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Abstract—
Football is an international business in which passionate
fans and companies put hundreds of millions of euros, in
the forms of bets, sponsorships, sale of jerseys, etc.
The topic of predicting football outcomes has been talked
about as lots of companies have interests in the football
business. Presently, predicting the results of football
matches is done by betting companies, football experts and
advanced machines. However, the introduction of new
techniques that enable anyone to try and predict football
outcomes has increased the potential of beating the betting
companies. Football produces a plethora of statistical
information on the matches that are played, teams that
play each other, players from each team and events that
lead to goal scoring opportunities, etc. This data can be
used by machine learning algorithms to predict
information related to a particular football match, such as,
the result of the match, performance of a player in the
match and scouting new talents in the matches, etc. In this
proposed project, I would be using different algorithms
and methods, on a dataset of football matches and then
compare the algorithms to see which of the methods is the
most suitable to predict football match results.
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I. INTRODUCTION

ootball is one of the most popular sports around the world.

It has a huge fan base that follows the day to day events

happening within this sport. It is an activity requiring
physical prowess and great skill to compete at the highest
levels. Football has become one of the largest businesses in
the world, having thousands of companies with their primary
revenue streams coming from the professional game.
Therefore, it has brought on great interests in building
predictive and statistical models to find out the results of
games, to further drive up profits for these companies. Also,
these techniques in question can be used by management of
the football associations, in getting their teams prepared for
the upcoming matches, to maximize the chance of success in
the fixtures [1]. In the professional game, there is an immense
number of statistics collected on fixtures and players, from
this it is possible to generate several metrics for both team
performance and or the individual.

However, to find that advantage in a game, Football has
turned to machine learning to transform the huge amount of
data into usable insights, such

as the goals scored in previous matches by a team, the winning
streak of a team and the current form of the players in a team,
etc. There have been several attempts that have tried to predict
outcomes of football matches, but humans have always been
more accurate than machines at predictions. This is because,
humans consider the emotional factors and the technicalities
that would affect the result of a game, this increases the
accuracy in predicting football. The downside is that humans
let their emotions cloud their predictions and that can lead to
the wrong answer. Machine learning algorithms identify
complex patterns that are not perceptible to humans, due to the
apparent random nature of the data and do this by reviewing
the data by itself. The type of models that are used for this
kind of prediction is called multi-class classification, as it has
three classes win, loss and draw [2]. Win and loss are easier to
classify, however draws are difficult to classify as an outcome.

This project is challenged with developing models that can
predict the final outcomes of football matches, using the
dataset of football matches in the English Premier League. |
will firstly create a dataset of the recent Premier League
seasons with features such as home and away goals scored, the
forms of the teams either winning or losing forms and the
differences of the features. This dataset would then be used by
various classifiers (algorithms or methods) such as random
forests, k-Nearest Neighbours, Naive Bayes, Neural Networks,
AdaBoost and Support Vector Machine (SVM). The accuracy
of the system will vary from classifier to classifier and feature
to feature. These features are the parameters that will affect
the outcome of a football match. For example, the form of a
team in the last few games is especially important feature as
for example a team has lost its last four games consecutively,
there is a high probability that the team will lose the next
game and vice versa. Consideration is needed to choose the
correct features as these important features are essential to our
prediction model. There is some limitation, for example, I will
be using only the English premier league as the training
dataset, so tournaments and other leagues would need
additional work to support different leagues. Another
limitation would be also the selection and classification of
features, this will be further developed below. Also, the
training of the Classifiers would need to be carefully validated
using training datasets. The main contribution of the project is
from [3], however special mentions too [2,16].

The remainder of this paper is organized as follows. Section Il
will be Review of Literature. Section I11 will give the Method.
Section IV will be Results & Discussions, Section V
Comparisons of Related Works and finally Section VI The
Conclusion.



Problem Formulation

The problems of football match predictions involve selecting
factors of the game that contribute to the outcome of the match
and how these factors will allow different classifiers to predict
the outcomes of matches with greater accuracy. | will use
several classifiers which involve machine learning algorithms
and data mining techniques to find the more significant
features from the data set and then train the different
classifiers to predict the outcomes. thus, the set of features are
extracted, inputted into the classifiers, the classifiers formulate
a pattern from the features by learning from a training set of
datapoints. The models are fully trained and ready to predict
the winning outcome of the fixture.

