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Abstract

Soccer’s global popularity as the world’s favorite sport is driven by many factors, with high
player salaries being one of the key reasons behind its appeal. These salaries not only reflect
on-field performance, but also capture a broader evaluation of player value. Despite the
increasing use of performance data in sports analytics, a critical gap remains in establishing
fair compensation models that comprehensively account for both quantifiable and intangi-
ble contributions. To address these challenges, this study adopts machine learning (ML)
techniques that model player salaries based on a combination of performance metrics and
contextual features. This research focuses on reducing bias and improving transparency
in salary decisions through a systematic, data-driven approach. Utilizing a dataset span-
ning the 2016–2022 seasons, we apply both traditional and automated ML frameworks to
uncover the most influential factors in salary determination. The results indicate a nearly
17% improvement in R² and about a 30% reduction in MAE after incorporating the newly
constructed features and methods, demonstrating a significant enhancement in model
performance. Gradient Boosting demonstrates superior effectiveness, revealing a group
of significantly underestimated and overestimated players, and showcasing the model’s
proficiency in detecting valuation discrepancies.

Keywords: soccer player salaries; salary prediction; performance metrics; predictive
modeling; actual goals; expected goals; machine learning; European soccer leagues

1. Introduction
Soccer is the most popular sport in the world, with nearly 5 billion fans, making it the

most-watched and played sport globally [1,2]. The sport’s high level of competition and its
ability to bring together people from different cultures have helped it remain dominant on
the world stage. As a result, soccer has become a global phenomenon that crosses national
borders. Beyond its cultural significance, the high salaries offered to professional soccer
players play a key role in attracting and retaining top talent globally, giving the sport a
competitive edge over others. Table 1 presents information on the highest-paid athletes
worldwide in 2024. Soccer dominates the 2024 global earnings list, with six of the top ten
highest-paid athletes coming from the sport. Cristiano Ronaldo exemplifies this, earning an
estimated USD 280 million last year, including USD 220 million from his contract with Al
Nassr, making him the highest-paid athlete for the fourth time [3]. This highlights soccer’s
global appeal and financial clout.
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Table 1. Earnings of the 10 highest-paid athletes in the world in 2024 [3].

Player Sport On-the-Field (USD Million) Off-the-Field (USD Million)

Cristiano Ronaldo Soccer 220 60
Jon Rahm Golf 198 20
Lionel Messi Soccer 65 70
LeBron James Basketball 48.7 80
Neymar Soccer 80 30
Stephen Curry Basketball 55.8 50
Karim Benzema Soccer 100 4
Giannis Antetokounmpo Basketball 48.8 45
Kylian Mbappé Soccer 70 20
Lamar Jackson Football 53 32.6

Player salaries are influenced by factors such as club wealth, league exposure, en-
dorsements, and global fanbase. On-field performance metrics, such as assists, expected
goals (xG), and actual goals (aG), also play key roles in salary evaluation [4]. Addition-
ally, demographic and contextual features, such as age, nationality, and career experience,
impact marketability and salary within league and club dynamics [5]. However, prior
research often neglects positional roles and league-specific factors [6,7], focusing mainly
on transfer valuations rather than salaries [8,9]. Salary decisions in professional soccer
are frequently influenced by incomplete data and subjective judgments, leading to the
potential undervaluation of players who contribute in less visible but essential roles, as well
as the overvaluation of more popular or high-scoring players. This imbalance can affect
team dynamics, player motivation, and financial planning within clubs. Establishing a
transparent, data-driven framework for salary evaluation not only fosters fairness and
equity across different playing positions but also provides clubs with more reliable tools
for contract negotiations and budgeting. Moreover, as the use of advanced analytics be-
comes increasingly integral to sports management, developing interpretable and unbiased
machine learning models is crucial for gaining trust among stakeholders and facilitating
informed decision-making in a competitive and financially complex environment.

Despite advances in machine learning, accurately predicting soccer salaries remains
complex due to many interacting factors [6,10,11]. Furthermore, automated machine
learning (AutoML) techniques, which automate key tasks such as model selection, tuning,
and feature engineering, are increasingly applied in various fields [12]. However, their use
in soccer salary prediction remains limited, with most studies relying on traditional models.
Yet, even with advanced modeling approaches like AutoML, determining fair and accurate
salaries involves a complex interplay of measurable and intangible factors. Qualitative
elements such as leadership, team influence, and positional roles often difficult to quantify
continue to play a crucial role in salary decisions. ML offers a promising approach but also
brings its own challenges, such as difficulty in capturing intangible factors and ensuring
balanced, unbiased predictions across different player positions.

This study addresses these issues through a systematic analysis using both traditional
ML models and an automated ML framework to uncover the most influential factors
in salary determination. We analyze a wide range of characteristics that contribute to
players’ salaries to develop a comprehensive and interpretable evaluation. Moreover,
this approach provides a balanced evaluation across all player positions, ensuring that
no group is unfairly represented. By bridging ML methodologies with domain-specific
considerations, this study not only identifies the key drivers of player salaries but also
provides actionable insights into the importance of balanced feature selection, advancing
the field of sports analytics. In our comparative evaluation, we assess model performance
between the baseline configuration and our proposed approach. Moreover, we analyze
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players from five major European leagues—the English Premier League, Bundesliga, La
Liga, Serie A, and Ligue 1—and classify players as either underestimated or overestimated
based on their salaries.

The main contributions of this study are as follows:

• Identifies key factors influencing professional soccer player salaries, enhancing under-
standing of compensation drivers.

• Classifies players as underestimated or overestimated based on salary performance
gaps across leagues.

• Introduces a fairness-aware method that balances positional influence, preventing
bias towards attacking players.

• Shows that traditional machine learning models outperform AutoML in both accuracy
and interpretability.

• Provides actionable insights for clubs, managers, and analysts to support data-driven
decision-making.

The remainder of the paper reviews related work (Section 2), outlines data collection
and feature engineering (Section 3), describes the ML algorithms (Section 4), comparative
evaluation and evaluation results (Sections 5 and 6), discusses limitations (Section 7),
and concludes our study (Section 8).

2. Literature Review and Study Overview
Research on soccer player salary prediction has advanced from traditional economet-

ric methods to modern machine learning approaches. Table 2 summarizes key studies,
followed by a discussion of major developments in the field.

Table 2. Key studies on soccer player salary prediction using traditional and machine learning ap-
proaches.

Traditional Econometric and Statistical Approaches

Frick (’07) [13] Salary depends on productivity, position, and career longevity.
Lucifora et al. (’09) [14] International experience and seniority strongly impact wages.
Késenne (’07) [15] League prestige and financial strength shape salary levels.
Bryson et al. (’14) [16] Assesses returns to education and experience using a human capital model.
Garcia-del-Barrio et al. (’07) [17] Considers brand value, off-field visibility, and player reputation.
Müller et al. (’17) [18] Market dynamics and negotiation power influence pay beyond performance.

