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Background: Transfer fee is the biggest economic decision football clubs make, but its determining factors is only half-
understood. Most studies have small samples or few variables and few focus on over represented attacking players among the
best transfers. This study examines which player and competition factors strongly determine transfer fees of attacking players in
Europe’s top five leagues (2010-2025).

Method: Data Collection source was API-Football which contained 3,596 valid transfers with 1,053 transfers involving attacking
players. SHAP values were calculated from a Gradient Boosting Regressor fitted to log-transformed fees, with five-fold cross-
validation grouped by player. The Human Capital, Market efficiency and Bargaining Theory were used to analyse the impact of
13 variables of players and leagues.

Results: Goals scored and assists were the crucial positive determinants of transfer fees, with age and red cards having significant
negative effects. The participation in the Premier League came with a large fee premium over the reference league, while the
participation in UEFA competitions had a positive but small impact. The model explained an R-squared of 0.226 (22.6%) of fee
variation under five-fold cross validation, below a linear regression baseline (R-squared = 0.344, 34.4%), suggesting a near linear
relationship between statistics and fees.

Conclusions: Attacking transfer fees are driven by Scoring goals and league context and not by disciplinary record or prestige.
Findings provide practical guidance for clubs, scouts and regulators, while the modest fit suggests , contract terms, agent

influence and commercial appeal are unmeasured factors of fee variation.
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Introduction

The professional football game is now one of the most com-
mercially significant industries in the sports economy. Besides
broadcasting revenues and sponsorships, the football transfer
market is now a huge economic system in the sport. A Trans-
fer fee refers to the payment made by one club to another to
gain the registration rights of a contracted player. This number
takes into account not just athletic ability, but also a player’s
marketability, future potential and perceived economic value.

The theoretical foundation of this study draws on three
complementary frameworks. Human Capital Theory! treats
players as economic assets whose value derives from their
skills, experience, and expected future contribution. Market
Efficiency Theory? proposes that in an efficient market, trans-
fer fees should fully reflect all observable player characteris-
tics. Empirical evidence consistently shows deviations from
this benchmark as valuations are also affected by reputation
and commercial appeal, in line with findings on club affilia-
tion and marketing driven premiums>. Bargaining Theory*
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expands on how bargaining power, the urgency of the contract
and the competitive interest of rival clubs can drive the ulti-
mate fee above that justified by objective performance alone.

Transfer fees serve as a critical economic instrument within
football. They are capital investments on club balance sheets,
they impact on the compliance with financial regulations and
they reinforce competitive hierarchies between leagues. There
are a number of generally accepted factors that influence trans-
fer value: performance indicators such as goals, assists and
appearances; age and long term development potential; dis-
ciplinary record; physical attributes; and participation in elite
competitions such as the UEFA Champions League and Eu-
ropa League.

A growing body of literature examines determinants of
transfer fee, but significant empirical gaps remain. The ma-
jority of existing studies are limited to a single league or a
rather short time window>. Even studies based on larger multi
league samples tend to find that contextual factors such as
team quality and league strength dominate individual perfor-
mance metrics, or highlight a narrower set of decisive vari-
ables such as contract length and age’. Few have studied
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transfer fee determinants at scale and none have specifically
looked at attacking players despite forwards being dispropor-
tionately represented among the most expensive transfers in
history©.

This study deals with the gap in question by examining
3,596 valid transfers involving attackers, midfielders, defend-
ers, and goalkeepers, 1,053 of which concern attacking play-
ers who came from the top five professional leagues in Eu-
rope over a 15-year period from 2010 to 2025, the data being
obtained through the API-Football service. It includes a wide
range of variables such as appearances, goals, assists, age, yel-
low cards, red cards, and the league in which the players’ un-
derlying statistics were recorded, covering all of the top five
domestic leagues as well as the UEFA club competitions, thus
taking into account aspects of player valuation that are ignored
by conventional studies. SHAP analysis is used to assess the
relative importance and the direction of the effect of each vari-
able, giving a more thorough and easier to interpret explana-
tion of how transfer fees are determined in today’s football, as
shown in Figure 1.
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Figure. 1 SHAP summary plot for attacking player transfer fees (full
sample). Each data point is a player-transfer observation, with the
horizontal position being the SHAP value (impact on the predicted
fee) and the colour indicating whether the underlying feature value
was high (pink) or low (blue). This allows readers to view both the
direction and spread of each variable’s effect across the sample.

Research Question and Hypotheses

This study seeks to answer the following research question:
which player related and competition related factors most
strongly determine the transfer fees of attacking football play-
ers in Europe’s top five leagues between 2010 and 2025, and
in what direction do they operate? In line with the theoretical

frameworks outlined above, four hypotheses are proposed:

H1: Performance related variables (appearances, goals, and
assists) will show a positive and meaningful relationship with
transfer fees, consistent with Human Capital Theory.

H2: Disciplinary variables (yellow cards and red cards) will
show a negative relationship with transfer fees, reflecting their
effect on player reliability.

H3: Age will be inversely related to transfer fees, in line
with clubs’ preference for younger players with greater long
term potential.

H4: Participation in elite UEFA competitions will show a
positive directional impact on transfer fees but will be lim-
ited in overall importance compared with on field performance
variables.

Literature Review

Economic and Statistical Approaches

Besson et al.” used an econometric method based on multi-
ple linear regression to examine transfer fees. For this pur-
pose, they compiled a dataset consisting of 2,045 transactions
involving money which took place between July 2012 and
November 2021 in the English Premier League, the Spanish
La Liga, the Italian Serie A, the German Bundesliga, and the
French Ligue 1, the data having been checked by sports me-
dia and Transfermarkt. The model classified the variables into
three categories: player performance, individual characteris-
tics, and contextual factors, applied a logarithmic transforma-
tion to the fees, and employed five-fold cross validation. The
study finds that an econometric approach is able to account
for more than 80 per cent of the variations in transfer fees,
contract length, age, and weighted experience being the most
important factors; an extra contract year results in a 22 per
cent increase in the fee, while being one year younger leads to
an increase in valuation of about 12 per cent.

