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This research investigates the influence of performance metrics on match
outcomes and constructs a predictive model using data from the Qatar World
Cup. Employing magnitude-based decision and an array of machine learning
algorithms, such as Decision Trees, Logistic Regression, Support Vector
Machines, AdaBoost, Random Forests, and Artificial Neural Network, we
examined data from 59 matches, excluding extra time. Fourteen performance
indicators were integrated into the model, with two types of match
outcomes—winning and non-winning—serving as the output variables. The
ANN model exhibited the highest predictive performance, achieving an
accuracy of 75.42%, an AUC of 76.96%, a precision of 72.73%, a recall of
65.31%, a specificity of 77.03%, and an F1 score of 68.82%. SHAP analysis
revealed that "On Target’, "Shooting Opportunity’, and “Ball Progressions”
were the most influential features. These findings underscore the critical role
of shooting accuracy and the creation of scoring opportunities in determining
match outcomes. Consequently, this study developed an accurate model for
predicting match outcomes and meticulously analyzed the match
performance. Coaches should prioritize the sensitive indicators identified in
this study during training and structure training sessions accordingly.

KEYWORDS

World Cup, football, match performance analysis, machine learning, magnitude-
based decision

1 Introduction

Football performance analysis aims to determine the quantitative relationship among
various aspects, links, and components of the system as well as their characteristics by
using data to reflect the technical, tactical, and other aspects of the game (1). In other
words, it is a research method for investigating the game system. With the rapid
development of wearable devices and optical tracking technology, performance analysis
has transitioned from simple descriptive statistics to in-depth analysis based on
electronic information and artificial intelligence. This technological empowerment
promotes the application of artificial intelligence in the development of performance
analysis. The fusion of multi source heterogeneous data can facilitate the application of
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performance analysis in quantitatively studying performance
dimensions that were previously difficult to quantify (2). In
traditional game analysis research, technical and tactical
indicators are often separated from factors such as time, location,
and opponents, resulting in a lack of validity and reliability in
the construction of technical and tactical evaluation systems. To
address this deficiency the data collected for technical, tactical,
and physical indicators should cover category, effect, time,
location, and defensive intensity aspects (3). As a carrier of
technical, tactical, and physical performance information,
indicators that reflect the intrinsic and extrinsic characteristics
and patterns of the game can guide the team’s training and
The playing

technical-tactical crucial for

competition (4). correlation between passes,

formations, and elements is
understanding team performance during competitions. Offensive
formations tend to increase possession and passing accuracy,
while defensive formations rely on counterattacks and long
passes. High-performing teams also demonstrate better balance
in player positioning and pressing strategies, contributing to
greater control in key areas of the field (5-7).

With the continuous development of computer science and
data mining technology, machine learning algorithms based on
artificial intelligence have been proven to predict match
outcomes and analyze match characteristics. For example, new
supervised models, such as artificial neural networks (ANNs),
support vector machines (SVMs), and random forests (RFs)
have demonstrated excellent predictive performance in
different domains. In recent years, machine learning has been
utilized to predict the outcome of sports matches, such as K-
nearest neighbors (KNN) algorithm, RF, logistic regression
(LR), and SVM (8-10). These models incorporated 9 features
and 640 data points, with LR achieving the highest prediction
accuracy of 63% (11). Another study applied six different
machine learning algorithms (naive Bayes, Bayesian networks,
logit boost, KNN, RF, and NN) to predict the results of UEFA
Champions League matches, with the NN model achieving a
prediction accuracy of 68.8% for win, draw, and loss outcomes
(12). In recent years, scholars have used the Bayesian model
averaging approach to analyze the relative importance of
performance-related factors in determining match outcomes in
the “Big Five” European football leagues (English Premier
League, German Bundesliga, Spanish La Liga, French Ligue 1,
and Italian Serie A) from the 2012/2013 to 2014/2015 seasons.
The number of saves made by goalkeepers could be an
important factor for predicting team performance; however,
it had been overlooked in previous research (13). Besides
predicting match outcomes, machine learning can analyze
the relationship between indicators and prediction outcomes.
For instance, Random Forest (RF) or Decision Tree (DT)
models calculate indicators importance using Gini index and
information gain (14). SHAP (SHapley Additive exPlanations)
is also a powerful and unified metric for interpreting
machine learning model outputs. It provides a consistent
approach to understanding the impact of indicators on model
predictions. This method allows for the fair allocation of each
indicator’s influence on the prediction, taking into account the
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potential interactions and dependencies between indicators.
Additionally, LIME (Local
Explanations) achieves indicators importance analysis by