Machine Learning and Data-Driven Approaches

Malikov et al. (’24) [4] Uses xG and aG metrics to model salary fairness and performance impact.
Rong et al. (’24) [19] Employs player stats like goals, assists, and appearances for salary prediction.
Bhilawa et al. (’22) [20] Applies ML to identify key predictors using detailed match data.
Majewski et al. (’16) [21] Focuses on prediction using performance ratings and time on field.
Herm et al. (’14) [22] Investigates salary using in-game activity and player involvement.
Margareta et al. (’22) [23] Combines market value, salary, age, and performance for ML modeling.
Elahi et al. (’23) [5] Proposes feature engineering to improve salary prediction accuracy.
Lee et al. (’22) [11] Uses ensemble models across positions and leagues.
AlAsadi et al. (’22) [9] Applies boosting methods for player value estimation.
Huang et al. (’23) [10] Integrates FIFA and real performance metrics for hybrid prediction.
Yaldo et al. (’17) [24] ML-based salary prediction using FIFA video game data.
Kaggle (’23) [25] Uses FIFA 20 attributes (e.g., potential, reputation) for salary modeling.
Li et al. (’22) [6] Focuses on on-field metrics but lacks contextual features.
Stafylidis et al. (’24) [7] Highlights the need for position-aware salary models.
Shen et al. (’25) [8] Predicts transfer values as proxy indicators of wage.
Huang et al. (’23) [10] Emphasizes explainable ML but not directly tied to salary.
Bayesian Sports Analytics (’22) [11] Applies Bayesian learning for general soccer predictions.
Pieper and Rehm (’23) [26] Explore goalkeeper-specific performance metrics in salary modeling.
Kim and Vukoja (’24) [27] Investigate behavioral and institutional factors influencing salaries.
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2.1. Literature Review

Traditional econometric and statistical methods remain foundational in analyzing
and predicting soccer player salaries. These approaches typically use regression models,
correlation analysis, and human capital theory to explain how individual and institutional
factors influence wages. Frick (2007) employed multiple regression analysis on German
football data, identifying player productivity and career longevity as key salary determi-
nants [13]. Similarly, Lucifora and Simmons (2009) studied the Italian Serie A and showed
that experience, past season performance (e.g., goals scored), and international appearances
significantly explain wage variation, reinforcing the role of ability and seniority in compen-
sation [14]. Késenne (2007) expanded the analysis by incorporating club-level economic
factors, such as financial resources and league prestige, framing salary structures within
the broader market and institutional environment [15]. Meanwhile, Bryson et al. (2014)
applied human capital theory to show the influence of formal education and on-the-job
learning in wage outcomes [16]. Other works, such as that of Garcia-del-Barrio and Pujol
(2007), emphasized brand value and player visibility, while Müller et al. (2017) highlighted
the role of negotiation power and market dynamics alongside performance [17,18].

The application of machine learning (ML), a subfield of artificial intelligence (AI),
offers advanced capabilities for predicting soccer players’ salaries and market values [5,9].
While many studies have explored player performance through on-field metrics such as
expected goals (xG), actual goals (aG), assists, and playing time, they often focus more
on transfer valuation than direct salary prediction [8,9]. Despite growing interest, salary
modeling remains underexplored due to the complex interplay between performance,
market dynamics, and contextual variables [10,11]. Early ML-based research typically
relied on core statistics, such as goals, assists, and minutes played [21]. More recent work
has expanded feature sets to include defensive metrics (e.g., interceptions, clearances),
career dynamics (e.g., appearances, starting frequency), and contextual variables (e.g., age,
nationality, and market value) [19,20]. Several studies have integrated financial data like
transfer fees and existing salaries, combining them with performance metrics to enhance
predictive accuracy [4,23]. These multi-dimensional models underscore the importance
of modeling both on-field output (e.g., xG, aG) and broader influences on compensation.
Advanced ML models, such as Random Forest, XGBoost, and Support Vector Regression,
show strong predictive performance. For instance, Yaldo et al. [24] used pattern recognition
to achieve a Pearson correlation of 0.77, while Lee et al. [11] optimized MLS salary distribu-
tions using ensemble learning. Hybrid approaches combining game statistics, FIFA data,
and metaheuristic optimization techniques further demonstrate the versatility of ML in soc-
cer salary prediction [10]. Moreover, building upon earlier work, more recent studies have
further advanced this line of analysis. For instance, Pieper and Rehm (2023) focused on
goalkeeper-specific wage determinants, highlighting clean sheets and save efficiency as key
factors [26]. Moreover, Kim and Vukoja (2024) introduced behavioral insights into salary
structures, emphasizing perceived fairness and institutional inequality [27]. Together, these
studies enriched the traditional econometric approach by incorporating position-specific
performance metrics, advanced regression techniques, and interdisciplinary perspectives,
thereby providing a more nuanced understanding of soccer salary determinants.

2.2. Research Gaps and Study Overview

Despite the growing use of machine learning in sports analytics, salary prediction
studies often rely on general performance metrics (e.g., goals, assists) without address-
ing mismatches between player contributions and compensation [13,14,22]. This study
fills this gap by classifying players as underestimated or overestimated based on salary–
performance alignment, highlighting compensation imbalances across leagues.
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Additionally, previous research tended to overlook positional effects, favoring at-
tacking players due to their visibility. We introduce a positional ratio feature to balance
salary modeling across roles, ensuring the fair evaluation of defenders and midfielders
and enhancing model robustness. The study also compares traditional ML models with
AutoML frameworks. While AutoML automates tuning and selection [28–30], traditional
models outperform AutoML in accuracy and interpretability, providing clearer insights
into salary–performance relationships vital for club’s financial decisions. Finally, key salary
predictors include performance metrics (e.g., xGg, aGg), market features (league and posi-
tion ratios), and engineered variables, offering both academic and practical values for fair
contract negotiations.

3. Overview of Data and Preprocessing
In this section, we present the dataset description and tools used in this study. We also

cover data preprocessing, feature encoding, general feature engineering, positional normal-
ization, contribution metrics, the introduction of new features, and feature specification
with explanations.

