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Abstract 

Football clubs around the world deploy numerous methods to search for players that fit a certain criterion, but there 

is no proven method to perfectly predict a player’s chance of success with a new club. Traditional methods of football 

scouting rely heavily on intuition and have resulted in mixed results due to bias of a scout or scouts’ analyses of the 

player. This study draws inspiration from already existing evolutionary models to improve data-driven approaches to 

football scouting by attempting to eliminate bias and project a player’s performance in a new environment. This 

experiment explores the Genetic Algorithm and alternatively Lotka-Volterra model for our scouting model. This 

method has the potential to assist clubs with a smaller budget find players capable of performing at a high level to 

increase parity throughout leagues around the world. 

Introduction 

Modern football, primarily represented by the English Premier League nowadays, has become a multi-

faceted business model with substantial financial and sporting demands from management since the 

emergence of extensive commercialisation (Nesti et al, 2012). Therefore, professional football clubs focus 

on pursuing their domestic and international success by attempting to identify the best possible players 

for their team. For this reason, professional clubs have invested an enormous amount of their financial 

resources into developing an effective scouting system.  

Typically, football clubs employ a traditional method of scouting, where football scouts travel to multiple 

locations, watch live matches, and create a report for the head of recruitment advising whether the club 

should sign the scouted player based on their observation. The traditional methods, however, have 

several issues, predominantly represented by a cognitive bias of the scouts. That is, each scout has an 

opinion on preferred style of play, tactics and individual players, often resulting in a distorted judgement 

of prospective players. Furthermore, limited and unreliable human memory can be another concerning 

factor of the traditional method. In fact, even experienced football coaches can only recall approximately 

59.2% of important occurrences during the first half of a match (Laird and Waters, 2008). This is due to 

the phenomenon called ‘highlighting’, where the recall abilities are affected by the key event of a match, 

such as goals. As these limitations show, cognitive bias can produce an error in observation and 

evaluation of players and therefore the effectiveness of the traditional scouting is questionable. 

In recent history, Digital video technology has made a substantial shift in the way scouts evaluate players, 

from the traditional approach to a data-driven approach. Since the emergence of video scouting, scouts 

are now able to collect tactical performance data (shots on target, possession rate, etc.) in order to 

objectively evaluate team and individual performance to identify their potential transfer targets (Carling et 

al, 2005). Hence, professional clubs are now able to conduct a holistic approach on assessing players, 

considering tactical, physical and physiological aspects. Although the abundance of data available and 

subsequent research has advanced the football industry, the application of such data is highly complex and 

often lacks in practicability (Memmert and Raabe, 2018). Therefore, only a fraction of football clubs could 



   
 

   
 

potentially utilise such data and advanced technologies in order to identify the best possible players for the 

team.  

Using a data-driven approach to scouting gives clubs the opportunity to analyse a player’s performance and 

ability, but what this method lacks is the ability to project a player’s performance in a new league or club. 

To do this, a predator vs. prey model could be used to compare attributes of a player against other players 

that that prospect will face in a new environment. Without a doubt, the traditional method of scouting has 

had many examples of success in finding an international prospect to feature in a new league (e.g., Cristiano 

Ronaldo from Portugal in the English Premiere League or Zlatan Ibrahimović from Sweden in the Italian 

Serie A); however, there are just as many, if not more, examples of players that fail to live up to expectations 

that oftentimes result in a significant financial loss for a club. 

Initial Approach 

The idea behind the predator vs. prey approach to scouting is to view players as a predator or prey and 

determine the chance of success the predator or prey will have, where success is defined by the 

predator’s ability to capture a prey or the prey’s ability to evade or fend off the predator. The player’s 

success is defined by its traits relative to another (Schmitz, 2017). In the animal kingdom, animals have 

attributes such as its body size, evasiveness, or other defense mechanisms that impact their chance of 

success against other animals that share a common territory (see Figure 1). Such is the case in football 

where certain positions interact more with each other to initiate a predator vs. prey engagement. 

 

Figure 1. Predator-Prey Interaction Map (Wilson et al, 2018) 

Predator vs. Prey models utilize the attributes of a predator against the attributes of a prey to predict the 

outcome or the winner of an engagement. By developing an algorithm to initiate the simulation of 

predator-prey engagements, we can then predict the outcome of an engagement between an existing 

predator or prey against a newly introduced animal. This same concept can then be applied to football 

scouting by simulating a prospective football player’s performance in a new league by utilizing their 

attributes and traits to then use a comparison model to predict their success. This data-driven approach 

would then be considered as a supplement to other traditional methods of football scouting as an added 

insurance to increase the confidence factor when considering signing a new player.  

