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Kurzzusammenfassung

Die Vorhersage von Fußballergebnissen ist ein wesentlicher Bestandteil des Bereichs der
Fußballanalytik. Da der Fußball ein großer Wirtschaftszweig ist, besteht nicht nur ein
akademisches, sondern auch ein wirtschaftliches Interesse an diesem Studienbereich. Die
Fußballergebnisvorhersage ist hauptsächlich ein Anwendungsbereich für Bayes’sche Mod-
elle, da sie Vorteile wie probabilistische Ergebnisse bieten, wodurch ein höherer Infor-
mationsgehalt vorliegt. In dieser Arbeit werden verschiedene Methoden zur Erstellung
von DNNs mit probabilistischen Ergebnissen, wie Ensembling, Bootstrap und Controlled
Monte Carlo Dropout, in Kombination mit verschiedenen DNN-Architekturen wie MLP,
CNN und LSTM eingesetzt. Diese Modelle und Methoden werden untereinander und
mit einem Bayes’schen Regressionsmodell hinsichtlich ihrer Fähigkeit, in der Realität
beobachtete Muster darzustellen, sowie ihrer Vorhersagegenauigkeit verglichen. Es ist
gelungen, mit allen Modellen und Methoden probabilistische Ergebnisse zu erzeugen,
wobei diese in der Qualität variieren. Besonders die Ergebnisse eines Mischmodells, das
sich aus den Ergebnissen eines MLP-Modells und den Ergebnissen eines LSTM-Modells
zusammensetzt, sind sehr vielversprechend. Das Mischmodell erreicht hinsichtlich der
Fähigkeit, die Realität abzubilden und der Vorhersagegenauigkeit vergleichbare Ergeb-
nisse wie das Bayes’sche Modell.
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Abstract

Football result prediction is an essential part of the field of football analytics. With
football being a massive industry, there is not only academic but also economic interest in
this field of study. Football result prediction is generally a field of application for Bayesian
models as they offer advantages like probabilistic results, resulting in more information.
This thesis implements different methods to create DNNs with probabilistic outputs,
like Ensembling, Bootstrap and Controlled Monte Carlo Dropout, in combination with
different DNN architectures like MLP, CNN and LSTM. Those models and methods
are compared to each other and to a Bayesian Regression model, regarding their ability
to represent observed patterns, as well as their prediction accuracy. It was possible to
create probabilistic results for all models and methods, with varying results. Especially
the results of a mixture model, composed of the results of a MLP model and the results
of the LSTM model, are very promising. The mixture model achieves results comparable
to the Bayesian model, in regard to the ability to reflect the reality and the prediction
accuracy.

iv



Contents

List of Figures vii

List of Tables ix

Acronyms xi

1 Introduction 1
1.1 Research Objective . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2 Technical Basics 4
2.1 Bayesian Inference . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.2 Neural Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.3 Artificial Neural Network . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.3.1 Neural Network Architectures . . . . . . . . . . . . . . . . . . . . . 7
2.3.2 Activation & Loss Function . . . . . . . . . . . . . . . . . . . . . . 10
2.3.3 Training of a Neural Network . . . . . . . . . . . . . . . . . . . . . 12
2.3.4 Probabilistic Results . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.4 Expected Calibration Error . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.5 Similar Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

3 Data 20
3.1 Data Standardization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.2 Explorative Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

4 Models 28
4.1 Bayesian Regression Model . . . . . . . . . . . . . . . . . . . . . . . . . . 28
4.2 Neural Network Challenges . . . . . . . . . . . . . . . . . . . . . . . . . . 31

4.2.1 Classification vs. Regression . . . . . . . . . . . . . . . . . . . . . . 31
4.2.2 Loss Function - DAMSE . . . . . . . . . . . . . . . . . . . . . . . . 32

v



Contents

4.2.3 Interpretation of the Results . . . . . . . . . . . . . . . . . . . . . . 33
4.3 Multi Layer Perceptron Model . . . . . . . . . . . . . . . . . . . . . . . . . 34
4.4 Long Short-Term Memory Model . . . . . . . . . . . . . . . . . . . . . . . 43
4.5 Convolutional Neural Network Model . . . . . . . . . . . . . . . . . . . . . 48
4.6 Comparison . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

5 Training 55
5.1 Hardware & Software . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
5.2 Training Process . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

6 Evaluation of the Results 57
6.1 Representation of the Observed Reality . . . . . . . . . . . . . . . . . . . . 57
6.2 Prediction of the Game Results . . . . . . . . . . . . . . . . . . . . . . . . 64

7 MLP-LSTM Mixture Model 69
7.1 Combination of the Models . . . . . . . . . . . . . . . . . . . . . . . . . . 69
7.2 Results of the Mixture Model . . . . . . . . . . . . . . . . . . . . . . . . . 70

8 Discussion 76
8.1 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76
8.2 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
8.3 Future Research . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
8.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

Bibliography 79

A Appendix 87
A.1 Original Paper - Bayesian Model . . . . . . . . . . . . . . . . . . . . . . . 88
A.2 Figures and Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
Declaration of Autorship . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

vi



List of Figures

2.1 Artificial Neuron . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.2 Multi Layer Perceptron . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.3 Long Short-Term Memory Cell . . . . . . . . . . . . . . . . . . . . . . . . 8
2.4 Convolution Kernel to Feature Map . . . . . . . . . . . . . . . . . . . . . . 9
2.5 ReLU Activation Function . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.6 Linear Activation Function . . . . . . . . . . . . . . . . . . . . . . . . . . 11

3.1 Data Vector X . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
3.2 xG Heatmap . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.3 Unstandardized Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.4 Standardized Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
3.5 Correlation Heatmap . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
3.6 Observed Goal Distribution . . . . . . . . . . . . . . . . . . . . . . . . . . 27

4.1 Bayesian Poisson Regression Model . . . . . . . . . . . . . . . . . . . . . . 29
4.2 Result Matrix Bayesian Model . . . . . . . . . . . . . . . . . . . . . . . . . 30
4.3 MLP Size Estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
4.4 Influence of Model Size and Dropout Rate on Predicted Std. . . . . . . . . 36
4.5 Feature Importance Matrix . . . . . . . . . . . . . . . . . . . . . . . . . . 38
4.6 MLP Model with Increase Function . . . . . . . . . . . . . . . . . . . . . . 40
4.7 Complete MLP Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
4.8 LSTM Size Estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

6.1 Goal Distribution Histograms for Selected Models . . . . . . . . . . . . . . 61
6.2 Result Matrix for Different Models . . . . . . . . . . . . . . . . . . . . . . 63

7.1 MLP-LSTM Mixture Model . . . . . . . . . . . . . . . . . . . . . . . . . . 70

A.1 LSTM & CNN - Goal Distribution Histograms . . . . . . . . . . . . . . . 106
A.2 CNN - Result Distribution Matrix . . . . . . . . . . . . . . . . . . . . . . 107

vii



List of Figures

A.3 Mixture Model - Goal Distribution Histograms . . . . . . . . . . . . . . . 108
A.4 Mixture Model - Result Distribution Matrix . . . . . . . . . . . . . . . . . 108

viii



List of Tables

4.1 MLP - Controlled Dropout Results . . . . . . . . . . . . . . . . . . . . . . 39
4.2 MLP - Increase Function Results . . . . . . . . . . . . . . . . . . . . . . . 40
4.3 MLP - Ensembling and Bootstrap Results . . . . . . . . . . . . . . . . . . 41
4.4 MLP - Exemplary Predictions . . . . . . . . . . . . . . . . . . . . . . . . . 42
4.5 LSTM - Controlled Dropout Results . . . . . . . . . . . . . . . . . . . . . 45
4.6 LSTM - Increase Function Results . . . . . . . . . . . . . . . . . . . . . . 46
4.7 LSTM - Ensembling and Bootstrap Results . . . . . . . . . . . . . . . . . 46
4.8 LSTM - Exemplary Prediction . . . . . . . . . . . . . . . . . . . . . . . . 47
4.9 CNN - Size Estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
4.10 CNN - Controlled Dropout Results . . . . . . . . . . . . . . . . . . . . . . 49
4.11 CNN - Increase Function Results . . . . . . . . . . . . . . . . . . . . . . . 50
4.12 CNN - Ensembling and Bootstrap Results . . . . . . . . . . . . . . . . . . 51
4.13 CNN - Exemplary Prediction . . . . . . . . . . . . . . . . . . . . . . . . . 51

5.1 Training/Prediction Times . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

6.1 Average Predicted vs. Observed Home-Draw-Away . . . . . . . . . . . . . 57
6.2 Predicted vs. Observed Home-Draw-Away . . . . . . . . . . . . . . . . . . 58
6.3 Average Goals per Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
6.4 Prediction Accuracy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
6.5 Precision Scores . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
6.6 Recall Scores . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
6.7 Predicting Games per Difficulty . . . . . . . . . . . . . . . . . . . . . . . . 67

7.1 Mixture Model - Average Predicted vs. Observed Home-Draw-Away . . . . 71
7.2 Mixture Model - Predicted vs. Observed Home-Draw-Away . . . . . . . . 72
7.3 Mixture Model - Average Goals per Model . . . . . . . . . . . . . . . . . . 73
7.4 Mixture Model - Precision Scores . . . . . . . . . . . . . . . . . . . . . . . 74
7.5 Mixture Model - Recall Scores . . . . . . . . . . . . . . . . . . . . . . . . . 74

ix



List of Tables

7.6 Mixture Model - Predicting Games per Difficulty . . . . . . . . . . . . . . 75

x



Acronyms

ANN Artificial Neural Network

CF Conceding Form

CM Combined Models (Model)

CNN Convolutional Neural Network

CR Combined Results (Model)

DAMSE Difference Adjusted Mean-Squared Error

DNN Deep Neural Network

ECE Expected Calibration Error

ELBO Evidence Lower Bound

LSTM Long Short-Term Memory

MCMC Markov Chain Monte Carlo

MLP Multi Layer Perceptron

MSE Mean-Squared Error

ReLU Rectified Linear Unit

RNN Recurrent Neural Network

SF Scoring Form

SLP Single Layer Perceptron

xG Expected Goals

xT Expected Threat

xi



1 Introduction

Football is one of the most popular sports in the world, with over 270 million active
players and millions of people working in the football industry [16]. According to FIFA,
the international football association, 3.57 billion people tuned in at least once to watch
football at the 2018 world cup in Russia, with 1.12 billion people watching the final [15].
FIFA also claims that there are five billion football fans around the world [14]. With
such a high number of people involved, as well as the huge interest of fans, it comes
to no surprise that the finances involved in the industry are massive as well. In 2022,
the footballing industry generated over 27 billion euros, with an ascending trend [10].
This figure does not even include financially strong industries depending on football,
like sports betting. Because of the high financial stakes, professional teams, but also
bookmakers and bettors, strive to gain every advantage possible.

This includes taking advantage of relevant data. This is no easy task, as the amount
of data in football is expanding rapidly. No longer is the data reduced to goals and
pass statistics. New data insights are obtained through event and tracking data. Event
data assigns every action or event, like a pass or a shot, happening during a match to
the involved players and locations on the pitch. Tracking data monitors the position of
every player multiple times in a second. Especially because of tracking data, millions
of data points per game accumulate [13]. To handle this data and gain an insight,
professional teams have already started to employ whole data departments. Additionally,
the business concept of numerous companies is to offer consulting or to completely take
on the evaluation of football data.

A lot of insight is generated through descriptive analytics. Creating scoring models,
passing networks or analyzing the tactical shape of the teams. However, researchers and
teams alike work on advancing predictive and prescriptive analytics into a state where
those models provide even more value [7]. A possibility for a predictive model is the
data-driven game result prediction. A somewhat reliable model based on pregame data
would have a massive impact on the sports betting industry. However, such a model
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1 Introduction

would also be the first step to implementing a prescriptive model, advising the teams
and the head coach on player selection or the mentality and play style of the team.

Currently, Bayesian models are becoming increasingly popular in sports analytics, espe-
cially for models aiming to predict the outcome of games, as well as statistics describing
an athlete’s performance [48]. Bayesian models offer multiple advantages, like providing
probabilistic results, the ability to model complex problems and the possibility to easily
update the model when new data becomes available [48]. Deep neural networks, on the
other hand, have already been successfully applied as a method for extracting knowledge
from data in the scientific, industrial and business domains. However, they haven’t been
utilized as much in the sporting domain [43].

1.1 Research Objective

This thesis aims to create a deep neural network for football game result prediction, by
eliminating the drawbacks of standard deep learning. This includes neural networks only
computing point estimates, as well as the neural network’s tendency to make overly con-
fident predictions [20]. Different techniques, like Ensembling, Bootstrap and Controlled
Monte Carlo Dropout are used to create neural networks with a probabilistic output in-
stead of point estimates. Additionally, different neural network architectures like a multi
layer perceptron, a convolutional neural network and a long short-term memory model
are compared to evaluate the best performing combination. A simple Bayesian model, a
Poisson regression model, is constructed as a baseline model for comparison.

A requirement of the model is for it to be independent of a league or team. Numerous
models, especially Bayesian models, incorporate variables that depict a team’s strength.
By doing so, the model cannot be applied to leagues or seasons it is not trained on.
Therefore, by abstaining from these variables, especially when creating the Bayesian
model, the model can be applied to every league or game, if the correct input data is
available. Another requirement for the models is to use the same input data. Even if this
data might not be a perfect fit for the model’s architecture, the same data should be used
for comparability reasons. Lastly, the model’s output should be probability distributed,
thereby quantifying the model’s uncertainty.

2



1 Introduction

1.2 Structure

The thesis is structured as followed. The next chapter explains the technical basics
regarding Bayesian models, as well as neural networks and the relevant different archi-
tectures. Chapter 3 describes the used data. Additionally, a short overview of the data
in the form of an explorative analysis is given. The following section describes the imple-
mented models. This includes the Bayesian Poisson regression model, as well as the deep
neural network models. Additionally, the chapter discusses some challenges that arose
when creating the specific neural networks. This is followed by a chapter describing the
training process. Chapter 6 analyzes the results of the models and compares them. They
are evaluated for their ability to model the reality, as well as their prediction accuracy
of future results. The results lead to another model, a mixture model. This is explained
and its performance analyzed. The thesis closes with a discussion of the found results
and a conclusion.
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2 Technical Basics

This chapter states some technical basics that are necessary for this work. This includes
Bayesian inference and Bayesian models, as well as deep neural networks and different
deep neural network architectures. This chapter also includes possibilities to create prob-
abilistic result with neural networks, as well as an overview of relevant similar work.

2.1 Bayesian Inference

The two main approaches in statistics are Frequentist and Bayesian. With both ap-
proaches, a parameter θ should be estimated, using a mechanism f(x|θ) which determines
the probability to observe the data x given θ. The main difference between Frequentist
and Bayesian is the treatment of the θ parameter. With the Bayesian way of thinking,
θ is treated as a random variable and therefore has a distribution. Frequentist however,
consider θ to be an unknown constant.

Frequentist inference is based on the likelihood. The likelihood is the probability of
observing x given a value for θ. The estimate of θ is the value that maximizes the
likelihood function. Bayesian inference, on the other hand, is based on the posterior
distribution of θ. The posterior distribution is the probability distribution of θ given the
data f(θ|x). To estimate the posterior distribution, a prior distribution is needed. The
prior distribution is the distribution of θ before data x is observed, f(θ). Thereby, the
posterior distribution is calculated through the Bayes’ theorem (2.1)

f(θ|x) = f(x|θ)f(θ)
f(x)

, (2.1)

where f(x) is a constant which guarantees that the posterior distribution integrates to
one, called the marginal likelihood. Because θ is assumed to be constant in Frequentist
statistics, the results are point estimates. In Bayesian statistics, however, the inference
is returned as the posterior distribution.

4



2 Technical Basics

The existence of the prior distribution is a key point of Bayesian inference. It can either
be an advantage or a disadvantage. If prior beliefs are available through expert knowl-
edge, the Bayesian approach provides a straightforward way to include this knowledge.
However, if no expert knowledge of the prior distribution is available, it is very difficult
to represent total ignorance through the priors. [4]

Bayesian modeling Bayesian models representing real-world problems are likely to
be parameter rich models. In these multivariate models, the marginal likelihood involves
the calculation of a multidimensional integral. It is not possible to solve this calculation
analytically or with advanced numerical integration techniques. However, it is possible
to deal with this problem using simulation algorithms like Markov Chain Monte Carlo
(MCMC). MCMC avoids calculating the integral and instead provides a simulated sample
from the posterior distribution. Algorithms like MCMC are generally implemented by
probabilistic programming frameworks or languages.

2.2 Neural Networks

Artificial Neural Networks are used for function approximation, to gain insight from data.
They were inspired by biological neural networks that can be found in the human brain
and in the brains of animals. The research of biological neurons led to the creation of
mathematical models of neurons and the possibility to create artificial neural networks.
[36]

2.3 Artificial Neural Network

Artificial neurons A pivotal part of artificial neural networks are artificial neurons,
also known as perceptrons. The artificial neuron mimics the behavior of its biological
counterpart. In figure 2.1, an artificial neuron can be seen.

The artificial neuron takes input signals xi = {x1, x2, ..., xn}. This input can either
originate from other neurons, or it can be the input data. The connections from neuron
to neuron, the biological synapses, are weighted by a factor w = {w1, w2, ..., wn}. The
weights determine the influence of x on the neuron. The neuron sums up all incoming
weighted data, step 1 in the figure. A bias value, a constant but trainable value, is added
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Figure 2.1: An artificial neuron with inputs x, weights w, bias b, and the activation
function fact, own representation according to Rosenblatt [45]

to the resulting sum. The bias allows the model to influence the activation function,
independent of the incoming data x and their weights w. This results in the neuron
input Nin. The output Nout is dependent on the activation function f . f can take on
different functions, which are further described later in the section. This function can
either pass N through, alter N or completely block it, depending on the chosen function.
[45]

Artificial neural networks Artificial neural networks (ANN) consist of neurons,
which are organized in layers, and connected to neurons in the next layer. The layerwise
structure of neural networks allows for nonlinearity in the model because the model can
perform successive nonlinear transformations on the data. Additionally, the layerwise
organization enables efficient computation, both for the forward and the backward pass.
The smallest possible ANN consists of two layers, the input layer and the output layer.
The shape of the input layer is dependent on the size of the input data, while the shape
of the output layer should be the size and shape of the desired output. An ANN only
consisting of an input and an output layer is called a Single Layer Perceptron (SLP).
Because of their architecture, SLPs only contain one layer of trainable weights and can
therefore only represent linear functions. This makes SLPs unusable for most modern
use cases. To represent more complex functions, more complex network architectures are
necessary. Some of those are explained in the following. [36, 45, 47]
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2.3.1 Neural Network Architectures

Multi Layer Perceptron A Multi Layer Perceptron (MLP) is a neural network which
has at least one layer of neurons in between the input and the output layer. This layer
is called a hidden layer. An ANN with at least one hidden layer is considered a Deep
Neural Network (DNN). An example DNN is shown in figure 2.2.