3.1. Dataset Description and Analytical Tools

In this study, we utilize two distinct datasets to investigate the relationship between
soccer player performance and salary dynamics. The first, sourced from Understat [31],
offers advanced performance metrics, such as expected goals (xG), assists, shots, and other
key indicators essential for evaluating on-field contributions. The second dataset, obtained
from Capology [32], provides detailed salary data, including weekly wages, contract
values, and financial commitments across professional soccer. Both datasets are publicly
curated and made accessible by an independent analyst, serving as a valuable resource for
research in sports analytics [33]. The combined dataset spans the top five European leagues,
covering six seasons from 2016–2017 to 2021–2022. It includes approximately 45,000 rows
representing 5238 unique players across various positions, such as defenders, midfielders,
forwards, goalkeepers, and specialized roles like attacking or defensive midfielders. This
extensive scope enables a holistic analysis of performance and compensation trends across
roles and leagues.

For data processing and analysis, we employ Python (3.11.7) alongside libraries such
as Pandas (2.1.4), NumPy (1.26.4), Matplotlib (3.7.5), Seaborn (0.12.2), Klib (1.3.2), and Scikit-
learn (1.4.2). PyCaret (3.3.2) is used for the AutoML component of our modeling workflow.
These tools facilitate data cleaning, the handling of missing values, feature engineering,
and the construction of robust predictive models. Their integration ensures analytical rigor
and enhances reproducibility throughout the study.

3.2. Data Preprocessing

Before analysis, the dataset undergoes preprocessing to ensure integrity, consistency,
and readiness for modeling. Preprocessing is a vital step in data-driven research, involving
the cleaning, transformation, and organization of raw data into a structured format suitable
for exploration and prediction. This section outlines the preprocessing techniques applied,
including handling missing values, data encoding, feature engineering, and scaling. As de-
tailed in Section 3.1, the study combines two datasets from different seasons and leagues.
The raw data are first collected and then merged to create a unified dataset for analysis.
The klib library is employed to improve data quality by removing duplicates, standardizing
column names, and ensuring overall consistency. To address missing values, we adopt a
combination of mode and mean imputation techniques. Specifically, for categorical vari-
ables, mode imputation is applied by replacing missing values with the most frequently
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occurring category, thereby preserving the distributional consistency. For numerical vari-
ables, mean imputation is utilized, filling missing entries with the average of available
observations to maintain the overall statistical integrity of the dataset while minimizing
potential bias.

3.2.1. Feature Encoding

To transform categorical variables into numerical formats suitable for machine learn-
ing, we use Label Encoding [34] for low-cardinality features and Hashing Encoding [35] for
high-cardinality features. Label Encoding assigns a unique integer to each category:

LE(ci) = i ∀ ci ∈ C (1)

where LE(ci) is the encoded value of category ci and C is the set of unique categories.
While efficient, this may introduce ordinal relationships not present in the data. Hashing
Encoding applies a hash function to map categories to a fixed number of buckets, mitigating
issues of order and high dimensionality:

HE(ci) = hash(ci) mod k ∀ ci ∈ C (2)

To select an encoder, we use the following rule based on cardinality:

E(F) =

HE(F) if |C(F)| > 10

LE(F) if |C(F)| ≤ 10
(3)

This strategy balances computational efficiency and model performance by adapting
to the nature of the categorical features.

3.2.2. Feature Engineering
General Feature Engineering

Feature engineering is a critical component of data preprocessing, enabling the trans-
formation of raw data into meaningful features that enhance model performance. In this
study, we generated several new features to better capture player performance dynamics
and improve predictive accuracy. Table 3 summarizes the key engineered features, their
descriptions, and their calculations.

Table 3. Engineered features with descriptions and calculations.

Feature Description Calculation

aGg Actual goals scored per game aGg = goals
games

gpm Goals scored per minute gpm = goals
time

apg Assists per game apg = assists
games

apm Assists per minute apm = assists
time

shpg Shots taken per game shpg = shots
games

shpm Shots taken per minute shpm = shots
time

kppg Key passes per game kppg = key_passes
games

kppm Key passes per minute kppm = key_passes
time

ypg Yellow cards per game ypg = yellow_cards
games

ypm Yellow cards per minute ypm = yellow_cards
time

rpg Red cards per game rpg = red_cards
games
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Table 3. Cont.

Feature Description Calculation

rpm Red cards per minute rpm = red_cards
time

xGdiff Difference between actual and expected goals xGdiff = aGg − xGg

xGg Expected goals per game xGg = xG
games

Features such as aGg and apg quantify a player’s direct offensive contributions. Nor-
malized metrics like gpm and apm adjust for playing time, offering a clearer view of effi-
ciency. Attacking involvement is captured by shpg and shpm, while playmaking ability
is represented by kppg and kppm. Disciplinary behaviors are measured through ypg and
rpg, which track yellow and red cards, respectively. Additionally, xGdiff, the difference
between actual and expected goals, provides insight into a player’s finishing ability relative
to chance quality. The player’s position is also considered, recognizing that forwards
naturally have higher goal-scoring opportunities, which can influence salary outcomes.
Together, these engineered features not only enrich the dataset but also offer deeper insights
into performance, behavior, and value assessment.

Positional Normalization and Contribution Metrics

Position significantly influences a player’s market value alongside team performance
and skill [36,37]. We engineered features to normalize player performance by position,
playing time, and expectations, preventing attackers from being overvalued simply owing
to more scoring chances. Table 4 summarizes these features, which balance performance
across positions. Metrics like goalsPerPosAvg, xGPerPosAvg, and assistsPerPosAvg compare
a player’s stats to their positional averages, identifying over- or underperformance relative
to peers. Similar normalization applies to xGgPerPosAvg, aGgPerPosAvg, shotsPerPosAvg,
and keyPassesPerPosAvg, capturing differences in scoring and playmaking.

Table 4. Player position balancing and normalization.

Feature Name Description Calculation Method

goalsPerPosAvg Goals relative to average in position goals
mean goals in position

xGPerPosAvg Expected goals normalized by position xG
mean xG in position

assistsPerPosAvg Assists normalized by position assists
mean assists in position

xGgPerPosAvg xG per game normalized by position xGg
mean xGg in position

aGgPerPosAvg Actual goals per game normalized by position aGg
mean aGg in position

shotsPerPosAvg Shots normalized by position shots
mean shots in position

keyPassesPerPosAvg Key passes normalized by position key_passes
mean key_passes in position

goalsZScore Goals Z-score goals−µgoals
σgoals

xGZScore Expected goals Z-score xG−µxG
σxG

assistsZScore Assists Z-score assists−µassists
σassists

xGgZScore xG per game Z-score xGg−µxGg
σxGg

aGgZScore aG per game Z-score aGg−µaGg
σaGg

shotsZScore Shots Z-score shots−µshots
σshots

keyPasses Key passes Z-score key_passes−µkey_passes
σkey_passes

xGRatio xG to aGg ratio xG
aGg

xGgRatio xGg to aGg ratio xGg
aGg

aGgRatio aGg to xGg ratio aGg
xGg
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We also use Z-score standardization (e.g., goalsZScore, xGZScore, assistsZScore) to mea-
sure deviations from the league mean, enabling fair comparisons across leagues and teams.
Ratio-based features like xGRatio, xGgRatio, and aGgRatio assess efficiency in converting
chances, enhancing both model accuracy and interpretability in salary valuation.