 

 



   
 

   
 

Lotka-Volterra Model  

In order to get the best prospects from a set of data consisting of players' attributes, we initially decided 

to go with the predator vs prey theory based on Darwin’s survival of the fittest concept.  

To understand this theory, let’s assume an environment with a fixed number of predators (e.g., foxes) 

and an excess of prey (e.g., rabbit). The fox will have an innumerable amount of food, and the number of 

foxes will eventually increase. This increase in predator population would lead to a decrease in the 

number of rabbits since more foxes mean more consumption of food (rabbit in this case). This would 

cause a food supply shortage, and the fox population dwindles due to that. Ultimately leading to an 

increase in the rabbit population and coming back to where we started. This cyclic process could be 

explained through the Lotka-Volterra model.  

We planned to compare a football match with the animal kingdom interactions, by equating some players 

on the field to a predator and others to a prey.  

The Lotka-Volterra model, also known as the predator-prey model, is a model used in the study of 

predator and prey interaction dynamics in the same environment. According to this model, the birth rate 

or death rate and the successful meetings between predator and prey determine the population of the 

predator and prey in an environment. (Restrepo and Sánchez, 2010) 

The model consists of a pair of nonlinear differential equations: 

 

Figure 2. Lotka-Volterra Formulae 

▪ P represents the number of prey; 

▪ D represents the number of some predators; 

▪ t represents time. 

▪ α, β, γ, δ are positive real parameters describing the interaction of the two species (predator and 

prey) 

▪ (dP/dt) and (dD/dt) represents the instantaneous growth rates of the two populations; 

Drawbacks of Lotka-Volterra  

The model makes a few assumptions that are overly simplistic in nature and cannot be maintained in an 

actual (real) environment, making it imprecise (Restrepo and Sánchez, 2010). The assumptions are as 

follows: 

• Prey has an innumerable amount of food 

• Predators eat prey  

• Both predators and prey have meetings that are proportional to the product between both 

populations 



   
 

   
 

Football Analytics is a non-linear system, which makes the use of Lotka-Volterra model with its restrictive 

assumptions in this scenario a bit complex (Restrepo and Sánchez, 2010). The classic LV Model does not 

consider the random interactions, which need to be considered while implementing the model for 

football player analytics.  

Because of these drawbacks, we looked for an alternative method and came across genetic algorithms, 

which is similar to Lotka-Volterra as it is based on Charles Darwin's theory of natural evolution but allows 

for a more focused and realistic approach. We decided not to use the Lotka-Volterra model and instead 

use an exploratory method like a genetic algorithm. 

Genetic Algorithm 

Genetic algorithm is a heuristic optimization technique that induces variability amongst populations and 

creates a pool of possible outcomes to find the best solution. This algorithm is part of a larger group 

called evolutionary algorithms. These algorithms attempt to replicate natural evolutionary behaviors 

where stronger individuals with greater ease of adaptation survive, so that the final set of solutions 

consists of the approximated best solutions (Beasley, Bull, and Martin, 1993).  

The flow chart of the algorithm we are using is 

outlined in Figure 3. A genetic algorithm starts 

with the initial population generation where a 

random set of solutions is formed. To select the 

best football players, a fitness function is used to 

represent the quality of the solution according to a 

given constraint. The players with the highest 

fitness function are chosen for the mating 

pool as the parents. There are several 

variation operators to apply for each pair of 

parents selected, such as crossover 

(recombination) and mutation. During 

crossover, a random location on the 

chromosome is chosen and players from the 

parents are swapped (Fig. 4). The resulting 

chromosomes are the offspring. Another 

variation operator is mutation where values of 

genes are selected and changed. During football scouting, we select one set of solutions and replace a 

random position for another valid player (Fig. 4). These processes cause the next generation of players to 

vary from the previous generation. Because only the best players from the first generation are selected 

for breeding, the population's average fitness will generally improve as a result of this method. Once a 

stop criterion is met the generational process stops. Our stop criterion for football scouting occurs when 

the fitness of the highest-ranking solution has reached a point where more iterations do not improve the 

result.  