Interpretable Model-agnostic
fitting a locally interpretable model around a specific data
point (15, 16). These methods offer different perspectives and
techniques for interpreting indicators importance, widely used
in the explainability research of various machine learning
models. Currently, machine learning algorithms commonly
used in performance analysis in competitions include ANN,
LR, decision trees (DT), RF, SVM, and AdaBoost (17-19).
Therefore, selecting more scientific statistical models and
inference methods to predict the development trends of
tactics and physical demands can improve the decision-
making abilities of athletes and coaches, the direction and
targeting of training, and the application value of match
performance analysis.

Considering the aforementioned points, this study focuses on
the 64 matches of the 22nd World Cup as its research subject.
By integrating statistical methods and algorithms, such as
magnitude-based decision and machine learning, this study
explores the impact of competition performance on match
outcomes and constructs a predictive model. This study aims to
build upon the research achievements of previous scholars and
provide a theoretical foundation for coaching practices and
enhancing players’ match performance by examining the
significance of various dimensions of competition performance in
influencing match outcomes.

2 Materials and methods
2.1 Sample

This study involved the analysis of publicly available data
obtained from the post-match analysis reports published by the
FIFA Training Center (https://www fifatrainingcentre.com), and
the reliability and accuracy of the data sources in the reports
have been validated (20, 21). The total includes 94 indicators
related to performance in the competition. Considering the
significant difference in data between overtime matches and
regular time matches, five matches that entered overtime in the
knockout stages were excluded, and the remaining 118 sets of
data from 59 matches were analyzed and studied. The
and the
independent variables were in possession, out of possession,

dependent variable was the match outcome,

and running-related indicators.

2.2 Statistical analyses

2.2.1 Data pre-processing

The possession phase, out of possession phase, and running-
related indicators were standardized according to the possession
rate of both sides in the match. Among them, the data obtained
when the team of interest had possession were standardized to
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the value corresponding to the team’s 50% possession rate:

Voriginal

V standardized = x50% ( 1 )

own
Further, the data obtained when the opponent had the
possession were standardized to the value when the opponent
had a possession rate of 50%:

Voriginal

V standardized= x50% (2)

opponent

Indicators measured in percentages, such as ball possession
rate, shooting accuracy rate, and success rate, were not
standardized. Subsequently, nonclinical magnitude-based
decision was used to statistically infer the standardized and
different

Differences in means were converted into effect sizes (ES), and

reciprocal indicators under game outcomes.
the inferred results were presented as ES +90% CI. According
to the magnitude of the ES, the ES thresholds for small,
moderate, large, very large, and extremely large were 0.2, 0.6,
1.2, 2.0, and 4.0, respectively (22). When the 90% CI for the
include #0.2, the

considered pronounced.

ES value does not difference can be

2.2.2 Machine learning

Building upon previous research, this study selects several
commonly used supervised learning algorithm models in team
performance analysis, including DT, Logistic Regression (LR),
SVM, AdaBoost, RF, and Artificial Neural Network (ANN) to
These
and advantages,

construct predictive models for match outcomes.
their
suitable for different types of data and problems. DT, LR

models have own characteristics
and SVM are widely used supervised learning algorithms in
scientific research, such as, predicting match outcomes, a
team’s goal difference, and players’ physical performance
(16, 23-25). AdaBoost and RF are both powerful ensemble
learning algorithms widely used in competition performance
player
outcomes or in-game status for their robustness and high

and spatiotemporal tracking dataset to predict
predictive performance (24, 26). It reduces the risk of

overfitting and enhances the model’s accuracy and
robustness. ANN is a computational deep learning model
inspired by the human brain’s neural networks. It can learn
complex patterns and relationships in data by adjusting the
weights of the connections based on the error in predictions
(27, 28). The dataset was split into training (n=106) and
validation (n=12) sets while utilizing the 10-fold cross-
validation to avoid overfitting the training data (29). The
commonly used methods for hyperparameter tuning include
Bayesian optimization, random search, and grid search. In
this study, grid search was chosen for hyperparameter
select the

combination and iterate through the process. The model’s

tuning to automatically optimal parameter

evaluation involves the calculation of True Positives (TP),

True Negatives (TN), False Positives (FP), and False
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Negatives (FN) to compute the model’s Accuracy (Acc),
Precision (P), Recall (R), Specificity (S), and F1 score, as
shown in the following formulas:

TP+ TN
Acc —
“CTTPYTN+FP+FN (3)
TP
P——— 4
TP + FP @)
TP
R 5
TP + FN (%)
TN
S*TN+FP ©)
2PR
Fl=—" 7)
P+R

TP: number of samples predicted as true and their actual values
were true, FP: number of samples classified as true but their actual
values were false, TN: number of samples classified as false but
their actual values were true; FN: number of samples classified as
false and their actual values were false (12, 30). Besides The area
under the receiver operating characteristic curve (AUC) was
calculated to assess the predictive performance of the model.
Accuracy, AUC, Recall, Specificity and F1 score explain the
predictive performance as follows: 0.5 (meaningless), 0.51-0.69
(poor), 0.7-0.79 (fair), 0.8-0.89 (good), 0.9-0.99 (excellent), 1
(perfect) (31, 32). Considering the role of SHAP values in
explaining feature importance, this study selects the model with
the highest goodness of fit to calculate SHAP values and analyze
their importance on match outcomes (33).

Initially, the raw indicators were standardized, and the effect
size for magnitude-based decision was calculated for indicator
selection using the Microsoft Excel spreadsheet specially designed
by Hopkins (34). Machine learning algorithm models were
constructed and competition performance features were analyzed
using the Scikit-learn library in Python 3.8.

3 Results

Magnitude-based decision was utilized to calculate the effect
sizes (ES) and confidence intervals of the standardized indicators,
concentrating on those metrics that are most likely to impact
competition outcomes. The ES values and confidence intervals
for the possession phase, non-possession phase, and running-
1-3. Fourteen
indicators were selected based on the magnitude of their inferred

related indicators are presented in Figures

impact on match performance.
Table 1 shows the selected input indicators for model
were the

construction whereas the outputs

outcomes. The classification of competition outcomes consists of

competition
two categories: winning and non-winning, where draws and

losses are included in the non-winning category. “Winning” is
assigned a value of “0”, and “non-winning” is assigned a value of
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Second Balls

Goalkeeper Line Breaks
Throw Distribution (Goalkeeper)
Kick from Hands (Goalkeeper)
Kick from Feet (Goalkeeper)

Throw Ins

Penalties

Direct Free Kicks

Indirect Free Kicks

Free Kicks

Corners

In Behind(Movement to Receive)

In to Out(Movement to Receive)

Out to In(Movement to Receive)

In Between(Movement to Receive)

In Front(Movement to Receive)

Total Offers Received

Offers Made in Defensive Third

Offers Made in Middle Third

Offers Made in Final Third

Offering to Receive
Line Height (Final Third Phase)
Formation Area (Final Third Phase)
Line Height (Build Up Mid)
Formation Area (Build Up Mid)
Line Height (Build Up Low)
Formation Area (Build Up Low)
Push Cross (Delivery Type)
Cutback (Delivery Type)
Lofted (Delivery Type)
Driven (Delivery Type)
Outswing (Delivery Type)
Inswing (Delivery Type)

Crossing Accuracy%

Crosses

Receptions in the Final Third

Lost Balls In Own Half

Defensive Line Breaks

Ball Progressions

Completed Line Breaks

Attempted Line Breaks

Passing Accuracy

Completed Passes

Total Passes

On Target

Shot

Shooting Opportunity

Possession%

FIGURE 1

Effect Size[90%Cl]

: Trival : Small

Comparative results of technical and tactical performances in possession phase. When the bars of one variable crossed the negative and positive
smallest worthwhile change threshold at the same time, the effect was unclear. Asterisks indicate the likelihood for the magnitude of the true
differences between mean as follows: *possible; **likely; ***very likely; ****most likely.
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Line Height (Low Block)
Formation Area (Low Block)
Line Height (Mid Block)
Formation Area (Mid Block)
Line Height (High Block)
Formation Area (High Block)

