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Abstract
As on-field success is nowadays the main objective
of European soccer clubs, good management needs to
extract the highest sport success from the squad talent at
hand. Because teams differ in their quality, performance
needs to be compared with the best practice of com-
parable units. One remarkable source of heterogeneity
across teams is the squad composition, which can pro-
duce gains from diversity together with communication
costs. The paper studies the efficiency in sporting per-
formance of soccer teams, paying attention to how the
number of foreign players relates to productive ineffi-
ciency. Using data for 146 teams in the top 5 European
leagues during 10 seasons, we estimate a double het-
eroskedastic True Random Effects Stochastic Frontier
teamproduction function.We find that (i) the number of
passes, ball recoveries, and shots from the penalty area
improve team efficiency, and (ii) a higher number of
foreign players increase inefficiency. Our findings sug-
gest that gains from squad diversity might be offset by
communication costs.
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1 INTRODUCTION

Elite soccer is one of the most popular sports in the world, especially in Europe. Although many
modern soccer clubs operate in the stock market and behave close to profit-maximizing firms,
there is consensus in the literature that the ability to outperform rivals on the playground is
the major determinant of subsequent club revenues and financial stability, at least on average
(Carmichael et al., 2011). That is, professional soccer teams behave more like win-maximizers
than like profit-maximizers because the latter strongly depends on the former (Garcia-del-Barrio
& Szymanski, 2009).1 Therefore, the main objective for club owners and managers is to extract
the highest sport success from the squad talent at hand.2
Although theoretically all soccer teams compete on equal conditions, their aspiration levels and

performance capabilities are different. Teams differ on their fan base, squad talent, club history,
and team composition. Whereas some compete for winning the title or qualifying to European
competitions, others fight for avoiding relegation to the second division. The analysis of efficiency
in teammanagement thus needs to consider the differences in talent and technology through play-
ing style that determine the outcome possibilities. The identification of soccer teams’ efficiency
has important implications, not only for team management but also because performing behind
the potential translates into lower fans’ satisfaction (González-Gómez & Picazo-Tadeo, 2010).
In this paper, we model soccer teams’ technical efficiency taking the number of points per sea-

son as the output measure. Therefore, we are concerned about sporting performance (on-field
production) rather than economic performance (off-field production). We estimate a stochastic
frontier production function by which the total points are modeled as a function of the quantity
and quality of the players in the squad through the team market value. Experience and physical
conditions are also controlled for by considering team average age.
The role of team composition on productive efficiency has become an issue of interest in the

economics literature. There is some evidence that there are spillovers in professional sports team
production so that both individual and team performance depend on the composition of the
team (Arcidiacono et al., 2017; Gelade, 2018; Torgler & Schmidt, 2007). Whereas traditionally the
literature has focused on racial discrimination (Kahane, 2005; Szymanski, 2000), a growing body
of research has started to pay attention to the effect of cultural diversity on team performance
(Addesa et al., 2022; Beine et al., 2021; Kahane et al., 2013; Tovar, 2020). While several works
have detected positive gains from labor factor diversity when working together through skill
complementarities (e.g., Roupakias & Dimou, 2020), the international mixing of players into the
same squad might on the contrary create communication barriers that produce integration costs,
in-line with the seminal works by Lazear (1999a, 1999b). Therefore, it is unclear whether teams
benefit or not from internationally diverse squads, which has important economic implications
for teammanagement and hiring strategies. Therefore, a second goal of the paper is to study how

1Ultimately, club revenues from box offices, TV broadcasting rights, sponsorships, merchandising, or player transfers are
heavily dependent on sporting performance.
2 Hereafter we use the term “manager” to refer to the trainer/coach of the team.
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deviations from the frontier are associated with team nationality heterogeneity in terms of the
number of foreign players in the squad.
We estimate a double-heteroskedastic True Random Effects (TRE) model (Greene, 2005a,

2005b) that considers time-variant inefficiency together with individual effects capturing unob-
served heterogeneity at the team level. We allow the variance of the inefficiency term to be a
function of team characteristics, including the number of foreign players in the squad. One nov-
elty of our work is that rather than studying the influence of team composition on performance
directly, we study how deviations from the frontier (productive inefficiency) can be attributed to
cultural frictions within the team conditional on other factors. That is, we investigate whether the
role of players’ nationality on team output operates through productive inefficiencies. In addition
to this, we take inspiration from the baseball and basketball teamperformance literatures and con-
sider game-statistics (the total number of passes, the number of ball recoveries, and shots from
inside the penalty area) as controls for explaining the differences in team efficiency (Hofler &
Payne, 1997; Jewell & Molina, 2004; Lee, 2011; McGoldrick & Voeks, 2005). The impact of partici-
pation in aEuropean competition and differences in inefficiency across leagues are also examined.
Additionally, our econometric modeling takes into account the degree of favoritism of teams by
allowing the variance of the random noise to depend on the ex ante winning probabilities based
on betting odds.
Our dataset consists of 956 team-level observations on 146 clubs that participate at least during

two periods in the 5 most important European leagues over 10 seasons, from 2009–2010 to 2018–
2019. Compared to related studies on productive efficiency in soccer, our data is broader (in terms
of leagues and teams’ coverage) and deeper (concerning the time span). In this vein, whereas
most studies focus on a single league, we study productive efficiency exploiting a larger sample
size using information for the Big Five. Although some scholars have considered different leagues
within the same country (Bridgewater et al., 2011; Feng & Jewell, 2021; Jewell, 2017), there are no
studies on productive efficiency that use data for the top five European leagues. Accordingly, we
consider our results to be more general than previous research.
We find that, conditional on team quality input, (i) the average age of the squad exhibits a U-

shaped relationship with the number of points earned; (ii) offensive and defensive indicators are
significant predictors of differences in technical inefficiency across teams, with the number of
passes being the variable that most contributes to improve teams’ efficiency; and (iii) productive
inefficiency increaseswith the number of foreign players in the squad.We interpret the latter find-
ing as suggestive that integration costs weight more than the potential gains from team diversity.
Furthermore, our results show that Spanish teams are, on average, more efficient and that team
ranking is strongly associated with technical efficiency in resource management.
The remainder of the paper is structured as follows. After this introductory section, in Section 2

we review the related literature. Section 3 outlines the theoretical framework, the choice of the
input and output measures, and the econometric modeling. Section 4 describes the database and
reports descriptive statistics. Section 5 presents the model estimates together with a discussion of
our findings. Finally, Section 6 concludes.