3.2.3. Introduction of New Features

In addition to engineered features, we introduce the league_weight feature to improve
model accuracy by capturing league competitiveness. This feature combines two key
factors:

1. Average Annual Salary Ranking (S): The average player salary in million GBP,
reflecting a league’s financial strength and ability to attract top talent. Higher salaries
often correlate with better resources and player performance [32].

2. UEFA Coefficient (U): Measures league strength based on club performance in Eu-
ropean competitions over the past five seasons. Higher coefficients indicate more
competitive leagues with better financial and institutional backing [38].

We compute the league_weight using a weighted normalization formula:

league_weight = α · S
max(S)

+ β · U
max(U)

(4)

where max(S) and max(U) are the maximum salary ranking and UEFA coefficient values
across leagues, respectively. The weights α = 0.6 and β = 0.4 reflect the relative importance
of salary and UEFA coefficient, with more emphasis on salary due to cases like France,
where high wages exist despite lower UEFA rankings. We select a range of appropriate
weight values based on our domain knowledge and test combinations of candidate weight
values, determining the optimal set based on experimental results. Moreover, Table 5
presents the final results of the league weight calculation, derived from the average annual
salary and UEFA coefficients for the top five leagues.

Table 5. league_weight calculation based on average annual salary and UEFA coefficients for top
five leagues.

League Average Annual Salary (GBP) UEFA Coefficient League Weight

EPL (England) GBP 3,433,450 106.624 1.0000
La Liga (Spain) GBP 1,950,083 87.739 0.6695
Bundesliga (Germany) GBP 1,568,559 82.581 0.5845
Serie A (Italy) GBP 1,477,455 92.668 0.6060
Ligue 1 (France) GBP 1,161,575 69.093 0.4620

3.3. Feature Specification and Explanation

This subsection provides a concise overview of the features used in this study, catego-
rized by type and relevance. Table 6 summarizes features from the raw dataset, engineered
attributes, and newly introduced variables.

• Performance Metrics: Include key statistics such as goals, xG, assists, key passes,
xGChain, and xGBuildup, reflecting direct and indirect offensive contributions.

• Disciplinary Actions: Captured through yellow/red cards, and normalized measures
like per game or per minute rates, indicating player discipline and its impact.

• Playing Time & Efficiency: Combines games, minutes played, and rate-based metrics
such as gpm and apm to evaluate contribution relative to time on the field.

• Positional & League Influence: Includes categorical variables for position, position
encoding, and the league_weight to model contextual competitiveness.
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• Team & Nationality Encoding: Encoded club and country data preserve privacy while
allowing contextual analysis.

This classification improves interpretability and ensures balanced integration of di-
verse factors in evaluating player performance and modeling outcomes.

Table 6. Specification of features used for training and prediction.

Feature Description Category Feature Description Category

goals Total goals scored Raw Data yellow_cards Number of yellow cards Raw Data
xG Expected goals Raw Data red_cards Number of red cards Raw Data
assists Total assists Raw Data ypg Yellow cards per game Engineered
xA Expected assists Raw Data ypm Yellow cards per minute Engineered
shots Total shots taken Raw Data rpg Red cards per game Engineered
key_passes Total key passes Raw Data rpm Red cards per minute Engineered
npg Non-penalty goals Raw Data games Total games played Raw Data
npxG Non-penalty expected Ggoals Raw Data time Total minutes played Raw Data
xGChain xG contribution in possession chains Raw Data gpm Goals per minute played Engineered
xGBuildup xG excluding shots and assists Raw Data apg Assists per game Engineered
xGdiff Difference between xG and goals Engineered shpg Shots per game Engineered
xGg Expected goals per game Engineered shpm Shots per minute played Engineered
aGg Actual goals per game Engineered kppg Key passes per game Engineered
position_weight Encoded positional category Engineered kppm Key passes per minute Engineered
league_weight League-specific weight factor New Feature goalsPerPosAvg Goals normalized to position average Engineered
xGPerPosAvg xG normalized to position average Engineered assistsPerPosAvg Assists normalized to position average Engineered
xGgPerPosAvg xGg normalized to position average Engineered aGgPerPosAvg aGg normalized to position average Engineered
shotsPerPosAvg Shots normalized to position average Engineered goalsZScore Z-score of goals Engineered
xGZScore Z-score of xG Engineered assistsZScore Z-score of assists Engineered
xGgZScore Z-score of xGg Engineered aGgZScore Z-score of aGg Engineered
shotsZScore Z-score of shots Engineered keyPasses Z-score of key passes Engineered
xGRatio xG to actual goals ratio Engineered xGgRatio xGg to aGg ratio Engineered
aGgRatio aGg to xGg ratio Engineered teamEncoded Team-specific encoding Engineered
positionEncoded Encoded-position category Engineered age Player’s age Raw Data

4. Workflow and Machine Learning Algorithms
The overall workflow of the study is illustrated in Figure 1, outlining the step-by-step

pipeline from data preprocessing to model evaluation. This structured workflow is impor-
tant as it ensures transparency, reproducibility, and a clear understanding of the modeling
process. Moreover, this study employs both traditional ML and AutoML to predict player
salaries. AutoML, implemented via PyCaret [12,39], serves as a benchmark to evaluate
whether automated model selection and optimization can rival or surpass manually-tuned
models. PyCaret’s efficient structure enables rapid, consistent experimentation across
algorithms, ensuring a fair and comprehensive comparison.

Figure 1. Study workflow from data collection to prediction.

4.1. Traditional Machine Learning Models

This study applies supervised regression models to predict the continuous target
variable, salaryAdjusted, using player performance features. Both linear and non-linear
models are employed to capture diverse data relationships. Linear Regression (LR) is
introduced as a baseline owing to its simplicity and interpretability [40]. To address non-
linearity and interactions, we include tree-based and boosting methods.

The models include:

• Linear Regression (LR)—Establishes a linear relationship between input features and
target values [40].

• Decision Tree (DT)—Splits data into hierarchical branches based on feature values [41].
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• Gradient Boosting (GB)—Iteratively improves performance by correcting previous
errors [42].

• XGBoost (XGB)—An efficient and scalable gradient boosting method optimized for
structured data [43].