Figure 2.2: A Multi Layer Perceptron with one hidden layer consisting of 4 neurons, 3
input neurons and 2 output neurons

The displayed DNN has an input layer of size three, with a hidden layer of size four
and two perceptrons in the output layer. The neurons in each layer are fully connected,
meaning every neuron is connected to every neuron in the next layer. This results in the
network having 26 trainable weights. 12 + 8 for each neuron to neuron connection in both
layers, and 4 + 2 for the bias values for all trainable perceptrons. In the graphic, the DNN
only consists of one hidden layer. Although there is no limitation on the number of hidden
layers, Cybenko has shown that a DNN with only one hidden layer can approximate every
continuous function, when using a nonlinear activation function [9]. To be considered a
MLP, the data flow through the network is only allowed one directional. There can be
no cycles inside the MLP. Otherwise, the neural network would be considered a recurrent
neural network. [56]
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Long Short-Term Memory Long short-term memory (LSTM) is a neural network
architecture that implements selective memory. This allows the neural network to re-
member relevant contextual information, but to forget information that is no longer
important. LSTM is a special type of recurrent neural network (RNN). A RNN cell
receives the output of the previous step in addition to the original input as memory and
context. However, RNNs suffer from long-term dependency problems. As more informa-
tion gets available, RNNs become less effective at learning new information. This is due
to vanishing or exploding gradients.

Figure 2.3: Own depiction of a LSTM cell, according to Hochreiter and Schmidhuber [23]

To solve this problem, an internal state is used to expand the RNN cell, resulting in the
LSTM cell. Next to the data input of this step (xt), the LSTM cell also receives the
output of the previous step (ht−1) and the cell state (Ct−1) as an input. The LSTM cell
contains three gates, a forget gate, an input gate and an output gate. The forget gate, ft,
decides which state information can be discarded because it is no longer relevant. This
is calculated through equation 2.2.

Pt = σ(WP · [ht−1, xt] + bP )|P ∈ {forget, input, output} (2.2)

xt and ht−1 are weighted by the weight matrix of the gate, Wforget, and afterwards added
to the gate’s bias vector, bf . The logistic function is applied to the resulting vector and
the result is elementwise multiplied with the last cell state Ct−1. This way, entries of
Ct−1 can be weakened or completely forgotten. The input gate it decides which new

8



2 Technical Basics

information should be used to update the cell state. It has the same calculation as ft

with its weight and bias values.

C̃t = tanh(WC · [ht−1, xt] + bC) (2.3)

Equation 2.3 shows the calculation of the provisional cell state C̃t. it decides which
information of C̃t should be discarded and weighs the information that is kept, like ft

modifies Ct−1. The elementwise sum of Ct−1 and C̃t results in the current state of the
LSTM cell, Ct. The output gate handles which data of Ct should become the output
data. For this ot is elementwise multiplied with tanh(Ct). ot follows the same calculation
as it and ft before. The result of this calculation is ht, the output of the LSTM cell.
Each weight vector and the bias for each gate consists of trainable parameters, therefore
LSTM cells have more trainable parameters than a basic neuron. [23]

LSTM networks have become widely used for tasks involving sequential data, where
capturing long-term dependencies is important.

Convolutional Neural Networks Convolutional Neural Networks (CNN) are an-
other neural network architecture. They excel in computer vision tasks because of their
strong pattern recognition abilities. This is achieved by applying convolutions to the
input data. Instead of learning the weights of fully connected layers, the model learns
the weights of a convolution kernel. Such kernels can differ in size and shape. The kernel
is slid over the input data, resulting in a feature map. This can be seen in figure 2.4.

Figure 2.4: The 2×2 convolution kernel of a CNN model, resulting in a feature map
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The example in figure 2.4 shows a convolutional kernel of the size 2×2. The four blue
shaded input values are multiplied by the kernel, resulting in one blue shaded data point
in the feature map. This process is applied to all input data values, resulting in the
complete feature map. The red and yellow calculations from input data to feature map
are only exemplary. By applying a convolution filter, the dimensions of the feature
matrix are reduced compared to the dimensions of the input data. To prevent this, the
input data can be expanded by zero padding, resulting in a feature map with the same
dimensions as the input data. Different sizes of kernels can be applied on the same
data, resulting in a multidimensional feature map. By applying the same kernel to the
complete data, CNNs are especially proficient at detecting patterns independent of their
location in the data. There are techniques like pooling to reduce the size of the resulting
feature maps. However, those techniques are not used in this work and therefore not
further elaborated. [29, 32]

2.3.2 Activation & Loss Function

Activation Functions Activation functions are an essential part of neural networks.
As already seen in figure 2.1, the activation function determines the output of an artificial
neuron. Provided the same neuron input, consisting of the sum of weighted inputs and
the bias, the output of the neuron can differ greatly depending on the chosen activation
function. The activation function will not only influence the model’s performance, but
also the convergence of the model. In the following, the ReLU and the linear activation
functions are described, as they are relevant for this work.

ReLU activation function The Rectified Linear Unit (ReLU) activation function is
an activation function that will output the input directly if it is positive, else the output
will be zero. This is formulated in equation 2.4 and visualized in figure 2.5.

fReLU (x) = max(0, x) (2.4)

Because the ReLU activation function is composed of two linear functions f(x) = 0|x < 0

and f(x) = x|x >= 0, it is well suited to train a deep neural network with backpropaga-
tion of errors using stochastic gradient descend. The non-linearity of the ReLU function
allows the model to learn complex non-linear relationships.
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Figure 2.5: ReLU activation function Figure 2.6: Linear activation function

Some advantages of ReLU compared to other activation functions like Sigmoid or the
hyperbolic tangents, are that ReLU is computational cheap, acts and looks like a linear
activation function and that ReLU can output a true zero value, which is unlike the
Sigmoid or the hyperbolic tangents. For most modern cases of deep neural networks,
ReLU is the default activation function. [19] ReLU can be used as the default activation
function for MLPs and CNNs, achieving excellent results for both architectures, however
ReLU is as well suited for LSTM networks [24, 31, 38].

Linear activation function The linear activation function can also be described as
no activation at all, as the output is the unchanged input. This can be seen in equation
2.5, as well as in figure 2.6.

flinear(x) = x (2.5)

Because of the linear nature of the activation function, it is not suitable as an activation
function for hidden layers, as the model would not be able to learn complex nonlinear
dependencies. Instead, the function is used as an activation function in the output layer
for regression models.
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Loss Function The loss function is a function used to measure the difference between
the predicted output of the neural network and the actual output. The function is chosen
depending on if the output is a regression or classification task and depending on the
dimension of the predictions. The most common loss function for regression tasks is the
mean-squared error (MSE). However, for this work a slightly adjusted version of MSE is
used, which is described further in section 4.2.2.

2.3.3 Training of a Neural Network

There are three main categories for the learning process of a neural network. Unsu-
pervised learning, supervised learning or reinforcement learning. With unsupervised
learning, the model has no target value or ground truth, the model tries to detect pat-
terns in the dataset. This type of learning is useful for clustering tasks or for a principal
component analyses, as examples. With supervised learning, the model receives a target
value, this is either a class for classification tasks or a numerical value for regression
tasks. With a given ground truth, the model can calculate an error using a loss function
and adjust the model’s parameters accordingly. This is the most common case and used
for the most classification and regression tasks. With reinforcement learning, the model
receives a reward from the environment. Reinforcement learning is similar to supervised
learning. However, there is no training data, but the model creates its training data while
learning, by executing actions in the environment and receiving a reward based on those
actions. This reward is the equivalent to the ground truth in supervised learning.

For this work, supervised learning is applied. To train a neural network, the weights
and bias parameters are getting adjusted based on the observed loss. There are two
possibilities regarding the moment the adjustment happens. With online learning, the
model’s parameters are updated after every input. Offline or batch learning is the oppo-
site, the models parameters are only updated when the complete batch is processed. Mini
batch is the compromise of both methods. For mini batch, the dataset is split up into
batches of defined sizes and each of these batches is used to train the model, updating
the parameters after every processed mini batch.

Backpropagation Backpropagation is an algorithm used to train artificial deep neu-
ral networks. The algorithm computes the gradients of the loss function regarding the
weights of the neural network by applying the chain rule recursively. A single training
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step of a neural network consists of two phases, the forward pass and the backward
pass.

During the forward pass, the input data is fed to the neural network and the output is
calculated by applying weights, bias, and activation functions accordingly. The output
is rated using the loss function. During the backwards pass, the gradients of the loss
function are determined. The gradients are used to minimize the loss function by ad-
justing the weights through gradient descend. This is possible because of the layerwise
architecture of artificial deep neural networks. It allows the chain rule of calculus to be
applied to derive the gradient. [47]

An essential advantage of the backpropagation is that the algorithm can be implemented
efficiently using matrix operations. This allows for training of large neural networks and
makes the algorithm usable in practice. [47]

2.3.4 Probabilistic Results

One of the requirements of the model is to produce a prediction distribution for the
home-draw-away possibilities, instead of a point prediction. This has multiple reasons.
Firstly, the Bayesian model, used as a baseline model and for comparison, provides
probability distributions inherently. To be able to compare the models adequately, the
output has to be the same shape. Secondly, a prediction distribution functions as an
uncertainty measure for the model and therefore offers more value. The model will not
only indicate how the game will end, but also how certain its prediction is. Kolassa
argues that predictive distributions are much more useful than point predictions when
considering count data. [27]

A standard neural network does not output an uncertainty because of its deterministic
nature. But different approaches exist to create neural networks with probabilistic or
probability distributed outputs. In the following, these approaches will be presented.

Bayesian Neural Network Bayesian neural networks are one method to create neural
networks with actual probabilistic outputs. Instead of single value weights, probability
distributions are used to represent the weights. For this, generally a Normal distribution
is used. The neural network is no longer deterministic when using Normal distributions
as weights. [11, 34]
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However, replacing the weights with probability distributions increases the computational
costs. Because of the induction of Normal distributions, it is no longer possible to solve
the posterior distribution analytically by backtracking. Other methods, like Variational
Inference or Markov Chain Monte Carlo, are necessary to train the model. The model’s
prediction is derived from the expected prediction of the neural network. The prediction
is marginalized over the posterior distributions of the parameters. [5, 22]

Ensembling Ensembling is a non-Bayesian possibility for uncertainty estimation in-
troduced by Lakshminarayanan et al. [30] It works by training the same neural network
multiple times with different random initialization. Although intended as a non-Bayesian
solution to uncertainty estimation, studies have shown that Ensembling, with minor mod-
ifications, can be interpreted as a Bayesian inference technique [40]. Input data similar
to data already observed in the training data will result in similar prediction across all
ensemble models. However, data points that deviate from the observed training data
will lead to more varying predictions, reflecting the model’s uncertainty. Therefore, more
diverse ensemble models are wanted for error reduction and improvements of the uncer-
tainty measure. Regularization techniques like weight decay and early stopping can be
used to create more diverse models. [30]

Although the results created using the Ensembling method seem probabilistic, they are
still deterministic. The same input data would always create the same probability dis-
tribution as a result.

Bootstrap Bootstrapping, or bagging, is a technique very similar to Ensembling. In-
stead of training the ensemble models on the complete dataset, they are only trained
on a subset. This increases the diversity of the instances and improves the uncertainty
measure. But instead of relying on different initialization to produce diversity in the
models, bootstrapping relies on diversity in the sub datasets. However, bootstrapping is
dependent on a large dataset, with each individual ensemble instance being worse than
a model that is trained on the complete dataset. [30]

Just like Ensembling, the bootstrapping results come in the form of a probability distri-
bution and an uncertainty measure, but they are still deterministic.
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Monte Carlo Dropout Another possibility to create a neural network that outputs
probability distributions is Monte Carlo Dropout. Monte Carlo Dropout, first described
by Gal and Ghahramani, uses the dropout functionality of neural networks to calculate
and represent a model’s uncertainty. [17]

Dropout is used as an empirical technique to avoid overfitting in neural networks. The
hidden activations of the model are multiplied by a Bernoulli distributed random variable.
Thereby, the hidden units and connections are either activated or they are dropped out
by setting their values to zero. [51] In its original application in a neural network, dropout
is only used during the training process, but not during testing and during prediction.
In this case, all hidden units and connections are activated.

Gal and Ghahramani discovered that the approximate evidence lower bound (ELBO)
algorithm, which is used for Variational Inference in probabilistic programming, and
dropout in neural networks are identical. This is under the condition that the Bayesian
neural network that is fitted by the ELBO algorithm uses Normal priors. Therefore, a
standard neural network, trained using dropout, can be considered a Bayesian network.
Multiple forward passes through the neural network with dropout activated during pre-
diction time, create non-deterministic results, that can be used as the model’s uncertainty.
[17]

Miok compared different methods to create probabilistic neural networks. This included
Bootstrap and Monte Carlo Dropout for a feed forward neural network. The authors
discovered that Monte Carlo Dropout resulted in wider and more accurate prediction
intervals. [37]

With big and deep neural networks, the number of possible dropout configurations be-
comes enormous. A network with a single hidden layer consisting of 100 units and a
dropout rate of 0.5, leads to more than 1029 different possible dropout configurations. It
is impossible to consider all dropout configurations during training and testing, although
this would be desirable. For this reason, Hasan et al. proposed Controlled Monte Carlo
Dropout. Controlled Monte Carlo Dropout constrains the number of dropout configu-
rations irrespective of the dropout probability. With Controlled Monte Carlo Dropout,
the possible dropout configurations are defined beforehand as a list of Bernoulli vectors.
This way, the number of different dropout configurations can be defined when creating
the model. Although the configurations can still be chosen at random, Controlled Monte
Carlo Dropout offers the possibility to integrate logic into the selection of the dropout
configurations and thereby possibly improving the results. The authors showed that
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Controlled Monte Carlo Dropout can further increase the results received by the random
Monte Carlo Dropout. However, Controlled Monte Carlo Dropout was not yet tested for
regression applications. [22]

It is possible to draw a parallel between Ensembling and Controlled Monte Carlo Dropout,
because Controlled Monte Carlo Dropout can also be interpreted as a form of Ensembling,
where each dropout configuration leads to a different model [30].

2.4 Expected Calibration Error

The expected calibration error (ECE) is a metric used to quantify probabilistic results of
machine learning models. The ECE measures the discrepancy between the accuracy and
the confidence of the model. The ECE is calculated on bins with subsets of the data.
Formula 2.6 shows the calculation of the ECE.

ECE =
B∑
b=1

nb

N
|acc(b)− conf(b)| (2.6)

nb is the number of predictions in bin b, whereas N is the total number of predictions.
acc(b) and conf(b) is the accuracy and the confidence of b, respectively.

A higher ECE indicates a larger miscalibration of the model, as the model’s accuracy and
the output confidence of the model differ more. A low value indicates a good calibrated
model, as accuracy and confidence are close together. To put it bluntly, the model should
not be confident if it is not accurate with its predictions. [39]

2.5 Similar Work

In the following, similar work that is relevant for this thesis is presented. Similar work
is classified as relevant if it either compares a deep neural network to a Bayesian model,
if it uses a deep neural network to create football match result predictions or if it uses
Controlled Monte Carlo Dropout, Ensembling or Bootstrap to create probabilistic pre-
dictions. The literature is grouped by the involved neural network architecture.
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Multi Layer Perceptron Correa et al. compared Bayesian networks and artificial
neural networks for quality detection in a machining process. The used model is a MLP
with a single hidden layer. The Bayesian network achieves better classification results,
as well as a shorter training time and a better interpretability of the resulting model.
[8]

Marchant and Onyango also compared a Bayesian classifier with a multilayer feed-forward
neural network. The model was trained to classify plants, weeds, and soil in color im-
ages. The Bayesian classifier achieved better results in accuracy compared to the neural
network. [35]

Rudrapal et al. created a MLP to predict football match results. Their model consists of
ten hidden states, and they selected 40 features as input data for the model. They have
shown that the MLP outperforms a Support Vector Machine, a Random Forest model
and a Naïve Bayes approach by scoring 73.57% accuracy. [46] Anfilets et al. likewise
used a MLP to predict football match results. The MLP created has three hidden layers
consisting of 126, 64 and 32 perceptrons and 108 input features. The model directly
predicts home win, draw or away win through a classification task, achieving an accuracy
of roughly 60%. [1]

Asadi et al. used a MLP to classify ice in images of water. They use Monte Carlo Dropout
to create probabilistic estimates. Different MLP architectures are used, varying from one
to ten hidden layers. They discover that the integration of Monte Carlo Dropout has a
minor negative impact on the accuracy, but helps in lowering the misclassification rate.
[2]

Miok compared a Bayesian neural network, a feed forward neural network model with
Monte Carlo Dropout applied and a feed forward neural network model with Bootstrap
applied for their ability to create probability distributed results in the regression task
to predict the number of crayfish in Romanian rivers. The results indicate that Monte
Carlo Dropout achieves wider prediction intervals than bootstrapping. [37] Staber and
Da Veiga also compared different methods for creating probability distributed results for
a MLP regression model. These methods are Ensembling and Monte Carlo Dropout,
among others. The Ensemble model achieves good probability distributions, as well as a
good predictive performance, outperforming the Monte Carlo Dropout model. [52]
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LSTM Wang et al. compared the performance of a LSTM neural network with a
Bayesian model in the field of short-term photovoltaic interval prediction. They used
a LSTM neural net with Monte Carlo Dropout to create the prediction interval. The
results of the LSTM neural network based on Monte Carlo Dropout are promising, as
they are better than the results of the Bayesian model. [55]

Vandal et al. use a LSTM model to predict commercial flight delays. They use Monte
Carlo Dropout to create prediction intervals, achieving satisfactory results for the delay
prediction and for the predicted intervals. [54] Similarly, Tabas and Samadi used a LSTM
model with Monte Carlo Dropout for rainfall–runoff modeling. Their analysis suggested
that the usage of Monte Carlo Dropout resulted in a considerable improvement in the
predictions. [53]

Rahman used LSTM cells with gated recurrent units to create an artificial neural network
for football game winner classification and prediction of future games. They achieved
63% prediction accuracy using a small data set containing only the group stages of the
world cup, merely 24 games. [43] Zhang et al. propose a LSTM model to predict results
of, not only football games, but sports games in general. Team specific and historic data
is used to properly utilize LSTMs strengths. The model’s prediction accuracy ranges
from 60% to 80% depending on team and sport. [58]

CNN Gill et al. compared a CNN model with a Bayesian model for the detection of
brain malformations. The Bayesian model is the same CNN architecture with applied
Monte Carlo Dropout. The CNN consists of three convolution and pooling layers. The
Bayesian CNN outperformed the plain convolutional neural network by a considerable
amount. [18] Harper and Southern used a CNN in combination with a recurrent neural
network to predict emotions from a heartbeat. They used Monte Carlo Dropout to
create prediction intervals. The proposed model achieved peak performance of over 90%
accuracy. [21]

Lakshminarayanan et al. created the groundwork for probability distributed results using
Ensembling. They compared deep neural networks using Ensembling with Bayesian
neural networks on ImageNet. The Ensemble model achieved equal or better results
than the Bayesian model for regression and classification tasks. [30]
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Lemay et al. deployed a CNN using Monte Carlo Dropout in the field of medical image
detection. They showed that the usage of Monte Carlo Dropout increased the accuracy
of the predictions as well as the repeatability of the predictions. [33]

Summary Methods for creating probabilistic results using deep neural networks have
already found wide application. It was shown that those methods can achieve similar
or even better results than Bayesian models. However, it was not possible to define
a generally superior method, as each method has its advantages and performs better
depending on model architecture or data inputs.

Regarding football match result prediction, LSTM models are the most used network
architecture, followed by the multi layer perceptron. CNNs don’t find any usage in
football match result prediction as of now.
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In this section, the dataset used in this work is described. The raw data is scraped from
the football results and statistics page WhoScored, using the Python library soccerdata.
The data consists of event data of the last five seasons from six European divisions. These
divisions are the European top 5 divisions consisting of the English Premier League, the
Italian Serie A, the French Ligue 1, the Spanish La Liga and the German Bundesliga.
Games from the second German division are also present in the data. Event data consists
of all events happening in a game. This includes events like shots, passes, dribbles, and
tackles. These events are connected to the involved players and pitch locations. Event
data does not include information about the position of players that aren’t directly
connected to the event, this information would require tracking data, which is not as
available. As the model should predict future results, only pre game data is available.