2 LITERATURE REVIEW

In this section, we first review the literature on productive efficiency in soccer. Next, we briefly
discuss existing evidence on how diversity affects team performance.
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2.1 Productive efficiency in soccer

The analysis of sporting production functions has a long tradition in professional sports. Following
the seminal work by Scully (1974), scholars have related measures of team performance (output)
to a set of inputs (mainly player’s talent) in different sports such as rugby (e.g., Carmichael &
Thomas, 1995), baseball (e.g., Jewell &Molina, 2004), soccer (e.g., Feng & Jewell, 2021), Ameri-
can football (e.g., Hadley et al., 2000), basketball (e.g., Lee & Berri, 2008), and hockey (Kahane,
2005). A common interest within this literature is the analysis of technical efficiency (i.e., the
management of inputs to produce sporting success).
For the case of soccer, there is a burgeoning body of literature concerned about productive

efficiency. Whereas some scholars study cost efficiency (Barros & Leach, 2007; Barros et al., 2009,
2015; Ghio et al., 2019), others focus on sporting productive efficiency (Carmichael et al., 2017;
Espitia-Escuer & García-Cebrian, 2010, 2020; Jewell, 2017; Zambom-Ferraresi et al., 2017, 2019).3
A stylized fact is the existence of high levels of efficiency, which is argued to be due to the highly
competitive nature of the leagues.
Earlier studies used Ordinary Least Squares (OLS) regression to model sporting production

functions (e.g., Carmichael et al., 2000). However, this approach has the drawback that the esti-
mates represent average efficiency. To properly assess productive efficiency, performance needs
to be compared to the full efficiency benchmark. That is, a frontier of the maximum attainable
output for each level of inputs needs to be estimated. This has been done both using data envelop-
ment analysis (e.g., Espitia-Escuer & García-Cebrián, 2010) and stochastic frontier analysis (SFA)
(e.g., Jewell, 2017). To date, none of the two approaches has been shown to be superior. Whereas
the former is nonparametric and does not impose any functional form to the production function,
the latter has the advantage that it allows for random noise. This seems to be particularly rele-
vant in soccer, as deviations from the frontier might be partially due to events beyond the team
performance and the choice of tactics.
Table 1 presents an overview of existing studies concerned about productive efficiency in soccer.

The literature concerned about efficiency in costs is not summarized here. Overall, most studies
consider team’s market value as the main input and the number of points achieved by the end of
the season as the output. Data Envelopment Analysis (DEA) is themost usedmethodology, partly
due to the fact, it does not require the researcher to assume any functional form. Importantly, only
a few papers have aimed to explain the determinants of inefficiency. These studies have mainly
focused on the role of managers’ characteristics (Buzzacchi et al., 2021; Dawson & Dobson, 2002;
Frick & Simmons, 2008), clubs’ value and debt (Halkos & Tzeremes, 2013), or type of club owners
(Rohde & Breuer, 2018). We expand this literature by paying attention to the effect of the number
of foreign players in the squad and some game statistics.

2.2 Diversity and team performance

Existing empirical evidence on the influence of diversity on productivity is rather unconclusive to
date (see Ozgen, 2021 for a review). Whereas some authors report that that diversity is positively
related with labor productivity (Roupakias & Dimou, 2020), others find negative (Dale-Olsen &

3A recent stream of literature has started to go beyond and analyze scoring efficiency (e.g., Villa & Lozano, 2016), social
efficiency in terms of the capacity to attract people to the stadium (Özaydin & Donduran, 2020) or efficiency in soccer
betting markets (e.g., Fischer & Haucap, 2022).
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1218 BOTO-GARCÍA et al.

Finseraas, 2020; Lyons, 2017) or nonsignificant differences (Homroy& Soo, 2020; Trax et al., 2015).
One potential explanation is that different types of diversity (gender, education, race, or national-
ity) exert distinct effects and vary depending on the case study and type of firm/setting considered.
From a theoretical viewpoint, the expected gains are due to skill complementarities, assimilation,
and spillover effects (Ozgen, 2021). However, in the case of nationality diversity, these gains might
come at a cost of linguistic and cultural frictions, whichmight narrowdown the economic benefits
through transaction costs and tensions within workplaces (Lazear, 1999b).
A recent line of research has started to study the role of team diversity in sports teams, docu-

menting mixed findings. Beine et al. (2021) documented that genetic diversity among teammates
exerts a positive causal effect on team performance. This likely happens because teams can bene-
fit from a larger variety of skills when the squad is composed of a diverse group. On the contrary,
other studies find that themixing of players from different originsmakes integration costs to over-
ride the gains from diversity. Addesa et al. (2022) found that team fractionalization in Italian Serie
A soccer league exerts a negative effect on performance. Kahane et al. (2013) reported that hockey
teams benefit from the presence of foreign players in the squad; however, high levels of multi-
culturalism result in losses from integration costs. Similarly, Tovar (2020) showed that there is a
nonlinear relationship between the predominant nationality of a team’s roster and performance;
performance improves only when a large share of the squad has the same nationality.

3 MODEL

3.1 The production function in sports

A production function specifies the maximum possible output as a function of a set of inputs.
Following Scully (1974), the production function in sports can be specified as follows:

𝑃 = 𝑓 (𝐿, 𝑍) (1)

where𝑃 is ameasure of teamperformance (output), 𝐿 refers to the playing talent, and𝑍 represents
a set of contextual factors that affect performance. Therefore, the sporting production function can
be understood as a process by which during a match players’ talent is combined with managerial
guidance to produce the sport result (win, draw or defeat).

3.1.1 Output

The output of a sporting production function is team performance. The total number of points
achieved by the end of the league is the most used in soccer (see Table 1).4 Some studies use
the number of points relative to the maximum points attainable (Carmichael et al., 2011, 2017).

4 Although some scholars have used the number of wins or the winning percentage (Dawson et al., 2000a), this has the
drawback that tied matches, which are rewarded 1 point each, are treated in the same fashion as defeats. For some teams,
especially weaker ones, draws can be highly valued.
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BOTO-GARCÍA et al. 1219

Nevertheless, if the maximum number of points is constant in the sample, this is merely a scale
adjustment.5

3.1.2 Input

There is an ongoing discussion in the literature about how to define the inputs in professional
sports. Whereas scholars agree that players’ talent is the main input (Lee & Berri, 2008), the con-
troversy arises regarding how to measure it. To proxy it, some studies have used the team wage
bill (Bridgewater et al., 2011; Frick & Simmons, 2008; Kahane, 2005). However, wages tend to be
nondecreasing with player’s age, reflecting in some cases status due to past contributions to team
performance rather than the current value of the marginal product. Differences in salary negoti-
ation ability across players’ agents might also be present. Furthermore, information on players’
wages is not always available.
As an alternative, we use themarket value of the team (TEAM_VALUE) prior to the start of each

season to measure squad talent, as done by Dawson et al. (2000a), Frick and Simmons (2008),
Rohde and Breuer (2018), and Zambom-Ferraresi et al. (2019), among many others. The players’
transfer market is assumed to be competitive so that potential buyers and sellers meet under sym-
metric information (Terviö, 2006). Accordingly, each marginal unit of talent T is equally priced
(i.e., there is not price discrimination).6 Themarket value of player j (the expected value any other
team is willing to pay for hiring him) is a valid proxy of his talent if we take talent price as a
numeraire:

𝑉𝑗 = 𝑝𝑇𝑗 (2)

where𝑉𝑗 is themarket value of player j,𝑇𝑗 is the units of talent of player j, and p is the equilibrium
price per unit of talent in the market. If we aggregate the market value of all the players in the
squad, the team market value is

𝑇𝐸𝐴𝑀_𝑉𝐴𝐿𝑈𝐸𝑖𝑡 =
∑𝐽

𝑗 = 1
𝑉𝑗𝑖𝑡 (3)

where i indexes teams and t seasons. Squads with greater talent should, ceteris paribus, perform
better. Note that TEAM_VALUE captures both the size and the overall talent of the team.7 To
allow for a nonlinear effect of this input on the number of points earned, we also considered its
square (TEAM_VALUE2).

5 If the dependent variable is expressed in logs, then the log of the maximum points is captured in the constant term of the
production function.
6 During the winter and summer transfer windows, teams can trade players (their property rights). Most transfers are done
during the later. Any club can freely bid for any player in other club and start a negotiation process. From this perspective,
teams freely compete for hiring players (Frick&Lee, 2011). An overview of labormarkets in professional sports is presented
in Rosen and Sanderson (2001).
7 Auxiliary panel regressions (available upon request) with the team effects treated either as fixed or as random show
TEAM_VALUE is positively (negatively) and significantly correlated with the goals scored (conceded), suggesting it is a
valid indicator of team quality.
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1220 BOTO-GARCÍA et al.