Offside

Yellow Card

Fouls

Pressing Direction Outside

Pressing Direction Inside

Pushing on

Pushing on into Pressing

Duels

Aerial Duels

Physical Duels

Possession Contests

Clearances

Block Crosses

Block Attempts at Goal

Block Passes

Blocks

Possession Actions/Defensive Action

Tackles

Interceptions

Regained Possession In Opponent's Half

Possession Regained

Forced Turnovers

Ball Recovery Time

Avg Pressure Duration

Direct Pressures

Defensive Pressures Applied

FIGURE 2

Comparative results of technical and tactical performances in the non-possession phase. When the bars of one variable crossed the negative and
positive smallest worthwhile change threshold at the same time, the effect was unclear. Asterisks indicate the likelihood for the magnitude of the
true differences between mean as follows: *possible; **likely; ***very likely; ****most likely.

Effect Size[90%Cl]

“1” as the output of the model. Using six different machine
learning algorithms to construct a model for predicting
competition outcomes, the predictive performances of the
different models are shown in Table 2. The confusion matrices of
the six models—DT, LR, SVM, RF, AdaBoost, and ANN—are
shown separately in Figure 4. By evaluating the accuracy of the
predictive models, it is observed that ANN (75.42%)=LR
(75.42%) > SVM (72.88%) = RF (72.88%) > AdaBoost (70.34%) >
DT (67.82%). However, the AUC value of the ANN model
(76.96%) exceeds that of the LR model (74.86%). Overall, the
performance of the ANN model is superior in predicting
match outcomes.

SHAP values were then utilized to assess the significance of
indicators in the ANN model designed for forecasting match
outcomes. The importance ranking of the 14 features is shown in

Frontiers in Sports and Active Living

Figure 5. SHAP values are on the x-axis, indicating the impact of
an indicator on the model’s output. A positive SHAP value
indicates that the feature increases the predicted value, while a
negative SHAP value indicates that it decreases the predicted
value. The color represents the indicator value; blue dots indicate
low significance of the indicators, while pink dots indicate high
significance of the indicators.

4 Discussion

This study developed a predictive model for match outcomes
using performance data from the Qatar World Cup, with the
Artificial Neural Network (ANN) model exhibiting the highest
(Accuracy =75.42%; AUC =76.96%;

predictive  performance

frontiersin.org
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Percentage of Sprinting Distance
Percentage of High-Speed Running Distance
Percentage of Med Running Distance
Percentage of Jogging Distance
Percentage of Walking Distance
Sprints

High Speed Runs

Sprinting Distance

High-Speed Running Distance
Medium-Speed Running Distance
Jogging Distance

Walking Distance

Total Distance

-2

FIGURE 3

follows: *possible; **likely; ***very likely; ****most likely.

Comparative results of running-related performance. When the bars of one variable crossed the negative and positive smallest worthwhile change
threshold at the same time, the effect was unclear. Asterisks indicate the likelihood for the magnitude of the true differences between mean as

+ @ J
06 -0.2 0.2 0.6 1.2 2
Effect Size[90%ClI]

TABLE 1 Selected indicators.

’ Input indicators

In possession On Target, Shooting Opportunity, Shot, Ball Progressions,
Completed Line Breaks, Defensive Line Breaks, Receptions in the
Final Third, Kick from Hands (Goalkeeper), Crossing Accuracy
%, Cutback (Delivery Type), Corners, Attempted Line Breaks

Running-

related

Walking distance, Percentage of Jogging Distance

Precision = 72.73%; Recall = 65.31%; Specificity = 77.03%; F1 score
=68.82%). Fourteen indicators were incorporated into the model
construction, with their importance ranked as follows: On
Target, Shooting Opportunity, Ball Progressions, Kick from
Hands (Goalkeeper), Percentage of Jogging Distance, Completed
Line Breaks, Corners, Crossing Accuracy%, Receptions in the
Final Third, Shot, Attempted Line Breaks, Walking Distance,
Defensive Line Breaks, and Cutback (Delivery Type).