Model performance is evaluated using multiple metrics: mean squared error (MSE),
root mean squared error (RMSE), mean absolute error (MAE), and coefficient of determina-
tion (R2), providing a comprehensive overview of accuracy and model fit.

4.2. Automated Machine Learning (AutoML)

To complement traditional models, we employ an AutoML framework to automate
model selection, tuning, and evaluation [12]. AutoML reduces manual effort by streamlin-
ing preprocessing, feature engineering, and model training. We use PyCaret (v3.3.2) [39],
a low-code AutoML framework that enables rapid prototyping and benchmarks models
based on predefined metrics. This supports a fair comparison with traditional approaches.
Integrating AutoML allows us to evaluate its effectiveness in predicting salaries and
determine whether automated pipelines can match or exceed the performance of manually-
tuned models.

5. Comparative Evaluation
This section compares four Regression ML models predicting player salaries. Models

are evaluated using R², MAE, MSE, and RMSE to assess predictive accuracy. The results
offer insight into model performance and guide future enhancements through hyperpa-
rameter tuning.

5.1. Traditional Machine Learning Approach

Four ML models are employed to predict professional soccer players’ salaries.
As shown in Table 7, notable performance improvements are observed after hyperpa-
rameter tuning within the traditional machine learning approach. Gradient Boosting (GB)
exhibits the most substantial enhancement, with a 62.5% increase in performance. This
is followed by XGBoost (XGB), with a 27.7% increase, and Decision Tree (DT), with a
modest 4.3% improvement. In contrast, the baseline LR model shows a 28.6% decrease in
performance. These results confirm that traditional models with hyperparameter tuning ap-
plied using RandomizedSearchCV [44] consistently improve predictive accuracy, with GB
demonstrating the highest responsiveness to tuning and emerging as the most effective
model for salary prediction in this study.

The tuned parameters in Table 8 enhance model performance by improving general-
ization and reducing overfitting. After tuning, all three models show improvement. GB
achieves the highest R2 with reduced errors. XGBoost improves in R2 but shows slightly
higher error values, suggesting a bias–variance trade-off. DT shows minor improvement,
but error increases, indicating instability. LR underperforms in all metrics, confirming its
limitations in modeling non-linear relationships. Overall, GB provides the best balance of
accuracy and stability, making it the most reliable model.
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Table 7. Performance comparison of traditional ML and AutoML models (pre vs. post tuning).

Model Approach Tuning R² MAE (GBP) MSE (GBP) RMSE
(GBP)

XGBoost (XGB)

Traditional Pre 0.65 9.96 × 105 3.49 × 1012 1.87 × 106

Traditional Post 0.83 9.95 × 105 3.66 × 1012 1.91 × 106

AutoML Pre 0.69 9.55 × 105 2.94 × 1012 1.72 × 106

AutoML Post 0.60 9.84 × 105 3.18 × 1012 1.78 × 106

Gradient Boosting (GB)

Traditional Pre 0.56 1.17 × 106 4.41 × 1012 2.10 × 106

Traditional Post 0.91 1.28 × 104 6.50 × 108 2.55 × 104

AutoML Pre 0.46 1.15 × 106 4.21 × 1012 2.05 × 106

AutoML Post 0.46 1.16 × 106 4.27 × 1012 2.07 × 106

Decision Tree (DT)

Traditional Pre 0.47 1.01 × 106 5.33 × 1012 2.31 × 106

Traditional Post 0.49 1.13 × 106 5.10 × 1012 2.26 × 106

AutoML Pre 0.35 9.90 × 105 5.13 × 1012 2.25 × 106

AutoML Post 0.31 1.03 × 106 5.42 × 1012 2.33 × 106

Linear Regression (LR) Traditional Pre 0.28 1.37 × 106 7.24 × 1012 2.69 × 106

AutoML Pre 0.20 1.39 × 106 6.32 × 1012 2.50 × 106

Table 8. Hyperparameter optimization results for different models.

Model Hyperparameter Optimized Value

Decision Tree
max_depth 15
min_samples_leaf 6
min_samples_split 15

XGBoost

subsample 1.0
n_estimators 100
max_depth 9
learning_rate 0.05
colsample_bytree 0.6

Gradient Boosting

n_estimators 200
min_samples_split 15
min_samples_leaf 2
max_depth 9
learning_rate 0.1

5.2. AutoML Framework

To ensure consistency and enable a fair comparison, the same four models, XGB,
GB, DT, and LR, are applied in both the traditional ML and AutoML frameworks. This
enables for an objective evaluation of AutoML’s automated preprocessing, feature selection,
and hyperparameter tuning, relative to the manually implemented traditional approach.
To optimize performance, RandomizedSearchCV is applied across models for systematic
hyperparameter tuning. Table 7 compares PyCaret’s AutoML model performance before
and after tuning. Among AutoML models, XGB experiences the largest decline in R2 by
13.0%, while DT shows a smaller reduction of 11.4%, and GB exhibits no improvement. LR,
serving as a baseline, is only evaluated before tuning and demonstrates a relatively low
R2. These results suggest that, unlike traditional models, hyperparameter tuning in the
AutoML framework does not consistently improve predictive accuracy for this dataset.

5.3. Traditional ML vs. AutoML: Performance Comparison

Table 7 presents a comparison between traditional ML and AutoML approaches, be-
fore and after hyperparameter tuning, highlighting the relative increases and decreases in
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predictive performance metrics. Traditional models show substantially greater gains in
R2, with GB showing a 97.8% relative increase, followed by DT (58.1%) and XGB (38.3%).
In contrast, the LR model shows a 28.6% lower R² under the AutoML approach compared
to the traditional approach, as no hyperparameter tuning is applied, reflecting baseline
differences rather than tuning effects and some AutoML models exhibit minimal gains or
declines in R2 after tuning. GB also outperforms AutoML’s XGB in MAE and RMSE, indicat-
ing greater accuracy and robustness in limiting large prediction errors. This demonstrates
the advantage of expert-guided hyperparameter tuning and customization in traditional
ML, which better captures complex, domain-specific relationships in soccer salary data.
Although AutoML aims to automate model selection and tuning, our results show that
traditional ML models outperform AutoML in this context. Several factors may explain
this outcome. First, the AutoML search space may have been constrained or misaligned
with the data characteristics, limiting its ability to explore optimal model configurations.
Second, the dataset used in this study contains complex patterns and potential distribu-
tional shifts (e.g., between positions or leagues), which AutoML might not fully adapt to
without domain-specific guidance. Third, although we apply consistent preprocessing
across all models, AutoML’s internal pipeline may introduce its own steps, leading to
potential inconsistencies or redundancies. This may partly explain its underperformance
compared to manually tuned traditional models.

