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This study explores the potential use of publicly available football performance statistics to identify potentially undervalued play-
ers across major professional football leagues. The study uses player performance data from the 2024-2025 season and player
salary data from the 2025-2026 season. Among this data, using specifically the UEFA Champions League players data, a linear
regression model was trained to estimate performance-based salary benchmarks. The model was then applied to the Premier
League, La Liga, Bundesliga, Serie A, Ligue 1, and Major League Soccer (MLS). The model performance was modest with
metrics being R? =0.135, RMSE=0.304 for log10 salary. This suggests that performance metrics are not the only parameters
that influence player salaries, but other factors such as reputation and market consideration can enter into play. Thus, the model
presented in this paper should be considered more as a benchmarking framework rather than a precise prediction tool. The model
was then used to analyse player salaries in other leagues, which revealed significant differences in salary alignment: MLS league
salaries showed the highest valuation discrepancies while Champions League salaries showed the closest alignment with the
benchmarking framework. Additionally, the framework identified younger attacking players whose performance was dispropor-
tionately high in comparison with their actual salary. This work illustrates how a statistical approach can identify discrepancies

between salary and performance of professional football players, hence leading to data driven recruitment strategies.

Introduction

For a given professional football club, player recruitment is a
central decision, and player salaries are an important part of
this decision. When financial constraints become significant
for clubs, it becomes indispensable to evaluate whether player
salaries actually correspond to their performance. For the last
few years, professional football data on player performance
and salary has been publicly available, hence increasing the
importance of analytics in recruitment strategies and player
performance evaluation.

Even though player performance is the most important pa-
rameter in evaluating a player, many other factors enter into
play when the salary is determined, such as reputation, popu-
larity or contract duration. Thus, it is possible to come across
players whose performance is strong while their compensa-
tion is relatively lower than other players with similar or even
lower performance.

Football clubs have started using sports analytics as a tool in
their recruitment strategies. This movement is inspired by the
“Moneyball” philosophy that is applied in baseball to lever-
age statistics in order to identify undervalued players and build
better performing teams with lower wage budgets'. Yet, the
various differences between how football is played and how
baseball is played makes it complicated to apply the Money-
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ball approach to football in the same way: in football, players
score less and interactions between players are more complex.

In previous research, it has been shown that player per-
formance is associated in part with football players salaries
and transfer values, especially performance metrics related to
attacking roles such as goals and assists,”3. Nevertheless,
other factors (superstar effect, market visibility, wage regu-
lation) were also flagged as key in determining player com-
pensation*>. Research that examines player valuation is of-
ten based on the exploration of proprietary datasets or on the
use of complex machine learning methods, which limits the
reproducibility of the results®’. It is worth noting that rela-
tively few studies tackled the comparison of the relationship
of performance and salary across different leagues that belong
to different economic systems.

To address these gaps, this study uses publicly available
football data to develop a salary benchmarking framework
based on player performance. The UEFA Champions League
player performance and salary data were used as a reference,
due to its prime reputation in the football ecosystem. This ref-
erence data was used to train a linear regression model that es-
timates salary based on performance metrics. This model was
then applied to other leagues (Premier League, La Liga, Bun-
desliga, Serie A, Ligue 1, and Major League Soccer (MLS))
to compare the dynamics among them.

This study does not aim to predict the exact salary of a given
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player. It rather intends to provide a benchmarking framework
that reveals discrepancies between player performance statis-
tics and their compensation. This study highlights as well
the discrepancies across various football leagues, belonging
to different football labour markets, and how to potentially
identify players with performance disproportionately high in
comparison with their actual salary.

In this research, three hypotheses are evaluated. First,
attacking performance metrics are associated with player
salaries. Second, the relationship between player performance
and player salary varies across football leagues that belong to
different economic systems. Third, a benchmarking frame-
work based on performance can help identify players whose
performance is disproportionately high relative to their actual
compensation. More broadly, this study examines how even
simple models can help the decision-making process in pro-
fessional football recruitment.

Background and Related Work

Quantitative analysis has been increasingly used in profes-
sional sports over the last two decades, as illustrated by the ex-
ample of the “Moneyball” approach in baseball, that leverages
data to identify undervalued players and build higher perform-
ing teams with lower budgets . Since, data driven approaches
have been used for recruitment and player performance evalu-
ation in different sports including football. However, football
remains different from baseball as scoring is lower, and posi-
tional responsibilities and player interactions add complexity.
Therefore, a quantitative approach for football requires adap-
tation®.