Motivation

Football match prediction systems differ in their selections of
features and classifiers. By referring the set of features known
in literature, | decided upon the features | believe to be most
significant. However, considering the classifiers, many
researchers have tried different classifiers, So | have used
some commonly implemented classifiers for such a problem
of predicting football matches to see which would be the best
choice when considering accuracy of outcomes.

Proposed Solution

I will be discussing what | believe to be a solution that will
compare the accuracy of different classifiers when predicting
football match outcomes. I would focus on selecting features
and computing accurate algorithms on the features, then run the
features through several classifiers. The prediction model
would be based features of goal difference, current form and
difference in points of the teams.

The current form is calculated, by grouping the teams that are
at home or away and finding out the outcome of either team’s
result. So, for example if a team with the last three games at
home are all wins and the away team has lost all its previous
away games, then the home team would have a higher
probability to win. Also, if two teams with both their current
forms all wins, this could impact the prediction differently, so
current form is a measure how meaningful the outcomes of
current form are. Also, the goal difference is also especially
important feature that is used for this project, it is calculated in
the same way the current form is, separated into home and away
goal difference for each team.

After selection of features and computation, the features are
used on the different classifiers. From review of literatures,
different classifiers give different accuracies, however, which
of the classifiers should be considered the best of the lot.

Scope of the project

This project provides parameters of two teams (Home &
Away) within the English premier league and the outcome of
the match. These parameters include forms, goal difference,

points gained, etc. Analysis on these parameters, which can be
used for several purposes such as improvement of the teams in
the parameters described. The predicted outcomes can be used
for betting, coaching and journalism. Also, further parameter
inclusion could increase the accuracy of prediction. Such as
individual players attributes or impact of formation, etc, could
lead to improvements.

Il. REVIEW OF LITERATURE

Since football is popular worldwide and generates data every
day, it is not surprising to find large amount of research in
football prediction. Most academic research is focused on
developing models for specific leagues or tournaments. These
different techniques are separated into machine learning,
statistical model and a rating system.

Research classified as machine learning are as follows: Laura
Hervert-Escobar proposed a procedure that is supported by
two techniques, the first is a Bayesian model based on the rank
of each team in the English Premier league, the second is
based on the fixtures shared by the teams that are competing.
The ranking is computed using a combination of total goals
scored for and against throughout the season and FIFA
procedure. The Bayesian model uses the rank of each team to
obtain a probability of success and failure. The analysis of the
historical fixtures between the teams are included and found
that there is high correlation between the historical fixtures
and the results of the teams in the tournament. This is used in
order to predict the 2018 world cup [2]. Another researcher,
Danisik proposed a design that was based on player attributes
data and match history. The attributes of the players were
gained from FIFA and combined with real football matches.
This prediction model would be beneficial for management of
football teams in picking there starting eleven, as it could
bring insights into dependence of each player on specific
games and thus optimise the starting team [3]. This researcher
Rahul Baboota proposed using features such as attack,
midfield, defence and overall ratings for the respective teams.
Also used goal difference, corners, shots on target, form and
goals as features to see if these features are good selections,
the problems associated with them and how the different
features could determine the most important factors for the
gradient boosting technique used to predict the matches [4].
Rotshtein created a model that underlies the method of
identifying nonlinear factors by fuzzy knowledge bases. This
model analysed the previous results of football teams in a
tournament for the championship in Finland. By tuning the
parameters using a combination of genetic and neural
networks to improve the accuracy of their results [5]. Koning
used a Monte-Carlo method with a Bayesian network to see if
the results of a game is determined by home ground advantage
and difference in quality between two teams. This model
confirmed that the balance in competition in the Dutch league
has not changed from the mid-70s [6].

Another machine learning technique was proposed by Joseph,
their focus was on the creation of a Bayesian model and



compare it with machine learning techniques such as k-nearest
neighbour, MC4-decision tree and a naive Bayesian learner.
This comparison was done to see if this Bayesian model
would outperform the other techniques. This predictive model
focused only on one team during a specific time, which was
Tottenham Hotspurs during the period of 1995-1997 [7].

