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Abstract  

Football players’ market values are intensively researched as the focus gradually shifts from 

qualitative approaches and subjective perception to data-driven estimation. Previous work drew 

on player characteristics and top-level performance metrics but only few included injuries. This 

thesis resorts to data from Opta and Transfermarkt and leverages MLR and machine learning 

approaches to derive market values.  

The LightGBM and MLR models predict market values accurately and identify direct impacts 

of injuries. Additionally, I found that player positions matter for injury incidence and severity. 

 

Keywords: Football, Market Values, Injuries, Machine Learning, LightGBM, MLR, Opta, 
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1. Introduction 

There is no denying an increasing economization in football (Littkemann and Kleist 2002). 

More and more athletes can make a living from their sports career, as TV broadcasting rights 

sell for billions of Euros (Carreras-Simó and García Villar 2018), and families or state funds 

support clubs’ transfer activities with hundreds of millions (Kay 2022). This influx of money 

historically made transfer fees in football increase, as Table 1 shows (SPOX 2020); the same 

goes for salaries (Frick 2007). Clubs sign players on long-term contracts more often than not 

for strategic purposes, as it helps them to justify a higher asking price in transfer negotiations 

with another club (SID 2011). 

Table 1: Highest player transfer fees to date per decade 

But more money on the table also means higher risks. Clubs can become highly levered 

institutions, ultimately risking their entire existence if they default on their debt. The case of 

FC Barcelona lately got lots of attention in that regard (Crafton and Ballus 2022; Doyle 2022). 

Fair competition is another much-discussed point. Not all clubs are compensated equally when 

their matches are shown on TV, nor are they all backed by investors. Higher broadcasting fees 

and the change in payouts from European cup competitions lead to higher revenues for 

domestically and internationally successful clubs, decreasing competitive balance in national 

leagues (Carreras-Simó and García Villar 2018; Pawlowski, Breuer, and Hovemann 2010). 

According to the authors, inequality will increase over time. This makes sense, as researchers 

have shown that sporting success impacts clubs’ revenues positively (Szymanski and Smith 

Decade Name Transfer Fee Selling Club Buying Club 

1980s Andy Gray €3m Aston Villa 
Wolverhampton 

Wanderers 

1990s Aldair €9m Benfica Lisbon AS Rome 

2000s Luis Figo €60m FC Barcelona Real Madrid 

2010s Cristiano Ronaldo €94m Manchester United Real Madrid 

2020s Neymar €222m FC Barcelona 
Paris Saint-

Germain 
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1997; Dobson and Goddard 1998), and investments highly influence national success in a club’s 

squad (Szymanski and Smith 1997). Rohde and Breuer confirm this virtuous/vicious cycle, that 

money yields success, and success results in more money available to invest in the team (Rohde 

and Breuer 2016).  

This has critical implications for smaller, less wealthy teams. They must be successful to stick 

around, but they cannot afford to outbid affluent clubs and possibly overpay on transfer fees 

and player wages. If a small club takes the risk and signs a new player, that player needs to 

perform well after that. Injuries are a possible obstacle to this, since a sidelined, injured player 

cannot help his team win. In addition, long-term performance degradation from more severe 

injuries might prevent a player from realizing his full potential. This suggests that a player’s 

market value, which Kirschstein and Liebscher call a reflection of the financial value a club 

assigns to a player’s performance (Kirschstein and Liebscher 2019) and approximately matches 

actual transfer fees paid (Herm, Callsen-Bracker and Kreis 2013), should be impacted by 

injuries. In recent years, much work has been done on parameters that influence market values. 

To our knowledge, there has been limited research on how injuries are reflected in player 

valuation changes. With this thesis, we want to contribute to further elaborate this area of 

research. 

2. Finance Rationale 

2.1  What are market values? 

In professional football, the players are of paramount importance to a club as they are 

considered not only as strategic assets that ensure the successful performance of a team but also 

as business investments that drive value for the organization. Unless a player goes through the 

ranks of the club’s youth academy or is available as a free agent, the only other way of acquiring 

an athlete is to buy them, or to be precise, the multiannual rights to exploit their performance 
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(Maglio and Rey 2017), from another club. Upon agreement from the buyer, seller, and player, 

the latter is transferred for a monetary compensation called the transfer fee. This fee must not 

be confused with a player’s market value, as both differ among a range of criteria. One 

manifestation is the remaining contract length, which significantly affects transfer fees, but not 

so much the market values (Trequattrini, Lombardi, and Nappo 2012). At the end of a contract, 

a player can switch clubs without a transfer fee being paid, but that does not make him 

worthless; he still holds value. Instead, the transfer fee paid for a player with an expiring 

contract reflects the opportunity cost to the selling club. The club must evaluate how significant 

the economic damage of an early departure is compared to the compensation the buyer is willing 

to pay. Furthermore, aspects such as the probability of a contract extension and the associated 

additional costs or the acquisition costs for a replacement player are also included in assessing 

the opportunity costs. Transfers are not that different than other business transactions. Clubs 

can, for example, undertake risky investments in young players at higher premia, with the desire 

to develop them and scoop out their potential, similar to a pharmaceutical company buying a 

biotech startup on the verge of a breakthrough in drug development. On the other hand, signing 

a more experienced player with a proven track record at a lower premium can be compared to 

a real estate company buying a seventh apartment house in a residential area where it already 

owns six.  

Football clubs do not book transfer fees in full in the year a player is purchased but write them 

off evenly over the term of the player's contract (PriceWaterhouseCoopers 2018). If, for 

example, a club buys the rights for a player for a total cost of € 5m from another club, the buying 

club will see an increase of € 5m in intangible assets and a decrease of € 5m in cash on its 

balance sheet. Assuming a 5-year contract, the club will record an annual amortization expense 

of € 1m for the player in its income statement. At the end of the fifth year, the intangible asset's 

carrying amount is fully amortized and, therefore, equal to zero. Amortization is a non-cash 
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expense and is thus added back during the cash flow calculation. On the other hand, proceeds 

from the sale of players are recognized immediately. Suppose a simple case where the player 

was sold after four years for € 3m. In that case, the club could book a € 2m profit in its income 

statement, the same increase in operating cash flow, and remove the intangible asset from the 

balance sheet, making cash go up by € 3m.  

But how does the market value of a player fit into all of this? Multiple researchers tried to give 

a definition. Herm, Callsen-Bracker, and Kreis call it the hypothetical estimate that denotes the 

amount of money a club is willing to pay to sign an athlete, independent of an actual transaction 

(Herm, Callsen-Bracker, and Kreis 2014). As such, market values help set a common ground 

for transfer negotiations. However, the scope of use cases where the market value is used as a 

benchmark exceeds the practice of negotiating player transfers. Another definition is that 

market values are expert estimations of the performances and marketability of a player derived 

from past indicators (Ackermann and Follert 2018). First, players and clubs can use the values 

as proxies of how well someone plays. Secondly, external stakeholders, players, and clubs can 

derive fair prices for marketing campaigns and sponsorship contracts from market values (Frick 

2001). Moreover, market values are solid predictors of league outcomes (Gerhards and Mutz 

2017). The authors show that the larger the degree of financial inequality in a league is, the 

more market values become the single most important predictor of team performance and, 

therefore, final league standings. 

A well-known source for data regarding market values in the football world is the German 

company Transfermarkt. In 2000, Matthias Seidel collected football data and created a website 

in his free time. From that state, Transfermarkt developed into employing more than 100 people, 

being available in 10 languages, and having 20 dedicated country-specific websites. Since 2008, 

it has been majority-owned by Axel Springer SE (Transfermarkt 2022d). Over the past decades, 

it has become the leading football-related database with publicly available figures of over 1.5m 
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matches and 760k player profiles (Wheatley 2021). Additionally, the website has forums for its 

more than 680k members to discuss players’ current market values (Bonacchi et al. 2021).  

They are updated at least twice a year for major leagues. 

The process of updating is a form of crowdsourcing, intending to obtain an accurate valuation 

range that lets individual misjudgments disappear in the mass. Four criteria should hold for a 

crowd to make wise decisions: members need to be independent of one another, diverse 

regarding the four dimensions proposed by Gardenswartz & Rowe (Gardenswartz and Rowe 

1994), knowledgeable in their domain, and finally motivated to provide accurate assessments 

(Simmons et al. 2011). For Transfermarkt, we regard these as fulfilled. Other studies comparing 

individual and group decisions found that groups get more rational results than individuals 

(Charness and Sutter 2012). This makes sense as groups, to come to a decision, often must 

compromise so that extreme opinions are filtered out. Moreover, crowds performed well at 

information aggregation (Wolfers and Zitzewitz 2004). Market values are many variables 

aggregated into one, so the Transfermarkt community should be good at its predictions. 

Ultimately, decisions about values on the platform are not made on a democratic basis, choosing 

the value proposed most often. Instead, a few users with lots of knowledge and experience are 

free to either follow the majority’s opinion or their view on a case-by-case basis. For that reason, 

Herm, Callsen-Bracker, and Kreis named them ‘judges’ (Herm, Callsen-Bracker, and Kreis 

2014). However, this methodology can be criticized as opaque and not replicable, as judges 

base their decisions on no objective set of criteria. Nevertheless, market values on 

Transfermarkt were found to have a 93% correlation with realized transfer fees (Gerhards, 

Mutz, and Wagner 2014), confirming the validity of the applied process. Moreover, clubs 

regularly state the platform’s figures in their annual reports, courts accept them as evidence 

(Keppel and Claessens 2020), and many researchers resort to them when examining market 
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values (Franck and Nuesch 2012; He, Cachucho, and Knobbe 2015; Müller, Simons, and 

Weinmann 2017). 

2.2  Which factors influence market values? 

Usually, to value a good or bad project, one should consider all associated future costs and 

benefits and then discount them at an appropriate rate to the desired point in time. However, 

applying this methodology to football players would not make much sense because most costs 

and benefits cannot be measured as directly as product sales and costs, for example. That is 

why a different approach is needed. As stated above, market values are an aggregation of 

multiple factors. Performance on the pitch comes to mind first when thinking about a player’s 

impact on a club. Future performances are of utmost interest here, and researchers confirmed 

that they could be accurately predicted via past ones (Hendricks, DeBrock, and Koenker 2003). 

As such, performance data helps to reduce uncertainty in the selection process of human capital. 

Just like students’ university grades serve as signals for employers, clubs can look at past 

matches of a player to decide if they want to try to sign someone and how much they are willing 

to pay for him. Moreover, both Ziebs and Partosch (Ziebs 2004; Partosch 2013) found that next 

to performance, a club’s achievements in (international) competitions and the resulting prestige 

and attention drive market values. Furthermore, far more people want to see superstars like 

Lionel Messi and Cristiano Ronaldo play than, e.g., watch the players in the German third 

division. They all play football, but on different levels. Superstars sell more jerseys, make more 

fans come to the stadiums, are more attractive faces for marketing campaigns for the club and 

partnering brands, and so on. They have a more extensive crowd-pulling power, so their 

popularity should also be incorporated into their market value, as clubs consequentially 

generate more enormous revenues through them. In addition, other factors like age, contract 

length, and general market conditions and trends impact player values.  
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Scientific literature often assesses market values based on the category’s player and team 

performance, player and team presentation, and other player characteristics (Müller, Simons, 

and Weinmann 2017a). Please refer to Table 19 in the appendix for an overview of all indicators 

Transfermarkt considers. 

2.3  Difficulties with the valuation 

Nevertheless, the valuation of football players is not straightforward. Players are not frequently 

traded like stocks, for example. There are only two periods, lasting a few weeks, where transfers 

can happen each year. Usually, players stay at one club for at least a few years. If someone 

switches clubs, not all (parts of the) fees will always be disclosed (Press Association 2022). 

