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Abstract

We argue that liquidity constrained firms face strong incentives to hire experienced, but low ability
workers instead of novice workers with higher upside potential. Using four decades of high-frequency
information on worker performance in a ‘superstar’ labor market allows us to estimate the revealed
ability of experienced workers at the time they are hired by a new firm. More than one fifth of these
hires are “substandard” in that the revealed ability of the hired experienced worker lies below the mean
ability of recent novices. Even more hires (around 40 percent) are “mediocre”, as their ability falls short
of the hiring threshold that maximizes the long-run average ability of the active workforce. Replacing
mediocre hires by novice workers would increase the average ability of the workforce by 0.1 standard

deviations.
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1. Introduction

The option value of employment relationships is critical for efficient turnover decisions in labor markets
(Jovanovic, 1979). Hiring a run-of-the-mill worker, whose ability is well known, is socially inefficient
if it is possible to hire someone else, who is equally able in expectation, but could turn out better or
worse. In this case, upside risk is more valuable than downside risk, because successful workers have
longer careers than unsuccessful ones. Hence, it is socially efficient to hire riskier job candidates. As
argued by Tervid (2009), a problem may arise when worker performance is readily observable to
competing employers, e.g. in creative industries such as music and sports. Here, the finders do not get
to keep the stars they discover - at least not at a wage that would leave enough rents to compensate
employers for their initial investment. When differences in ability entail large differences in economic
value, it is also unrealistic to expect entry-level workers to compensate firms for the full value of the
chance to be discovered. In this case, employers rationally adopt a lenient threshold for retaining
experienced workers. This allows “mediocrities”, workers whose ability is already revealed to be below
the threshold for efficient retention, to survive in the labor market. As a result, average worker ability

in the industry is inefficiently low (Tervit, 2009).

In this paper we extend the model of Tervié (2009) to incorporate the possibility that the firm faces a
liquidity constraint and risks becoming insolvent (bankrupt) when she hires a worker of too low ability.
This is a well attested problem in the industry we study (Szymanski, 2017), but also in the wider
economy. We show that insolvency problems in this case further reduce the incentive to hire novices,
up to the point where firms may hire experienced workers whose ability lies below the mean ability of
recent novices, even absent concerns about poaching. Firms will prefer an experienced worker whose
known ability guarantees the survival of the firm at the expense of a potentially more lucrative novice,

who carries a small risk of bankrupting the firm.

We explore the implications of our reasoning in a dataset containing 38 years of high frequency data on
worker performance drawn from one market for “superstar” workers, the labor market of English
football managers. We use the data to (re-)estimate each active worker’s ability after each calendar
month, based solely on contemporaneously available performance information. For each instance where
we observe an employer hiring worker with prior experience, we compare the estimated ability of the
selected worker to the ability of recently hired ‘novice’ workers without prior experience. We define
two thresholds for this comparison. We label around one fifth of the hires in our analysis “substandard”,
meaning that the revealed ability of the hired experienced worker is lower than the mean ability of recent
novices. As in Tervit (2009), we use the term “mediocre” to denote rehired workers whose revealed
ability lies below the threshold that would maximize the average ability of the active workforce in the

labor market. More than forty percent of the hires we analyze qualify as mediocrities. These findings
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clearly imply that employers retain too many low ability experienced workers and we show that average

worker ability indeed falls short of reaching its full potential.

The information structure of the labor market we study is such that information on worker ability is
extremely limited before workers enter their first employment spell. Still, as workers gain experience,
their ability is quickly revealed to the market as a whole. There is a publicly observable and commonly
acknowledged benchmark of success in the industry and the contribution of the worker can be separated
from the contribution of other inputs thanks to publicly available, audited financial statements. In
combination with the inability of workers to either finance their own entry into the labor market or
credibly commit to long-term contracts with their initial employer, these circumstances closely resemble
the setting of Tervid (2009). At the same time, periods of financial distress are commonplace among the
employers in this industry (Szymanski (2017)). Using a simple theoretical hiring model, we show that
this feature exacerbates their tendency to prefer experienced workers of known low ability over novices

with unknown, but potentially higher ability.

We empirically study the efficiency of hiring decisions by comparing the ability of rehired experienced
workers with a counterfactual of hiring novices in their place. To control for input use in the estimation
of worker ability, we use individual effects estimators a la Abowd, Kramarz, and Margolis (1999). While
the market we study represents a classic example of team production, the football manager’s distinct
role allows us to identify the contribution of this specific individual. We adopt an updating estimation
procedure to capture changes in perceived worker ability in reaction to observed success and failure.
We estimate the model using only observations up to the time of hiring, so our ability measure is
consistent with what potential employers could have observed at each point during a worker’s career.
Given the performance of the experienced worker to date, we can compare his estimated ability to the
expected ability of a novice, which we assume to be drawn from the estimated abilities of actual novices
in the previous ten years. When we analyze the incidence of hiring mediocre workers, it appears that
firms with less favorable finances and lower productivity are more likely to hire a mediocre experienced
worker instead of a novice. Mediocre experienced hires are relatively older and less experienced

workers.

An important contribution of our paper is that we analyze hiring efficiency in a job, which is both very
high profile and deemed to be of great significance to consumers who buy the product. Previous studies
of inefficient hiring have used data from online labor markets where there is much less at stake. A field
experiment conducted by Pallais (2014) showed that there is inefficiently little hiring of inexperienced
data entry specialists. Employers provide public reviews of worker performance, but do not consider the
value this information has for later hiring decisions. While our data covers entire careers, some of which

last several decades, we do not have a source of exogenous variation in hiring policies, so the nature of
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our empirical findings is necessarily more descriptive. Our focus on liquidity constraints echoes the
recent work of Caggese et al (2019) who show that financing constraints lead firms to fire too many
short tenure workers with large upside potential at the benefit of longer tenure workers with less scope
for future productivity gains. However, the intuition in their study starts from firing costs, whereas our

focus is on hiring instead.

The modern empirical literature on employer learning about worker ability began with Farber and
Gibbons (1996), who studied wage determination in a setup where all employers observe worker
performance and thus obtain the same increasingly accurate estimate of worker ability as a worker’s
career progresses. The information revelation mechanism in the industry we study is similarly
symmetric. Without experience, neither the firm nor the would-be workers can know how well they are
likely to perform. Ex post, the public nature of performance means the ability estimates of experienced
workers are public information. Hence, we abstract from the possibility that firms can strategically
conceal or reveal information on their workers’ ability, as analyzed by Strobl and Van Wessep (2013).
Most of the subsequent empirical literature has focused on the turnover of employees between firms in
an industry investigating how firms learn about each other’s employees. For example, organizations
may leverage the social ties of their existing workforce to learn about job market candidates (Sterling,
2014) or use hiring intermediaries (Stanton and Thomas, 2016). Our focus is slightly different: we look
at the selection of workers into a specialized occupation at the level of an entire industry. We do not

have individual wage data, and the turnover we are interested in is into and out of the industry.

As advocated by Kahn (2000) and Palacios-Huerta (2016), in our empirical analysis we use rich and
long running individual performance data from the professional sports industry to draw lessons that are
relevant to other labor markets, where data on worker performance is less readily available. In doing so,
we contribute to the emerging strand of literature that takes sports data to look at questions in
organizational and labor economics.* Within this literature, the performance and subsequent dismissal
of football managers has received quite some attention (see e.g. Bridgewater, Kahn and Goodall (2011),
Hope (2003), Van Tuijl and Van Ours (2016)), but, to the best of our knowledge, we are the first to

investigate the selection of novice workers into this profession.

In the remainder of this paper, we first set out a theory model, which introduces firm liquidity constraints
into the framework of Tervi6 (2009). Then we briefly sketch the institutional environment of the labor
market for professional football managers in England. In the next section, we explain the dataset and
empirical methodology we employ, followed by our main empirical results. We review the main

contributions of our work in the final section.
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2. A model of hiring with firm liquidity constraints
In this section, we present a formal model that shows why we can expect liquidity constrained employers
to be more eager to hire experienced workers, in a way that lowers the ability of active workers in the

industry.

We use the model to examine how profit-maximizing firms hire key workers, when they face a choice
between inexperienced and experienced workers whose expected abilities may differ. The ability of
inexperienced workers will be a random draw from a known distribution, but the availability of
experienced managers depends on past hiring decisions (and luck). We take it as a key feature of the
industry that worker ability can only be inferred after observed job performance at a firm. The number
of real job opportunities is scarce, and there will always be more potential good workers than could ever
be employed. So, there is always a pool of available inexperienced workers to recruit from. To
understand the key economic trade-off here, notice that an employment spell produces not just current
output, but also information about a worker’s ability, which is useful for future output. It is therefore
socially inefficient to hire an experienced worker who is known to be only slightly better than a novice
of unknown but expected average ability, because the latter may yet turn out to be substantially better
than the average (Jovanovic, 1979 and MacDonald, 1988).

When worker performance is publicly observable, there are two theoretical reasons to suspect that the
hiring policy that is optimal from the point of view of a profit-maximizing firm is not socially optimal.
Both reasons lead us to expect a bias towards hiring experienced but so-so workers at the expense of

new entrants.

The first problem that makes firms too lenient towards experienced managers is the fear of “poaching”,
which arises from the inability of workers to commit to long-term wage contracts. If successful workers
are easily poached or have their wage quickly bid up by competing firms, then a firm that discovers a
new star worker gains little from its gamble. This problem was analyzed in Tervid (2009) where it was
shown that, in competitive equilibrium, a significant portion of jobs are populated by known
mediocrities. If more novices were employed at the expense of these incumbents, this would result in
higher average ability and higher welfare. The market imperfection behind this inefficiency is that
novice workers (a) cannot commit to long-term wage contracts and (b) are liquidity constrained, because

they could otherwise “buy the firm”.

The second problem arises when firms face a liquidity constraint as well. This means that a bad “draw”
from the worker ability distribution can cause the firm to make a loss that it is not able to cover, even if
it could expect positive profits in the future. From the aggregate welfare point of view, a temporary

setback of a very poor worker would be an acceptable loss when considered against the possibility of
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finding a very good one---but if the firm is not able to finance temporary losses, the future after a
sufficiently bad worker has no positive value for the current owners. A liquidity constrained firm will
therefore give more weight to the downside risk in worker ability and may hire a worker of known low
quality over a riskier novice, even if the latter is expected to perform better. This is the key intuition in

our model.

2.1. Model setup
Consider a firm with revenue equal to the ability of the worker. There is a population of untried workers
with ability drawn from a known continuous distribution. Worker ability 6 becomes known after one
period of work, and careers can last up to two periods. The firm is (potentially) infinitely lived and its
objective is to maximize the expected present value of profits. It faces a simple liquidity constraint:
revenue must exceed cost ¢ > 0 in any period or else the firm goes bankrupt. The owners have limited

liability, so period profits are n(6) = max {6 - ¢,0}.

Here we assume that workers can commit to a two-period wage contract, so there is no poaching. The
purpose is to analyze the effect of the firm liquidity constraint independently of commitment problems,
which are already known to distort hiring. The number of clubs is scarce relative to the number of

potential workers, so novices are held to their outside wage, which we normalize at zero.

The firm only faces a real decision in periods when it has an incumbent employee: should it hire a novice
or retain the incumbent? This decision boils down to a rehiring threshold that we denote by v; the firm

will retain workers when their ability is above y and otherwise hire a novice.

2.2. Solving the optimal hiring policy
In order to solve a firm's optimal hiring policy, we need to set up its value function. Denote by V, the
firm's value (expected present value of profits) in a period when it hires a novice. This is necessarily the
case when it employed an experienced worker in the previous period. If it employed a novice in the
previous period, then it knows the ability 6 of its incumbent and faces a choice between retaining him

for another period or hiring a novice with unknown ability drawn from a known distribution.