5.4. Comparative Analysis of Gradient Boosting with and Without Feature Enhancements

In this section, we examine the effectiveness of our proposed methods and newly
engineered features in improving model performance. As shown in Sections 5.1 and 5.2,
the GB model outperforms other traditional ML and AutoML approaches, making it the
most effective model for salary prediction. We conduct a comparative evaluation of the
GB’s performance with and without the inclusion of new features and methods.

Table 9 summarizes the results after hyperparameter tuning using Randomized-
SearchCV in both cases to ensure consistency. The results show that incorporating new
features and methods leads to a substantial improvement in model performance. Specifi-
cally, we enhance our model by introducing a new feature, league_weight. In addition, we
apply engineered features derived from performance data and include position-normalized
features to better account for role-specific contributions. R2 increases by 17%, indicating
a better fit and higher explanatory power. Moreover, error metrics such as MAE, MSE,
and RMSE decrease, reflecting enhanced predictive accuracy. The improvements confirm
that the enhanced feature set significantly boosts GB’s accuracy in salary prediction.

Table 9. Performance comparison of the GB model without and with new features and methods.

Approach R² MAE
(GBP) MSE (GBP) RMSE

(GBP)

Without new features & methods 0.78 1.84 × 104 8.69 × 108 2.95 × 104

With new features & methods 0.91 1.28 × 104 6.50 × 108 2.55 × 104

Improvement (%) 16.67% 30.43% 25.20% 13.56%

6. Evaluation Results
6.1. SHAP-Based Feature Importance Analysis

To improve interpretability and performance, (SHAP) analysis was employed for
feature selection. SHAP assigns importance values to features based on their contribution
to model predictions, ensuring consistent and locally accurate attributions [45,46]. We
applied SHAP to four models: LR, DT, GB, and XGB, identifying the top 25 features
influencing salary prediction. Moreover, for all SHAP analyses, the feature importance
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values are computed using the test dataset to ensure unbiased and reliable interpretation of
the models’ predictive behavior on unseen data.

Figure 2a–d show these features ranked by SHAP values. LR serves as a baseline,
highlighting only three meaningful features: goals, xG, and xGdiff . This reflects its limitation
to direct linear relationships, ignoring collinear or weaker predictors.

(a) (b)

(c) (d)

Figure 2. Comparison of feature importance using SHAP values across ML models. (a) Linear
Regression (LR); (b) Decision Tree (DT); (c) Gradient Boosting (GB); (d) XGBoost Regressor (XGB).

DT captures non-linear interactions, identifying xGChain, age, and league_weight as
top features. It emphasizes players’ involvement in buildup play, career stage, and league
strength, with xGBuildup and assistsRatio also being influential. Traditional metrics like
goals, xG, and key_passes show little impact, indicating that DT values broader offensive
and career factors over isolated scoring stats.
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GB similarly ranks xGChain, age, and league_weight highest, reinforcing the importance
of dynamic offensive roles and league quality. Features like assistsRatio, xGBuildup, and xGg
support the significance of playmaking and scoring potential. Moderate influence appears
for shooting and passing metrics (kppm, shpg, gpm), while defensive and discipline metrics
have less effect. Lower-ranked features include key_passes and npg, highlighting a focus on
overall attacking contribution.

XGB, an optimized GB variant, also prioritizes xGChain, age, and league_ratio, empha-
sizing passing sequences, career stage, and league competitiveness. Additional important
features include assistsRatio, aGgRatio, xGg, and encoded categorical variables such as
teamEncoded, and positionen, reflecting team strength and positional roles, respectively.

Overall, SHAP analysis consistently identifies league competitiveness (league_weight),
goal-related contributions, and positional context as key drivers in predicting player salaries.
The growing importance of league_weight across more complex models highlights their
enhanced capacity to capture contextual performance factors. Notably, league_weight ranks
among the top three contributors in all models analyzed, with SHAP values of approxi-
mately 0.20, 0.31, and 0.35 for DT, GB, and XGB, respectively. This demonstrates that our
newly engineered league weighting feature significantly improves the models’ explanatory
power regarding salary discrepancies, affirming its relevance in capturing league-specific
salary effects.

Individual goal contributions, specifically goals and assists, consistently rank as key
predictors across all models due to their fundamental role in evaluating player performance
and value. Goals directly impact match results and are often the primary factor fans, clubs,
and sponsors associate with a player’s effectiveness. Assists highlight a player’s ability
to create scoring opportunities for teammates, reflecting creativity and vision—qualities
highly prized in professional soccer. These two statistics are widely recognized as the most
concrete and quantifiable measures of offensive contribution, which strongly influence
contract negotiations and salary levels. Their consistent importance across different models
underscores the centrality of direct involvement in goal-scoring actions as a primary driver
of player salary.

Moreover, two advanced performance metrics, xGChain and xGBuildup, emerge as key
contributors in the SHAP analysis. xGChain quantifies the total expected goals (xG) value
of all attacking actions a player participates in during a possession sequence culminating
in a shot. This metric effectively captures the player’s cumulative influence throughout
buildup and passing sequences, highlighting their integral role in offensive plays beyond
merely taking shots. Conversely, xGBuildup isolates the expected goals generated dur-
ing the buildup phase by excluding key passes and shots. This emphasizes a player’s
contribution in advancing the ball and facilitating scoring opportunities prior to decisive
attacking actions. Collectively, these metrics enrich the evaluation of a player’s offensive
impact by encompassing both direct and indirect contributions to goal-scoring chances,
underscoring the multifaceted nature of attacking involvement. While we acknowledge the
presence of highly correlated features such as xG and xGg or aG and aGg, these engineered
per game metrics provide important standardization for fair comparisons across players
with differing playtime. Given the robustness of tree-based models used in our study to
multicollinearity, we retain these features to capture complementary information.

6.2. Salary Discrepancy Analysis Using GB

As shown in Section 5, the GB model is the most effective for predicting player
salaries. Using this model, we analyze salary discrepancies by comparing actual versus
predicted earnings. Players are classified as underestimated (predicted salary higher
than actual) or overestimated (actual salary higher than predicted). To improve prediction
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reliability, we use the top 25 influential features identified via SHAP analysis. This approach
highlights potential market inefficiencies and league-specific salary patterns. We also
examine factors such as age, league, and position to better understand the drivers behind
these discrepancies.

