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ABSTRACT Player performance evaluation is a challenging problem with multiple dimensions. Foot-
ball (soccer) is the largest sports industry in terms of monetary value and it is paramount that teams can assess
the performance of players for both financial and operational reasons. However, this is a difficult task, not
only because performance differs from position to position, but also it is based on competition, time played
and team play-styles. Because of this, raw player statistics are not comparable across players and must be
processed to facilitate a fair performance evaluation. Furthermore, teams may have different requirements
and a generic player performance evaluation does not directly serve the particular expectations of different
clubs. In this study, we provide a generic framework for estimating player performance and performing
player-fit-to-criteria assessment, under different objectives, for left and right backs from competitions
worldwide. The results show that the players who have ranked high have increased their transfer values
and they have moved to suitable teams. Global nature of the proposed methodology expands the analyzed

player pool, facilitating the search for outstanding players from all available competitions.

INDEX TERMS Player ranking, player performance, football analytics, sports analytics.

I. INTRODUCTION

Player performance evaluation is a key problem in the
sports industry [1], [2]. In team and individual sports alike,
it forms the basis of the competition and directly affects the
financial aspects such as the transfer market, club invest-
ments, betting industry and media rights. Furthermore, by its
nature, the goal of every competing entity is to achieve
the best possible performance. So, it is important to iden-
tify players who fit the requirements with the best poten-
tial return on investment, both in financial and performance
terms.

Recently there has been an increased focus on evaluating
player performance in football using formal analytical and
statistical methods [1], [3], [4] assisted by the increased data
availability [S]-[7].

Teams achieve their results through collective contribution
of the players, and this makes it difficult to separate an
individual player’s performance from the rest of the team
based on results or in-game metrics [8]. In addition, players
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have certain roles in team sports. These roles differ in their
performance requirements in various aspects of the game. For
instance, a defence player may be required to be successful
in interceptions and duels, whereas a left or right back would
be expected to perform accurate shots. Furthermore, players
may play different roles in different games, even within a
single game [2]. This dynamism requires analysing player
performance on multiple dimensions, going beyond simple
aggregates.

As a result of being in a team environment, players’ per-
formances are impacted by external factors. These factors
include, but are not limited to, performance of their team-
mates, performance of opposing team players, the quality of
the competition they play in and how long they play in a game.
However, the collected in-game data does not explicitly show
the effect of these factors and makes it hard to compare play-
ers fairly. A world-class player may have the same statistics
as a second league player on these in-game metrics, however,
this does not mean they have on-par performance. Further-
more, in ranking player performance there is no established
consensus or ground-truth as clubs and roles require different
criteria for ranking.
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In this study, we provide a novel framework for evaluating
player performance in football in an unsupervised manner
and validate the results under the assumption that players’
transfer values and the teams they move to via transfers
reflect their perceived performance. We apply the proposed
solution to the problem of ranking players for the left or right
back positions. The proposed framework is generic in the
sense that it is extendable and adaptable to different use-cases
and factors. Our objective is to evaluate player performance
across the globe and provide a blueprint of analyzing player
performance in team sports where there is no ground-truth
and complex factors that must be taken into account when
analyzing match statistics. In addition to the domain-specific
requirements for global analysis in football, general ranking
problem specific concerns must also be taken into account.
A multi-attribute ranking problem aims to find a mapping
from a multivariate dataset to a vector that represents the
ordering of the data instances. Under the assumption that
the computed features represent a high-dimensional map-
ping from latent player performance, the problem can be
considered as discovering the latent 1D representation of
higher-order feature dataset.

This study has the following contributions to the literature:

1. We provide a generic framework to evaluate play-
ers across competitions and a larger time frame, thus
extending the pool of players. This framework is appli-
cable beyond football, as it formally frames the impact
of external factors as a scaling problem. The same
framework can be applied to any global team sport.

2. We propose a novel approach to reach per 90 in-game
statistics, that approximates the established per 90 scal-
ing averages across games and allows analysis on an
individual game level.

3. We adopt an exponential decay approach to extend the
time horizon for player performance evaluation.

4. We introduce unsupervised discovery of rankings.
While unsupervised ranking techniques are established
in information retrieval problems, to the best of our
knowledge they have not been applied to player per-
formance rankings.

Il. LITERATURE REVIEW

There is a recent focus on evaluating player performance in
football with the emergence of new data sources. The most
well-known example of player analytics is the Moneyball [9],
also adapted into a movie. The Moneyball concept is maxi-
mizing returns on player investment based on player perfor-
mance analytics. Since its introduction, Moneyball concept
has been applied to various sports fields such as basket-
ball, baseball, rugby and American football [10]-[17]. While
lacking the same level of interest for many years, football
analytics has gained popularity recently. Table 1 provides a
summary of papers related to this study. The table first intro-
duces general references for performance analytics, followed
by the economic and financial studies relevant to sports. Then
an extensive collection of methods in player performance
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analysis are provided. In the next two sections references for
player valuation and team strategy evaluation are discussed.
In addition, ranking methods from other domains are pro-
vided in the final section. Literature review demonstrated
a clear increase in interest in analytics in football in the
recent years. The emergent nature of the field of study and
its research potential are also evident from the variety of the
problems researchers focus on.

In two recent studies, [2] and [18], authors have developed
the most relevant approaches to this study. In [2] authors
adopt a supervised machine learning approach to identify
the important factors that lead to success, and introduce a
methodology to derive the player positions and corresponding
ratings based on spatio-temporal data. Gavido et al. [18]
propose a decision-making framework to probabilistically
identify undervalued players who are most likely to perform
well. Pantzalis and Tjortjis [19] use match-statistics as well
as expected goals metrics and Pezzali scores to predict the
performance of a player in next season. While this is not
directly a player-ranking approach, it allows the authors to use
these predictions to comment on the expected performance of
the players. Finally, Liu et al. [20] use a deep reinforcement
learning technique to assign values based on contribution to
scoring to player action values in matches and apply their
action-valuation technique to championship matches.

Based on the literature review, it is observed that most of
the studies have been conducted in a constrained environment
by restricting the region or the dimensions analyzed. In this
work, we aim to go beyond such constraints and perform
player ranking as a whole, in a manner that is flexible and
extendable. Different to the existing literature, the aim is to
provide a generic framework for player performance eval-
uation in team sports and not only a solution to the prob-
lem of ranking players in European football in their isolated
competitions.

1Il. DEFINITIONS AND METHODOLOGY

The proposed approach has four main steps. First,
the player-match level scaling coefficients are generated to
ensure a comparable match-statistics. Then, in-game player
statistics are aligned to represent the player statistics in
comparable fashion across different competitions and games.
In the third step, aligned player statistics are aggregated
to arrive at features on a player-level. In the next step,
the players are rated on analysis dimensions. Final player
rankings across all analysis dimensions are represented using
ranking principle curves [21]. We expand on this further
in Section III-C. For clarity, we provide the definitions of
the terms used throughout the paper with their notation
and dimensions in Table 2. The methodology process flow
diagram is given in Figure 1.

A. ALIGNING PLAYER STATISTICS
Aligning player statistics is a crucial step for comparison of
players across the globe on the same scale. This alignment is
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TABLE 1. Extended literature review.