   
 

   
 

 

 

Figure 4. Crossover and Mutation operators during football scouting in the position order [goalkeeper, 

central midfielder, striker]. 

Why Genetic Algorithm is Appropriate for Football Scouting 

Football analytics datasets consist of high dimensional data with many variables, many of which could be 

irrelevant, noisy, or redundant. Using genetic algorithm, we can further focus on the relevant attributes 

and adopt the dramatic shift in ‘familiar environment’ into the algorithm. Additionally, genetic algorithm 

supports multi-objective optimization which is essential for football scouting since many variables are 

required to find the optimal football player. 

Breakdown of the Football Algorithm 

Each player is assigned a fitness score by the fitness function, which evaluates the ability of the player to 

compete with other players. Player selected for the next iteration is based on its fitness score (Sarda et 

al., 2015). 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 =  𝛼(𝐵𝑢𝑑𝑔𝑒𝑡 − ∑ 𝑣𝑎𝑙𝑢𝑒𝑝) + 𝛽 (𝐴𝑣𝑔(𝑝𝑙𝑎𝑦𝑒𝑟𝑠𝑎𝑔𝑒)) + 𝛾(𝑀𝑎𝑥(𝑝𝑙𝑎𝑦𝑒𝑟𝑠𝑑𝑒𝑓𝑒𝑛𝑑𝑖𝑛𝑔)) + 𝜃(𝑀𝑎𝑥(𝑝𝑙𝑎𝑦𝑒𝑟𝑣𝑖𝑠𝑖𝑜𝑛)) + 𝛿(𝑀𝑎𝑥(𝑝𝑙𝑎𝑦𝑒𝑟𝑠𝑠ℎ𝑜𝑜𝑡𝑖𝑛𝑔))

𝑝𝑙𝑎𝑦𝑒𝑟𝑠

𝑝

 

Dominant attributes such as Player’s value and Player’s age have been considered initially for scouting. 

The player's value is directly proportional to the quality that the player possesses, which helps us to 

ignore several other attributes available for the player's data.  

However, the most skilled player can be available at a cheaper price if they are older as the player’s age 

inversely affects their resale value. Therefore, with Player's value and Player's age attribute, a team can 

scout best players who can fit into the club's budget. 

Fitness function has been modified to add the single most important attribute for each position to narrow 

down to specific players with relevant skillset for that position. The most influential characteristic of a 

player for a specific position is chosen as the attribute for identifying the best players. 

Experiment 

The experiment was carried out in Windows-10 64-bit operating system with 2.60 GHz intel i7 processor 

and 8GB memory. It was also carried out in web IDE - Google Collab as it stores the data in cloud and runs 

much faster. 

 



   
 

   
 

Data 

To validate our scouting model, we have used FIFA 20 players dataset which contains statistical attribute 

information of almost any player in the world. A sample data has been shown in Figure 5. 

 

Figure 5. FIFA 20 Dataset 

The dataset was cleaned by removing insignificant columns, handling missing data, and standardizing 

values to bring in a uniform dataset. This technique ensures high quality of processed data and minimizes 

the risk of wrong or inaccurate conclusions. 

Configuration Parameters 

There are a few parameters which can be configured for scouting players based on the team’s needs. 

Target position must be specified so that model looks for players in that specific position. Also, Total 

budget a team decides to spend for buying a player in the market. 

We can tune the coefficients like α, β, γ, θ, and δ which augments the importance of certain constraints. 

The higher the weights, the more importance it is given to the respective constraint. 

• ‘α’ represents the weightage factor for the first constraint, Budget: The amount of budget that 

needs to be used.  

• ‘β’ represents the weightage factor for the second constraint, Age: Younger players are preferred 

over older players due to the longevity of their careers. 

• ‘γ’ represents the weightage factor for the third constraint, Defending: How good a defender can 

mark/tackle the opponent in his area of coverage 

• ‘θ’ represents the weightage factor for the fourth constraint, Vision: Ability to pick out defense 

splitting passes to create goal scoring chances. 

• ‘δ’ represents the weightage factor for the fifth constraint, Finishing: Goals scored by a player do 

not reflect the number of attempts on goal to reach that tally, therefore Player's finishing 

attribute is a better fit. 

Experiment Results 

The simulation program is executed in sequential order as per the genetic algorithm flowchart. Sample 

pool of candidates gets updated in each iteration based on the fitness score. 