The first four seasons are used as training data, whereas the fifth season is used as test
data. At the beginning of each season, the first ten match days are discarded. Because
of player transfers and changing teams through promotion and relegation, the data tends
to be unstable. After ten match days, the data is assumed to be stable. With the first
ten match days removed for each season, the training data consists of 6082 games. The
test data consists of 1545 games, which corresponds to a roughly 80%/20% train/test
split. The collected data is selected and designed to suit a regression task that predicts
goals scored.

The feature vector X consists of 13 entries. X is depicted in figure 3.1. The data consists
of three main categories, general team strength that is expressed by an ELO rating, the
scoring and conceding form of the teams and the expected scoring and conceding form.

ELO rating The team strength is measured through an ELO rating, like the ELO
rating system known from the game chess. The rating difference between two teams
serves as a predictor of the outcome of a match. If the teams would repeatedly play each
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Figure 3.1: Data Vector X, consisting of the teams’ ELO differential, the teams’ scoring
and conceding form, and the teams’ expected scoring and conceding form

other, the team with the higher ELO is expected to win more games. The higher the
difference, the more games the better rated team is expected to win. The ELO rating is
updated after every game based on the result. [12]

Instead of using the absolute ELO rating of both teams as a data point, the difference of
the ELO rating is used. This yields multiple advantages. For one, the absolute strength of
the teams doesn’t matter. Only the relative strength of the teams to each other matters,
therefore the data is independent of the league and can be used for every league, no
matter the absolute quality of the teams. This also standardizes the data, this is further
described in section 3.1.

Expected Goals and Expected Threat Expected goals (xG) is a data metric that
quantifies the quality of a taken shot at goal. To calculate xG the pitch is divided into
small areas. Each shot from this area is evaluated regarding its success, goal or no goal.
The xG of a shot taken, is the probability of comparable shots from the same location
resulting in a goal. xG can be refined at will. It can be distinguished if the player takes
a shot with his strong or weak foot or even his head, if the ball is in the air or on the
ground, or the positioning of the nearest defender or the goalkeeper. Every additional
information would improve the xG model while requiring more data. The model used for
this data creation is the simplest xG model. Only the position of the shot is considered
when calculating the xG value.

xG provides information about the quality of chances in the game. Even if a team scored
no goals, xG indicates if the team was unlucky and not converting good chances, or if the
team simply did not have any chances. This implementation of xG is also player-specific,
and therefore an injury of an important player can be reflected by data. The xG that is
used as a data point in X is the sum of the xG of all players, averaged over the last five
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games. xG conceded (xG) represents the average xG the opposition created over the last
five games.

Similar to xG, expected threat (xT) quantifies the quality of actions. Where xG quantifies
shots taken, xT describes the quality of actions that move the ball, like passes and
dribbles. To calculate xT the pitch is divided into a m × n matrix, just like the xG
calculation. A player who is at the location (x,y) has two possibilities, he can shoot,
or he can move the ball to another location (z,w) via pass or dribble. For each field in
the matrix, a probability for a shot sp and a probability for a move action mp can be
calculated from the observed data. The probability that, if a player shoots, he scores is
the xG for this matrix field. This is the first part of the equation 3.1, the probability that
a player takes a shot (sp) multiplied by the chance to score in this location (xG). If the
player moves the ball, he has different options as to where to move the ball. Therefore,
a transition matrix T is created for every pitch location. T holds the move probability
for all possible combinations of pitch location pairs. These probabilities are again taken
from the observed data. The threat of a move from position (x,y) to (z,w) is the xT of
position (z,w) multiplied by the probability that this move action is taken. To calculate
the entire possible threat for position (x,y) the sum of all possible moves is calculated.
Therefore, the calculation of xT is recursive. [50]

xTx,y = (spx,y × xGx,y) + (mpx,y ×
m∑
z=1

n∑
w=1

T(x,y)→(z,w)xTz,w) (3.1)

This modulation can be thought of as a Markov model, where each grid cell represents a
state and an action like a pass leads to a state transition.

Consistent with the data for xG, xT is calculated as the xT conceded and represents the
amount of xT that the opposing team has amassed in a game. Furthermore, similar to
xG the xT data point in X is calculated by taking the sum of xT created over the last
five games by every player in the starting lineup, averaged per game.

Figure 3.2 shows the xG heatmap used to create the data points. It’s important to know
that all attacking actions are mapped from left to right, independent of the team. The
figure indicates that the closer and the more central the players are to the goal, the higher
the probability of the scoring and therefore a higher xG.
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Figure 3.2: xG Heatmap, where lighter squares indicate a higher chance of scoring

Scoring and Conceding Form The last data entries of X are the scoring form (SF )
and the conceding form (CF ) of both teams. Although xG and xT adequately represent
the quality of chances a team created over the cause of a game, it’s still possible that
teams over or underperform their xG and xT. An underperformance would result in
the team having considerably fewer goals than the xG would suggest, whereas an over-
performing team would score more goals than the quality of created chances. This can
have different reasons, if a team is lucky or unlucky, the performance would regress to the
expected values eventually. But there can also be factors like bad strikers. To account
for that, the scoring and conceding form of a team is the average number of goals scored
and conceded over the last five games.

Noisy Data Football data in general tends to be quite noisy. Different measures were
taken to remove the noise as much as possible. For one, to generate the data for the
home team, only home matches of this team were considered and accordingly only away
games for the away side. For the player-specific values like xG and xT only the games
are considered where a player was a starter and therefore had enough game time.
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Although a lot of thought and work has been put into the selection and the creation
of the data, the data might not be perfect. The data is very focused on goals scored
and the creation of chances. This will suit regression tasks where the number of goals
is predicted. Furthermore, there isn’t a defensive statistic in the data apart from the
opposing team not creating offensive actions. However, the data should be sufficient to
predict a winning team in most cases.

3.1 Data Standardization

Many machine learning algorithms perform better when the numerical input data is
standardized. Standardization is the process of subtracting the data mean from the data
and dividing the result through the standard deviation of the data. Formula 3.2 is used
to standardize the data, where z is the standardized data, x the input data, µ the mean
of the data and σ the standard deviation of the data.

z =
x− µ

σ
(3.2)

After the standardization, the data has a mean of zero and a standard deviation of one.
[57] The before and after can be seen in figure 3.3 and figure 3.4.

Figure 3.3: Exemplary data features visualized through box plots to show the different
dimensions and the need for standardization
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Figure 3.3 shows three data distributions, for the ELO difference, the home xG and the
home form. ELO difference has a mean of roughly zero, and values ranging from over 400
to -400. The home xG’s mean in comparison is not zero, and it only consists of positive
values ranging from zero to roughly 2.5. The home form, on the other hand, has a mean
of roughly 9 and a data range from 0 to 30. These different shapes of data can lead to
problems when training machine learning models.

Figure 3.4: Standardized data box plots to visualize the effect of data standardization

Figure 3.4 shows the same three data entries after the standardization. It is notable that
the mean of all three data entries now is at zero. In addition, the interquartile range and
the standard deviation are adjusted, and now have the same range.

The mean and the standard deviation, used for calculating the standardized data, are
determined solely from the train data but are used for train and test data. [6]

3.2 Explorative Analysis

In the following, a short overview of the data is presented.

In figure 3.5, a correlation heatmap of the used data is presented. The upper triangle
of the matrix is omitted to make the heatmap more readable, in addition, the absolute
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value of all correlations is displayed, not differentiating between positive and negative
correlation. The matrix displays the Pearson correlation coefficient [41].

Figure 3.5: Correlation heatmap displaying the correlation between data features

The correlation matrix shows the correlation between the different data features. High
correlation between data features in the training data is bad practice, and those features
should be removed. There is a high correlation, Pearson coefficient at around 0.8, between
Home xT and Home xG, Away xT and Away xG, Home xT and Home xG and Away xT

and Away xG. This was to be expected because of the similar calculation of these metrics.
However, because the metrics are intended to express different, although similar, qualities
of a team, it was decided to keep both metrics, even though they correlate. There are
medium correlations, Pearson coefficient at around 0.5, between Form Home and Home
xG and Home xT and accordingly for the away Form. This was also to be expected as a
team that created more chances over the last games, higher xG/xT, is likely to score more
goals, resulting in a higher home form. However, the correlation is not strong enough to
remove those data features. The rest of the data does not include strong correlations.

Figure 3.6 shows the histograms for the observed home goals and away goals. The red line
indicates the average number of goals. These are the values the models are predicting.

It can be seen that both histograms are Poisson distributed. The main difference between
the distributions is that the home goals are shifted towards more goals scored. This is
indicated by the mean of the distributions, which is 1.53 for the home goals and 1.23
for the away goals. This can also be deduced from the distributions. While in only 23%
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Figure 3.6: Observed goals histogram, displaying the distribution of observed goals for
the home and away team

of the time there are zero goals observed for the home team, it happens in about 30%
of the time for the away team. The percentage of one observed goal is also higher for
the away team, although the difference is not as high, 35% to 32%. The percentage of
observed goals greater than one is in each case higher for the home team. The most
notable difference being at two and three observed goals.
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This chapter describes the main emphasis of this work, creating probabilistic deep neural
networks. Therefore, different architectures are explored and the best way to create
probabilistic results using said architecture.

4.1 Bayesian Regression Model

In the following section, a Bayesian regression model to predict football game results is
described. This model acts as a baseline model, against which the neural network models
can be compared. The Bayesian model calculates the game result by predicting goals
scored by each team through Poisson regression. This is a common approach in football
result prediction using Bayesian models [3, 26, 28, 44].

The aim of Poisson regression is to estimate the λ of goals = Poisson(λ) for both teams.
Lambda is modelled through probability distributions. However, although the core is
the same, the modelling can vary vastly between models. One approach is to model
characteristics of the model directly through probability distributions. In this domain of
application, there are models directly modelling the scoring and conceding likeliness of
a team through Normal distributions. In this case, the training data is used to fit the
Normal distributions. To predict using the model, no input data is necessary, as it can
be directly sampled from the distributions. [3, 25, 28, 49] This approach can successfully
predict game results. However, those fitted distributions only correspond to a certain
team. This restricts the model, as it needs at least one distribution corresponding to
each team that should be predicted. Furthermore, the model might be impacted greatly
by transfers and thereby changing team strengths. Hence, a more general approach is
wanted.

A more general approach is to use probability distributions to model the weights of data
inputs [44]. Different data inputs are weighted by different probability distributions, but
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those distributions are equal for all possible teams and leagues. Thereby, the model can
be applied league, team and season independent, as long as the needed input data is
available. This approach is chosen for this model.

Figure 4.1: Visualization of the Bayesian Poisson regression model used as a baseline
model

Figure 4.1 visualizes the model. All data inputs, described in section 3, are weighted by
coefficients. In the figure, the data inputs are summarized into three groups, however all
13 input features are present. All the coefficients are modelled through Normal distribu-
tions, resulting in 26 different Normal distributions that need to be fitted. One Normal
distribution to model the influence of the home xG features on the goals scored by the
home team, and one Normal distribution modelling the influence of the home xG feature
on the goals scored by the away team. This results in num_features∗num_teams = 26

different Normal distributions. An intercept for the Poisson regression task is also mod-
elled by a Normal distribution for both home and away goals, taking the total number
of distributions up to 28. In comparison, a league consisting of 20 teams would require
40 different distributions for estimating scoring and conceding goals, and such a model
would not be universally applicable. The Normal distribution is ideal to model such
coefficient, as it has equal distributions in the positive and negative direction. If the
coefficients were modeled not as a distribution but as a scalar value, that value would
represent the Normal distribution’s mean.
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Figure 4.2: Result matrix for the observed,
predicted and diagonally inflated
predicted results

Prior values are the starting points in the
fitting process of the model and can influ-
ence the model positively if set correctly.
However, to define the prior values, expert
knowledge or knowledge about the desired
posteriors is required. Because both were
not existent, the prior mean and variance
of the Normal distributions were not de-
fined.

As can be seen in the figure, the sum of the
intercept and the weighted data features
yields log(λ). To receive λ from log(λ), a
linking function is needed, in this case the
exponential function. To model the result
of the sum as log(λ) and not λ, and using
the exponential function as a linking func-
tion holds some advantages. The main one
being to ensure that λ only takes on legal
values. For this Poisson regression model,
that means only positive values, as the
value of Poisson(λ)|λ < 0 is undefined.
Because of negative input data or nega-
tive coefficients, it can’t be ensured that
the sum of the intercept and the weighted
features returns a positive value. There-
fore, the exponential function is applied to
the sum, converting the negative values to
positive ones.

Similar Bayesian regression models tend to
predict too few draws. There are several
approaches to increase the predicted num-
ber of draws. Instead of modelling two
Poisson distributions, a zero inflated Pois-
son difference distribution can be modeled [26]. Another possibility is to inflate the
diagonal of the result matrix [25]. The result matrix is constructed by multiplying the
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vector of the number of home goal probabilities with the transposed vector of the number
of away goal probabilities, result_matrix = vh × vTa . The result matrix holds the prob-
abilities for every result of a game. The diagonal of the matrix corresponds to a draw, as
the home and away team have scored the same number of goals. Inflating the probabil-
ities of these results, leads to the model predicting more draws. A result matrix can be
seen in figure 4.2, where the first matrix is the result matrix of the observed results, the
second matrix is the predicted result matrix and the third the inflated predicted result
matrix.

The observed result shows a maximum for the result 1:1, with relative high values for
adjacent results and the probability of a result occurring decreasing more the more goals
are involved. The result matrix for the baseline model does not have a maximum at
the 1:1 result, rather all results for goals < 1 are roughly equally weighted. However,
the probabilities also decrease the more goals are involved in the result. The result
matrix for the diagonally inflated baseline model possesses the same characteristics as
the observed result matrix. A maximum at the result 1:1, with higher values for the
adjacent results and lower probabilities for results with more goals involved. Therefore,
the inflated diagonal model was preferred over the non-inflated model.

The results of this model are promising, correctly predicting around 57% of the game
winner and outperforming a model based on bookmaker odds. A more in-depth overview
of the performance of the model can be found in the section 6.

A more in-depth description with further explanation and an evaluation of the results
can be found in the appendix, A.1.

4.2 Neural Network Challenges

Creating an artificial neural network instead of a Poisson regression model leads to differ-
ent challenges that need to be considered. Those challenges are described in the following,
as well as the selected solution.

4.2.1 Classification vs. Regression

A fundamental decision when developing an artificial neural network is if the model should
predict continuous values, regression, or discrete, pre-defined values, classification. With
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this works use case, a classification model would directly predict the winner of the match.
The classes would be a home win, a draw and an away win. Opposed to that, a regression
model predicts the goals scored in a game and infers the game result from the predicted
goals.

The general approach in football result prediction using deep neural networks is predict-
ing the results using logistic regression [42]. However, as the data features are focused on
predicting the number of goals scored by each team, the regression approach is chosen
for the artificial neural networks. Furthermore, there are different possibilities for mod-
elling a regression model. One possibility is the model predicting the goal difference of
the game. This results in a univariate regression, predicting goalsA − goalsB. Another
possibility is to predict goalsA and goalsB separately. This leads to a multivariate re-
gression model. Despite the more complex regression task, the second option is chosen,
as it offers the most information. Not only can the game winner be determined, but
also if the game will be high scoring. This information is not given when predicting the
difference in goals by the teams.

4.2.2 Loss Function - DAMSE

For most regression tasks using neural networks, the mean squared error (MSE) is a
sufficient loss metric. However, for this particular problem, the mean squared error is
insufficient. This can be best demonstrated with an example. Assuming the ground
truth for a result R is 1 : 1 and the model predicts P0 = 2 : 0 and P1 = 0 : 0. Calculating
the MSE according to the formula 4.1 results in MSEP0 = 1 and MSEP1 = 1.

MSE =
1

n

n∑
i=1

(Yi − Ŷi)
2 (4.1)

The MSE loss suggests that both predictions are equally good. However, the result R

is a draw where both teams were equally good, at least considering the goal output.
Under this aspect, P0 predicts a clear win for the home team, whereas P1 predicts a
draw. P1 is closer to the ground truth R, however this is not represented by the error.
As a consequence, a custom loss formula was used, adjusting MSE to better represent
the desired errors. This is the difference adjusted mean squared error (DAMSE) seen in
formula 4.2.
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DAMSE =
1

3
((R0 − P0)

2 + (R1 − P1)
2 + ((R0 −R1)− (P0 − P1))

2) (4.2)

The first part (R0 − P0)
2 + (R1 − P1)

2 is the concrete form of the MSE for this model’s
predictions. Taking the squared difference between the observed goals of the home team
and the predicted home goals, and accordingly for the away goals. ((R0−R1)−(P0−P1))

2

calculates the squared difference between the difference of home and away goals for the
observed and predicted results. Finally, the mean of the three parts is calculated to
receive the DAMSE error.

Applying the DAMSE formula to the previously constructed example yields an error of 2
for P0 and 2/3 for P1, indicating that predication P1 is closer to the desired result than
prediction P0.

4.2.3 Interpretation of the Results

Contrary to the previously described Poisson regression model, the output of the neu-
ral network is not integer shaped, but a floating-point number. As football teams can
only score an integer number of goals, the received floating-point number needs to be
converted. However, there are different aspects to consider. There are two major ap-
proaches for converting the floating-point numbers to integer numbers. Integer rounding
and Bankers rounding. Integer rounding rounds always down to the next integer, whereas
Bankers rounding rounds to the nearest integer.

Although possible with a linear activation function, the neural network is not expected
to predict negative values regularly, as there are no negative ground truth values. As
a result, using Bankers rounding, the zero value would be underrepresented. This is
because, to obtain a zero after rounding, the floating-point value needs to be in the
interval [0, 0.5). However, the interval for all integers n > 0 is [n − 0.5, n + 0.5) and
therefore twice as big as the zero interval, disregarding negative values. For this reason,
because the zero value shouldn’t be underrepresented, Bankers rounding is not suitable.

Integer rounding does not have this problem, as the interval [n, n+ 1) applies for every
integer n. This means the intervals for all integers are the same size. A different problem
arises when calculating the winner of a game. As an example, a model predicts 0.9 goals
for team A and 1.1 goals for team B in scenario one, and 0.1 goals for team A and 1.9
goals for team B in scenario two. With integer rounding applied, both scenarios would
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result in the result 0:1. However, looking at the difference of the predicted goals between
the teams, scenario one is predicted to be a very close result, whereas scenario two is
predicted to be a clear result. The ideal result would be a predicted draw for scenario
one and an away win for scenario two.

The solution is to use the difference of the predicted goals and only then use integer
rounding. This way, close predictions, like scenario one, result in a rounded difference
of zero and therefore a draw prediction, while predictions further apart indicate either a
home win, by being positive, or an away win, by being negative. The only disadvantage
of this way of rounding is that the exact predicted number of goals can’t be derived
after taking the difference and rounding. This is not necessary to calculate the predicted
winning team, but if the information is needed, for example to investigate the predicted
goal distribution by a model, basic integer rounding is used.

