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ABSTRACT ARTICLE HISTORY
Artificial intelligence (Al) has been widely affecting our lives in Received 16 May 2021
many ways for the last ten years. Potential applications of Al are Accepted 6 August 2021
currently being used in many sectors. However, the usage of Al

has been very limited in sports science compared to the other

sectors. In this study, we developed an artificial neural network

model to estimate the market values of the players in the

Turkish Super Football League. While the market value was

selected as an output, the input values were: minutes played;

goals scored; xG: assists; xA; defensive duels won %; tackle

success %; shots on target %; Short-middle pass accuracy %;

long pass accuracy %; and accuracy of passes to penalty area.

After creating a neural network based on the input-output

values with high training, validation and testing statistical

values, input values were computed with the neural network

created and then the output values were estimated. In conclu-

sion, an artificial neural network is becoming one of the impor-

tant modeling methods in all areas of life. Although the

application of artificial neural networks is very limited in sports

science, it is one of the suitable science disciplines where there

is a lot of statistical data. The methodology proposed in this

paper can also be used for talent selection in football. Moreover,

it may help stop criticism by TV sports programmes and news-

papers because market value estimation is based on fair perfor-

mance parameters. Further studies are strongly recommended,

not only for football but also for other sports disciplines.

Introduction

Artificial intelligence (AI) now affects all aspects of our daily lives. The tools
developed under the area of artificial intelligence are commonly used in fields
such as communication (Guzman and Lewis 2020), electronics (Bazrafkan and
Corcoran 2018), chemistry (Cavas, Donut, and Mert 2016), medicine
(Mamdani and Slutsky 2020) etc. The scientists in the field of artificial intelli-
gence are highly interested in the areas in which there is big data. When they
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have data, they can easily model the system and make important predictions.
One of the areas where big data is created is sports sciences. Although there is
data available to use in the sports industry, the usage of artificial intelligence is
still limited. Moreover, evaluation of some sports data, e.g. football data, is also
connected with the sports industry. The number of studies related to predic-
tions in sport are increasing. In football, artificial intelligence-based tools are
being used to predict match results (Rahman 2020; Stiibinger, Mangold, and
Knoll 2020). Match results are strictly dependent on the quality of the players.
Therefore, the clubs should include high quality players and so studies related
to the selection of high-quality players are also important (Armatas et al. 2020;
Pehlivan, Unal, and Kahraman 2019).

Football player transfers are of great importance to the economic future of
football clubs. Every year, the clubs spend time, energy and millions of dollars
on player transfers. As such, it is very important for the clubs to make the right
decisions when they transfer players but it is very difficult to predict whether
the football player will contribute to her/his team or not.

To transfer a new player, generally, football clubs send their scout teams to
watch the player live in football matches. This process should be carried out
carefully because of the economics involved. Since it is based on human
observations, sometimes subjective evaluations might occur (Bransen, Van
Haaren, and Van De Velden 2019; Carmichael, Forrest, and Simmons 1999;
Winemiller, Love, and Stamm 2020). On the other hand, a very long process is
put in place to analyze match performance data and evaluate progress over the
years. Football clubs must acquire the best players in order to compete with
rival clubs and to win competitions. They spend a lot of money on football
players to ensure that newly transferred footballers remain with the team for
a long time. However, if they do not establish the right financial balance, or if
they are not successful, the potential economic loss is expected. That is why
UEFA has set some basic rules for clubs in European leagues regarding
financial fair play(Union of European Football Associations UEFA 2015). In
some cases, except for these basic rules, various developments may affect
football finances, positively or negatively. As an example, the COVID-19
pandemic, which is currently affecting all countries, is also thought to affect
the economy of football clubs and players on a large scale. Many clubs reduced
the salaries of the footballers during the COVID-19 pandemic because of the
decreased incomes of clubs. As such, it would be of little surprise if the market
values of the players decreased because of the pandemic (Benchmark 2020).

Today, data collection and analysis in sport has become increasingly impor-
tant, as it has in many other fields. In football, ranking is created according to
the qualities of the players (speed, endurance, power, etc.) and in-competition
performances (goals, assists, key passes, etc.). Team analysis also occurs before
the competitions. Various analyses are made by using big data sources, such as
Opta, Instat, Wyscout and Mediacoach.
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Football is an important part in the clubs in terms of financial contribution
compared to other sports disciplines. This contribution is mainly dependent
on the fans of the football clubs. Therefore, this area can be named as “sport
industry.” Deloitte releases financial information about European Football.
While the income of the top 20 clubs in the 1996-1997 season was 1.2 B €, it
has now reached to 9.3 B € (DeloitteGroup 2020). This financial income
generally comes from broadcasting, match day revenue and commercial
activities.