Table 10 lists the top five underestimated and overestimated players. Each has an
actual salary of GBP 2.1 M, yet their predicted salaries reveal large gaps. L. Messi shows the
largest shortfall with a predicted GBP 26.3 M, a GBP 24.2 M difference. Neymar (GBP 21.4 M)
and A. Griezmann (GBP 11.9 M) also have significant underestimations. These gaps suggest
valuation misalignments influenced by contracts, wage policies, salary structures, and aging
effects. Among overestimated players, actual salaries exceed predicted values, indicating
potential overvaluation. Marcelo earns GBP 21.95 M compared to a predicted GBP 1.99 M,
a GBP 19.96 M gap. E. Hazard (GBP 24.9 M), L. Suárez (GBP 24.7 M), David de Gea
(GBP 16.82 M), and G. Bale (GBP 20.7 M) follow with similar discrepancies. Furthermore,
Table 11 shows that most players (3449) are underestimated, while 1789 are overestimated,
indicating that the model generally predicts lower than actual salaries.

Table 10. Top 5 underestimated and overestimated players based on salary difference (in GBP M).

Player Adj. Salary
(GBP M)

Pred. Salary (GBP
M)

Diff. (GBP M)

Underestimated players

L. Messi 2.1 26.3 24.2
Neymar 2.1 23.5 21.4

A. Griezmann 2.1 14.0 11.9
R. Lewandowski 2.1 13.8 11.7

K. De Bruyne 2.1 13.1 11.0

Overestimated players

Marcelo 21.95 1.99 −19.96
E. Hazard 28.1 3.3 −24.9
L. Suárez 27.0 2.3 −24.7

David de Gea 19.50 2.68 −16.82
G. Bale 28.1 7.4 −20.7

Table 11. Distribution of salary categories for unique players.

Salary Category Number of Unique Players

Overestimated 1789
Underestimated 3449

We analyzed how salary predictions vary across different age groups and player
positions to gain deeper insights into the internal factors influencing salary estimations.
Both features consistently emerge as significant predictors in our ML models, underscoring
their strong influence on salary outcomes. Moreover, age and position are well-established
determinants of player compensation in professional football, significantly affecting a
player’s market value, performance expectations, and career trajectory. These factors are
critical for understanding salary disparities.

Figure 3a presents a detailed comparison of predicted and actual salary differences
across career stages. The results show that the model effectively captures salary trends by
age, particularly for mid-career players (26–30 years), where predictions closely match ac-
tual salaries. This indicates that the model incorporates key performance factors influencing
peak-year salaries. For younger players (15–25 years), some underestimations likely reflect
real-world contracts, where emerging talents earn lower base wages before renegotiations.
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Thus, these predictions may realistically represent early-stage salary trajectories rather than
systematic bias. For older players (31+ years), occasional overestimations may stem from
legacy contracts or wage structures extending beyond peak performance, indicating that
the model accounts for salary stability due to long-term agreements. Figure 3b analyzes
the impact of player position on salary predictions, revealing close alignment between
predicted and actual salaries across positions. Goalkeepers and defensive midfielders show
consistent salary differences, reflecting more predictable salary structures, likely driven by
standardized contracts. In contrast, forwards and midfielders exhibit greater variability,
with some earning significantly less than predicted, indicating more fluctuation in salary
expectations for these roles.

(a) (b)

Figure 3. Comparison of salary discrepancies by demographic groups. (a) Analysis by age groups;
(b) analysis by position groups.

In summary, the distribution of salary discrepancies reveals a predominance of under-
estimated players, suggesting the model tends to predict lower salaries overall. Predictions
align more closely with actual salaries for mid-career players, while younger and older
players experience some under and overestimations, respectively. Positional analysis fur-
ther highlights that goalkeepers and defensive midfielders have more stable salary patterns,
whereas forwards and midfielders show greater variability. Moreover the group-level
patterns illustrated in Figure 3a,b provide important context for the individual-level dis-
crepancies reported in Table 10. The consistent underestimation of prominent forwards
and attacking midfielders in their mid-career stage (e.g., Messi, Neymar) appears to stem
from the model’s reliance on measurable performance indicators, which may not fully
capture broader determinants of salary such as commercial value or contractual nuances.
Conversely, the overestimation of older defenders and goalkeepers (e.g., Marcelo, David de
Gea) suggests that the model does not always reflect the influence of long-term or legacy
contracts that may not align with current on-field contributions. This alignment between
group-level trends and individual-level deviations enhances the interpretability of the
results and offers insight into the structural factors influencing salary prediction accuracy.

6.3. Comparison with State-of-the-Art

Several prior studies investigated player salary prediction using traditional ML tech-
nologies, often relying on basic features like goals, assists, and appearances. As shown in
Table 12, these models generally lack advanced performance metrics or contextual feature
engineering, which limits their predictive power.
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Table 12. Comparison of existing studies with the proposed model. R² is a unitless metric representing
the proportion of variance explained, while all monetary error metrics (MAE, MSE, RMSE) are
reported in pounds (GBP). N/A indicates that the metric is not available or not applicable in the
respective study.

Related Work Key Features Used Methods Results

Smith et al. (2021) [47] Goals, assists, appearances Linear Regression,
Random Forest R2: 0.71, MAE: 8.40 × 104, RMSE: N/A

Huang C, Zhang Sh
(2023) [10] Streamlined features Gradient Boosting

Decision Tree R2: 0.90, MAE: N/A, RMSE: 3.22 × 106

Rong et al. (2024) [19] Goals, assists, minutes Tree-based models Not reported

Li et al. (2022) [6] Current age, position,
achievements

ML with
GridSearchCV R2: 0.60, MAE: N/A, RMSE: N/A

Frick et al. (2007) [13] Player performance, goals,
national team membership Not specified Not reported

Müller & Simons
(2017) [18] Age, height, minutes played Statistical

modeling R2: N/A, MAE: N/A, RMSE: 1.80 × 107

Proposed Work xGg, aGg, league/position
weights

Gradient Boosting,
Linear Regression R2: 0.91, MAE: 1.28 × 104, RMSE: 1.71 × 106

For example, Smith et al. [47] reported a moderate R2 of 0.71 using standard perfor-
mance indicators, though their error metrics such as RMSE, were not provided. Huang and
Zhang [10] included an error metric, reporting an R2 of 0.90, of approximately 3.22 × 106,
but did not incorporate predicted performance metrics such as expected goals. In contrast,
the proposed model integrates refined predicted metrics like xGg and aGg, along with
league and position adjustments, which enhances its predictive capability. It achieves a
substantially higher R2 of 0.91, representing a significant improvement in explained vari-
ance over previous works, and reduces prediction errors with an MAE of approximately
9.28 × 105. Additionally, our dataset and models differ from others, outperforming all
existing metrics. This comparison highlights the benefits of integrating domain-specific
features with advanced ML techniques, leading to more precise and dependable salary
predictions in soccer.

