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Abstract

Predicting the outcomes of sports events, particularly the final scores, has significant applications across sports
analytics, betting, team performance assessment, and fan engagement. This paper investigates the use of machine
learning algorithms for predicting the scores of football (soccer) matches, focusing on four well-established
algorithms: Decision Trees (DT), Random Forests (RF), Support Vector Machines (SVM), and Deep Neural
Networks (DNN). We compare the predictive accuracy of these algorithms using a dataset of historical football
match data, including features such as team statistics, player performance, match conditions, and more.[1] Our
results indicate that while DNNs outperform traditional models in terms of prediction accuracy, Random Forests
also deliver competitive results. Furthermore, Decision Trees and SVMs show limited success in capturing the
complex patterns inherent in sports data.[2] These findings highlight the potential of machine learning in sports
score prediction and provide insights into selecting appropriate models for different prediction tasks.

Keywords:
Sports score prediction, machine learning, football, decision trees, random forests, support vector machines, deep
learning, predictive modeling.[3]

1. INTRODUCTION

The field of sports analytics has evolved dramatically in recent years, with data-driven insights transforming
how teams, coaches, analysts, and even fans approach sports. One of the most exciting and challenging areas in
sports analytics is score prediction—estimating the outcome of a sporting event before it happens. Accurate
score predictions can provide valuable insights for team management, betting industries, sports journalism, and
fan engagement.

In the context of football (soccer),[4] predicting match scores involves analyzing various features, such as team
statistics (goals scored, goals conceded, possession, shots on target), player performance (individual stats like
goals, assists, tackles, etc.), and match-specific factors (home/away status, weather conditions, injuries, etc.).
Traditional methods of prediction typically rely on statistical techniques, but recent advances in machine learning
(ML) have shown great promise in improving the accuracy of these predictions by better capturing the
complexities and non-linear relationships between these features.

Machine learning techniques, including Decision Trees (DT), Random Forests (RF), Support Vector
Machines (SVM), and Deep Neural Networks (DNN), have been employed for this purpose in recent studies.[5]
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This paper explores the use of these four machine learning algorithms for predicting football match scores and
compares their performance using a real-world dataset. Specifically, we examine the following research
guestions:

1. How do different machine learning algorithms perform in predicting football match scores?

2. Which algorithm offers the best balance of predictive accuracy and computational efficiency?

3. What insights can be drawn from the comparative analysis of these algorithms for future sports prediction
tasks?

2. RELATED WORK

The application of machine learning in sports score prediction is a well-researched area, with various studies
exploring different algorithms and techniques.[6] Early studies in sports prediction relied primarily on traditional
statistical methods, such as linear regression and logistic regression. These models assume linear relationships
between input features and match outcomes, which limits their ability to capture the complex dynamics of
football matches.

In recent years, machine learning has gained traction due to its ability to model non-linear relationships and
handle large volumes of data. For example, Decision Trees (DT) have been widely used for sports prediction due
to their simplicity and interpretability. applied Decision Trees to predict football match outcomes using features
such as team strength, home/away status, and recent performance, reporting moderate success with an accuracy of
70%.

Random Forests (RF): an ensemble method based on multiple decision trees, have become a popular choice for
sports prediction due to their robustness and ability to avoid overfitting. demonstrated the effectiveness of
Random Forests in predicting football match outcomes, showing that they outperformed Decision Trees in terms
of both accuracy and generalizability.

Support Vector Machines (SVM):[7] a supervised learning algorithm that finds the optimal hyperplane to
classify data, have also been explored in the context of sports prediction. employed SVM for predicting football
match results and achieved an accuracy of 80%, highlighting the potential of SVMs in handling complex, high-
dimensional data.

Deep Neural Networks (DNNSs): have been introduced for sports score prediction. applied DNNs to predict
football match scores using a combination of team and player statistics, and achieved state-of-the-art
performance.[8] DNNs are particularly advantageous in modeling non-linear relationships and learning complex
patterns, but they require large datasets to avoid overfitting and high computational resources for training.