There are three possible cases. If the incumbent is sufficiently bad, 6 < c, then by the assumed liquidity
constraint he just caused the firm to go bankrupt and the value is zero. If the manager is not so disastrous
but also not good enough to be rehired, ¢ < 0 <, then the firm will discard him and hire a novice. In
this case the value is by definition Vo. Finally, if the incumbent is good enough to be retained the firm
will earn a profit 0 - ¢ this period and next period will revert to hiring a novice. The value of a firm with

an incumbent of ability 0 can therefore be written as,
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0 ife<c
V(®) = Vo ifc<0<y (D
6 —c+ 6V, ifyp<6

where & in (0,1) is the discount factor.

To solve the firm's problem let's first eliminate the unknown “initial” value V. Novices are drawn from
a known distribution so V;, is equal to the unconditional expectation E[r(8) + 6V (6)], where m(0) is
from (1):

Vo =Pr(6 =c)(E[6]6 =c] —¢)
+8{Pr( >0 =c)Vy +Pr(6 =) (E[O]6 =y] —c+6Vy)} (2)
The last term takes into account that if the worker turns out to have 6 > v, then he is retained for another

period and the firm will return to the initial value V,, two periods later.

In order to get a closed-form solution, let's assume that ability 6 is distributed uniformly in [0,1] and that

¢<0.5 to focus on the interesting case. Then expression (2) becomes

1+c

Vo= (-0 (= -c)+5{(¢—c)vo +(1-y) (22 -c+5vo)}

=(1—c)2 +56(1—-yY)A+y —20) 3)
21+ 6(c -y =601 =)

The optimal threshold . is obtained by maximizing expression (3) with respect to the retaining

threshold v; the result is

=V,

1-68(6—0)— J1-86(1—6%)(1—2c+c?)—52(1—c?)
¢ 5(1—196)

(4

At ¢ = 0 the liquidity constraint is irrelevant, and the firms' optimal rehiring threshold coincides with the
efficient policy. By setting ¢ = 0 in (4) we thus get (after simplification) the efficient threshold v, =
(1 +6— \/1_+6)/6. This is clearly above the population mean 0.5 for any positive discount factor, so
some above-average workers would be deemed “mediocre” and not be rehired, and certainly no

“substandard” workers, whose ability is below the mean entrant, would be rehired.

2.3. Discussion
In Figure 1, we analyze how the firms' optimal hiring policy (4) depends on the severity of the liquidity
constraint ¢ and on the discount factor 8. We plot the optimal rehiring threshold .. as a function of ¢
for selected values of 6. For example, using ¢ = 0.1 and & = 0.95 yields ¥, = 0.32, so the firm would
hold on to incumbents who are substantially worse than population average - even though novices, who

are in expectation of average ability E[8] = 0.5, could be hired at the same cost. The threat of bankruptcy
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causes firms to behave in a risk-averse manner and can cause them to hire known substandard workers

in order to avoid the risk of disastrously bad novices.
< Insert Figure 1 around here >

The interaction of patience and liquidity constraint is not obvious and is best understood by first
considering the unconstrained special case. In the absence of a liquidity constraint ¢ would just have
been a fixed cost of operation without any impact on hiring policy. The efficient threshold i, =
(1 +6— \/1—+6)/6 is increasing in patience & and limits towards 2 —+/2 ~ 0.59 as § — 1. Hiring
novices over mediocre incumbents is a type of an investment: less expected ability today, more option
value tomorrow. A more patient planner would want to invest more, and this would require a stricter

rehiring threshold.

When ¢ > 0, a different type of “investment” incentive appears. The hiring of a known mediocre or
substandard worker leads to lower expected ability today but yields a smaller probability of bankruptcy
tomorrow. With higher c the fear of bankruptcy is more acute, and at moderate levels it leads firms to
lower their standards in rehiring managers. However, the strength of this “fear motive” also depends on
discounting: the more patient the owners the more averse they are to the risk of firm's value going to

zero in the future.

The interaction of incentives and preferences for these two conflicting types of investments results in a
non-monotonic relation whereby, for a given d, the hiring threshold is initially made more lenient and
eventually stricter as ¢ grows. For firms with a modest liquidity constraint and discount factor, the
privately optimal hiring policy is too lenient relative to social optimum, and below the population mean
for a wide range of parameters. With very low & and high c the private threshold can also be higher than

is socially optimal, but this implies extremely high discounting, which is not likely to be realistic.

The most natural case is one where liquidity constrained firms find it in their interest to hire and retain
experienced workers that are in expectation worse than novices. This turns out to be empirically relevant
in our analysis of the English football industry, where financial constraints are commonplace
(Szymanski, 2017), and, as we argue below, about one fifth of all hired experienced workers has an
estimated ability below the mean ability of recent novices. Note that this is a finding that could not be

explained within the existing framework of Tervid (2009).

3. The labor market for football managers in England
Professional football is the world’s most popular spectator sport. The English professional leagues are

amongst the best known in the world and the performance of each club is publicly scrutinized in
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immense detail. The football manager is hired by the club to oversee the on-field performance of the
team. In England the manager is also typically responsible for hiring and firing players, training, and
motivating the players under contract, and setting the team strategy for each game. There can be few, if

any, professions, which are the subject of such intense interest.

The principal measure of a manager’s success is how many games he wins. This characterization is
supported by commentary in the media, as well as the testimony of employers and the managers
themselves. It is also well supported in the academic literature (e.g., Van Tuijl and Van Ours (2016)).
Of course, wins are observable. Still, even if winning is a natural measure of success for a football
manager, simply counting the number of wins does not do justice to the ability of the manager. First, the
margin of victory can be large or small and hence the difference in goals scored is usually a more precise
measure of the outcome. Second, there are two factors that play a significant role in determining the
probability of winning or scoring — whether the team plays at home or away and the relative resources
employed by both teams. In football the difference in resources, measured either by club revenues or
wage bills, is enormous. Among the one hundred or so English football clubs active over the last forty
years, the difference between the largest spending and lowest spending team in any one year has ranged
between a ratio of 10 to 1 (early in the sample) and 200 to 1 (in recent years). Thus, we estimate worker

ability based on wins, but we adjust for resources and home advantage.

Our dataset contains information on approximately 75,000 games played in English professional football
over the period 1974-2011. A typical league season comprises about forty games for each team. The
activity of a football club is relatively simple and while commercialization has increased the financial
size of the industry dramatically over the last quarter century, the functions of the manager have not
significantly changed. The rules of the game itself have also changed very little. Winning games has

always been the yardstick of performance.

Each football club has a board of directors and CEO responsible for the day-to-day management of the
business side of the club. It is very rare for a football manager to move beyond the sporting aspects of
the club’s activities and become a member of the board of directors. Hence, in business terms their job
profiles are similar to those of middle managers. Yet, the public prominence of football means that many
of them become household names.

Most managers are recruited from the ranks of former players, and a few even become managers while
still playing. In most cases, a retired player joins the staff of a club and becomes engaged in activities
such as training and scouting for playing talent. A career profile might involve running a junior team
and acting as assistant to the manager before reaching the top job. Occasionally, high profile former

players get the chance to progress more rapidly through the system. Formal qualifications were not
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required before 2003. Since then managers in the top division have to obtain a UEFA Pro License, which

takes about a year of part-time study to acquire.®> Exemptions from this requirement are still possible.

At club level, the median tenure of a football manager is about one year, but a significant portion of
employment spells is much shorter. The 25" percentile of spell duration is just over 2 months. The board
of directors can fire a manager whom they perceive to be unsuccessful. In-season manager dismissals
are common. Dismissed managers may seek to re-enter the industry with another club, take employment
at a lower organizational level (e.g. talent scouting) or move to a related business such as TV punditry.
While average tenure is short, a managerial career usually spans several employment spells. As such,
the median career length is slightly over two years, and only 23% of all managers have a career shorter
than 1 year. At the other end of the spectrum, some managers have extremely long careers. The most
famous example of recent years is (Sir) Alex Ferguson, who was manager of Manchester United from
1986 until 2013 and won 13 league championships, more than twice as many as the second best in the
history of English football. Although exceptional, these long-lasting managers are naturally
overrepresented at any one time in our game level data. For example, the 37% of managers with a career

length under 2 years represent only 7% of all game observations.

Unlike in the US major leagues, there are no systematic public records of the salaries and contractual
arrangements for individual managers in English football. However, media reports suggest that almost
all employment contracts are short-term, spanning one or two seasons. Even when a club employs the
same manager for an extended period of time, the board typically rolls over a series of short-term
contracts, rather than offering a single long-term deal.® An important motivation for clubs to avoid long-
term contracts is that this would expose them to significant firing costs, which is a real concern because
employment spells frequently end with the club firing the manager before the contract ends. The labor
market for managers is not covered by the “transfer system”, which applies to football players. In
contrast to the practice for players, clubs can poach a manager from another team without having to pay
a high compensation to their current employer. As a result, clubs cannot force their manager to stay
when a better employment offer comes along, and, even if they could, it would be unwise to hold on to
a manager set on leaving, because important managerial tasks cannot be contractually enforced. This
situation makes it unlikely that clubs can overcome the inefficiencies described in Tervid (2009) through
contractual solutions. After all, this would require contracts that credibly commit novice workers to their

initial employer for the majority of their (potential) career (Tervid, 2009; p. 838).

There are 92 English professional clubs competing in each season, which play in four hierarchical
divisions of roughly equal numbers (currently 20 in the top division, and 24 in each of the 3 lower
divisions).” Each club plays every other club in its division twice (home and away) over a ten-month

season. At the end of a season the worst performing N teams in a division are automatically sent down
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(relegated) to play in the division ranked below in the following season, to be replaced by the best
performing N teams in that lower division (N has varied between 2 and 4 across divisions and time).
This system of promotion and relegation is present in football leagues around the world and
differentiates its organizational structure from the professional sports leagues in the US. Relegation
typically means lower attendance since your opponents are less attractive, and reduced access to
broadcast revenues. In 2010, the average revenues in the four divisions were in proportion (from top to
bottom) 25:4:2:1. Unlike in the American major leagues, mechanisms to promote revenue sharing and

wage controls are very limited.

Over the last 40 years the primary components of revenues and costs in football have not changed much.
Revenues come from four principal sources: match day (tickets sold, food and beverage, etc.),
broadcasting, merchandising and sponsorship. The biggest change of recent years has been the
extraordinary increase in the size of broadcast revenues, which for the top division went from less than
£10 million per season in the mid-1980s to over £1000 million in 2011.% Because broadcast revenues
are concentrated in the top division this trend has further increased inter-divisional inequalities.
Producing commercial football games requires two essential assets: a stadium (which, in England, clubs
typically finance and own themselves) and players. The market for players is highly competitive. There
are large numbers of buyers and sellers, and, like managers, information on the ability of experienced

players is widely available.

Larger clubs tend to command higher levels of support for any given level of success and hence have
access to larger budgets. There is a substantial literature showing that teams with greater financial
resources are more successful on the field, mainly because they can fund the acquisition of better players
(e.g., Szymanski and Smith, 1997; Peeters and Szymanski, 2014). Large market teams therefore tend to
move up to the higher divisions, which again increases the correlation between a club’s division and
revenue potential. Football managers are naturally constrained by the resources under their command.
Due to the divisional structure, however, the variation in resources across teams that actually play each
other is much smaller than the overall variation. In a given game, the ratio of the largest to smallest team
payroll is on average 1.6 to 1, while the ratio of the average payroll in division one versus division four

has increased from about four to 1 in the seventies to over 20 to 1 in recent years.