4.3 Multi Layer Perceptron Model

The multi layer perceptron is kept as simple, and therefore small, as possible without the
size influencing the results. Because of the data specifications and the desired result, the
MLP consists of 13 input neurons and two output neurons, creating regression predictions
for goals scored by both teams. Additionally, the MLP only consists of one hidden layer.

Figure 4.3: Loss and accuracy for MLPs with different hidden layer sizes and dropout
rates

The size of the hidden layer was determined empirically. Figure 4.3 shows the training
and the test loss, as well as the training and the test accuracy for MLPs with the hidden
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layer sizes of 4, 8, 16, 32 and 128 neurons. Those analyses were done for dropout rates of
0.00, 0.25 and 0.50 respectively. The left y-axis and the red lines correspond to the loss,
whereas the black lines and the right y-axis represent the accuracy. The test loss stops
descending after 8, 32 and 16 neurons for 0.00, 0.25 and 0.50 dropout rate respectively.
A more unanimous picture is shown by the test accuracy. With all three configurations,
the test accuracy starts to decline or plateau at 16 hidden neurons. Therefore, the MLPs
hidden layer will consist of 16 neurons.

Further, the neurons in the hidden layer use the ReLU activation function and the neurons
in the output layer the linear activation function. The model uses DAMSE loss and the
ADAM optimizer. The advantage of DAMSE is previously described, whereas ADAM
is used as a standard optimizer with its standard parameterization. The next section
discusses the creation of probabilistic results using the created MLP model architecture.

Creating Probabilistic Results

A requirement of the model is to create probabilistic predictions, as they add value
compared to deterministic point predictions. In the following, multiple approaches are
explored to determine the most suitable approach going forward. These approaches in-
clude Controlled Monte Carlo Dropout, Ensembling and Bootstrap. Probabilistic results
are created by increasing the standard deviation of the predicted goals. By creating a
higher standard deviation and thereby a higher variation, the range of results increases
and thereby also the distribution of result predictions.

Controlled Monte Carlo Dropout Strategy Monte Carlo Dropout is the process
of training a deep neural network with dropout applied but keeping dropout active dur-
ing the prediction phase, thereby creating probabilistic results. However, with random
dropout, there are countless different dropout scenarios, and it would not be possible to
use every configuration during the training and prediction phase. Because it is preferable
that all different dropout scenarios are used during training and prediction, Controlled
Monte Carlo Dropout is used to define the possible dropout vectors beforehand. This
provides the advantage that every dropout configuration is used during training multiple
times and during prediction once. In addition, Controlled Monte Carlo Dropout allows
to logically choose configurations instead of using random ones. In the following, the
strategy to select the dropout configurations is described.
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One aspect to be considered when creating the Controlled Monte Carlo Dropout con-
figurations is the influence of the network size and the dropout rate on the standard
deviation. An assumption would be that higher dropout rates with smaller networks
lead to higher varying predictions because the total number of available connections and
weights is small. To verify this assumption, MLPs with different hidden layer sizes are
trained with varying dropout rates and the standard deviation of the predicted goals is
measured. Figure 4.4 shows these results.

Figure 4.4: Standard deviation of predicted goals in dependence of the hidden layer size
and the dropout rate

The general assumption that a higher dropout rate leads to a higher standard deviation
is correct in most cases. For MLPs with the hidden layer sized 16 or bigger, the standard
deviation increases with increasing dropout rate. For the hidden layer sizes four and eight,
the standard deviation decreases from a dropout rate of 0.5 to 0.8. However, independent
of the hidden layer size and dropout rate, the results of the standard deviation appear to
be in the roughly same area, at a standard deviation of roughly 0.2. It can be concluded
that the hidden layer size has no significant influence on the extent of the standard
deviation.
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The first ( 1○) dropout strategy drops out every feature pair combination once. The re-
maining features are not dropped out in the configuration. This results in

∑f
i=1

i!
f !(i−f)! =

127 different dropout configurations, where f is the number of features. The features
were grouped for the controlled dropout. Home xG and Home xG are grouped, as well
as Away xG and Away xG, et cetera. This results in seven feature groups. 4.3 shows an
exemplary dropout configuration, with the Home xG and Home xG group, index 0 and
2, dropped out.

[0, 1.18, 0, 1.18, 1.18, 1.18, 1.18, 1.18, 1.18, 1.18, 1.18, 1.18, 1.18] (4.3)

The Controlled Monte Carlo Dropout layer sets all weights of the neurons that should
be dropped out to zero, however to maintain the sum over all inputs, the weights of the
neurons not dropped out are scaled up by 1/(1− dropout_rate). As an example, if the
first two features are dropped out of the vector [1, 2, 2, 1], it results in the dropout vector
[0, 0, 4, 2].

Approach two ( 2○) for dropout configurations is to identify the most important features.
This is done by analyzing the weights going out of a feature. Figure 4.5 shows this
analysis through a matrix, where the features are displayed on the left and the hidden
neurons at the bottom of the matrix. The matrix was calculated by training a MLP 25
times without dropout applied and taking the mean of the weights per connection. The
absolute value of the weights is taken, as the direction of the influence is not relevant.

The matrix identifies four main features that have the most influence on the prediction.
Those features are the home and away, goal scoring and goal conceding form. In con-
trast to the features, neurons with especially high influence on the result couldn’t be
identified.

Every feature combination of the identified important features is dropped out. This is
done twice. Once with the unimportant features dropped out as well, and once where
only the important feature combination is dropped out. Two exemplary dropout con-
figurations are shown in 4.4. For both, the feature Form Home at index 8 is dropped
out. Once where only the feature is dropped out, and once with all unimportant features
dropped out.

[1.08, 1.08, 1.08, 1.08, 1.08, 1.08, 1.08, 1.08, 0, 1.08, 1.08, 1.08, 1.08]

[0, 0, 0, 0, 0, 0, 0, 0, 0, 4.33, 4.33, 4.33, 0]
(4.4)
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Figure 4.5: Feature importance matrix, indicating that the Form features are the most
influential features

The third strategy ( 3○) aims at the hidden layer. Because all possible different dropout
combinations of the 16 hidden neurons would result in too many dropout configurations,
every neuron is dropped out once on its own, and it is once the only neuron not to
be dropped out. This results in 32 different dropout configurations. 4.5 shows the two
resulting dropout configurations for the neuron at index 2. Once only the neuron at
index 2 is dropped out, and once all remaining neurons.

[1.06, 0, 1.06, 1.06, 1.06, 1.06, 1.06, 1.06, 1.06, 1.06, 1.06, 1.06, 1.06, 1.06, 1.06, 1.06]

[0, 16, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0]
(4.5)

Table 4.1 shows the results of the applied dropout strategies and their combinations.
Bold values in the table imply the best result in this column. The best result is either
quantified by being the highest in regard of accuracy and similar, the lowest regarding
errors, or by being the closest to an observed value. If there is no best result because
the results are up for interpretation, like the standard deviation, no entry is highlighted
in bold. The table was created by training each model with the corresponding dropout
strategy ten times and averaging the results. This applies for the remaining work. Every
time a bold value indicates the best result and all tables are created by taking the mean
of multiple results to increase the credibility of the results.
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The result of the baseline model is displayed at the top of the table. The results prove
that every dropout configuration creates results with standard deviations, ranging from
0.7 to 2.0. Those results are in the same area as the standard deviation of the baseline
model. The ECE scores are also comparable to the baseline model, except for strategy
3○. The dropout strategies perform much better in the home bin than the baseline
model, and achieve roughly the same results in the draw bin. However, they achieve
considerable worse results for the away bin. Strategy 1○ has the lowest ECE sum and
therefore the most promise. This is confirmed by looking at the accuracy, where the
strategy performed the best of all dropout strategies, however considerable worse than
the baseline model. Strategy 1○ is therefore the best performing Controlled Dropout
strategy for the MLP model.

Dropout strat. Std. Acc. ECE H. ECE D. ECE A. ECE Sum
Baseline 1.1459 57.80% 0.2146 0.1672 0.0503 0.4321

1○ 0.7420 48.16% 0.0707 0.1602 0.1898 0.4207
2○ 1.2103 48.05% 0.0369 0.2470 0.2711 0.5550
3○ 2.0663 39.04% 0.1580 0.3579 0.3618 0.8777

1○ & 2○ 0.7797 47.48% 0.0484 0.1536 0.2605 0.4625
1○ & 3○ 1.3519 46.42% 0.0767 0.1650 0.2818 0.5235
2○ & 3○ 1.8963 45.86% 0.0843 0.1600 0.3113 0.5556

1○ & 2○ & 3○ 1.2419 47.75% 0.1238 0.1113 0.2299 0.4650

Table 4.1: MLP—Average Std., Accuracy and ECE for controlled dropout strategies

Because of the success of the strategy 1○, it would be natural to create another strategy
regarding the input features. Where the strategy 1○ grouped the input features logically
and dropped out each combination of these groups, the new strategy would refrain from
grouping the features and drop out each feature and combination individually. However,
this results in over 187,000 different dropout configurations. Because every configuration
needs to be seen multiple times during training and once during prediction, the time
necessary for training and prediction is unreasonable. Therefore, it was refrained from
creating this adjusted strategy.

Neural Network Increase Function Another way to increase the standard deviation
of the predictions is to use a function. This function is attached to the output of the neural
network. Possible functions are the exponential function or the quadratic function. With
those functions modifying the output, the model has to predict smaller values to achieve
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the ground truth. When predicting smaller values, a small change through Controlled
Monte Carlo Dropout has a bigger impact on the result. Those functions will be called
increase function for the rest of the work. Figure 4.6 shows the network architecture with
attached increase function.

Figure 4.6: MLP with controlled dropout layer and attached increase function

Function Std. Acc. ECE H. ECE D. ECE A. ECE Sum
- 0.7420 48.16% 0.0707 0.1602 0.1898 0.4207

Quad. 1.6140 44.08% 0.1115 0.3168 0.1791 0.6075
Exp. 1.7570 45.80% 0.0777 0.2181 0.2212 0.5170

Table 4.2: MLP–Average Std., Accuracy and ECE for increase functions in combination
with strategy 1○

Table 4.2 shows the results of the applied increase functions. To test the results of the
increase functions, they were applied to MLPs with the dropout strategy 1○. For both
the exponential and the quadratic function, the standard deviation of the predictions
rises significantly. However, for both the accuracy decreases and the calibration error
increases, deeming the increase functions not applicable.

Ensembling & Bootstrap For Ensembling, 100 models of the same model architec-
ture are created and trained. The number of models was chosen to be able to create a
meaningful percentage in the prediction phase. The model architecture is the previously

40



4 Models

discussed MLP with 16 hidden neurons. The models are initialized with random weights,
with a high standard deviation, to create strong varying initial values. To increase the
difference of the models, early stopping is applied during the training process. It has
been applied for the loss and the accuracy with a patience-value of two and three.

Similar to Ensembling, 100 models of the same architecture but with different initial-
ization are created for the Bootstrap method. Contrary to the Ensemble method, with
Bootstrap, each model is only trained on a subset of the dataset. For 100 models that
results in roughly 60 diverse data points per model. These are only very few data points,
especially for deep neural networks. To increase the data input per model, another Boot-
strap variant with only 10 models is trained. Because of the small train data, it was
refrained from using the early stopping technique for the Bootstrap models. The results
for both approaches are shown in table 4.3.

Type Early Stop. Std. Acc. ECE H. ECE D. ECE A. ECE Sum
Ens. Loss (3) 0.0956 56.83% 0.2819 0.4293 0.4445 1.1557
Ens. Loss (2) 0.2031 56.31% 0.2445 0.3702 0.4051 1.0198
Ens. Acc. (3) 0.4548 56.50% 0.2119 0.3095 0.3223 0.8437
Ens. Acc. (2) 0.8421 56.25% 0.1700 0.2854 0.3290 0.7844

Boot.100 - 2.8877 56.25% 0.2201 - 0.2072 -
Boot.10 - 0.7682 54.95% 0.0402 0.2450 0.2556 0.5408

Table 4.3: MLP – Average Std., Accuracy and ECE for Ensembling and Bootstrap models

The Ensembling results indicate that the early stopping metric and patience don’t have an
influence on the model’s accuracy. In all cases, the accuracy is at around 56%. However,
the standard deviation differs. It increases depending on the patience, lower patience
results in a higher standard deviation. The standard deviation also increases depending
on the metric used for early stopping, with the loss metric resulting in a generally lower
standard deviation than the accuracy metric. The values of the standard deviation range
from close to zero to almost one. The ECE indicates that the models have a discrepancy
between prediction accuracy and prediction confidence, most likely being too confident
in their prediction. This is indicated by the high ECE sums.

As for Bootstrap, both variants achieve a similar accuracy of 56% and 54% respectively.
The standard deviation of predicted goals for Boot.100 is over two goals higher than the
standard deviation of Boot.10 and also considerably higher than all standard deviations
of the Ensembling models. The ECE is noteworthy for both models. Boot.100 has no
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value for ECE draw, caused by the model never predicting a draw result. Therefore, no
ECE sum can be calculated. The Boot.10 model achieves the best ECE scores with a
sum of 0.5408 and simultaneously achieving the best accuracy score of all Ensembling
and Bootstrap models.

Conclusion The aim of the previous discussed approaches was to create probabilistic
results without influencing the quality of the predictions, indicated by the ECE and the
accuracy. With all different approaches, better ECE scores were accompanied by lower
accuracy. This raises the question if a lower ECE score and therefore more balanced
predictions are worth having a lower accuracy. To answer this question, table 4.4 shows
the first three games of the test set, and the predictions by each model. If the model
predicts correctly or not is not relevant, but is indicated through the cross and checkmarks
behind the predictions.

Model Acc. Game 1 Game 2 Game 3

1○ 48.16% 71.7%-26.8%-1.6% × 14.2%-28.3%-57.5% × 56.7%-40.9%-2.4% ✓

1○ + Exp 45.80% 49.6%-44.1%-6.3% × 35.4%-52%-12.6% × 23.6%-48%-28.3% ×
Ens.Acc(2) 56.25% 97%-1%-2% × 19%-77%-4% × 98%-1%-1% ✓

Boot.10 54.95% 80%-20%-0% × 60%-20%-20% ✓ 90%-10%-0% ✓

Table 4.4: Comparison of exemplary result prediction distributions for different MLPs

Going from best to worst accuracy, the Ensemble model achieved the highest accuracy.
However, looking at the results, the model is very certain in its predictions. This is
particularly not helpful when the predictions are wrong. Independent of the correctness
of the predictions, the model only recognizes a small chance of results occurring that are
not the most probable rated by the model. 3%, 23% and 2% in numbers, resulting in
only 7% chance per predicted game for a different than predicted result to occur. With a
model this certain, even if wrong, there is no value in the probability distributed results,
and therefore the Ensembling model is no further considered.

The second-best approach accuracy wise is Boot.10. Although predicting two games
correctly, the model again only recognizes a 20%, 40% and 10% chance that another
result might occur. This again is an indication of a very certain model. Additionally, it
is only possible to create ten different predictions, restricting the prediction precision.

The Controlled Monte Carlo Dropout strategy 1○ and the strategy 1○ in combination
with the increase function have both a greatly increased probability for the results that are
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not the top prediction. However, considering strategy 1○ has the higher accuracy and the
lower ECE score, it was decided to go forward with the Controlled Monte Carlo Dropout
strategy 1○ to create probability distributed results. This model will be compared to
different deep neural network architectures and the Baseline model.

Figure 4.7: The complete multi layer perceptron model to predict probabilistic game
results

The complete MLP model can be seen in figure 4.7. It shows the simple MLP with only
one hidden layer. The Controlled Monte Carlo Dropout layer between the input layer
and the hidden layer to be able to drop out the input features, according to strategy 1○,
as well as no increase function after the output neurons.

4.4 Long Short-Term Memory Model

LSTMs excel when there are temporal connections present in the data. This is not the
case with the created dataset, nevertheless a LSTM network is implemented to create
probability distributed football result predictions. This has multiple reasons. As seen in
section 2.5, LSTM networks have achieved good results compared to Bayesian networks.
Further, similar work has shown that LSTM networks are the go-to network architecture
for football result prediction using deep neural networks. Apart from the already men-
tioned advantages, it is also of interest to observe the difference in the obtained results
compared to the MLP model.
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The training data needs to be modified to fit the LSTM model. Therefore, a second
dimension is added to the training data. This dimension represents time, and thereby
it is possible to put the data into temporal context. However, as the training data does
not contain temporal context, the second dimension consists of only one constant data
point.

Similar to the MLP model, the LSTM model is kept simple, with only one hidden layer
consisting of LSTM cells. The output layer consists of two artificial neurons, creating
the regression output. The size of the hidden layer is empirically estimated by running
models with different hidden layer sizes and different dropout rates multiple times. This
can be seen in figure 4.8.

Figure 4.8: Loss and accuracy for LSTMs with different hidden layer sizes and dropout
rates

For the dropout rates of 0.25 or 0.5, there is no significant difference in loss and accuracy
depending on the size of the hidden layer. However, a different picture can be seen with
no dropout applied. Loss and accuracy are getting steadily better with a bigger hidden
layer size. But after 64 hidden LSTM cells, the model starts to overfit. The train loss
and the train accuracy are getting significantly better, while the test loss and the test
accuracy are getting significantly worse. Therefore, the selected hidden layer size is 64.

The model uses DAMSE as the loss function and ADAM as the optimizer. The output
neurons use a linear activation function, while the LSTM cells use the hyperbolic tangents
as activation function.
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Creating Probabilistic Results

Just like with the MLP model, the LSTM model should output probabilistic results.
Therefore, the already discussed approaches of Controlled Monte Carlo Dropout, En-
sembling and Bootstrap, are applied to the LSTM model. Following, only differences are
stated if they exist, otherwise only the results are displayed.

Controlled Monte Carlo Dropout For Controlled Monte Carlo Dropout, the same
strategies 1○ to 3○, and their combinations, are applied to the model. However, due to
the increased hidden layer size, the size of strategy 3○ has also increased to a size of 128.
Otherwise, for strategy 1○ and 2○ there are no differences. Table 4.5 displays the results
for the Controlled Dropout strategies.

Dropout strat. Std. Acc. ECE H. ECE D. ECE A. ECE Sum
Baseline 1.1459 57.80% 0.2146 0.1672 0.0503 0.4321

1○ 0.3389 42.49% 0.3035 0.0542 0.4139 0.7716
2○ 0.5596 51.79% 0.0867 0.1160 0.2061 0.4088
3○ 3.4804 55.13% 0.0790 0.1237 0.1609 0.3636

1○ & 2○ 0.3661 46.77% 0.2576 0.0798 0.3570 0.6944
1○ & 3○ 2.8646 44.63% 0.2088 0.0626 0.3198 0.5912
2○ & 3○ 3.1121 53.91% 0.0695 0.0955 0.2227 0.3877

1○ & 2○ & 3○ 2.7789 45.63% 0.2036 0.0416 0.2724 0.5177

Table 4.5: LSTM—Average Std., Accuracy and ECE for controlled dropout strategies

Comparing the different strategies, it is noticeable that strategies 2○ and 3○ are per-
forming considerably better than strategy 1○. This is the case for the ECE sum and
the accuracy. The combinations of strategies are following this trend. If strategy 1○ is
present in the combination, the strategy performs worse, than the case where strategy
1○ is absent from the combination. This is especially interesting as strategy 1○ was the
preferable strategy for the MLP model.

Another difference between the strategies is the considerable higher standard deviation
of predicted goals if the strategy 3○ is present during prediction. With strategy 3○
applied, the standard deviation of predicted goals is at around 3, without strategy 3○,
only at around 0.5. This appears to be very high, especially considering the standard
deviation of the baseline model is at 1.15. However, because of the superior results for
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ECE and accuracy, strategy 3○ is considered the best strategy of the Controlled Monte
Carlo Dropout strategies.