[13] Australian  Foot-
ball
Pradhan [15] Basketball
[8] Football
Duch et al. [4] Football
McHale et al. [1] Football
Hughes et al. [29] | Football
Ali et al. [30] Football
Cintia et al. [31] Football
Brooks et al. [32] Football
Power et al. [33] Football
Barron et al. [34] Football
Waunderlich and | Football
Memmert [35]
Pappalardo and | Football
Cintia [36]
Palczewski and | Football
Satabun [37]
Pereira et al. [39] Football

means
Correlation Analysis and Partial
Decision Trees

Grey Relational Analysis

Predictive modelling and ELO
Network Analysis

Linear Regression and Poisson Pro-
cesses

Expert Opinion and Survey

Semi-Markov Decision Process

Predictive Modelling

Supervised Learning

Supervised Learning

Supervised Learning

Predictive Modelling and ELO

Supervised Learning

Multi-criteria decision making

Expert Opinion

Authors [ Sports [ Methods [ Summary
General Analytics

Baumer and Zim- | Baseball Provide a comprehensive analysis of the prominence of analytics in baseball.

balist [10]

Rein and Mem- | Football Literature Review and Discussion Give an extensive overview of how big data and advanced analytics techniques are used in various forms

mert [24] to perform tactical analysis in football. They mainly focus on identifying and analysing the tactics of teams
while providing insights on the challenges in adoption of analytics in the sports industry, both from technical
and cultural stand-points.

Stein et al. [25] Football Literature Review and Discussion Describe the data types and providers. They also give an overview of main analytical problems such as time
series analysis, text analysis, video processing and relate those generic problems to sports analytics.
Economics and Financial

Lucifora and | Football Linear Regression Explore the so-called ‘superstar effect’ in Italian football. Superstar effect causes the best individual to

Simmons [26] achieve disproportionate gains no matter how small the difference may be between the best and the rest.
The authors propose a model to investigate the factors that affect this phenomenon in Italian football and
show that superstar effect exists in football.

Torgler and | Football Panel Analysis Explore the relationship between player salary and success, and find a relationship between players’ relative

Schmidt [27] pays and their performance.

Barros and Leach | Football Econometric Frontier Model Employ an Econometric Frontier model to analyze the efficiency of the football clubs in English Premier

[3] League. They identify that the football clubs experience diminishing returns on their financial investment.

Gerrard [28] Football Win-Cost Analysis Use standardized win cost to quantify spending efficiency across years in FA Premier League and find that
teams are inefficient in various degrees.

Performance Evaluation

Martinez and | General Expert Interviews Survey the relevant stakeholders to critically assess the value of player evaluation metrics and report that

Martinez [11] the stakeholders think that the data-driven evaluation metrics are insufficient.

[17] Football Linear Regression Apply the Moneyball concept to player recruitment in Australian football. They apply regression modelling
to identify the statistics that are relevant to the match outcomes and propose recruitment strategies based
on performance in these identified factors. The data is fairly limited in this application to only 740 games
considered for a binary classification problem with over 50 independent variables.

Pettigrew [14] Hockey Bayesian Probability Propose a probability estimation metric for the hockey games and attributes the changes in the probability
to player actions, quantifying player impact.

Schulte et al. [16] | Hockey Markov Decision Process and K- | Quantify players via a spatial clustering approach and Markov Decision Process to perform scenario

planning and impact estimation on player actions.
Verify the player ratings based on actual match performance in Australian football.

Start from player statistics and performance to quantify the quality of each season in NBA across 100 years
using Grey Relational Analysis.

Calculate ELO ratings for teams in isolated competitions and use the ratings to predict the match outcomes.
Propose a network based approach to model the probability of each path on the network results in a shot and
they use the network metrics to quantify players’ match performance based on the flow centrality metric in
the network and team performance is the average performance of the players in the same measure. They
apply the methodology to the European Cup 2008.

Propose an approach that builds up from in game activities to interim performance measures, to impact
on match outcome heuristically. They propose six separate indices to quantify player performance that
additively combine into a final player performance index. They highlight that football is a highly complex
game but their client asked for a simple index for general purposes. This approach is the official player
performance rating approach used by FA.

Identify the key performance indicators and their importance per position to define the important measures
in player performance.

Use a semi-Markov decision process to predict teams’ goal differential and effect of future transfers on team
performance. Performance data for EPL between 08/09 and 11/12 seasons are used to perform the analyses.
Analyse the passes to arrive at a pass performance index based on 5 passing dimensions, in order to model
and predict the team performance in competitions. They show that the results of this simple analysis is
correlated with the team performance in competitions and postulate that complexity science can contribute
to the game of football.

Model the value of passes, and build a player ranking model based on this. The supervised model ranks
the players on offensive ability, irrespective of the player position. The authors model whether a possession
ends in a shot or not and use the learned model weights to quantify player performance.

Use event data from EPL and build risk and reward likelihood models for passes. Each pass is quantified in
risk and reward terms. Risk is defined as likelihood of completing the pass, whereas reward is defined as the
likelihood of creating an opportunity. Risk modelling involves ‘micro features’ to arrive at more granularity
whereas the outcome variable for reward is defined as "likelihood of pass resulting in a shot in 10 seconds".
Use a feed-forward neural network to predict the player movements within English competitions based on
the average game statistics. They show that the player performance is predictive of transitioning between 3
pre-identified groups (moving to upper tier, staying in the current tier and moving down). They report an
accuracy between 61.5% and 78.8%. However due to the imbalance in their dataset, the models with middle
group did not perform well however, the model that compares move down vs. move up showed statistical
significance.

Use the ELO ratings of teams in various competitions to arrive at odds. They extend [8] by incorporating
international games and show the predictive power of ELO algorithm.

Model the team success based on performance statistics using a supervised learning approach. They
demonstrate the complexity of football, and translate this complexity into measuring team success based
on how they perform in each dimension. The performance of team is defined as sum of player statistics
in a game. They perform the analysis on absolute and relative performance scales and observe that only
a combination of features can explain the variance in success. They compare the performance of obtained
ratings to actual and ELO ratings, and find that ELO ratings have a higher correlation with actuals as well
as low variance.

They demonstrate a COMET [38] approach to ranking football teams and show that their results correlate
with WhoScored.Com’s outputs.

Identify variables that are important for attacking performance and employ questionnaires to rate the
importance of each individual variable. The weights obtained through expert opinion, pass analysis and
descriptive statistics are then standardised to arrive at the player attacking index. The approach is applied to
player of Atletico Madrid.
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TABLE 1. (Continued.) Extended literature review.

Pappalardo et al. | Football Supervised Learning and K-Means Propose a role identifying approach using an average position metric and k-means clustering. Furthermore,

[2] they perform role-based ratings and rankings for player based on a supervised learning approach and
players’ performance in variables in the model. They validate their results with expert opinion.

Gavido et al. [18] | Football Composition of Probabilistic Pref- | Propose a probabilistic model to evaluate the player performance and quality of investment under the

erences Moneyball concept, using CPP-MB methodology.

Ley et al. [40] Football Thurstone-Mosteller, Bradley- | Model the outcome of matches using these models and compare the results in terms of predictive power

Terry, Poisson Models using Rank Probability Score Epstein [41]. They find that Poisson models outperform other methodologies
in predictive power.

Pantzalis and | Football Supervised Learning Model several player statistics as a time-series problem and try to predict the performance in the next season.