   
 

   
 

Once saturation level is achieved when the same set of players are returned in multiple successive 

iterations, the model returns the best set of players for the given weights in respect to their attributes. 

This model can be utilized by any clubs irrespective of their budget limitations  

The candidate solution with the lowest fitness value over the different iterations should the considered 

the best solution, as it was the one that better met our restrictions. 

Example 1: 

• Positions required: [Striker, Right Winger] 

• Budget: 70000000 

• Criteria: Budget fulfillment: 0.5 (α)| Age: 0.2 (β) | Marking: 0 (γ) | Vision: 0 (θ) | Finishing: 0.3 (δ) 

 

Figure 6. Returned Results 

This was the example used above – we can see that the players selected were [P. Cutrone, O. Dembélé]. 

We can observe that recommended players are very young since the weightage factor is set for age. 

Future Work 

The Genetic Algorithm model can be improved drastically by creating a graph database for the real-time 

player’s data rather than using FIFA dataset in relational database. Graph database is widely used by 

social media companies for better recommendations (Kolomeets et al., 2019). Our model can combine 

with state of art recommendation model to improve the quality of scouting around the world.  

The FIFA dataset used is not an ideal dataset to make or evaluate predictions since the players may be 

subject to biased ratings by different scouts. It is, therefore, necessary to investigate other alternative 

datasets which consider the real-time statistical data of all the players. 

Conclusion 

Genetic Algorithms used for football scouting have the potential to assist clubs at any level identify 

prospective players for the improvement of overall team performance. It is crucial to note that the 

various methods of football scouting all have their pros and cons, and that one method is not necessarily 

more effective than the other. There are many factors that impact whether a signing can be deemed to 

be successful in the future and it is simply impossible to be able to accurately predict through data or 

traditional methods of football scouting all attributes of the player such as their mentality or ambition - all 

of which are overlooked aspects that directly influence the prospect’s performance. However, deploying 

multiple methods of football scouting can potentially provide a greater level of insurance for football 

clubs to increase confidence levels when deciding to sign new players. In this experiment, we drew 

inspiration from the genetic algorithm concept to use club-specific requirements to identify a smaller 

pool of candidate prospects.  



   
 

   
 

 

 

References 

• Beasley, D., Bull, D.R. and Martin, R.R., 1993. An overview of genetic algorithms: Part 1, 

fundamentals. University computing, 15(2), pp.56-69. 

• Carling, C., Williams, A.M. and Reilly, T., HANDBOOK OF SOCCER MATCH ANALYSIS: A SYSTEMATIC 

APPROACH TO IMPROVING PERFORMANCE. 

• Kolomeets, M., Chechulin, A. and Kotenko, I.V., 2019. Social networks analysis by graph 

algorithms on the example of the VKontakte social network. J. Wirel. Mob. Networks Ubiquitous 

Comput. Dependable Appl., 10(2), pp.55-75. 

• Laird, P. and Waters, L., 2008. Eyewitness recollection of sport coaches. International Journal of 

Performance Analysis in Sport, 8(1), pp.76-84. 

• Memmert, D. and Raabe, D., 2018. Data analytics in football: Positional data collection, modelling 

and analysis. Routledge. 

• Nesti, M., Littlewood, M., O'Halloran, L., Eubank, M. and Richardson, D., 2012. Critical moments 

in elite premiership football: Who do you think you are?. Physical Culture and Sport, 56, p.23. 

• Restrepo, J.G. and Sánchez, C.M.V., 2010, September. Parameter estimation of a predator-prey 

model using a genetic algorithm. In 2010 IEEE ANDESCON (pp. 1-4). IEEE. 

• Sarda, V., Sakaria, P. and Deulkar, K., 2015. Football team selection using genetic algorithm. 

International Journal of Engineering and Technical Research, 3(2), pp.153-156. 

• Schmitz, O., 2017. Predator and prey functional traits: understanding the adaptive machinery 

driving predator–prey interactions. F1000Research, 6. 

• Wilson, A.M., Hubel, T.Y., Wilshin, S.D., Lowe, J.C., Lorenc, M., Dewhirst, O.P., Bartlam-Brooks, 

H.L., Diack, R., Bennitt, E., Golabek, K.A. and Woledge, R.C., 2018. Biomechanics of predator–prey 

arms race in lion, zebra, cheetah and impala. Nature, 554(7691), pp.183-188. 