3.1.3 Contextual variables

It is common in the soccer literature to consider contextual variables that cannot be considered
inputs but exert an effect on the output (Barros et al., 2015). As the soccer product is the result
of an interaction between two teams, it seems necessary to control for the quality of the opposite
teams (Dawson et al., 2000a). Given a squad talent, teams playing against more talented oppo-
nents would find it more difficult to succeed. Therefore, the production function includes the
average market value of the opposite teams competing in the same league in season t discount-
ing the corresponding one for team i (OP_TEAM_VALUE). This is a common practice in studies
concerned about team performance in soccer (Bucciol et al., 2019).
The second control variable considered is the average age of the squad (TEAM_AGE). On the

one hand, Carmichael et al. (2001) argued that, together with squad talent, the physical condi-
tions of the players in terms of form and fitness are important determinants of team success.
Weimar and Wicker (2017) showed that the distance run and the number of intensive runs (as
effort proxies) are significant predictors of the winning probability. On the one hand, older players
are expected to have greater experience, which conveys an advantage through a better knowledge
of the game and tactical learning. Therefore, the average age of the squad captures both play-
ers’ experience and physical conditions. Carmichael and Thomas (1995) and Dawson and Dobson
(2002) included it in the sporting production function and found an inverted U-shaped relation-
ship between team average age and performance: Up to a point, the positive effect of experience
is overshadowed by worsening physical performance. By contrast, Torgler and Schmidt (2007)
documented that younger teams perform better, documenting a U-shaped relationship. In this
respect, Sal de Rellán-Guerra et al. (2019) evaluated that the effects of age on competitive match
performance play and report that players older than 30 show lower performance in the distance
covered and number of fast runs (worsening of physical conditions), but that the ability to make
successful passes increases with age (experience effect). Similar findings are reported in Zhou
et al. (2020). Overall, the effect of squad average age on the output is undetermined a priori. To
allow for nonlinearities, we include this variable in levels and in a squared form (TEAM_AGE2).
Additionally, we include a set of team individual effects. This aims to capture time-invariant

teamcharacteristics such as the population size of the club’s hometown, the number of supporters,
the size of the stadium, or the history of the club. Empirical evidence documents that the local fan
base and club size positively impact team performance (Barros & Leach, 2007). These individual
effects therefore control for omitted variable bias due to team unobserved heterogeneity.

3.2 Econometric modeling

Traditionally, studies that apply SFA to soccer specify the inefficiency term to be time invariant.
This has the drawback that any time-invariant cross unit heterogeneity is collapsed into the ineffi-
ciency term (Greene, 2005a). In the soccer context, this assumption is inappropriate because there
might be some team-specific characteristics that affect performance and are not inefficiency.Mod-
els that assume the inefficiency increases or decreases smoothly over time are neither well suited,
as the zero-sum game of the round-robin competitionmakes it unlikely that the inefficiency of all
the teams follows the same trajectory (Lee & Berri, 2008). We need a model that separates inef-
ficiency from unobserved heterogeneity at the same time that it allows inefficiency to vary over
time without any rigid structure. Therefore, we use the TRE model developed by Greene (2005a,
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BOTO-GARCÍA et al. 1221

2005b). The model is specified as follows:

log 𝑦𝑖𝑡 = 𝛼 + 𝛽1 log 𝑇𝐸𝐴𝑀_𝑉𝐴𝐿𝑈𝐸𝑖𝑡 + 𝛽2 (log 𝑇𝐸𝐴𝑀_𝑉𝐴𝐿𝑈𝐸𝑖𝑡)2 + 𝛿𝑍𝑖𝑡 + 𝛾𝑖 + 𝑣𝑖𝑡 − 𝑢𝑖𝑡 (4)

where log 𝑦𝑖𝑡 is the log of the output for team i (𝑖 = 1, … , 𝑁) in season t (𝑡 = 2009 −

−2010, … , 2018 − −2019), 𝛼 is the intercept, log 𝑇𝐸𝐴𝑀_𝑉𝐴𝐿𝑈𝐸𝑖𝑡 is the team quality input, 𝑍𝑖𝑡 is
a set of contextual variables (log TEAM_AGE, log TEAM_AGE2, and log OP_TEAM_VALUE), 𝛾𝑖
is a team-specific effect that captures time-invariant heterogeneity, 𝑣𝑖𝑡 is a normally distributed
error term with zero mean and variance 𝜎𝑣 that captures statistical noise, 𝑢𝑖𝑡 is a nonnegative
time-variant inefficiency termwith variance 𝜎𝑢, and 𝛽1, 𝛽2, and 𝛿 are parameters to be estimated.
Deviations from the frontier that are due to chance or back luck are captured in 𝑣𝑖𝑡, whereas

those due to inefficiency are gathered in the one-sided inefficiency term 𝑢𝑖𝑡. Different distribu-
tions have been proposed for the inefficiency term. Here we specify 𝑢𝑖𝑡 as a half-normal truncated
at zero, which is the most common. The total variance of the composite error term is given by
𝜎2 = 𝜎𝑢

2 + 𝜎𝑣
2. If the signal-to-noise ratio (𝜆 = 𝜎𝑢 ∕𝜎𝑣) is statistically different from zero, which

means that part of the error term is due to the one-sided inefficiency term, and therefore the SFA
model is preferred over a deterministic frontier. The inefficiency scores (i.e., the amount by which
a team fails to reach the frontier) are subsequently calculated using the procedure developed by
Jondrow et al. (1982), which derives the conditional expectation of 𝑢𝑖𝑡 based on the realized value
of the composite error term ( 𝜀𝑖𝑡 = 𝑣𝑖𝑡 − 𝑢𝑖𝑡) as follows:

𝑢𝑖𝑡 = 𝐸 (𝑢𝑖𝑡|𝜀𝑖𝑡) = 𝜎𝜆

1 + 𝜆2

[
𝜙 (𝑎𝑖𝑡)

1 − 𝜃 (𝑎𝑖𝑡)
− 𝑎𝑖𝑡

]
(5)

where 𝑎𝑖𝑡 = 𝜀𝑖𝑡 𝜆∕𝜎, 𝜙(.) denotes the standard normal density function, and 𝜃(.) indicates
the cumulative density function. Individual-specific output-oriented technical efficiency scores
are subsequently computed as 𝑇𝐸𝑖𝑡 = exp(−𝑢𝑖𝑡). These technical efficiency scores therefore
measure the ratio of the observed output to the maximum feasible output so that

𝑇𝐸𝑖𝑡 = exp (−𝑢𝑖𝑡) =
𝑦𝑖𝑡

𝑓 (𝑥𝑖𝑡, 𝛽) exp (𝑣𝑖𝑡)
(6)

In ourmodel specification, the individual effects are treated as “random” rather than as “fixed”.
This is because in short/unbalanced panels Greene’s True Fixed Effects model might produce a
problem of incidental parameters bias (Belotti & Ilardi, 2018). This would lead to inconsistent
estimates of the team-specific intercept, which in turn affects the inefficiency estimates. Even
though our dataset covers 10 seasons, the relegation and promotion system make some teams to
be only observed for a reducednumber of periods. Accordingly, the TRE is a three-part disturbance
model that is a special case of the random parameter SFA with a random intercept.8 The model
is estimated by maximum simulated likelihood using Halton draws. Further details on the model
estimation can be found in Greene (2005a, 2005b).
Contrary to other panel data applications, our model does not include time effects. This is due

to the joint product characteristic of the sports industry (zero-sum game). As in soccer the average

8 This modeling framework assumes that productive heterogeneity is captured in the intercept but that clubs share the
same technology. Although some related studies have relaxed this using latent class (Barros et al., 2009; Jewell, 2017)
or random parameter (Feng & Jewell, 2021) SFA models, these models require large datasets for reliable parameter
identification.
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1222 BOTO-GARCÍA et al.

winning (losing) percentage is 0.33, there are no reasons to believe that the average efficiency of
the industry would change over time (Dawson et al., 2000a; Frick & Lee, 2011; Lee, 2009; Lee &
Berri, 2008). However, note that our inefficiency term is time-varying because teams might have
different temporal variations in inefficiency relative to each other.