4. Data and empirical methods

4.1. Dataset
In most activities, performance measurement is difficult and often imprecise, but in football, team

performance is a matter of official record. A manager’s career can stretch over hundreds and possibly
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thousands of games, and after each game is played there is no uncertainty about its outcome measured
by goals scored and conceded, which in turn determines the result (loss, tie or win). Our data covers the
goal difference for all games in the 38 seasons from 1973/74 to 2010/11 across the four professional

English divisions, yielding more than 75,000 game observations in total.
< Insert Table 1 around here >

Our data includes all identified club managers in our sample period, over 940 in total. Because of their
significance to the success of the team, managers are closely scrutinized and their careers are well
documented. Consequently, we were able to retrieve the manager’s identity for around 99% of all game

observations. Table 1 summarizes three ways in which we can characterize football managers:

e Personal characteristics: age, experience (measured in games), experience in the English leagues,
and nationality.

e The way they entered the labor market. We measure (a) whether they became a manager while
still a player, i.e. a player-manager, (b) whether they had job experience at a lower managerial
level as an assistant manager or scout before their first management job, (c) whether they were
hired from within the club for their first spell, (d) and in which division they entered.

e Their history as a player. We know (a) if they played as a professional, (b) if they played in the
four largest European leagues (top divisions of England, Germany, Italy and Spain), (c) the number
of teams they played for in England, (d) if they played for the club they currently manage, and (e)

if they represented their national team.

We provide more detailed variable definitions Appendix A. We present the sample mean and standard
deviation for these variables, and the mean within quartiles based on total career length. There is a very
large variance in the experience levels of football managers. The mean experience at the end of a
worker’s career in our sample is 162 games over 36 months (almost 4 years given a 10 month playing
season), but the top quartile is present for almost 450 games and over 100 months and the bottom quartile
are present for only 10 games over 2 months. Most managers in our sample come from the British Isles,
and foreign managers have on average shorter careers in our dataset. A significant fraction of managers
began their managerial career while still playing for their club (player-managers), and this fraction
increases with experience; in addition around one third of our sample was promoted to manager from
within the club organization (but were not player-managers). The average division at the beginning of
their careers is around 2.8 (out of 4), so that most managers “start at the bottom”. About 95% of
managers are former professional football players, two thirds played in one the big four European
leagues and they played for between three and four clubs in England in their careers. Between one third
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and one half were managers at clubs they had once played for, while just over one third had played for

their national representative team (suggesting they were among the most talented players).
< Insert Table 2 around here >

All professional English football clubs take the legal form of limited liability companies. We retrieve
financial information, such as revenues, wages and profits from the audited accounts of these companies
filed in a public register at Companies House. Table 2 summarizes the data on the clubs, which employ
the managers we observe. Our financial data cover about 85% of all club-years during the sample years.
We show both sample means and figures by quartiles in the average end-of-season league rankings. The
first panel consists of financial data, which is highly skewed towards clubs in top quartile (i.e. mostly
playing the top division, currently known as the Premier League). At the top end, revenues, wages and
assets are all much larger, even though both at the top and bottom end clubs on average report pre-tax
losses. In terms of sporting results, there are no significant inter-quartile differences but this is because
competition is mostly intra-quartile (the quartiles correspond closely to the divisions). For example, a
win percentage of 50% represents a much higher level of performance in the Premier League than in the
fourth tier while the latter is a product that is much less attractive to consumers. The bottom panel of
Table 2 reports managerial hiring by teams. Tenure is slightly longer in the highest quartile. Clubs in
the top quartile hire less frequently and are less likely to hire novice workers but are more likely to hire

a foreign worker.

4.2. Assessing worker ability
We derive our primary estimate measure of worker ability from a regression model explaining the goal
difference, y;j, in a game between clubs i and j in season t, based on a vector of inputs for each club
(Xi¢ and Xj,), a set of firm effects (y; and y;), and worker (manager) effects (u,, and p ), for manager

m of team i and manager k of team j respectively. Our baseline model is:
Yijt = BaXit — BaXjt + Vi —Vj + Um — Uk + Eije- 5)

The subscript d indicates that the coefficients on variable inputs may differ by the division in which the
clubs play. The first term in vector X;; is a dummy denoting whether team i plays at home, which is
relevant because of the persistence of home advantage in professional team sports (see e.g. Garicano et
al., 2005). As in Peeters and Szymanski (2014), we control for the player inputs by means of the
logarithm of the total wage bill paid out by club i in season t. We further include the logarithm of the
book value of tangible fixed assets to proxy the value of the stadium and training grounds, which is the

only significant tangible asset in the financial accounts of the clubs.
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Our approach to identify the worker and firm effects in equation (5) mimics the identification strategy
of Abowd et al. (1999).° Using the routine of Cornelissen (2008), we first determine which clubs are
connected by moving workers. We then drop all game observations pertaining to clubs outside the
largest connected network. Note that both clubs i and j have to be part of the connected network for the
game to be included. We finally estimate the worker and club effects for month p by entering individual
dummies in the linear regression of equation (1). We use each game in the dataset twice, once from each
team’s perspective. This avoids the need to impose linear restrictions on the worker (club) dummies to
ensure that these are estimated exactly opposite when the worker (club) takes on the role of either team
i or team j. We cluster all standard errors at the level of individual games to correct for the
interdependence among observations we introduce by using each game twice (for a similar approach,
see e.g. Duggan & Levitt, 2002).

In appendix B, we consider two alternative game outcome measures, the win percentage (win%), defined
as 0 for a loss, 0.5 for a tie and 1 for a win, and the increase/decrease in Elo rating (see Hvattum and
Arntzen, 2010). We also employ a host of alternative approaches to estimate the baseline ability we
specify in equation (1). These either (a) include controls for firm-worker match quality, (b) put more
weight on recent, rather than historical performance, or (c) condition on a polynomial of working
experience. We further examine whether the worker-firm network is sufficiently connected to avoid
biases resulting from limited worker mobility (Andrews et al., 2008; Jochmans and Weidner, 2019). In
the interest of clarity, we only present results using the baseline ability estimate from equation (1) for
the majority of our analyses. We refer to appendix B and C for detailed information and results of these

robustness checks and assumption tests.

In addition, we calculate a cruder measure of worker ability, ‘add win%’, which simply compares a
manager’s performance to his predecessors at the club in the same division, without controlling for input
use. This encompasses the possibility that a part of worker ability is the capacity to funnel resources to
improvements in the playing squad. While simplistic, this approach avoids potential econometric
concerns about our model specification and estimation method. Here, we define worker ability, wp,,,,
as the average winning percentage a worker m realizes at all teams i in division d relative to the historic
winning percentage of those teams i at level d before worker m’s arrival (Wp_,,,;4). Formally, this means

we calculate:

g=np

1 __
WDhmt = z Tl_ (ngid - Wp—mid): (6)
g=1 "
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where n,, refers to the number of games the worker has been active up until month p and w4 is the
result of game g, managed by worker m at team i in division d expressed as 1 for a win, 0.5 for a draw

and O for a loss.

4.3. Estimation Algorithm
Unlike the stylized two-period model we sketched earlier, worker careers last many periods and ability
is not instantly visible at a single point in time. Employers learn about ability over the worker’s career.
In our setting, this process is explicit, as each game publicly reveals information on the ability of the
managers involved. In our empirical analysis, we compare the revealed ability of experienced workers
at the time they are rehired by a club to the ability of contemporary novices, which the club could have
hired in their place. This implies the need to estimate each rehired worker’s ability, based solely on

information revealed before the firm makes its hiring decision.

To achieve this, we divide the dataset in 380 calendar months, labeled p, running from August 1973 to
May 2011.° We do not include June and July, as during these months clubs do not play official league
games. We then run through the dataset from month 100 (i.e. May 1983) to 380 (May 2011), to estimate
the ability of each incumbent worker at the end of each month. In other words, at the end of May 1983,
we estimate the ability of each worker who had entered before the end of May 1983, taking only games
played before this date into account. At the end of the next month (August 1983), we re-estimate worker
ability taking the additional four or five games played in August into consideration. We repeat the
process for September 1983, and so on until May 2011. We start the algorithm in May 1983, such that
the first 10 seasons in the data may function as a learning period. We ensure that our estimates are
comparable across periods by fixing the identity of the reference worker to which all other worker effects

are scaled, i.e. the worker with a ‘zero’ effect is kept the same in each period.!

Through this estimation algorithm, we obtain a profile of worker ability estimates over the worker’s
career, rather than a single, end-of-career estimate. We denote this baseline estimate of worker ability
by émp for worker m in month p. For our analysis of mediocre hiring, we use the ability estimate
obtained at the end of the last calendar month before the hire to proxy the assessment of the hiring firm
at the time of the hire. As worker ability is only observable during employment, we focus our attention
on instances where we observe a firm hiring a worker, who has at least had one previous employment

spell in the data. We dub these workers ‘rehired” workers.

To proxy the ability of potential novices we generate an empirical equivalent for the novice ability
distribution. For each month p we collect all contemporaneous ability estimates for workers who entered

their first employment spell in the English managerial labor market during the hundred months (ten
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years) leading up to month p.2 We take both active and inactive workers in period p into account to

avoid selecting on labor market survival.™®

4.4. Defining mediocre and substandard hires
In the model we set out above employers adopt a hiring policy, where they hire an experienced worker
instead of a novice, if her revealed ability émp at the time of hiring exceeds a profit-maximizing
threshold value é,wl-. Crucially, the threshold adopted by profit maximizing employers lies below the
efficient threshold, éwp, which maximizes the ability of active workers in the labor market. Whereas
Tervid (2009) derives the socially optimal threshold analytically, here, we need to infer it based on the
ability estimates we obtain. Evidently, the efficient threshold depends on the ability distribution of
potential novices. A first threshold we therefore consider is the expected ability of novices in the
comparison group, i.e. the mean ability of all novices in the ten years leading up to the time of hiring.
We dub rehired experienced managers, who fail to reach this level as “substandard” hires and the

corresponding threshold value as the “substandard threshold”.

While this might seem like a natural choice, the asymmetry of the upside and downside potential of each
novice hire implies that the truly “socially optimal” threshold may lie above this value. This also implies
that the threshold should depend on the discount rate of the social planner, as this will determine the
weight adhered to (future) upside potential. For simplicity, we adopt the point of view of a social planner
with a discount rate of zero, so the optimum coincides with maximizing the steady state value. We refer
to hires who fail to clear this bar as “mediocre” hires and to the corresponding threshold as the
“mediocrity threshold”. Note that the two thresholds we use represent two limiting cases, one where a
social planner places no value on future realizations of the work force ability and one where the planner

is infinitely patient.

To identify the “mediocrity” hiring threshold, we introduce a procedure, which calculates the average
ability of active workers in the labor market for a range of different counterfactual hiring thresholds, ép.
Under the counterfactual policy, we first consider all contemporaneous estimates of worker ability émp
for all workers m in months p when they were actually managing a club. We then identify the workers
whose estimated ability 9mp falls below ép, the threshold under consideration, at any instance where
they got rehired. Next, we truncate the careers of these workers by deleting their employment spells
after the rehire where their estimated ability 8,,, was below 8,,. In other words, the counterfactual
assumes that workers failing to meet the threshold once, were never rehired. We then fill the resulting
reduction in worker-months by adding counterfactual ability estimates, which we randomly draw from
the observed distribution of estimated abilities in the remaining population of novices. Note that the

composition of this group also varies depending on the analyzed threshold and includes the initial spells
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of workers who may be rejected once their ability is revealed. We finally calculate the average of the

contemporaneous ability estimates in this counterfactual sample for threshold 6,,.