Machine learning algorithms have been extensively applied in
the realm of team sports. In this study, the ANN model
demonstrated superior performance. ANN models are highly
effective in capturing non-linear relationships and feature
interactions due to their multi-layered architecture. Nonetheless,
the Logistic Regression (LR) model achieved a comparable
accuracy (75.42%) to that of the ANN model. The linear
relationship between competition performance and outcomes

Frontiers in Sports and Active Living

may explain why the LR model exhibits strong performance. LR,
being a simpler model, is less prone to overfitting compared to
ANN, particularly when the dataset is not exceedingly large.
Additionally, hyperparameter tuning during model construction
can effectively enhance the performance of the LR model. The
robustness of the ANN model is reflected in its high precision
(72.73%) and specificity (77.03%), indicating its ability to
accurately identify non-winning matches. This suggests that the
ANN model effectively distinguishes between winning and non-
winning conditions, likely due to its ability to process and learn
from detailed and varied input indicators (35). In complex
scenarios, technical and tactical performance significantly impacts
competition outcomes. Therefore, the objective and reliable
match outcome prediction provided by the ANN model is more
suitable for meeting the analytical needs of match performance
than solely relying on expert experience, intuition, or basic
statistical data.

From the perspective of predictive performance, our findings
exhibit a degree of comparability with previous studies. Some
scholars have used the ANN model to predict the outcomes of
the 2006 World Cup, achieving an accuracy rate of 76.9%, which
is slightly higher than the accuracy rate observed in this study
(36). One reason for this difference is that in this study, draws
and losses are categorized as non-winning matches, affecting
the distribution of the game outcomes dataset. Additionally, the
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TABLE 2 Model performance Evaluation.

10.3389/fspor.2024.1410632

Mosel pccuracy UG precision L Recall L specifciy

67.82% 66.84% 61.22% 61.22% 72.46% 61.22%
LR 75.42% 74.86% 70.83% 69.39% 78.51% 70.10%
SVM 72.88% 78.62% 77.42% 48.98% 71.26% 60.00%
RF 72.88% 74.18% 65.31% 68.09% 76.06% 66.67%
AdaBoost 70.34% 69.65% 64.00% 65.31% 75.00% 64.65%
ANN 75.42% 76.96% 72.73% 65.31% 77.03% 68.82%
DT-ACC: 67.82% . LR-ACC: 75.42% SVM-ACC: 72.88%
* )
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FIGURE 4
Model confusion matrix.
increasing complexity of football matches challenges the  Research has shown that shooting-related indicators, such as the

predictability of match outcomes (37). When using ANN and LR
to build models, the prediction accuracy was 75.04% (38). Using
ANN to construct a predictive model for the outcomes of the
2018 World Cup, the model successfully predicted the team’s
outcomes as either loss or win 72.7% and 83.3% of the time,
respectively (39). Furthermore, utilizing MBD for screening
performance indicators in competitive settings results in superior
predictive performance of alternative algorithmic models compared
to previous research (40, 41).

SHAP analysis revealed that the most influential indicators in
the ANN model were “On Target”, “Shooting Opportunity”, and
“Ball Progressions”. These indicators significantly contributed to
the model’s predictive accuracy, underscoring their critical role in
determining match outcomes. The high SHAP values suggest
that frequent occurrences of shots on target and shooting
opportunities are strong predictors of match victories. Similarly,
effective ball progressions are crucial for creating scoring
opportunities, thereby increasing the likelihood of winning.
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number of shots and shots on target, significantly influence
outcomes in various football leagues, including the UEFA
Champions League, English Premier League, La Liga, and CSL
(42-44). Moreover, these indicators play a crucial role in
determining match outcomes under various contexts (45, 46).
However, “Shots” exhibit negative SHAP values for higher feature
values, indicating a detrimental effect on the model’s output.
This suggests that winning a match depends more on the quality
of shots rather than the quantity (44, 47). In this World Cup, the
total number of shots is not the main factor in determining
match outcomes; rather, an increase in shots on target improves
the probability of winning.