Neural Network Increase Function Although the standard deviation is already
high for strategy 3○, the increase functions are nonetheless applied to monitor their
influence. The results are shown in table 4.6.

Function Std. Acc. ECE H. ECE D. ECE A. ECE Sum
- 3.4804 55.13% 0.0790 0.1237 0.1609 0.3636

Quad. 18.0181 55.83% 0.0640 0.2119 0.1688 0.4447
Exp. 60.4881 53.48% 0.0508 0.1865 0.1763 0.4136

Table 4.6: LSTM–Average Std., Accuracy and ECE for increase functions in combination
with strategy 3○

The accuracy and the ECE sum with applied increase functions are not very different
from their respective values without the increase function. The notable difference lies
in the standard deviation of the predictions. The aim of the increase functions is to
amplify small changes achieved through the Controlled Monte Carlo Dropout to get a
higher standard deviation. However, because the standard deviation is already high, the
increase functions lead to unintentional high standard deviations, with values of 18 and
60 respectively. This is unwanted behavior as a team scoring over 60 goals a game is
unheard of and the model should not predict those scores at all. Therefore, the increase
functions are deemed insufficient for the LSTM model with dropout strategy 3○.

Ensembling & Bootstrap The same early stopping criteria and the number of models
are kept for the Ensembling and Bootstrap models. The results are shown in table 4.7.

Type Early Stop. Std. Acc. ECE H. ECE D. ECE A. ECE Sum
Ens. Loss (2) 0.2209 56.18% 0.2301 0.3422 0.4056 0.9779
Ens. Loss (3) 0.3506 55.73% 0.1827 0.2628 0.3354 0.7809
Ens. Acc. (2) 0.1974 55.28% 0.2279 0.3563 0.4072 0.9914
Ens. Acc. (3) 0.1927 55.92% 0.2459 0.3545 0.3995 0.9999

Boot.100 - 2.3805 53.27% 0.2321 0.2980 0.0286 0.5587
Boot.10 - 0.5885 53.01% 0.0299 0.2688 0.2402 0.5389

Table 4.7: LSTM – Average Std., Accuracy and ECE for Ensembling and Bootstrap
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The accuracy for all Ensemble models is roughly the same at 55%, with the accuracy for
the Bootstrap models being marginally worse at 53%. The standard deviation and the
ECE sum of the Ensemble models show a similar picture, with the values for all models
being in the same range. This is 0.2 for the standard deviation and almost 1.0 for the
ECE sum, with the values for the Ensemble Loss (3) model deviating to 0.35 for the
standard deviation and 0.78 for the ECE sum. The ECE sum for all Ensemble models is
high compared to the other approaches.

Both Bootstrap models show a significant lower ECE sum, and a considerable higher
standard deviation. Especially the standard deviation of the Boot.100 model is four times
as high as the Boot.10 model and over two goals higher than the Ensemble models.

Although the accuracy is on the same level as the Controlled Monte Carlo Dropout
strategy 3○ model, the ECE sum is significantly worse for all Ensemble and Bootstrap
models. Therefore, they fail to perform better.

Conclusion The best results of the Controlled Monte Carlo Dropout strategies scores
strategy 3○. This is indicated by the lowest ECE scores and the highest accuracy. The
combination of configuration 2○ and 3○ achieved similar but slightly worse results. The
increase function models, although not far behind for ECE sum and on a similar level for
the accuracy, are disregarded because of their high standard deviation. The Ensemble
models perform bad regarding the ECE sum and although achieving better results, the
results of the Bootstrap models are also not good enough regarding the ECE sum.

Model Acc. Game 1 Game 2 Game 3

3○ 55.13% 74.2%-6.2%-19.5% × 24.2%-55.5%-20.3% × 77.3%-6.2%-16.4% ✓

Table 4.8: Exemplary result prediction distributions for the best performing LSTM model

Table 4.8 shows the predicted results for the first three games of the test set for the
LSTM model with the Controlled Dropout strategy 3○. Although predicting two out of
three results wrong, the prediction distributions allow for other results to occur. The
model also indicates an uncertainty, especially for Game 2.
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4.5 Convolutional Neural Network Model

Similar to the LSTM model, the data is not intended and therefore not designed for a
CNN model. CNNs excel by extracting areal connections in the data. However, just
like the LSTM model, the CNN model is implemented to observe the influence of the
Controlled Monte Carlo Dropout, Ensembling and Bootstrap strategies.

To feed the data into a CNN model, the data is restructured from a 1×13 vector of data
to a 4×4 data vector. The three newly added data inputs are filled up by constant zero
values. Modeling the input data as two-dimensional allows the usage of two-dimensional
kernels and therefore the possibility to generate more insights from different input features
with one kernel.

The size of the model is once again empirically determined. However, this is more complex
for an CNN as for the MLP and LSTM, as the CNN has more customizable dimensions.
The number of kernels and the kernel sizes. Additionally, CNNs are more likely to benefit
from multiple layers because later layers utilize the feature maps of prior layers.

The CNN consists of the 4×4 input layer, followed by the convolutional layers. Those
operate without padding, therefore the size of the feature maps is reduced compared to
the input dimensions. As the feature maps are already condensed enough, there is no
necessity for pooling layers. In the end, the feature maps are flattened, and two artificial
neurons create the model’s regression output. The neurons use a linear activation func-
tion. Just like the previous models, the CNN model uses ADAM optimizer and DAMSE
as the loss function.

Kernel Number (Size) Train Loss Train Acc. Test Loss Test Acc.
10 (2×2) 1.2585 56.72% 1.3211 55.78%
20 (2×2) 1.2609 56.99% 1.3178 55.76%
10 (3×3) 1.2586 57.07% 1.3191 55.70%
20 (3×3) 1.2606 57.12% 1.3171 56.08%

10 (3×3), 20 (2×2) 1.2626 57.54% 1.3220 55.41%

Table 4.9: Loss and accuracy for CNNs with different kernel sizes and number of kernels

Table 4.9 shows the results of different CNN models with different number of kernels and
different kernel sizes. The different number of kernels and different kernel sizes don’t
have an influence on the prediction accuracy or the loss. The loss is at 1.3 for all kernel
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number and sizes, while the test accuracy is always approximately 55%. However, as the
accuracy is on a good level compared to the other models, it was decided to proceed with
the 20 (3×3) model as it achieved insignificant better results for the test accuracy.

Creating Probabilistic Results

Controlled Monte Carlo Dropout, Ensembling and Bootstrap are again applied to the
CNN model to create probabilistic results. In the following, only changes to the methods
are described.

Controlled Monte Carlo Dropout There are minor differences applied to the Con-
trolled Monte Carlo Dropout strategies, but the general idea behind the strategies re-
mains the same. The shape and size of the dropout strategies 1○ and 2○ are modified
to fit the shape of the new input data. The added zeros of the input data are not in-
cluded in the calculation of the dropout mask. For strategy, 3○ the number of neurons
in the hidden layer has changed. The new size is 80 resulting from 20 flattened feature
maps of size 2×2, that result from applying a 3×3 convolution kernel without padding.
Therefore, the number of different dropout masks for strategy 3○ is 160.

Dropout conf. Std. Acc. ECE H. ECE D. ECE A. ECE Sum
Baseline 1.1459 57.80% 0.2146 0.1672 0.0503 0.4321

1○ 0.5136 44.58% 0.1718 0.0725 0.4410 0.6853
2○ 1.4269 52.89% 0.0214 0.2417 0.1601 0.4232
3○ 3.1481 55.83% 0.0321 0.2477 0.1809 0.4607

1○ & 2○ 0.5826 44.75% 0.1892 0.0780 0.4715 0.7387
1○ & 3○ 1.6022 43.44% 0.1463 0.1192 0.5164 0.7819
2○ & 3○ 2.4427 53.16% 0.0716 0.1030 0.2934 0.4680

1○ & 2○ & 3○ 1.3920 38.60% 0.2530 0.0469 0.5328 0.8327

Table 4.10: CNN—Average Std., Accuracy and ECE for controlled dropout strategies

The results of the Controlled Monte Carlo Dropout strategies are shown in table 4.10.
There are considerable differences between the results of the different strategies. Strategy
2○ and 3○ achieve good results regarding the ECE sum and the accuracy, and so does
the combination of 2○ and 3○. The strategy 1○ and the combinations where strategy 1○
is present achieve worse results for the ECE sum and the accuracy. Strategy 1○ has only
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a small influence on the standard deviation compared to strategy 3○, whereas strategy
2○ is in the middle of both.

Neural Network Increase Function Because of the best results regarding the ECE
sum and the moderate standard deviation, the strategy 2○ is considered the best per-
forming strategy of the batch and is further considered. This includes using strategy 2○
to apply the increase functions. The results are shown in table 4.11.

Function Std. Acc. ECE H. ECE D. ECE A. ECE Sum
- 1.4269 52.89% 0.0214 0.2417 0.1601 0.4232

Quad. 4.3665 47.05% 0.0703 0.3290 0.1519 0.5512
Exp. 353.46 51.85% 0.0290 0.1616 0.1622 0.3528

Table 4.11: CNN–Average Std., Accuracy and ECE for increase functions in combination
with strategy 2○

The results indicate that both increase functions increase the standard deviation signifi-
cantly. The quadratic function increases the standard deviation from 1.4 to 4.3, however
the ECE sum and the accuracy are getting slightly worse. The exponential function
increases the standard deviation enormously to over 350. The results regarding the
ECE sum and the accuracy are better compared to the results without the exponential
function, however because of the unusable and more important, unrealistic standard de-
viation, the exponential increase function is disregarded. The quadratic function is also
not considered because of the worse results.

Ensemble & Bootstrap The Ensembling and bootstrap models are of the same size
and follow the same early stopping approaches that were already discussed for the MLP
and the LSTM model. The results for the Ensembling and bootstrap models can be seen
in table 4.12.

The ECE sum for the Ensembling and the bootstrap models are consistently significantly
worse than the results of the baseline model or the CNN model using Controlled Monte
Carlo Dropout strategy 2○. The ECE sums are worse by a factor of two. Despite the
bad ECE sum, the models achieve equally high accuracy scores in comparison to the
baseline and Controlled Monte Carlo Dropout models. The Ensemble models utilizing
early stopping based on the loss are only achieving small standard deviations in their
predictions. This is also the case for the Boot.10 model. The Ensemble models utilizing
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Type Early Stop. Std. Acc. ECE H. ECE D. ECE A. ECE Sum
Ens. Loss (2) 0.1140 55.73% 0.2847 0.4367 0.4076 1.1290
Ens. Loss (3) 0.1193 55.92% 0.2693 0.4311 0.4118 1.1122
Ens. Acc. (2) 2.0644 55.73% 0.2016 0.3446 0.3492 0.8954
Ens. Acc. (3) 1.2742 55.92% 0.2406 0.3673 0.3650 0.9729

Boot.100 - 6.6024 53.92% 0.1938 - 0.1930 -
Boot.10 - 0.2309 56.12% 0.2063 0.3290 0.3806 0.9159

Table 4.12: CNN – Average Std., Accuracy and ECE for Ensembling and Bootstrap

an accuracy based early stopping achieve a higher standard deviation in their predictions.
However, the highest standard deviation is produced by the Boot.100 model. Noticeably,
the Boot.100 didn’t produce a single draw prediction, and therefore the ECE for the draw
bin could not be calculated.

Because of the bad ECE scores, the performance of the Ensemble and the Bootstrap
models is considered insufficient, and the models are not further considered.

Conclusion Table 4.13 shows the results of the first three games of the test set for the
best performing CNN model, the Controlled Monte Carlo Dropout 2○ model.

Model Acc. Game 1 Game 2 Game 3

2○ 52.89% 96.7%-3.3%-0%× 26.7%-33.3%-40%× 90%-10%-0%✓

Table 4.13: Exemplary result prediction distributions for the best performing LSTM
model

The models predictions for Game 1 and Game 3 are very certain. The model only
recognizes a 3.3% chance of a draw happening, and no chance at all for an away win.
However, the model’s prediction of a home win is wrong. The same certainty of the
prediction can be observed for Game 3, although the model’s prediction is correct in this
case.

Those exemplary predictions are not promising regarding the CNNs ability to predict
games, and to provide a reasonable uncertainty. However, the ECE sum is on the same
level as the baseline model and the best performing MLP and LSTM models. Therefore,
it is assumed that the three exemplary games are only unfortunate examples and the
bulk of games have reasonably distributed results.
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4.6 Comparison

This section will compare the different models, regarding their general performance and
regarding the influence of the Controlled Monte Carlo Dropout, Ensembling and Boot-
strap methods.

Model size The models are of different sizes regarding their hidden layer. This is
especially noticeable looking at the trainable parameters per model. The MLP is the
smallest model with 274 trainable parameters, whereas the CNN consists of 902 trainable
parameters. The LSTM model is by far the biggest of the models, with 20,354 trainable
parameters.

Accuracy Without the probabilistic measures applied, all models achieve roughly the
same accuracy at approximately 55%. The test loss is also in the same region for all
models, ranging from 1.3 to 1.4. With Controlled Monte Carlo Dropout applied, the
accuracy of the MLP models drops to at most 48% and at least 39%. The worst per-
forming LSTM model with Controlled Monte Carlo Dropout achieves an accuracy of only
42%. However, the best performing models keep the performance level of 55%. The CNN
models show a similar picture to the LSTM models, dropping the accuracy down to 38%
for the worst performing model but achieving over 55% accuracy on the best performing
model. The accuracies for the Ensemble and Bootstrap models are similar for all types
of models. They achieve around 55% accuracy independent of the early stopping method
used and independent of the model architecture.

Standard deviation The standard deviation of the predicted goals varies depending
on the Controlled Monte Carlo Dropout strategy. For the MLP model, strategy 1○ has
the smallest impact of the strategies, with around 0.7. Strategy 2○ created a standard
deviation of 1.2, whereas strategy 3○ has the highest influence, increasing the standard
deviation to 2. The standard deviation of combination 1○ & 2○ is on the level of strategy
1○. The combinations 1○ & 3○ and 1○ & 2○ & 3○ are slightly higher and on the
level of strategy 2○, whereas the combination 2○ & 3○ is even higher and on the same
level of strategy 3○. This behavior is confirmed by the LSTM model, although the
regions differ. The standard deviations of strategy 1○ and 2○ are considerably lower,
whereas strategy 3○ creates a much higher standard deviation. The standard deviations
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of the combinations 1○ & 2○ and 2○ & 3○ are still on the level of strategy 1○ and 3○,
respectively. The combinations of 1○ & 3○ and 1○ & 2○ & 3○ are still on the same level,
but they are almost six times as high as strategy 2○. The ratios of the CNN models are
comparable to the MLP model.

The increase functions lead to an increased standard deviation. However, the magni-
tude differs depending on the model. The quadratic and the exponential function both
roughly double the standard deviation of the predicted goals for the MLP model. For
the LSTM model, both functions have a considerable higher influence on the standard
deviation, leading to a standard deviation of 18 for the quadratic function and 60 for
the exponential function. The increase functions in combination with the CNN model
increase the standard deviation to 4 and 353 respectively. Especially the exponential
increase function leads to unusable standard deviations of goals predicted. This is the
case for the LSTM and the CNN model.

The Ensemble models with early stopping based on loss produce a small standard devia-
tion, less than 0.3. There is no trend identifiable for the Ensemble models using accuracy
based early stopping. The MLP models have a medium standard deviation of 0.5 and
0.8, whereas the same models for the LSTM models have a considerable lower standard
deviation, roughly 0.2. In contrast, the CNN Ensemble accuracy models produce a much
higher standard deviation of 2 and 1.2 respectively. For all three types of models, the
Bootstrap.100 model produces a considerable higher standard deviation than the Boot.10

model. For the MLP and LSTM models, the difference is similar at roughly 2.5 and 0.5.
The CNN model produces much more extreme results, producing standard deviations of
6.6 and 0.2.

Expected calibration error Comparing the three different ECE bins of the Con-
trolled Dropout MLP model indicates that the models are best at predicting home wins,
and in most cases can also better predict draws than away wins. This observation still
holds for the Ensemble and Bootstrap models, however the ECE home values are notice-
able worse and the scores for draw and away win are closer. The Controlled Dropout
LSTM models create the smallest ECE score when predicting draws. However, they also
perform worst regarding the ECE scores on the away win bin. This changes for the
LSTM Ensemble models. Scoring generally worse scores, with the best results for the
home bin, the LSTM Ensemble results are very similar to the MLP Ensemble results.
The Controlled Dropout CNN results indicate no clear picture if the models are better at
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predicting home wins or draws, as the results are mixed but good for both bins. However,
the results for the away win bin confirm that the models are at their worst when pre-
dicting away wins. The CNN Ensemble and Bootstrap models achieve the same results
as the Ensemble and Bootstrap models of the other model architectures. The general
scores being worse than the scores of the Controlled Monte Carlo Dropout models, with
the scores for the home win bin being superior to the draw and away win bin.

Noteworthy Another noteworthy observation is two Bootstrap100 models not predict-
ing any draws. This is probably the result of the little data per model when training
100 different models on different data. This also explains why the Bootstrap100 models
have generally very high standard deviation, as they had not enough data to be fitted
accordingly.
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This section describes the training process of the models. Therefore, for reproducibility,
the hardware, as well as the software environment, is described. In the end, the training
process for the different models is described, including training times.

5.1 Hardware & Software

The models were trained on an Intel i7-8565U quad-core CPU with 16 GB of RAM.
However, with only an integrated graphics card, there was no possibility for an GPU
accelerated training process of the DNNs.

The data operations as well as the models were implemented using Python version 3.10.4.
The Python library soccerdata version 1.3.3 was used to scrape the relevant data, while
the library socceraction version 1.2.3 was used to format the scraped data. The dataset
was created from the scraped data and inspected using numpy version 1.22.1 and pan-
das version 1.4.3. For the deep neural networks, keras version 2.11.0 with a tensorflow
backend version 2.11.0 were used. The Bayesian model was implemented using the prob-
abilistic programming framework pymc version 4.1.4.

5.2 Training Process

All models are trained in the same previously described environment. The models are
trained for 100 epochs. This number was empirically chosen, as the learning curve of each
model flattened towards the end of the epochs. However, the training steps per epoch
varied per model, depending on the size of the used Controlled Monte Carlo Dropout
strategy. For small Controlled Monte Carlo Dropout strategies, multiples of the size of
the strategy are used. This ensures that every dropout configuration in the strategy is
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used for training the same number of times, and at least once. Additionally, the dataset
is shuffled before every epoch.

For the predictions, the models predict with the activated Controlled Dropout layer. The
prediction is done once for each Controlled Dropout configuration, to ensure that every
configuration was used once. Additionally, no configuration should be used more often
than another, as this configuration would have a higher influence on the results.

Model Training Time Prediction Time
Baseline 97 s. 1 s.
MLP 79 s. 1 s.
LSTM 424 s. 11 s.
CNN 20 s. 0.2 s.

Table 5.1: The time needed to train a model, or to make predictions using the model

Table 5.1 shows the training times, as well as the prediction times of the models. It is
noticeable that the CNN model has a much faster train and prediction time compared
to the MLP model, although the MLP model has less trainable parameters. The times
of the MLP model are comparable to the baseline Bayesian model. The LSTM model
needs much longer than the other models to be trained and also to predict results. This
is partly duo to the amount of trainable parameters of the model.