Using this procedure, we evaluate the average ability of the counterfactually active workers for a range
of hiring thresholds. We start at the substandard threshold, where ép equals the mean novice ability and
then gradually increase the revealed ability required of rehired workers until we arrive at the threshold
which maximizes the average ability in the counterfactual sample of active workers. This procedure
allows us to find the mediocrity threshold éwp. To mitigate the impact of random sampling, we repeat
this procedure 200 times and use the average threshold over all replications as our estimate of the
mediocrity threshold. In a final step we normalize worker ability by subtracting the average ability in
the observed worker population and dividing the resulting term by its standard deviation. As such, our
unit of measurement for an increase in worker ability is the standard deviation of ability in the original

population of active workers.

It may be argued at this point that league competition is a zero-sum game and hence there is no gain
from increasing the average ability of the active workers. In addition, we cannot infer to what extent
firms are risk averse in hiring. It is therefore unclear how we should weight foregone future ability
against increased certainty about current ability in the social optimum. We fully recognize this caveat,
which is inherent in using on-field performance to construct a measure of worker ability. Still, increasing
managerial ability in terms of on-field expertise is a stated target of both the leagues (the Premier League
and the Football League) and the national governing body, which regulates them (the Football
Association). Thus, from the point of view of these organizations one can claim that the hiring policies
of the individual football clubs are inefficient. Of course, this is not the same as saying that high worker

ability in the English football industry is socially optimal on a global scale.

5. Empirical Results

5.1. Worker ability
In Table 3 we show summary statistics for our ability estimates at the level of individual workers. The
first columns report the full sample numbers, which are then split in quartiles by the distribution of end-
of-sample ability estimate. Mean ability equals -0.302 with a standard deviation of 1.282. This may
seem odd given our standardization procedure, which subtracts the population average from the raw
estimates. However, the table reports career averages, which gives relatively more weight to workers
who with accumulate fewer monthly observations and tend to have lower ability. This is consistent with
employers using the information provided by the market to screen employees to retain those who are

more able, and who therefore enjoy longer tenures.
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< Insert Table 3 and Figure 2 around here >

To provide a better feel for our rolling estimation, Figure 2 compares the evolution of our ability measure
during the first ten years (100 months) in the career of three long-standing workers. These are Arséne
Wenger, one of the all-time great managers of top club Arsenal; Micky Adams, who managed a string
of clubs at various levels (among others, Fulham, Brentford, Leicester City and Coventry City); and
Steve McMahon, who managed lower tier clubs Swindon and Blackpool. The gaps in the profiles of
McMahon and Adams indicate unemployment spells, during which no information became available to
update their estimates. As a reference, the shaded area depicts the interquartile range around the median
of the worker ability estimates for workers with the same experience, expressed in months since labor
market entry. The early career estimates for our example managers are quite noisy, because these are
based on just a few observations. When comparing the abilities of the three managers, Wenger clearly
comes out on top, with his revealed ability continuously in the upper end of the distribution. During his
tenure at Arsenal Football Club, Wenger was widely considered one of the most successful managers in
England. Micky Adams’ ability estimates are much closer to the median of the workforce, which may
have helped him to return to a new job after his (multiple) unemployment spells. By contrast,
McMahon’s estimates continuously linger in the lower quartile, even though he managed to secure a

new appointment (at Blackpool) after losing his first job (with Swindon Town).

5.2. How many hires of experienced workers are mediocre and substandard?
Now we turn to comparing the ability estimates of rehired experienced workers to the distribution of
novice abilities. In the full sample, we have 755 spells of experienced workers for which we can calculate
the baseline ability measure at the time of hiring. In Figure 3, the x-axis measures these estimated worker
abilities scaled by the mean novice ability at the time of hiring. Only the hires plotted to the right of the
y-axis are therefore expected to improve team performance relative to a novice. Yet, our estimates
suggest that around one fifth of all hires fall below this modest threshold. Figure 3 also depicts our
preferred ‘mediocrity’ ability threshold, which maximizes the average ability in the leagues over our
sample period. It is clear that a significantly larger portion of the distribution fails to reach this more

ambitious threshold.
< Insert Table 4 and Figure 3 around here >

Panel 1 and 3 in Table 4 detail the numerical results for our baseline ability measure, while panel 2 and
4 focus on the added win percentage, as described by equation (6). In the top two panels we compare
rehires to the “mediocre” threshold. On this basis, we estimate that 326 (43%) of these rehires, involving
192 different individual workers were inefficient based on our mediocrity threshold. We also find that

the proportion of mediocre rehires is higher in the lower tiers of competition — 53% and 46% in the
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lowest two tiers versus 33% in the top tier. This is consistent with the idea that lower division clubs have
fewer opportunities to hire high ability experienced workers, such that they more often face the choice
between a mediocre experienced worker and a novice. The pattern remains broadly the same for the
added win% measure: 44% of rehires fall short of to the threshold and substandard workers are more
likely to be hired in the lower tiers. For around twenty percent of all hires, the ability estimate of the
rehired worker is below the mean ability of novices. Again, the pattern across tiers shows a higher
probability of inefficient rehires in the lower tiers. The results using the added win% measures draw a
similar picture. We further scrutinize the robustness of these results in Appendix B using alternative

ability measures, estimation methods and comparison groups.

5.3. How much less talented is the active workforce because of mediocre hiring?
A central result in our model is that mediocre hiring may lower the talent level in the population of
active workers. To measure the extent of this aggregate effect, we construct a distribution of worker
ability following the counterfactual policy rule of never re-hiring workers, who are revealed as mediocre
at any previous hire during their career. We follow a similar procedure to the one we developed to
identify the mediocrity threshold. We consider the estimates émp for all workers m in months p when
they were actually employed by a club but truncate the careers of mediocre workers to their employment
spells before they were rehired as a mediocre experienced worker. As such, we assume counterfactually
that mediocre workers were never re-hired.** We fill the resulting reduction in worker-months by adding
counterfactual ability estimates, which we draw from the observed distribution of estimated abilities in
the non-mediocre novice population. We then calculate the average ability in the actual and
counterfactual workforce at the level of the individual worker-month, i.e. a worker’s rolling ability
estimates appear once in the population for each month he has been active in the actual or counterfactual
population. The comparison between these averages is the central result of our counterfactual exercise.
To aid interpretation, we normalize the average ability in the observed active workforce to zero and
scale these abilities by the standard deviation in the original population of estimated abilities. We
perform 1000 bootstrap replications of this procedure drawing a new sample in each iteration to assess

the significance of the effects we uncover. 1
< Insert Table 5 around here >

In the top panels of Table 5 we consider two counterfactuals.- First, we exclude 7,096 worker-months
because they belong to the careers of workers, who fall below the mediocrity threshold. The mean
estimated ability of the counterfactual replacements is significantly higher than the original they replace:
0.179 compared to -0.175, a difference of 35% of a standard deviation in the original ability distribution.

Second, we consider the effect of only replacing those experienced workers rehired with ability below
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the mean novice. This is a much smaller group (4,227) whose revealed average ability is much lower (-
0.351), i.e., their abilities lie further below the average observed in the active workforce. As only the
very worst workers are being replaced, the average difference between these mediocrities and their

replacements is naturally larger (53% of a standard deviation).

The lower panel of Table 5 shows how these two counterfactual exercises would affect average ability
in the entire sample of 22,697 worker-months for which we can estimate ability. In the counterfactual
where we use the mediocrity threshold for rehires, the average ability of active workers would rise by
11% of the original standard deviation in estimated abilities. Using the mean novice as rehiring threshold
also significantly increases the average ability of the active workforce (by 9.8% of a standard deviation),

but this increase is significantly smaller than the one realized by moving to the mediocrity threshold.
< Insert Figure 4 around here >

In Figure 4, we plot the distribution of ability estimates for the actual and counterfactual workforce,
where the level of observation is an active worker-month in the dataset. In panel A, we focus on the
subsample of employment spells we replace in the counterfactual. The graphs show how the
counterfactual dismisses a large density of experienced workers of low to modest ability. The novice
population, which replaces them, has a wider variance in ability, but on average outperforms the
experienced workers they replace. In other words, firms face more uncertainty about the ability of these
workers pre-hiring, but, as shown in the right tale of the distribution, the counterfactual novices possess
upside potential, which is absent in the actual data. In panel B, we depict the same comparison for the
full sample of observed worker-months in the data. These graphs illustrate that the counterfactual policy
has a significant effect on the overall distribution of ability in the active labor force.

5.4. Which firms hire experienced mediocre workers instead of novices?
The theory we developed suggests that firms facing a difficult financial situation should be more inclined
to hire mediocre workers instead of novices. Unfortunately, our data has no clear source of endogenous
variation to test the causal effect of liquidity constraints. We can however assess whether mediocre hires
are more prevalent at firms with less favorable finances. To this end we specify a linear probability

model of the following form:

Ymip = BxXip + Sip + Mmip + Emip- ™
In equation (7), VYmip is a variable which takes the value 1 if the hire of manager m by club i in period
p was mediocre or substandard, and O if club i hired a novice instead. We do not consider hires of non-
mediocre/substandard experienced workers, as the club should always prefer this option if it is feasible

to attract a high ability tried-and-tested worker, regardless of its financial situation. Hence, the number
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of hires in the estimation sample will be smaller for the case of substandard hires, as less workers fall in
this category. Our main explanatory variable of interest in X;,, is the club’s wage-to-turnover ratio, which
measures the club’s total personnel cost divided by its revenues. This measure is a commonly used
indicator of a club’s financial position because wages are by far the most important cost to football clubs
and often exceed the total annual revenues they earn (Peeters and Szymanski, 2014). We further control
for the club’s revenues and wage bill scaled by the industry average in the season the hire takes place.

We finally add divisional and calendar month fixed effects (6;, and 1,,;).
< Insert Table 6 around here >

The results of this analysis in Table 6 show that clubs with higher wage-to-turnover ratios tend to hire
more mediocre and substandard workers instead of novices. Adding further controls to the regression
does not substantially change this finding. As stated before, we cannot claim that these estimated effects
have a causal interpretation. Interestingly, higher revenue clubs and clubs in higher tiers appear to be
less inclined to hire novices. This further qualifies our finding above that clubs in lower divisions hire
relatively more mediocre workers. Table 2 shows that lower division clubs are as likely to ‘experiment’
with novices as clubs in the top division, but they have less access to high-end experienced hires, which

accounts for their propensity to hire mediocre and substandard experienced workers.

5.5. Are mediocre and substandard workers underperforming?
A potential concern with our analysis is that we may be classifying hires as mediocre or substandard
who in retrospect turn out to be successful. This is particularly problematic if this misclassification is
due to ability signals, which firms observe but we are unable to pick up. We examine this potential
concern in Table 7. In the top panel we report the transition probabilities of rehired workers conditional
on their rating as mediocre or non-mediocre at the start of their employment spell to being mediocre
versus non-mediocre at the end of the spell. As in table 4, we report comparisons based on the score
difference worker effects and the added win% measure. We find that the rating of a rehired worker is
unlikely to change by the end of their employment spell, 82% of workers rated mediocre at the start of
a spell were rated mediocre at the end, while 85% of those rated above the threshold were still rated
above threshold by the end of their spell. A very similar pattern holds for the add win%-measure. This
suggests that clubs have little reason for optimism that mediocre worker will get significantly better, and
every reason to favor workers who are already rated above the mediocrity threshold. As shown in the
bottom panel, we find that 96% of all non-substandard workers remain in this category by the end of
their spell, whereas about 2 in 3 substandard experienced hires are still substandard by the end of their
spell. This partly reflects that this threshold is less stringent, but it still clear that firms hiring non-

substandard workers can safely expect to see sufficient worker performance.
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< Insert Table 7 around here >

In appendix D, we follow Coupé et al (2006) in investigating whether past worker performance
influences labor market outcomes as we would expect when employers act on this information. We find
that workers with low estimated abilities are more likely to be fired than their more able counterparts.
Upon losing their job, they are less likely to be rehired by another firm and less likely to start their next
job in a more productive firm, where more money is at stake. These effects are stronger for low ability
workers, who have more observable experience and whose ability can be inferred more precisely. We
also examine the predictability of worker performance based on working experience. Figure D1 shows
that ability estimates at the point of entry into the market have almost no predictive value, but within
two months, past ability estimates explain upward of 80% of the variance in current ability estimates.
For the remainder of the manager’s career, the level of predictability is over 90%. In combination, these
results confirm that employers need and use the information generated by past worker performance to
formulate hiring policies.

