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Abstract. Due to various types of injuries, players may miss different numbers of matches. If
a key player is absent, it can significantly impact the outcome of games. Even if the player is
not central to the coach's strategy, their absence can affect substitutions. Injuries can also
impact a player's career; if a player suffers from too many injuries, their athletic career may
be shorter than that of healthier players. This is why player’s injuries are a crucial factor in
professional sports. Therefore, identifying potential factors that lead to injuries is essential
for improving the performance of professional football teams. Quantifying different degrees
of injuries is a key step in this research, and using the monetary loss from missed matches to
assess injury levels best meets the needs of professional sports managers.
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1. Introduction

Football, known as soccer in some regions, has an unparalleled influence worldwide,
transcending cultural and geographical boundaries. It is more than just a sport; it is a powerful social
phenomenon that unites people across diverse backgrounds. Major events like the FIFA World Cup
capture the attention of billions, fostering a sense of global community and shared excitement.

According to data, all clubs in the top 10 of player market values are powerhouses. Although the
Premier League does not have any teams in the top three, it boasts five clubs in the top 10—
Manchester City, Manchester United, Chelsea, Arsenal, and Liverpool—representing a significant
advantage for the Premier League among elite clubs. Additionally, in the rankings of the top 20 and
top 50 clubs, the Premier League has seven and 15 clubs listed, respectively, leading among the top
five leagues. This demonstrates that the Premier League is not solely reliant on a few big teams.

Injuries pose significant challenges for football players, affecting their physical performance and
mental well-being. Physically, injuries can lead to setbacks, as time away from the game hinders a
player’s development and form. Some injuries may also result in chronic issues, impacting career
longevity and overall health. All in all, injuries represent a significant hurdle for football players.

We have also noticed that in our group, older players have a slightly higher risk of injury
compared to younger athletes. Our viewpoint is the same as that presented in Arni Arnason’s article
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on Risk factors for injuries in football.
In our research, we will focus on the physical condition of football players, average yellow card

occurrences per match, total yellow cards, ground confrontation, and header confrontation to study
the relationship between these factors and the risk of injury for players. In conclusion, we found that
the physical condition of football players has little correlation with the risk of injury, while factors
that reflect the players' on-field behavior show a certain degree of relevance to injury risk.

2. Data and tools

In this section, we briefly describe the data sets we used and tools in our football analysis.

2.1. Data selection

In the beginning, we tend to collect a whole team’s injury record for two or three seasons
(https://www.tzuqiu.cc/stats.do, https://m.7m.com.cn/data/index.html) because we believe that
players from the same team face similar competition schedules, training plans, and also have very
similar dietary habits. Therefore, we think selecting data from the same team will eliminate a
significant number of irrelevant variables. After reviewing the transfer records of the Premier
League in these years (the 2020-21 season, the 2021-22 season, and the 2022-23 season), we found
that the rosters of some teams have changed significantly. As a result, we decided to abandon the
approach of studying a single team. On the contrary, we began to consider analyzing players as
individuals. Since each player comes from a different team, the samples better represent the overall
characteristics of the league. Additionally, we believe that the standardization of the Premier League
and the differences in competition format can help mitigate some of the variations.

2.2. Data preprocessing

In this section, we briefly describe the data sets we used and tools in our football analysis. In
order to make the research more time-sensitive, we choose the football player from the FA Premier
League whose player’s time on the court ranked in the top twenty in each of the three seasons: the
2020-21 season, the 2021-22 season, and the 2022-23 season. In the Premier League, there are a
number of substitute players whose playing time, match appearances, and performance data are too
limited to be included in our analysis.

To avoid incorporating data from these players, we will focus on statistical analysis of the top
twenty players with the highest playing time in each season. This approach ensures that our sample
consists of players who have had significant contributions on the field, providing a more reliable
dataset for our study.

In the course of further research on the data of these players, we found that a portion of these
players are goalkeepers. We began to re-evaluate the purpose and practical significance of our
research. We hope that our research can have universality and be applicable to most players, due to
the different movement patterns and training methods of goalkeepers compared to most other
players [1]. Goalkeepers typically possess a greater height compared to players in other positions. In
our research sample, we found that goalkeepers are indeed represented among the taller individuals.
We decided to remove this part of the goalkeeper's data.

