from the manager’s network is associated with higher firm performance, measured
by the number of points at the end of the season and league ranking. Our performance metric is concise
and at the micro level, which increases the likelihood of observing the contribution of new employees.
Throughout these results, we find remarkably similar results for men and women.

The analysis presented above could suffer from several limitations. First, all our analysis is purely
observational. Confounds may influence our results. For example, managers with more control over the
firm’s hiring process—and thus recruit more players in their network—could also have more ability to
shape the team and not suffer from external pressure from owners and others in higher management,
leading to higher firm performance. Similarly, our definition of managers’ networks could be masking
the fact that other people from the team participate in the identification and hiring of new talents, such as
the assistant manager, scouts, or the sporting director.

Second, while we can study transfers between firms in detail, including associated fees, we lack
salary information. While managers may be able to recruit players in their network at lower prices,
it could be that these players have more bargaining power in salary negotiations, and therefore, the
reduction in transfer fees could be offset by higher salaries to be paid to the players.

Third, while our data can capture the responsibilities given to workers in the most relevant events
(games), we cannot observe how managers and players interact daily in training. Empirical evidence on
how players recruited from the manager’s network transmit ideas, build strategies, and create knowledge
remains a challenge for future research.

Finally, the present paper focuses on a very specific corner of the world. We specify the gener-
alizability of our findings for firms and managers in other industries in their incentives, beliefs, and
constraints (List, 2020). Regarding beliefs, one important feature of the football industry is that there is

very little uncertainty regarding the tasks of workers across teams (Dietl et al., 2011; Pieper et al., 2014;
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Gomez-Gonzalez et al., 2019), which enabled us to make comparisons across time, teams, and countries.
However, in other markets, assuming that more uncertainty exists about the transferability of skills from
one employer to the next is not unreasonable (Dokko et al., 2009; Raffiee and Byun, 2020). In such
cases, managers might not be able to resolve the information asymmetry problem completely, and their
ability to identify productive workers for their new employer might therefore be reduced. Understanding
how networks can be leveraged to cope with uncertainty in different organizational settings would be an
interesting avenue for future research.

Another important feature of the European football market, which relates to the incentives in the
industry, is its highly competitive nature, with managers facing considerable pressure (reflected in how
the median tenure with a team is less than a year). This means that managers’ incentives depend greatly
on the performance of their network-recruited workers, which has been found to induce a better selection
of referrals (Beaman and Magruder, 2012). We believe for our results to be applicable to other contexts,
we would need similar types of strong alignment of incentives. One potential parallel could be found
in the consulting industry, where the competitive nature of the market, reliance on personal networks
for recruitment, and performance-driven incentives may similarly shape the quality and effectiveness of

referrals.
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Appendices

A Transfer maps

Transfers over 1 Million Euros in 2021/22 (men)

Transfer Type

lat

— Network Transfer

— Other Transfer

long

Figure A.1: All transfers with a fee exceeding €1 million in the 2021/2022 season (men’s sample).
Source: own calculation based on transfermarkt.com.
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Figure A.2: Number of transfers between "Big Five" leagues (England, France, Germany, Italy and
Spain, men’s sample). Source: own calculation based on transfermarkt.com.

Note: Blue links and blue numbers correspond to transfers outside networks. Orange links and orange numbers

correspond to transfers within networks. Numbers within one country correspond to transfers between clubs of the
same country. All seasons in our data are included (2008/2009 to 2021/2022).
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B Correlation matrices

Transfer: Transfer fee - Market value
Club: Rank

Transfer: Transfer from nationality
Player-coach: Nationality tie
Player: Age

Transfer: Transfer from network
Player-coach: Previously coached
Player-coach: Social tie

Player: Tenure (seasons)

Player: Minutes played

Player: Games played

Coach: Number of players used
Club: Total points

Coach: Tenure (days)

Coach: Number of games
Transfer: Market value

Transfer: Transfer fee

Transfer: Transfer fee - Market value

Club: Rank

-0.75

Transfer: Transfer from nationality

1.00

Player-coach: Nationality tie

Player: Age

Transfer: Transfer from network
Player-coach: Previously coached

Player-coach: Social tie

Player: Tenure (seasons)

Player: Minutes played

0.92

Player: Games played

Coach: Number of players used
Club: Total points

Coach: Tenure (days)

Coach: Number of games
Transfer: Market value
Transfer: Transfer fee

0.8

0.6

0.4

F0.2

0.87 . 06

0.88 0.92

Figure B.1: Correlation matrix for men data
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Figure B.2: Correlation matrix for women data
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C Robustness checks

Table C.1: Robustness checks: Hiring

Men Women
Log market value Fee Log market value Fee
(1) (2) (3) 4)
Transfer from network -0.13*** -100.37 0.01 1.84
(0.02) (64.12) (0.04) (2.41)
Market value 0.81*** 0.06
(0.05) (0.05)
Age 0.06*** -99.33%** 0.04*** -0.41**
(0.002) (9.57) (0.004) (0.16)
Constant 4771 1,860.13%** 1.55%* 10.00*
(0.25) (268.20) (0.14) (5.21)
Position FE v v
Nationality FE v v v v
Team FE v v v v
Season FE v v v v
Observations 87,166 41,916 3,674 3,674
R? 0.54 0.70 0.53 0.29

Note: The dependent variable in Columns 1 and 3 is the metric for quality of workers, represented by the log
market value of the player at the time of the transfer. In Columns 2 and 4, the dependent variable is what the
team pays for the player and we control for the market value. Both variables are coded in thousands of euros. The
Transfer from network variable is a dummy variable equal to 1 if the player had been coached by the manager prior
to the transfer. Nationality FE captures the player nationalities and the nationality tie between the manager and the

player. Robust standard errors clustered on the team level. * p < 0.1; **p<0.05; ***p<0.01.
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