Ball Progressions refer to a player’s ability to penetrate the
opponent’s defensive space through dribbling, thereby disrupting
their defensive formation. This concept integrates the player’s
actions and the defensive strategies employed by the opposing
it
implementation. Defenders typically mark their opponents as a

team, thereby granting spatial attributes for practical
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SHAP value ranks.

defensive method, whereas advancing the ball allows for the
penetration of the opponent’s defensive territory, creating
numerical imbalances and scoring opportunities (48). Completed
Line Breaks, Attempted Line Breaks, and Defensive Line Breaks are
crucial indicators for predicting match outcomes. Line breaks refer
to an attacking player dribbling or passing the ball through the
lowest-positioned player in the opponent’s defensive line. By
counting the number of times the opponent’s defensive line is
penetrated, the team’s attacking style and sequence can be quantified.

In this study, SHAP values revealed that an increase in the
number of Receptions in the Final Third decreases the model’s
predictive accuracy, indicating that winning teams in this
tournament were more efficient in their offensive strategies. High
values of Corners, Crossing Accuracy%, and Cutback (Delivery
Type) enhance the model’s predictive accuracy, reflecting that
winning teams favor a more direct offensive approach. The
importance of corners on match outcomes has been confirmed
in major European leagues and in the FIFA Men’s and Women’s
World Cups (49-51). In the 2022 World Cup, 45 goals resulted
from crosses, whereas in the 2018 World Cup, only 25 goals
were scored from crosses. Dense defense in the middle forces
teams to utilize the space on the flanks and create shooting
opportunities through crosses. Therefore, winning teams are
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more efficient in converting crosses into goals than non-winning
teams. Research has analyzed the winning factors in the English
Premier League, La Liga, and Major League Soccer, finding that
crossing is the most crucial passing method in games (12).
Teams that are weaker or trailing in score often tend to focus on
crossing tactics (52).

SHAP values indicate that Kick from Hands also positively
impacts game outcomes. Previous studies emphasized the
defensive role of goalkeepers, noting that 21% of their actions
focused on controlling space and maintaining possession, while
creating scoring opportunities accounted for only about 3% (53).
Recent research has found that goalkeepers’ roles in attacking
have increased, accounting for more than 75%-80% of their
actions, and the quality of their attacks has improved, with a
success rate ranging from 88.97% to 91.66% (54). The match
philosophies of various countries have unanimously emphasized
the importance of transitioning from attack to defense and vice
versa. The significance of goalkeepers’ kicks from hands in
winning games has confirmed this viewpoint: goalkeepers can be
the starting point for transitioning from defense to attack.

This study found no significant differences in high-intensity
technical and tactical behaviors between winning and losing teams
in the 2022 World Cup. Running indicators, such as high-speed
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running and sprinting, are no longer effective in predicting match
outcomes (55). The percentage of running speeds below 15 km/h
and the distance covered at walking were higher in losing teams
compared to winning teams. Therefore, it is speculated that the
players of the winning team performed better in terms of
recovery and the associated lactate clearance after high-intensity
exercise (56). Despite the comparable amount of high-intensity
activities between winning and losing teams, the potentially slower
recovery and running speed of players in the losing teams might
predispose them to make more mistakes during the offensive and
defensive transition phases. Further studies in this regard to identify
the underlying reasons are warranted.

In conclusion, this study developed a predictive model for the
outcomes of the Qatar World Cup utilizing the ANN algorithm. It
explores the key indicators influencing the outcomes of the Qatar
World Cup and summarizes the performance characteristics of
This
theoretical basis for assessing the feasibility of using the ANN

both winning and non-winning teams. provides a

algorithm to predict World Cup outcomes.

5 Conclusion

The current research findings demonstrate that the ANN
model is capable of predicting the outcomes of Qatar World Cup
matches with good accuracy. Furthermore, an analysis of the
indicators influencing match outcomes was conducted using
SHAP values. The most important indicators affecting match
outcomes are On Target and Shooting Opportunity, rather than
the number of shots. This suggests that in training, more
emphasis should be placed on improving the quality of shots and
creating shooting space. Ball Progressions and Line Breaks also
significantly impact winning matches, and effective attacks
should attempt to penetrate the opponent’s defense. Crosses and
Corners remain crucial offensive tactics for winning teams, and
coaches should arrange targeted offensive and defensive training
sessions. Winning teams display lower percentages of Jogging
Distance and shorter Walking Distances. Additionally, this
study found that goalkeepers’ long kicks are a significant
method of attack for teams. Therefore, coaches should focus
on the sensitive indicators mentioned above during training
and arrange sessions accordingly.
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