Research classified as statistical models are:

Firstly, Dixon was motivated to exploit the inefficiencies in
the football betting market during the period of 1995-1996.
The techniques used was bivariate Poisson regression model
with the features of looking at the number of goals scored by
each team. This model was shown to return a positive return
based on betting information.[8]. Built upon the work of
Dixon, Crowder decided to refine the original stochastic
process model by changing Dixon approximation of a constant
for attack and defence with an attack and defence that evolves
with time. This estimation was implemented

with an approximation that is computationally fast and
compares favourably with results. Focussing on the
probabilities of home and away wins, draws because of the
betting market, this was modelled during the years 1992-1997
for 92 English teams.[9]. Koopman developed a statistical
model using a bivariate Poisson distribution with coefficients
that change over time. This model uses statistical time series
analysis of football results and is based on state space using
the intensity coefficients for attacking and defencing teams
that changed over time. This demonstrated that the model
produces a significant positive return over the betting market
[10]. Another statistical approach was done by Boshnakov, he
proposed the use of a count process that is derived when the
inter-arrival times are followed by an independent and
identically distributed Weibull count distribution. They allow
the dependence between the goals scored by the teams during
a match by employing a copula to generate a bivariate
distribution with positive and negative dependence, using the
English Premier League [11]. Rue took an applied statistics
approach in which they suggest using a Bayesian dynamic
generalised linear model to estimate the time-dependent skills
of football teams in the English Premier League, but they need
to estimate the skills of all teams simultaneously as they are
dependent, and they solved this by using Markov chain
Monte-Carlo iterative technique [12].

Research classified as rating system: Rating systems
applications are mainly based on the ELO rating system,
which was developed for ranking the strength of chess players.
Leitner suggested a simulation that allows to approximate
abilities rating of teams to winning probabilities from the
betting market and apply them to the 2008 EURO’s [13].
Constantinou proposed a novel rating system called pi - rating,
that is computational efficient with low complexity. This can
be used to formulate both score-based and result based match
predictions and can be incorporated into more sophisticated
models to enhance predicting capability. This provides relative
measure of superiority between football teams based on the
discrepancies in scores between rivals [14]. Halicioglu
proposed a model that statistically analyses and attempts to
predict the winner of EURO 2000 tournament based on
seasonal coefficients of variations of end of season points

from the top leagues of the participating countries in the
EURO 2000. These coefficients ranked the countries to
determine the most likely winner of the tournament.[15]. As |
can see there is lots of academic research done into this field,
however just a observation, many of the research is driven
mostly to ‘beat the bookmakers’ as the bookmakers predictive
models always seem to be the most accurate, but | would need
to compare myself to confirm this observation.

I1l. METHOD

Data collection

In order to do any analysis, | will need information on football
games, such as number of goals, number of red cards, etc.
searching through several databases found the dataset that
would be used. The dataset for this project would be taken from
https://www.football-data.co.uk/englandm.php. This dataset
contains metrics of the English Premier League from seasons
2010-11 to 2020-21. The benefits with the dataset are the
number of games per season is fixed as in during the season
three hundred and eighty matches are played during a premier
league season. Also, | would be able to remove data that would
not be required. Within the datasets there are lots of metrics that
are helpful for the model such as “FTHG” (Full time home
goals) and “FTAG” (Full time away goals) and other metrics
such as referee names, cards produced and betting odd from
certain betting companies.

Data selection

From this dataset, | have decided to collect seven years of data
of the English Premier League from 2013-2020 season. From
each season the features from the datasets that was required
for this project was the date, so | can use the dataset as a
sequential set of data. The home and away teams of the match
in question, the number of goals scored by the home and away
team in separate column in the match in question and finally
the result of the matches, this will be particularly important
feature as this will determine the accuracy of my predictions
models later in the project.

Feature engineering

In this project, there is lots of feature engineering occurring, as
the features extracted need to be given mathematical values
that can be used for comparison. Firstly, from this dataset the
summation of all the rows of home goals and away goals
scored is done to then generate several other features from
these two features. For example, the goals conceded if a team
is home or away, etc. Also, from the previous features, other
features are created such as creating aggregated points for
each team, creating match weeks and this feature is important
for scaling the other features as all the features will be divided
by the match week, this is done for the classifiers as
normalising or standardising data inputs for classifiers is
necessary as some of the models will struggle with
unnormalized datapoints. The reason for this is because some
features will have different ranges and could take longer for
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gradients to converge. All the teams will have their form
calculated by finding the teams with five games won in a row
and three games in a row and their loss forms are also
calculated. Other feature engineering in this project is pre-
processing features, for example, the all the form features are
in categorical form and for the models to interpret these
features will need dummy variables, which will convert the
form features into separate features than can be converted into
numerical values (i.e., HM1_W = 1, which means home team
first game from five games ago was a win). Some of the
features generated are not used for further computation but
were given a mathematical value.