3.2.1 Determinants of the variance of inefficiency

An interesting aspect of the SFA analysis is the possibility of explaining the determinants of inef-
ficiency. Studies by Hofler and Payne (2006) and del Corral et al. (2017) in basketball, Dawson and
Dobson (2002), Frick and Simmons (2008) and Rohde and Breuer (2018) in soccer, and Kahane
(2005) in hockey have explored the determinants of the mean (or variance) of inefficiency using
SFA. In the same spirit, we allow the variance of the half-normal inefficiency term to be an
exponential function of team characteristics as follows:

𝜎𝑢𝑖𝑡 = exp (𝜃0 + 𝜃1𝑇𝑒𝑎𝑚𝑖𝑡) (7)

where 𝑇𝑒𝑎𝑚𝑖𝑡 is a set of time-varying team characteristics, 𝜃0 is a constant term, and 𝜃1 are
parameters to be estimated.9 Specifically, we consider the following team characteristics:

∙ Number of foreign players in the squad: As discussed in Section 2, team compositionmight play
an important role for successful cooperation among teammates. Team’s interactive capabilities
on the playground depend on the interactive capacities of its individual players (see Prat (2002)
for a theoretical characterization). To explore whether the number of foreign players exerts any
influence on productive inefficiency, we consider the number of foreign players in the squad (in
logs), denoted by log FOREIGN. As a robustness check, we also consider the share of foreign
players over total players in the squad (also in logs), denoted by log SHARE_FOREIGN.

∙ Game statistics: Managers play a key role in team performance through team management
(Frick & Simmons, 2008), as they are responsible for the choice of the squad composition for
the season, the starting 11 and the changes, the playing style, the training sessions, and the
motivation and effort of the players (Dawson et al., 2000a). Given a squad talent, managerial
styles might produce important differences in team outcomes (Boto-García et al., 2020; Bucciol
et al., 2019). In this regard, some studies have used managers’ characteristics like experience or
having been a good player as determinants of inefficiency (Bridgewater et al., 2011; Buzzacchi
et al., 2021; Dawson & Dobson, 2002; Frick & Simmons, 2008; Hofler & Payne, 2006).

When team performance is not as desired, it is highly usual to dismiss themanager. This makes
manager turnover to depend on short-term bad or under-expected performance (d’Addona &
Kind, 2014). In some cases, teams have even more than two managers during the same season.
When using seasonal-level data, this imposes problems at the time of consideringmanagers’ char-
acteristics in the model.10 Even if we do, managers’ characteristics are likely to be endogenous

9 If the inefficiency term 𝑢𝑖𝑡 is allowed to be heteroskedastic, it implies that the expected mean of the inefficiency is also a
function of the inefficiency determinants (Kumbhakar et al., 2020). This is because the expected value of 𝑢𝑖𝑡 includes the
conditional variance (Equation 5).
10 As our analysis considers the five most important European leagues, the same manager can train two teams from
different leagues in our sample during the same season (Dawson & Dobson, 2002).
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BOTO-GARCÍA et al. 1223

because they vary with performance (Carmichael et al., 2011, 2017).11 As discussed in Bridgewater
et al. (2011), finding suitable instruments to consider such sorting is difficult. Most importantly,
managers do not directly produce output. The relevant issues are their decisions (e.g., choice
of tactics) for transforming a given talent into team success. Because of this, rather than man-
agers’ characteristics, we consider three indicators of the playing style chosen by the manager as
inefficiency determinants. In this way, we examine how, conditional on the playing talent, team
coaching andmanagement style through game statistics (team functioning) affect team efficiency.
As discussed in Carmichael et al. (2000, 2001), a match is characterized by a variety of moves

in open play. From an attacking perspective, passing the ball to teammates and shooting on
goal could be considered the two most important indicators of offensive performance (Lago-
Peñas et al., 2010; Torgler, 2004). Defensively, the number of ball recoveries (interceptions)
has been one of the most used defensive plays.12 Therefore, to measure team playing style,
we consider two offensive (total passes and total shots from inside the penalty area, denoted
by TOTAL_PASSES and SHOTS_PA, respectively) and one defensive indicator (ball recoveries,
denoted by BALL_RECOVER).

∙ Participation in European competitions: Productive inefficiency can be associated with partic-
ipation in European competitions. Teams that play both during the weekends in the domestic
league and at midweek for European competitions might be more physically fatigued and
affected by injuries. This could make them to perform worse than other teams with the same
inputs but playing only for the domestic league.13 Furthermore, managers might prioritize
European competitions at the knock-out stage and use reserve players in some domestic games.
We define a dummy variable labeled EUROPE that takes value one if team i plays either the
UEFA Champions League or the Europa League in season t and zero otherwise.

∙ League dummies: In our analysis, we pool teams from the most important five European
leagues. To capture heterogeneity in efficiency levels depending on the league arising from
differences in competitive balance or organizational structures (Terrien & Andreff, 2020), we
include a set of league dummies as inefficiency shifters (LIGUE 1, SERIE A, BUNDESLIGA,
and PREMIER, with LA LIGA acting as the reference category).

3.2.2 Favoritism as a source of heteroskedasticity

The SFA literature has devoted great attention to the potential risk of identifying inefficiency as
heteroskedasticity (e.g., Caudill et al., 1995). In our case, the variability in thematch-winning prob-
ability, conditional on the inputs and the individual effects, is affected by the ex ante favoritism of
each team. Due to sanctions, injuries, potential referee biases (Garicano et al., 2005), and even the
match being played in themiddle of theweek (Krumer& Lechner, 2018), there is somewithin sea-
son variability in how likely is for each team to win each match. If we ignore this potential source
of heteroskedasticity, the efficiency estimates could be biased (Kumbhakar & Lovell, 2000).

11 Scully (1994) showed that managerial efficiency is a good predictor of expected manager’s survival time.
12 Nevertheless, ball recoveries due to high press could also be partially understood as offensive actions.
13 For instance, Villarreal CF was relegated to the Spanish second division in 2012 after having played in the Champions
League that season.
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1224 BOTO-GARCÍA et al.

Pre-match betting odds can be considered a valid proxy for the degree of favoritism (based on
bettors) of each team at each match.14 As shown by Del Corral et al. (2017), it is important to
consider outcome expectations in the analysis of productive efficiency. Therefore, we model the
variance of the idiosyncratic error term to be an exponential function of the expected winning
probability as follows:

𝜎𝑣𝑖𝑡 = exp (𝜑0 + 𝜑1𝑤𝑖𝑛𝑝𝑟𝑜𝑏𝑖𝑡) (8)

The winning probability is computed as the inverse of the average betting odds for team i’s vic-
tory over the season. In doing so, we adopt the standard normalization of dividing the inverse
odds by the booksum. This data comes from www.oddsportal.com, which provides the average
odds from different bookmakers. By modeling both, the variance of the inefficiency and the vari-
ance of the random noise as a function of variables, our model becomes a double heteroskedastic
SFA model in the sense of Hadri et al. (2003).