As we delved deeper into the data, we discovered that a few players presented special cases:
some ranked among the top twenty in playing time for a particular season across all Premier League
players. While this allowed these players to be included in our analysis, unforeseen circumstances,
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such as severe injuries, caused them to miss a significant number of matches over the past three
years. For example, Stuart Dallas from Northern Ireland ranked seventh in playing time during the
2020-2021 season in the Premier League (this ranking includes goalkeepers), with a total of 3,410
minutes on the pitch. However, he suffered a leg fracture during a match against Manchester City in
2022, which significantly impacted his career, ultimately leading to his retirement in 2024. To avoid
the influence of these data points on our analysis, we decided to remove these players from the
dataset. This will help ensure the accuracy and reliability of our results.

2.3. Quantitative strategy

The next issue we face is how to quantify the injury risk of football players. To enhance the
practical significance of our research, we decided to quantify the injury risk of players by measuring
the number of days they miss due to injuries(In the following article, we will use match-loss to
replace the number of matches missed by players due to injury. This metric will help us better
understand the health status of players throughout the season and analyze factors related to injuries.
By doing so, we can more accurately assess the injury risks of different players and their potential
impact on team performance. At the same time, for the team, both the manager and the fans are more
concerned about whether players will miss the next match. During our research, we also discovered
that some players experience minor injuries, which might persist for two to three days. Interestingly,
despite these injuries, many of these players choose to continue participating in matches rather than
sitting out.

2.4. Data analysis

After completing the data preprocessing work, we began analyzing the data. We conduct OLS
regression analysis on the basic variables: age, weight, and height.

Figure 1: Height Ols regression
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Figure 2: Age Ols regression

Figure 3: Weight Ols regression

We conducted an OLS regression analysis using players' height, age, weight, and the number of
match-loss. Figure 1 shows that the R-squared of height and match-loss is 0.003(0<R-squared<1).
Combined with other data, it also shows that a player's height does not have much to do with injury
risk. As shown in Figure 2, the R-squared of age and match-loss is 0.001(0<R-squared<1). Similarly,
we cannot conclude that there is a significant correlation between a player's age and injury risk. and
the R-squared of weight and match-loss is 0.002(0<R-squared<1) (see Figure 3). These analysis
results indicate that the players' weight[2][3], height, and age have little correlation with match-loss.
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Figure 4: Visualization of weight and match-loss

Figure 5: Visualization of age and match-loss

To further validate that age and weight do not correlate to a certain extent for a player's athletic
risk, we visualized individual data samples. Figure 4 shows there was no linear or other correlation
between the distribution of data between age and the player's injury risk. As shown in Figure 5, there
is also no clear indication of age and athletic risk in players, suggesting a strong correlation between
player’s age and injury risk.

3. Interpretation of the data results

Then, we visualized the data on weight, age, and match-loss and found that neither shows any
correlation with match-loss. This also indirectly confirms our previous data analysis results.
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We began to reflect on why our previous assumption that the players' basic data and match-loss
were related was incorrect. For football players, various physical attributes are indeed important
factors. However, injuries often occur when players engage in particularly risky actions. Thus, we
shifted our focus to analyzing player behavior rather than their physical attributes[4]. We began to
consider whether there is a standardized assessment or metric for analyzing overly dangerous
movements in football players.

Therefore, we thought about analyzing the number of yellow cards received by football players.
We also concluded that the number of ground duels and aerial duels in football can also serve as
indicators to assess the risk associated with the sport. This time, to more intuitively illustrate the
relevant analytical results, we used the heat map to represent the relationship between various
variables and match-loss.

In this picture, tackle total refers to the player's total number of sliding tackles in three
seasons(the 2020-21 season, the 2021-22 season, and the 2022-23 season). Tackle average refers to
the average number of sliding tackles per game.

Quantity yellow refers to the player's total number of yellow cards in three seasons (the 2020-21
season, the 2021-22 season, and the 2022-23 season). Average yellow refers to the average number
of yellow cards per game. Head refers to the number of header confrontations. And ground refers to
the total number of ground confrontation.

Figure 6: Heatmap of the variables

Figure 6 shows that the number of yellow cards, the average number of yellow card per game,
header confrontation and ground confrontation are highly correlated with the injury risk of players
[5].

Table 1: Correlation analysis and t test of header and ground confrontation on injury risk

Correlation P value
Ground 0.448162 0.01986
Head 0.366320 0.01878

After that, we conducted a t-test on the ground confrontation and header confrontation that
showed significant results in the heat map. Table 1 shows that our Ground p-value is
0.01986(0.01<p value<0.05) and Head p-value is 0.01878(0.01<p value<0.05). This also validates
the results of our previous correlation analysis.
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3.1. Player’s age

Figure 7: The distribution of the number of players by age group and the total number
of injuries by age group in the sample data

Figure 7 shows that height and age have no correlation, the weight and match loss have a weak
correlation. Payer’s age and game loss have a weak relation, but it’s still reflecting some facts. Due
to the players ' numbers, 23-26 is the biggest, but 27-30 players have the most injuries, and the
players between 27-30 have the most probably injuries that lead to match loss[6].