Tjortjis [19] They use the historical results for predictions and report model metrics.

Liu et al. [20] Football Reinforcement Learning Use reinforcement learning to assign values to each player action based on their contribution to reward (i.e.
scoring a goal). They aggregate player contributions to scoring to arrive at a ranking of players.

Satabun et al. | Football Multi-criteria decision making Apply COMET [38] MCDM method to player ranking problem. They apply the proposed methodology to

[42] 6 players and report ranking metrics compared to the Golden Ball.

Kizielewicz and | Basketball Multi-criteria decision making Apply the COMET [38] method to ranking NBA players.

Dobryakova [43]

Player Valuation

Stanojevic  and | Football Supervised Learning Extract simple aggregate performance features for players as well as demographic information to model

Gyarmati [44] player value obtained from Transfermarkt [45].

Miiller et al. [46] Football Supervised Learning Model the player value estimates of Transfermarkt [45] performance and the popularity of the player
based on social media statistics using multilevel regression models. They find the age-squared, minutes
played, goals, assists, dribbles aerial duels, tackles and social media statistics to be significant in predicting
Transfermarkt player values.

Team Strategy Evaluation

Lucey et al. [47] Football Supervised Learning Use occupancy maps, match statistics combined with spatiotemporal data to partially explain so-called
‘home advantage’. They show that home teams have more control in final third and there is no significant
difference in passing proficiency between home vs away teams. They conclude that the home advantage
partially comes from the away teams’ defensive behaviour.

Wang et al. [48] Football Topic Models Assume a predefined number of tactics which result in pass sequences. Each pass sequence and the
probabilistic modelling of player positions has a distribution of tactics attached to them. The authors define
the tactic discovery as inference of the latent tactic that results in the observed sequence. Their model is an
extension of LDA Blei et al. [49], applied to football.

Decroos et al. | Football Agglomerative Clustering Divide the events data into uninterrupted sequences to automatically group the team tactics. Later, they

[50] extract features from these to perform clusters. The clusters are then ranked based on the number of shots
they contain. They search for frequent sequences within these clusters using pattern mining algorithms,
which are then ranked for user relevance once more. They compare the identified tactics of top EPL teams.

Oskouie et al. | Football Survey Provides a detailed survey on football analytics that use video analytics.

[51]

Ranking

Cohen et al. [52] General Supervised Learning Develop the mathematical formulation and notation of the problem of ranking in the presence of various
preference vectors. The mathematical formulation is relevant for all problems that require ranking items
defined by numerous variables.

Brin and Page | Web and Docu- | Graph Analysis Develop the original PageRank algorithm that powers Google’s search engine. The algorithm computes

[53] ment Ranking rankings of web-pages based on in-bound hyperlinks into the page from all sources. Original PageRank
algorithm is not customized for user preferences however there are many variants that incorporate that
functionality. While this is a prominent approach in ranking domain, PageRank and its variants are out of
scope for this study.

Klementiev et al. | Rank Fusion Unsupervised Learning Formulate the problem of ranking as combining the ranking decisions by multiple rankers. They argue that

[54] if a common ranking exists, rankers that capture the high-level ranking information will consistently agree
with each other. Therefore, they derive weights for each ranker based on how ’aggreeable’ they are in an
unsupervised manner to perform rank fusion.

Klementiev et al. | Rank Fusion Unsupervised Learning Formulate the problem of ranking as combining the ranking decisions by multiple rankers. They learn the

[55] parameters of extended Mallows model in an unsupervised manner.

Lietal. [21] Multi-attribute Unsupervised Learning Formalize the characteristics of a ranking problem and identify a manifold learning approach to represent

Ranking a so-called ‘ranking skeleton’ to represent the ranking result of multi-attribute datasets (such as a dataset
that combines country GDP and life expectancy). They derive the principal curves based on Bezier curves
which satify all five constraints of a ranking problem.

done through devising scales, which adjust the raw statistics
to include the effect of external factors.

The first factor we consider is the game-play duration. This
idea is already established in football in terms of per 90 aver-
ages. However, we propose a novel approach to this method
to adapt the per 90 scaling to our methodology. To reflect
the competition quality, we rely on the average player values
scraped from Transfermarkt. For game difficulty, we pro-
pose a practical application of ELO algorithm [22] that
uses a new initialization mechanism. For recency scaling,
we adopt an approach from reinforcement learning for infi-
nite horizon tasks [23]. In reinforcement learning, the rewards
obtained by actions in continuous tasks are “decayed’ using
a time-dependendent (i.e. recency) factor to facilitate aggre-
gation of an infinite sum and ensure that consequences of
recent actions are weighted more heavily. Inspired by this,
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we adopted the same exponential decay approach. To the
best of our knowledge, there is no study in the literature that
performs all these alignments for the evaluation of player
performance to arrive at a global rating.
Given measurements m and adjustment scale s, alignment
is defined as in Eq. (1), arriving at a scaled measure n?/,
through element-wise multiplication. As stated in Table 2,
measurements refer to player in-game statistics such as num-
ber of passes or shots, whereas scales are designed by us
to reflect various factors such as the quality of the compe-
tition. Statistics coming from high-quality competitions are
assumed to reflect a better overall player performance. The
design logic and the assumptions of each scale is detailed in
corresponding sections.
m=s0Om

ey
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Sa) Scale (s) measures (m’) (M)
Match Slesty Min-Max Scale Cosine Kernel Player ranks
Start Outcgmes Te;?gjg: ® é:L?arﬁgegtcl::; — Features () PCA Transform ()
Metadata S
FIGURE 1. Process diagram of methodology.
TABLE 2. Definitions and variables.
Term Definition Notation Dimensions
Match Event of two games competing against each other, from which player | N N
performances are extracted
Player Players to be rated p p
Team A football team that is active during the analysis period A A
Analysis dimension The player measurements that are relevant to analysis. These are the | d User defined
variables that the user wants to measure the performance on.
Measure In-game statistics collected by the data providers such as WyScout and | m px Nxd
OptaStats
Minutes played The duration of player appearance in a match T px N
Time Decay Rate Value that specifies the importance given to older matches a Scalar
Team Ratings ELO ratings of teams 13 AX N
Scale External factors that are relevant to player performance which are not | s px N
directly visible in measures
Scaling Process to transform the measures to incorporate the different factors | fs
that affect the performance. This is a scalar multiplication of the scale
and the measure
Scaled Measure In game statistics, adjusted for factors through scales m’ px Nxd
Aggregated feature Features computed from scaled in-game statistics m’ o pxd
Dimension rating Player’s performance rating on each individual aggregated feature p P pxd
Time Day/Month/Year t t

1) LOGARITHMIC PER 90 SCALING

Per 90 minutes scaling is a globally used metric by the
industry. Traditionally, the in-game player statistics m for
a single player in a single game are transformed into
per 90-minute statistics using Eq. (2) [56].

Ny
i = izt Mg @)

2l Ti
where t; is the minutes played by the player in game i and
N,, is the total number of matches played by player p, m is the
in-game statistics of player p and m’ is the scaled measures of
player p. This is simply the harmonic mean of observations.
In this study, we needed to modify the established technique
to use it with data for individual games which may have other
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external factors that need to be considered. To achieve this,
we propose an approximation that allows us to scale each
game of each player to per 90 individually in Eq. (3).