Deloitte also reports that Barcelona is at the top of the money league for
2018-2019, with 800 M €. The Turkish Super League (TSL) is in 6™ position in
terms of broadcasting revenues within European Football. The commercial
income of TSL is reported to be 200 M €. The total income also increased to
615 M € in 2018-2019 (Aktifbank 2019). One of the important criteria for the
sporting success of football clubs is their ability to exercise strict financial
discipline. In the past, Turkish Football clubs did not exercise this rigor for
many reasons including pressure from fans, the structure of the clubs, govern-
mental audits, absence of measurements, compensation claims, frequent
changes of technical directors and payment of over-priced players and their
representatives (2013; Aksar 2005; Aksar and Merih 2006). The failure of
players with overestimated transfer values to adapt to their new clubs causes
performance based problems in matches. In Turkey, four football clubs
(Besiktas, Fenerbahge, Galatasaray, Trabzonspor) are members of Borsa-
Istanbul. Therefore, their financial structures are more transparent compared
to the other clubs in the TSL. According to Public Disclosure Platform in
Turkey (2020), the debts of Besiktas, Fenerbahge, Galatasaray and
Trabzonspor are 400 M €, 568 M €, 450 M € and 122 M €, respectively
(Platform 2020). These debts are mainly due to the costs associated with
players’ transfers. These clubs are currently negotiating with UEFA for the
structuring of their debts. From the data of transfermarkt, 500 M € has been
spent for the transfer of the players within the TSL over the last 5 years
(Transfermarkt 2020). From the market values of the players in TSL, it is
very easy to see that these values have not been based upon performance
parameters. Criticism of the market values of football players has become
a frequent topic of conversation on Turkish TV. Moreover, there is a belief
among sports audiences that payments to players in the Turkish Super
Football League are unfair. This argument is mainly based on the fact that
club budgets are spent in an uncontrolled manner (Aksar, 2013; Aksar and
Merih 2006).

Al is playing a critically important role in all parts of our daily life. The
evaluation of data created through daily actions is nearly impossible to analyze
by traditional methods. The proper collection, storage and usage of human
data (big data) are hot topics, not only within computer-related arenas but also
within governments. It is very important to note that the countries which give
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special importance to Al technologies will be powerful countries of the future
world. AI technologies have been successfully applied in many sectors, such as
communication (Liu, Wang, and Zhou 2018), transportation (De Luca and
Gallo 2020) and medicine (Kulkarni et al. 2020).

When the keywords “artificial intelligence, sport” were searched in the web
of science (https://apps.webotknowledge.com/), only 240 records were found
(the search date was February 25, 2020). From these statistics, it could be
said that the application of AI technologies has been very limited in sports
sciences compared to other industrial areas. The number of the records
related to the keywords “artificial intelligence, medicine,” “artificial intelli-
gence, communication” and “artificial intelligence, transportation” was found
to be 2204, 3802 and 735, respectively. No published data was found on the
web of science related to the estimation of market values of football players
via artificial intelligence. Therefore, we reviewed some of the published
papers. We found related to the keywords “artificial intelligence, sport.”
(Sahin and Erol 2018) studied the estimation of the attendance demand in
European football games by using an artificial neural network (ANN),
adaptive neuro fuzzy inference system models and fuzzy rule-based system.
They found that ANN is an effective predictor compared with the other
models. Dynamical system theory and neural network modeling were stu-
died by (Dutt-Mazumder et al. 2011) for the governing dynamics of associa-
tion football players. The paperreveals basic theoretical backgrounds for
dynamical system theory and neural network modeling which is necessary
for sports scientists to enter this area of research. In the paper, ANN is also
proposed to study the dynamical attributes of association football players.
(Barron et al. 2020) studied the ANN estimation of player talent by using
340 performances, biographical and esteem variables. They found that pas-
sing, shooting, regaining possession and international appearances are
important factors in the ANN prediction. They also suggest their methodol-
ogy for identifying the correct players to transfer in football teams. (Barron
et al. 2018) published a scientific report related to the identification of the
key performance indicators in professional soccer influencing outfield
players’ league status through ANN. The authors reported that ANN effi-
ciently estimated 78.8% of the players’ league status with a test error of 8.3%.
Moreover, the position-specific nature of performance in football may affect
the current performance parameters used in scientific literature. Therefore,
new methodologies such as those mentioned in the study of Barron et al.
(2020) can be used.