There is no order book, so to speak, which makes it challenging to validate market values. In 

addition, there is no definite set of criteria players could be assessed on. Attacking players could 

be judged by the goals they score, but not everybody on a football team can be the one who 

scores. Another player, potentially a midfielder, first must create the opportunity for someone 

to shoot, either through a good pass or by distracting opposing defenders and creating room for 

the striker. A defender’s main task could be described as preventing attackers from scoring, but 

only looking at the main tasks would be too one-dimensional. In modern-day football, players 

must participate in every game action, regardless of their position. Strikers pressure the 

opposing goalkeepers and defenders, helping their team to regain possession of the ball as 

quickly as possible. In contrast, defenders may act as supporting strikers in the closing minutes 

of the game (CCyler and CSmith1919 2022). And that is not all there is to it: While some 

players, like Mario Gómez, only play in one position during their entire career, others, like 

James Milner, are more versatile (Transfermarkt 2022f; 2022g). Figure 1 confirms this. 
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Figure 1: Matches by position for Mario Gómez (l.) and James Milner (r.) 

Moreover, players can be required to fulfill different roles while playing for the same team, 

under the same coach, and in very closely related positions. Angeliño and Nordi Mukiele played 

as fullbacks, a defensive position, for RB Leipzig in the 2020/21 and 2021/22 seasons. 

However, as Table 2 shows, Angeliño contributed twice as often to his team's scoring as 

Mukiele did, meaning he was more integrated into the offensive play (Transfermarkt 2022e; 

2022h). On another note, at 1.71m, he is 16cm shorter than 1.87m tall Mukiele, who will be 

considerably better at heading, an essential part of defensive play. To conclude, we can say that 

football is much less standardized than, e.g., baseball, where the ‘Moneyball’ idea originates 

from (MacLennan 2005). Every position in the latter has clearly defined tasks, i.e., a pitcher 

will never need to catch a ball. This makes the sport a lot easier to analyze. 

 

Player Minutes Goals Assists 
Total 

contributions 

Minutes per 

contribution 

Angeliño 6809 11 24 35 195 

Nordi Mukiele 5083 6 7 13 391 

Table 2: Statistics for Angeliño and Nordi Mukiele in the 2020/21 and 2021/22 seasons 
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Objective market values can only exist when dealing with homogeneous goods without 

information asymmetries. We already clarified that football players are heterogeneous, like 

employees in other fields. Moreover, there will always be some uncertainty – if not about 

performances, then potentially about the player’s fitness and motivation. Researchers proved 

the importance of motivation, discovering that highly achievement-oriented football players 

have a better chance of achieving an outstanding career (Zuber, Zibung, and Conzelmann 2015) 

and that rowers with a high drive come back stronger after weak performances (Schmid, 

Conzelmann, and Zuber 2020).  

So, market values in football are subjective, as in other judgment-based markets, like wine, 

fashion, or art (Hutter 2011). Values can be off, either if the people judging lack expertise or if 

they try to manipulate them. In football, agents and players have been found to rig market values 

(Keppel and Claessens 2020). Furthermore, researchers argue that transfer values do not 

represent a fair human capital value. Instead, values are distorted by information asymmetries, 

whether a player has a professional agent, fees for this agent, potential synergies, economic 

conditions of the leagues, and the bargaining capacity between clubs (Oprean and Oprisor 2014; 

Martín, López, and Santín 2019). 

In samples studied by Dimitropoulos and others, transfer fees exceeded market valuations in 

85% of the cases. This spending behavior will put the financial health of most clubs to the test, 

as deficits lead to them taking on more and more debt (Dimitropoulos and Koumanakos 2015; 

Dimitropoulos, Leventis, and Dedoulis 2016). UEFA has installed a set of rules called Financial 

Fair Play (FFP), which aims to limit the club’s spending to not more than they earn to ensure 

their long-term survival. If they do not comply, they get penalized (AFP 2022). This signifies 

that it is essential for clubs not to overpay and instead get transfer fees right, avoiding financial 

distress, improving the ability to generate funds to reinvest in the team, and ultimately sparing 

the club's fans from worry (Pantuso and Hvattum 2021). 
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3. Injuries in Football 

Injuries can have severe consequences for football players. While someone in an office job 

might still be able to work with a muscle injury in their non-dominant arm or a broken ankle, 

injuries disrupt professional athletes in their daily business. In the following, we will discuss 

the negative effects of injuries on footballers. 

First, injuries mean physical and psychological stress for a player. Moreover, a coach has fewer 

players from his team available for a match, reducing the options for the best possible line-up 

in pursuit of a win. Especially when star players are sidelined, a team may perform worse, 

making matches lose attractiveness, resulting in fewer fans attending and, therefore, a club’s 

income going down. As results are tied to price money, both in domestic and international 

competitions, losing important games likewise leads to a decrease in income. Not only does it 

take time for players to recover, but rehabilitation also costs money. Clubs prefer their players 

to be available again as fast as possible, so they resort to costly measures such as having 

diagnostic devices, doctors, and physiotherapists on-site around the clock (FC Bayern München 

2019) and sophisticated rehabilitation actions. 

3.1 Injuries and Performance 

According to Parry and Drust, injuries are the main factor that keeps football players away from 

their work. 49% of absences from games and 60% from training are due to injuries (Parry and 

Drust 2006). In a study by Hawkins and Fuller, an average of three to four players per team 

were injured in a squad of 25 players. In that study, between 86 and 100% of players suffered 

an injury per season, either in practice or in a game, leaving them temporarily unable to play. 

The authors report an average rate of 8.5 injuries per 1,000 player-hours of practice and games 

(Hawkins and Fuller 1999). A more recent study found a rate of 8.1 injuries per 1,000 hours of 

exposure, with the rate in matches (36 injuries/1,000h) being almost 10 times higher than in 
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training (3.7 injuries/1,000h) (López-Valenciano et al. 2020). Another study reports that players 

suffer an average of ten to 35 injuries per year for every 1,000 hours played. This makes the 

injury risk factor more than 1,000 times higher than in other high-risk industries (Dvorak and 

Junge 2000; Junge and Dvorak 2004). A fifth study monitoring 1,743 players from 27 teams in 

10 countries between 2001 and 2012 found an average of 50 injuries per team per season, lasting 

a combined 881 days. This results in an average downtime of 17.6 days per injury (Jan Ekstrand 

et al. 2013). 

3.2 Causes of Injuries 

Because football is a contact sport that demands a lot of players physically, for example, fast 

runs and changes of direction, jumps, and tackles, players are susceptible to injuries from direct 

contact with an opponent (e.g., bruises) but also without (e.g., strains). Players are most often 

injured during games, with the worst injuries occurring through contact and collisions with 

others (Peterson et al. 2000). Injuries in training occur most frequently in July, peaking in games 

in August (Hawkins et al. 2001). This is probably because the players' fitness level over the 

summer break is not the same as during the season, and thus the risk of injury increases.  

A player's position also affects his injury frequency (Hunt and Fulford 1990). Since attackers 

are fouled more often and fouls cause injury, they are injured more than defenders (Chomiak et 

al. 2000). Psychological factors can increase players' susceptibility to injury and explain 

approximately 15% of injuries (Junge 2000; Ivarsson and Johnson 2010). An injury can lead to 

subsequent injuries occurring more frequently in the same area (Chomiak et al. 2000; Arni 

Arnason et al. 2004). In addition, if an injury cannot heal completely, the regeneration time is 

prolonged in the case of secondary injuries. Even though recurring injuries generally occur less 

frequently than new ones (1.3 and 7.0 injuries/1000 hours of exposure) (López-Valenciano et 

al. 2020), they can still be of paramount impact.  
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3.3 Types of Injuries 

Most injuries in football are traumas, 29% of which are caused by fouls (Hawkins and Fuller 

1996). Between 9 and 34% are caused by excessive stress (Nielsen and Yde 1989; A Arnason 

et al. 1996). In outfield players, injuries occur most frequently to the lower extremities, with 

6.8 injuries per 1,000 hours of exposure. The torso is the second most affected but with only 

0.4 injuries per 1,000h. Especially endangered in the lower body are thighs  

(1.8 injuries/1,000h), knees (1.2 injuries/1,000h), and ankles (1.1 injuries/1,000h). Muscles and 

tendons are the most frequently injured (4.6 injuries/1,000h), followed by contusions  

(1.4 injuries/1,000h), joints and ligaments (0.4 injuries/1,000h), and fractures and stress injuries 

(0.2 injuries/1,000h) (López-Valenciano et al. 2020). Conversely, goalkeepers are more often 

affected in the upper extremities (Dvorak and Junge 2000). Players are most likely to miss  

1-3 days after an injury (3.1 injuries/1,000h), followed by 8-28 days of absence  

(2.0 injuries/1,000h), then 4-7 days (1.7 injuries/1,000h), and least frequent more than 28 days 

(0.8 injuries/1,000h) (López-Valenciano et al. 2020). The UEFA standard classifies injuries as 

‘transient’ when the recovery time is shorter than seven days, ‘mild’ (< 28 days),  

‘moderate’ (< 84 days) and ‘severe’ (>= 84 days) (Kampakis 2016). 

3.4 Problems with Injury Definitions  

Both researchers and physicians may use different terms and definitions for the same injury 

(Junge and Dvorak 2000). This is primarily due to different training and their own experiences. 

For example, some studies use the term 'injury' as soon as a player has required medical 

attention (Hawkins and Fuller 1999; Hawkins et al. 2001; Andersen et al. 2004; Arni Arnason 

et al. 2004), while others use it only after a player has missed a game or practice (Hawkins and 

Fuller 1996; C W Fuller et al. 2004; A Junge, Dvorak, and Graf-Baumann 2004). Still, others 

call it an injury when a player has only trained with reduced load because of, e.g., a tissue injury  

(Peterson et al. 2000; Junge et al. 2004), and some also mix all these definitions. 
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Furthermore, there is no testing regimen or definition of what a full recovery requires or means. 

Players are often considered recovered as soon as they are cleared to return to training and play. 

However, this ignores misdiagnoses or the pressure on medical staff to make players available 

for important matches (Hägglund, Waldén, and Ekstrand 2003). Toni Kroos, for example, 

confessed that he did not take a break from playing football despite pubic bone inflammation 

but took painkillers for six months to be able to play anyway (Cortegana 2021). 

3.5 Implicit Costs of Injuries 

Drawer and Fuller confirmed that injuries have a negative impact on team performance. In 

addition, they note that small, financially constrained clubs can face major problems when key 

players get injured, possibly leading to the club being relegated. Larger clubs are rather capable 

to compensate for injuries due to their often-high-quality squads but still suffer losses in prize 

money if team performance deteriorates (Drawer and Fuller 2002). In Spain, players from  

27 first and second-division teams missed 40,306 days, or an average of 15.8% of the 2008/09 

season due to injuries, costing clubs € 188m (Fernández Cuevas et al. 2010). Catapult Sports 

conducted a similar study for the English Premier League in the 2018/19 season (Catapult 

Sports 2022). Players suffered 804 injuries that lasted a total of 18,230 days. As a result, they 

missed an average of 3 league games (8% of the season). The 20 clubs paid £ 166m to injured 

players, 14% of the total salary expenditure for players. With an average conversion factor of 

1.13416 for the period, this equates to € 188m likewise. A single injury costs an average of 

£ 200k. Wolverhampton Wanderers had the lowest cost at £ 680k and Manchester City the 

highest at £ 23m. For Wolves, that meant 2.4% of their total salary budget, while Manchester 

City paid 20% of its budget to players unavailable through injury. The most expensive injury 

was that of Alexis Sánchez, who missed 128 days, or 15 games, while receiving £ 6.4m in 

wages during this time. There was clearly a correlation between the financial strength of clubs 

and the amount paid to injured players. Eliakim et al. found a statistically significant 
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relationship between days missed by players on a team due to injury and a lower league placing. 