6. Discussion and conclusion

In this paper, we have analyzed the role of liquidity constraints in the hiring of novice workers in a
superstar labor market. We extend Tervid’s (2009) model of hiring mediocrity to incorporate the effect
of liquidity constraints. Under plausible assumptions about the firm’s discount rate and the level of the
liquidity constraints, firms retain experienced workers whose known ability is below the average ability
of novice workers. Our model not only suggests a new reason for mediocre hiring, but the predicted
inefficiency is also starker than in Tervid (2009). While rational from the firm’s point-of-view, this
“under-testing” of novice workers leads to a loss of social welfare in the sense that the average ability

of the active labor force is below its long-run potential.

We empirically examine the hiring and re-hiring process of workers in a large dataset drawn from a
high-stakes environment, English professional football, over a period of 38 years. The quality of the
data allows us to introduce an explicit model of the timing at which worker ability is revealed. Since we
know the exact date and result of each game played - the ultimate yardstick of worker performance - we
can infer which information on worker performance “on-the-job” was available to firms at each point in
time. Our estimation algorithm calculates updated worker effects a la Abowd et al (1999) after each
calendar month in the dataset, taking newly revealed observations on worker performance into account.
As such, we generate a career profile for each worker’s estimated ability over time, rather than a single
estimate based on their full career. We then investigate each instance where a firm hires an experienced
worker, and compare the current ability estimate of this experienced worker to the average current ability



Peeters, Szymanski, Tervid
23

estimates of recent labor market novices. In this way, we avoid hindsight in our analysis of firm hiring

behavior.

Our analysis reveals that in more than forty percent of all instances where a firm hires an experienced
worker, the experienced worker has an estimated ability below the “mediocrity” threshold, which would
maximize the ability of the active labor force over time. The estimated ability for about one fifth of all
rehired experienced workers is also below the mean ability of recently hired novices. A counterfactual
exercise, which replaces these mediocre workers by hypothetical novice workers, shows that such a
policy would significantly increase the ability of the active workforce over our sample period. As such,
this paper provides the first, albeit indirect, empirical evidence of inefficient hiring in a real-life superstar
labor market. We further found that lower division clubs with higher wage-to-turnover ratios are more
inclined to choose a mediocre experienced worker over a novice. While we lack a source of exogenous

variation to pin down causal effects in this analysis, this observation is in line with our theoretical model.

We have implicitly assumed that the relative ability of managers in winning games is also a measure of
their relative ability in producing economic value. If the whole industry were only engaged in zero-sum
competition, e.g. allocating a fixed number of points among team in a sports league, then hiring decisions
would not have any implications for aggregate efficiency. However, we think it is reasonable to assume
that manager ability is also associated with contributions to economic value, because total revenue and
total consumer surplus generated by the football league system are not fixed. Better managers (just like
better players) contribute to higher quality of the sporting competition, which in turn affects revenue
and consumer surplus. Moreover, leagues such as the English football leagues we analyze are engaged
in competition with other leagues around the world to attract fans. In this sense, our findings suggest the
existence of a market failure: a significant fraction of the rehires we observe are profit maximizing but

reduce the average ability in the market below its full potential.

The fact that football management is a highly specific task raises the problem of generalizability;
however, this is likely to be the case for almost any activity involving high-skilled workers. As has long
been recognized (e.g., Kahn, 2000; Palacios-Huerta, 2016), sports markets offer an outstanding
laboratory for research on economic issues. In our dataset, the use of sports data enables us to observe
all active workers in an entire industry, necessary for our analysis of turnover at the industry level.
Moreover, we can credibly argue that testing novices within the industry is both costly and the only way
to assess worker ability. As such, we exploit the richness of data available in sports to push beyond what

is empirically feasible in other settings.
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Appendix A: Variable definitions
Name | Definition Type
Table 1:
o Games observed Number of games V\{orker is o'bserved in the data, not taking into Continuous
account potential missing variables.
« Months observed Dis_tinc_t calendar months i_n Wh_ich_ Worke_r is observed in data, not Continuous
taking into account potential missing variables.
o Av. Age Average age of worker in years over all his observations in data. Continuous
Average experience in games (both in England and abroad) over .
* AV. Bxp. all hisgobsefvations in dgata. ( ) : Continuous
Average experience in games (confined to England) over all his .
e Av. Eng. Exp. observgationFS) in data. g ( gland) Continuous
e Foreigner Equals 1 if worker is not UK or Irish national, O otherwise. Indicator
¢ Player-manager Equals 1 if worker started career as player-manager, 0 otherwise.  Indicator
« Other man. exp Equals 1 if worker had other management fur)ction in football Indicator
B before 1st employment as manager, 0 otherwise.
« Intern hire Equals 1 if worker had other management function in same Indicator
football club as 1st employment as manager, O otherwise.
« Division Division in whi_ch worker obtained first employment, ranked 4 Categorical
(lowest) to 1 (highest).
e Play prof. Equals 1 if worker played as professional player, 0 otherwise. Indicator
. Equals 1 if worker played in any of big 4 leagues (1st div. in Eng, .
* Play big 4 G?ar, Spa, Ita), 0 othperv)\//ise g ) uest % Indicator
e Num. Eng. Team | Counts number of English clubs worker has played for. Continuous
Equals 1 if worker is employed by club that he also played for, 0 .
e Ex-player club ot?1erwise. ployed by play Indicator
. Equals 1 if worker played for his respective national team, O .
e International ot%erwise. play P Indicator
Table 2:
e Years observed Number of seasons club appears in data. Continuous
Total wage cost (incl. tax and social insurance) of club over .
* \Wages - : Continuous
season, from financial accounts.
e Revenue Total revenues of club over season, from financial accounts. Continuous
e Wage to revenue | Total personnel costs incl. tax and social security payments Conti
ratio divided by total turnover ontinuous
o Fixed assets Total k_)ook value of fixed tangible assets of club over season, from Continuous
financial accounts.
e Goals pro Total goals scored by club over all games in season. Continuous
e Goals against Total goals conceded by club over all games in season. Continuous
¢ Goal Difference Difference between goals scored and conceded by club in season.  Continuous
e Points Number of ranking points obtained by club over season. Continuous
o Win % Percentqge of games won by club over season, draw counted as Continuous
half a win.
o Number hires Number of hires club has made over sample period. Continuous
Lo Number of times club has hired novice worker over sample .
o # novice hires period. Continuous
e Av. Tenure Average tenure of managers at club over sample period. Continuous
e Av. hires/year Number of hires club has made over sample period divided by Conti
obs. number of years club is observed. ontinuous

Table 6:
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e Wage to revenue | Total personnel costs incl. tax and social security payments Conti
; o ontinuous
ratio divided by total turnover
e Relative revenues | Club revenues divided by the average club revenue in season Continuous
. Club personnel cost divided by the average personnel cost in .
e Relative wages Continuous
season.
e Log hiring month | Logarithm for a counter of the month of hiring within the data, Continuous
number August 1974=1, May 2011=380.
Table D1:
e Ability estimate | Ability estimate of worker in month of analysis. Continuous
* Dlg'stail?r:!;ttgover Difference between ability estimate in month of analysis and Continuous
ability estimate in previous month.
month
Logarithm of the number of games in current employment spell, .
* Log tenure i.e. worker-firm pairing. Continuous
e Log age Logarl_thm of average age, expressed in days, in month of Continuous
analysis.
. Logarithm of total experience, expressed in games, in month of .
e Log experience . Continuous
analysis.
Table D2:
* At;g'etﬁ zrs;ij' at Ability estimate of worker in month spell ends. Continuous
« Average win% g:r?(;;zer average win percentage obtained by worker in month spell Continuous
¢ Average goals Career average goals scored obtained by worker in month spell Continuous
pro ends.
o LOG games Logarithm of number of games worker has managed up until Continuous
99 month spell ends.
e Log age Logarithm of age in days in month spell ends. Continuous
e Foreigner Equals 1 if worker is not UK or Irish national, 0 otherwise. Indicator
* Lor?u:lggthat spell Logarithm for a counter of the month spell ends within the data, Continuous
end P August 1974=1, May 2011=380.

Appendix B: Results for alternative ability measures and comparison groups

In this appendix, we describe a set of alternative ways to gauge worker ability, which we implement in

addition to the baseline measures reported in the main body of the paper. We consider two additional

measures for on-field performance, which we use as alternative dependent variables to estimate the

worker effects in equation (5). First, we replace the score difference with the win% per game, recording

aloss as 0, a draw as 0.5 and a win as 1. Second, we consider the update in the club’s Elo points after

the game. The Elo points reflect the quality of a club based on past sporting results. After a win (loss)

the Elo value is updated upward (downward) by an amount, which depends on the pre-game difference

in Elo scores between the competing clubs. As shown by Hvattum and Arntzen (2010), the pre-game

Elo points are an excellent predictor of game outcome.
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We experiment with several alternative estimation methods for the baseline model in equation (5). We
first address potential feedback effects from game results to input values, which would primarily stem
from performance-based bonuses in the players’ compensation packages. To this end, we follow Peeters
and Szymanski (2014) and rerun each model using past payroll and assets to instrument for current
values (the resulting estimates are dubbed ‘1’ below). While this procedure corrects for contemporary
feedback, we recognize it cannot fully alleviate concerns over endogenous input choices. Second, we
estimate the rolling worker effects using additional controls for worker experience, i.e. the level, square
and cube of log career games managed (‘exp.” below). Third, we allow for the possibility that
observations that are more recent provide more information on current worker ability. We therefore re-
estimate the model weighing observations by the number of days between the date of the game and the
estimation month (see ‘weight” below). We finally report results from a two-stage estimation procedure
introduced by Jackson (2013) to allow for firm-worker match quality (see Jackson, 2013, Lazear et al.,
2015 and Peeters et al., 2020 for more). In this approach, referred to as “‘Spell” below, we estimate firm-
worker spell effects in the first stage, and then split these into worker and firm effects using weighted
least squares with inverse first stage standard errors as weights. This method forces a mean zero
assumption on the match quality of all spells a worker has over his career in the data but allows for

differing match qualities among spells.