Nonetheless, clubs and researchers have used sports analyt-
ics to develop analytical frameworks that can evaluate player
performance and market value. Gudmundsson and Horton®
conducted a review of spatiotemporal analytics in team sports;
they highlighted the growing use of analytics based on track-
ing and event data in team sports, and discussed the opportu-
nities and the limitations of measuring one player’s individual
contribution from this data. Pappalardo et al.!? made a large-
scale public dataset of match events available across multiple
professional competitions, to help increase the reproducibility
in football analytics research using openly accessible sources.

Research on football player wages has a theoretical foun-
dation in labour market economics. Simmons!! examined
the relationship between compensation and performance, su-
perstar wage premiums, and institutional wage constraints,
as the three central themes in football economics. Lucifora
and Simmons> were among the first to examine these rela-
tionships empirically using actual salary data. They flagged
superstar effects in Italian Serie A : the high public visibil-
ity of a player was connected to a higher salary with respect
to what the performance alone would predict. Franck and
Niiesch? explored the same concept in other leagues, high-

lighting the role of media exposure. Frick* showed that Eu-
ropean football labour markets deviate from a simple pay-for-
performance model, as other factors enter into play, such as
club financial capacity and collective bargaining dynamics in
addition to individual performance. Garcia-del-Barrio and Pu-
jol 12 demonstrated that hidden monopsony rents affect player
compensation in winner-take-all markets, particularly within
high-revenue leagues.

Researchers have also explored the relationship between
team performance and their wage expenditure. Carmichael et
al.!3 found that across Premier League, wage expenditure was
linked to player performance, and that higher wage expendi-
ture was associated with higher success at the team level, even
though on the individual level the relationship between wages
and performance was not always direct. Miiller et al.? exam-
ined further the individual level and showed that performance
metrics, player age, and broader economic factors had a mean-
ingful contribution to player valuation. More recently, Berri
et al. ' focused specifically on the goalkeeper labour market
and found that clubs do use measurable performance data to
set contracted salaries, though contextual and positional fac-
tors significantly complicate the relationship between statisti-
cal output and compensation.

Several studies have attempted to estimate player market
value and salary using performance statistics with different
approaches and results. McHale et al.'> developed a statis-
tical player performance rating system for the English Pre-
mier League. They demonstrated that measurable contribu-
tions can be combined into one coherent index, although iso-
lating contextual and tactical factors remain difficult. Herm
et al.'® examined determinants of crowd-based football mar-
ket valuations; they found that both sporting performance
and player reputation contribute significantly to valuation out-
comes. Peeters!” further demonstrated that community-based
market valuations contain information that is relevant from
an economic standpoint about player quality, though they re-
main subject to reputational and popularity biases. Thrane '8
investigated the relationship between performance and actual
pay in Norwegian football; they found that goals, assists, and
matches played are positively associated with player compen-
sation, but that the effects differ meaningfully between actual
earnings and crowd-sourced market valuations. Decroos et
al. ! took a different approach by developing a framework for
valuing individual performances in football, thus offering a
more granular measure of player contribution than traditional
summary statistics such as goals and assists.

Whether publicly available data are reliable is a question
in itself. Prockl and Frick?® compared Transfermarkt valua-
tions with actual MLS player salaries across ten seasons. They
found correlation coefficients between 0.70 and 0.75 and con-
cluded that crowd-sourced market values represent a reason-
able proxy for salaries in leagues where wage data are not pub-
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licly available. Coates and Parshakov?! extended this analysis
and found that while crowd-sourced transfer values are corre-
lated with actual fees, they tend to underestimate player value,
particularly at the upper end of the transfer market; this rein-
forces the importance of interpreting publicly available salary
data as approximate benchmarks rather than exact contractual
figures.

The valuation studies in football all differ in terms of
methodology and the tradeoffs involved. More sophisticated
models, including Random Forests, gradient boosting, and
ensemble approaches, could improve model performance by
capturing nonlinear relationships within the data. Al-Asadi
and Tasdemir?? applied several such models to predict player
market values; they found that Random Forest outperformed
linear regression on predictive accuracy metrics. Similarly,
Behravan and Razavi?3 proposed a clustering and support vec-
tor regression approach for estimating transfer market val-
ues, achieving lower prediction errors than standard regression
baselines. McHale and Holmes’ further demonstrated that
incorporating advanced performance metrics alongside ma-
chine learning algorithms produced substantially better pre-
dictions of transfer fees than regression models based on basic
statistics alone. However, Butler et al.%, in a study examin-
ing whether advanced analytics affect footballer pay in the
Premier League and Serie A, found that few advanced per-
formance metrics beyond basic statistics help to explain con-
tracted player salaries, and that there remains meaningful mis-
alignment between individual performance and compensation;

this directly supports the benchmarking approach adopted in
this study. Franceschi et al.* conducted a review of 29 empir-
ical studies on player valuation. They found that the choice of
data source and variable selection were as essential as model
complexity in explaining valuation outcomes. More broadly,
using complex machine-learning models could reduce inter-
pretability and reproducibility of the results, especially when
proprietary datasets or black-box model architectures are in-
volved. Therefore, simple regression approaches remain valu-
able if the objective is to produce a transparent and repro-
ducible framework using publicly available data?>.