Modelling
The extracted features are used to train several classifiers in
order to design a pattern from the dataset and predict a winner.
I would have to consider how to deal with draws in matches
as certain classifiers have difficulties dealing with draws
(three outputs), so special consideration would be needed on
implementing my solution. After comparing the respective
teams, | get an output which will determine if the winner is
either home or away. This output is now compared to the
actual outcome of that match, so I can calculate the accuracy
of my prediction. Other non-functional requirements for this
project to consider are, if the number of features in use are
high, it could take longer to train the classifier to form a
pattern and or overfitting the model and it could map noise
and reduce the accuracy of the output. Generally, the accuracy
would be considered better than randomly guessing the output
should it be over 50%. Each classifier is detailed below

A. K-Nearest Neighbours Classifier

The principle behind nearest neighbour (KNN) method is to
find a defined number of training samples closest in distance
to the new point and predict the label. KNN classification is
non-generalising learning, as in it does not construct a general
internal model but keeps instances of the training data. In this
project, the number of neighbours to find will be determined
by the data, as a large k will suppress the effects of noise, but
the downside is the boundaries are less distinct.

B. Neural Networks Classifier

Looking at related works within the field of football outcomes,
many researchers have attempted to predict the outcomes of
football matched. Many have attempt to use statistical
modelling such as Dixon [8], where he used a bivariate
Poisson regression model to predict the English premier
league. Also, Boshnakov [11] proposed using a Weibull count
distribution which allowed the dependencies between goals
scored to have both positive and negative dependencies. Other
ways such as using ranking systems such as in Chess called
ELO rating, where it measures the strength of the chess player,
researchers have created similar ranking systems such as the
pi-rating by Constantinou [14]. This system could be used to
help more sophisticated model improve the accuracy of their
predictions. However, machine learning seem to the choice of
more recent research in the area as more research is done into
optimising neural networks and further improvements. The

proposed solution for the neural network is to use the scikit
model called MLPClassifier (Multi-layer Perceptron
classifier), This model is a class of feedforward artificial
neural network that uses stochastic gradient descent, which is
an iterative method for optimising functions. This method is
further optimised with Adam (Adaptive Moment Estimation),
in this algorithm the running averages of both the gradient and
the second moment of the gradients are used. This neural
network has parameters that need to be specified such as the
amount of hidden layer or neurons and the shape required for
the model, also the learning rate is needed.

C. Support-Vector Machine Classifier

Support vector machine (SVM) is given a set of training data,
that are marked as belonging to one of two categories and the
SVM will build a model that assigns new examples to one of
the categories. SVM constructs a hyper-plane in high
dimensional space. This hyperplane separates the two
categories, and a good separation is achieved by the
hyperplane that has the largest distance to the nearest training
data point of any category. SVM is scale invariant, so scaling
input data is highly recommended. For this project, the C-
supported vector classification and this multiclass support is
handled to a one vs one scheme.

D. Gaussian Naive Bayes Classifier

This classifier works by using the Bayes Theorem in which
calculating the posterior probability from the prior
probabilities of a hypothesis. For this classifier rather than
calculating the values of each attribute value (i.e.,
P(D1,D2,D3|H)), they are conditionally independent given the
target value and calculated as P(D1|H)* P(D2|H), etc. The
classifier uses Gaussian distribution and to make predictions
The features can be inputted into the Gaussian PDF with a
new input for the variable and it returns the probability of that
new input value.

E. AdaBoost Classifier

The principle of AdaBoost is to fit models that are only
slightly better than guessing on repeated modified versions of
the data. The prediction from all of them are then combined
through a weighed sum to produce the final prediction. The
modified data at each boosting iteration consist of applying
weights to each training sample. For each succussive iteration,
the sample weights are modified, and the learning algorithm is
reapplied to the reweighted data. The training examples that
were incorrectly predicted by the boosted model will have
their weights increased, whereas the correct prediction will
have the weights decreased. [14]

F. Random Forest Classifier

A random forest is a meta estimator that fits several decision
tree classifiers on various sub-samples of the data and uses
averaging to improve the predictive accuracy and it controls
overfitting. When splitting each node during the construction
of a tree, the best split is found either from all features or
random subset of the max features. The purpose of these two



sources of randomness is to decrease the variance of the forest
the randomness in the forest yield decision trees with
decoupled prediction errors, and by taking the average of
those predictions, some of the error can cancel out. [14]

Features

From the literature review, different models had their own
different set of features and classifiers. The accuracy of the
models | have selected depends on the feature selections,
dataset manipulation and the classifier used. To see which
classifier will produce the best accuracy, the dataset needs to
be standardised and scaled before any classifiers are
introduced and all manipulation need to prepare correctly so
that all the inputs conditions for each classifier is satisfied.
The main features used in the dataset are goal difference,
home, and away form, winning and losing forms and
difference in points. Below is a sample of the final dataset
with all the data manipulation done.