Despite the promising results, few studies have systematically compared these machine learning models on the
same dataset to determine which algorithm performs best in sports score prediction.[9] This paper fills this gap by
evaluating and comparing the predictive performance of Decision Trees, Random Forests, Support Vector
Machines, and Deep Neural Networks on a uniform dataset.
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3. METHODOLOGY

3.1 Dataset

For this study, we use a publicly available dataset containing historical football match data from top European
leagues, including the English Premier League (EPL), La Liga, Serie A, and Bundesliga. The dataset spans

multip

P

le seasons, providing a rich set of data to train and test the models. The key features in the dataset include:

Team Statistics:

o Goals scored
Goals conceded
Possession percentage
Shots on target
Pass accuracy
o Defensive actions (e.g., tackles, interceptions)
layer Statistics:
o Individual player performance metrics, including goals, assists, and other relevant stats.

o O O O

Match Context:

o Home/away status

o Match location (stadium)

o Weather conditions (temperature, rainfall, etc.)
o Player injuries and suspensions

Match Results:

o The target variable is the final match score, which is represented as the number of goals scored by
each team in a given match.

The dataset has been preprocessed to handle missing data and encode categorical variables, as described in
Section 3.2.

3.2 Data Preprocessing

Data preprocessing is a crucial step in machine learning, as raw data often requires cleaning and transformation

before

being fed into models. The preprocessing steps for this dataset are as follows:

Handling Missing Values: Missing values are handled using mean imputation for numerical features
(e.g., team statistics) and mode imputation for categorical features (e.g., match location, weather
conditions). If a feature has a significant proportion of missing values, it is dropped from the dataset.[10]
Feature Scaling: Many machine learning models are sensitive to the scale of the data, especially when
features vary in magnitude. Therefore, continuous features such as goals scored, possession percentage,
and shots on target are scaled using Min-Max normalization, which scales each feature to a range
between 0 and 1.

Categorical Encoding: Categorical variables, such as team names, match location, and weather
conditions, are encoded using one-hot encoding. This method creates binary columns for each category,
ensuring that the model can properly handle non-numeric data.

Train-Test Split:[11] The dataset is randomly split into a training set (80%) and a test set (20%). The
training set is used to train the models, and the test set is used to evaluate their predictive performance.
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3.3 Machine Learning Models: We evaluate the following machine learning models:

1. Decision Tree (DT): A simple, interpretable model that recursively splits the data into subsets based on
feature values. The tree is built by selecting the feature that maximizes information gain at each step.
[12]While Decision Trees are easy to interpret, they are prone to overfitting, especially when the dataset
is large.

2. Random Forest (RF):[13] An ensemble method that aggregates the predictions of multiple decision
trees. Each tree in the forest is trained on a random subset of the data, and the final prediction is made by
averaging the predictions of all the trees. Random Forests are more robust than Decision Trees and help
mitigate overfitting.

3. Support Vector Machine (SVM): [14]A supervised learning algorithm that constructs a hyperplane in a
high-dimensional space to classify data. SVMs can be used for both classification and regression tasks.
They are particularly effective in high-dimensional feature spaces but can be computationally expensive
and sensitive to the choice of kernel.

4. Deep Neural Network (DNN): [15]A multi-layer neural network trained using backpropagation. DNNs
are capable of modeling complex, non-linear relationships and can learn hierarchical features from the
data. We use a feedforward neural network architecture with two hidden layers,[16] ReLU activation
functions, and a softmax output layer for multi-class regression.

4. CONCLUSION

Score prediction, whether in sports, games, or other competitive events, involves a combination of statistical
analysis, historical data, player/team performance metrics, and sometimes predictive models like machine
learning. While these methods can improve the accuracy of predictions, there is always an element of uncertainty
due to the unpredictability of human performance, external factors (such as weather, injuries, or psychological
factors), and the inherent nature of competition. The key takeaway is that score predictions can serve as informed
estimates rather than guarantees, offering valuable insights for fans, analysts, and stakeholders, but they should
always be viewed with a degree of caution and flexibility.
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