136 days injured meant the loss of a point in the Premier League, and 271 meant the loss of a 

place in the Premier League table (Eliakim et al. 2020). Clubs averaged 58 injuries and  

1,410 injured days, a loss of six spots in the final standings. Injuries cost a team an average of 

£ 45m: £ 36m due to missing out on prize money because of poorer performances, and the 

remaining £ 9m as salaries paid to injured players. This equates to £ 181m for salaries across 

all teams in the 2016/17 season. With the average conversion factor of 1.16290, this parallels 

to € 210m. The calculation does not include losses from the players' market values decline. 

However, the authors assume that these are significant.  

If injuries significantly impact players' market values, an impairment test should be performed 

in accordance with IAS 36 and 38. UEFA has developed its own rules based on these standards 

that prescribe the procedure. Maglio and Rey specifically state that if a footballer, for example, 

suddenly ends his career due to an injury or other personal decision, his club must claim an 

impairment loss on the underlying intangible asset - the performance rights - on the income 

statement, as the club will no longer generate revenue from the player in the future (Maglio and 

Rey 2017). The carrying amount of the performance rights on the balance sheet will be reduced 

to the recoverable amount, or in case of a career end, to zero. Since impairments, like 

depreciation and amortization, are non-cash expenses, the impairment loss must be added back 

to the cash flow statement when reconciling the operating result to the cash generated from 

operating activities. 

3.6 Injury Prevention 

Football clubs are investing more in injury prevention. The focus is primarily on technology 

and improved return-to-play protocols (Rossi et al. 2018). Researchers are trying to delve 

deeper into the emergence of injuries and thus reduce their frequency (van Dyk et al. 2017; 

Lundgårdh, Svensson, and Alricsson 2020), but no breakthroughs have been made in this area 
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(Eliakim et al. 2020). Injury rates for ligament injuries decreased between 2001 and 2012, but 

injury rates for practice and games, as well as muscle injuries and serious injuries, remained 

high (Jan Ekstrand et al. 2013). Thus, the overall incidence of football injuries has not changed 

over the past 20 years despite massive investment and more research (Hawkins and Fuller 1999; 

Dai et al. 2014; Bjørneboe, Bahr, and Andersen 2014; Jan Ekstrand, Waldén, and Hägglund 

2016). In other fields of employment, it has fallen between 50 and 60% in the same period (HSE 

2022). 

A program developed to prevent anterior cruciate ligament (ACL) tears requires players to 

exercise a week thrice for 20 minutes. It reduces the occurrence of cruciate ligament tears by 

87% (Caraffa et al. 1996). The Nordic hamstring exercise can reduce hamstring injuries by up 

to 50%, but only 10% of Champions League participants resort to the exercise (Bahr, Thorborg, 

and Ekstrand 2015). Falling victim to the same pattern, it seems, is the ‘FIFA 11+’ prevention 

program, which has been able to reduce the injury burden among soccer players by between 

20% and 50% (al Attar et al. 2016; Sadigursky et al. 2017). However, only 10% of national 

associations recommend the program (Bizzini and Dvorak 2015). Overall, 83% of all clubs 

under the UEFA umbrella do not follow evidence-based prevention programs (Bahr, Thorborg, 

and Ekstrand 2015). This is noteworthy, especially against the background that age and 

regeneration time are correlated. With increasing age, the regeneration time also increases since 

cells in the body need more time to renew themselves (Cloke et al. 2012). But clubs probably 

do not want to be without their experienced players for longer than necessary, which is why 

these results raise the question of why the clubs act the way they do. 

The previous paragraph implies that prevention programs are either not implemented widely 

enough or do not work sufficiently well. Changes to programs are often made without attention 

to whether the desired effect is occurring or whether a player's time to invest in prevention is 

worth it. Investing that time is the biggest hurdle, with the biggest benefit being the increased 
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availability that comes from reducing injuries. Therefore, the focus should be on developing 

prevention programs that have a good return on invested time. If programs can be integrated 

into normal training routines and improve both fitness and player performance, clubs and 

players will have sufficient incentive to implement them. For maximum efficiency in relation 

to the resources used, attention should be paid to players at higher risk of injury. Accordingly, 

screening procedures should be used to identify such players (Fuller and Hawkins 1997; Fuller, 

Ojelade, and Taylor 2007; Fuller 2019). 

4. Machine Learning (ML) Rationale 

4.1  What is Machine Learning? 

The field of machine learning (ML) is a segment within the domain of artificial intelligence 

(AI). It is commonly understood as a machine’s capability to mimic human decision-making 

behavior. Machines, in this context, refer to computer programs and technologies that use 

mathematics and statistics to absolve tasks. The field of machine learning specifically aims to 

give computers the ability to learn without explicitly having to be programmed (Brown 2021). 

Russel defines it more precisely as “machines thinking and/or acting humanly and/or rationally” 

(Russell 2010). However, creating a meaningful ML algorithm is a challenge that starts with 

what is often referred to as modern-day gold: data. The availability and quality of data are the 

basis for developing a purposeful algorithm. Once the data is collected and transformed into the 

right structure, it is used to train a model. There is a direct correlation between the amount of 

available data, the performance of the program, and the quality of its outcomes. A model is 

essentially a set of rules that are based on the so called ‘training data’, which is a portion of the 

original data set that is used for model fitting. There are descriptive models, which group and 

interpret data into new insightful structures, and there are models of predictive nature, which 

use an input to generate an output. Such predictive models can either classify the inputs into 
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categories (classification models) or predict a continuous numerical value (regression models). 

Models are valuable, as they are not only efficient and cost-conscious when absolving tasks, 

but they are also able to process information at a scale which is beyond human capabilities. 

Machine learning models are therefore gaining more and more significance and influence, not 

only in the professional working world, but also in most of our day-to-day experiences. 

4.2  Use cases and applications in professional sports & football 

The range of applications of AI - an umbrella term for Machine Learning – is limitless. It is 

already widely incorporated in our daily activities, ranging from fraud detection in financial 

transactions to self-driving cars. This surge of areas of applications was driven by the 

convergence of advances in three main areas: With the evolution of technologies came an 

abundance of data. Additionally, computers have experienced and exponentially increase in 

their processing power over the last years, enabling users to perform much more complex 

computations. Thirdly, newly emerging algorithms like neural networks and deep learning have 

contributed to broadening the range of thinkable computations (Malone, Rus und Laubacher 

2020). While the beginnings of AI date back to Alan Touring’s first attempts to mimic human 

communication through a machine in the 1950’s, the real breakthrough came in the early 

2010’s, with self-learning systems within robot applications, smart hubs and intelligent data 

analytics (Jaakkola et al. 2019). However, even though this trend made its advances rapidly, 

the sports- and specifically the football industry remained largely untouched for the past 

decades. Only recently data-driven applications have become more ubiquitous to association 

football. Historically, the football industry has always been an isolated environment. Despite 

football being the most popular sport in the world, only a tiny fraction of the world’s population 

achieves their dream of making it into the elite circle of pro players. The same holds true for all 

the other stakeholders in the sports industry: from managers to agents, people in the business 

operate like in a long-established industrial cartel (Szymanski and Smith 1997). However, over 
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the past decade this highly competitive realm has transformed itself into a commercialized 

business and hyper-professional industry, where no stone is left unturned to pursue marginal 

gains. Along with the increasing commercialization of association football (Littkemann and 

Kleist 2002) the mindset of the ever-growing range of stakeholders changed dramatically. 

Sporting organizations and managers started incorporating and applying business principles to 

the previously rigid structures of a football club. Robinson points out an observation regarding 

the commercialization of the sport: organizations – in this case football clubs – shifted their 

focus to maximizing revenue and using this goal to justify strategic and financial decision 

making. This cultural and organizational change is, on the one hand, highly condemned, as 

critics argue that it challenges the core of football. On the other hand, this commercialization 

was also a crucial factor in developing the sport as a business, which finally resulted in a global 

industry that is a driving force for boosting local and international economies by creating, for 

example, new forms of employment or tourism (Robinson 2008). Leading football clubs 

realized this early and understood that a healthy operational strategy with profitable financial 

statements would then in turn help them to improve their chances of sporting success. So, with 

industries outside of the sports sphere evolving and pioneering to find means to incorporate 

new technologies for a more efficient business practice, it is only logical that such data-centric 

advancements found their way into the football world. Such phenomenon could already be 

observed as early as 2002, in the most prominent case, the previously mentioned ‘Moneyball’ 

story.  

Former head coach, of the baseball team Oakland A’s, Billy Beane, was tasked with forming a 

team of baseball players on a limited budget. He conducted data mining on a multitude of 

available players and focused on statistics that were highly predictive of how many runs a player 

would score. These statistics weren’t necessarily figures that baseball scouts would traditionally 

look out for (UW Data Science 2016). The revolutionary aspect was not the fact that he used 
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data analytics on baseball players, but that he used the resulting insights to run his business, 

resulting in 20-game winning streak. Other cases soon followed, creating the term sports 

analytics, which is used to describe the area that leverages data to quantify fields like athletic 

performance and business health to streamline the operations and results of sports organizations 

(Schroer 2022). Within sports analytics, there are two main areas of application, namely on- 

and off-field. The Moneyball case falls into the latter, as the use of data analytics was applied 

to operations that did not occur during the game of baseball.  

Over the last decades, advancements in the use of data and analytics methods have found their 

way into the world of football. The use of technology during a game has always been a highly 

controversial topic, as critics argue it reduces the essence of the game (Beiderbeck et al. 2023). 

Nevertheless, it is still in everyone’s interest to make the game as fair as possible for all parties 

involved and support human decision-making. The most prominent example is arguably the 

1966 World Cup Final, where England and West Germany met. With the game tied after 90 

minutes, the two opposing teams went into extra time, where a shot from England striker Geoff 

Hurst hit the crossbar and then bounced on the line to be cleared away after. Upon deliberation, 

the referee decided to award England the goal, a decision which triggered a decade-long 

controversy, as England went on to win the match (Goldmann and Hesselmann 2016). Over 

four decades later, the two nations met on the same stage, the 2010 World Cup quarterfinals. 

This time, the tables turned, when England midfielder Frank Lampard struck the crossbar and 

the ball visibly bounced back out of goal, after having crossed the line. The goal was not given, 

and Germany went through to the semifinals. This sparked another round of debate, upon which 

FIFA decided to implement the Goal Line Technology (GLT), a system that is acknowledged 

as one of the best innovations in football in its recent history.  The technology consists of seven 

high-speed cameras on each side of the pitch, which detect the ball when it is within close 

periphery of the penalty box. A computer processes and analyzes the video images in real time 
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and creates a 3D model of the goal and the ball. The referee then receives a signal if the ball 

has completely crossed the line (FIFA 2018a). This innovation opened the floodgates for other 

uses in technology that are being frequently tested, such as the Video Assistant Referee (VAR) 

or the Virtual Offside Line system that is currently being implemented at the 2022 World Cup.  

To name a final example of how important data has become in football, we want to highlight 

the case of Kevin De Bruyne, playing for Manchester City FC and the Belgian national team. 

As previously discussed, football players traditionally employ agents to take care of the 

business aspects and communication with club officials. For his contract renewal however, De 

Bruyne decided to employ the UK based company Analytics FC.  With their expertise in data 

science and available data resources in the world of football, they helped De Bruyne to gain a 

better understanding of how he adds value to the team by quantifying his on-field contributions 

and benchmarking them against other players and their respective salaries (Worville 2021). As 

a result, he managed to justify his salary demands by using data-driven methodologies, securing 

a significant wage increase, underlining his elite status at the club and his position as one of the 

world’s best players.  