HTP ATP HM1_D AM3_W HTGD ATGD DiffFormPts
-1.0379 | -0.5733 | 0 . 0 0.0146 -1.0124 | -0.25
-1.0379 | -0.9122 | 1 . 1 0.0146 0.9821 -1.00

Table 1: Final Dataset
The above table is used to feed into the classifiers, all the
columns were divided by the match week with all 20 teams
and there home and away fixtures.
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Figure 1: Timeline Chart
The above figure shows the Gantt chart of the project. It
shows the tasks involved in the project; the time duration
required to complete in each task. This timeline was
accurately followed for the duration of the project. The project
was expected to complete by the 9" of January.

IV. RESULT & DISCUSSIONS

Finally, using the dataset and then having the dataset was
divided into training and test of the ratio 85:15, the testing
data is of the length three hundred and eighty, which is the
number of fixtures of The English Premier League. Looking at
the data within the dataset, | can see that the final data types
are all correctly changed into numerical values or

representation that is needed for input into the classifiers. All
the columns were of the data type of Float64 or uint8(integer)
and below is a figure of some the basic statistics for all the

features in the final dataset.
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Figure 2: Basic Statistics
From the figure above, | can see statistics for all the features,
also can see the dummy columns used for the ease of use in
the classifier to predict a pattern from the forms of the football
team. From the figure, | can see the mean of all the columns
are close to zero, either negative or positive, for example the
form columns of ‘HM1_W’ seem to prefer the positive side of
zero with a value of 0.332653. | can see that the standard
deviation is 1.000204 for the features of HTP, ATP, HTGD,
ATGD and DiffFormPts. The standard deviation for all the
form columns is roughly around ~0.45. These two standard
deviations are good for using these columns as a good training
features to put into the classifier. Below is a Figure that shows
how some of the features in the dataset ranges, mean is
represented.
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Figure 3: Ranges of Features
As | can see all the features have most of their datapoints
either around the zero value or in the case of the form features
its between one and zero. Also looking at the form features
can see that the draws in home and away have more of their
datapoints at one, whereas the loss and win features seem to
get a more even spread of the datapoints. Between -3 and 3.
Further investigation in future works. Before looking at the



results of the classifiers on the dataset, some statistical
inference was investigated. The plot below shows all the
continuous data features plotted against each other and their
distributions.

DiffFormPts
°

ATGD DiffFormPts

Figure 4: Pair-plot
In the figure above, | firstly look to the plots with the
distributions of the features and I can say that they seem to
follow a Normal Distribution, however ever so slightly
skewed to the left in this dataset. However, | will assume it
follows the Normal Distribution, which helps me to
investigate any linear relationships. From the Figure, | can
only see two well defined linear relationship which are of the
features, HTP vs HTGD and ATP vs ATGD. Another look at
the figure, | could say maybe the feature DiffFormPts has a
weak linear relationship with the other features, but further
investigation would be required. Using a Pearson correlation
test on the features HTP vs HTGD, | found that there is a
strong relationship with 0.93613 value that is remarkably close
to 1 meaning a strong positive linear relationship and a p-
value stated here of 0.0. This is also the case for the feature of
points and goal difference.
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Figure 5: Model One

Doing an Ordinary Least Squares regression model on the two

features (HTP vs HTGD) and checked if all the assumptions

are met to perform this regression model, the two values of R-

squared and Adjusted R-squared came to be 0.876, meaning
87% of the variability in the data is explained in the linear
regression model with p-values of 0.000 which is well below
the conventional threshold of the 95% confidence intervals.
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Figure 6: Model Two
Considering the same linear regression model but for the
features of HTP and DiffFormPts, the R-squared result was
0.264 and the Adjusted R-squared result was 0.263, this
suggests that 26% of the variability in the data is explained.
This is not a good model for attempting explain the
relationship between the difference in form and the home
points.