90
S99 = ln(?) +1 3)

This approximation is empirically shown to have almost
perfect linear correlation with outputs of Eq.(2). This log-
arithmic formulation is closely related to the generalized
harmonic mean approximation provided by [57]. The approx-
imation we provide and the approximation provided in [57]
are both based on the relationship between the harmonic
mean and logarithms. However, their derivation is theoretical
whereas we arrived at this representation empirically. For
other types of games with fixed durations, such as Basketball,
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maximum duration of 90 would be replaced by the maximum
duration of the corresponding game.

2) GAME DIFFICULTY SCALING

Opponent strength impacts player performance. Performing
well against a tougher opponent indicates player potential
better than performing well against a weaker one. For a con-
sistent and comparable measure of team strengths, we make
use of the existing methods devised for chess [22], [58]. These
ratings have also been used in football in isolated compe-
titions [8], [35], [36]. However, these ratings are limited in
the sense that they are not able to provide cross-competition
ratings, except for minimal cross-competition exposure [35].
To address this limitation, we adopted a novel initialization
scheme. In [8], authors show that ELO ratings are correlated
with team value and as shown in Figure 2, we find that
average player values are log-linearly correlated to the UEFA
coefficients. We use these log-transformed average player
values to initialize the team ratings, and use the score of each
match for each team to update the ratings for the teams via
the ELO algorithm [22].

90000

R=092,p<2.2e-16

60000

30000

UEFA Coefficients For Competitions

11 13 15
Natural Log of Average Player Value of Competition

FIGURE 2. UEFA coefficients vs. player market values.

Intuitively, the algorithm takes into account the relative
ratings of two head-to-head teams and increases the rating of
the winning team based on update parameters and decreases
the rating of the losing team. The algorithm uses one param-
eter, K, which determines the expected level of uncertainty
in the estimates. The calibration between competitions is fur-
ther reinforced through the inclusion of international games.
Given the team ratings, game difficulty scale for team A in a
single match is computed as in Eq. (4).

saip, = %* 4

where, £, is the opponent rating for the most recent match
(as the ratings change after every match) and &, is the rating
for the team A. The parameter values for ELO algorithm are
provided in Section IV.
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3) COMPETITION QUALITY SCALING
There is a difference in the quality of the football played
across different competitions, which are reflected in UEFA
Country and club ratings [59]. This makes in-game statistics
obtained in different competitions incomparable. However,
there is no publicly available global rating of competitions
with different divisions, and as a proxy, we first compute
the ELO ratings of teams [22] and represent the competi-
tion quality as the average ELO of the teams competing in
the competition. As opposed to the game difficulty scaling
where the statistics are adjusted to account for strength of the
opponent, competition scaling boosts the statistics obtained
in higher rated competitions to reflect the overall quality
of game play. Eq. (5) shows the competition scaling as the
average of ELO points of all teams in a given competition
where A comp 18 the number of teams in the competition.
Acomp
sz 1 SA ( 5)

Scomp = A
comp

4) RECENCY SCALING

When evaluating performance, the recent games are more
important than the older ones. However, effect size is impor-
tant in statistical analyses and a sufficient sample size is
required for statistical inference. In this study, we adopt a
decaying mechanism limiting the impact of older games on
the statistical results. Exponential decay mechanism in [2]
is based on incremental averages that result in an additional
subtraction of higher order decays. In contrast, our approach
aims to capture variances in each individual game (like in
per 90 scaling), so we rely on being able to scale each game
individually as opposed to incremental averages. Recency of
the game is encoded using Eq. (6).

Srec = al (6)

where « is areal-valued number 0 < o < 1 and At is the time
difference in weeks from the latest game to date of analysis.

5) COMBINING THE SCALES

In-game statistics for all players need to be scaled according
to different factors that affect the game. We arrive at the
final scale by multiplying all the computed scales for the
player. For a player p, the final output for an in-game statistic
(i.e. measurement) m, would be computed as in Eq. (7).

’
m = 890ScompSdiff Srect @)

All scales are player and match specific, based on the
player’s minutes played in a given match, the competition
the match is played in, the difficulty of the match, as well
as the recency of the match as defined in relevant sections.
The scalar production of the scales allows for toggling them
on and off as relevant and needed.

B. AGGREGATING PLAYER STATISTICS
To arrive at player-level statistics, in-game statistics for each
player must be aggregated into a single value. Aggregation
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is applied after the scaling step and we employ three basic
techniques: scaled averages wqyg (Eq. 8), scaled ratios t,q
(Eq. 9) and strength variable p (Eq. 10). Given the defini-
tions of an analysis dimension d, these aggregated features
are computed as in respective equations 8, 9, 10.

Eq. (8) reflects the scaled averages of in-game frequencies
such as fouls performed or shots taken. This quantifies the
activity level of the player in a game. Eq. (9) reflects the
scaled performance measures such as recoveries compared to
fouls in the form of ratios. This variable quantifies the relative
activities between two variables, or when the numerator is the
successful subset of the denominator, success rate. Finally,
Eq. (10) combined the ratios with the sample size to arrive at
a better rounded success measure.

N
it m/l,-
jz = — 3
avgps =
P Np
N, ™,
Zi:pl @ ©)
Mratyy = — 5
I Np
No g _
. Zi:l bmom(ml,-pa m,, )
oty = (10)
Np

In these equations, mj,, is the j™ measure for player p,
Fpinom 1s the Binomial cumulative distribution function, 7 is
the average ratio across all players of the two measures in
Eq. (9). When calculating i,4, the measures do not necessar-
ily need to be related. For instance m i €an refer to fouls and
my,, can refer to recoveries. However when calculated g,
my,, must be the successful subset of m,,, because this aggre-
gated feature aims to quantify the amount of evidence towards
success in an analysis dimension. Therefore, the strength
variable is an extension and improvement over success related
ratios in the sense that not only the success of the action is
quantified but also the effect size [60]. For instance, a ratio
of 80% with 5 samples would have less strength than the same
ratio of 100 samples, which provides more evidence towards
the expected value of the ratio.

There are known issues regarding averaging ratios in 4,
pointed by [61]. The scaling approach mitigates these issues
by transforming them into a non-ratio range.

C. RANKING THE PLAYERS

Aggregated features represent typical player performance
across multiple dimensions. These dimensions have different
ranges and numerical domains. Therefore, we standardize
the aggregated features using min-max standardization F
in Eq. (11). We call this standardization dimension rating V4
for analysis dimension d, which quantifies the performance
of the player in this dimension. The result is always in the
range of [0, 1].

Va = F(ua) (11)

As a next step, dimension ratings must be combined
to a single metric p, that quantifies the overall player

VOLUME 9, 2021

performance. We perform this step by using a dimension
reduction approach, Kernel PCA with cosine similarity.
In [21], authors specify requirements for a suitable ranking
approach and offer PCA as a simple linear solution. How-
ever, they also mention that PCA requires orthogonality of
the components and therefore it is not suitable for most
real-life ranking problems. Kernel PCA is presented as a
solution to non-orthogonal multivariate ranking problems.
They take the solution a step further and use Bézier curves
for one-dimensional embedding. However, Bézier curves
require a guarantee for no-ties and in our case we cannot
guarantee such topology. Therefore, we opted to use Cosine
Kernel-PCA with a cosine kernel which is an established
method in document ranking tasks.