Research has found strong evidence that statistical models provide better results than heuristic 

human judgments (Dawes, Faust, and Meehl 1989), especially for more complex tasks (Tversky 

and Kahneman 1974), like estimating market values of football players is one. Grove et al. 

assessed 136 studies that compared human and statistical estimates in various fields and found 

the latter to be, on average, ten percent more accurate, independent of the training or experience 

the human judges had (Grove et al. 2000). With respect to Transfermarkt, Müller, Simons, and 

Weinmann argue that with all the data on market values being publicly available, one cannot 

take any competitive advantage of it (Müller, Simons, and Weinmann 2017). Others also push 

for clubs to run their own valuations and not just blindly trust in the values from Transfermarkt  

(Ackermann and Follert 2018). With statistical models, these limitations can be overcome. A 
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club can run a model at a low cost, without public announcement, and determine a player’s 

value for transfer negotiations. Club officials do not need to wait for the next market value 

update on a platform; they can plug in the most recent match data and obtain values within 

minutes, making a model a very efficient alternative. However, of course both a model and the 

data need to be available to the club. As the model will draw on the same set of parameters and 

apply the same weightings, results are transparent and unbiased, regardless of how renowned a 

player is and which league or club he plays for currently. This simplifies due diligence for 

young or unknown players and helps to avoid the trap of potentially manipulated values on 

Transfermarkt. In conclusion, once one has set up a working and accurate model, it can 

overcome many limitations of crowd judgements. 

In the past, researchers heavily relied on linear models (see related work Chapter 4.3) to derive 

market values. This type of model assumes a linear relationship between exogenous variables 

and the endogenous variable market value. However, this relationship may not always hold. 

With a more complex machine learning model, we are free to explore other kinds of 

relationships (quadratic, cubic, exponential, logarithmic, cosine, etc.), which should yield more 

accurate results. The ultimate objective therefore is to come up with a quantitative tool that 

serves as a complementary approach to the experts-based estimations of market value. 

4.3 Related work 

This work was inspired by related papers that also aim to improve decision-making processes 

by shifting the choice from human judgements to statistical and data-driven predictions. The 

first model used to price football players was developed around the turn of the millennium, 

considering measurable and unmeasurable parameters for players and their productivity 

(Carmichael, Forrest, and Simmons 1999). Multiple researchers found that players' nationalities 

influence their transfer values (Pedace 2007; Szymanski and Smith 1997; Schokkaert 2016). In 

2012, Franck and Nüesch published one of the most influential papers in the field. They were 
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mainly investigating the effect of talent and popularity on the market values of football players, 

confirming that both parameters increase them. Regarding talent, they report the highest 

influence for the most valuable players. According to Rosen, superior talent is the driver which 

will make someone stand out from others and lead to exponentially higher earnings and, 

therefore, value (Rosen 1981). Next to that, network effects of popularity influence values 

(Adler 1985). If a consumer already knows about the talent of someone, either because they 

already watched them before or talked to others about that artist or athlete, they will be able to 

appreciate the performance more. From the latter, network effects arise, helping artists and 

athletes to gain popularity, as more and more people will know their names. Superstars can rise 

where technology allows them to reach large crowds via economies of scale. This is the case in 

football, where more than a billion people can watch a single match (FIFA 2018b). In addition, 

the authors also provide evidence that, if a player presents himself as a pop icon (like Zlatan 

Ibrahimovic or Cristiano Ronaldo) or gets attention from the media in another way, his market 

value will go up, next to the popularity achieved by performing well on the pitch (Franck and 

Nüesch 2012). Other researchers’ work confirms that popularity and public attention push 

players’ values (Lucifora and Simmons 2003; Lehmann and Schulze 2008; Herm, Callsen-

Bracker, and Kreis 2014). Recent findings even show that it is possible to compensate for 

missing performance metrics (e.g., when injured) with social media activity (Frenger et al. 

2019). Footedness was also an area of interest for researchers, who found beneficial effects on 

market values for players who can pass and shoot balls equally well with the left and right foot, 

i.e., are two-footed (Bryson, Frick, and Simmons 2013; Herm, Callsen-Bracker, and Kreis 

2014). Even though individual effort, specifically running distance, was found to improve team 

performance, it was not observed to affect market values, indicating potential underpricing 

(Wicker et al. 2013; Weimar and Wicker 2017). In 2014, Herm, Kreis, and Callsen-Bracker 

presented an OLS regression model based on Transfermarkt data, which identified age, passing 
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precision, scoring, and defensive abilities to influence market values significantly. Furthermore, 

they also found the market value of the entire team, performance grades in football journals, 

and Google search hits to affect individual players’ values. He, Cachucho, and Knobbe made 

use of lasso regression to derive performance indicators impacting market values of attacking 

players, finding that precise shooting and scoring, as well as assists, successful dribbles, and 

few committed fouls contribute positively. Interestingly, they also found that most overvalued 

players were generally performing excellently. As their model did not utilize popularity, they 

conclude that the overvaluation can be explained by transfer values rising with the marketability 

of a player (He, Cachucho, and Knobbe 2015). Majewski also studied forwards with OLS, GLS, 

and FGLS models and got similar results: the number of goals and assists, the club's value, and 

the player's nationality had the highest impact. He also found significant goodwill (on average 

€40m for the five most valuable forwards) that could neither be explained by individual nor 

team performance, indicating again that popularity and marketability influence market values 

(Majewski 2016). Müller, Simons, and Weinmann built a multilevel regression model, 

analyzing five European leagues over six seasons, considering more than 20 parameters – the 

most thorough study to this date. Compared to Transfermarkt values, their model was more 

accurate in predicting the lower 90 percent of all realized transfer fees, while the crowd did a 

better job with the top 10 percent. As the reason for this they mention, once again, a possible 

superstar effect. The crowd is free to price in additional factors such as additional ticket and 

merchandise sales generated by a star player, which the model cannot do if it does not have 

access to this data; it just assumes the same magnitude of effect for all players (Müller, Simons, 

and Weinmann 2017). With a boosted regression tree model, Richau et al. examined the relative 

influence of individual performance indicators on market values, finding substantial differences 

in the relevance of variables like goals and assists for different positions (Richau et al. 2019). 

Gómez et al. assessed the performance of groups of players before and after signing new 
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contracts via magnitude-based inference, concluding that important players tend to perform 

better in the year they sign a new contract compared to the year before, while less important 

players’ performance level drops of in the year after having signed a new contract compared to 

before (Gómez et al. 2019). Kirschstein and Liebscher found that belonging to a certain team 

alters players’ market values via a robust MM regression model. Moreover, they state that 

players contribute to the merchandizing and sponsorship income of clubs, which also increases 

their value (Kirschstein and Liebscher 2019). Singh and Lambda applied five models: linear 

and ridge regression, decision trees, random forests, and gradient boost to study the influence 

of crowdsourcing, popularity, and previous year statistics on market values of football players, 

discovering that performance parameters, crowd predictions, popularity and fantasy football 

ratings are solid predictors (Singh and Lamba 2019). In 2019, researchers and data professionals 

from WyScout, a leading platform providing football match data, built the algorithm PlayeRank 

to rate players based on 76 performance indicators, considering specific actions players must 

be able to perform for their position and role. They used 31 million data points from 20,000 

matches for 21,000 players over 18 competitions and four seasons. The algorithm runs in three 

phases and is the most sophisticated one published to date, significantly outperforming its one-

dimensional competitors, Flow Centrality and Pass Shot Value (Pappalardo et al. 2019). Felipe 

et al. used an OLS model to derive relations between the variables position, age, and quality of 

the team and league and market values on Transfermarkt for players from five European 

leagues, finding a significant impact of team level, birth month, league, position, and age of the 

player on the average and maximum value (Felipe et al. 2020). With artificial neural networks 

and random forest models, researchers developed recommendations for building a football team 

and planning transfers (Ćwiklinski, Giełczyk, and Choraś 2021). Another artificial neural 

network was used by Inan & Cavas to estimate the market values of midfielders in the Turkish 

Super League. They concluded that values cannot entirely be explained by performance 



Group Part 

 26 

parameters, moreover, also hypothesizing that injuries negatively affect market values (Inan 

and Cavas 2021). 

A more recent development is the use of machine learning models to estimate market values 

based on data from Sports Interactive’s ‘Football Manager’ (Yiğit, Samak, and Kaya 2020) and 

Electronic Arts’ ‘FIFA’ video game series (Behravan and Razavi 2021; Al-Asadi and Tasdemır 

2022; Arrul, Subramanian, and Mafas 2022; Lee, Tama, and Cha 2022) , as that is an easy way 

to account for a player’s ability on the pitch. The FIFA data comprises 55 features that describe 

a player’s strengths and weaknesses, position, demographic information, monetary value, and 

profile. The publisher, EA Sports, employs 400 contributors to estimate the player’s real-life 

performances, frequently updating player data. These records are reviewed by over 6,000 

football experts and talent scouts, who regularly advise on improvements and modifications to 

the database and data structure (Lee, Tama, and Cha 2022). This type of data is a good measure 

for differentiating performance factors for various positions (e.g., goalkeeper, defender, 

midfielder, attacker). Even though it is not actual performance data, the researchers’ models 

could thus produce accurate results. 

 

4.4 Model methods 

There is a multitude of ML algorithms to choose from. To determine the best for our use case, 

we tested four different modelling techniques used in academic literature before and a neural 

network. Given that we try to predict a value that lies on a continuous scale, we are required to 

use a regression model. Regression analysis is a statistical method that tries to determine a 

relationship between a dependent variable and a set of other factors, the independent variables. 

The general idea is that the independent variables explain the behavior of the dependent variable 

(also called Y variable), allowing to make predictions on how the Y variable behaves given 

certain inputs (Gallo 2015). 
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The simplest form of regression techniques is called Ordinary Least Square (OLS). The method 

compares a set of actual values (yi) to a set of predicted values (ŷi) and minimizes their squared 

residuals. The residuals are defined as the difference between yi and ŷi. They are subsequently 

squared to avoid that positive errors are compensated by negative ones, as they are equivalently 

penalizing for the model. This is also referred to as the cost function, which a model commonly 

aims to minimize. Summing up, OLS can be considered as a strategy that obtains a ‘line’ or 

‘plane’ that is as close as possible to all data points (Alto 2019). However, there are further 

optimization strategies that we applied to improve model performance. 

To take it a step further, we also applied Ridge and Lasso regression models to our data set. In 

general, when developing a machine learning model, there are two phenomena that you try to 

avoid: under- and overfitting. Underfitting occurs when the model is too simple for the data, 

implying that the assumption about the distribution of the data is wrong, meaning that there is 

a high bias. This scenario is depicted in Figure 2, with the red line representing the model. 

Overfitting, on the other hand, refers to the scenario where the model is too complex and too 

tailored to the training data at hand, resulting in wrong predictions. A slight change of input 

data can therefore completely alter the model’s output (Figure 3) (Jabbar and Khan 2015). 

 

 

 

 

 

 

While underfitting can be avoided by augmenting the available data through several parameter 

transformations (e.g., feature engineering) and increasing model complexity, dealing with 

overfitting is not as simple. This is where regularization comes into play. 

Figure 2: Example of an underfitting model Figure 3: Example of an overfitting model 
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In regression, regularization refers to the process of adding additional terms to our cost function, 

often to introduce a preference for simpler models. The added term imposes a penalty on the 

complexity of the predicting function. This technique is especially important when dealing with 

datasets that have a lot of features, each of which contribute to predicting y. Ridge regression 

(L2) includes a type of regularization that penalizes coefficients of a predicting feature in 

proportion to the sum of the squares of the weights of the predictive features. This implies that 

this type of penalty helps drive outlier weights closer to zero but not quite to zero, reducing the 

importance of some features (Melkumova and Shatskikh 2017). Lasso regression (L1) penalizes 

weights in proportion to the sum of the absolute values of the weights. Hence, the difference to 

Ridge regression is simply that instead of taking the square of the coefficients, full magnitudes 

are considered. This results in the possibility of some coefficients being reduced to zero, 

removing the corresponding feature from the model. Consequently, in addition to reducing 

model complexity and avoiding overfitting, Lasso regression also helps in selecting the relevant 

features (Melkumova and Shatskikh 2017).  