4 DATA

Our database is drawn from two public-access websites about soccer statistics: (i) WhoScored
(www.whoscored.com) and (ii) Transfermarkt (www.transfermarkt.com). The former provides a
vast number of statistics about game-related aspects of professional soccer leagues. These statistics
include the total number of points, goals scored and conceded, saves, ball possession, shots on tar-
get, fouls or the number of yellow cards, among many others. All of them are expressed as season
totals. The data comes from OPTA Sports, the company with the largest databases of European
professional sports. Data from OPTA has been previously used in Carmichael et al. (2000, 2001),
Zambom-Ferraresi et al. (2019), and Carmichael et al. (2011, 2017), among others. Transfermarkt
website also contains detailed statistics about soccer performance but is more concerned about
the economic side of the industry. This platform provides information about the market value of
players, squad composition, and so on. Prockl and Frick (2018) showed that the players’ market
values offered by Transfermarkt are an excellent proxy of their quality.15
We collected information for the fivemost important European soccer leagues (LaLiga,Premier

League, Bundesliga, Serie A and, Ligue 1) for 10 seasons, from 2009–2010 to 2018–2019. Except
German Bundesliga that contains 18 teams, each league involves 20 teams competing each season
for the title. Each team plays a complete set of round-robin matches against all other teams, once
at their own ground and once at the opposite ground. Therefore, each season each team plays
38 matches (34 matches for the case of Bundesliga). Each victory is awarded with three points,
whereas draws reward each team with a point. The team with the highest number of points at
the end of the season wins the title, whereas the three teams with the lowest points are relegated
to the second division and replaced by the three best performing ones in that league. Because of
this, our database is an unbalanced panel. Those teams that only remained in the first division for
one season (24) are removed from the sample. Therefore, our dataset contains 956 team-season

14 Although there is no consensus in the literature, the betting market can be assumed to be weakly efficient (Forrest &
Simmons, 2008).
15 Similarly, Peeters (2018) provided fair evidence that the information provided by this website based on crowd member
preferences accurately predicts soccer results, even better than FIFA ranking and ELO ratings. Herm et al. (2014) showed
that Transfermarkt values are excellent predictors of actual transfer fees.
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BOTO-GARCÍA et al. 1225

TABLE 2 Variable definition and descriptive statistics (N = 956).

Variable Description Mean SD Min Max
Output
P Total number of points 52.67 16.55 15 102
Input
TEAM_VALUE Team value (million euros) 236.91 224.35 22.84 1172.70
Contextual variables
TEAM_AGE Average age of the team (years) 24.42 1.054 21.10 28.10
TEAM_VALUE_OP Average team value of opposite

teams in the same league
(million euros)

236.91 75.22 93.54 431.04

Inefficiency determinants
FOREIGN Number of foreign players 18.30 6.85 1 57
TOTAL_PASSES Total passes 16,511 2924 9538 28,576
SHOTS_PA Shots for in the penalty area 31.18 10.35 8.74 78.16
BALL_RECOVER Number of ball recoveries 621.12 161.39 311.6 1398.4
EUROPE Dummy if the team plays either

the Champions League or the
EUROPA LEAGUE

0.34 0.47 0 1

PWIN Average winning probability
based on betting odds

0.349 0.148 0.132 0.830

observations corresponding to 146 different teams (23 from German Bundesliga, 30 from Spanish
LaLiga, 31 from French Ligue 1, 32 from English Premier League, and 30 from Italian Serie A).
During the study period, 17 teams won at least once the title considering the five leagues, with

43 teams remaining in the first division during the 10 seasons. Table 2 presents summary statistics
of the variables used in the analysis. We present the output, the input, the contextual variables,
and the determinants of inefficiency introduced before. To make the figures comparable because
Bundesliga involves fewer games, all the performance indicators forBundesligahave been adjusted
to reflect the equivalent values in a league with 38 matches. Therefore, the time dimension of the
database is the season. To control for inflation in players’ market value, TEAM_VALUE has been
deflated taking themean levels in the last season as the base period. This follows standard practice
(Frick & Simmons, 2008; Jewell, 2017; Zambom-Ferraresi et al., 2019).
The average number of points is 52.6, ranging from 15 (Pescara, season 2016–2017) to 102

(Juventus, season 2013–2014) out of the maximum attainable of 114 (3 × 38). Average team value
is 224 million euros, with an average squad age of 24.4. Descriptive binned scatterplots of log P
on log TEAM_VALUE (Figure A1) and log P on log TEAM_AGE (Figure A2) with quadratic fit
(Stepner, 2013) suggest that performance increases at an increasing rate with team value but
exhibits an inverse relationship with team age. Around 34% of the sample competes in their
league while also playing in a European competition (either in the Champions League or the
Europa League). On average, teams shoot on goal from inside the penalty area 31.18 times per
season, with 16,511 passes and 621.12 ball recoveries. Nonetheless, there is large variability in
these game-related statistics according to the standard deviations. Differences in the capacity of
managers to translate team input (players’ quality) into points (i.e., inefficiency) can be attributed
to differences in the playing style. Finally, the winning probability over the season is 35% on
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1226 BOTO-GARCÍA et al.

F IGURE 1 Mean number of foreign players per club in Bundesliga. [Colour figure can be viewed at
wileyonlinelibrary.com]

F IGURE 2 Mean number of foreign players per club in La Liga. [Colour figure can be viewed at
wileyonlinelibrary.com]

average but with large variability, ranging from 13.2% (Hellas Verona, season 2017–2018) to 83%
(Paris Saint German, season 2017–2018).
The average number of foreign players in sample is 18. Figures 1–5 plot themean values over the

study period per club and league. We see high dispersion across teams, with some squads being
mainly composed of national players (e.g., Athletic Club), whereas others hiring foreign players
only (e.g., Monaco). In cases like Athletic Club, the low number of foreign players reflects a club
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BOTO-GARCÍA et al. 1227

F IGURE 3 Mean number of foreign players per club in Ligue 1. [Colour figure can be viewed at
wileyonlinelibrary.com]

F IGURE 4 Mean number of foreign players per club in Premier League. [Colour figure can be viewed at
wileyonlinelibrary.com]

idiosyncrasy of prioritizing Basque-born players as a symbol of regional identity (Gómez-Bantel,
2016). Nonetheless, in general terms, hiring strategies with regard to nationality are not driven by
fans’ discriminatory preferences but rather by clubmanagement strategies (Wilson &Ying, 2003).
For instance, some teams have a wide network of scouters around the world aimed at discovering
and hiring young talented players at low cost to later sell them to top teams in the transfer market
if they eventually become superstars (Garcia-del-Barrio & Pujol, 2007). By league, the English
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1228 BOTO-GARCÍA et al.

F IGURE 5 Mean number of foreign players per club in Serie A. [Colour figure can be viewed at
wileyonlinelibrary.com]

Premier League and the Spanish La Liga are the ones with the greatest (23.3) and lowest (12.3)
number of foreign players.16
To inspect the sources of heterogeneity in the number of foreign players across teams and over

time, Table 3 presents an OLS regression of log FOREIGN on TEAM_VALUE and TEAM_AGE (in
logs), league and season dummies, the binary indicator for playing a European competition, and
the average points earned by the team in the previous five seasons (AV_P_5SEASONS). We see
that the number of foreign players is positively associated with team value but inversely related
to teams’ average age. In-line with descriptive statistics, there are significant differences across
leagues, but the number of foreign players is unrelated to performance in the previous five seasons.