Finally, we conduct two robustness checks regarding to the sample we use for our analysis. In the “+20
obs.” subsample we focus on worker hires for whom the worker effect is estimated on at least 20 game
observations. This should reduce the noise in the analysis, which may arise from the rehiring of
managers with very short initial spells. We also vary the group of novices to which we compare the
experienced hires. In our baseline we look at all first-time workers from the past ten years. Here we

reduce that comparison period to five years.
< Insert Table B1 and Table B2 around here >

Table B1 shows the summary statistics of the alternative ability measures we estimate, both in terms of
game results measures and estimation methods. In Table B2 we report the correlation between the
baseline measures from the main body of the paper and the alternative specifications outlined above.
The variants of the base methodology (Spell, Av. spell, 1V, Experience, Weighted and combinations
thereof) are all highly correlated with our baseline measure. While the cruder Add win% model has a
lower correlation it is still in the range 0.6 to 0.7, which is striking given the variety of factors not
controlled for in this naive model. Moreover, both measure correlate highly (~0.5) with very crude
performance measures, such as average win percentage and goal difference. The two alternative game
result measures (win% and Elo) also correlate highly with both worker performance measures reported

in the main body of the paper.
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< Insert Table B3 around here >

As in Table 4 in the main body of the paper, the top panel of Table B3 shows the analysis for the
mediocre threshold for the alternative ability measures and comparison groups, whereas the bottom
panel uses the substandard threshold. The robustness checks with Elo and win% largely confirm our
main results on hiring. If anything, using Elo points leads to a higher estimate of the share of mediocre
hiring. This is because using the Elo points favors recently entered managers vis-a-vis more experienced
managers. As van Ours and van Tuijl (2016) show, soccer managers generally get replaced following a
string of bad results. A bad streak of results lowers the club’s Elo rating and makes it easier to improve
over the next set of games, a phenomenon van Ours and van Tuijl ascribe to “reversion to the mean”. In
terms of our estimates of worker effects, recent entrants are proportionally more impacted by this early
reversion to the mean than the estimates of their more experienced counterparts. This effect is absent
when using either the goal difference or game outcome as the dependent variable for the worker ability
regressions. As such, it makes sense that we find more ‘mediocre’ hiring using the Elo model than other
output measures. Using the alternative estimation methods changes very little in the analysis of mediocre
hiring. This is not very surprising given the very high correlation between these measures and our
baseline measure. All results point in the same direction, i.e. between around 25% and 45% of all hiring
events involve a mediocre experienced worker. For the average novice threshold lies between around
21% and 29%.

Appendix C: Connectedness test for AKM regression model

In this appendix, we look into the connectedness of the underlying worker-firm network in our dataset.
As shown by Jochmans and Weidner (2019), the estimation error in the worker fixed effects critically
depends on the density of the connections in this network. When the connected network is too sparse,
the implied estimation error of the fixed effects explodes, which may bias any higher-order moments
calculated from these estimates. This problem is in effect a generalization of the “limited mobility bias”
discussed by Andrews et al. (2008) in relation to assortative matching in the labor market. In our case,
this problem could for example affect the estimated variance of the novice distribution, which we base

on the estimated novice fixed effects.

We test for the severity of this issue through the approach of Jochmans and Weidner (2019) to calculate
the implied bias in the variance of the worker fixed effects. Adopting the notation in Jochmans and
Weidner (2019), we first construct the adjacency matrix A,, for each of the 280 worker-firm networks
on which the estimation for each month p is based. We weigh the importance of each connection (i.e.
each moving worker) by the number of observations we have for the worker at each firm in the worker’s

career. We then calculate the Laplacian L; and normalized Laplacian S, of A4,. These matrices
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characterize the connectedness of the worker-firm network for each sample in the moving estimation
algorithm. Therefore the first non-zero Eigenvalue of S, 4,,, should be “bounded away” from 0 for the
network to be sufficiently connected. In Figure C1, we plot these values for each monthly sample in our
rolling algorithm. The eigenvalues increase as our sample progresses, which is intuitive because the
number of club effects grows at a slower pace than the connections between the clubs. Apart from the
very start of the rolling estimation, the eigenvalues are (much) larger than 0 and clearly above the 0.0039
reported by Jochmans and Weidner (2019) as an example of a weakly connected network. Hence, the

worker-firm networks in our analysis are sufficiently connected.
< Insert Figure C1 around here >

Using the matrices defined above, we can calculate the implied bias of the plug-in estimator of the
variance of the worker fixed effects measured as a percentage of the error variance. We show the results
on the right-hand axis of Figure C1. In line with our finding for the connectedness, we find that the
implied bias declines sharply as we move away from the very earliest subsamples. By the 20" monthly
subsample of our rolling estimation (month 120 of the dataset), the potential bias stays below 1% for
the remainder of the analysis. By way of comparison, the example of a well identified network given in
Jochmans and Weidner (2019) yields an implied bias of 5.8%, much higher than the levels we uncover

here.

Appendix D: Supporting Empirical Results

1. Worker ability and attrition
If firms are able to observe the ability of their own worker with increasing accuracy over time, we should
expect them to terminate their employment when he turns out to be of low ability. In Table 8, we look
at this relationship by estimating a linear probability model of employment termination. The regression

is of the form
ymip = .qu\mp + .quAq\mp—l + ﬁmep + Smp- (Dl)

The dependent variable, y,,;,, is an indicator, which equals 1 if the worker’s tenure at team i ended in
month p.® We explain spell termination by two main variables, (a) the current ability estimate of the
worker, Gy, and (b) the update in the ability estimate, relative to the previous month, Ag,,_;. We

further control for a vector of worker characteristics containing log of age, tenure and experience and

add FEs for the year, calendar month and division.

< Insert Table D1 around here >
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Table D1 confirms that workers with higher ability estimates have a significantly lower probability that
their employment spell is terminated. An improvement by one standard deviation leads to a decrease in
termination probability of around 2%, while the baseline termination probability is around 5%. A
positive update in the ability estimate relative to month p — 1 adds further to this effect. These results
also appear very robust to adding the other personal characteristics to the model. In conclusion, clubs
are more likely to retain high ability than low ability workers, and even more likely to retain them when

they are on an upward trajectory.

2. Worker ability and career dynamics
Finally, we assess the observability of worker ability to rival firms. First, we examine whether higher
estimated ability increases the probability of survival in the labor market. We estimate a linear

probability model where the dependent, y,,,, indicates that manager m is rehired by any other team in
any country after the end of his spell in month p. We insert the estimate of worker ability in month p,

and a vector of personal characteristics, X, as explanatory variables, i.e.

Ymp = ﬁq@mp + .Bmep + Emp- (D2)

Second, we estimate an ordered probit model of career progress using the same set of explanatory
variables. Here we model the probability of four categorical outcomes in terms of career progress, i.e.
not being rehired at all, being rehired in a lower division than the one you previously worked in, being

rehired in the same division, and being rehired into higher division.
< Insert Table D2 around here >

Table D2 reports the model estimates for our sample. The model variants display a strikingly consistent
pattern: workers with higher ability estimates on ending an employment spell are more likely to be
rehired and more likely to be rehired in a higher division. This supports the notion that clubs act on the
information revealed over time, both when rehiring incumbents and when poaching workers from lower

productivity clubs.

We also find that rehires and career progression are more likely for more experienced, younger and
foreign workers. This last observation may be due to the fact foreign managers would usually need to
be better than a domestic alternative when first being hired, either for objective reasons (e.g. language
skills) or prejudice, while over time those disadvantages are likely to diminish (while ability remains
stable).
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3. Predicting worker ability at entry and speed of convergence
As can be seen in Table 1, a good deal is known about most workers at the beginning of their career,
even when ability may not be observed. It seems reasonable to assume that the wealth of attributes teams
(and econometricians) can readily observe, contains some information to help predict worker ability.
Moreover, for our model to make sense, future ability estimates have to be predictable after a worker
has entered the labor market. We examine these assumptions by regressing the current worker ability
estimate on the ability estimate (a) in the previous month and (b) five months earlier. Thus our

forecasting model for novice ability is,
éI\mp+k = ﬁmep + ﬁq@mp t Emp- (D3)

Here, g is the ability estimate and k is the number of time periods we predict ahead (one or five). The
vector X,,,, includes worker characteristics in month p, in particular, log age, its square, the log month
of entry, a dummy for foreign managers and all variables in Table 1 which refer to the previous playing
career and labor market entry mode. To proxy the predictability of ability estimates before labor market

entry, we also run this regression excluding information we observe on the job, i.e.
q\m,p+k = IBme,p + Emp- (D4)

We focus on the adjusted R? of these regressions to identify the speed of convergence. The graphs of
the results for 1 and 5 months ahead are shown in Figure D1. Both graphs tell a strikingly similar story.
In the one month ahead model the R? jumps from around zero at entry to about 0.8 in the first month
and by ten months has risen to over 0.95 where it stabilizes. With the five months ahead model the
adjusted R? jumps from around zero at entry to about 0.6 in the first month and by twenty months has
risen to over 0.9 where it stabilizes. These results suggest that ability is revealed relatively fast in this
labor market. By comparison, Lange (2007) reports that the initial expectation errors of employers fall
by 50% within 3 years. The adjusted R? of the model based on pre-entry characteristics never moves
away from zero, which implies it is hard to predict the ability of novices from observable characteristics
prior to their entry in the labor market. Note that the entry mode into the labor market also has very
limited predictive power for worker ability. In other words, firms are not very successful in selecting
managers based on the private information they may have obtained during the manager’s previous

employment in other roles at the club.
< Insert Figure D1 around here >

An important caveat to this analysis is that we are restricted to assess the convergence from the point-

of-view of the econometrician. Firms may have access to private ability signals, which we cannot
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observe. In our view, this implies that in reality firms could uncover abilities even faster than we estimate

to be the case. In that sense, our assessment puts a lower bound on the speed of learning.

Endnotes

! Corresponding author, e-mail: peeters@ese.eur.nl, postal: Erasmus School of Economics, Postbus 1738, 3000
DR Rotterdam, Netherlands, phone: +32 494 12 49 36

2 E-mail: stefansz@umich.edu, postal: 1402 Washington Hts., Ann Arbor, M1 48109-2013, United States.

3 E-mail: marko.tervio@aalto.fi, postal: PO BOX 21210, FI-00076 Aalto, Finland

The authors agree to make all relevant datasets and estimation codes publicly available in a permanent online

repository.

4 See e.g. Cohen et al. (2018) and Peeters et al (2020) for analyses of managerial discretion and performance
using data from US basketball and baseball.

> see https://www.thepfa.com/coaching/courses/qualifications

& In recent years some high-profile managers have obtained multiple (e.g. four) year deals. This is a very recent
evolution and it has never been and still is not a standard practice for novice managers.

7 Apart from a brief expansion in the early 1990s, this number has been constant. Due to promotion and relegation
to and from the semi-professional (regional) level, there are more than 92 unique clubs in the dataset.

8 The exchange rate between the US dollar and the UK pound has fluctuated between $1.08 and $2.12 to the pound
over the period considered in this paper, averaging $1.63.

® Abowd et al (1999) apply employer and employee fixed effects to the estimation of individual wage equations
and develop an identification strategy based on moving employees. While we apply the same identification
strategy, our focus on firm output measures is more similar to the analysis of Bertrand and Schoar (2003). See
Muehlheusser et al. (2018) for an application of this method to football managers in the German Bundesliga.

10 within season manager turnover is high, such that choosing a longer updating period, e.g. a season, could result
in large time lags between a hiring/firing and the last update to the manager ability estimates.

11 We use Graham Taylor as reference manager, as he has a long career and is present from the start of the sample.
12 We vary this timeframe to assess the robustness of our findings, see appendix B.

13 Our sample of novices is by default restricted to workers who were hired at some point. Hence, we implicitly
assume that the available novice workers, who were not hired, are equivalent to novice workers who were selected.
If firms would have effective screening mechanisms for potential novices, our approach may overestimate the
ability of unselected novices. However, in appendix D we show that worker characteristics, which are observable
before labor market entry, do not predict the ability of novice workers very well. If successful screening exists, it
should largely be based on unobservable worker treats, something which we unfortunately cannot verify. While

the pool of potential novices is in principle global, we only consider workers who start their careers in England.
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Foreign managers who come to England are relatively scarce (Table 1) and tend to be at the upper end of the ability
distribution. Since we do not have data on the performance of novices abroad, we cannot say how representative
these migrant managers are of all potential foreign novices. Excluding these foreign novices means that we may
understate the expected ability of the true (global) novice pool. Note that a worker coming in after a career abroad
is neither ‘rehired’, nor part of the novice distribution. A manager coming to England with solely foreign
experience enters our analysis only if he obtains a second employment spell in England.