To improve model performance even further, there are several approaches that can be sought 

out, fitting under the umbrella term ensemble learning. The fundamental idea behind ensemble 

learning is that many base learners are trained as ensemble members. Their predictions are 

combined into a single output that, on average, should perform better than any other individual 

ensemble member with uncorrelated error on the target data sets (Yang 2017). A Gradient 

Boosting decision tree (GBDT) is an ensemble model that trains several decision trees 

sequentially by fitting the residual errors. However, when there is a multitude of features and 

the data size is large, the algorithm is limited in terms of efficiency and scalability, as every 

data instance needs to be scanned to approximate the information gain of every possible split 

point (Ke et al. 2017). A group of Microsoft researchers challenged these limitations with the 

LightGBM framework. It facilitates the estimation of the information gain per feature by 

excluding a significant part of the data from the computation and by bundling mutually 
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exclusive features to reduce feature dimensionality. LightGBM speeds up regular GBDT 

training by up to 20 times while maintaining roughly the same accuracy (Ke et al. 2017). 

4.5 Performance evaluation measures 

To evaluate the performance of our model, we sought out common evaluation measures used 

for regression-based machine learning models described in literature. As mentioned in the 

previous section, we applied OLS regression that aims to minimize the cost function. This 

function here is the Mean Squared Error (MSE), which is the average of all squared differences 

between the actual value yi and predicted value ŷi. A smaller MSE signifies a better model 

performance, implying that the model closely fits its predictions to the actual data points 

(Shcherbakov et al. 2013). A drawback for MSE is that is it sensitive to outliers in the data, 

which significantly increase the error term and bias for OLS models (Shcherbakov et al. 2013). 

A closely related performance measure is the Root Mean Square Error (RMSE), which, as its 

name suggests, is the square root of the sum of squared residuals. In terms of performance 

measurement, the RMSE conveys the same message as the MSE, as they both describe the 

goodness of fit of the model. However, RMSE is better in terms of interpretability, as it 

describes the average deviation in the same units as the target variable. To take it step further, 

we also used the normalized RMSE, which divides the RMSE by the range (maximum value – 

minimum value) of observed data points. Normalizing allows to overcome comparability 

problems between two models due to different scales of the data (Shcherbakov et al. 2013). 

In addition to these measures, we observed the R2 score of our model, which is a score that 

mathematically represents the percentage of variance in the dependent variable y that can be 

explained by the independent variables (Harel 2009). A high score represents a high degree of 

correlation between the explanatory ability of the independent variables and the actual 

predictions. The inherent problem of R2 is that it mathematically cannot account for additional 

input parameters added to the model. Therefore, there is a chance that there is no relationship 
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between the target variable and a new input parameter, but the R2 score still improves when 

adding that variable. Hence, we also observed adjusted R2, which allows to identify the 

additional explanatory effect of individual variables added to the model (Harel 2009). 

5. Data 

5.1 Data procurement (Web scraping & OPTA)  

For the scope of this research, the time period considered ranges from January 2019 to 

November 2022. The dataset was gathered from two different data sources: Transfermarkt and 

Opta.  To retrieve the publicly available data from Transfermarkt, we programmed a web 

scraping tool. This tool enables the user to access player-related data, such as market value or 

injury history, and to convert it into a .csv format suitable for further use. The Opta data was 

provided by our partner Hamburger Sport Verein, a renown German football club. The data 

covers the 1st and 2nd German Bundesliga, the Spanish LaLiga, and the French Ligue 1.  

5.2 Exploratory Data Analysis 

For a better understanding and context of the sourced data, we conducted an exploratory data 

analysis. The raw data consists of three different datasets as inputs: 

- Dataset TM: including 34,844 records of players, their characteristics, and their 

respective market values 

- Dataset IN: including 12,262 records of players, their respective injuries, and injury 

duration 

- Dataset OPTA: including 102,139 records of players and their respective matchday 

performances 
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5.2.1 Observed timeframe 

To set a baseline of identical time intervals, we grouped all three datasets into bi-annual 

timeframes denoted in the column HY (for half-year). However, for each of the three datasets, 

the HY definition is distinctive, due to the type of data that they contain. The Opta and injury 

dataset include the actual performance and injury data, meaning that there are more entries 

during the months when matches were played. Therefore, HY = 1 represents the months from 

January until June, which are generally considered as one half of a season. The other half lasts 

from July until December and is denoted in the dataset as HY = 2. Conversely, there is a 

different logic that applies to the TM dataset and the market values. We assume that the market 

values are influenced by performance and injury factors of previous periods, i.e., a good 

performance or an injury in the months from January to June is reflected is reflected by a 

subsequent increase or decrease in valuation on Transfermarkt. Therefore, the market values 

that correspond to the performances or injuries between January and June are reflected slightly 

after they took place. We defined the HY = 1 timeframe for market values in the TM data frame 

as the period from March until August, as the updates in this period best explain the 

performances and injuries between January and June. timeframes if market value data are 

depicted in Figure 4.  

Figure 4: Amount of market value updates per month and half-year timeframe definition 
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The remaining months, September until February, correspond to HY = 2 for market value 

updates, as they best reflect the performances for the remainder of the season. Looking at the 

distribution of market value updates released by Transfermarkt in Figure 4, an uneven split can 

be detected, with an increased frequency in June and January/December. This is in line with the 

calendar of a normal football season. Consequently, because of our new split into two half 

years, 48% of the market values were released between March and August, as opposed to  

52% between September and February, creating a more balanced set of observations. For the 

remaining features, the parameters were summarized in accordance with the time frame change, 

i.e., for a performance metric like goals scored, we added up the goals a player scored in the 

corresponding half year.  

Another scenario that needed to be accounted for is when the duration of an injury spans across 

several periods. If this was the case, we split the duration of the injury at the cut-off date of the 

period. The first part of the injury remains in the period of when the injury occurred, while the 

remainder of the duration is attributed to the following period. This action ensures that a market 

value is accurately explained after the injury had ended and not when it occurred.  

 5.2.2 Target variable 

The target variable, i.e., the variable that we want to 

predict with our model, is Marketvalue. Table 3 describes 

the target variable. The average market value across the 

whole dataset is € 7.2m, the median equals € 1.2m. Market 

values range between € 0.0m and € 200.0m. The standard 

deviation amounts to € 11.8m. To get a better 

understanding of how the figures are distributed, we can 

refer to the histogram (Figure 5) with € 5m intervals. We can concur that there is a significant 

positive (right-) skewness, as shown in Figure 5. Around 48% of entries have a market value 

Marketvalue in €m 

Count 43,632 

Mean 5.5 

Standard Deviation 11.8 

Minimum 0.0 

25% 0.4 

50% (Median) 1.2 

75% 5.0 

Maximum 200.0 

Table 3: Market value summary 



Group Part 

 33 

of less than € 1.0m and only 23% of entries are above the mean. To account for this uneven 

distribution, the top and bottom 5 percentiles were removed for our model, resulting in a less 

skewed data set as depicted in Figure 6. 

5.2.3 Parameters 

 

 

In addition to the target variable, the data set includes 231 possible explanatory variables. The 

parameters can be divided into four categories shown in Table 4: 

Category # of columns Content 

Descriptive data 36 Date, Team, League, Game, Score 

Injury data 4 Date, Duration, Types 

Performance data 166 Player and Team related game stats 

Player related data 15 Name, Height, Age, Position, Pref. foot, Nation 
Table 4: Variable categories 

The descriptive data contains information about the timeframe, team, and league in which the 

individual played during this time. The injury data consists of the accumulated injury duration 

during each period and information about the type of injury. We excluded illnesses such as 

Covid-19 or a flu from this data set to focus on injuries. Performance data from Opta contains 

detailed information about game related performance measures. Finally, player-related data 

contains personal information about the player, such as the name, height, age, position, 

preferred foot, and nation of each player. 

Figure 5: Market value distribution Figure 6: Market value distribution excl. top 5% 
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5.2.3 New parameters and transformations 

To enhance the quality of our dataset, we added further parameters that scientific literature 

proved to be relevant for the improvement of our model performance. The additional columns 

and their transformation explanation can be found in Table 5. 

Column Description Type 

de5, es5, fr5, 

other 

Dummy to denote if player is within a top 5 club in 

Germany, France, Spain or not 
New variable 

Last MV 
Contains the market value of the previous period of 

observation 
New variable 

Nation_Argentina, 

Nation_Brazil, 

Nation_Croatia, 

Nation_Portugal    

Dummy that indicates if the player comes from a 

leading country in terms of market values. The four 

selected countries have the highest average market 

value. 

New variable 

Pos_AT, Pos_DF 
Dummy that indicates the player’s on-field position. If 

both Dummies are 0, the player is a midfielder (MF) 

Transformed 

from pos 

PrefFoot_both, 

PrefFoot_right 

Dummy to denote if player is right-, or both footed. If 

both Dummies are 0, the player is left-footed 

Transformed 

from PrefFoot 

CLT, patella, 

fracture, 

meniscus, 

achilles, 

syndesmosis 

Dummy for the occurrence of a cruciate ligament tear, 

patella tendon tear, meniscus tear, Achilles tendon 

tear, syndesmosis ligament tear or bone fracture 

New variable 

Table 5: New parameters overview 

For each player we created a Dummy variable that indicates whether the player is part of a team 

that is considered a top five club in either Ligue 1 (fr5), Bundesliga (de5) or LaLiga (es5). These 

three leagues, next to the English Premier League and Italian Serie A, are part of the top five 

European leagues, generally considered as the world’s best. We identified the top five clubs per 

league according to accumulated league points rankings within our time frame (2019 until 

2022). This information is required to test the hypothesis of whether a player’s club can be an 

indicator of market value. Furthermore, we added the parameter Last MV, which includes the 

market value of the previous observed period, i.e., if the observed period is the first half of the 

year 2022, then the column Last MV contains the market value of the second half of 2021 for 

that player. By adding this variable, we intend to account for effects that cannot be explained 

with the performance data at hand. Such effects entail for example a player’s popularity (e.g., 
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their ability to generate merchandise sales) and other similar value-driving factors. In general, 

market values do not tend to fluctuate substantially within the time frame we observe, therefore 

the market values of the 6 months prior to the observation are assumed to be a valid and accurate  

indicator of what the next market value should be at if performance remains at a similar level.  