At the same time, football labour markets differ noticeably
across leagues. Wages are influenced by several factors such
as revenue distribution, salary regulations, broadcasting in-
come and club spending capacity*!2. For instance, unlike Eu-
ropean competitions, MLS operates under a salary cap and
centralized roster rules, which limits player compensations
relative to European markets that follow the market in terms
of player compensation. Such institutional differences lead to
variations in terms of alignment between player salaries and
actual performance, and thus constitute an important consid-
eration when interpreting cross-league comparisons.

Data

This study uses publicly available datasets on football player
performance metrics from the 2024-2025 season and player
salaries from the 2025-2026 season. The performance datasets
were taken from FBref, which provides detailed metrics for
players in major professional football leagues. The salary
datasets were gathered from various databases on player
wages, combined into a single Kaggle database for the pur-
pose of this study.

All these different datasets were merged into one final
dataset including the players from the UEFA Champions
League, Premier League, La Liga, Bundesliga, Serie A, Ligue
1, and MLS, with their performance metrics and salaries. The
data were collected and cleaned in 2026, and the various
datasets were merged using player name, league and club in-
formation. Before merging, player names were standardized
to remove accents and special characters. Duplicate players
were manually reviewed and corrected. Players with missing
metrics or salary data were removed. Furthermore, players
who played less than 300 minutes in the season were also re-
moved to reduce noise from small performance samples. After
all cleaning, the final dataset contained 2,337 players across
seven competitions: the UEFA Champions League, Premier
League, La Liga, Bundesliga, Serie A, Ligue 1, and MLS.

These seven leagues were chosen because six of them are
among the most competitive European elite football leagues,
belonging to different football labour markets. MLS has a
specific financial system where salaries are capped; the wage
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Figure. 2 (a) Distribution of player salaries, highly skewed and (b) Distribution of log10 player salaries.

structure is thus different from European leagues.

The simultaneous presence in the dataset of overlapping
features (e.g. goals, goals plus assists, non-penalty goals)
was detected through a correlation analysis. Through vari-
ance inflation factor (VIF) testing, highly correlated features
and multicollinearity among them were identified, as the pres-
ence of overlapping features in the dataset leads to inflated
VIFs. Thus, to reduce redundancy and multicollinearity, the
study focused on statistics related to attacking performance
and playing-time, as previous works have linked player valua-
tion to offensive performance. Specifically, four features were
kept: goals per 90 minutes, assists per 90 minutes, minutes
played, and player age. Goals and assists are the most notable
attacking metrics; minutes played indicates the participation
of the player on the actual field and player age adds an indica-
tion of the career stage. These features showed low VIF values
close to 1, indicating low collinearity among predictors.

All salary values were provided in three currencies: USD,
GBP and EUR. To ensure homogeneity, and given that euros
was the original currency for most players, we used it to rep-
resent all salaries. As shown in Figure 2, the salary data was
skewed due to extreme salaries of certain top players. There-
fore, the salary data was transformed using log10 before train-
ing the model.

It is worth noting that the salaries provided in this dataset
should be considered as an approximation of the compensa-
tion, rather than an exact value. The wage figures that are
publicly available may not include bonuses, image rights or
other types of undisclosed benefits.

Methodology

The goal of this study is to understand whether publicly avail-
able data on football player performance and salaries can be
used to build a benchmarking framework capable of identi-

fying discrepancies in professional player compensation with
respect to their performance. The study does not aim to de-
velop a model that perfectly predicts player salaries; instead,
it intends to examine how attacking performance metrics and
player compensation relate to each other, thus identifying
players whose salaries are misaligned with their performance
across different professional leagues.

The UEFA Champions League was chosen as the reference
competition because it brings together the most competitive
players in terms of both performance and salaries. A linear re-
gression model was trained on the UEFA Champions League
data (containing 213 players after preprocessing). This model
served as a benchmarking framework that was then applied to
the other leagues, to explore relationships between predicted
and actual player compensation and to identify players with
performance to salary discrepancies.