Kirschstein and Liebscher® examined the extent to which
a player’s market value is determined by their skills and per-
formance, employing secondary data from about 493 athletes
in the German Bundesliga and analysing it across 28 per-
formance indicators using robust regression and multivariate
techniques. They found that market values are not entirely
determined by performance indicators, some players being ei-
ther overvalued or undervalued. The market value of a player
is strongly influenced by the club they are associated with and
by the club’s reputation, star players tend to have their val-
ues inflated, and marketing opportunities among other external
factors also have an effect. Player valuation is thus influenced
by both performance and non-performance factors.

Merten’ examined the temporal relationship and the imme-
diate return on investment associated with transfer expendi-
tures, using data spanning from 1992 to 2021 which was ob-
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tained from historical league tables and financial records sup-
plied by Transfermarkt and Deloitte. In order to establish a
link between net transfer spending and the number of points
earned, as well as to identify the direction of the relationship
between spending and performance, the study applied linear
regression and Granger causality analysis, at the same time
grouping the clubs into different spending categories. The
paper finds that although transfer spending is the most effec-
tive means of achieving rapid improvement, it is a high-risk
approach which frequently results in unsustainable debt, and
therefore clubs need to balance their market aggression with
investment in youth development and with wage-to-revenue
stability.

Jose et al.® carried out a large-scale, quantitative, cross-
sectional study in which they analysed the data of 2,259 pro-
fessional male football players from the five most valuable
European leagues in the 2018-2019 period, using the play-
ers’ Transfermarkt market values as the dependent variable.
To investigate the interactions between age, playing position,
team quality and league type, the researchers conducted nor-
mality tests, applied the Kruskal-Wallis H test and carried out
a multi-factorial ANOVA, with post hoc Bonferroni correc-
tions and calculations of effect sizes. They concluded that
market value indicates a hierarchical system in which team
quality and league strength are the two most important predic-
tors, with players at top-tier clubs or in the English Premier
League enjoying a substantial premium irrespective of their
individual statistics.

Depken and Globan? carried out an analysis of 5,760 inter-
national player transfers over a period of 14 years and discov-
ered that English clubs pay considerably higher transfer fee
premiums than do clubs in France, Germany, Italy, and Spain;
they attributed the sharp increase in this English premium to
the 2012 Premier League broadcasting agreements, thus giv-
ing a causal and league-specific explanation for the type of
Premier League fee premium identified in the current study.

Rubio-Martin et al. '° carried out a study in which they anal-
ysed the risk of injury and its impact on market value for
5,336 player observations from seven European leagues be-
tween 2006 and 2020, predicting the probability of injury us-
ing logistic regression and then using a dynamic panel model
to relate that probability to market value; they discovered that
a 1 per cent increase in the probability of a serious injury was
linked with a 2.29 per cent decrease in market value, a effect
which became more pronounced when both the severity of the
injury and its recurrence were taken into account.

Di Domizio et al.!! looked at the assessment of transfer
market values in the case of Italian Serie A, thereby giving
a single-league example that supplements the broad, multi-
league emphasis of most of the other studies in this field and
providing a useful basis for comparison with the premium for
Serie A that is identified in the current study.

Machine Learning Approaches

Li et al.!? applied SHAP-based interpretable machine learn-
ing to over 800 real world transfer records from the Big Five
leagues covering the 2017-2018 to 2019-2020 seasons in or-
der to determine the main factors that influence the valuation
of professional soccer players. They discovered that a few fun-
damental human capital factors, for example age, and labour
market factors such as the length of the remaining contract,
were the key drivers of value, outweighting technical abilities
like goal scoring, and that general athletic attributes had more
predictive value than soccer-specific skills.

McHale and Holmes ' arrived at estimates of the transfer
fees of professional footballers by combining advanced per-
formance data for players with machine learning algorithms
and discovered that machine learning models exceeded the
linear regression benchmarks in terms of out-of-sample pre-
diction accuracy; the model thus obtained was also applied in
order to evaluate value for money in individual transfers and
for clubs as a whole.

Positional and Career-Stage Analyses

Khalife et al.'* looked at the way various factors that affect
market value differ according to playing position and stage
of a player’s career, using a dataset related to FIFA that was
analysed by means of machine learning, specifically with Gra-
dient Boosting models and cross validation. They discovered
that the factors affecting valuation change depending on po-
sition, forwards being more dependent on shooting and drib-
bling, midfielders on passing, and defenders on defensive abil-
ities. The significance of these factors changes with age since
younger players are valued more in terms of their future poten-
tial and reputation, whereas older players are valued based on
their actual performance. Future potential was important for
setting market value, and machine learning provided a greater
level of accuracy than traditional methods.

In the study by Liu'>, the way in which player market val-
ues decrease after their peak years in the top five European
leagues was investigated, the data for the 2023-2024 season
being used. It was found that there was a steady fall in market
value starting at about age 27, the most rapid decline occur-
ring in the Bundesliga and the slowest in Serie A and La Liga,
while the Premier League and Ligue 1 exhibited a more mod-
erate rate of decline, showing that the league in which a player
competes has an effect not only on their current valuation but
also on how quickly that valuation decreases with age.