Considering my project and its outcomes, | have classified the
problem as being a classification problem rather than a
regression problem. The difference in the two is that the
classification model will try to predict the class, or probability
distribution for the classes, whereas the regression models will
try to predict real numerical values. In my project the outputs
that I am looking for are Wins, Draws and Loses, so
regression models are not to be used to predict my outcomes.
Firstly, below is a figure that will show how over the years,
the frequency in which the result has been classified as home
win, away win or a draw.
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As | can see, over the seven years most of the results have
been classified as home wins and the least is draws, so from
my interpretation, my prediction model should have more
home wins than draws, also highlights a bias towards home
teams winning their home games more.
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Figure 8: Win rate over the years
From the above figure, | can see that the home win rate is
higher than the away win and draws which is below the 40%-
win rate, this clearly shows that when a team is playing at
home, they are much more likely to win that game than if they
were the away team.
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Figure 9: The aggregate win percentage
And as | can see from the figure above, when all the home
wins, away wins and draws where aggregated over the years,
it was found to have the above percentages for each class of
outcomes. Onto predicting the outcome of a football match, |
have the accuracies for both the training set and the test set to
see how accurate each of the readily available classifiers are.

The results are as below in the Figure 10.
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Figure 10: The Accuracies of the Classifiers
From the figure 10, I can see the accuracies of the six
classifiers that were used to predict the football match
outcomes. The accuracies are in decimal form, so from now
on will refer them as percentages (i.e., 0.54492 = 54.49%).
Firstly, looking at the training set accuracies, | can see that the
K-Nearest Neighbour Classifier has the highest percentage
with 70.53% and the lowest percentage being the Naive Bayes
Classifier with 50.52%. The lowest being higher than 50% |
Feel is a successful outcome, however it is quite low but with
the KNN classifier being 70.53%, this is a huge leap in
accuracy. Whereas looking at the testing set of the data, | can
see rather opposite result for the KNN with an accuracy of
36.57%, which is a considerable drop in accuracies, perhaps
can be explained due to the modelling perhaps focussing on
the wrong feature to base its model off or the testing set
having datapoints too close or too far for the predefined K
value to impact the generated model to predict. The highest
percentage in the testing set was the Neural Network with
57.10%, this is an improvement from the training set. Also, |
looked at the time it takes these classifiers to predict the
outcomes and found that even though the Neural network had
the highest accuracy it had the longest time 4.39 seconds, but
all the other classifiers are in the milliseconds. Another
solution to improve the accuracy of the models is to append
the draws to the lose class that need to be classified and | can
see that the highest accuracies are around now the 62%,
however | would lose the ability to predict draws, also did not
include these accuracies due to that lose in prediction of
draws.

V. COMPARISON WITH RELATED WORKS

Comparing other academic research is not the most
straightforward, as other researchers have trained on different
datasets such as [13] used the EURO 2008 as the dataset or [6]
using the Dutch League. Some researchers have used the same
league but have used it at different times such as [8] and [9].
Considering accuracies as the metric for comparison, from [3]
the highest accuracy was 52.479% and this journal would be
consider close to our relevant topic and in this journal, they also
compared it with the bookmakers which had a accuracy of
52.946% which is still the highest accuracy of that journal.



Also, this accuracy considers draws, whereas some academic
journals will just consider win and lose. Another academic
journal [16] like our proposed work stated a test accuracy of
80.75%, however its not stated if that includes draws, as if that
was the case this model predicts outcomes of games very well.
I believe my final highest accuracy on the testing data was my
Neural Network with a 57.10%. Considering this value and
other values, | consider this an acceptable accuracy by
comparison to other literature.

VI. CONCLUSION & FUTURE WORKS

Concluding remarks on my proposed work of trying to predict
the outcomes of football matches in the English premier
league, using match histories and several Classifiers. Firstly,
the highest accuracy achieved was by a Neural Network with
57.10%, however it took considerably longer to compute the
model compared to the other classifiers. | believe if | remove
the draw classifier, I will obtain a higher accuracy on finding
the winning team. Also, other researcher has discussed how
the training phase of their datasets was struggling to
implement the first week of football outcomes and the
conditions needed to accurately say from the confusion matrix
what a draw is. The researcher also suggested solutions that |
have tried to improve on my work. My approach to the work
would lead to a predictive model that uses minimal
information, in terms of match history features such as form
and goal difference and various classifiers to produce the best
performing model. From this work would like to have a
positive impact on future works using this method, and find
elusive predictive attributes not considered before. Future
works would be using different features that would
incorporate match day features like formation, attacking and
defensive form, starting eleven. These features could increase
accuracies for our selected model of Neural Network.
Probable uses of the model could be used in journalism to
compared real results and predicted results or could be used to
further progress the field in prediction football outcomes.
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