In the regression model, the target variable was defined as
the log10 of the annual salary in euros:

y = logio(Annual Salary)

As the logl0 transformation reduces the high skewness of
the salary data distribution, it decreases the influence of ex-
treme outliers on the regression and strengthens the assump-
tion of linear regression.

The linear regression model was chosen because it is suit-
able for exploratory economic analysis. More complex ma-
chine learning models would improve prediction accuracy, but
linear regression was sufficient for the goal of our research,
which is interpreting the relationship between performance
metrics and salaries. The model predicts the log10 salary, y, as
a linear combination of the considered performance features:

n
y="PBo+ Y BiXi
i=1

where X; represents the selected player performance vari-
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ables, fB; the associated coefficients, and 3y the intercept term.
To train and test the model, the UEFA Champions League
dataset was split into 80% for training and 20% for testing, us-
ing a fixed random state = 42 to ensure reproducibility. Model
performance was evaluated using three metrics: the coefficient
of determination R2, the root mean squared error (RMSE) and
the mean absolute error (MAE).

In addition to linear regression, other machine learning
models were also tested (Ridge Regression, Lasso Regression,
Random Forest Regression) to evaluate robustness.

The trained model was used to predict salaries for all play-
ers of the dataset across all the different leagues. A valuation
ratio was computed for each player to compare the predicted
salary to the actual salary:

Predicted Salary

Valuati tio =
atuation ratio Actual Salary

For a given player, a valuation ratio greater than 1 indicates
that the salary predicted by the model is larger than the actual
salary, meaning that the player is actually paid less than what
the benchmark suggests, based on his performance. However,
the predicted salaries should not be viewed as exact predic-
tions, but rather a benchmark indication of the salary level for
a similarly performing player in the Champions League. In
order to limit the influence of extreme outliers, the valuation
ratios were capped at 20 at the league level visualizations and
macro analysis; the ratios remained uncapped for individual
players for the purpose of ranking them and identifying po-
tentially undervalued profiles.

Finally, age, attacking performance metrics and valuation
ratios were used to filter players and identify young players
who appear to have relatively low salaries compared to their
performance. This led to the identification of a pool of poten-
tially undervalued players across all studied leagues presented
in the Results section.

Results

When tested on the testing set of the UEFA Champions
League, the linear regression model achieved an R* = 0.135,
an RMSE = 0.304 and an MAE = 0.256 on the log10 salary
scale. The four features used being related to attacking per-
formance, playing-time and playing age, the relatively low
R? indicates that other factors enter into play in determining
player salaries (such as reputation, superstar effect or con-
tract duration). After reconverting salaries back from log10
and recomputing the errors in euros, the RMSE and the MAE
translate respectively to €4.49 million and €3.67 million ap-
proximately. Even though the model does not entirely explain
player salaries and does not provide exact salary prediction, it
does capture the relationship between attacking performance
and compensation.

Figure 3 presents the relationship between predicted and ac-
tual salaries for Champions League players. The results are
dispersed around the line of perfect prediction: players above
the line of perfect predictions have predicted salaries higher
than actual salaries, or valuation ratios greater than 1, indi-
cating potential discrepancies in the salaries compared to a
relatively better performance; players below the line of per-
fect prediction have predicted salaries lower than their actual
ones, signaling potential overcompensation with respect to the
benchmarking framework.

Actual vs Predicted Salaries for Champions League Players
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Figure. 3 Predicted versus actual salaries in log10 scale for UEFA
Champions League testing player data using the linear regression
benchmark model. The dashed diagonal line represents the line of
perfect prediction.

In comparison with linear regression, among Ridge Regres-
sion, Lasso Regression, and Random Forest Regression, Ran-
dom Forest achieved the highest performance with R? = 0.166,
only with a relatively small improvement compared to the R?
= 0.135 for linear regression. This shows that, regardless of
the model complexity, the studied player performance metrics
only partially explain the player salaries. Hence, linear regres-
sion was used as the main framework in this study because the
main objective was interpretability.

Among the four features used for the regression, goals per
90 minutes are the strongest positive predictor of player com-
pensation, as shown by the regression coefficients. Minutes
played and age are both positively related to compensation,
while assists per 90 minutes have a more limited effect after
controlling for the other features.
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Table 1. Performance of machine learning models trained using the
UEFA Champions League player data. Performance metrics were
calculated based on the test set.