Valuation Theory and Market Efficiency

Hill et al.'® claim that value should be based on a player’s
on-field performance and on factors such as age and experi-
ence rather than on secondary considerations like the length
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of a contract, employing a conceptual, interdisciplinary re-
view which links sports management research with corporate
finance. They divide valuation methods into four categories:
intrinsic, relative, real options and probabilistic ones, and ex-
amine existing models such as the Statistical Trend Analysis
Rating System and the Player Quality Index, thereby creat-
ing a decision framework for choosing an appropriate method.
They assert that a rigorous framework based on finance is nec-
essary for objectivity, and that although intrinsic valuations are
theoretical, relative valuations are still the most practical tool
since they make use of standardised performance metrics.

Franceschi et al.!” carried out a systematic review of 29
peer-reviewed studies concerning the valuation of football
players, grouped the independent variables used in the vari-
ous studies and suggested a common group of core explana-
tory variables together with the expected direction of their ef-
fects. They found that even after thirty years of research there
are still considerable gaps to be overcome in reconciling the
econometric and machine learning approaches and in extend-
ing the analysis to go beyond aggregate or position-agnostic
samples.

Franceschi et a proposed a unified theoretical frame-
work for valuing football players, the framework being based
on subjective value theory from the Austrian school of eco-
nomics and differing between a player’s use value to a par-
ticular club and their overall market value; they applied this
framework in a critical examination of the conceptual validity
of crowd-sourced valuation sites such as Transfermarkt.

Coates and Parshakov !° directly put the wisdom of crowds
hypothesis that forms the basis of Transfermarkt valuations
against the actual transfer fees and found that although the
market values derived from the crowd closely correlate with
the real fees, they systematically underestimate the price that
is actually paid in the majority of transfers, a point which is
relevant to any study that relies on crowd-sourced or aggre-
gated secondary data, such as the present study’s use of the
API-Football service as a stand-in for transfer fees.

Peeters?® examined whether the crowd-sourced valuations
on Transfermarkt accurately reflected the subsequent transfer
fees and the results of international matches, thus providing
an empirical basis for using Transfermarkt data in academic
research and making clear the conditions under which crowd
valuations match true player quality.

1.18

Financial, Ownership, and Commercial Factors

Sauer et al.?! carried out an analysis of the way financial in-
vestors generate value in football as compared with the prin-
ciples of conventional investment theory, employing a Straus-
sian grounded theory method. The investors were chosen on
the basis of their previous investment activities, the use of third
party equity, their active investment behaviour, and the fact

that their holding periods were short. The data were gathered
in two stages: first from secondary sources such as Merger-
market, the investors’ websites, press releases and articles, and
then through 16 semi-structured interviews with investors, ad-
visors, regulators and club executives. With the aid of Atlas.ti,
the researchers performed open coding, obtained strong inter-
coder reliability, and reached theoretical saturation before car-
rying out axial coding, which resulted in the identification of
four core themes showing how these investors differ from tra-
ditional private equity. The findings assist club managers in
understanding the motivations of investors, enable investors
to see that football can be a viable market, and aid regulators
in designing suitable safeguards.

Metelski® looked at the main factors that influence financial
aspects of the football transfer market by looking at the top
100 most expensive player transfers in history, using data from
Transfermarkt. The players were categorised as goalkeep-
ers, defenders, midfielders, and forwards in order to find out
whether offensive players are more frequently included among
the highest-value transfers. To examine age-related trends in
valuation, descriptive statistics and the Pearson correlation co-
efficient were used. The results show a strong emphasis on of-
fensive players, since attackers are more often found amongst
the most valuable transfers, which shows the value placed on
goal-scoring ability. The high prices paid for young players
suggest that clubs are willing to spend money on their future
potential, and the study points out financial inequalities in that
a small number of well-off teams regularly spend more than
the rest.

Richau et al.?? studied the effect of ownership concentra-
tion and the origin of investors on the transfer fees of individ-
ual players in the English Premier League, looking at 1,124
transfers from the 2012/13 to the 2018/19 period. Ownership
concentration was divided into three categories: dispersed,
majority, and single ownership, and the largest shareholder
was classified as either being domestic or foreign. The re-
searchers used OLS models with the transfer fees transformed
using a logarithm and took into account factors such as the
players’ age, position, and performance, finding that there was
no clear evidence to show that greater ownership concentra-
tion by itself increases the willingness to pay. On the other
hand, single ownership might have a negative impact on trans-
fer fees, while foreign investors, in particular those who are
controlling shareholders, tend to pay a premium for players,
especially when considering the higher parts of the fee distri-
bution.

Hoey et al.?? investigated whether the football transfer sys-
tem acts as a pro-competitive measure by redistributing finan-
cial resources among the clubs, employing industrial organi-
zation techniques to analyse transfer data drawn from the fi-
nancial statements of 202 European clubs. They found that
the transfer system only slightly reduces financial inequality
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rather than significantly improving competitive balance; mid-
sized clubs derive the greatest benefit from transfer income
whereas smaller clubs receive only a small amount, and the
large clubs are able to absorb transfer losses without losing
their financial leading position. Consequently, the system has
only a small pro-competitive effect and does not equalise the
competitive environment.

Uzik et al.?* developed a mathematical model which linked
transfer prices to a player’s fan base and their presence on so-
cial media, claiming that a player who is widely followed can
help a club to recover part of the transfer fee by means of mer-
chandise and sponsorship income, and thus extend the valu-
ation of a player beyond their on-field performance into the
commercial area.

Malagon-Selma et al.?> have proposed a new method for
measuring player popularity by means of Google Trends
search data; they developed six popularity indices and demon-
strated that including these indices reduced the error in trans-
fer fee predictions in the cases of linear regression, random
forest, and gradient boosting models, thus supporting the idea
that off-field popularity has measurable predictive value to-
gether with on-field performance.