7. Limitations and Discussion
While this study provides useful insights into soccer salary prediction, several lim-

itations should be noted. First, the model uses historical data and does not account for
real-time factors like form, injuries, or transfers, which can affect salary assessments. Sec-
ond, the lack of physical and biometric data, whcih are often unavailable or confidential,
limits the model’s ability to reflect fitness and injury risks. Third, differences in salary
structures across leagues may reduce generalizability. Additionally, the salary data, sourced
from Capology via the Edd Webster repository, includes both verified and estimated values
without clear distinction, introducing some uncertainty. While this may affect individual
accuracy, the dataset still allows for a meaningful analysis of overall salary patterns.

A further challenge arises from discrepancies in reported salary values for some
high-profile players, with certain adjusted figures appearing implausibly low, likely due
to imputed or placeholder entries where exact amounts were unavailable or unverified.
These inconsistencies can lead to notable gaps between reported and predicted salaries.
While such anomalies reflect limitations in publicly available salary data, our model is
designed to capture broader salary trends rather than validate individual cases. Importantly,
the predicted salaries align reasonably well with expected market values, supporting the
robustness of the results despite imperfections in the input data.
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The validity of this analysis may be influenced by the reliability of the salary data
employed in the study. Due to the lack of verified or standardized salary records and
the absence of quantitative measures of uncertainty, precisely assessing the accuracy of
the salary information remains challenging. While our dataset includes players from all
positions, the engineered features are primarily based on attacking metrics due to their
wider availability and consistency. This may introduce some positional bias, particularly
for defenders and goalkeepers, whose contributions are better reflected through defensive
statistics such as tackles, interceptions, and saves. However, aligning such data with our
salary dataset proved challenging due to inconsistent identifiers and formatting issues. To
mitigate this, we applied position-based normalization techniques (see Table 4) to promote
representation. While position normalization helps adjust for role-specific differences and
may assist the model’s performance, we acknowledge that it has limitations, particularly
for non-attacking players. Metrics such as normalized xG are less meaningful for defenders,
whose value often lies in actions not captured by goal-related statistics. Therefore, our
model may be less effective in predicting salaries for non-attacking players, as the dataset
lacks sufficient representation of defensive contributions.

Fourth, external economic factors like salary inflation and free agency dynamics are
not considered, despite their strong influence on contracts. Additionally, non-performance
factors such as commercial value, endorsements, age, injury history, and contract structures
are excluded due to limited data, though they significantly affect player compensation.

8. Conclusions
This study predicts soccer players’ salaries in top European leagues using enhanced

feature engineering that captures league competitiveness, player roles, and contextual
performance. Introducing a position ratio addresses scoring bias across roles, enabling
fairer salary comparisons. We compare traditional ML models and AutoML with hyper-
parameter tuning, identifying GB Regressor as the best performer. A key contribution
is classifying players as overestimated or underestimated based on salary prediction er-
rors, highlighting discrepancies and factors beyond goals and assists such as playmaking,
league quality, and roles. Moreover, to better understand the key drivers behind salary
predictions, we employ SHAP-based feature importance analysis, which reveals that league
competitiveness (league_weight), offensive contributions including goals, assists, and pass-
ing sequences, as well as player age and positional context, are the most influential factors.
This comprehensive analysis underscores the multifaceted nature of salary determination,
demonstrating that contextual and role-specific features significantly contribute alongside
traditional performance metrics.
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47. Yiğit, A.T.; Samak, B.; Kaya, T. Football Player Value Assessment Using Machine Learning Techniques. In Intelligent and Fuzzy

Techniques in Big Data Analytics and Decision Making; Advances in Intelligent Systems and Computing; Kahraman, C., Cebi, S.,
Cevik Onar, S., Oztaysi, B., Tolga, A., Sari, I., Eds.; Springer: Cham, Switzerland, 2020; Volume 1029, pp. 435–444. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://dx.doi.org/10.1515/ijcss-2017-0002
https://www.kaggle.com/code/anasahmad25/football-players-full-analysis-and-modelling#Missing-Values
https://www.kaggle.com/code/anasahmad25/football-players-full-analysis-and-modelling#Missing-Values
http://dx.doi.org/10.1080/16184742.2023.2169319
http://dx.doi.org/10.3389/frbhe.2024.1490871
https://www.sciencedirect.com/science/article/pii/S0950705120307516
http://dx.doi.org/10.1016/j.knosys.2020.106622
https://link.springer.com/book/10.1007/978-3-030-05318-5
https://understat.com/
https://www.capology.com/
https://github.com/eddwebster/football_analytics/tree/master/data/understat/raw/metadata
https://github.com/eddwebster/football_analytics/tree/master/data/understat/raw/metadata
https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.LabelEncoder.html
https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.LabelEncoder.html
https://www.geeksforgeeks.org/dsa/encryption-encoding-hashing/
https://www.geeksforgeeks.org/dsa/encryption-encoding-hashing/
https://www.playermaker.com/blog/most-important-position/
https://www.playermaker.com/blog/most-important-position/
https://worldsoccertalk.com/news/which-position-in-soccer-gets-paid-the-most-20231116-WST-470643.html
https://worldsoccertalk.com/news/which-position-in-soccer-gets-paid-the-most-20231116-WST-470643.html
https://kassiesa.net/uefa/data/method5/crank2025.html
https://kassiesa.net/uefa/data/method5/crank2025.html
https://pycaret.org/
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LinearRegression.html
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LinearRegression.html
https://scikit-learn.org/stable/modules/tree.html
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.GradientBoostingRegressor.html
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.GradientBoostingRegressor.html
https://xgboost.readthedocs.io/
https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.RandomizedSearchCV.html
https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.RandomizedSearchCV.html
https://christophm.github.io/interpretable-ml-book/shap.html#shap
https://christophm.github.io/interpretable-ml-book/shap.html#shap
https://shap.readthedocs.io/en/latest/
http://dx.doi.org/10.1007/978-3-030-23756-1_36

	Introduction 
	Literature Review and Study Overview
	Literature Review
	Research Gaps and Study Overview

	Overview of Data and Preprocessing
	Dataset Description and Analytical Tools
	Data Preprocessing
	Feature Encoding
	Feature Engineering
	Introduction of New Features

	Feature Specification and Explanation

	Workflow and Machine Learning Algorithms
	Traditional Machine Learning Models 
	Automated Machine Learning (AutoML)

	Comparative Evaluation
	Traditional Machine Learning Approach
	AutoML Framework
	Traditional ML vs. AutoML: Performance Comparison
	Comparative Analysis of Gradient Boosting with and Without Feature Enhancements

	Evaluation Results
	SHAP-Based Feature Importance Analysis
	Salary Discrepancy Analysis Using GB
	Comparison with State-of-the-Art

	Limitations and Discussion
	Conclusions
	References 