IV. EXPERIMENTAL SETUP

To evaluate the methodology, we rated the players who
played in the 2016/2017 and 2017/2018 seasons globally.
We performed the experiments using the data provided by
WyScout, a sample of which is available online [2]. We ana-
lyzed the data for 72 competitions and applied the method-
ology to all players who played in a minimum of 20 games,
in which they played as left or right back for at least 90%
of the duration of their play-time. These filters result in
a total of 3657 players that qualify for the position and
the number of player match pairs is 150810, resulting in
1.9 million in-game statistics, for 9 analysis dimensions using
13 variables of in-game player statistics. The data glos-
sary for the individual in-game statistics used can be found
in [62].

We also used other publicly available data such as transfer
values (for ELO initialization) and UEFA ratings (for refer-
encing domain-specific issues outlined above). We provide a
summary of data sources known to us in Table 5. The param-
eters and their experimental values are provided in Table 3.
Out of these parameters, team rating initialization values are
based on the best practices coming from chess. In chess,
2500 is roughly assumed to be the grandmaster rating and
1200 is the lowest professional rating level [63].

We set the K parameter of the ELO algorithm to 64 to
allow for rapid change in ratings. [64] provide a discussion
on the selection of K-factor and explain the effects of dif-
ferent parameter values. Based on their findings, parameter
value of 64 represents higher uncertainty than average. Since
our aim is to evaluate teams and players on a large scale,
this uncertainty is a desired property. For recency scaling,
we chose o empirically. The « value provided in Table 3
corresponds to a scaling coefficient of 0.77 for a game
that is a year old. The framework can be extended by
defining further variables in the same fashion as described
in Section III-B.

The only parameter that should be user-defined amongst
those listed in Table 3 is the recency scale specifying the
importance of older games. The rest are internal parameters to
calculate the scaling coefficients. Selection of this parameter
is dependent on the importance put on the more recent games.
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TABLE 3. Parameter details.

Method Compo- | Parameter Details Exp.
nent Value
Game Difficulty | K The factor that | 64
Scale, determines  the

Competition amount of impact
Quality Scale each game has on
the team rating
adjustment
Game Difficulty | Min. Rating The  minimum | 1500
Scale, initial rating for
Competition the teams

Quality Scale

Game Difficulty | Max. Rating The maximum | 2500

Scale, initial rating for

Competition the teams

Quality Scale

Game Difficulty | Unknown Rating The initial | 1200

Scale, rating for teams

Competition whose  average

Quality Scale player values are
unknown

Recency Scale e’ The decay rate | 0.995

to de-emphasize
older matches of
the player expo-

nentially
TABLE 4. Analysis dimensions.
Analysis Di- | Aggr. m1 mo
mension
Interceptions | favg # Interceptions
Shot Assists Havg # Shot Assists
Loose Balls Wstr # Successful Loose | # Loose Ball Duels
Ball Duels
Fouls Havg # Fouls
Forward Ustr # Successful Forward | # Forward Passes
Passes Passes
Progressive Havg # Progressive runs
runs
Recoveries Hrat # Recoveries # Fouls
Defensive Ustr # Successful Defen- | # Defensive Duels
Duels sive Duels
Crosses Istr # Successful Crosses # Crosses
V. RESULTS

To showcase the performance of the proposed approach,
we apply the methodology and validate results using financial
values and team performance in Sections V-A and V-B.

In all the experiments, the data filters (analysis period,
position, relevant positions, competitions included, minimum
number of games, minimum percentage in relevant roles and
minimum duration of game-play) and time decay rate are
kept constant. These data filters define the search space for
ranking. To apply the methodology to different data filters,
we provide a publicly available dashboard.! The dashboard
also enables the user to apply the methodology to three other
target positions.

As stated in [18], there is no established form of validating
player performances. The lack of a ground truth makes the
validation non-trivial. To mitigate this, we propose a two
dimensional validation for player ranks. We first rank the

1 https://jss-dashboard-aolebn4toq-ew.a.run.app
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players with the proposed approach, and report the following
analyses to assess the rating:

1. We perform financial validation of rankings based on
player market valuation after the date of analysis per
rank groups. We compare our results to [ 18] where they
use Composition of Probabilistic Preferences (CPP)
using triangular distribution [68] to rank players into
groups of ranks (as opposed to assigning an individ-
ual rank to each player) using the published R Pack-
age [69]. In addition, we apply COMET [38] method to
the rankings and compare outputs of proposed method-
ology vs. COMET. We also compare both outputs to
random rank assignments to establish a baseline for
both methods.

2. We perform team-fit validation by analysing the
post-analysis ELO ratings of players’ teams and show
the rank correlation between the player rankings and
team ELOs of players’ destination teams in case of
transfers. We only use the data for players who have
been transferred to avoid data leakage. Since the team
ELOs are used to calculate scales, the same teams’
ELO ratings cannot be used for validation. Therefore,
the player should have moved to another team whose
ELO rating is de-coupled from the scaled statistics.

3. We provide the standard search ranking evaluation
metrics to further validate our results. Player ranking
problem is analogous to ordering search results where
there is no ground truth or relevance feedback avail-
able. We report various information retrieval metrics to
quantify the performance of the approach.

4. We provide the of top-20 players who played in the
16/17 and 17/18 seasons, ranked by the proposed
methodology. We also provide the market values and
ages of the players at the end of 17/18 season for a more
comprehensive overview.

As an example of multi-criteria decision making,
CPP methodology performs numerical estimations of pref-
erence probabilities through combinatorically comparing
categories with alternatives, and then calculating overall
probabilities of an alternative being better than the rest.
CPP-Tri methodology assumes a prior of Triangular distribu-
tion when computing initial preferences for CPP. The com-
binatorial nature of the approach makes it computationally
inefficient when there are many alternatives.

When applying CPP-Tri to evaluate player performances,
we used standard per 90-minute averages of player statis-
tics that overlap with the analysis dimensions used in the
proposed methodology. The choice to use the standard per
90 averages is to ensure consistency with the original paper.
Similarly, the specific CPP-Tri algorithm we used assumes a
Beta Prior which is kept as is. Class profiles are decentiles
which results in 10 distinct player rank groups.

Another MCDM approach is COMET [38]. Unlike
CPP-Tri, COMET results in individual rankings as opposed to
rank groups. Therefore it is more comparable to the proposed
methodology. We compare our outputs to both CPP-Tri and
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COMET. These comparisons are kept separate for readability
purposes. COMET has already been applied to Football [42]
and Basketball [43] however the application to Football is
restricted to comparing 6 players, therefore the methodology
must be applied to our dataset for comparison purposes.

COMET method relies on having fuzzy membership num-
bers. To comply with the original application, we divided
the standardized analysis dimensions into two distinct parts
intervals (0-0.5), (0.5-1). Using these values for all 9 analysis
dimensions, 19683 (3%) characteristic objects were created.
This method also relies on having expert feedback on decid-
ing the superiority of one characteristic object over another to
create Matrix of Expert Judgement (MEJ). However, in this
study no such expert is available, therefore we use an expert
decision function f.y, given in Eq. (12) to perform judge-
ment where eps is an infinitesimally small number to address
multiplication with 0. In this equation CO; represents the
i characteristic object and @ji is the fuzzy number for cri-
teria. For details on the decision process, please refer to [42].
This expert function allows us to parallelize calculation of
ME]J and removes the need for hierarchical modelling used
in original paper.