Synthesis and Research Gap

When the studies reviewed are considered as a whole, they
reach three main conclusions. Firstly, performance-related
factors such as goals, assists, number of appearances, and age
consistently appear as key determinants of a player’s market
value, regardless of the methodological approach used from
econometric models> to machine learning techniques '*. Sec-
ondly, non-performance factors such as the club’s reputation,
the ownership structure, the origin of the investors, and the
strength of the league also have a significant impact, showing
that the football transfer market differs from the strict fore-
casts of Market Efficiency Theory>%22. Thirdly, while some
studies have looked at transfer fees at an aggregate level or
have focused on the top 100 transfers®, few have combined a
large multi-league dataset with an interpretable machine learn-
ing method (even though Li et al.!? are close to this, using a
similar multi-league SHAP-based approach without concen-
trating on attackers), and no study has specifically focused
on attacking players even though attackers are well known to
be overrepresented among the most expensive transfers. This
study fills that gap by applying SHAP-based interpretation to
a large dataset that is focused on attackers and covers 15 years
across five major European leagues.

Theoretical Framework

Market Efficiency Theory holds that in an efficient market,
prices fully reflect all available information?. If the football

transfer market were perfectly efficient, a player’s transfer fee
would equal the true market value based on performance, age,
potential, and other factors, with no systematically underval-
ued or overvalued players. However, evidence suggests de-
viations from efficiency, as player valuations are influenced
by both performance and non performance factors, leading to
systematic overvaluation and undervaluation3. This study ex-
amines whether observable player characteristics significantly
influence transfer fees, using SHAP to evaluate how efficiently
the market prices player attributes.

Human Capital Theory holds that individuals possess
skills, knowledge, experience, and abilities that enhance pro-
ductivity and economic value'. Applied to professional sport,
athletes are economic assets whose value depends on expected
future contribution. Player characteristics such as goals, as-
sists, appearances, experience in elite competitions, and tech-
nical abilities can be interpreted as forms of human capital,
and clubs invest significant fees in players expected to deliver
sporting success and long term performance benefits.

Bargaining Theory holds that bargaining outcomes depend
on the relative negotiating power of the parties* The final ne-
gotiated price is influenced by factors beyond the intrinsic
value of the asset. Bargaining power, alternatives, urgency,
and strategic position all play a part. Two players of simi-
lar performance might command different fees because selling
clubs ask higher fees for strategically important players, while
buying clubs might pay more because of urgency, competition
from rivals or commercial factors.

Methods

Data and Variables

Forwards, who are also known as attackers, are outfield play-
ers who play further up the pitch than midfielders or defend-
ers. Because of their position further forward and the rel-
atively small amount of defensive duty they have, forwards
generally score more goals than any other kind of player on
the team. There are a number of sub-positions within this at-
tacking group, such as strikers, wingers (on the left and right),
central forwards, false nines, and second strikers. However,
the data in question does not identify these sub-positions in-
dividually; instead, the players are grouped under the more
general categories of Attacker and Forward, these categories
together covering all the attacking roles mentioned above and
forming the basis for the position filter used in this study.

The study makes use of secondary data obtained through
the API-Football service and looks at the factors that influ-
ence transfer fees from 2010 to 2025 in the top five profes-
sional leagues in Europe. Although the entire dataset includes
3,596 valid transfers involving all positions, the SHAP analy-
sis is carried out on the subgroup consisting of 1,053 transfers
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by players (768 different players), since the study concentrates
on forwards. As the dependent variable, the player’s transfer
fee is used, having first been log transformed in order to stan-
dardise the distribution and minimise skewness, in accordance
with previous research. The independent variables consist of
six numeric performance and disciplinary indicators (appear-
ances, goals, assists, age, yellow cards, and red cards) as well
as seven league dummy variables which represent the compe-
tition in which the player’s underlying statistics were collected
(Premier League, Serie A, La Liga, Ligue 1, UEFA Champi-
ons League, UEFA Europa League and UEFA Europa Con-
ference League), with the Bundesliga serving as the reference
category.

The encoding procedure chose the Bundesliga to be the ref-
erence category since it comes first alphabetically out of the
eight league categories, not for any actual reason; this deci-
sion has no impact on model performance and affects only
which league’s coefficient is directly shown in Table 1, as all
the other leagues are given in relation to the one that has been
left out.

It is also a reasonable rather than a distorting choice since
the Bundesliga is not a small or unusual league when com-
pared with the others in the sample; it involves 225 at-
tacker transfers, the second highest number after the Premier
League’s 227 and well ahead of Ligue 1 (211), Serie A (197),
and La Liga (177), thus making it an appropriate baseline
rather than an artifact of limited data. The idea of using the
Premier League as the reference category had been consid-
ered but discarded, as that would mean excluding the Pre-
mier League’s own coefficient from Table 1 and would re-
quire its premium—the single largest league effect found in
this study—to be reported only indirectly as a negative coef-
ficient for all the other leagues. By keeping the Bundesliga
as the reference category, it is possible to state the Premier
League premium directly, which is the way the most recent
comparable study in this field presents its own results.

The data were obtained via the API-Football service (api-
football.com), this service offering transfer, appearance, and
disciplinary information in a structured format. As part of
the data cleaning process, exact duplicate rows were deleted
since the original export included repeated entries for most of
the transfer records; the position field as reported was stan-
dardised into the Attacker and Forward categories mentioned
above; and the transfer fee values, which were given as text
strings in formats such as 95K or 5.5M €, were converted
into numerical euro values. Any records that had a missing
or zero transfer fee or missing values for any of the features
considered by the model were excluded from the analysis.