Various applications of ANN in sports sciences — such as sport result
prediction and analysis of tactical behaviors of handball players — can also
found in the scientific literature (Bunker and Thabtah 2019).

The market values of the midfield players in TSL are modeled using ANN
and these values are reevaluated in the present study. The contribution of the
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present study is to estimate the market values of TSL midfield players who
have not been investigated via ANN before.

Data in the Study

In previous studies, it is seen that the variables used to estimate the market
values of athletes are divided into three main categories: player characteristics,
player performance, and player popularity (Miiller, Simons, and Weinmann
2017). Although some studies have used player popularity to estimate the
market values of football players, the most important variables that will
determine the outcome of a football match are the performance parameters
of the football player on the field rather than the popularity of the players
outside the field.

Therefore, when the talent and performance measurements based litera-
ture were examined, it is clearly seen that the sports scientists have investi-
gated the psychological characteristics (Christensen 2009; Miller, Cronin,
and Baker 2015) anthropometric and physiological variables (Deprez et al.
2015; Mirkov et al. 2010) tactical skills (Christensen 2009; Kannekens,
Elferink-Gemser, and Visscher 2011; Towlson et al. 2017) and technical
skill variables (Huijgen et al. 2013; Olthof, Frencken, and Lemmink 2015;
Waldron and Worsfold 2010) of football players. In classification studies
related to different performance indicators in football, actions such as min-
utes played scoring, ball control, tackles, duels, shooting, assists, passing
ability and decision-making have been the focus of recent papers. It is also
reported in many studies that these parameters are used in estimation of
market values (Frick 2011; Hughes and Bartlett 2002; Hughes et al. 2012;
Lehmann and Schulze 2008; Miiller, Simons, and Weinmann 2017; Ruijg and
Van Ophem 2015; Serna Rodriguez, Ramirez Hassan, and Coad 2019;
Wiemeyer 2003).

Midfield players are becoming increasingly popular due to their character-
istics such as coordination between defense and forward players, blocking of
attacks from opponent teams. Midfield players must be players who are
resistant to high tempo, play an active role in defense and offense, and are
equipped with football techniques. It is known that the majority of attacks
during offense are initiated by midfielders. These players should have good ball
control, accurate passing, shooting and crossing skills. In general, in today’s
football, it is seen that different types of players are selected while organizing
the middle field. However, it should be taken into account that the offensive
and defensive characteristics of the players are of equal weight and comple-
ment each other. From this point, midfield players have remarkable differ-
ences compared to the players in defense and forward positions. Therefore, the
data were obtained from 358 midfield football players in the Turkish Super
League and were based upon the 2018-2019 football season.
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The market values of the players were taken from Transfermarkt (transfer-
markt.com) and the performance parameters of the players were taken from
Statsperform (OPTA, product of Statsperform). 306 matches were analyzed
11 performance parameters were selected for further analysis. Variable selec-
tions are based on the market value estimated related studies (Frick 2011;
M. Hughes et al. 2012; Hughes and Bartlett 2002; Lehmann and Schulze 2008;
Miiller, Simons, and Weinmann 2017; Ruijg and Van Ophem 2015; Serna
Rodriguez, Ramirez Hassan, and Coad 2019; Wiemeyer 2003). 83 of the
players analyzed (358) did not play any matches in the 2018-2019 season.
Therefore, these 83 players were omitted. 39 of the remaining 275 players
played less than 90 minutes throughout the season, so they were also removed
from the list. From the statistics of our manuscript, the maximum, minimum
and mean minutes played per player during the season is 3294, 411 and 1394,
respectively. The data of 236 players were analyzed in the study.