5 RESULTS

5.1 Production frontier and technical efficiency estimates

Table 4 presents the parameter estimates of the TRE specified in Equation (4).17 Standard errors
have been clustered at the league level to consider potential cross-sectional dependence arising
from teams competing against each other in the same league. Prior to estimation, the input vari-
able and the outputwere normalized by their respective geometricmean in the sample. Therefore,
the first-order coefficient of TEAM_VALUE is directly interpreted as the output elasticity at the
sample means.

16 A descriptive binned scatterplot of logP on log FOREIGN (residualized by team-fixed effects) indicates there is a negative
association between the number of foreign players in the squad and team performance (Figure A3).
17 The model has been estimated using the sfpanelmodule (Belotti et al., 2013) in Stata 16.
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BOTO-GARCÍA et al. 1229

TABLE 3 OLS coefficient estimates of the drivers of log FOREIGN.

Dependent variable: log FOREIGN
Explanatory variables Coefficient (SE)
Log TEAM_VALUE 0.173**

(0.047)
Log TEAM_AGE −1.257**

(0.407)
BUNDESLIGA 0.416***

(0.014)
LIGUE 1 0.486***

(0.026)
SERIE A 0.541***

(0.010)
PREMIER LEAGUE 0.649***

(0.026)
EUROPE −0.127*

(0.046)
AV_P_5SEASONS 0.010

(0.075)
SEASON: 2010–2011 0.036

(0.031)
SEASON: 2011–2012 0.044

(0.043)
SEASON: 2012–2013 0.079

(0.081)
SEASON: 2013–2014 0.163

(0.087)
SEASON: 2014–2015 0.081

(0.070)
SEASON: 2015–2016 0.118

(0.058)
SEASON: 2016–2017 0.146*

(0.061)
SEASON: 2017–2018 0.118

(0.070)
SEASON: 2018–2019 0.185

(0.096)
Constant 5.462**

(1.271)
Team-season observations 956
Teams 146

Note: Clustered standard errors at the league level in parentheses.
***p < 0.01.
**p < 0.05.
*p < 0.1.
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1230 BOTO-GARCÍA et al.

TABLE 4 SFA (stochastic frontier analysis) production function parameter estimates.

Dependent variable:
log P
Explanatory variables Coefficient (SE)
Log TEAM_VALUE 0.212***

(0.016)
Log TEAM_VALUE2 0.070**

(0.030)
Log TEAM_AGE −19.435***

(1.189)
Log TEAM_AGE2 3.006***

(0.206)
Log TEAM_VALUE_OP −0.190***

(0.041)
Constant 32.592***

(1.811)
Inefficiency variance
Log FOREIGN 1.171***

(0.270)
Log TOTAL_PASSES −4.208***

(0.304)
Log BALL_RECOVER −0.744***

(0.160)
Log SHOTS_PA −2.068***

(0.303)
EUROPE −0.077

(0.171)
BUNDESLIGA 0.284**

(0.136)
SERIE A −0.026

(0.097)
LIGUE 1 −0.649**

(0.286)
PREMIER 0.018

(0.160)
Constant 46.101***

(3.718)
Error term variance
PWIN −1.336**

(0.663)
Constant −3.586***

(0.232)
Team-season observations 956
Teams 146

Note: Clustered standard errors at the league level in parentheses.
***p < 0.01.
**p < 0.05.
*p < 0.1.
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BOTO-GARCÍA et al. 1231

The estimates show that the number of points vary by 0.21 percentage points (hereafter pp)
if the market value of the team (TEAM_VALUE) is increased by 1%.18 This is consistent with
previous studies on soccer efficiency that document that the team market value is the key input
(Feng & Jewell, 2021; Zambom-Ferraresi et al., 2019). As expected, the number of points decreases
with the mean market value of the competitors in the league (TEAM_VALUE_OP). This means
that performance is strongly related with the relative position in the distribution of team ability
within the league. Interestingly, the average age of the team (TEAM_AGE) exhibits a U-shaped
relationship with the number of points earned by the end of the season, in-line with Torgler and
Schmidt (2007). The minimum locates at 25.5 years old, suggesting that either young (through
better physical conditions) and elderly (through an experience effect) squads perform relatively
better. This falls in-line with Sal de Rellán-Guerra et al. (2019) and Zhou et al. (2020) who also
showed a trade-off between physical conditions and experience throughout the players’ career.
As we introduce heteroskedasticity in both the inefficiency and the idiosyncratic-error scale

parameters, the signal-to-noise ratio (𝜆) varies per observation (Belotti et al., 2013). Considering
the ratio of the expectations of both terms, themean signal-to-noise ratio is 1.72. This means that a
relevant share of the composite error termcomes from thehalf-normal inefficiency,which justifies
the estimation of the stochastic frontier model.
Moving to the determinants of the variance of the inefficiency term, the parameter estimates

are not very informative about the effect of the variables on inefficiency apart from their sign.
This is because the expectation of inefficiency is nonlinear in the conditional variance. Following
Kumbhakar et al. (2020), the average partial effect (APE) of a given inefficiency determinant 𝑧𝑖𝑡 ⊂
𝑍𝑖𝑡 is given as follows:

𝐴𝑃𝐸 (𝑧𝑖𝑡) =
𝜕𝐸(𝑢𝑖𝑡|𝑍𝑖𝑡)

𝜕𝑧𝑖𝑡
= 𝜃𝜎𝑢𝑖𝑡

√
2∕𝜋 (9)

where 𝜎𝑢𝑖𝑡 is the mean value of the conditional variance, and 𝜃 the corresponding parameter
estimate.
Table 5 presents the APE on inefficiency for each inefficiency determinant. A 1% increase in

the number of foreign players (FOREIGN) increases productive inefficiency by 0.21 pp, on aver-
age. This finding is in-line with Lyons (2017) and Addesa et al. (2022). Assuming each unit of
talent is equally valued by themarket across nationalities, we interpret the negative effect as stem-
ming from communication costs. This does not only refer to language differences but also may
reflect differences in social and work norms. Although there might be gains from an internation-
ally diverse squad as documented in the literature (Beine et al., 2021), it seems that integration
costs weight more here.19 As shown by Lazear (1999a, 1999b), in a competitive environment in
which a cohesive and harmonized team is essential, the greater the number of foreign players,
the greater the communication costs and the lower the gains from diversity. Potential stereotypes
and animosity against players from other countries might also play a role.
The total number of passes (TOTAL_PASSES) significantly reduces inefficiency. Remarkably,

this variable is the one that exhibits the largest effect on inefficiency: A 1% increase in the number

18 If we compute the output elasticity with regard to TEAM_VALUE for each data point, we verify that the average sample
elasticity is 0.21.
19 Some skills might be disjoint across nationalities and therefore culture-specific (e.g., Brazil has historically had great
forwardswhereas Italy has produced high-quality defenders) so that there are potential gains for an internationally diverse
squad.
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1232 BOTO-GARCÍA et al.

TABLE 5 Average partial effects on inefficiency.