The following fields were taken from the source data:
Transfer Date, Transfer Fee, Team From, Team To, Player ID,
Player Name, Age During Season, Stat League, Stat Season,
Position, Appearances, Goals Total, Assists, Yellow Cards,

and Red Cards; fields available in the source such as min-
utes played, passing, tackling, and dribbling statistics were
not included in the feature set of the model. In order to be
included, the data had to have a Transfer Fee that was greater
than zero and not missing, a Position value of either Attacker
or Forward, and non-missing values for all the features in the
model; any records that failed to meet any of these conditions
were excluded, together with the exact duplicate rows men-
tioned above.

The transfer fees, as provided by the source, are given in eu-
ros and are used in their nominal form; during the period from
2010 to 2025 no adjustment has been made for inflation or for
fluctuations in currency value. This approach is a simplifica-
tion because a nominal euro in 2010 does not have the same
purchasing power or indicate the same market conditions as a
nominal euro in 2025, a fact which is addressed again in the
section below dealing with temporal effects.

The dataset does not separately classify loan moves, free
transfers, or fees which include performance-based add-ons
and sell-on clauses, and it also does not indicate mid-season
transfers any differently from transfers made at the end of the
transfer window. It is therefore necessary to include all these
types of transfer in the sample since the original data is not
reliable in distinguishing between them; particularly loan fees
and any undisclosed or nominal free-transfer fees cannot be
directly compared with permanent-move fees that have a fully
disclosed value, and this is regarded as a limitation of the data
available rather than a decision made in the modelling process.

The values for each performance predictor—such as ap-
pearances, goals, assists, yellow cards, and red cards—show
the data from the player’s most recent completed season be-
fore the transfer date, since this is the information a club would
realistically have seen when discussing the transfer. Statistics
from seasons after the transfer are not included in order to pre-
vent lookahead bias in the features of the model.

Many of the variables which had been identified in previ-
ous literature as relevant to transfer valuation—such as con-
tract length, wage level, international caps, injury history, mar-
ketability, release clauses, nationality, and height—are not
available via the data source employed in this study and are
therefore not included in the model. This point is examined
again in the Limitations section, where the effects it has on
the model’s unexplained variance are further discussed.

SHAP and Estimation Procedure

SHAP (SHapley Additive exPlanations) is a technique in the
field of interpretable machine learning which is used to show
the contribution of each individual variable to a model’s pre-
diction. It makes use of Shapley values from cooperative game
theory: each feature is considered to be a player in a game
and the predicted transfer fee is the amount that the player re-
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ceives. The SHAP value indicates the amount by which each
feature contributes to either increasing or decreasing the pre-
dicted transfer fee in comparison to the average prediction.
The framework offers both global interpretability, by deter-
mining which variables are most important as a whole, and
local interpretability, by illustrating how a particular variable
influences a single prediction.

In the study, SHAP values were obtained from a tree-based
ensemble (Gradient Boosting Regressor) that had been trained
on the entire log transformed transfer fee sample, and the
model’s generalisation ability was evaluated separately by
means of cross validation, as described below. The SHAP
value for each feature shows its average marginal contribu-
tion to the predicted transfer fee for all possible combinations
of features. The Direction of Impact (DOI) given in the re-
sults refers to the correlation between the values of the features
and their respective SHAP values, positive values showing that
higher feature values lead to higher predicted transfer fees and
negative values showing the opposite effect. Overall impor-
tance is calculated as the mean absolute SHAP value, with
the values being normalised in order that they can be com-
pared across different features. The Gradient Boosting Re-
gressor was set with n_estimators = 500, learning_rate = 0.05,
max_depth = 5, subsample = 0.8, and random_state = 42, the
hyperparameters having been chosen by manual tuning rather
than through an automated search method such as grid search
or Bayesian optimisation.

Cross-Validation and Baseline Comparison

In order to examine how well the model generalises beyond a
single fit on the entire sample, five-fold cross validation was
carried out, grouping the data by player, in such a way that a
player who had more than one transfer in the sample would
not appear in both the training and the test parts of the same
cross-validation split. In order to determine whether the ex-
tra complexity introduced by the Gradient Boosting Regressor
is worthwhile, its cross-validated performance was also com-
pared with that of a linear regression baseline which was esti-
mated using the same features and the same folds. The results
for both models are given and discussed in Table 2.

Ethical Considerations

This study used only publicly available, aggregated secondary
data from the API-Football service and did not involve human
participants, personal data, or animal subjects. No ethical ap-
proval was therefore required.

Results

The main results are reported in Table 1, which presents the
direction of impact and overall importance of each variable.

Table 1 SHAP results for transfer fee (attacking players)

Variable Direction of Overall
Impact Importance
Goals 0.937 0.495
Assists 0.874 0.393
Age -0.810 0.301
Premier League 0.970 0.297
Appearances -0.373 0.222
Serie A 0.932 0.187
LaLiga 0.929 0.134
Yellow cards -0.008 0.096
Ligue 1 0.422 0.067
Red cards -0.734 0.025
UEFA Champions League 0.960 0.015
UEFA Europa League 0.936 0.015
UEFA Europa Conference League 0.930 0.003

Source : author’s calculations

The SHAP results for the transfer fee (with regard to attack-
ing players from 2010 to 2025) are given in Table 1. The Di-
rection of Impact shows the correlation between the values of
the features and the associated SHAP values; Overall Impor-
tance refers to the mean absolute SHAP value, expressed on a
normalised scale. The league variables are coded in relation to
the Bundesliga, which is the reference category left omitted.
The Overall Importance figures do not add up to one when
summed over all the features; instead, each value has been in-
dependently normalised as the mean absolute SHAP value for
that variable and must therefore be interpreted as indicating a
relative ranking rather than as representing a proportion of the
total explained variation.