However, what happens if a youth player 

makes it up the ranks of a club into 

professional football and does not have a 

previous market value? In this context, we set 

Last MV to zero, signifying a starting point 

from which a player improves through their 

performance. Further, we decided to 

transform the existing column pos, which 

represents the players on-field position, from 

a detailed breakdown to a more simplified 

split into attacking (AT), midfield (MF) and 

defensive (DF) players as observed in  

Table 6. This measure was carried out to 

transform a categorical variable into a Dummy and to simultaneously remove processing 

complexity by eliminating a multitude of columns, while retaining a good level of information 

about the on-pitch positioning and role of the player. Since goalkeepers have a unique position 

and influence within the game, it is difficult to compare them to the outfield players. As outlined 

in a study, different player positions require different skills (Behravan and Razavi 2021). Such 

skills are measured differently from each other and should therefore be accounted for. The 

performance measures in our Opta dataset are tailored to outfield players and therefore might 

lack explanatory power for the goalkeeper position. This would also impede the model’s 

Position New Position 

Central Midfielder MF 

Centre Forward AT 

Defensive Midfielder MF 

Left Attacking Midfielder MF 

Right Attacking Midfielder MF 

Right Midfielder MF 

Left Centre Back DF 

Right Centre Back DF 

Left Midfielder MF 

Central Midfielder MF 

Centre Attacking Midfielder MF 

Right Back DF 

Left Back DF 

Central Defender DF 

Left Winger AT 

Right Winger AT 

Second Striker AT 

Right Wing Back DF 

Left Wing Back DF 

Goalkeeper GK 

Table 6: Player position re-classification 
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performance, which is why all entries with goalkeepers were removed. Additionally, we 

decided to remove the column Position_MF, as this information is implied in the other two 

columns (Position_AT, Position_DF), which are mutually exclusive and collectively 

exhaustive.Position_AT, Position_DF), which are mutually exclusive and collectively 

exhaustive. Finally, there were discrepancies between performance variables, as some were 

relative to a full game of 90 minutes, whereas other variables were absolute values recorded in 

relation to actual minutes played. Tables 7 and 8 and below depict the different aggregation 

modes and steps for relative and absolute variables and adjustments for discrepancies in minutes 

played: 

 

 

 

Pre 

transformation 
Example relative variables Example absolute variables 

Player Min Pass% 1v1% DuelsDefPer90 Touches FwdPass Tckl 

rodrigo 

zalazar 
66 69.2% 0.0% 5.45 42.27 6.82 1.36 

rodrigo 

zalazar 
45 60.0% 50.0% 4.00 40.00 4.00 2.00 

rodrigo 

zalazar 
71 72.2% 0.0% 3.80 38.03 10.14 0.00 

rodrigo 

zalazar 
58 72.7% 20.0% 3.10 43.45 4.66 0.00 

rodrigo 

zalazar 
71 50.0% 100.0% 13.94 36.76 5.07 2.54 

Table 7: Data sample raw data 

1st step Example relative variables Example absolute variables 

Player Min Pass% 1v1% DuelsDefPer90 Touches FwdPass Tckl 

rodrigo 

zalazar 
311 64.8% 34.0% 6.06 200.51 30.69 5.90 

Table 8: Data sample aggregation of relative and absolute variables 

Table X: Data sample aggregation of relative and absolute values 

2nd step Example relative variables Example absolute variables 

Player Min Pass% 1v1% DuelsDefPer90 TouchesPer90 FwdPassPer90 TcklPer90 

rodrigo 

zalazar 
311 64.8% 34.0% 6.06 58.00 8.88 1.71 

Table 9: Data sample final performance data adjusted for 90 minutes 

Table X: Data sample final performance data adjusted for 90 minutes 
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Table 7 shows a sample of raw data for the player Rodrigo Salazar for one period of observation. 

The data includes metrics such as percentage of completed passes (Pass%), which are relative, 

as opposed to metrics like number of touches within a game (Touches), which are absolute and 

correspond to the minutes played. The former is aggregated as a mean, while the latter is 

aggregated as a sum, as seen in Table 9.  However, a player with more game time (Min) 

naturally has higher absolute values due to the increased exposure on the pitch. This translates 

to high correlations between those features, resulting in a loss of explanatory power of the 

individual variable within the model. To eliminate this effect the absolute variables were 

divided by the minutes played (Min) and multiplied by 90.  

Additional dummies for the most severe injuries, as they probably have a larger impact on 

players’ market values, have been created. In the injury dataset, which comprised  

12,262 records, 304 distinct injuries were recorded. We grouped similar ones and then selected 

the six groups with an average duration over two months. Those were ACL, meniscus, patellar 

tendon, syndesmosis ligament, and Achilles tendon injuries, and fractures.  

 

6. Model 

The objective of this research is to provide a tool that enables the assessment of market value 

changes brought on by injuries. Accordingly, we sought out meticulous data cleaning and 

transformation processes to ensure the appropriate structure and format. Subsequently, different 

model techniques were applied and evaluated on their performance. Finally, injury specific 

features were assessed. 

6.1 Modeling decisions 

The regressors must be independent of one another, meaning that there cannot be 

multicollinearity when creating a valid model. We calculated the Variance Inflation Factor 
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(VIF) to rule out explanatory factors that are highly correlated. There is a significant 

multicollinearity if the VIF is higher than 10 (Michael Kutner et al. 2004). This limitation 

caused the number of features to drop from 200 to 82. A Multiple Linear Regression (MLR) 

was carried out on this dataset. The parameters were then condensed to the features described 

in Table 10, each of which is statistically significant at the 5% level: 

Feature Description  Feature Description 

HY Current half-year  Age Current Age 

Year Current year  PrefFoot_both No weak foot 

SeqEndsInGoal 
Sequences which ended 

in a goal 
 Duration 

Days missed due to 

injuries 

TakeOn%A3 
Take on percentage in 

final third  
 de5 Top 5 Bundesliga team 

KPAf1v1 Key pass after 1v1  fr5 Top 5 Ligue 1 team 

TouchOpBox 
Touches in opponent’s 

box 
 Last MV 

Market value from last 

period 

GoalOP Goals from open play   
Table 10: Significant features 

We found that the only injury-related feature of significance was Duration.  

This model was defined as our benchmark for further approaches. A Lasso and Ridge 

Regression were performed to test the optimal regularization technique. With essentially two 

identical results, we chose to apply both L1 and L2 regularization penalties. A LightGBM 

model was tested fourth. To optimize the model results, a pipeline was constructed, which 

balances and scales the data, chooses the best combination of features and hyperparameters for 

LightGBM. Then, all potential model specifications are calculated using a Grid Search Cross 

Validation with 10 folds, and the model specification with the lowest MSE value is selected. 

The LightGBM configuration with the smallest MSE is shown in Table 11 along with the 

balancing and scaling techniques, the hyperparameters that were examined during the cross 

validation, and the results of the cross validation. 
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6.2 Performance measures 

Table 12 and Table 13 summarize the performance metrics of all tested models for train and 

test data, respectively. The best performing model is highlighted in green.  

Model R2 Adj. R2 RMSE Norm. RMSE 

MLR (82 features) 0.91 0.91 2.73 0.03 

MLR (13 sign. features) 0.91 0.91 2.76 0.03 

Ridge 0.91 0.91 2.76 0.03 

Lasso 0.91 0.91 2.85 0.03 

LightGBM 0.98 0.98 1.40 0.02 
Table 12: Performance metrics on train data 

Model R2 Adj. R2 RMSE Norm. RMSE 

MLR (82 features) 0.91 0.91 2.86 0.03 

MLR (13 sign. features) 0.91 0.91 2.85 0.03 

Ridge 0.91 0.91 2.85 0.03 

Lasso 0.91 0.91 2.85 0.03 

LightGBM 0.89 0.89 3.16 0.03 
Table 13: Performance metrics on test data 

All the approaches' performance metrics are extremely comparable. Only LightGBM displays 

results that differ. In comparison to the other models, it fits the training data the most accurately, 

as shown by (adjusted) R2 and (normalized) RMSE. Surprisingly, for performances on the 

holdout data, it is the opposite. The findings demonstrate that, while all other models continue 

to perform as intended, LightGBM's accuracy outside of the fitted data declines. In general, all 

Category Possible Values Selected by CV 

Balancing methods 
RandomUnderSampler, or 

RandomOverSampler 
RandomOverSampler 

Scaling methods 
RobustScaler, StandardScaler, or 

MinMaxScaler 
RobustScaler 

LightGBM learning rate 0.1, 0.01, 0.001 0.1 

n-Estimators 1 – 301 (in steps of 30) 91 

Alpha (L1 penalty) 0.01, 0.26, 0.51, 0.76, or 1.01 0.26 

Lambda (L2 penalty) 0.01, 0.26, 0.51, 0.76, or 1.01 0.76 

Number of leaves 32, 64, 94, or 128 32 

Max depth 4, or 8 8 

Table 11: Pipeline LightGBM 
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models are close to an adjusted R2 of 0.9, indicating that the model can account for about 90% 

of the variance and, consequently, the deviations from the mean values (Wooldridge 2015). 

6.3 Feature importance 

To further analyze the results, permutation feature importance and Local Interpretable Model-

agnostic Explanations (LIME) were obtained for the MLR and LightGBM model. These 

analyses help to understand machine learning models and explain their predictions. To facilitate 

comprehension of the LIME model explanation, the MLR and LightGBM LIME outputs are 

shown in Figures 7 and 8, respectively. The valuation example uses Rayan Cherki (random 

choice) from the first half of 2022, when his last market value was € 21.5m and he missed 

89 days of action due to injury. Transfermarkt estimated his market value at € 18.0m.  

 

Figure 7: MLR prediction example 1 (LIME) 

 

Figure 8: LightGBM prediction example 1 (LIME) 

With € 21.0m for the MLR and € 20.2m for the LightGBM model, the projections are quite 

close to one another. Each attribute is valued differently by each model. SeqEndsInGoal was 

only the ninth most significant parameter contributing to the prediction of the MLR model, 

which had the third-highest impact on the market value prediction with LightGBM (+ € 0.5m). 

It is particularly remarkable how both models examine the effects of injuries with a lengthy 

duration. Both models use twelve days as the threshold for a negative effect (twelve days or 

less have a positive effect on market value, and a duration greater than twelve days has a 

negative effect on market value), however the MLR model appears to penalize an injury with a 

greater reduction in market value (- € 0.5m) than the LightGBM model (- € 0.3m). 
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Permutation feature importance is another useful tool for comprehending how the model 

derives its prediction. The method quantifies the increase in the model's prediction error when 

a feature's values are permuted. Figures 9 and 10 illustrate the significance of permutation 

features for the MLR and LightGBM models, respectively. Similar weights are assigned to the 

features by both models, with Last MV having the greatest influence on the prediction (used as 

an anchor for market value dimension and maybe incorporating unobserved effects such as 

popularity).  

 

Figure 9: MLR permutation importance 

 

Figure 10: LightGBM permutation importance 

The above-mentioned observation regarding SeqEndsInGoal can also be made from this 

approach. The LightGBM model considers this variable to be more significant than the MLR 

model. In general, LightGBM ranks most variables higher than MLR does. 

6.4 Model conclusion 

In general, the model's performance is excellent, and the supplied data provides a solid 

foundation for the development of an accurate model. However, there are still other restrictions 

that will be addressed in further detail at the final conclusion and the limitations of this paper.  

The objective of this study was to determine the influence of injuries on player market prices. 

The model suggests that Duration and, hence, injuries are significant factors in estimating 

market values. The number of missed days due to injury appears to already have a direct effect 

on player values. However, there may be hidden impacts of injuries that are accounted for by 

other variables, such as poorer performance after recovery or the moment in a player's career 

when the injury occurs (i.e., young players who suffer typical recurrent injuries). Subsequent 

analyses will attempt to discover some of these hidden injury-related effect.
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7. The role of player positions  

7.1 Background & Literature 

To further examine how injuries and market values are related, this section focuses on player 

positions and the according occurrences of injuries. A brief literature review reveals that this 

area of research has been inconclusive to date (della Villa, Mandelbaum, and Lemak 2018). 

The authors of the review examined over 100 full-text articles and set up a selection of inclusion 

criteria, which defined studies that fit the scope of the review. These criteria comprised a 

minimum 6-month observational period, male football players only cohorts, reported injury 

incidence, and documented player position in correlation with a measure of injury risk.  