Variable APE
Log FOREIGN 0.213***
Log TOTAL_PASSES −0.767***
Log BALL_RECOVER −0.135***
Log SHOTS_PA −0.376***
EUROPE −0.014
BUNDESLIGA 0.051**
SERIE A −0.005
LIGUE 1 −0.118**
PREMIER 0.003

***p < 0.01.
**p < 0.05.
*p < 0.1.

of passes decreases inefficiency by 0.76 pp. Therefore, for the same squad quality, teams with
a greater ability to keep ball possession through passes (constructive play) appear to be more
efficient. Similarly, the shots from the penalty area (SHOTS_PA) are negatively related with inef-
ficiency (−0.37 pp). As scoring a goal depends, among others, on distance to goal and angle
(everything else being equal), the higher the shots from inside the penalty area, the lesser the dis-
tance to the production frontier. The total number of ball recoveries as an indicator of defensive
play also decreases productive inefficiency (−0.13 pp). Conditional on the quality of contenders,
teams with greater capacity to recover the ball perform significantly better. Interestingly, partic-
ipation in a European competition is not significantly associated with technical inefficiency. As
for league differences, it appears that inefficiency is greater (lower) among teams playing in Bun-
desliga (Ligue 1), with no significant differences among La Liga, the Premier League, and the
Serie A. These differences could be partially due to heterogeneity in organizational structures
and practices across leagues as documented in Terrien and Andreff (2020).
Finally, we document that the variance of the error term is negatively related with the ex ante

average winning probability (PWIN). As such, performance becomes more deterministic and less
stochastic as the team is more favorite (prior to the match) to win (on average). As we control
for team quality in the frontier, this variable captures sources of heteroskedasticity in the ran-
dom noise not attributable to inefficiency that make teams to underperform such as injuries,
disciplinary sanctions, or differences in the time elapsed among contenders since the previous
match. Note that this variable does not only contain information about the team’s pre-match
circumstances but also implicitly about the opposite teams.
Figure A4 depicts a kernel density plot with the efficiency scores 𝑇𝐸𝑖𝑡 = exp(−�̂�𝑖𝑡) derived

from the model estimates in Table 4 following Jondrow et al. (1982). The average technical effi-
ciency is 0.84, ranging from 0.344 (Aston Villa, season 2015–2016) to 0.982 (Paris Saint-Germain,
season 2015–2016). Table A1 presents summary statistics of the technical efficiency (TE) estimates
by league. Figure 6 plots the distribution of these TE scores by league. FromTable A1 and Figure 6,
we document that the distribution of the efficiency estimates is similar across leagues, although
teams in Spanish LaLiga are, on average, more efficient. A full list of the teams ordered by their
mean TE scores is provided in Table A2.
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BOTO-GARCÍA et al. 1233

F IGURE 6 Kernel density plot for
technical efficiency estimates by
competition. [Colour figure can be
viewed at wileyonlinelibrary.com]

5.2 Robustness checks

We performed some checks to our analysis. Possibly the most important concern is that the num-
ber of foreign players in the squad can be endogenous, either because of reverse causality or due
to omitted variables. Dealing with this potential endogeneity issue is challenging, as it is not easy
to find suitable instruments in this context. To inspect the sensitivity of our findings to this, we
did the following checks. First, we performed a panel fixed effects regression of the number of for-
eign players in season t on the number of points of the team in the previous season (Table A3 and
Figure A5). There is no evidence of a significant relationship between past performance and the
current number of foreign players, suggesting that hiring strategies on this respect do not seem
to react to good or bad performance in the previous year. Second, we constructed the following
instrumental variable for FOREIGN as follows:

𝑍𝑖𝑡 =
𝐹𝑂𝑅𝐸𝐼𝐺𝑁𝑖𝑡−1

𝑁𝑈𝑀.𝑃𝐿𝐴𝑌𝐸𝑅𝑆𝑖𝑡−1
× 𝑁𝑈𝑀.𝑃𝐿𝐴𝑌𝐸𝑅𝑆𝑖𝑡 (10)

That is, we created a “fake” number of foreign players as the share of foreigners in the team in
the previous season times the current number of players. This variable is expected to be highly
correlated with FOREIGN (see Figure A6) but to be independent from the inefficiency term at
period t. Next, we estimated a panel SFA model allowing for endogeneity in the variance of the
inefficiency term following the methods developed by Karakaplan and Kutlu (2017) and Karaka-
plan (2022). The eta endogeneity test proposed by these authors does not reject the null hypothesis
that the correction for endogeneity is not necessary (chi2(1)= 0.26, p-value= 0.61). Although these
auxiliary diagnostic checks do not detect evidence of endogeneity, the observational nature of our
research and the possibility that this auxiliary variable does not satisfy the exclusion restriction
precludes us to give our findings a causal interpretation.
Some additional checks are the following. First, the inefficiency estimates (and therefore the

input-oriented technical efficiency scores) were derived using the formula proposed by Battese
and Coelli (1988) rather than the one by Jondrow et al. (1982) and outlined in Equation (5). The
pairwise correlation between the two inefficiency estimates is 0.99. Second, we estimated the
model assuming (i) both the variances of the inefficiency and the random noise are homoskedas-
tic, (ii) only the variance of the random noise is allowed to be heteroskedastic, and (iii) only
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1234 BOTO-GARCÍA et al.

F IGURE 7 Kernel density plot for
technical efficiency estimates under
different heteroskedastic models.

variance of the inefficiency term is allowed to be heteroskedastic. The coefficient estimates can
be found in Table A4. The corresponding input-oriented technical efficiency estimates are pre-
sented in Figure 7. As can be seen, TE scores derived from a homoskedastic model appear to be
downward biased. This is because neglected heteroskedasticity biases the parameters in the pro-
duction function (Kumbhakar & Lovell, 2000). In-line with Hadri et al. (2003), Figure 7 therefore
illustrates that ignoring heteroskedasticity, either in the inefficiency term or in the random noise,
could produce misleading results.
Third, we tested alternative assumptions for the distribution of the inefficiency term. Instead

of assuming it is half-normal distributed, we estimated the model under the assumption it fol-
lows (i) a truncated normal distribution, and (ii) an exponential distribution. The estimates are
presented in Table A5. Results remain consistent with the main analysis. Fourth, we examined
the validity of treating the individual time-invariant effects as “random” (i.e., uncorrelated with
the explanatory variables). As the True Fixed Effects model leads to incidental parameter bias
because the panel is quite unbalanced, we run an auxiliary panel random effects regression of
the output on the input and the control variables, including the time means à la Mundlak. A chi-
squared test does not reject the null hypothesis that the time means are globally equal to zero
(chi2(3) = 3.68, p-value = 0.297), suggesting that the random effects can be taken as uncorrelated
with the explanatory variables. Fifth, we reestimated themodel using (i) the averagemarket value
per player instead of the total team value, (ii) the (log of) the share of foreign players instead of
the (log of) the number of foreign players, and (iii) excluding TEAM_AGE as a control from the
frontier (Tables A6–A8, respectively). The results from these alternative specifications are very
similar, with the difference that PWIN becomes nonsignificant. Sixth, we used the points earned
over the maximum points attainable (log P/max P) as the dependent variable due to the fact that
Bundesliga involves fewer teams (matches) and therefore our results could be sensitive to that.
However, the estimates are almost unchanged (Table A9). Finally, we considered expanding the
model specification for the production frontier by including (i) the average age of the opposite
teams, (ii) the number of foreign players, and (iii) an interaction term between TEAM_VALUE
and TEAM_AGE, separately. None of these variables were found to be statistically significant in
the frontier (available upon request), so we opted for a parsimonious specification (also to avoid
collinearity issues).
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TABLE 6 Coefficient estimates and Average Marginal Effects (AME) for panel ordered probit.