The data for these players was obtained from OPTA Sports Data
(StatsPerform 2020). Data reliability and validity of OPTA Client system
were studied by (Liu et al. 2013). Many papers based on OPTA data have
been published (Gai et al. 2019; Konefal et al. 2018; Lago-Penas et al. 2016;
Oberstone 2011; Tunaru and Viney 2010). The definitions of the technical
terms can be accessed from the web page for OPTA sports (StatsPerform
2020). Although there are some discussions about transparency, much
research has been carried out by scientists on the validity and also reliability
of TransferMarkt data. Transfermarkt data is based on player performance,
age and possible injuries. The values of the players are continuously updated
by the administrators, based on the discussions of registered users. Possible
errors and their correction methodologies are discussed in the following
papers (Gerhards and Mutz 2017; Gerhards, Mutz, and Wagner 2014; Herm,
Callsen-Bracker, and Kreis 2014; Peeters 2018). Written permission was
obtained from OPTA before the data was used. Only midfield players were
analyzed in the study since there is a lot of variation if all positions are
considered. Another reason is that there are more midfield players in the
Turkish Super League than footballers playing other positions. Data used in
the study is explained in Table 1.

Method

MATLAB 2019b was used to study ANN in this study (MATLAB 2020). The
flowchart of the study is shown in Figure 1. The architecture of the ANN is
given in Figure 2.

For the first part of the study, the data from OPTA was used to model by
using ANN. We found 358 players’ statistics from OPTA. However, since
some of the data was missing, we reduced the data to 236. Since we could not
create efficient ANN by using the data related to market value from OPTA,
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Table 1. Data statistics of the study.

Variables Data statistics Range Mean + S.D.
Input layer

Minutes played 411-3294 1394.23 + 716.795
Goals 0-14 222 £254
xG 0-15.27 225+224
Assists 0-13 1.47 + 2.05
XA 0-12.23 1.72 £ 1.79
Def duels won % 38.46-80.770 55.35+7.31
Tackle success % 0-100 23.06 + 24.64
Shots on target % 0-100 33.35 £ 15.66
Short, middle passes accurate % 69.79-95.08 86.05 + 4.84
Long passes accurate % 0-88.89 55.7 £ 12.06
Passes to penalty area accurate % 0-100 51.14 £ 14.95

Output Layer
Market value (€)

75000-17000000

1964195 + 2917534

OPTA Data

!

Artificial Neural

Simulated Data

Artificial Neural

Network Modelling Network Modelling

Estimation of the Estimation of the
market value of the market value of the
players players

Comparison and the selection of
the best method

Figure 1. The flowchart of the study.

a new ANN model was created using simulated data. The simulated data was
created based on the minimum and maximum values of the data from OPTA.
Both models were compared by using performance parameters of ANN, such
as training, testing and validation in MATLAB.

For the initial steps, the default settings of MATLAB Neural Network
Fitting Tool were used. The percentages of training, validation and testing
were 70%, 15% and 15%, respectively. The number of hidden layers was 10.
The backpropagation algorithm was Levenberg-Marquardt (LM). Regression
(R) values were used to estimate the accuracy and the precision of the network.
R value if it is close to 1, shows the degree of relationship. Mean squared error
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Hidden Layer Output Layer

Input i‘ .‘

10 1

Figure 2. ANN structure of the study.

Table 2. The backpropagation used in the study.

Backpropagation algorithms Function
BFGS Quasi-Newton backpropagation trainbfg
Powell- Beale conjugate gradient backpropagation traincgb
Fletcher- Reeves conjugate gradient backpropagation traincgf
Polak-Ribiére conjugate gradient backpropagation traincgp
Batch gradient descent traingd
Batch gradient descent with momentum traingdm
Variable Learning Rate backpropagation traingdx
Levenberg-Marquardt backpropagation trainlm
One Step Secant backpropagation trainoss
Resilient backpropagation (Rprop) trainrp
Scaled conjugate gradient backpropagation trainscg

(MSE) is the average squared difference between outputs and targets. Lower
MSE values show close relationships. Both R and MSE values were noted after
each trial. Related to data analysis in MATLAB, raw and normalized versions
of the data were used in the analysis. For the formation of the simulated data,
the maximum and the minimum values from OPTA were taken and the
random data between the maximum and the minimum values were created.
The back propagation algorithms used in the study are listed in Table 2. For
the final check, 60 inputs were randomly selected from OPTA and these were
computed by using ANN to estimate ANN-predicted data. ANN-predicted
data was also compared with the real market values.