Author Year 
# of 

teams 
# of players 

Observation

al period 
Main findings 

Andersen et 

al 
2003 14 330 2000 

Strikers (AT) appeared to be at greater 

risk / Goalkeepers (GK) less involved 

Aoki et al 2012 n/a n/a 
 

1993-2007 

Goalkeepers (GK) had lower injury risk 

than outfield players for overall injuries 

(12.9 vs 22.7) 

Arliani et al 2018 n/a n/a 2016 

Forwards (AT) sustained the greatest 

proportion of injuries. Goalkeepers (GK) 

the lowest 

Carling et al 2010 1 n/a 2005-2009 
Forwards (AT) had higher injury 

incidence 

Dauty & 

Collon 
2011 1 173 1995-2009 

No difference according to player 

position 

Mallo & 

Delal 
2012 1 35 2007-2008 

Forwards (AT) and Central Defenders 

(DF) sustained more injuries 

Mallo et al 2011 1 n/a 2003-2006 

No effect of playing position on injury 

incidence. Goalkeepers (GK) lost the 

lowest numbers of matches 

Morgan & 

Oberlander 
2001 10 237 1 season 

No effect of playing position on injury 

incidence/Midfielders (MF) non-

significant trend to more injuries 

Shalaj et al 2016 11 143 2013 

Injury incidence is not statistically 

different from playing positions, trend 

for more injuries in defenders / 

Goalkeepers (GK) excluded from 

analysis due to low number of injuries. 

Timpka et al 2008 93 1800 2001 

No statistically significant effect. 

Tendency to increased risk in Forwards 

(AT) 

Deehan et al 2007 n/a 210 1999-2004 
Midfielders (MF) had greater risk of 

injury compared to the other roles 
Table 14: Summary of a Systematic Review of the Literature and Risk Considerations for Each Playing Position (della Villa, 

Mandelbaum, and Lemak 2018) 
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However, from the available literature, only 11 studies met the criteria. Additionally, these 

studies show inconsistent results. A summary can be found in Table 14. From the above-

mentioned studies we can concur that there are some tendencies that indicate that attacking 

players are at a higher risk of injuries when compared to defensive or midfield players, however 

this outcome is not coherent across all of them. Additionally, of the eleven studies, only two 

observe a period longer than five years and only one was conducted within the last five years. 

As the game evolves over time, so do the measures around injury prevention for football clubs. 

It is therefore of upmost importance to understand any possible correlations between a player’s 

position and the occurrence of an injury and how that relationship has changed over time. 

According to a study, the playing styles for different positions in football have seen a substantial 

transformation in recent years (Liu et al. 2021). Modern defenders are now expected to be more 

versatile and capable of contributing to the attacking phase of play, as well as being competent 

in the traditional defensive duties of tackling and marking (Yi et al. 2018). Historically, 

midfielders were primarily focused on providing defensive cover and distributing the ball to 

their teammates. However, modern midfielders are now expected to contribute to the attacking 

phase of play as well and are often asked to provide a long-range goal threat (Yi et al. 2018). 

While attackers were mainly focused on scoring goals and providing a direct threat to the 

opposition defense, current strategies require them to contribute to the build-up play and to 

provide creative passing options for their teammates (Yi et al. 2018). This increased emphasis 

on technical ability and mobility has made players more susceptible to injuries. This shift in 

importance and play contribution must therefore be considered when determining market 

values, which is why this analysis examines how different positions are exposed to injury risk. 

Additionally, this complements the model’s findings regarding hidden effects in market values 

and outlines valuation differences for the position clusters.  



Julian Beyerlein 

 44 

Using the web scraping tool (described in Chapter 5.1), we have access to historic injury data. 

To compliment the analyses from above, by using a more extensive and recent dataset, this 

section aims to test the hypothesis that there are distinctive injury patterns for different player 

positions and that such injury patterns are subject to playing styles, which have developed over 

the course of the past decades. This should provide an outlook for how injury risk per playing 

position should be reconsidered when deliberating factors that influence market values. 

7.2 Data & Limitations 

To conduct this analysis, we used the dataset scraped from Transfermarkt. The dataset contains 

historic injury data for all players that played in the 1. Bundesliga, 2. Bundesliga, La Liga and 

League 1 between 2019 and 2022. This analysis is limited to the scope of these four leagues to 

maintain consistency with the data used throughout this thesis.  

Given this condition, the dataset includes injury data, which dates as far back as November 

2005, as this corresponds to players that played in one of those four leagues during the observed 

timeframe. For simplicity, all entries prior to 2019 were removed, meaning that we examine all 

injuries that occurred between 2019 and 2022 in an isolated manner.  Transfermarkt does not 

differentiate between training- and match related injuries, therefore this analysis does not take 

into account under which conditions these injuries were sustained. However, the detailed 

description of the injuries allowed to group this data into three categories: illness, injury and 

other. The split into three categories aims to improve to distinguish football-related injuries 

from absences that are not sustained during matches or training, like e.g., viral infections.  

Figure 26 in the appendix illustrates that COVID-19 infections have accounted for an 

increasing share of injuries during the past 4 years. The subsequent analyses will focus on the 

non-infectious injuries, that we assume to have occurred on the football pitch or training ground. 

Lastly, while there is a detailed position available for each player in the injury dataset, the main 

analysis focuses on the injury clusters GK (goalkeeper), DF (defender), MF (midfielder) and 
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AT (attacker). For a detailed dictionary of injury cluster allocations please refer to Table 6 in 

Chapter 5.2.3. To summarize, the data set in question contains 7,456 entries of absences from 

1,608 different players. The absences are split into three clusters, Injuries, COVID-19 / illnesses 

and Others, which respectively contain 223, 27 and 18 different sub-categories. The main scope 

of the subsequent analyses is the Injuries cluster. 

 

7.3 Analyses 

7.3.1 Positions & respective injury frequency and duration 

When examining the data at face value, we can observe that, in absolute terms, goalkeepers 

account for the lowest share of injuries with 86.5 injuries per year over the past 4 years. 

Attackers across the four leagues sustain on average 383.8 injuries per year, closely followed 

by midfielders with 341.8 injuries. The majority of injuries can be accounted to defensive 

players, who withstand a mean of 491.3 per year and account for a total of almost 2,000 injuries 

between 2019 and 2022. Figure 11 shows this distribution. Another crucial factor when looking 

at injuries is their duration. A longer lasting injury translates into longer absences from matches 

and training, which can have a significant impact on a player’s market value. In our dataset, 

defenders have missed a total of 74,510 days within the last years, followed by attackers with 

only 54,317 days of absence. Goalkeepers ‘only’ missed 13,982 days, which seems relatively 

low compared to the other positions. However, given the different number of playing positions 

Figure 11: Total number of injuries per position (2019-2022) 
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on the field, it is difficult to draw conclusions 

from these absolute figures. The most 

common and sought out tactical formations in 

football are the 4-4-2, the 4-3-3 and the 4-2-

3-1 (Dobreff et al. 2019). The first and last 

figures refer to defenders and attackers in 

play respectively, showing that there is a 

tendency for an abundance of defenders as compared to other positions. The following 

illustration (Figure 12) outlines the share of positions of all available players in the dataset 

compared to the share of injuries sustained per position. Accordingly, when looking at the 

goalkeeper cluster, we spot that out of all players, goalkeepers constitute approximately 9.0% 

of all injured players, however they only account for circa 6.6% of all injuries. Conversely, 

defenders only account for 35.3% of players that are injured, but for an additional two percent 

more of the injuries. This implies that defenders tend to slightly withstand more injuries. This 

is confirmed by the average number of injuries sustained per position when looking at 

individual players. Defenders sustain on average 3.5 injuries as compared to attackers (3.3), 

midfielders (3.2) and goalkeepers (2.4). As mentioned, the duration of an injury is an important 

evaluation measure as they are an indicator of severity of the injury. The box plot in Figure 13 

demonstrates how long players are injured in their respective positions. While goalkeepers tend 

to get injured less, they appear to sustain 

more severe injuries, as they are on average 

sidelined for 46.4 days when injured. In line 

with the previous section, defenders are not 

only the players that get injured the most, but 

they are also the ones with the second most 

Figure 12: Distribution of players vs. distribution of injuries 

Figure 13: Injury duration per position 
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days missing on average due to an injury (46.3 days). To further dive into the playing positions, 

we will have a look at the type of injuries that the positions typically sustain. 

7.3.2 Top 10 injuries per position 

This section aims to provide another perspective by looking a level deeper into the different 

injuries. Firstly, we examine the most commonly occurring injuries and how they are distributed 

across the different positions. Table 15 shows the most frequent injuries by incidence and their 

distribution across the different positions. 

 

The first column shows the absolute number of occurrences per injury type across the different 

playing positions. The second column shows the injury occurrence adjusted for number of 

players in the relevant positional cluster. Muscle injuries are the most common ones, having 

occurred almost 600 times in a set of 1,608 observed players, implying a baseline of 37% of all 

players proneness to be subject to a muscle injury. However, when looking at the individual 

positions, we can detect that goalkeepers and midfielders are less susceptible to muscle injuries, 

with only 19% and 36% respectively having endured a muscle injury. Defenders and attacking 

players on the other hand show a higher inclination towards muscle injuries, with over 41% and 

40% of the corresponding players suffering from them. This trend can be observed across all 

Injury GK 
Per 

player 
DF 

Per 

player MF 
Per 

player 
AT 

Per 

player 
Total 

Per 

player 

Muscle injury  27 0.19 233 0.41 155 0.36 185 0.40 600 0.37 

Thigh injury 17 0.12 154 0.27 89 0.21 125 0.27 385 0.24 

Knee injury 22 0.15 113 0.20 76 0.18 94 0.20 305 0.19 

Muscle fiber tear 12 0.08 67 0.12 49 0.11 59 0.13 187 0.12 

Adductor injury 5 0.03 48 0.08 38 0.09 43 0.09 134 0.08 

Bruise  10 0.07 58 0.10 32 0.07 34 0.07 134 0.08 

Ankle joint injury 3 0.02 48 0.08 36 0.08 42 0.09 129 0.08 

Ankle injury 5 0.03 43 0.08 21 0.05 33 0.07 102 0.06 

Cruciate Ligament 

Tear 
2 0.01 35 0.06 18 0.04 27 0.06 82 0.05 

Calf injury 6 0.04 32 0.06 21 0.05 22 0.05 81 0.05 

Total 109 0.76 831 1.46 535 1.24 664 1.43 2,139 1.33 

Table 15: Top 10 injuries per position; absolute & adjusted for number of players within cluster  
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injury categories, implying that defenders and attackers are more disposed to injuries. Table 20 

in the appendix shows the propensity of injuries occurring per playing position in percentage 

terms when compared to the baseline. It is worth mentioning that defenders and attackers are 

23% and 14% more receptive to cruciate ligament tears while midfielders suffer 6% more 

adductor injuries.  

Furthermore, the severity of such injuries needs to be examined. In line with the previous 

section of this analysis, we examined injury duration as well. Table 16 shows the average 

number of days missing per position given a certain injury. 

 

The table illustrates that across all positions, cruciate ligament tears are by far the most severe 

injury, with an average of 249 days missed. When comparing the individual positions though, 

attacking players appear to endure an ACL tear for 13% longer than the other positions, while 

goalkeepers on the other hand miss 27% fewer days when subject to this type of injury. This 

could be due to the unique style of playing per position.  cruciate ligament tear is more likely 

to be more acute when exposed to activities that put more strain on the knee, such as running 

and changing direction quickly (Johns Hopkins Medicine 2022). This puts them at a lower risk 

given the nature of their movement. Goalkeepers, however, are more prone to ankle joint and 

Injury GK %  DF % MF % AT % Avg. 

Cruciate Ligament 

Tear 
183 -27% 231 -7% 242 -3% 282 13% 249 

Shoulder injury 60 0% 63 4% 56 -7% 59 -2% 61 

Knee injury 59 14% 59 15% 46 -11% 45 -13% 52 

Ankle joint injury 77 73% 56 26% 41 -8% 32 -28% 44 

Muscle injury 30 -24% 43 10% 43 10% 32 -17% 39 

Thigh injury 28 -28% 39 1% 30 -23% 46 19% 39 

Calf injury 39 8% 45 25% 33 -7% 25 -31% 36 

Muscle fibre tear 32 -10% 33 -8% 34 -3% 40 14% 36 

Ankle injury 36 4% 31 -9% 57 67% 24 -31% 34 

Adductor injury 14 -33% 28 34% 18 -16% 17 -20% 21 

Avg. days missing 56 -9% 63 3% 60 -2% 60 -1% 61 
Table 16: Average number of days missing per position; relative difference to baseline value per injury type   
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knee injuries, as jumping and diving translates into more intensive strains on those body parts. 