Dependent
variable:
RANK

Coefficient
(SE)

AME prob
(RANK = 1)

AME prob
(RANK = 2)

AME prob
(RANK = 3)

AME prob
(RANK = 4)

TE −22.449*** 2.022*** 0.877*** −0.889*** −2.010***
(1.572) (0.174) (0.097) (0.220) (0.104)

Log L −600.86
Obs 956
Teams 146

Note: Bootstrapped standard errors in parentheses.
***p < 0.01.

5.3 Technical efficiency and ranking in the table

Next, we explore in more detail the linkages between technical efficiency and the ranking in the
table. The related literature typically finds most efficient teams to be the better classified ones
(Carmichael et al., 2017; Jewell, 2017; Zambom-Ferraresi et al., 2017), although this is not always
the case (Espitia-Escuer & García-Cebrián, 2004). To this end, we first define the variable RANK
as an ordered indicator that takes value 1 if the team ends in any of the positions that qualify for
playing the Champions League in the following season (n = 190), value 2 for the Europa League
(n = 90), value 3 in case the team does neither qualify for a European competition but remains in
the first division (n = 469), and value 4 if the team is relegated to the second division (n = 207).20
Similar to Feng and Jewell (2021), we estimate a panel ordered probit regression with team-

specific random effects in which RANK is regressed on TE. Note that although the ranking
position is related to the number of points (our output), the same number of points can lead to
very different positions depending on the competitive balance of each league in each season.21
Table 6 presents the coefficient estimates and the average marginal effects for each value of

RANK. As TE are estimates themselves, standard errors have been bootstrapped after 1000 repeti-
tions.We find that TE scores are positively relatedwith ranking position in the league. Specifically,
a marginal increase in technical efficiency increases the probability of qualifying for the Cham-
pions League and the Europa League by 2.0% and 0.87%, respectively. However, increases in
technical efficiency reduce the likelihood of relegation by 2.0%. This result is in-line with Feng
and Jewell (2021), who showed that technical efficiency is negatively associated with the like-
lihood of relegation. Accordingly, conditional on team quality and squad characteristics, teams
that are more efficient in the management of their resources rank better and are more likely to
achieve their season objectives.

20 As the number of teams allowed to participate in European competitions varies per league, the variable RANK does not
exactly correspond to the same table positions across leagues.
21 For example, Deportivo de laCoruñawas relegated in the season 2010–2011with 43 points, whereasGranada remained in
LaLigawith 35 points in the season 2014–2015. Manchester United won the Premier League in 2016 with 80 points, whereas
Manchester City required 98 points to win the title in 2017 (Liverpool ended in the second position with 97 points).
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6 CONCLUSIONS

6.1 Summary of findings

In this paper, we have studied the technical efficiency of European soccer clubs considering on-
field success as the output to be maximized. Using a large dataset covering 146 teams playing in
the top 5 European leagues during 10 seasons, we have estimated a stochastic production frontier
using TREs model. Team market value has been used as a proxy of the playing talent input. Our
econometric model considers time-invariant individual random effects in the frontier together
with the average market value of opposite teams and the average age of the squad as contextual
variables. The inefficiency term is allowed to vary over time but without imposing all the units to
follow the same temporal pattern. We have specified the variance of the inefficiency term to be an
exponential function of a set of team characteristics to examine potential sources of inefficiency.
In particular, we have studied whether the team composition in terms of the number of foreign
players in the squad affects productive inefficiency. Furthermore, similar to previous sports litera-
ture, we have considered some game-related statistics as additional inefficiency determinants. In
doing so, we assume that manager’s choice of tactics and team’s playing style determine the per-
formance possibilities. We have specifically considered the total number of passes, ball recoveries,
and shots from inside the penalty areas as inefficiency shifters.
Our results show that, conditional on their playing talent, teams with a greater number of

passes, ball recoveries, and shots from inside the penalty area aremore efficient. The total number
of passes is the playing indicator with the largest effect on the inefficiency variance. The estimates
also show that teamswith a greater number of foreign players aremore inefficient, ceteris paribus.
This result could reflect the fact that the potential gains from having an internationally diverse
squad are offset by integration and communication costs. Additionally, we have found that teams
in the Spanish league are, on average, more efficient. This suggests that this league is the most
competitive and requires teams to be highly efficient for reaching their objectives. Moreover, we
have shown that the efficiency scores derived from our model are good predictors of the ranking
position in the table.
The study adds to a large body of literature concerned about managerial efficiency in profes-

sional sports. From a methodological perspective, the paper has two features that distinguish it
from related applications. Unlike previous literature, we havemodeled the variance (and therefore
themean) of the inefficiency term as a function of team characteristics to explore potential sources
of heterogeneity. Unlike previous analysis, we have considered the degree of pre-match favoritism
by allowing the random noise to depend on winning probabilities based on betting odds. In this
way, at the same time, we control for potential heteroskedasticity, our model acknowledges that
part of the variability in sporting results is due to factors beyond team performance that cannot be
attributed to inefficiency. Indeed, we find that favoritismmakes performance more deterministic.
Accordingly, our double heteroskedastic frontiermodel identifies inefficiency conditional on how
tied matches are expected to be.
Our study is also related to the literature on organizational management and how firm hetero-

geneity relates to performance. Specifically, we document that the higher the number of foreign
players in the squad, the greater the inefficiency. Consistent with the literature on teammates,
although hiring foreign players might allow the team to broaden its collective sets of skills and
abilities, at the same time, this could lead to communication and integration costs stemming from
language and cultural differences.
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BOTO-GARCÍA et al. 1237

6.2 Implications and recommendations for the industry

Some managerial implications for the soccer industry can be derived from our work. On the one
hand, the results highlight the importance of offensive and defensive indicators in the analysis
of sporting performance. Given playing talent, a greater volume of passes, recoveries, and shots
decrease inefficiency, pushing teams toward their output potential. Accordingly, accumulating a
high number of passes and patient build-up, pressing tactics aimed at recovering the ball at oppo-
site’s third, and a high volume of shots could be promising strategies for managers to maximize
their team’s performance. On the other hand, the fact that a high number of foreign players in the
squad are associated with worse sporting performance deserves further attention by soccer team
managers. Teams opting for hiring players from different countries and cultures should devote
greater effort to cohesiveness and the team integration of recently arrived foreign players, par-
ticularly during their first year. Asking them to learn the local language or implementing group
coaching methods that foster team spirit might be interesting options.

6.3 Limitations and future research

The paper has some limitations that can be considered avenues for future research. First, the
identification of the real mechanism underlying the negative association between the number of
foreigners and team efficiency is complex in this context. Althoughwe interpret it in terms of com-
munication costs and cultural frictions, other factors could also explain this result. Future work
should deepen more into this. Second, our work focuses on sporting performance measured in
terms of total the number of points earned in the domestic league by the end of the season. How-
ever, teams also participate in other competitions like UEFA Champions League/UEFA Europa
League and national Cup tournaments. It could be the case that teams do not achieve their poten-
tial in the domestic league (therefore being inefficient) because they prioritize other competitions.
Future studies could expand our work by considering a more general indicator of sporting perfor-
mance that encompasses performance in different competitions. This is not an easy task, though,
since not all the teams compete in the same competitions. Third, we have considered three of the
most important game statistics as potential explanations of differences in sporting efficiency. As
differences in efficiency are found to be strongly related to the playing style, future research should
deepen into how the tactical modules and playing philosophy adopted by coaches affects sport-
ing performance. Finally, the negative effects in terms of efficiency of an internationally diverse
squad could bemoderated by themanager’s language knowledge and communication ability. This
seems to be another fruitful are for future research.
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