The goal statistic has a direction of impact of 0.937 and
an importance of 0.495, which means it is by a clear margin
the most significant factor in the model. The number of goals
scored is very strongly associated with increased transfer fees
— consistent with the view that attackers are mainly valued for
their ability to convert chances into goals.

The second most important factor is the variable Assist with
an impact value of 0.874 and an importance of 0.393 . There
is a connection between players who create more goals for
their teammates and higher transfer fees, suggesting that clubs
value creative play in addition to direct goal scoring.

Age has a negative impact of -0.810 and an importance of
0.301, which means it is the third most important factor; older
players are linked with considerably lower transfer fees, this
being in keeping with clubs charging less for players who have
less resale value and shorter careers remaining.

The Premier League has a direction of impact of 0.970 and
an importance of 0.297, which is the highest league effect in
the model; compared with the Bundesliga, which is the refer-
ence category, a player whose statistics were collected in the
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Premier League is linked to a significant fee premium, this re-
flecting the league’s higher broadcasting revenues and spend-
ing power.

The impact of appearances is -0.373 and its importance
is 0.222. Rather counterintuitively, the more appearances a
player has, the lower their predicted fee becomes when goals,
assists, and age have already been taken into account. This
is probably due to multicollinearity: appearances are strongly
correlated with goals (r = 0.71, see Diagnostic Testing), so af-
ter the model has already assigned value to goal output, further
appearances without a corresponding increase in goals may
indicate that the player is part of the squad rather than a key
performer. This finding is discussed again in the Discussion.

The fact that playing in Serie A (with a direction of im-
pact of 0.932 and an importance of 0.187) and La Liga (with
a direction of impact of 0.929 and an importance of 0.134) is
linked to considerable positive fee premiums when compared
to the Bundesliga—although these are smaller than the effect
seen in the Premier League—shows the relative commercial
strength of these leagues.

Yellow cards have an impact direction of -0.008 and an im-
portance of 0.096; the direction is near zero, which shows that
there is no consistent relationship between disciplinary book-
ings and fees once the effects of the other variables have been
taken into account, even though the variable as a whole has
moderate importance.

The impact score for playing in Ligue 1 is 0.422 and its
importance is 0.067, which is a positive but smaller premium
than that of the other top five leagues, this being in line with
Ligue 1’s relatively lower broadcasting revenues.

The red card factor has a value of -0.734 and an importance
of 0.025. The more frequently players are sent off, the lower
their transfer fees tend to be, which is in line with the disci-
plinary risk and the lost playing time connected with receiving
ared card.

There is a consistent pattern when it comes to participation
in UEFA club competitions: the Champions League (with a
direction of impact of 0.960 and an importance of 0.015), the
Europa League (with a direction of impact of 0.936 and an im-
portance of 0.015), and the Europa Conference League (with
a direction of impact of 0.930 and an importance of 0.003) are
all positively linked to fees, though they make only a small
contribution to the overall model importance. Although tak-
ing part in continental competition is linked to higher fees, this
effect is mostly offset by the domestic league and performance
variables when these are taken into account.

Local Explanations

Although Table 1 shows the global importance of various fea-
tures, SHAP also enables each individual prediction to be bro-
ken down into the specific contributions made by each feature

for that particular player. Waterfall plots were looked at for
three typical attacking players selected from the lower, mid-
dle, and upper groups of transfer fees in the sample: one with
a transfer fee of €1.0 million, another with €7.0 million, and
a third with €46.5 million. In the case of the player with the
lowest fee, the biggest negative factors were zero goals and
zero assists, which pulled the prediction well below the aver-
age, an effect only partially counteracted by the positive im-
pact of having played in Ligue 1. In the case of the player with
the highest fee, the most significant positive contribution came
from a high number of goals (13 goals), this being supported
by playing in the Premier League, the number of appearances,
the number of yellow cards, and age. These local explanations
show that the factors identified in Table 1 do not work in the
same way across the entire range of fees: goal output seems
to have the greatest influence on the prediction at the top end
of the market, while league context and the lack of output are
the most important factors at the lower end.

fix)

league_Ligue 1

assists
league_Premier League -0.21 .
league_Serie A 0.21 .
league_La Liga -=0.15 .

fUUB'

apps { +0.03

yellow_cards

4 other features —0.02 ’

135 14.0 14.5 15.0 15.5

E[f(X)]
Figure. 2 Local SHAP waterfall plot, low-fee example (€1.0 million
transfer). Bars show how each feature pushed the prediction for this
individual player up (pink) or down (blue) from the model’s average
predicted fee, E[f(X)], to the final predicted value f(x) shown at the
top.

Table 2 reports model performance under five fold cross val-
idation grouped by player, rather than a single train test split,
giving a more reliable estimate of how well the model gen-
eralises to unseen players. The Gradient Boosting Regressor
achieved a mean R-squared of 0.226 (SD = 0.087), a mean
RMSE of 1.208, and a mean MAE of 0.908 across the five
folds. A linear regression baseline, estimated on the same
features and the same folds, achieved a mean R-squared of
0.344, a mean RMSE of 1.116, and a mean MAE of 0.857,
outperforming the more complex Gradient Boosting Regres-
sor. This indicates that the relationship between the observed
player statistics and transfer fees is close to linear in this sam-
ple, and that the added flexibility of gradient boosting may
be overfitting to noise given the limited number of attacking
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Table 2 Cross-Validated Model Performance

Model R-squared (mean + SD) RMSE (mean) MAE (mean)
Gradient Boosting Regressor 0.226 4+ 0.087 1.208 0.908
Linear Regression (baseline) 0.344 £+ 0.062 1.116 0.857

Sources: Author’s calculations. Five-fold cross-validation grouped by player.