,

fep(COy) = [ [(Cii + eps) (12)
J=1

A. FINANCIAL VALIDATION

Amongst the numerous factors influencing the valuation
in sports, performance is considered to be a significant
one [3], [36]. To evaluate the methodology, we have com-
pared the player valuations before and after the analysis
period, based on the data from Transfermarkt [45] and
cross-referenced this with rank groups. First, we group the
player ratings into ten distinct groups using equal-frequency
binning. The rank groups are in descending order, where
rank-1 holds the highest and rank-10 holds the lowest rated
players. For a more comprehensive comparison, we also
perform randomization of ratings to establish a baseline to
account for effects of inflation of player values. Randomiza-
tion is done through assigning players into groups randomly
using stratified sampling [70]. Table 8 shows the rank group
statistics for actual discretization outputs and the randomized
case.

In addition, we show the cumulative market value gain of
players along the rankings. We define market value gain as
the difference between the maximum value after the analysis
period ends and the market value of a player immediately
after the analysis period. Figure 3 shows the rank-dependent
cumulative market value by age group. In other words,
if clubs were to invest in a player immediately after rank-
ing, the derivative of this empirical curve dependent on the
player’s rank and age group would reflect the expected return
on player investment. The figure shows diminishing returns
after top-25th percentile of rankings for all age groups up to
age of 29. For players above age of 29, the expected return
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FIGURE 3. Cumulative return on investment per age group and rank.

on investment is always negative. In addition, there are two
cut-off points in the youngest age group. This is discussed
further in Section VI. Note that while actual transfer values
are used for Figure 4, market value estimations from Transfer-
markt are used for Figure 3. The same plot cannot be shown
for [18] because the methodology presented by the authors
only output rank clusters, in our replication 10 groups of
player ranks and does not rank players individually.

Figure 4 shows distributions of player values before and
after the rating period. For all rank groups, post analy-
sis player values are higher, indicating that player values
increase due to inflation. In case of rank groups 3 and
onwards, randomized player values are higher than the
post-analysis player values. In rank groups 1 and 2, however,
the post-analysis player values are higher than the random-
ized ones. These observations indicate that, our approach
identifies the players who have increased their market
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TABLE 5. Data sources.

Data Source Coverage Collection Method Data Verification Match Player Events Transfers Financial In- | Club Country
Outcomes In-Game formation Rank- Rank-
Statistics ings ings
[45] Major competitions and players Crowdsourced Expert Opinion X X
[59] UEFA Member Association Expert Opinion Expert Opinion X X
[65] Major competitions and players Aggregated from Opta Sports Unknown X X
711 Over 1000 competitions and 200k | Human experts using bespoke anal- | Expert Review X X X
players ysis software [66]
61 Over 1000 competitions and 200k | Human experts using bespoke anal- | Expert Review X X X X
players ysis software [2]
5] Unknown Unknown Unknown X X X
671 Unknown, however the website | Unknown Unknown X X X
claims more granularity than any
other provider

Analysis Period - Pre E Post . Post (Gaviao et al. 2019) - Random

S [} ©

Log-Transformed Player Value
S

o
.

Rank Group

FIGURE 4. Player market value distribution per rank group and analysis
period.

value beyond inflation, after they have been identified as
high-performing players. It has to be noted that the reported
values in this figure are log-transformed for visualization,
while the effect would be more pronounced in linear scale.
For instance, for two players having log-transformed market
values of 16 and 13, the corresponding difference in absolute
market values would be approximately 8.5 million Euros. For
this analysis, only the players who have been transferred after
the analysis period have been analyzed by comparing their
transfers prior to the analysis and after. As stated in [46],
Transfermarkt estimated values could be unreliable. To avoid
spurious relationships, we used the actual transfer values as
stated in Transfermarkt and not their interim estimates. This
figure also contains comparison to a recent paper [18] based
on the ranking part of their methodology. While the original
paper compared 32 players and used 3 (low-medium-high)
performance classes, we applied both methods to 3657 play-
ers and used 10 performance classes to account for higher
number of the players.

The distribution of pre- and post-analysis values using their
methodology is similar to our results, however their results
overlap with the distribution of randomly allocated label,
showing that our proposed methodology is able to differen-
tiate players who are likely to increase in value beyond the
inflation compared to CPP-Tri ranking methodology.

For a more theoretically-based comparison, we also report
the results of Two-Sample Kolmogorov-Smirnov Statistical
Test (one-tail) for comparing two non-parametric distribu-
tions. Formally the hypothesis is defined as:

Hy: Player values of the ranks calculated with the first
methodology are drawn from the same distribution as the
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TABLE 6. Two-Sample Kolmogorov-Smirnov Test P-Values.

Rank Group Proposed Method vs. Proposeq Method vs.  Gaviao et. al vs.

Random Gaviao et. al Random

1 0.0000 0.0000 0.0000

2 0.0000 0.0357 0.0047

3 0.0003 0.0034 1

4 0.5741 0.4399 1

5 1 0.6010 1

6 1 0.7928 1

7 1 0.7073 1

8 1 0.3848 1

9 1 0.7073 1

10 1 0.7928 1

player values of the ranks calculated with the second
methodology.

H,: Player values of the ranks calculated with the first
methodology are drawn from a distribution with a greater
average than the distribution of the player values of the ranks
calculated with the second methodology.

Table 6 shows the ‘False Discovery Rate’ corrected [71]
p-values of the performed test, for ranks obtained via
methodologies listed pairwise. The results show that both the
proposed methodology and methodology by [18] have signif-
icantly greater player values than random allocation for first
two rank groups at a significance level of 0.05. The statistical
test shows that there is significant evidence that our proposed
methodology has greater player values in the third rank group
in addition to the first two. Furthermore, the player values
in the first rank group identified by our proposed methodol-
ogy have significantly higher player values than the players
identified as rank one by [18]. These results confirm that
the proposed methodology is more successful in identifying
players who will increase their market value beyond inflation
based on their performance statistics. For the low rank groups
(810, statistical non-significance is expected because we
perform a one-tailed hypothesis test (i.e. greater average).
The statistical non-significance of middle ranking (4—7")
groups are discussed further in the Discussion section.

B. TEAM-FIT VALIDATION

Team fit validation is based on the idea that high performing
teams consist of high performing players. So player and team
ranks are expected to have statistically significant correlation.
However, team ratings are already utilized in creating of
scales and aligning statistics for fair comparison. Therefore,
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TABLE 7. Market value change percentages by group.