Results

In this study, the market values of the midfield football players in Turkish
Super League were modeled by using ANN. In the first step of the study, the
data obtained from OPTA was used directly for the creation of ANN. The
optimization of the number of hidden neurons for the simulated data is given
in Table 3. The optimization of the number of hidden neurons for the data
from OPTA (normalized and unnormalized) and the normalized simulated
data are given in Supplementary Tables 1-3. In this analysis, the percentages of
the training, validation and testing were 70, 15 and 15, respectively. While the
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performance parameters of the ANN related to data obtained from OPTA was
extremely low in terms of R value, they were found significantly better than the
simulated data. The optimum hidden neuron number was found to be 10 for
the simulated data.

Normalized data was also used in the present study. The results from
normalized data for both OPTA and the simulated data are given in
Supplementary Tables 1-3. The performance parameters of the simulated
data were significantly better than the data obtained from OPTA.

After studying the optimization of hidden neuron numbers, the optimiza-
tion of the percentages of the training, validation and testing were studied
under the optimized hidden neuron numbers. The same problem was also
observed in optimization of the percentages of training, validation and testing.
We found that the performance parameters (MSE, R) were lower than those of
the simulated data (Table 4).

The normalized versions of the data for optimization of the percentages of
the training, validation and testing were also explored in this study. Similar
results were found and the performance parameters of the simulated data were
much better compared to the data from OPTA (Supplementary Tables 4-6).

Different back-propagation algorithms for both simulated data and the data
from OPTA were studied in the conditions of the optimized hidden neuron
numbers and the optimized percentages of training, validation and testing.
From the results, Levenberg-Marquardt backpropagation algorithm was
selected as an optimum algorithm (Table 5 and Supplementary Tables 7-9).

After initial experiments, the market values of randomly selected data from
OPTA were estimated by using ANN created under optimum conditions
(simulated data (non-normalized), Levenberg-Marquardt Backpropagation
Algorithm, Hidden neuron number to be 10 and the optimized percentages
of the training, validation and testing to be 75, 15 and 15, respectively). The
correlation coefficient was found to be —0.01994.

Discussion

This paper investigates, for the first time, the market values of the football
players in the Turkish Super League by using ANN. There is always
a discussion related to the market values of the players. Fans and also com-
menters criticize the market value of the players. They believe that, for some
players, salaries are overestimated by club administrations (2013; Aksar 2005;
Aksar and Merih 2006). Other players are thought to have market values that
are lower than they deserve. Market values are affected by many different
parameters. The clubs not only consider the performance parameters of
players but also their advertising potential and other marketing opportunities
they can bring. Since values are affected by more than just performance
parameters, discussions regarding the fairness of market values occur.
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Table 5. The comparative performance results of backpropagation algorithms for the simulated
data (data was not normalized).

Backpropagation algorithms Function IN MSE R

BFGS Quasi-Newton backpropagation trainbfg 44 0.011 0.999
Powell- Beale conjugate gradient backpropagation traincgb 40 0.038 0.999
Fletcher- Reeves conjugate gradient backpropagation traincgf 94 0.016 0.999
Polak-Ribiére conjugate gradient backpropagation traincgp 6 0.194 0.999
Batch gradient descent traingd 0 21.72 0.987
Batch gradient descent with momentum traingdm 0 253.8 0.954
Variable Learning Rate backpropagation traingdx 114 0.083 0.998
Levenberg-Marquardt backpropagation trainlm 6 0.016 0.999
One Step Secant backpropagation trainoss 19 0.062 0.998
Resilient backpropagation (Rprop) trainrp 90 0.076 0.998
Scaled conjugate gradient backpropagation trainscg 35 0.064 0.998

Table 6. The comparison of ANN estimated market values with the market values from OPTA
(Values are given in Euro).

Sample

Player Market Value in OPTA Estimated Market Value by ANN Comment
Player 1 75000 6547700 Underestimated
Player 2 1000000 0 Overestimated
Player 3 17000000 3296100 Overestimated
Player 4 16000000 7729700 Overestimated