14 For example, in Figure 1, McMabhon is estimated to be mediocre at the start of his second employment spell,
therefore only his first spell is included in the counterfactual data of manager-months.

15 Some caution is required in interpreting these results, since we treat estimated abilities as given in the bootstrap
replications. In other words, the estimation error induced on the ability estimates by the AKM estimation is not
fully taken into account. However, bootstrapping the entire rolling estimation procedure would take up a
prohibitive amount of computer time.

6 In an attempt to separate voluntary ‘quits’ from involuntary ‘firings’, we also estimate models where the
dependent variable only equals 1 if the manager is not subsequently hired by a club playing in a higher division

than his current club. This yielded equivalent results, which are available on request.
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Figure captions

Figure 1: Optimal retention threshold y as function of liquidity constraint ¢ discount factor &
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Notes: The lines show the firm’s optimal retention thresholds as a function of the level of the liquidity
constraint (c¢) on the x-axis and the discount factor (&). We derive these from the theoretical model we
sketch in section 2 with uniformly distributed worker ability. Cases below the dashed line (population
mean) indicate “substandard” hiring. The limiting case of infinite patience (delta approaches 0) results
in the maximization of average steady state ability.
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Figure 2: Career evolution of ability estimates for selected workers
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Notes: The plots depict the evolution of the ability estimates of Arséne Wenger, Micky Adams and
Steve McMahon over the first ten years of their careers. The shaded area is the interquartile range for
the ability estimates of managers with the same experience in number of months since labor market

entry.
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Figure 3: Ability estimates of rehired experienced workers versus mean of recent novice workers
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Notes: The figure depicts the distribution of the ability estimates of rehired workers vis-a-vis the average
novice worker. We graph the Kernel density for the estimated worker ability minus the mean novice
ability at the time of hiring. We show results using a 10-year time window of past novices.
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Figure 4: Distribution of worker ability estimates in actual and counterfactual workforce

Subsample of replaced employment spells with “mediocrity” threshold
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Notes: The graphs depict the distribution of contemporary ability estimates in the actual and
counterfactual worker populations. The top panel focuses on the replaced subsample, i.e. end career
spells of mediocre workers. The bottom panel depicts the full sample results. The level of observation
is a worker-month, so each worker appears once for each month he has been active in the sample. Ability
estimates are expressed in standard deviations of the full sample of ability estimates.
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Figure C1: Global connectedness and implied bias in the variance of worker FEs for each

monthly estimation sample
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Notes: The top panel of this figure shows the 2" eigenvalue of the normalized Laplacian of the
adjacency matrix for each subsample in the rolling AKM estimation algorithm. The bottom panel depicts
the implied bias in the variance of the worker fixed effects as a % of the error variance. The ‘month’
values on the x-axis refer to the last month included in the subsample.
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Figure D1: Adjusted R-squared for regression of worker ability estimates 1 and 5 months ahead

on entry characteristics and current ability estimates, by number of months observed

Dependent variable is ability estimate 1 month ahead
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Notes: To form these graphs we draw subsamples of the dataset by the number of months a worker has
been observed in the data. In each subsample we regress worker ability estimates 1 month ahead (top
panel) and 5 months ahead (lower panel) on (a) a set of worker characteristics at labor market entry
(label: “no current”) and (b) the same set of entry characteristics plus the worker’s current ability estimate
(label: “incl. current’). The figures compare the adjusted R-squareds obtained by these models in each
subsample, both for all workers (‘no selection”) and for the subset of workers, that attains at least 50
monthly observations (‘selection’).



Table 1: Summary statistics at individual worker level by quartile in number of games present in dataset

Peeters, Szymanski, Tervio

Full sample Obs. quart 1 Obs. quart 2 Obs. quart 3 Obs. quart 4

Variables Obs. Mean St.Dev. Mean St.Dev. Mean St.Dev. Mean St.Dev. Mean St. Dev.
Observations

Games observed 942 1617 2013 104 7.3 51.5 16.3  138.8  40.3 4482 206.0

Months observed 942 36.4 46.0 2.3 15 11.3 3.8 30.9 9.2 101.6 47.7
Worker Characteristics

Av. Age (year) 819 43.0 6.51 43.0 7.75 41.8 7.09 42.3 6.29 447 4.89

Av. Exp. (game) 830 1420 1661 667 1588 79.8 1530 1149 1135 2721 1520

Av. Eng. Exp. (game) 830 115.6 141.2 27.2 98.8 49.1 101.3 88.3 76.8 257.5 139.8

Foreigner 830 0.060 0.238 0.098 0.298 0.078 0.270 0.060 0.239 0.021 0.145
Market Entry

Player-manager 827 0.295 0.456 0.244 0431 0.240 0.428 0.297 0.458 0.374 0.485

Other man. exp. 827 0518 0500 0580 0495 0555 0.498 0500 0501 0464 0.500

Intern hire 827 0.335 0.472 0.458  0.500 0.362 0.482 0.322 0.467 0.251 0.435

Division 942 2785 0982 2807 1.050 2978 0999 2.815 0.973 2543 0.849
Playing history

Play prof. 830 0.954 0.209 0910 0.288 0.952 0.214 0961 0.194 0975 0.158

Play big 4 830 0.665 0.472 0.602 0.491 0.683  0.466 0.625 0.485 0.723 0.448

Num. Eng. Team 830 3463 2291 3290 2631 3617 2353 3.362 2298 3509 2.003

Ex-player club 830 0.435 0.448 0.530 0.499 0.462 0.489 0.464  0.459 0.326 0.330

International 830 0.375 0.484 0.308 0.464 0339 0474 0431 0.496 0.391 0.489
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Notes: Table depicts summary statistics for all worker characteristics in the dataset at the level of the individual worker. We provide statistics for the full sample

and a breakdown by quartiles in the number of games we observe the worker.



Table 2: Summary statistics club-level data in estimation sample
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Subsample: Full sample Rank quart 1 Rank quart 2 Rank quart 3 Rank quart 4
Variables # Clubs Mean St.Dev. Mean St.Dev. Mean St.Dev. Mean St.Dev. Mean St. Dev.
Financial data (2010 k£)
Years observed 98 28.9 8.85 20.9 9.54 29.5 9.00 31.2 6.11 33.8 4.18
Wages 98 4763 6999 510 460 1252 715 4119 2761 12974 9400
Revenue 98 7339 12352 707 712 1787 937 5424 3847 21099 18003
Wage to turnover ratio 98 701% 11.7% 73.7% 80% 724% 94% 734% 13.1% 61.1% 11.2%
Fixed assets 98 10764 23603 662 643 1471 972 5948 4812 34383 37838
Sports results
Goals pro 98 57.8 3.60 58.0 3.48 59.2 2.60 57.1 3.04 57.0 4.70
Goals against 98 575 5.73 62.8 3.56 59.0 1.95 57.2 2.90 51.4 6.26
Goal Difference 98 0.28 7.19 -4.86 5.33 0.21 3.11 -0.09 3.24 5.64 10.26
Points 98 57.3 4.70 54.9 4.78 58.9 3.97 57.3 3.57 57.9 5.50
Win % 98 502% 38% 478% 26% 50.1% 1.9% 49.9% 2.0% 53.0% 5.6%
Managerial hiring
Number hires 98 17.1 6.89 13.0 6.34 18.2 6.97 19.0 5.75 17.9 7.00
# novice hires 98 7.93 3.92 8.00 4.02 9.60 4.01 8.46 3.86 5.68 2.79
Av. tenure 98 182 95.9 177 90.6 163 72.7 165 45.8 221 140
Av. hires/year obs. 98 0.60 0.18 0.64 0.17 0.64 0.19 0.61 0.15 0.53 0.20

44

Notes: Table shows summary statistics for club level variables in the dataset at the level of the individual club. We provide statistics for the full sample and a
breakdown by quartiles in the average end-of-season ranking the club obtains over the sample period. All clubs are limited liability companies registered in the
UK, which have to deposit a copy of their independently audited financial accounts with Companies House. This public agency makes the filings available to
the public. From this source, we are able to gather financial statistics for almost all the clubs. Accounts in one form or another were filed for 95% of the clubs
in our data, including data on wage expenditure for 85% of clubs. The table refers to clubs in the final sample, i.e. clubs for which we have at least ‘some’ years

of financial information.
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Table 3: Ability estimates at individual worker level by quartile in estimated ability

Full sample Ability quart 1 Ability quart 2 Ability quart 3  Ability quart 4
Obs. Mean St.Dev. Mean St.Dev. Mean St.Dev. Mean St.Dev. Mean St. Dev.
Score difference worker effects

Mean value 626 -0.302 1282 -1947 1157 -0463 0.237 0.160 0.170 1.051 0.605
Number monthly estimates 626  36.3 43.3 16.5 20.3 34.4 39.4 55.5 51.9 38.7 45.7
Total observations in data 626 1414 1755 89.2 1145 139.2 169.2 1999 2102 1372 1778
Win% vs. prior club average

Mean value 752 -0476 1603 -2514 1297 -0.672 0.228 0.033 0.210 1245 1.036
Number monthly estimates 752  33.8 42.7 9.660 12.6 31.6 31.0 51.7 48.9 42.3 53.2
Total observations in data 752 158.3 187.3 447 55.8 1475 1343 2510 2164 1899 2241

Notes: Table depicts the mean ability estimate, number of monthly estimates and total number of observations at the level of the individual worker. Numbers
refer to the average ability estimate for a worker across all observed periods. We provide statistics for the full sample and a breakdown by quartiles in estimated
worker ability distribution.
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Table 4: Count of “mediocre’ and ‘substandard’ experienced workers hired by division and comparison group

Ability Ability Division # novices # Spells # Spells % Spells # Rehired  # workers % workers
threshold Measure compared <threshold <threshold  workers < threshold < threshold
All 201 755 326 43.2% 322 192 59.6%
. 1 201 142 47 33.1%
Score dif. 2 201 235 90 38.3%
effect
3 200 181 84 46.4%
. 4 201 197 105 53.3%
Mediocre
All 255 819 333 40.7% 355 203 57.2%
1 250 150 53 35.3%
Added win% 2 250 250 91 36.4%
3 251 202 90 44.6%
4 250 217 99 45.6%
All 201 755 171 22.6% 322 123 38.2%
dif 1 201 142 22 15.5%
Zﬁ’f‘gg " 2 201 235 40 17.0%
3 200 181 50 27.6%
Substandard 4 201 197 59 29.9%
All 255 819 129 15.8% 355 100 28.2%
1 250 150 20 13.3%
Added win% 2 250 250 30 12.0%
3 251 202 36 17.8%
4 250 217 43 19.8%
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Notes: We depict results for the score difference worker effects and the added win% compared to previous managers. Columns 5-8 show the absolute and
relative number of employment spells where an experienced worker was mediocre at the time of hiring. Columns 9-11 show the absolute and relative number
of individual workers with multiple employment spells who started at least one employment spell as a mediocre hire. In the top panel we show results for the
mediocrity threshold, the bottom panel uses the mean novice as hiring threshold. Alternative ability measures and assumptions on the novice comparison group
lead to comparable results. See appendix A for more detail.
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Table 5: Summary ability and career length for counterfactual workforce

# Worker- Mean contemporary Bootstrap

months ability estimate std. error

Replaced spells mediocrity threshold

Actual ability 7,096 -0.1752 0.0083

Counterfactual ability 7,096 0.1791 0.0274
Average ability difference 7,096 0.3543 0.0296
Replaced spells substandard threshold