The Ensemble and Bootstrap models, not shown in the table, take even longer to train.
Training an Ensemble model consists of training 100 times the same model, with up to
100 epochs, depending on the early stopping method. This results in multiple hours of
training time. However, their prediction time is comparable to the time of the LSTM
model. Especially the times of the Ensembling models can be massively improved using
threading or other code optimization processes, which didn’t occur in this work.
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In this section, the results of the previously described models are stated and discussed.
However, the models are not only evaluated by their prediction accuracy, but by their
ability to represent the observed reality. Therefore, this section starts by analyzing
the model’s ability to represent distributions of Home-Draw-Away predictions, and the
goals scored distributions. In the following subsection, the model’s general prediction
capabilities will be analyzed, and it will be investigated if the models have different
strengths and weaknesses when predicting game results.

6.1 Representation of the Observed Reality

Average Home-Draw-Away The created model should be able to model the reality.
One aspect is the proportional prediction of Home-Draw-Away results. The first row of
table 6.1 shows that 42% of the observed games end in a home victory, every fourth game
in a draw, and roughly every third game in an away win.

Model Average-pred. Home Average-pred. Draw Average-pred. Away
Observed 42.78% 25.50% 31.71%
Baseline 39.44% 30.78% 29.77%
MLP 44.46% 33.35% 22.17%
LSTM 41.08% 27.27% 31.64%
CNN 41.11% 26.72% 32.16%

Table 6.1: Average predicted Home-Draw-Away vs. observed Home-Draw-Away

The remaining rows display the average predictions of the different models. The baseline
model predicts the observed Home-Draw-Away distribution quite accurately, but the
model overestimates a draw by around 5% points. The MLP model is similarly close
at predicting home wins. However, the model overestimates draws, even more than the
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baseline model, by around 8% points, and significantly underestimates an away win by
over 10% points. The prediction distributions of the LSTM and the CNN model are
similarly close to the observed distribution. These results do not show a significant
weakness in the predictions of the LSTM and CNN models.

Home-Draw-Away Table 6.1 displays the average Home-Draw-Away predictions of
the models. However, the distribution of the predicted top result should also fit the
observed distributions. An example illustrates the difference. Consider, Model A predicts
game 1 with 60%-20%-20% and game 2 with 10%-40%-50%. The average predictions,
displayed in table 6.1, would be 35%-30%-35%. The predicted results by the model would
be a home win for game 1 and an away win for game 2, leading to the distribution of
50%-0%-50% for the top predictions, displayed in table 6.2.

Model Top-pred. Home Top-pred. Draw Top-pred. Away
Observed 42.78% 25.50% 31.71%
Baseline 51.26% 19.16% 29.58%
MLP 52.36% 28.28% 19.35%
LSTM 38.96% 37.02% 24.01%
CNN 46.67% 22.65% 30.68%

Table 6.2: Predicted Home-Draw-Away vs. observed Home-Draw-Away

The general ratio of the observed Home-Draw-Away distribution sees home wins oc-
curring the most, followed by away wins and draws occurring the least. The base-
line model follows this ratio. Although the model overestimates home wins by al-
most 10% points and underestimates draws by over 5% points, the general ratio of
home_wins > away_wins > draws is followed. The MLP model also overestimates
home wins by roughly 10% points. However, the predictions of the MLP model do not
follow the observed ratio. The predicted proportion of draws is significantly higher than
the predicted proportion of away wins. The same applies to the LSTM model. Although
the LSTM model’s prediction of the proportion of home wins is the closest to the observed
value of all models, the proportion of predicted draws is equally high. As a result, the
model massively overestimates draws and underestimates the proportion of away wins.
This also does not follow the observed ratio of home_wins > away_wins > draws.
The CNN model follows the observed ratio and in addition is not overestimating the
proportion of home wins as much as the baseline model.
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With both results in mind, the CNN model performs best regarding the result pro-
portions, followed by the baseline model. Although achieving good average scores, the
MLP and LSTM model compare badly by underestimating the number of away wins and
overestimating the number of draws.

Goal Distribution The average number of goals scored by the home team is 1.53,
whereas the away team scores 1.23 goals on average, as seen in row 1 of table 6.3. The
predicted average number of goals by the four models are listed below. These values
show that all models underestimate both home and away goals scored. However, the
predictions of the baseline model are closest to the observed values, underestimating the
goals scored only marginally. The MLP model is next closest regarding the home goal
predictions, but predicts roughly a fourth of an away goal less per game. Similarly, the
CNN model underestimates the away goals by around a fourth of a goal. Additionally, the
CNN model underestimates the home goals even more than the MLP model, predicting
a third of a goal to little per game. The LSTM model predicts the fewest goals of all
models. The model underestimates both home and away goals scored by roughly a third
of a goal.

Model Average Goals Home Average Goals Away
Observed 1.5348 1.2387
Baseline 1.4572 1.2160
MLP 1.3572 0.9677
LSTM 1.1706 0.8985
CNN 1.2047 0.9720

Table 6.3: Average goals per model

Figure 6.1 shows the histograms of the observed goals for both teams, and the predicted
goal distributions by the baseline and the MLP model. The histograms for the LSTM
and the CNN model can be seen in the appendix, figure A.1.

The observed histograms (top), reveal that for both home and away teams, the most
frequent number of goals scored is one. With each appearing in over 30% of the time.
The main difference between the home and the away distribution is the occurrence of zero
goals observed and two goals observed. For the home teams, zero goals are observed in
around 22% of the games, whereas two goals are observed in roughly every fourth game.
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Zero away goals are observed in around 30% of all games, with two goals occurring in
only every fifth game.

The predicted number of goals distribution for the home team is quite similar regard-
ing the observed values and the baseline model. The occurrences of one goal are quite
similar, whereas zero goals are predicted to occur more often and two goals less often.
The distribution of predicted away goals does not match the observed distribution. All
predicted values, for one or more goals, are insignificant lower than their observed coun-
terparts. However, the value of zero scored goals is significantly higher than the observed
value, being even higher than the predicted value for one goal scored, and therefore the
distribution does not match with the observed distribution.

The histogram of the MLP model shows more significant differences. The model mas-
sively overestimates the one goal outcome, estimating this result in over 40% of the time,
while the observed value is roughly 10% points lower. The prediction of two goals is on
the same level as the observed value, but every other prediction of goals, 0, 3, 4 and
5, are underestimated by the model. The predicted away goals show roughly the same
picture. The model predicts approximately the right amount of zero goal occurrences,
but again, overestimates the single goal occurrences massively, this time by over 15%
points. As a result, the model underestimates the goal results of two or more goals.
However, the MLP model does match the general shape of the goal distributions. This is
the confirmation of the in table 6.3 shown general underestimation of goals by the MLP
model.

The CNN model’s results are quite similar to the results of the MLP model. The CNN
model overestimates the outcome of zero and one goal by around 7% percentage points,
and underestimates the remaining goal results. Just like the MLP model, the CNN
model massively overestimates the one goal result for the away team, again by almost
15% points. With the zero goals results being roughly at the observed level, the model
majorly underestimates the goal occurrences of two goals or more.

While over and underestimating some results, the MLP and CNN goal distributions
followed the shape of the observed goal distribution. This is not the case for the LSTM
models predictions. For both the home and the away team, the model predicts zero goals
as the most likely outcome. For the away team, the model predicts no goals scored almost
half the time. While the prediction for one goal is roughly in the observed area for both
the home and the away team, the model also underestimates goal occurrences of two
goals or more for both teams. Another anomaly of the LSTM model’s goal prediction
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Figure 6.1: Goal distribution histograms for the observed goals, the baseline model, and
the MLP model
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distribution is the higher occurrences of five goals in comparison to four goals, for both
teams. This does also not match the observed distribution. The distributions of the
LSTM model confirm the in table 6.3 observed bad results of the LSTM model regarding
the predicted goals.

Result Distributions Previously in this chapter, the models were evaluated regarding
their capability of representing the observed result distributions (table 6.1, table 6.2).
Figure 6.2 offers a more in-depth insight about the observed and predicted results. The
figure shows four heatmaps for the observed results and the predicted results by the
baseline, the MLP and the LSTM model. The CNNs heatmap can be found in the
appendix, figure A.2. The heatmaps show the goals scored by each team and therefore
the result of the game. For example, the top left entry corresponds to zero goals scored by
each teams and therefore a 0:0 draw. It follows that the diagonal corresponds to draws,
whereas the entries below the diagonal correspond to home wins, and the entries above
the diagonal to away wins. It is important to notice that to create those figures’ integer
rounding was used instead of the difference integer rounding used to calculate the results.
Because of this, there might be minor differences between table 6.1 and the matrices.
The heatmaps are cut off after four goals to accomplish a simpler visualization.

The observed distribution shows that the most common result is a 1:1 draw, which occurs
in 13% of the time. All adjacent entries of this maximum are in the same range at 7%
to 9%, except for the 0:2 and the 2:2 results, which are at 4% and 5% respectively.
The probability of a game result where a team scores three goals is 3%, whereas the
probability of four goals is at roughly 1% per result.

The general shape of the baseline heatmap is very similar to the observed heatmap. The
most common result is also the 1:1 result, with a 13% probability. The heatmap also
shows that the results, adjacent to the 1:1 result, can be grouped in a group of second
most likely results. However, the 0:0 result is overestimated by the model, being almost
as likely as the 1:1 result, while the observed value is 4% points less likely.

The MLP model’s heatmap also shows the 1:1 draw as the most common result. However,
the model overestimates the chances of this result occurring massively, at 21%. The
maximum of the heatmap is still at the entry for the 1:1 result and its adjacent entries.
However, those are not as equally rated as in the observed heatmap. Some results like
1:0 and 2:1 were predicted more frequent than others, both roughly in 13% of the time.
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Figure 6.2: Result matrix for the observed results, and the predicted results by the Base-
line, MLP and LSTM model
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The overestimation of the 1:1 coincides with the predicted goals’ distribution in table
6.1, where also a strong overestimation of one goal result was noticed.

The CNN model’s heatmap, as seen in the appendix, is quite similar to the MLPs. It
also overestimates the probability of the 1:1 draw, even with 23%, as well as the 1:0 and
2:1 results. Further, the model also overestimates the 0:1 result at 15%. This proves
that the model overestimates almost every possible result where the away team scores
one goal, which is also compliant with the goal distribution of the CNN model, where
the probability of the away team scoring exactly one goal was at around 50%.

The LSTM model’s heatmap differs from the previously observed general heatmap shape.
Although at 17%, the 1:1 result is not the most common result. The most common result
is the 1:0 home win with 18%, additionally the 0:0 and the 0:1 result also received a high
probability with 16% and 13% respectively. This also coincides with the goal distribution
of the LSTM model, where zero goals had the highest probability and the combination
of zero and one goals summed to almost 80% probability. Therefore, the cluster of the
high probability results from zero to one goal.

Summary The baseline model was able to reflect the observed distributions and char-
acteristics quite closely. The MLP and the CNN model were generally able to reflect the
observed distributions, although with changed dimensions and over or underestimating
different areas of the distributions. Lastly, the LSTM model was unable to represent the
observed distributions, neither for the goals scored, nor for the result distribution.

6.2 Prediction of the Game Results

The models not only need to be able to represent the real world, but need to be able to
accurately predict game results, to be useful. This section investigates how the models
perform at predicting results. Therefore, first metrics like accuracy, precision, and recall
are evaluated. This is followed by an analysis, if models excel at predicting certain types
of games.

Accuracy In the following, the models are rated for their ability to predict game
results. Therefore, the models are rated by their accuracy, the precision, and the recall,
as well as their ability to predict difficult to predict games.
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Table 6.4 shows the accuracy that the models achieved. As the models predict three
classes, home win, draw and away win, an uninformed guessing model is expected to
achieve 33% accuracy. For simplification, this assumption pretends that the classes are
equally weighted.

Model Accuracy
Baseline 57.80%
MLP 48.16%
LSTM 54.56%
CNN 52.89%

Table 6.4: Prediction accuracy

All the models perform better than a random guessing model. The MLP model scores in
comparison the worst accuracy of the models, predicting more than every second game
wrong, at 48%. Slightly better performed the CNN model, predicting over half of the
games correctly at 52%. The second-best performance was achieved by the LSTM model
with an accuracy of 54.56%, while the baseline model achieved the highest accuracy at
57%. Although there are differences, the models perform roughly at the same level.

It is noticeable that the deep neural network models performance is ranked in the same
order, as the trainable parameters per model. This could as well be a coincidence, as
the model creation indicated that more trainable parameters don’t necessarily lead to a
better accuracy score.

The precision and recall score is calculated to further investigate the model’s strengths
and weaknesses.

Precision The precision score states the accuracy for predictions of a certain class. The
score is calculated for the classes home win, draw and away win. The "Prec. Average"
score is calculated using macro averaging, an unweighted average of the precision scores
of all classes.

The precision score for all models and all classes show that no model is very precise
when predicting a certain class. However, considering the accuracy scores, this was to
be expected. There is however a pattern noticeable. All the models are roughly 60%
precise when predicting a home or an away win, with the LSTM model achieving close
to 70%. The models’ precision drops considerable to only around 30% when predicting
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Model Prec. Home Prec. Draw Prec. Away Prec. Average
Baseline 61.81% 39.47% 60.69% 53.99%
MLP 57.35% 30.66% 61.20% 49.74%
LSTM 67.44% 33.56% 66.03% 55.68%
CNN 63.10% 30.85% 56.32% 50.09%

Table 6.5: Precision scores for the classes home win, draw and away win

draws, with the baseline model outperforming the other models at around 40% precision
for draws. Two out of three draw predictions (60% for the baseline model) being wrong,
makes the draw predictions of the models a lot less valuable.

Recall The recall scores how much of all observed class entries are predicted by the
model. The table 6.6 shows that the models predict roughly 70% of all observed home
wins, with the LSTM model being an outlier at roughly 60%. This is consistent with
the previous observation that all models except for the LSTM model overestimate the
probability of a home win. The baseline, the MLP and the CNN models only predict

Model Rec. Home Rec. Draw Rec. Away Rec. Average
Baseline 73.22% 30.45% 56.73% 53.47%
MLP 70.19% 34.01% 37.34% 47.18%
LSTM 61.42% 48.73% 50.00% 53.38%
CNN 68.84% 27.41% 54.48% 50.24%

Table 6.6: Recall scores for the classes home win, draw and away win

about 30% of all draws, while the LSTM model predicts almost 50% of the observed
draws. Again, this is consistent with previous observations, as the LSTM model majorly
overestimated the draw as the top prediction (table 6.2). The remaining models reveal a
major weakness, predicting draws. All models, except the MLP model, predict roughly
50% or more of all away wins. The MLP model, however, only predicts roughly 37% of
all away wins and therefore only a marginally more than one in three.

Predicting games per difficulty Previously it was examined if there are noticeable
differences in the predicted classes of home win, draw and away win. In this section, the
games will be grouped into easy to predict games, hard to predict games and upset games.
The grouping is performed using bookmaker odds. If the bookmaker odds strongly favor
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one result and this result occurs, the game is considered as easy to predict. If there is no
clear favorite in the bookmaker odds, as they are close together, the game is considered as
hard to predict. Lastly, if there is a clear favorite deductible by the odds, but a different
result occurs, this game is considered an upset game.

This results in a spread of 51.3% of games belonging to the hard to predict group, 30.7%
to the easy to predict group and 17.9% to the upset group. It seems reasonable that the
majority of games have no clear favorite and are therefore hard to predict. Furthermore,
it is logical that in games with a favorite, the majority are won by the favorite and only
a fraction of games causes an upset result.

Model Easy Hard Upset
Baseline 83.58% 52.84% 23.83%
MLP 79.79% 43.51% 20.58%
LSTM 74.74% 49.43% 34.66%
CNN 86.74% 46.28% 18.41%

Table 6.7: Predicting games per difficulty

Table 6.7 shows the accuracy of the models per group. The results are as expected, the
models are best at predicting the easy to predict games, are worse at predicting the hard
games and are even worse when predicting games resulting in an upset. The models can
predict the correct result in roughly 80% of the easy games. The worst performing model
is the LSTM model with roughly 75%, while the CNN model performs best, achieving
over 86% accuracy for the easy games. The hard games, the games where the bookmaker
odds did not identify a favorite, were predicted correctly in roughly half the games.
This ranges from 43% for the worst performing MLP model to almost 53% for the best
performing baseline model. The models have a very rough time predicting the upset
results. The baseline, MLP and CNN model achieve roughly 20% accuracy, while the
LSTM model is an outlier achieving almost 35% accuracy.

Summary Comparing the models on different performance metrics leads to an overview,
if the models can successfully predict game results. The MLP model performs worst in
most metrics. The overall second-worst performance was achieved by the CNN model.
The model ranked third in accuracy, average precision and average recall. It is, however,
the most successful model predicting easy games. The best performing models are the
Baseline model and the LSTM model, both performing roughly at the same level, with
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different strengths. The baseline model performed especially well regarding the away bin
ECE score. However, this isn’t reflected by the results, where the baseline model isn’t
achieving the best results of all models for the away class.
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The LSTM model performed the best of all deep neural network models regarding the
prediction accuracy. However, the model was bad at representing the observed data dis-
tributions. The MLP and the CNN model are both better at representing the observed
data distributions, operating at roughly the same level with different strengths. A mix-
ture model would ideally combine the strengths of both models, resulting in a better
overall model. As the MLP and the CNN model are roughly at the same level, the MLP
model is chosen for the mixture model, as it will be simpler to combine with the LSTM
model.

There are two possibilities to combine both models. The first keeps two individual models
and combines only the results. The second possibility combines both models, resulting
in only one model predicting the games. In the following, both possibilities and their
results are evaluated.

Combining the results is straightforward. Both models, as described in section 4, predict
the goals both teams will score in a game. The average of both results is taken. This
average is used to calculate the game results.

7.1 Combination of the Models

A combined model will consist of two hidden layers, one perceptron layer and one of
LSTM cells. This combines both the model architectures. However, it is not possible to
combine the Controlled Dropout strategies 1○ and 3○, without applying the combined
strategy 1○ & 3○. The strategy 1○ & 3○ performs only marginally worse than the
strategy 1○ for the MLP. However, it performs notably worse than strategy 3○ for the
LSTM. Unfortunately, this is a necessary compromise to combine the models.

The arrangement of the different hidden layers is given through the Controlled Monte
Carlo Dropout strategies. As the strategy 1○ influences the input, the layer has to be
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directly behind the input layer, followed by the MLP layer, which achieved its best results
with the Controlled Dropout strategy 1○. This is followed by the LSTM layer and the
strategy 3○, which influences the hidden LSTM layer.

Figure 7.1: Architecture of the MLP-LSTM mixture model

This model architecture can be seen in figure 7.1. Another parameter that needed to be
adjusted was the size of the layers, as with the original layer sizes of 16 for the MLP
layer and 64 for the LSTM layer, the model overfitted. Therefore, it was empirically
determined to reduce the size of both layers by a factor of four, a model with layers
reduced by the factor of two was still overfitting. It was also decided to keep the size
relationships between the initial layer sizes, reducing both by the same factor.

The optimizer of the model is ADAM, while the loss function remains DAMSE.