Besides physical conditions, the action in the match is also related to the player’s injuries[7],
especially when players are having an aggressive game or having strong physical confrontations.

3.2. Movement of player

The tackle average, tackle total, average Yellow, quantity yellow, head[8], and ground all have
different positive levels of correlation with injuries. Compliance with the rules of football is
fundamental to ensuring fair play and player safety. The yellow card system, as a key disciplinary
measure in the game, is designed to warn players and prevent the repetition of misconduct, thereby
maintaining the integrity and flow of the game. Through an in-depth analysis of the patterns and
reasons for the issuance of yellow cards in football matches, this paper explores the behaviors that
lead to players getting yellow cards and further studies the impact of these behaviors on the process
of the game, tactical arrangements, and athletes' individual performance. The overview of the yellow
card rules is that according to the regulations of the International Football Federation (FIFA), yellow
cards apply to a range of behaviors. This includes but is not limited to, inappropriate behavior,
violent behavior, serious fouls, use of insulting language or gestures, and diving. Yellow cards are
issued to warn players to avoid repeated fouls or more serious violations.

3.3. Yellow card

The main reason for getting a yellow card:

3.3.1. Foul play

Foul play is the most common cause of yellow cards. This includes excessive physical contact in
the contest for the ball, improper tackles, and pulling on opponents[9].



Proceedings	of	the	3rd	International	Conference	on	Global	Politics	and	Socio-Humanities
DOI:	10.54254/2753-7048/2024.24808

50

3.3.2. Improper behavior

Dissatisfaction and protests against refereeing decisions, as well as the use of abusive language or
gestures, are also common reasons for yellow cards to be issued.

3.3.3. Tactical fouls

A player may commit a tactical foul in order to interrupt the rhythm of an opponent's attack or to
protect their own goal, which is usually also punishable by a yellow card warning. Psychological
and social factors behind yellow cards:

Competitive mentality: Athletes' competitive mindset can lead them to adopt riskier behaviors at
critical moments.

Team strategy: Coaches' tactical arrangements may sometimes require players to commit fouls to
achieve this, which can also increase the risk of yellow cards[10].

Referee's penalty standards: Different referees have different standards of punishment
The main function of yellow cards is to help players, coaches, and referees to manage the game

better, reduce unnecessary fouls, and improve the enjoyment and fairness of the game.
Above all, A less talented team might choose to delay the game and stop an opponent's attack by

committing fouls to compensate for their inability to guard an opponent's player. A more aggressive
game should show up with more steals, so we standardized the number of fouls as the number of
fouls a team committed to determine the likelihood that a tackle led to a foul.

4. Discussion

Our paper studies the relationship between the basic physical conditions of football players, such
as height, weight, and age, as well as factors like aggressive behavior, the number of yellow cards,
and the risk of injury. We conclude that the basic physical conditions of players have little
relationship with the risk of injury. At the same time, the average number of yellow cards per game
for players is somewhat related to the risk of injury. Finally, ground confrontation and header
confrontation among football players are strongly correlated with the risk of injury.

At the same time, our paper has limitations in the data. Our data covers the time span from 2020
to 2023. However, during the COVID-19 pandemic, the Premier League was impacted, with a
suspension from March 2020 to June 2020. Additionally, the implementation of certain preventive
measures may have influenced our data collection and the performance of some players.
Additionally, some players participated not only in Premier League matches but also in other
competitions during certain years, resulting in varying levels of athletic intensity and match density
over a short period. Due to the unique circumstances of some players, there may be instances where
a player ranks in the top twenty for playing time in the Premier League one year, but then transfers
to another league the following year. This also contributes to potential inaccuracies in our data.

To address this challenge, we propose increasing the sample size, as the phenomenon of players
participating in other league matches is common in the Premier League. This could help reduce the
impact of some irrelevant variables.

We believe that football clubs in different leagues and regions have varying conditions regarding
diet, training plans, officiating standards, average attacking intensity, average defensive
intensity[11], and tactical strategies. Therefore, we think that future research should focus more on
the risk of injuries in other regions, providing scientific guidance for teams and players.
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5. Conclusion

In this study, we examined various factors related to football players, including their physical
condition, average yellow card occurrences per match, total yellow cards, ground confrontation, and
header confrontation, to explore the relationship between these elements and the risk of injury. Our
findings indicate that the physical condition of football players has little correlation with injury risk.