Actual ability 4,227 -0.3509 0.0112

Counterfactual ability 4,227 0.1766 0.0362
Average ability difference 4,227 0.5274 0.0387
Full sample ability difference

Actual vs. mediocrity threshold 22,697 0.1108 0.0094

Actual vs. substandard threshold 22,697 0.0982 0.0074

Substandard vs. mediocrity threshold 22,697 0.0126 0.0047

Notes: This table shows the results of a counterfactual, where we drop all employment spells in worker
careers, which occur after a worker has been hired as a mediocre/substandard worker. We replace these
spells by draws from the observed novice ability distribution, again disregarding spells following a
mediocre/substandard hire. We show the average difference in estimated ability for the subsample we
replace (top two panels) and for the full sample (bottom panel). We normalize the ability estimates by
subtracting the overall average and dividing by the standard deviation such that these numbers measure
standard deviations in ability. The level of observation is the individual worker-month, with the number
of observations indicated in the first column. We perform 100 bootstrap replications of this
counterfactual to assess the significance of the difference between the actual and counterfactual samples.
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Table 6: LPM results for probability that firm hires novice worker instead of ‘“mediocre’ or ‘substandard’ experienced worker

Firm hires: Mediocre worker (1) vs. Novice (0) Substandard worker (1) vs. Novice (0)
: 0.153** 0.240*** 0.174** 0.157** 0.238** 0.169*
Wage to revenue ratio (0.070) (0.083) (0.083) (0.079) (0.096) (0.097)
: 0.119** 0.086* 0.126* 0.071
Relative revenues (0.053) (0.052) (0.069) (0.069)
: -0.040 -0.011 -0.033 0.004
Relative wages (0.056) (0.055) (0.068) (0.068)
. 0.117%** 0.081**
Log hiring month number 0.034) 0.039)
Division 1 Baseline Baseline
A -0.149*** -0.037 -0.035 -0.150*** -0.020 -0.037
Division 2 (0.048) (0.064) (0.063) (0.055) (0.072) (0.071)
Division 3 -0.205*** -0.066 -0.066 -0.210*** -0.046 -0.068
(0.048) (0.074) (0.073) (0.054) (0.082) (0.081)
Division 4 -0.242%** -0.095 -0.080 -0.214*** -0.041 -0.050
(0.049) (0.076) (0.076) (0.055) (0.085) (0.084)
Constant -0.149*** -0.037 -0.035 -0.150*** -0.020 -0.037
(0.048) (0.064) (0.063) (0.055) (0.072) (0.071)
Calendar month FE No No Yes No No Yes
Observations 990 990 990 773 773 773
R-squared 0.028 0.038 0.084 0.025 0.036 0.087

Notes: Table reports regression results for a linear probability model where the dependent is an indicator equaling 1 if a rehire is mediocre/substandard, and O
if hire is a novice. We do not report point estimates for the hiring month FE to aid readability. Standard errors are given in parentheses, *** denotes significance
at 1% level, ** at 5% level, * at 10% level.
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Table 7: Transition probabilities from ‘mediocre’ to ‘non-mediocre’ during employment spell

Mediocrity threshold E_nd of Spell - Observations  Ability Estimator
non-mediocre mediocre

= - 1 0 0

S non _medlocre 85.1% 14.9% 429 Score dif. FE
&9 | mediocre 17.5% 82.5% 326

o .

© -med 86.8% 13.2% 486 .

£ non _me iocre 0 0 Add win%

o | mediocre 18.9% 81.1% 333
Substandard threshold End of Spell Observations  Ability Estimator

non-substandard | substandard

= _ 0, 0

© | .non substandard 95.7% 3.3% 584 Score dif. FE
& | substandard 33.9% 66.1% 171

S non-substandard 96.3% 3.7% 690 .

IS Add win%

o | substandard 38.0% 62% 129

Notes: Table displays the transition probabilities for a worker to move from mediocre (substandard) to
non-mediocre (non-substandard) over the course of an employment spell. At both the start and end of
the employment spell, we compare the ability estimate of the experienced worker to the
contemporaneous novice distribution. Hence, both movements in the pool of available entrants and
updates to the worker ability estimates may cause shifts in the categorization.
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Table B1: Summary statistics alternative ability estimation methods

Full sample Ability quart 1 Ability quart2  Ability quart 3  Ability quart 4
Estimation method Obs. Mean St.Dev. Mean St.Dev. Mean St.Dev. Mean St.Dev. Mean St. Dev.
Alternative outcome measures
Win% worker effect 626 -0.275 1298 -1.969 1.002 -0471 0.233 0.204 0.175 1.145 0.698
Elo worker effect 626 -0.078 1.493 -1.814 1304 -0.291 0.179 0.266 0.158 1.535 1.173
Score difference worker effects
IV for wage bill 626 -0.310 1.269 -1.924 1.081 -0.535 0.234 0.155 0.176 1.071 0.638
Experience polynomial 626 -0.370 1.294 -2.012 1.168 -0539 0.205 0.065 0.166 1.015 0.656
1% stage spell effect 626 -0.274 1206 -1.832 0.996 -0.469 0.234 0.188 0.155 1.024 0.618
Weighted by recency 626 -0.314 1.242 -1.918 1.145 -0.444 0.217 0.141 0.150 0.974 0.573
IV wage bill + experience polynomial 626 -0.376 1.290 -2.001 1.107 -0.583 0.222 0.042 0.163 1.045 0.691
IV wage bill + spell effect 626 -0.284 1.172 -1.792 0.892 -0507 0.226 0.146 0.183 1.025 0.623

IV wage bill + weighted by recency 626 -0.323 1234 -1909 1.066 -0.513 0.210 0143 0.172 0.996 0.607

Notes: Table reports summary statistics on the ability estimates at the level of the individual worker. Numbers refer to the average ability estimate for a worker
across all observed periods. We provide statistics for the full sample and a breakdown by quartiles in estimated worker ability distribution.
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Table B2: Correlation among ability estimates at spell level

Correlation Add Win% Elo Scoredif. Scoredif. Scoredif. Score dif. Score dif. Score dif. Score dif. Av.  Av. goals
coefficient win% effect effect +1V + exp. + spell weight  + 1V +exp. +I1V +spell +1V weight win%  scored
Score dif. eff. | 0.621 0.900 0.657  0.968 0.961 0.901 0.979 0.931 0.850 0.954 0.592 0.492
Add win% 0.697 0.639 0.613 0.647 0.555 0.607 0.640 0.543 0.601 0.844 0.644
Win% eff. 0.811  0.859 0.869 0.811 0.880 0.830 0.756 0.845 0.669 0.483
Elo eff. 0.623 0.669 0.605 0.658 0.639 0.565 0.626 0.596 0.417

Notes: Table reports the correlation coefficient between different estimation methods for worker ability and the baseline measures used in further analysis. We
take the ability at the end of each spell as the unit of observation. Method names include ‘1’ when wages and assets are instrumented with past values, ‘exp.’
when estimation includes experience polynomial, and ‘Spell” when ability is estimated with worker-firm spell dummies, which are decomposed in a 2" stage.
We do not separately report significance, as this is always found to be below p<0.01.



Table B3: Mediocre rehires in alternative estimation models and novice comparisons
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Ability Estimation Subsample Novice # Spells # Spells % Spells # Rehired # workers % workers
threshold  method comparison < threshold <threshold workers  <threshold < threshold
Win % eff. Full 10 years 755 422 55.9% 322 219 68.0%
Elo eff. Full 10 years 755 657 87.0% 322 288 89.4%
Score eff. + Exp. Full 10 years 755 333 44.1% 322 204 63.4%
Score eff. + spell  Full 10 years 755 183 24.2% 322 125 38.8%
Mediocre  Score eff. weight Full 10 years 755 343 45.4% 322 203 63.0%
Score eff. 20+ obs. 10 years 679 297 43.7% 275 163 59.3%
Score eff. Full 5 years 755 289 38.3% 322 182 56.5%
Win % eff. Full 10 years 755 173 22.9% 322 124 38.5%
Elo eff. Full 10 years 755 293 38.8% 322 173 53.7%
Sub- Score eff. + Exp. Full 10 years 755 159 21.1% 322 118 36.6%
standard  Score eff. + spell Full 10 years 755 161 21.3% 322 117 36.3%
Score eff. weight Full 10 years 755 171 22.6% 322 125 38.8%
Score eff. 20+ obs. 10 years 679 197 29.0% 275 121 44.0%
Score eff. Full 5 years 755 191 25.3% 322 123 38.2%

Notes: See table 4 notes.
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Table D1: Linear regression results for probability of employment spell termination in month of
analysis

Dependent variable: Spell Termination
-0.026*** -0.022*** -0.025***
(0.005) (0.003) (0.005)
-0.033*** -0.038***
(0.010) (0.008)

Ability estimate

Dif. ability estimate prev. month

Log tenure 0.003**
(0.001)
Log age 0.067***
(0.017)
Log experience -0.007°**
(0.002)
Constant 0.065***  0.061*** -0.564***
(0.003) (0.002) (0.155)
Observations 19,591 18,976 18,945
Month FE No No Yes
Division FE No No Yes
Year FE No No Yes
R-squared 0.003 0.002 0.032

Notes: Table reports linear probability model estimates where the dependent variable equals 1 if the
worker leaves the firm in the month of analysis and O otherwise. Separate analyses using alternative
ability measures and/or Cox hazard models yielded equivalent results and are available on request to the
authors. We report bootstrapped standard errors in parentheses, *** denotes significance at 1% level,
** at 5% level, * at 10% level.
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Table D2: Regression results for career progression after current employment spell

Dependent Variable: Ever rehired indicator Career progress
Ability est. at 0.187*** (0.112***  (0.110*** (0.394*** (.235***  (.235***
spell end (0.025)  (0.027)  (0.030)  (0.051)  (0.069)  (0.082)
Average win% -0.095 -0.125 -0.332 -0.360
(0.201) (0.181) (0.523) (0.466)
Average goals pro 0.249***  0.260*** 0.647***  0.681***
(0.074) (0.077) (0.231) (0.196)
Log games 0.059***  0.061*** 0.143***  0.140***
(0.013) (0.010) (0.032) (0.034)
-0.583*** -0.591*** -1.447%** -] 5Q8***
Log age
(0.108) (0.097) (0.261) (0.306)
Foreigner 0.225***  (0.118** 0.394*** 0.168
(0.052) (0.051) (0.143) (0.149)
Log month number 0.065* 0.051 0.177* 0.138
at spell end (0.038)  (0.041) (0.110)  (0.110)
Entry mode No Yes No No Yes No
Playing career No No Yes No No Yes
Month FE No Yes Yes No Yes Yes
Observations 1,250 1,244 1,244 1,250 1,244 1,244
(Pseudo-)R2 0.058 0.128 0.134 0.015 0.044 0.047
Estimation method: Linear Probability Model Ordered Probit Model

Notes: The left panel displays regression results for a linear probability model where the dependent
variable is an indicator, which equals 1 if a worker is rehired as a manager anywhere in England or
abroad after the current employment spell ends, and 0 otherwise. The right panel shows an ordered probit
model, where the dependent variable categories are defined as follows, 0 if the worker is never rehired;
1 if the worker is rehired in a lower division as where current spell started; 2 if the worker is rehired in
same division as where current spell started, and 3 if the worker is rehired in a higher division as where
current spell started. Foreign leagues are deemed equivalent to the English second division, apart from
the big 4, who are deemed equivalent to division 1. The categories ‘entry mode’ and ‘playing career’
refer to the variables given in Table 1 under these headings. Point estimates are not reported to aid
readability but are available on request to the authors. We report bootstrapped standard errors in
parentheses, *** denotes significance at 1% level, ** at 5% level, * at 10% level.
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