Market Value Rank Group ~ Minimum Percentage Change =~ Maximum Percentage Change
1 1546 1983
2 724 1400
3 456 700
4 280 450
5 168 275
6 105 167
7 60 100
8 12 50
9 -20.6 11.1
10 -93.3 -21.9
TABLE 8. Rank group statistics actual vs. randomized.
Rank Group Randomized
Rank Group ~ Number of Players ~ Min. Rating ~ Max. Rating ~ Avg. Rating ~ Median Rating ~ Std. Rating ~ Number of Players ~ Min. Rating ~ Max. Rating ~ Avg. Rating ~ Median Rating  Std. Rating
1 347 L5 2.17 1.63 161 0.11 334 0.7 1.84 121 1.22 0.22
2 331 1.39 15 1.44 1.44 0.03 325 0.63 1.97 1.18 1.17 0.23
3 347 131 1.39 1.35 1.35 0.02 346 0.68 1.88 1.19 1.19 0.22
4 360 1.25 1.30 1.28 1.28 0.02 331 0.63 1.98 12 1.19 0.22
5 344 1.19 1.25 1.22 1.22 0.02 328 0.65 1.95 1.19 117 0.22
6 370 113 1.19 116 1.16 0.02 378 0.69 1.83 121 121 0.22
7 305 1.08 113 1.10 1.10 0.01 327 0.49 2.17 12 1.18 0.25
8 341 1.01 1.08 1.05 1.05 0.02 361 0.54 1.91 1.19 1.19 0.24
9 366 0.91 1.00 0.96 0.97 0.03 402 0.65 1.91 1.21 1.20 0.23
10 346 0.49 091 0.83 0.84 0.07 325 0.58 1.91 121 1.19 0.22
to avoid data leakage, the validation can only be performed 2500 p=—-046,p<226-16

using the data of the players who have been transferred into
a new team after the analysis. This prevents leakage from
team ELO points into validation. In other words, by using
the data from post-analysis transfers we decouple the scaling
from output validation.

Figure 5 shows the relationship between the team player
got transferred to (i.e. destination team) post-analysis and
the identified ranking of the player. The figure also reports
the Spearman rank correlation between two values. The rank
correlation is statistically significant in all confidence levels.
We also report the linear regression least square estimation of
the relationship between rankings and team ratings. Namely,
the expected ELO of a player’s post-analysis destination,
decreases by 0.068 points with every step decrease in their
rankings. Most ELO points are distributed between 1500 and
2000, which is in-line with Chess literature [22]. The variance
in the ELO ratings given the player ranks is discussed further
in Section VI.

C. PLAYER RANKING EVALUATION USING INFORMATION
RETRIEVAL METRICS
Ranking players is an applied problem of ordering a set of
items where there is no ground-truth available. Therefore,
the correct rankings cannot be learned from feedback. Nor
can the final output be validated by comparing to true rank-
ings. This is a well-known problem in retrieval problems
where ranking of search results are not customized to user
preference (i.e. no feedback). The evaluation metrics devel-
oped for such problems are relevant for evaluating our results.
Similar to web search literature, in the absence of ground-
truth, comparison of two-rankings is the established method
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FIGURE 5. Relationship between ranks and post-analysis destination
team ratings.

of evaluating ranking outputs. As previously stated, no other
methodology outputs such comprehensive and comparable
rankings to us, therefore we opt to use post-analysis player
values as a proxy to player performance. Note that similar
to the return on player investment, these metrics cannot be
computed for Gavido et al. [18] since their approach does not
produce an ordered list of players but rank groups instead.
To validate the results, we provide the following metrics.

1) Kendall’s t [72], which quantifies the overall agree-
ment between two ranked arrays.

2) Average precision [73], which computes performance
at several intervals in the rankings and reports the
average.
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TABLE 9. The results of the proposed solution using information retrieval metrics.

COMET score

COMET score
. Proposed w. Proposed
Metric . w. Raw In-Game
Method Scaling Stats
and Feat. Engineering
Kendall’s 7 0.364 0.307 -0.026
Average Precision 0.601 £ 0.011 0.549 + 0.042 0.480 £ 0.070
Normalised Cumulative Discounted Gain (NCDG) 0.707 0.704 0.672
WS Coefficient 0.987 0.845 0.262

TABLE 10. Top 20 Players and Their Metadata.

Rank Name Team Prior to Analysis Team After Analysis Market Value Before Analysis ~ Market Value After Analysis Current League Age at June, 2018
1 Fabian Delph Manchester City Manchester City 10M 15M Premier League (England) 21
2 Luke Shaw Manchester United Manchester United 2IM 18M Premier League (England) 22
3 Joshua Kimmich Bayern Munich Bayern Munich 20M 60M Bundesliga (Germany) 23
4 Ben Chilwell Leicester City Leicester City 2.5M 15SM Premier League (England) 21
5 Benjamin Henrichs Bayer 04 Leverkusen AS Monaco 1.25M 16M League 1 (France) 21
6 Alessandro Florenzi AS Roma AS Roma 22M 30M Seria A (Italy) 27
7 Kieran Gibbs Arsenal FC ‘West Bromwich Albion 13M 6M Premier League (England) 28
8 Davide Santon Inter Milan AS Roma 6M 5M Seria A (Italy) 27
9 Christian Fuchs Leicester City Leicester City 6M 3.5M Premier League (England) 32
10 Nico Elvedi Borussia Monchengladbach ~ Borussia Monchengladbach 5M 20M Bundesliga (Germany) 21
11 Francisco Femenia Far Deportivo Alaves Watford FC IM M Premier League (England) 27
12 Jonas Hector 1. FC Kéln 1. FC Kéln 14M 12.5M Bundesliga (Germany) 28
13 Marcel Schmelzer Borussia Dortmund Borussia Dortmund M M Bundesliga (Germany) 30
14 Sergio Roberto Carnicer FC Barcelona FC Barcelona 20M 55M La Liga (Spain) 26
15 Joshua Brenet PSV Eindhoven TSG 1899 Hoffenheim 3.5M M Bundesliga (Germany) 24
16 fiiigo Lekue Martinez Athletic Bilbao Athletic Bilbao 3M 4M La Liga (Spain) 31
17 Kieran Trippier Tottenham Hotspur Tottenham Hotspur 6M 30M Premier League (England) 27
18 Jeffrey Schlupp Leicester City Crystal Palace M 10M Premier League (England) 25
19 Aleksandar Kolarov Machester City AC Roma 1M 12M Seria A (Italy) 32
20 David Olatukunbo Alaba Bayern Munich Bayern Munich 45M 55M Bundesliga (Germany) 26

3) Normalised discounted cumulative gain [74] which
quantifies the gain obtained by the ranking system by
correctly ranking items.

4) WS Coefficient [75] which is shown to evaluate rank-
ings in a more well-rounded way by giving more
emphasis to correctly ranking top items. In addition,
unlike NDCG, it requires an input from users regarding
the importance of correctly ranking observations.

In information retrieval problems, it is more important to
rank the highest performers correctly than ranking lowest
performers correctly [76]. Kendall’s T does not take this
distinction into account. Conversely, average precision cor-
relation is based on the assumption that correctly ranking
the top items is more important. In the case where ranking
system’s error is distributed randomly, average precision cor-
relation is equivalent to Kendall’s 7. If the system has a higher
precision for ranking the top-ranking items, then average
precision correlation is higher than Kendall’s 7, and vice
versa. Furthermore, a novel technique WS coefficient [75]
also gives more weight to top-ranked items.

Table 9 provides the results of the proposed method using
the aforementioned metrics.

All metrics show a positive correlation between the rank-
ings provided by the methodology and the eventual player
value. Furthermore, order-dependent metrics (i.e. metrics
other than Kendall’s t) have higher values than 7, show-
ing that the proposed methodology is able to capture the
rankings of the highest-valued players. However, ranking by
player value is an imperfect baseline as player values are
impacted by other factors as well. We show this phenomenon
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in the age-dependent figures and discuss the issue further
in Section VI.