Conversely, aspects that reflect the players' on-field behavior demonstrate a certain degree of
relevance to the likelihood of sustaining injuries. This suggests that focusing on behavioral metrics
may provide valuable insights for injury prevention strategies in football.
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Appendix: code

[12]#code of t test

[13]import pandas as pd

[14]from scipy.stats import pearsonr, ttest_ind

[15]

[16]# import dataset

[17]file_path = r"C:\Users\Puzhifan\Desktop\football data3.xlsx" #
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[18]df = pd.read_excel(file_path)

[19]

[20]# delete the null

[21]df = df.dropna(subset=['match-loss', 'ground'])

[22]

[23]

[24]# Correlation calculations

[25]corr, _ = pearsonr(df['match-loss'], df['ground'])

[26]print(f'Correlation : {corr}')

[27]

[28]# t test

[29]group1 = df[df['match-loss'] > 2]['ground']

[30]group2 = df[df['match-loss'] <= 2]['ground']

[31]t_stat, p_value = ttest_ind(group1, group2)

[32]

[33]print(f't test: {t_stat}, p value: {p_value}')

[34]

[35]#code of t test

[36]import pandas as pd

[37]from scipy.stats import pearsonr, ttest_ind

[38]

[39]# import dataset

[40]file_path = r"C:\Users\Puzhifan\Desktop\football data3.xlsx" #

[41]df = pd.read_excel(file_path)

[42]

[43]# delete the null
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[44]df = df.dropna(subset=['match-loss', 'head'])

[45]

[46]

[47]# Correlation calculations

[48]corr, _ = pearsonr(df['match-loss'], df['head'])

[49]print(f'Correlation : {corr}')

[50]

[51]# t test

[52]group1 = df[df['match-loss'] > 2]['head']

[53]group2 = df[df['match-loss'] <= 2]['head']

[54]t_stat, p_value = ttest_ind(group1, group2)

[55]

[56]print(f't test: {t_stat}, p value: {p_value}')

[57]

[58]

[59]#code of heat map

[60]import pandas as pd

[61]import matplotlib.pyplot as plt

[62]import seaborn as sns

[63]

[64]# Import data from Excel

[65]injury_data = pd.read_excel(r"C:\Users\Puzhifan\Desktop\football data4.xlsx") # Ensure the file
name and path are correct

[66]

[67]# Check data types

[68]print(injury_data.dtypes)
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[69]

[70]# Set the style for seaborn

[71]sns.set_style("whitegrid")

[72]

[73]# Create subplots

[74]fig, axes = plt.subplots(nrows=3, ncols=2, figsize=(15, 15))

[75]

[76]# Select numerical columns for correlation calculation

[77]numeric_data = injury_data.select_dtypes(include='number')

[78]

[79]# Calculate the correlation matrix

[80]correlation_matrix = numeric_data.corr()

[81]

[82]# Create a heatmap to visualize the correlation matrix

[83]plt.figure(figsize=(30, 30)) # Adjust figure size

[84]sns.heatmap(correlation_matrix, annot=True, cmap='coolwarm', center=0)

[85]plt.title("Correlation Heatmap of Features")

[86]plt.show()

[87]

[88]plt.tight_layout()

[89]plt.show()

[90]

[91]#code of visualization

[92]import pandas as pd

[93]import seaborn as sns

[94]import matplotlib.pyplot as plt
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[95]import statsmodels.api as sm

[96]

[97]# Import the Excel file, assuming the file name is 'football_data.xlsx'

[98]file_path = r"C:\Users\Puzhifan\Desktop\football data2.xlsx" # Change to your file path

[99]data = pd.read_excel(file_path)

[100]

[101]sns.scatterplot(x='weight', y='match-loss', data=data)

[102]plt.title('Weight vs match-loss')

[103]plt.xlabel('Weight (kg)')

[104]plt.ylabel('match-loss')

[105]plt.show()

[106]

[107]# Calculate the correlation coefficient

[108]correlation = data['weight'].corr(data['match-loss'])

[109]print(f'Correlation between weight and match-loss: {correlation:.2f}')

[110]

[111]# Linear regression analysis

[112]X = data[['weight']]

[113]y = data['match-loss']

[114]

[115]# Add a constant term

[116]X = sm.add_constant(X)

[117]model = sm.OLS(y, X).fit()

[118]

[119]# Output the model summary

[120]print(model.summary())
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