7.2 Results of the Mixture Model

This section will discuss the results of both MLP-LSTM mixture models and compare
them to the stand-alone models, as well as the baseline model. In the following the
mixture model, consisting of two individual models and a combined result, will be referred
to as CR, abbreviated for combined result. The mixture models where both models are
combined into one model will be referred to as CM, for combined model.
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One of the indicators used to measure the model’s performance is the ECE sum. The CR
model achieved a remarkable ECE sum of 0.2457. This is considerable better than the
standalone models, where the baseline model achieved a score of 0.4321, the MLP model
0.4207 and the LSTM model 0.3636. The scores of the separate bins are all roughly 0.08,
indicating a well-balanced prediction performance by the model.

The CM model achieves an ECE sum of 0.3512. This is on a level with the stand alone
LSTM model and better than the MLP and baseline model. However, the results of the
separate bins aren’t as balanced, achieving much better results in the home win bin, 0.02,
in contrast to the away win bin, 0.22. This indicates that the CM model has problems
predicting away wins.

Model Average-pred. Home Average-pred. Draw Average-pred. Away
Observed 42.78% 25.50% 31.71%
Baseline 39.44% 30.78% 29.77%
MLP 44.46% 33.35% 22.17%
LSTM 41.08% 27.27% 31.64%
CR 42.70% 29.51% 27.77%
CM 44.21% 35.78% 19.99%

Table 7.1: Average predicted Home-Draw-Away vs. observed Home-Draw-Away of the
mixture model

Average Home-Draw-Away Table 7.1 shows the average predicted Home-Draw-
Away distributions. The CR model predicts the average possibility of a home win to
be 42.7%. This is identical to the observed value. The model overestimates the proba-
bility of a draw by 4% points, but its predictions are closer to the observed value than
the predictions of the MLP and the baseline model. It follows that the model underesti-
mates the probability of an away win. However, its prediction still outperforms the MLP
model.

The results of the CM model are worse. While it only slightly overestimates the prob-
ability of a home win, it overestimates the draw prediction by over 10% points, and
underestimates the away win prediction, by also over 10% points. Thereby, the model’s
performance is the worst in both categories.
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Home-Draw-Away Table 7.2 shows the predicted results by the mixture models. The
performance of the CR model isn’t as impressive as the average predictions. It overes-
timates the occurrence of home wins by roughly 5% points. However, it thereby still
outperforms the baseline and the MLP model and is roughly on a level with the LSTM
model. The CR model outperforms the baseline and the LSTM model when predicting
draws, by only overestimating the probability of a draw by 4% points. Lastly, it under-
estimates the probability of an away win by almost 10% points, only outperforming the
MLP model.

Model Top-pred. Home Top-pred. Draw Top-pred. Away
Observed 42.78% 25.50% 31.71%
Baseline 51.26% 19.16% 29.58%
MLP 52.36% 28.28% 19.35%
LSTM 38.96% 37.02% 24.01%
CR 47.70% 29.45% 22.85%
CM 46.86% 37.22% 15.92%

Table 7.2: Predicted Home-Draw-Away vs. observed Home-Draw-Away of the mixture
model

The performance of the CM model is again worse than the CR model. While it out-
performs the baseline, MLP and even the CR model by only overestimating home wins
by 4% points, the model overestimates draws and underestimates away wins by almost
12% points respectively. Thereby, the model is the worst performing model in both
categories.

Goal Distribution The average of predicted home goals, seen in table 7.3, shows both
models roughly on the same level as the MLP model, underestimating the goals scored
by the home team by roughly 0.2. This is further away from the observed value than
the baseline model, but closer than the LSTM model. The average away goals scored
show a similar picture for the CR model, underestimating the goals by roughly 0.2, while
being on a level with the MLP model. The CM model, on the other hand, is the only
model that overestimates the away goals, although the distance to the observed value is
comparable to the CR model.

The histogram of the predicted goals scored can be seen in the appendix, figure A.3.
Both the CR and the CM model overestimate the one goal prediction, with roughly
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Model Average Goals Home Average Goals Away
Observed 1.5348 1.2387
Baseline 1.4572 1.2160
MLP 1.3572 0.9677
LSTM 1.1706 0.8985
CR 1.3632 1.0224
CM 1.3149 1.4192

Table 7.3: Average goals per model for the mixture model

40% to 45% in contrast to the observed 33%-35%. However, both models are able to
represent the general observed shape of the histogram. This was not the case for the
LSTM model.

Result Distribution The result distribution matrix for both results can also be seen
in the appendix, figure A.4. The matrix shows that both models keep the general shape
of the observed matrix. However, the result matrix of the CR model does not only have
the same shape as the observed matrix, but also the same dimensions. The CM model,
does have the same shape, but the dimensions differ. The model overestimates the 1:1
draw result, as well as the 1:0 home win, both by roughly 5% points. This confirms the
already observed overestimation of draws and underestimation of away wins.

Accuracy Accuracy wise, the CR model performs better than the CM model. The
CR model achieves an accuracy of 56%. With this accuracy, the model is almost on a
level with the accuracy of the Baseline model (58%) and outperforms all other models,
including the LSTM model (54.5%). It outperforms the MLP model by 8% points. The
CM model achieves an accuracy of roughly 50%. With predicting every second game
right, the model performs on the same level as the MLP model. However, the model
performs considerably worse than the baseline, LSTM and the CR model.

Precision The precision scores, seen in table 7.4, show that the scores of all models,
depending on the category, are roughly on the same level. However, the CR model
outperforms the CM model in every category. The average score also confirms that
the CR model performs better than the CM model, outperforming the CM model by
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5% points. Additionally, the CR model has the second-best performance, only being a
nuance behind the LSTM model.

Model Prec. Home Prec. Draw Prec. Away Prec. Average
Baseline 61.81% 39.47% 60.69% 53.99%
MLP 57.35% 30.66% 61.20% 49.74%
LSTM 67.44% 33.56% 66.03% 55.68%
CR 63.77% 34.94% 66.85% 55.19%
CM 60.22% 30.60% 61.78% 50.87%

Table 7.4: Precision scores for the classes home win, draw and away win

Recall The recall scores, seen in table 7.5, indicate that the CR model is successful
when predicting home wins and away wins, matching or even outperforming the scores of
the MLP and LSTM model in the same categories. The CM model performs second best
in the draw categories, outperforming every model apart from the LSTM model. The
recall score of the CM model in the away win category confirms the already observed bad
performance of the model regarding away wins, underperforming every model except the
MLP model by roughly 20% points. The average recall scores confirm that the predictions
of the CR model outperform the CM model, being on a level with the baseline and
the LSTM model, while the CM model performs worse, on the same level as the MLP
model.

Model Rec. Home Rec. Draw Rec. Away Rec. Average
Baseline 73.22% 30.45% 56.73% 53.47%
MLP 70.19% 34.01% 37.34% 47.18%
LSTM 61.42% 48.73% 50.00% 53.38%
CR 71.10% 40.35% 48.16% 53.20%
CM 65.96% 44.67% 31.02% 47.21%

Table 7.5: Recall scores for the classes home win, draw and away win

Predicting games per difficulty The analysis regarding easy or hard predict games
in table 7.6 shows no real surprises. Both models follow the observed pattern of roughly
80%-85% correctly predicted easy games, 40%-50% correctly predicted hard games and
around 20% correctly predicted upsets. However, the results of the CR model tend to
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be located in the top of those regions, while the results of the CM model are situated
in the bottom. Notable is also that the CR model achieves the best score (85.56%) of
all models when predicting the easy games. Additionally, both models loose the LSTM
model’s ability to better predict the upset games.

Model Easy Hard Upset
Baseline 83.58% 52.84% 23.83%
MLP 79.79% 43.51% 20.58%
LSTM 74.74% 49.43% 34.66%
CR 85.68% 49.43% 23.83%
CM 78.11% 41.74% 22.38%

Table 7.6: Predicting games per difficulty, including the results of the mixture models

Summary Summing up, the CR model outperforms the CM model in almost every
aspect. Thereby, the CR model is mostly able to keep the strengths of the MLP and
the LSTM model, respectively. The CR model can be considered the best deep neural
network model, as it can represent the observed reality on the same level as the MLP
while outperforming the LSTM. As well, the model’s prediction capabilities are mostly
on the same level as the LSTM, outperforming the MLP model. However, the model’s
performance is still worse than the performance of the baseline model. The CM model was
unable to combine the strengths of the MLP model and the LSTM model. This could have
different reasons. It is possible that the models perfect architecture and size of the layers
were not found. Additionally, it was not possible to combine both Controlled Dropout
strategies without one possibly influencing a part of the model negatively. Lastly, it is
possible that the combination of the MLP layer and the LSTM layer offset the advantages
of those layers, resulting in worse results.
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8.1 Summary

The aim of this thesis was to build a probabilistic deep neural network for football
result prediction. To accomplish this task, different model architectures were tested
and compared using Ensembling, Bootstrapping and Controlled Monte Carlo Dropout
to create the probabilistic output.

All implemented methods fulfilled the task of creating a probability distributed result.
Furthermore, the results created by the methods, although probability distributed, are
still deterministic. The results varied in quality depending on the approach and model.
Ensembling and Bootstrap generally only resulted in small deviations in comparison to
point predictions, leading to very certain predictions even if the prediction was incorrect.
Therefore, there was no advantage in creating probabilistic results, as they contain the
same information as point predictions. The predictions produced using Controlled Monte
Carlo Dropout have shown a much bigger deviation, resulting in more meaningful prob-
ability distributed results. The best Controlled Monte Carlo strategy varied based on
the used model, and therefore could not be generally determined. The results, quantified
by the ECE, further showed that the Ensemble and Bootstrap models couldn’t match
the performance of the baseline model, and neither the Controlled Monte Carlo Dropout
model’s performance. Controlled Monte Carlo Dropout, on the other hand, achieved
results comparable to the baseline model, depending on model architecture and used
strategy.

The results of the models were evaluated by their ability to reflect the observed real-
world conditions, as well as their ability to predict future results. The Bayesian Poisson
regression model, used as the baseline model, performed the best of all models for both
evaluated fields. The deep neural networks were generally worse at reflecting observed
patterns and distributions. However, of the three evaluated models, the MLP model and
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the CNN model achieved both better results than the LSTM model. Thereby, the MLP
and the CNN model showed different strength representing the observed reality. The
LSTM model, on the other hand, performed worst at reflecting the real-world situation,
but excelled at predicting results. Performing on the same level as the Bayesian model.
The mixture model that combined the results of the MLP and the LSTM model achieved
good results representing the observed reality, as well as predicting future results. It is
considered the best deep neural network model and its results are comparable to the
baseline model, which performs best in both categories. However, the accuracy scores
leave room for improvement, as no model achieved a score better than 57.8% by the
baseline model. Comparable models achieved higher accuracies, although on different
and smaller data and test sets [43, 46].

8.2 Limitations

Due to the application of different model architectures, it was only possible to create
simple models. As well, the study was focused on comparing the different techniques
to create probabilistic results. A more in depth model creation could lead to better
prediction results without losing the benefits gained through the probabilistic results.
Additionally, the selected data features can be adjusted to potentially improve the results
of the models. Especially the CNN and the LSTM model received data that was not
tailored to the strengths of the respective model. However, the data was sufficient to
achieve reasonable results and allowed for the models to be compared on their ability to
create probabilistic results. The data size can also be improved. Especially the results of
the Bootstrap models were influenced by too little data. Further, Bayesian models tend
to handle small datasets better than deep neural networks, skewing the results towards
the Bayesian model.

8.3 Future Research

Future work can focus on improving the prediction results by further investigating the
optimal deep neural network architecture, as well as the size of the neural network. Ad-
ditionally, the achieved probabilistic results could possibly be improved by combining the
Controlled Monte Carlo Dropout approach with an Ensembling or Bootstrap approach.
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Another possibility would be using Ensembling with different deep neural network ar-
chitectures, and thereby increasing the variance in the models and potentially improving
results. Lastly, with more data available, the Bootstrap approach could be reevaluated,
as of now the size of the data was a limiting factor when creating the Bootstrap models.

The results of the mixture model have shown that combining models can result in no-
ticeable improvements. Therefore, further advancements could consist of including other
models like the CNN model into the mixture. Furthermore, the combination of the MLP
and the LSTM model should be pursued further, as it bears the potential to further
improve the results.

8.4 Conclusion

The conclusion of this work is fairly positive. The work demonstrates that small ef-
fort allows to enhance deep neural network results by including the model’s certainty.
This allows results to be more interpretable while not significantly loosing out on accu-
racy. Fairly simple model architectures and simple strategies like Controlled Monte Carlo
Dropout can achieve roughly the same results as a Bayesian model. Especially a combi-
nation of the results of the MLP and the LSTM model achieved very promising results.
However, the Bayesian model was also kept as simple as possible. There also appears to
be potential for improvement for the prediction accuracy and the created probabilistic
predictions, as discussed previously. The comparison of the different model architectures
like MLP, LSTM and CNN showed that different architectures perform best with differ-
ent strategies to create probabilistic results. The results help the interpretability of the
football game prediction, but are not limited to this field. Thereby, this work helps to
create more insightful predictions using deep neural networks.
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Comparing Bayesian model approaches for
football result prediction

Morten Stehr1

HAW Hamburg, Germany

Abstract. Football is not only the favorite sport of millions of people,
but also a massive industry. Several parties are interested to predict the
outcome of a match. Therefore, a Bayesian model is created to predict
football results independent of leagues and teams. The Bayesian model
uses an inflated diagonal of the result matrix to increase the number of
predicted draws. The model is compared to odds of bookmakers, and it is
shown that the model performs considerably better than the bookmaker
odds.

Keywords: Bayesian model, Football result prediction, Inflated diago-
nal

1 Introduction

Football is not only one of the most popular sports in the world, the football
industry generated over 27 billion euros in 2022 [3]. With so much money in-
volved, professional teams strive to get every edge possible over their opposition.
This includes more sophisticated ways of data analysis, including game predic-
tion models. These models are of great value, not only for football teams, but
also for sports betting companies, which is a massive industry on its own.

Bayesian methods for results predictions are gaining popularity, not only in
football, but in sports analysis in general [14]. One of the biggest advantages
of Bayesian modelling are probabilistic estimates and predictions that account
for uncertainty. This is particularly useful when predicting game outcomes, as
not only the result home-draw-away, but also the models certainty of the result
are obtained. It is also possible to update a trained model when new data gets
available, without the need to retrain the complete model.

Although there is already a considerable amount of research done in this
field, the majority of models tend to be specific to a league or a competition.
As a consequence, these models contain parts and parameters that are specific
to a certain team [1, 6, 7, 15]. Because of this, the model is only applicable
for the specific season and the competition. Changing squads through transfers
and promotion of teams lead to the necessity to create a new model for each
season and competition. Therefore, this paper will describe a model which is
independent of teams and leagues and can predict the game outcome for any
leagues and teams, as long as the input data is available.
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In chapter 2 the input data for the model is described. The following chapter
describes Bayesian models in general, followed by the actual implementation of
the model. The paper closes with an evaluation of the results, and a conclusion.

2 Data

In this chapter, the data used to train and test the model is described. The data
consist of five years worth of games from six different leagues. These leagues
include the German first and second Bundesliga, the Spanish La Liga, the French
Ligue 1, the Italian Serie A and the English Premier League. The data is scraped
from WhoScored.com using the python library soccerdata [11]. The first four
seasons are used as training data, whereas the fifth season is used as test data.
The first ten games of each league and season are discarded, as they might
be strongly influenced by changed circumstances through player transfers or
relegation and promotion. The assumption is, that after the first ten games,
the data isn’t as noisy and can be reliably used. The training data consists of
6082 games and the test data of 1545 games, which corresponds to a 80%/20%
train/test split.

The common way in Bayesian football match result prediction is to predict
the number of goals each team will score and calculate the match result from
there. With this in mind, the selected data focuses on the goals scored and
conceded by the teams, as well as the produced threat to score a goal.

The model receives the vector X containing 13 data values per game. The
data vector is displayed in figure 1. The first entry of X is the difference of the

Fig. 1: Data Vector X

team strengths for the particular game. The team strength is quantified through
an ELO-rating, just like the ELO ratings known from chess. The difference is
taken, as this acts as a standardization of the data, allowing to only represent the
difference of quality between the two teams without taking the absolute quality
of the teams into account. This is also helpful, as Bayesian models tend to work
better with normalized and standardized data.

The data inputs 2-9 of the model represent the quality of chances a team
created and therefore the chance of scoring. For this, expected goals (xG)[16]
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and expected threat (xT)[9] are used. xG quantifies the quality of chances a
team created over the course of a game, whereas xT quantifies the quality of
possession. Those metrics are generally more meaningful than simpler statistics
like the shots a team has taken in a game or the lone possession stat. The input
data of the model contains the xG and xT per team averaged over the last five
games, as well as the xG and xT conceded per team averaged over the last five
games. A lower xG / xT conceded indicates a better defensive performance.
To standardize the data, the difference of the achieved xG / xT value and the
mean of the observed xG / xT in the training data is taken. A negative score
indicates a worse than average performance, whereas a positive score indicates a
better than average performance. Another advantage of xG and xT is the player
specificity of this metric. If an important player gets injured, the data can reflect
that.

The data inputs 10-13 contain the scoring form of the teams averaged over the
last five games, as well as the conceding form averaged over the last five games.
Just like with the xG and xT the data is standardized by taking the difference
between the data and the observed mean over all training data. Thereby, a
negative value indicates a worse than average goal output in the last five games.

The natural of the received data is quite noisy. This is a consequence of fac-
tors such as the weather, inconsistent performances of the players, play styles of
teams complementing or hampering with each other, and chance or luck being a
considerable influence of football and therefore the data. To reduce some noise,
the data is divided in home games and away games. Additionally, the perfor-
mance of the players is separated weather they were starters or substitutes in
the game.

3 Model

When modeling football results, the consensus is to model the goals that will be
scored by both teams respectively as Poisson distributions and to estimate the
game results from these goal distributions. The Poisson distribution is ideal for
modelling goals as goals scored resemble count data and the Poisson distribution
yields discrete positive values.

The task of the model is to approximate the λ-parameter of the Poisson dis-
tribution. Although always using Poisson distributions as the base, the actual
modelling can vary. Baio and Blangiardo [1] and Robberechts et al. [12] used inde-
pendent Poisson distributions for their models, whereas Koopman and Lit [7] and
Karlis and Ntzoufras [5] modeled a dependent bivariate Poisson model. Another
possibility is to model the difference distribution of the Poisson distributions,
also known as the Skellam distribution, this route was taken by Shahtahmassebi
and Moyeed [15] and Karlis and Ntzoufras [6] respectively.

The selection of the modelling is not straightforward, as each of the options
has its advantages. Multiple researchers have shown that only a relatively low
correlation between the goals scored by the two teams exists [8, 4] and that it’s
therefore not necessary to use a dependent Poisson distribution. The advantage
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of the modelling through a difference distribution is the possibility to increase
the number of draws predicted by zero-inflating the difference distribution. Zero,
as in no difference between the goals scored by the teams, corresponds to a draw.
Unfortunately, the used probabilistic programming framework didn’t grant the
possibility to implement a Skellam distribution, or even modelling a Poisson
difference distribution, which would require negative count data. Therefore, the
paper will go forward describing an independent and a dependent Poisson model
and comparing their performance.

Because the complex Bayesian models, that are discussed in this paper, can’t
be solved analytically, a probabilistic programming framework is needed. For this
purpose, PyMC is used [13]. PyMC is a probabilistic programming framework for
Python. Using PyMC the complex Bayesian models can be solved by sampling
from the model and adjusting the models parameters if necessary. For this work,
PyMC version 4.1.4 is used.