Football fans want to watch high quality football games and therefore the
quality football games should be determined by performance parameters
alone. As such, the aim of this paper is to propose a method of determining
market values within the Turkish Super League that are only based on perfor-
mance, thus bringing to an end a perceived lack of fairness. From our results,
we found out that there is currently no correlation between performance
parameters and the market values. Correlation coeflicients were too low.
This meant, an ANN to estimate market values could not be created by
using the data from OPTA, so the authors of this paper wanted to create
simulated data. Maximum and minimum market values from the Turkish
Super League were used and simulated data was created ranging from 17 M €
and 50 K €. Similarly, maximum and minimum performance values were also
created. Since there was a strong correlation between the simulated perfor-
mance parameters and the market values, an ANN was created efficiently. The
ANN created by using simulated data was used to estimate the market values
of 60 randomly selected players from the Turkish Super League. The correla-
tion coeflicient between the market values from OPTA and the estimated
market values via ANN was —0.01994. This value showed that the current
market values of midfield players in the Turkish Super League are not based on
the performance parameters, which is one of the reasons for so much criticism
on the subject. One of the important findings of this paper is that the ANN
created by using simulated data efficiently estimated the market values of
players based on the performance parameters. The samples estimated by the
ANN created using simulated data are given in Table 6.
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The market values and the performance parameters of the players are given
in Table 6. Mean values are also given in Table 7.

Our results (Tables 6 and 7), revealed some very interesting and valuable
outputs. In order to compare the market values, we selected some of the
players from the Turkish Super League. According to Transfermarkt, the
market value of player 1 is given as 75000 €. However, his value was estimated
by the ANN created in this study was 6547700 €. When we compared his
performance parameters and the market value with player 3 who has the
highest market value, interesting results were seen. Player 3 has the highest
market value and his total minutes played was 558. Player 1, however, has the
lowest market value, yet he had played more minutes in total than player 3
(2151 min). Fans and TV commenters sometimes question how deserving
players are of the money they receive. Certainly, from this perspective, it could
be expected that a player with a high market value should also have played
a high number of minutes. In the sports literature, played minutes is known as
one of the important parameters in the transfer of players (Ruijg and Van
Ophem 2015). The second interesting result is from player 2. The ANN
created in this study found that the market value for this player had been
overestimated. Although player 2 has a higher market value than player 1, his
performance parameters are lower.

The most important differences between these two players are minutes
played, asists, duels, tackle success, shots on target and pass during the
2018-2019 season. There are some proofs that some parameters such as
shots on target, targeted passes percentages, duels, assists and played minutes
are directly correlated with market values of the players (Frick 2011;
M. Hughes et al. 2012; M. D. Hughes and Bartlett 2002; Lehmann and
Schulze 2008; Miiller, Simons, and Weinmann 2017; Ruijg and Van Ophem
2015; Serna Rodriguez, Ramirez Hassan, and Coad 2019; Wiemeyer 2003).
The ANN created in this study also estimated a higher market value for player
4, since his performance parameters are higher than those of other players
(Tables 6 and 7).

One disadvantage of the ANN created in the present study can be associated
with the injuries. When a player experiences a sports injury, they can be away
from the league for a long time and this will decrease her/his market value. In
this case, market value estimation should not be created by using the ANN
because it will decrease the market value as this is determined by performance
parameters only. Instead, a coefficient constant may be created and the market
value can be estimated by using the performance parameters of the previous
years. Although injuries are seen as a disadvantage of the model, it is likely that
players and managers will take greater care to avoid injuries if they understand
that these will impact their market value.

Many efforts have been made to estimate players’ market values and wages
based on performance parameters. For example, (Barros and Leach 2006)
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studied performances in the English Premier Football League using data
envelopment analysis (DEA). (Ribeiro and Lima 2012) estimated Portuguese
football league players’ wages by using the DEA. They showed that higher
wages are related to increased efficiency. (He, Cachucho, and Knobbe 2015)
investigated football players’ performance from La Liga and their market
values. They modeled market values (based on performance parameters)
through extensive public data sources. (Carrieri, Principe, and Raitano 2018)
studied the maximum earning parameters in Italian football players. They
found popularity and the power exercised by players’ agents to be more
important than other parameters studied. (Caruso, Di Domizio, and
Rossignoli 2017) also studied the relationship between Italian football players’
wages and sports performance in Serie A. (Yaldo and Shamir 2017) investi-
gated football players’ wages by using computational methodology. Their
method is based on pattern recognition algorithms. They applied their method
on scoring, aggression and acceleration of football players. They compared the
overpaid and underpaid football players in their article. We also present
overpaid and underpaid football players in our study. However, it must be
noted that it is very normal to obtain the results shown in Table 6, since no
criteria are mentioned for the market values in the Turkish Super League.
With the developments in the area of artificial intelligence, new algorithms will
better estimate the market values of the players in the near future. This study
can be considered as a starting point for future studies in Turkey.