Defenders on the other hand, are most affected by adductor injuries, which could be caused by 

long lunges when trying to deflect a shot or a pass, a main aspect of their game. Attackers on 

the other hand suffer most from muscle fiber tears and cruciate ligament tears, which can be a 

result of multiple short sprints and rapid changes in direction, which is a defining aspect for 

that position. When looking at the average days missed across all positions, defenders are the 

ones that undergo the longest periods of absence, with an average of 63 days. 

Lastly, it is worth highlighting the range of injuries per position. As per our dataset, goalkeepers 

sustained 114 different types of injuries, defenders endured a set of 180 different injuries, while 

midfielders and attackers suffered from 158 and 172 distinctive types correspondingly. 

Adjusted for total number of players per cluster, goalkeepers are the ones that are most diverse 

with almost twice as many different types of injuries when compared to the outfield positions. 

The analyses on injury frequency and injury duration further underline the previous 

observations that defenders are at a higher risk of being subject to an injury and at the same 

time having to undergo a more severe injury. Our findings, however, also support the hypothesis 

suggested by previous work, that there is a tendency for attacking players to be injured more 

often. Concurrently, goalkeepers are the group that is least prone to injuries. 

7.3.3 Frequency of injuries per specific position 

To take the analysis to the lowest level of granularity, this section highlights the specific 

individual positions. As per Figure 14, 

it is evident that defenders are the most 

injury prone as they are all located in 

the upper right quartile of the plot, 

implying that they are affected most by 

Figure 14: Player frequency & duration of average injury per position 
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injuries. Midfield players, especially Right Midfielders and Left Midfielders, are the positions 

that have the shortest average injuries. Strikers, Right Wingers and Central Offensive 

Midfielders group amongst the players that are most injured. Now, to put this information into 

perspective, Table 17 below shows the respective average injuries and injury durations in 

relation to their market values. The second column in italic describes the deviation from the 

mean.  

 

Looking at the Right Back (RB) position, the deviation shows that they are 8% more inclined 

to sustain an injury that lasts on average 19% longer. However, the right backs’ values are 26% 

lower than the mean. This relationship holds true for all defenders. For attacking players 

however, this relationship does not hold true, as their average market value is significantly 

higher, despite being a more injury prone cluster. 

 To test these observations statistically, an OLS regression was applied to the three clusters. 

This regression tests if injury duration is of statistical significance within each cluster when 

determining the market value. 

Position Cluster Count Deviation  Duration Deviation Marketval. Deviation  

GK GK 2,4 -24% 46,4 18% 3,3 -42% 

RB DF 3,4 8% 46,9 19% 4,3 -26% 

LB DF 3,5 13% 39,6 1% 4,5 -22% 

CB DF 3,5 10% 49,0 25% 5,4 -7% 

LM MF 3,0 -5% 23,9 -39% 2,5 -57% 

RM MF 2,5 -19% 25,7 -35% 3,7 -36% 

CM MF 3,1 0% 36,2 -8% 7,7 34% 

COM MF 3,4 7% 43,4 10% 8,0 38% 

ST AT 3,4 9% 36,8 -6% 6,6 15% 

RW AT 3,4 8% 41,6 6% 8,4 45% 

LW AT 2,9 -6% 43,1 10% 9,1 58% 
Table 17: Average number of injuries, injury duration and market value per position; relative deviation from mean 

Cluster Entries Adj. R2 
Mean market 

value 

p-value 

Duration 

Duration 

coefficient 

Defenders 1,457 0.9973 € 3.0m 0.2000 - 

Midfielders 1,195 0.9963 €5.0m 0.9900 - 

Attackers 1,141 0.9965 € 4.0m 0.0008 €1.6k 
Table 18: OLS regression results per cluster 
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The obtained results are summarized in Table 18 and show that only within the attacking players 

cluster there is explanatory power in the duration of injuries as a variable to determine market 

values. The duration coefficient represents the reduction in market value per day injured. 

7.4 Results 

In conclusion, the research on the effect of the position on injury risk in male football players 

suggests that defensive and attacking players are at a higher risk of injury compared to other 

positions. There are several reasons why defensive players may be at a higher risk of injury. 

For example, center backs and fullbacks may be at a higher risk due to the number of aerial 

challenges and one-on-one situations they face. On the other hand, defensive midfielders may 

be at a lower risk due to the more controlled nature of their position and the ability to cover for 

teammates. For attacking players, the analysis can confirm the previously outlined inclinations 

that they are slightly disproportionately more liable to be injured. The generally observed lower 

mean market values for defenders could be explained through their increased risk of sustaining 

an injury. However, this relationship does not hold true for attacking positions. Therefore, as 

future outlook, it would be interesting to further highlight that specific player type and other 

associated factors that could influence the market value. This would help to ensure that clubs 

are making informed decisions when it comes to signing players, and that the market value of 

players accurately reflects their potential contribution to the team.
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8. Conclusion 

The aim of this work was to analyze the risk of injuries for potential investors, in this case 

football clubs, desiring to acquire a new player. As soon as an investment decision for a club is 

pending and scouts have discovered a potential transfer, the target is carefully assessed, and all 

risks and opportunities are priced so that a competitive offer can be made. Due Diligence 

encompasses a broad range of criteria. The purchasing football club must evaluate the player's 

fitness, health status, injury risk, prior performance, potential, and popularity, among numerous 

other value-driving criteria. In this study, the role of injuries as a risk was examined in greater 

detail. Using both simple linear regression and more complex machine learning techniques, a 

model for estimating market value was developed. With performance data and player attributes 

such as height, age, and injury history, a model with an adjusted R2 greater than 0.91 was fitted. 

We discovered that a direct effect of the overall injury duration over a 6-month period is a key 

value-driving element.  

Based on these findings, additional studies were conducted to investigate potential hidden 

effects of injuries incorporated into other characteristics, such as age or position. These studies 

revealed an age-dependent distinction in the significance of injuries. The occurrence of injuries 

has a disproportionately negative impact on the market value of young players, whereas the 

reduction in market value related to injury duration is 70% less than that of young players. An 

old player's market worth is not significantly impacted by the number of days missed due to 

injury in the previous six months. Several qualitative examples were presented to support the 

hypothesis that reoccurring injuries have a significant effect on the market worth of developing 

talent. Implementing a new dummy variable that accounts for the prevalence of severe recurrent 

injuries in the past could provide evidence for this notion. As a result, this characteristic is only 

significant for the group of young athletes. These results suggest that the variable Age may 

cover a fraction of the monetary damage caused by injuries. 
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Further analyses on players’ field positions were conducted to showcase potential injury 

patterns and their implications on market values. While the consensus of existing literature 

suggests a slight tendency towards an increased injury risk for attacking players, the conducted 

analyses show similar inclinations for that position cluster. However, as opposed to literature, 

this analysis also outlined an increased risk for defenders. The data at hand was tested for injury 

proneness (i.e., number of injuries) and injury severity (i.e., length of the injury) for each of the 

clusters. Observations show that, along these two dimensions, attackers and defenders suffer 

from disproportionately more and longer injuries when compared to midfielders and 

goalkeepers. However, when testing this within each positional cluster for significance, only 

the attackers returned meaningful results, with a € 1.6k reduction in market value per day 

injured. Despite the lack of statistical significance in the defender cluster, these results insinuate 

that there are hidden effects of a player’s position in other model variables. 

As cruciate ligament injuries had the longest average duration, the implications of this injury 

category on performance and market values were examined. This showed that footballers 

without CLTs outperformed their injured counterparts in critical metrics such as duels won, 

pressing metrics, passing, assists, and goals. Furthermore, it could be determined that players 

who suffer a cruciate ligament tear in their peak suffer the greatest negative effects on their 

market value. Those who are affected in their early careers also experience a dip in their market 

value but have a better chance of recovering from it in the following years. No clear effect was 

found for players who are affected late in their careers. Since the risk of suffering another CLT 

is higher than if a player has not yet had one, CLTs are very serious risk factors that shape the 

careers of affected football players. 



Group Part 

 54 

9. Limitations and future work 

Throughout the course of working on this project, we encountered various limitations. First, it 

is difficult to make conclusions regarding the value of players from leagues with less coverage 

because the availability of data varies heavily. In addition, Transfermarkt statistics may be 

biased as market values could be partially manipulated and injury occurrences are not labelled 

accurately. For example, we saw durations of 19 to 587 days within the category ‘cruciate 

ligament injury’, which indicates that these may relate to dissimilar injuries. This bias may have 

transferred to our model. Unfortunately, there was no comparable database to validate the 

provided values. CIES and KPMG cover fewer participants and employ different 

methodologies. Besides, Hamburger SV was unable to provide us with a detailed 

documentation for the Opta data. Thus, there is still potential for improvement in data 

processing and feature selection, as it is practically impossible to identify every bias without 

knowing a feature's precise meaning. In addition, the supplied dataset is missing potentially 

essential information, such as the popularity of a player or absence owing to poor performance. 

We could not include popularity since we did not have access to data on the development of 

likes for players’ social media accounts over time. Moreover, if a player is injured for an 

extended length of time and does not play during a specific time period, his absence will not be 

visible to the model since no Opta data is available. We investigated a number of strategies, 

such as combining last seen performance with a dummy that compensates for long-term 

injuries, but this negatively affected the accuracy of our model. A possible time lag for the 

effect of injuries on market prices was another issue we encountered during data preparation. 

Due to delay in the recovery process, injuries may cause financial damage over time. Therefore, 

the change in market value caused by an injury may not occur entirely within the specified 

timeframe. A time series modelling technique could be an intriguing study strategy for the 

future. 
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Future research could include the perspective of actual transfer fees paid to review in how far 

clubs price in injury parameters in a deal. Moreover, with a sufficient data base, other less 

prominent leagues could be included in a model, to investigate whether our findings hold true 

there. Player positions could be regarded more differentiated, i.e., not just using the category 

‘defender’, but ‘center back’, ‘left back’, ‘right back’, and so on. In addition, it would be 

intriguing to analyze especially goalkeepers and how injuries to the upper extremities affect 

them. Next to popularity, adding sentiment data to a model would be a captivating approach. 

Research has shown that using both the volume and sentiment of social media data can 

improve the accuracy of predictive models (Gayo-Avello 2013).  
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Appendix 

Most important factors: 

Future prospects 

Age 

Sporting achievements in club and national team 

Level and importance of the league, both athletically and financially 

Reputation/prestige/character traits 

Development potential 

League-specific characteristics 

Marketing value 

Number & Reputation of interested parties 

Performance potential 

Experience Level 

Injury susceptibility 

Different financial conditions of clubs and leagues 

General demand and trends on the market 

General development of transfer fees 

External factors such as the Corona pandemic and its consequences 

Individual transfer modalities: 

Transfer by means of purchase option/compulsory purchase 

Loan fee 

Only part of transfer rights acquired 

Exit clause 

Repurchase option 

Player swap/offset 

Contract length 

Resale participation 

Bonuses 

Embellishment of the financial balance sheet 

Situational conditions: 

Pressure situations such as competitive, success or financial pressure, etc. 

Will/desire/interests of the player 

Club does not sell to highest bidder 

Player goes on strike or similar 

High salary 

Club wants to sell player 

Table 19: Value drivers of market values on Transfermarkt.com (Savarez03 2021) 
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