Independent Poisson Model As already described in chapter 1 the aim of the
model is to be independent of league and season. Therefore, the model can’t
have team specific parameters, but parameters that quantify how much impact
the data input has. Figure 2 visualizes the independent Poisson model. It can
be observed that every data input corresponds with a parameter, indicating its
influence. The model estimates the probability P (Yhome = g1, Yaway = g2|x) of
g ∈ N goals being scored in the game. Equation 1 shows that Y is calculated by
sampling from the Poisson distribution with λi. To calculate the probability, N
samples are taken from Poisson(λi). Because λ is modeled through probability
distributions, it isn’t deterministic. With the number n of observed Y = g, the
probability P (Y = g) is calculated as n/N .

Y ∼ Poisson(λi) (1)

Equation 2 displays the general form for Poisson regression, whereas equation 3
displays the Poisson regression formula for this model. xi0−2 resembles the data
input of the model, while α0−2 are the corresponding regression coefficients and
the intercept β.

log(λi) = β + αxi (2)

log(λi) = β + α0xi0 + α1xi1 + α2xi2 (3)

The sum of the matrix multiplications and the intercept yields log(λ), as can
be seen in figure 2 and equation 3. To receive λ from log(λ) a linking function, in
this case the exponential function, is needed. The purpose of the linking function
is to ensure that λ only takes on legal values. λ for Poisson-regression can only
take on non-negative values, as Poisson of a negative value is undefined.

The coefficients for the input data and the intercept are modelled as prob-
ability distributions. The intercept, and the coefficients for the ELO and the
form are modelled as normal distributions, whereas the xG / xT coefficient is
modelled as a HalfNormal distribution. The main and the variance of these dis-
tributions are fitted in the training process. The advantage of this representation
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Fig. 2: Independent Poisson Model

over a scalar coefficient is the variance of the distribution. If a scalar coefficient
would be taken instead of a distribution, the model would always return the
same output for one input. With the distributions, including the variance, λ
and therefore the result will be different for each sample and a prediction con-
fidence can be specified. The more certain the model is of a specific coefficient,
the tighter the distribution gets, and the variance gets lower. Coefficients, where
the influence can’t be assessed precisely, may not be as tight and have a higher
variance, indicating an uncertainty of the model.

The selection of the distribution strongly influences the model and requires
an understanding of the model’s way of working. As an example, the normal
distribution yields values of x ∈ R, whereas the HalfNormal distribution yields
values of x ∈ [0,∞). For logical reasons, the xG / xT data input shouldn’t
influence the chances of scoring negatively. That is because the data input is
positive if the chances of scoring are influenced positively and negative if they
are influenced negatively. A negative value of the coefficient would invert this
logic. The other coefficients are logically allowed to take on negative values, and
therefore are modelled through a Normal distribution.

Multiple models added a home-advantage property when predicting the goals
scored by the home team. The home-advantage is modeled as a Normal distri-
bution. This model refrained from adding a home-advantage, as the intercept of
the home model should be capable of reflecting an increased intercept because
of a possible home advantage.

Dependent Poisson Model The dependent Poisson model hast the same structure
as the independent Poisson model, but makes the Poisson distributions for both

A Appendix

92



6 M. Stehr

teams dependent. Unfortunately, PyMC doesn’t support a bivariate Poisson dis-
tribution. A bivariate Poisson distribution X1, X2 can be constructed by using
three independent Poisson distributions Y1, Y2, Y3 as X1 = Y1+Y3, X2 = Y2+Y3.
But even with this property of the bivariate Poisson distribution, it is not pos-
sible to model the bivariate Poisson. Instead, it is possible to model a bivariate
Poisson distribution by modelling the λ as a bivariate Normal distribution. Be-
cause a Poisson distribution only takes a single input parameter, λ, the lambdas
can be set into dependency to create dependent Poisson distributions. Through
this trick, it is possible to create a bivariate Poisson distribution in PyMC.

Fig. 3: Dependent Poisson Model

The dependent Poisson model can be seen in figure 3. Most parts of the
model are the same as the independent Poisson model. The difference happens
while calculating the log(λ). While in the independent Poisson model the log(λ)
were independent, a dependency is created using a covariance matrix.

Overshrinkage Baio and Blangiardo described the problem of overshrinkage [1].
Overshrinkage describes the behavior that the more extreme results are drawn
towards the mean of the observations. This is especially a problem for very good
and very bad teams, as they are more probable to score those extreme results. As
an example, a midfield team will win or lose only very little games by four goals,
whereas the best team of the league might win quite a few games by four or
more goals. The behavior of overshrinkage is a well-known problem of Bayesian
models.

To tackle this problem, Baio and Blangiardo suggested a set of different
parameters in their team specific model. One parameter corresponding to top
teams, one to midfield teams and one to bad teams. The model would have the
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possibility to select the right parameter to use, depending on the category the
team is in. Expert knowledge was used to determine this category.

As the model implemented in this paper is team unspecific, it wasn’t possible
to create different parameter sets per team. Instead of this, the coefficients and
intercept became sets of parameters. The categories were determined by the
table position of the teams. The categories are top of the table team, middle of
the table team and bottom of the table team. The rest of the model is like the
independent Poisson model.

Increasing the number of predicted draws Another common problem predicting
football results using Bayesian models is the difficulty predicting draws. There
are different approaches to tackle this problem. Karlis and Ntzoufras used a zero
inflated Skellam distribution to produce more draw-predictions [6]. As already
discussed, the Skellam distribution is the difference distribution of two Poisson
distributions. The goal difference of a game that ends in a draw is always zero,
therefore inflating the probability for zero in the Skellam distribution results in
more predicted draws.

Karlis and Ntzoufras also proposed a model that increases the probability of
a predicted draw by inflating the diagonal of the result matrix of their model [5].
The result matrix is received by multiplying the goal-probability vectors of both
teams. This results in a matrix of probabilities, where the diagonal represents the
results with equal goals scored. Such a matrix is displayed in figure 5. By inflating
this diagonal and deflating the remaining results accordingly, the number of
draw-predictions is increased. This approach was selected for the model.

This step couldn’t be included in the Bayesian model itself, but is executed
after the prediction of a result as an extra step. Therefore, the inflate and deflate
factor is determined and the result matrix accordingly modified.

Prior parameters The prior values of the parameters of the Bayesian model are
the model’s pre-fitted values. It is possible to set the prior values as a starting
point in the fitting process and therefore influencing the fitting and the results.
This is a big advantage of Bayesian models, as it allows including expert knowl-
edge into the model. This can help to avoid local maxima and accelerate the
fitting process because the value is already in the correct area. Bad priors can
lead to the model not finding a global maximum, as in the fitting process the
model only explores inside the space, defined through the prior-mean and the
prior-variance. If a maximum is located far away from the defined prior-mean
and the prior-variance is not wide enough, the maximum won’t be found.

The prior definition of all previously described models is the same. The con-
crete values are displayed in table 1. Because the xG / xT coefficients are mod-
elled as a HalfNormal distribution, they take no mean as input. The variance
takes the values 1 or 0.001 respectively. The 1 indicates a relative low knowledge
of the posterior value, as the possible area for the posterior value is not much
limited. This is used if the input data should have an influence on the predicted
goal output, for example the xG of the home team should have an influence on
predicted goals scored by the home team. Opposed to that, the xG of the home
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Variable Mean Variance
xG / xT coefficients - 1 / 0.001
Elo coefficients 0.5 / -0.5 0.2
Form coefficients 1 -
Intercept - -

Table 1: Prior parameters used for modelling

team shouldn’t have an influence on the goals scored of the away team. There-
fore, the variance is set to 0.001, the value can’t be zero because the variance
has to be positive. The ELO difference consists of only one value, therefore a
positive value is positive for the home team, indicated through the mean of 0.5,
and a negative value is positive for the away team, indicated through the mean
of -0.5. The mean of 0.2 indicates a certainty, that the prior values are in the
correct area. As for the form coefficients, less prior information is given to the
model. The starting value for the mean is 1, although with no variance specified
the posterior value can severely differ. The intercept received no prior values for
either the mean or the variance.

Training and prediction To fit a Bayesian model, two main methods are available.
Markov Chain Monte Carlo (MCMC) and Variational Inference (VI). MCMC
is asymptotically exact and will therefore exactly approximate the target dis-
tribution. VI, on the other hand, can’t guarantee that [2]. As a tradeoff, VI is
generally much faster than the computationally expensive MCMC, especially on
large datasets. Because of the existence of multiple models that needed to be
fitted and the size of the dataset, VI was used. PyMC implements an Automatic
Differentiation Variational Inference (ADVI) algorithm that was used to fit the
model. Table 2 shows the training times of the different models.

Model Training Time (minutes) Prediction Time (minutes)
Independent Poisson 1:57 0:01
Dependent Poisson 32:17 11:14
Overshrinkage 2:33 0:10
Inflated Diagonal 1:57 0:01

Table 2: Training and prediction times of different models

As can be seen from the table, the independent Poisson model and the in-
flated diagonal model are fitted in the fastest time, with just under two minutes.
They achieve the same time, as the only difference, the inflated diagonal, is ap-
plied after the fitting process. The overshrinkage model takes approximately 25%
longer. That is because the model has five times the variables that need fitting.
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The dependent Poisson model takes very long to be fitted, especially compared
to the remaining models. It takes over 16 times the time the independent model
takes.

To predict with a Bayesian model, the input data needs to be changed to
the test data. To receive the predicted results, 1000 samples are taken from the
model with the test data and the posterior values of the parameters. From these
1000 samples, probabilities can be calculated. Table 2 also lists the prediction
times of the models. The prediction time of all models is very fast, except for
the dependent Poisson model. It takes over eleven minutes to make predictions.

4 Evaluation

The evaluation will consist of two sections. In the first section, the predictions of
the model will be compared to the observed real-world data. The predictions and
the empirical data will be compared regarding the distribution of the results, as
well as the distribution of goals scored. In the second stage, the models will be
compared to another model. This model is constructed by bookmaker betting
odds.

In the first step, the real-world data of the average home and away goals is
compared with the average number of goals predicted by the models. This is
presented in table 3. The average number of goals scored by the home team is

Model Average Goals Home Average Goals Away
Observed 1.5348 1.2387
Independent Poisson 1.4725 1.2383
Dependent Poisson 1.3574 1.1433
Overshrinkage 1.6420 1.2387
Inflated Diagonal 1.4725 1.2383

Table 3: Average goals. Observed vs. Models

1.5348, observed from the training and test data. Whereas, the away team only
scores 1.2387 goals in average. The independent Poisson and inflated diagonal
model achieve the best results for the home goals. Best result is defined as the
closest to the observed data. The overshrinkage model overestimates the average
number of home-goals, whereas the dependent Poisson model underestimates
them. The independent Poisson model, the overshrinkage model and the inflated
diagonal model all very accurately predict the average number of away goals. The
dependent Poisson model underestimates the number of goals again.

Figure 4 shows histograms of the observed and predicted goals scored per
home and away team. The histograms are cut off after 5 goals. The figure shows
the predictions made by the independent Poisson model. The predicted home
goals histogram follows the general shape of the observed home goals histogram,
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although the amount of no predicted goals is too high. In the away section, again,
the predictions for no goals are too high, in this case even higher than the one
goal predictions, which doesn’t conform with the observed data.

The corresponding figures for the remaining models can be found in the
appendix.

Fig. 4: Histograms (cut off after 5) of goals scored by the home and away team.
Observed vs. Predicted

Table 4 and table 5 display the average win-draw-loss predictions compared
to the observed distribution of win-draw-loss results and the top win-draw-loss
prediction. The difference can be illustrated with an example. Two win-draw-
loss predictions are calculated, 54%-11%-35% and 8%-19%-73%. The average
distribution for this example is 31%-15%-54%, whereas the distribution of the
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top result is 50%-0%-50% because half of the time a home win is most probable
and the rest of the time an away win has the highest probability.

Model Average-pred. Home Average-pred. Draw Average-pred. Away
Observed 42.78% 25.50% 31.71%
Independent Poisson 43.12% 23.26% 32.87%
Dependent Poisson 40.76% 23.81% 31.80%
Overshrinkage 48.32% 21.94% 28.73%
Inflated Diagonal 39.46% 30.24% 30.07%

Table 4: Average predicted Win-Draw-Loss vs. observed occurrences of Win-
Draw-Loss

For the average home predictions, the predictions of the independent Poisson
model are the closest to the real data, although the dependent Poisson model
and the inflated diagonal model are not far off either. The overshrinkage model
is overestimating the home win probability by almost six percentage points. The
independent Poisson model and the dependent Poisson model are almost equally
close to the draw probability of the reality, with the overshrinkage model under-
estimating a draw probability and the inflated diagonal model overestimating a
draw. The loss predictions offer a similar picture. The dependent and the inde-
pendent Poisson model are closest to the observed data, with the overshrinkage
model underestimating the probability again. This time the inflated diagonal
also underestimates the probability, although not by a notable margin.

From this point onwards, the bookmaker betting odds model (BBO) is in-
cluded into the comparison. The picture changes quite dramatically from the
average prediction distribution to the top prediction distribution. All models
drastically overestimate the probability of a home win. The Independent Pois-
son model and the dependent Poisson model by around 18 percentage points,
and overshrinkage by almost 30 percentage points. The inflated diagonal model
still overestimates the home win probability, but only by ten percentage points.
The draw predictions offer a similar but flipped picture. All models except for
the inflated diagonal model predict almost no draws at all. The inflated diago-
nal model still underestimates the probability of a draw, but is compared to the
other models quite close to the observed value. The predictions for an away win
are similarly close over all models. Although, the diagonal inflated model hits
the 31% probability spot on. The BBO model performs very similar to all mod-
els, except inflated diagonal. Surprisingly, the BBO model also never predicts a
draw as the most probable result.

It is apparent that the overshrinkage model vastly overestimates home wins.
This was already notable when analyzing the average predicted goals. Further-
more, the models tend to have a problem predicting a draw as the most probable
result.
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Model Top-pred. Home Top-pred. Draw Top-pred. Away
Observed 42.78% 25.50% 31.71%
BBO 64.33% 0% 35.66%
Independent Poisson 60.65% 2.46% 36.89%
Dependent Poisson 59.59% 3.3% 36.76%
Overshrinkage 71.91% 0.13% 27.96%
Inflated Diagonal 51.98% 17.09% 31.0%
Table 5: Top-predicted Win-Draw-Loss vs. observed Win-Draw-Loss

Figure 5 displays the observed result matrix and the result matrix predicted
by the inflated diagonal model. The matrix displays the probability of a result
occurring. For example, the observed probability of a 1-1 draw is 13%. The
diagonal therefore represents the probabilities of draws. The sum of the proba-
bilities under the diagonal represent a home win, and the sum of the probabilities
over the diagonal represent an away win. Both matrices are quite similar. The
only notable differences are an overestimation of the 0-0 result and small un-
derestimations of the 1-0 and 1-2 result. Apart from that, the results are very
satisfactory.

Fig. 5: Resultmatrix observed vs. predicted

Table 6 shows the prediction accuracy of the models. Overall, all models per-
form on a same level, predicting around 56-58% of the results correctly. This is
significantly better than the BBO model, which only predicts around 52% of the
results correctly. The overshrinkage model predicts over 90% of home wins cor-
rectly, which isn’t surprising considering the over estimation and overprediction
of home wins. The independent Poisson model and the dependent Poisson model
also outperform the BBO model. The predicted draw section shows the weakness
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of the models. Overshrinkage is barely predicting a correct draw at all, whereas
the independent Poisson model and the dependent Poisson model only identify
one in twenty draws correctly. The inflated diagonal model at least identifies
every fourth draw correctly, which, in the context of the other models, is superb.
The BBO model has 0% correct identified draws, which, considering no draws
were predicted at all by this model, is not surprising. The independent Poisson
model and the dependent Poisson model perform the best when predicting away
wins. They achieve considerable better results than all other models, including
BBO.

Another aspect to consider is that the BBO model might not predict draws
for betting psychology reasons and not because of the incapability to do so.
Without taking draws into account independent Poisson, dependent Poisson and
overshrinkage still outperform the BBO model.

Model Correct Overall Correct Home Correct Draw Correct Away
BBO 51.97% 80.03% 0% 55.92%
Independent Poisson 57.99% 84.27% 4.31% 65.71%
Dependent Poisson 58.19% 83.81% 6.09% 65.51%
Overshrinkage 56.05% 90.17% 0.51% 54.69%
Inflated Diagonal 57.54% 75.95% 26.14% 57.96%

Table 6: Prediction accuracy

Table 7 displays the expected calibration error (ECE). The ECE is a metric
that compares the model’s output probabilities to the model’s accuracies [10]. For
the analysis, the data is split into bins. In this case, the bins are home wins, draws
and away wins. A larger ECE value indicates a bigger difference between output
confidence, the output probabilities, and the model’s accuracy and therefore a
larger miscalibration. Smaller values of ECE indicate less miscalibration.

Model ECE Home ECE Draw ECE Away
BBO 0.2602 - 0.0672
Independent Poisson 0.2861 0.3488 0.1204
Dependent Poisson 0.1026 0.3572 0.0853
Overshrinkage 0.3254 0.4039 0.0223
Inflated Diagonal 0.2146 0.1672 0.0503

Table 7: ECE of different models

The ECE for the bin draw of the BBO model couldn’t be calculated as the
bin is empty because the BBO model never predicted a draw. Despite being
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very close on home win prediction accuracy (table 6), the ECE for home wins is
much higher for the independent Poisson model than the ECE of the dependent
Poisson model. It follows that, although both models predict a home win, the
dependent model is more certain, indicated through a higher probability. To
little surprise, the inflated diagonal model performs best regarding draws. The
away win bin has the independent Poisson model with the worst score despite
having the highest accuracy. This suggests, that again, the confidence of the
independent model predicting away wins is low, at least compared to the other
models.

5 Conclusion

In this section, the insights from the previous chapters are summarized, and a
winning model is selected.

The overshrinkage model, designed to predict more extreme results for the
good and bad teams, was massively favoring the home team and therefore overes-
timating home wins. Because of this skewed predictions, the overshrinkage model
cannot reliably predict results. For this reason, it wasn’t examined if the model
fulfilled its initial goal of predicting more extreme results. The results from ta-
ble 3 at least indicates that the model predicts more goals than the remaining
models.

The independent Poisson model and the dependent Poisson model performed
quite similar most of the time. Although the dependent model performed better
regarding the ECE, it is no real option as the prediction times make the model
unusable.

The inflated diagonal model performs the best. Although the overall accuracy
of the model is not as good as the accuracy of the independent Poisson model and
the dependent Poisson model, the ability to predict draws is more important.

Although the inflated diagonal model achieves satisfying results, there is
still room for improvement. Bayesian models are the standard for sport related
prediction models, but in the general scope of predicting models, deep neuronal
networks are more popular. It is worth examining if deep neuronal networks
can replicate the success of the inflated diagonal model, or even outperform the
Bayesian approach.
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Fig. 6: Result Matrix Independent Poisson Model

Fig. 7: Goals Scored Histogram Dependent Poisson Model
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Fig. 8: Result Matrix Dependent Poisson Model

Fig. 9: Goals Scored Histogram Overshrinkage Model

Fig. 10: Result Matrix Overshrinkage Model
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A.2 Figures and Tables

Figure A.1: Goal distribution histograms for LSTM and CNN model
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Figure A.2: Result distribution matrix for the CNN model
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Figure A.3: Goal distribution histograms for the mixture models, CR (top) and CM
(bottom)

Figure A.4: Result distribution matrix for the mixture models, CR (left) and CM (right)
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