0 = assists
league_Premier League

league_Serie A

alse = league_La Liga
red_cards { +0.01
4 other features -0.01 '
14.6 14.8 15.0 15.2 15.4 15.6
ETf(X)]

Figure. 3 Local SHAP waterfall plot, mid-range example (€7.0 mil-
lion transfer). As in Figure 2, bars show the feature-by-feature con-
tributions that move this individual player’s prediction away from the
model’s average toward its final predicted value.

league_Premier League
) = assists -0.32
1 = yellow_cards
| = age . +0.16
-0.1 '
—0.06 .

‘ +0.02

slse = league_Serie A
Fals league_La Liga
1 = red_cards

4 other features -0.03 ‘

15.25 15.50 15.75 16.00 16.25 16.50 16.75 17.00
ETAX)] 5.597

Figure. 4 Local SHAP waterfall plot, high-fee example (€46.5 mil-
lion transfer). As in Figures 2 and 3, bars show how each feature
contributed to this individual player’s prediction, illustrating how the
balance of drivers shifts at the top end of the fee distribution.

player transfers. Overall, the model explains under a quarter
of the variation in transfer fees on unseen data, meaning that
the large majority of fee variation reflects factors not captured
here, such as agent influence, contract terms, club specific ne-
gotiation dynamics, and commercial appeal.

To interpret the SHAP results, the pairwise correlation coef-
ficients were calculated to assess the multicollinearity among

the numeric predictors. The strongest correlations were be-
tween appearances and goals (r = 0.71), appearances and yel-
low cards (r = 0.64), and goals and yellow cards (r = 0.53); all
other correlations were less than r = 0.40. The appearances-
goals correlation approaches, but does not exceed, the con-
ventional r = 0.8 threshold typically used to flag serious multi-
collinearity. This is something to bear in mind when interpret-
ing the relative rankings in Table 1, as SHAP is able to split
importance between correlated features as opposed to credit-
ing it to a single variable, although tree based models such as
the Gradient Boosting Regressor are relatively robust to cor-
related predictors.

Predictor Correlation Matrix (Attackers)

1.0
goals 0.14 0.53 0.10 0.71
0.8
assists -
age- 0.14 - 0.6
yellow_cards - 0.53 L 0.4
red_cards - 0.10
-0.2

=
w
~
o
i
=]

apps

goals
assists -
age -

apps

red_cards -

yellow_cards

Figure. 5 Predictor correlation matrix (attacking players) Each cell
reports the Pearson correlation coefficient between a pair of numeric
predictors, with darker red indicating stronger positive correlation;
readers should note the comparatively high correlation between ap-
pearances and goals discussed in the text.

To formally test for heteroscedasticity rather than relying on
visual inspection of Figure 6 alone, a Breusch-Pagan test was
conducted on the model residuals. The test returned an LM
statistic of 81.49 with a p-value below 0.001, indicating sta-
tistically significant heteroscedasticity at the 5 percent level.
This suggests that, despite the visually even scatter in Figure
6, prediction errors become less consistent at higher transfer
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fees, and results for the most expensive transfers should be
interpreted with additional caution.

Residuals vs. Predicted Values

Residual

Predicted log(transfer fee)

Figure. 6 Residuals vs. predicted values, cross-validated model.
Each point is one player’s residual (actual minus predicted log trans-
fer fee) plotted against its predicted value; a roughly even, pat-
ternless scatter around the dashed zero line would indicate a well-
specified model, while any funnel-shaped widening would indicate
heteroscedasticity, formally tested in the text.

Discussion

It is worthwhile reemphasising a methodological point be-
fore moving on to a substantive interpretation: the SHAP
values given throughout this study explain the way in which
the trained Gradient Boosting Regressor makes use of each
variable when producing predictions. These values measure
the association and relative importance within the model, not
causal effects that have been proven in real-world transfer
pricing, and the discussion that follows should therefore be
understood with this difference in mind.

The aim of this study was to find out what factors are linked
to the transfer fees of attacking football players in the top five
leagues in Europe from 2010 to 2025. The results indicate
that direct goal scoring is the most significant positive factor
affecting transfer fees, after that come assists, with age show-
ing a strong negative relationship. The context of the league
also plays a significant role: there is the highest positive fee
premium for playing in the Premier League, followed by Serie
A and La Liga, whereas Ligue 1 has a smaller premium and
involvement in UEFA club competitions, although it is con-
sistently in a positive direction, makes only a minor contribu-
tion to the overall impact. With regard to disciplinary records,
the findings are mixed: as one would expect, red cards are
linked to lower fees, but yellow cards show almost no con-
sistent directional effect. Surprisingly, when goals and assists
have already been taken into account, appearances are associ-
ated with lower predicted fees, probably because of the strong

correlation between appearances and goals rather than because
there being a real penalty for the amount of playing time. Hy-
pothesis H1 is therefore only partly supported since goals and
assists act as expected but appearances do not. H2 is also only
partly supported since red cards behave as expected but yel-
low cards have no meaningful effect. H3 is strongly supported
since age shows both a negative direction and a considerable
level of importance. H4 is supported in terms of direction, as
all the league dummies including those for the UEFA com-
petitions are positive compared to the reference category, but
the domestic leagues, especially the Premier League, have a
great deal more influence than the prestige of participating in
continental competitions, going beyond what was originally
anticipated by H4.