In addition, COMET was applied to the proposed scaling
and aggregation methodology behaves similarly to the results
provided by the proposed methodology, however, the pro-
posed methodology outperforms the results obtained with
COMET. This is due to COMET’s characteristic object rep-
resentation dividing the feature space into buckets of prefer-
ence, and treating all values fall into the same bucket with
similar preference values. COMET applied to raw data per-
forms significantly worse than the proposed methodology as
well as COMET applied to scaled and aggregated data. This
reflects the need for considering factors that affect perfor-
mance into account while analyzing sports data globally.

The drastic difference between average precision and
WS Coefficient should be noted. We hypothesize this is due
to large sample size for ranking in this study. More analysis
is required to compare AP and WS Coefficient in ranking
problems but this is out of scope for this study.

D. REAL-WORLD RESULTS

Current configuration of the methodology outputs the ranks
for 3681 players, of which top-20 players according to their
ratings are listed in Table 10. This table shows the team
and age at the beginning and end of the analysis period to
provide information regarding the status of the top-ranked
players. It also gives details on the player values obtained
from Transfermarkt [45] right before and immediately after
the analysis period.
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FIGURE 6. Market value changes through time.

Fourteen players in top-20 have increased their market
value at the end of analysis period. An exception to this as
a young player is Luke Shaw. He sustained an injury which
put him on the sidelines for 14 matches in season of 16/17.
Shortly after that he sustained another injury that put him
on the sidelines for another 11 weeks in the same season.
This is potentially one reason why his market valuation has
decreased immediately after the end of our analysis period.
His current market value is 25M Euros. In other cases, market
value decreases are explained by the age of the player which
is a general pattern shown in Figure 3.

Figure 6 shows that all but one top-ranking players below
age 25 have increased their market values after the period
of analysis (i.e. after being identified as top-performers).
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The period for which the performance data was used in
analysis is marked with a grey shade in the figure.

To enable the readers to test the methodology and the
configurations, we provide a public APL? which uses the
publicly available data by [77]. We also provide a graphical
user interface to compute results of arbitrary configurations
in the form of a dashboard® which uses the same API.

VI. DISCUSSION

We have analyzed more than 3500 players across various

competitions and shown that the proposed methodology is
2https://jss—api—aolebn4t0q—ew,a.run.app/redoc

3 https://jss-dashboard-aolebn4toq-ew.a.run.app
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able to identify players who are likely to increase their
financial values. Existing literature restricts the pool of the
players to a small subset for analysis. In this paper, we pro-
posed a framework that can analyze player performances at
a much larger scale and demonstrated statistically significant
improvement over the existing methods.

The rating outputs of the methodology correlate to future
value increase statistically significantly. These results indi-
cate that the high-rated players are likely to increase their
market value beyond inflation. This has implications for
teams making player investments. The team-movements are
also correlated with the ratings. The high-rated players make
more upwards transfers than the low-rated players. Further-
more, the methodology statistically outperforms the existing
approaches for the high-rank groups. Therefore it provides an
improvement in terms of scalability and performance.

On the other hand, the statistical non-significance of the
middle rank groups (4-7) reflects the complexity of the prob-
lem. There are many other factors that affect the transfer
values, such as player popularity or coach preferences as
well as the inflation and even the country of origin of the
player [78]. Figures 3 and 6 show the impact of age on
market values as well. Additional factors could be included
in the methodology to refine the ratings further and the val-
idation can be extended to factor-in contextual information
that impacts transfer values.

We also expect similar contextual factors to affect the team
ratings shown in Figure V-B. For instance, due to transfer
restrictions, a good player may not be eligible to play in top
teams before first moving to a lower-rated team, therefore
nationality may impact the destination player ratings. We also
expect age to be a factor as teams loan out young players to
other teams to optimize their rosters while allowing the young
player to gain experience.

Table 7 indicates that player values increase for almost all
rank groups, mainly due to player value inflation. Average
increase in value across competitions is calculated as 42.28%
with a standard deviation of 56.18%. The maximum value
increase is 264.18% and the highest decrease is 62.29%.
However, the magnitude of percentage change in higher rank
groups is much larger than lower ones which indicates that
rankings capture non-inflation related factors that contribute
to market value.

An interesting phenomenon is the observed effect of age in
player valuation. Figure 6 shows that the top ranked players
under the age of 25 have almost all increased their market
values post-analysis regardless of they were transferred or
not. This indicates, if combined with age and demographic
filters, proposed methodology may help teams optimize their
transfer decisions in terms of financial valuation. The same
figure also shows that the range of the player values varies.
This supports the prior claims that the player values may not
always overlap with the player performance and statistics.
The additional factors that might impact the player valuation
and transfer market are affected by demographic and social
factors.
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The cumulative gain on market values given in Figure 3
gives a different perspective on player performance. This
figure reflects the investment view that could impact player
acquisition decisions. After a certain level of performance
ranking (around top-25th percentile), return on any potential
investment becomes negligible. This cut-off point (i.e. the
elbow point on plots) from an investment stand-point varies
by age group. The cut-off point decreases with age. The
cut-off for players aged below 21, is around 10007 rank.
For players below 24 years of age, this point is around 8007
rank and for players younger than 28 years of age, the elbow
point is around 500 rank. In other words, investing in a
top-1000 ranked player of less than 21 years of age might
be a financially good decision, however for older players,
this is not the case. This shows that age and performance
jointly affect player valuation. The same figure also shows
two elbow-points in the youngest age group. This is due
to scaling approach. Competitions with low player values
such as second or third division competitions occasionally
produce young super-stars, however, in general these com-
petitions have lower quality. Therefore, young talents in such
competitions are ranked low, however they have high future
return. An example is Achraf Hakimi who was in Real Madrid
Castilla in the beginning of the analysis period and got trans-
ferred to Inter in 2020. In other words, ranking methodology
is unable to detect future super-star young players, who are
outliers in their own competitions.

Under the assumption that market values imperfectly
reflect player performance, Figures 3, 4, and Table 6 all show
that highly-ranked players also have high performance in
financial terms. Same behavior is also evident in Figure 5
from a purely performance stand-point.

VII. CONCLUSION & FUTURE WORK

In this study, we proposed a framework for player perfor-
mance evaluation across multiple dimensions on a global
scale. Naturally, it is impossible to statistically encode every
dimension of such a complex game, however, the proposed
approach is extendable as a framework, both within football
and to other team sports. We aimed to capture the major
components of the game and extended the player evalua-
tion application to perform across-competitions, across-time,
and across different opponent types. Using this framework,
we have shown that the computed ranks reflect both financial
and sportive performance of players.

As a future work, we aim to develop solutions to identify
gaps in team performance and cross-reference these gaps
with our player recommendations by using optimization tech-
niques, as opposed to generating a general ranking for all
players that satisfy the criteria. Studies have already been
conducted towards automatic inference of team gaps and
strategies on match logs [47], [48], [50], [79]. We intend
to explore incorporation of such approaches to increase cus-
tomization of rankings to fit club requirements and queries.
We also intend to investigate the transfer market dynamics
through various techniques that fall under the domain of
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Complexity Economics [80], potentially including important
demographic factors such as age.
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