There are many parameters that are investigated to estimate the market
value of the football players. Although the correlations among players” market
values and studied performance parameters were not found in the present
study, some studies mention that there is a high correlation between market
values and expert ratings. Some authors reported that market values can be
estimated and the estimation could be highly correlated with actual transfer
tees (Gerhards and Mutz 2017; Gerhards, Mutz, and Wagner 2014; Herm,
Callsen-Bracker, and Kreis 2014). On the other hand, some papers have been
published on the estimation of market values of the football players by using
different parameters. (Singh and Lamba 2019) studied the influence of crowd-
sourcing, popularity and previous year statistics to estimate football players’
market values. They found out that consistency, popularity, crowd estimation
and performance parameters are effective factors to estimate the market
values. Fantasy football based data also existed in the literature and it is also
interesting to note that some authors have reported unusual factors such as
birth month. Felipe et al. mentioned that the value of the players who were
born in the first quarter of the year are higher than those of players who were
born in the rest of the months of a year (Felipe et al. 2020). They also
mentioned the importance of the parameters such as participating in interna-
tional matches (UEFA) and being an attacking midfield player in terms of
players’ values. In our study, we could not create a model by using an ANN
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with data obtained from OPTA. We also checked the correlation among the
variables. Since no correlation was found among the variables, other statistical
methods were not applied. Other factors apart from performance parameters
must have affected the market values of the players in Turkish Super League. It
is suggested that market values of the players must be based on the perfor-
mance parameters. The maximum and the minimum values can be deter-
mined by experts. The maximum and minimum values proposed by experts
can be updated based on developments. This kind of dynamic information
may contribute to the development of football itself. On the other hand,
football is not only dependent on the performance parameters, but also on
parameters outside the football such as advertising, jerseys, merchandising,
popularity of players and social media influence. As it is explained in the
paper, the modeling part of the study is based on the performance parameters
alone. In some cases, some players whose transfer is delayed have to join the
starting lineup without prior training. Since these kinds of players have to join
matches without pre-season camps and enough preparation, they are more
likely to become injured than their counterparts (Mallo and Alexandre 2012).
One of the disadvantages of the model mentioned in the study could be long-
term injuries, since injuries will decrease market value. On the other hand, as it
was mentioned previously, players can be motivated not to be injured since
they will know that their market values will decrease as a result of this. Pre-
informing the football players of the details of how the models are formed is of
great importance, if artificial intelligence based methods are applied in their
leagues. The players’ adaptation is also another important parameter for the
application of the model.

In Turkey, the market value of a football player in the Turkish Super League
depended on the players’ reputation based on factors such as remarkable
performance in his previous famous teams, high market value announcements
from agents and media rumors. Other parameters such as rumors related to
transfer of players to the top 4 teams, unwillingness of foreign players to
transfer Turkish teams, missing infrastructure to educate and train young
talents can also be listed (Aksar 2019, 2020). In a very new study carried out
by Cwiklinski, Gielczyk, and Chora$ (2021), a machine learning approach is
proposed to plan player transfers. They used Random Forest, Naive Bayes, and
AdaBoost algorithms in their methodology and the authors reported to use
neural network in their future studies (Cwiklinski, Gielczyk, and Chora$
2021).

Professional football teams have to make a profit as they become busi-
nesses with multi-million dollar budgets. Therefore, the budgets must be
managed carefully. Player transfers are one of the most important expendi-
ture items of football teams. There are many football performance data
providers. These data providers provide statistics that can help coaches to
analyze and prepare matches. At the same time, these data providers allow
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scouts to identify promising future football player profiles. Although these
platforms provide large and detailed data about a football player, they do not
support market values since there is no correlation between the performance
parameters and also market values. However, the results obtained from the
study are promising in terms of guiding teams in the transfer planning
processes.

In conclusion, use of ANNs has become one of the most important model-
ing methods in all areas of life. Although the application of ANN is very
limited in sports science, it is one of the suitable science disciplines where there
is a lot of statistical data. The present neural network may help to stop media
criticism as it estimates the market value of players based on fair performance
parameters. Moreover, talent selection can also be studied by using the
proposed ANN in the study. Further studies are strongly suggested, not only
for football but also for other sports disciplines.
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