It is worth examining on its own account the low SHAP im-
portance of the variables relating to UEFA competitions, even
though they have a consistently positive effect, since a great
deal of the current literature regards participation in top-level
continental competition as a meaningful valuation signal in it-
self. A reasonable explanation for this is the overlap with the
performance variables that are already included in the model:
the players who take part in the Champions League or the Eu-
ropa League come mostly from clubs which also achieve the
highest numbers of goals and assists in this sample, so after
taking into account goals, assists, and league context, the con-
tribution of competition participation offers only a relatively
small amount of new information for the model to use. More-
over, feature interactions may exacerbate this effect, because
a tree-based model such as the Gradient Boosting Regressor
can pick up part of the competition signal implicitly via com-
binations of league and performance variables rather than at-
tributing it directly to the competition dummies.

The results confirm what economic theory would predict,
but they also reveal the points at which the football transfer
market differs from that theory. The importance attached to
goals and assists is in line with Human Capital Theory ', since
players are assessed according to the productive output they
contribute to a club. Yet the finding that league context—
especially playing in the Premier League—has more influence
than taking part in elite UEFA competitions, and the fact that
appearances show a negative rather than a positive relationship
once goals have been taken into account, indicate that the mar-
ket for forwards does not always price observable characteris-
tics in the way that would be expected?. The negative effect
of age and receiving a red card is in accordance with Bargain-
ing Theory*, as clubs might use these factors as bargaining
chips to lower the fees when negotiating. At the same time,
the model only accounts for 0.226 (22.6 per cent) of the varia-
tion in transfer fees when tested using cross validation, which
is considerably less than the 0.344 (34.4 per cent) obtained by
the simple linear regression baseline, implying that more than
half of the variation in fees is due to factors not included in
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this analysis, such as agent involvement, club rivalries, media
attention, or commercial branding3.

From a policy point of view, the findings have practical rel-
evance for clubs, scouts, and regulators. Clubs that want to
spend their money efficiently should concentrate on obtaining
players who directly contribute to goals, rather than paying ex-
cessive amounts just to improve their reputation, appearances,
or the prestige of the competition. Scouts could make use of
SHAP-based models to spot players who are currently under-
valued, as the analysis clearly indicates which attributes the
market prizes. Nevertheless, the magnitude of the league pre-
miums serves as a reminder that some of the effect appearing
to be due to the league itself might in fact be acting as a proxy
for unobserved factors such as the financial resources of the
club, the level of media exposure it receives, and the extent of
its marketing reach, rather than simply reflecting a true val-
uation of the competition. This study provides a predictive
model of transfer fees and not an assessment of regulatory
policy, so any suggestions it may have for governing bodies
such as UEFA and FIFA must be treated as speculative and
not as formal policy recommendations. With that qualifica-
tion, the difference between players’ measurable performance
and the size of the fee premiums might merit further inves-
tigation by regulators who are concerned with transfer mar-
ket transparency, although establishing this would require evi-
dence that goes well beyond the scope of the current predictive
analysis.

The study has a number of limitations. It makes use of sec-
ondary data from one source, the API-Football service, and
the methodology employed by this service for collecting and
validating the data is not completely available in the public
domain. Other research involving data from different aggre-
gated football data platforms, particularly the crowd-sourced
valuations on Transfermarkt, shows that these valuations are
strongly correlated with the actual transfer fees but tend to
systematically underestimate the final price in the majority of
transfers '°, and the accuracy of the individual valuations can
depend on the player’s profile and the level of visibility in a
league?®. This means that there is a kind of measurement er-
ror in the source that is hard to assess from outside the plat-
form and affects the dependent variable itself, not just the in-
dependent variables, and therefore readers should regard the
stated fees as estimates of what the market consensus is rather
than as verified records of the transactions. The study does
not take into account contract length, wages, agent fees, in-
ternational caps, injury history, release clauses, or the player’s
pre-transfer market value and concentrates solely on attack-
ing players, so the results might not be applicable to other
positions. The SHAP analysis only reveals associations and
relative importance rather than establishing strict causal ef-
fects, and the counterintuitive negative relationship found for
appearances is probably due to multicollinearity with goals

rather than indicating a real causal effect; this problem could
be dealt with in future work by means of feature selection or
regularisation.

The transfer year was not included as a predictor, and all the
fees have been analysed in nominal euro terms over the period
from 2010 to 2025 without making any adjustments for infla-
tion in the football market or for currency fluctuations during
that time; this aspect still represents an unaddressed source of
bias rather than a modelled one, and the year-on-year changes
that occur in the transfer market are not separated from the
player and league effects that are reported here. Since minutes
played were not available in the source data, they have not
been converted into per-90 rates nor have they been included
as a predictor. It is left for future research to test the per-
90 versions of the performance variables and to compare the
different specifications with and without the inclusion of ap-
pearances, as this might help to determine whether the coun-
terintuitive negative relationship with appearances is due to
multicollinearity with goals or reflects a real effect. Height,
which had been associated with a counterintuitive valuation
pattern in an earlier version of this dataset, was not available
in the API-Football data that was used for the final analysis;
its omission in this case is therefore a deliberate result of the
data source and not an error.

There are several avenues along which future research could
build upon this study. One possibility would be to extend
the model to take into account non-performance factors such
as the number of followers on social media, the influence of
agents, the length of the contract, and the player’s commercial
value, as this might help to account for the remaining variation
in transfer fees. Another option would be to carry out simi-
lar SHAP-based studies on midfielders, defenders, and goal-
keepers in order to compare how valuation varies according
to position. Thirdly, future research could investigate whether
these patterns remain valid during times of financial difficulty,
for example during the COVID-19 pandemic, or under new
financial regulations such as UEFA’s Financial Sustainability
Rules; it would also be useful to include the transfer year or
season as a direct predictor in the model in order to separate
out market-wide fee inflation from the player and league ef-
fects described in this study. Lastly, combining SHAP with
time series analysis could show how the importance of the
different variables has changed over the 15-year period, thus
providing a more detailed understanding of how the football
transfer market is developing.
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