Model R* RMSE (log10 salary) MAE (log10 salary)
Random Forest 0.166 0.298 0.252
Linear Regression 0.135 0.304 0.256
Ridge Regression 0.135 0.304 0.256
Lasso Regression 0.134 0.304 0.256

Average Predicted-to-Actual Salary Ratio by League

Average Valuation Ratio

League

Figure. 4 Average valuation ratio by league. Ratios were capped at a
maximum value of 20 for league-level summaries to reduce the influ-
ence of extreme outliers. Higher ratios indicate larger discrepancies
between predicted compensation and actual compensation.

In Figure 4, average valuation ratios are represented for all
seven studied competitions, showing significant variation. The
highest average valuation ratio corresponds to the MLS league
(17.88), followed by La Liga (12.04), Serie A (10.19), Ligue
1 (9.15), Bundesliga (8.60), and the Premier League (5.93).
The Champions league had the smallest average valuation ra-
tio (1.23). This closer alignment between actual and predicted
salary was expected for Champions League as it served as the
reference for training the benchmarking framework.

The differences between leagues are not only due to player
performance but also to external economic factors. In MLS,
salaries are capped, which translates into lower player com-
pensation and therefore larger gaps between predicted salaries,
based on performance, and actual salaries, in comparison with
other leagues. In other words, MLS players might look under-
valued compared to European salary level, without being ac-
tually underpaid. Conversely, Premier League exhibits lower
gaps between predictions and actual salaries, as salaries in
this competition are closer to Champions League salary lev-
els. The other European leagues, which could be seen as tran-
sitional talent markets for top professional football, fall in be-
tween.

In Table 2, a few examples of the identified pool of poten-
tially undervalued attacking players are shown. Most players
within this pool — identified through the benchmarking frame-

work trained on Champions League data — play outside the
highest paying teams; they are relatively young with strong
attacking performance. Even though these results are not to
be considered evidence of mispricing, they suggest that the
use of publicly available data can help identify players with
compensation disproportionately low with respect to their per-
formance.

Table 2. Selected examples of potentially undervalued players iden-
tified by the benchmarking framework. No cap was applied to valua-
tion ratios when computed for individual players.

Player League Age | Actual Salary (€) | Predicted Salary (€) | Ratio
Diego Luna MLS 21 388,924 30,798,930 79.2
Kevin Schade Premier 23 588,835 35,702,330 60.6
League
Aimar Oroz La Liga 22 950,000 50,381,880 53.0
Romano Schmid | Bundesliga | 25 1,320,000 47,770,480 36.2
Matthis Abline Ligue 1 22 1,180,000 48,185,040 40.8
Sebastiano Esposito| Serie A 23 1,110,000 33,321,740 30.0

Discussion

The results suggest that player performance and wage statis-
tics can be used to build a benchmarking framework that
can identify discrepancies between compensation and perfor-
mance. More specifically, the results support the first hypoth-
esis, by indicating the association between attacking perfor-
mance metrics and player salaries, even though the linear re-
gression model does not fully capture the variation in salaries.
The model reveals differences across leagues, which supports
the second hypothesis. The results also support the third hy-
pothesis, as the benchmarking model helped identify players
that are less paid than what their performance suggests.

The relatively low R* of the linear regression model indi-
cates that attacking performance metrics are not the only fac-
tors that determine player salaries, which aligns with previous
works showing that compensation in football is affected by
other economic factors*>.

It is worth noting that the exact values of the valuation ra-
tio should be treated with caution, especially extreme ones
for younger players with low salaries as dividing by very low
salaries will result in very high valuation ratios.

In practical terms, such a benchmarking framework could
be used by clubs with limited budgets, in order to identify
players who would be affordable to them in terms of salaries
while having a relatively strong performance. Thus, instead of
competing financially with other clubs, they could maximize
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their playing performance with the same available budget.

The research has several limitations that should be acknowl-
edged. First, the benchmarking framework is based primarily
on attacking performance and does not account for statistics
related to defense, tactics and off-ball movement. In other
words, performance is much more complex that attacking
only. Second, as previously stated in the Data section, salary
figures are estimates and not fully exact numbers. Third,
the developed framework relies on a small training sample
of Champions League players, on a simple linear regression
model.

Future work could explore the effect of other factors on
the benchmarking framework (e.g expected goals (xG), pro-
gressive carries, defensive actions, pressing metrics, and posi-
tional adjustments); extending the analysis over multiple sea-
sons could give deeper insights into valuation discrepancies,
compensation increases and impact of transfers on the actual
salaries.

In conclusion, while the framework could be further im-
proved, the approach in this study suggests that the use of pub-
licly available football data could translate into tools that in-
form the decision-making process of football clubs, especially
ones with budget constraints.
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