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Abstract.

The development of the machine learning field and the accessibility of data have prompted a
significant increase of research in building predictive models in many different areas, including
sports. Football (or soccer) is one of the most popular sports in the world and naturally has drawn
scientific attention. This paper utilizes statistics from football games to train models that predict
the outcomes of unseen matches and applies a betting strategy to identify potential profitable
opportunities. Three of the most well known machine learning techniques (Decision Tree, Random
Forest and K-Nearest Neighbor) are explored with input data created through the application of the
GAP rating system proposed by Wheatcroft. The scope of the study includes the top division of
five of the most popular National Leagues in Europe. The results from the experiments indicate that
some of the models can have positive return on investment. The models tend to showcase
robustness in their performance. Comparing the general accuracy accomplished by the different
machine learning techniques shows that conservative models do not necessarily bring higher gain
than riskier models. Additionally, the results suggest that even a small improvement of the GAP
explanatory power could lead to a significant profit increase.
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1 Introduction

Predicting the outcomes of football games is an attractive and challenging endeavour from
both a research and economic standpoint. With the development of technology, availability of data
from sporting events has become more and more accessible. Furthermore, sport teams have
realized the added value of performance statistics and have incorporated data analytics as part of
their operations. On the other hand, the sports betting market is continuously growing and luring
players to innovate strategies and methods to outplay the bookmakers. Football, commonly
referred to as soccer in the USA, is one of the most popular sports in the world. The winner of a
football game is determined by the number of goals scored by each of the two competing teams in
a given match, which leads to three possible outcomes - win for the home team, win for the away
team or a draw. The most common goal of researchers is to develop a methodology that forecasts
the results of football games. However, alternative opportunities have also been explored - number
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of goals scored, both teams to score, number of corners etc. In this study, well-known machine
learning techniques are used together with the proposed by Wheatcroft [5] rating system to predict
the outcomes of football games and explore potential profitability.

Baboota and Kaur (2019) explored feature engineering to create a comprehensive dataset
with features that can explain outcomes of football games. Following a feature selection procedure,
the authors use different machine learning techniques to build models - Random Forest, SVM,
Gradient Boosting and Gaussian naive Bayes. To evaluate their models, they compare them against
two bookmakers using the Rank Probability Score (RPS). Although the models did not outperform
the bookmakers, the results appear to be promising [8].

Koopman and Lit (2019) developed a multivariete score-driven model which was applied
to three different categories of models. The first category treats a given football game as a pairwise
observation that is assumed to come from the bivariate Poisson distribution. The second one
assumes that goals difference is generated by the Skellam distribution and the third category the
probability of the outcome of a game (home win, home loss or draw) is modeled by an ordered
probit model. The study covered 6 different football leagues in Europe over 17 seasons. Their
results suggest that the proposed score-driven models outperform a range of benchmark models in
both forecast precision and lowest betting losses [11].

Authors proposed a novel framework for football games prediction using Bayesian
inference and rule-based reasoning, together with an in-game time-series approach. The
framework considers multiple factors, like scores, moral, fatigue, skills etc. when making
predictions. Another introduced novelty by the authors includes a knowledge-based in-game time-
series approach to predict football matches. The study shows reasonable and stable predictions
using the so-called Football Result Expert System [2].

The actual behavior of teams on the pitch has also drawn the attention of scientists. levoli,
Palazzo and Ragozini (2021) investigated information retrieved from passing networks and its
impact on the outcome of football games. The paper looks from football perspective on network
properties like centralization, clustering and cliques. The probability of winning a game is then
modelled through machine learning models where independent variables include network-based
indicators. The conclusion of the authors based on the results is that such indicators can improve
the explanatory power of models [9].

Bookmakers provide an opportunity to place bets not only on a single outcome, but also
combination of outcomes - home win or draw, etc. A group of researchers experimented with
predicting pairs of the possible outcomes of matches. Different types of machine learning
techniques were used in the study and their accuracy compared. Although the reported accuracy
reaches very high values, close to 100%, it should be noted that since pair of outcomes are set as
target, the approach by design leaves only one outcome as missclassification [10].

Kozak and Glowania [6] concentrated on a specific league which is the German Bundesliga.
The researchers proposed heterogeneous ensembles of classifiers to make predictions for football
matches. Their method allows for improved prediction compared to classical ensembles and single
classifiers, and additionally makes it possible to distinguish some of the analyzed cases [ref 8].



Apart from predicting the final outcomes of football matches, research are also focusing on
predicting alternative options determined in games. Costa, Marinho and Pires made efforts in
forecasting whether both teams would score in each football game. The study showed that in few
instances machine learning classifiers could achieve prediction accuracy that is sufficient in
beating the market. Furthermore, the research experimented with betting strategies and the results
were optimistic for some of the leagues in the scope of the study [7].

An obvious challenge in predicting football matches that have not played out yet is the lack
of information and statistics from the matches. Wheatcroft (2020) addressed this challenge by
proposing a rating-based system which computes offensive and defensive ratings for teams based
on previous games and these ratings are used as estimations of the performance of the teams in
their next games in terms of shots, corners, goals and etc. The estimations are fit into a model that
could predict the outcome of a game [5] or explore other betting opportunities, like number of total
goals scored in the game [4].

In this paper, the rating-based system by Wheatcroft is extended to some of the well known
classification techniques from the machine learning realm using data from observed football
games. The objective of the research is to explore potential profitable strategies by placing bets on
match outcomes based on the predictions from different models using actual odds by a bookmaker.
The performance of the models is also evaluated with their achieved accuracy, although it is not
the focus of the research. However, the main value of the study is the reporting of the relationship
between the profit and accuracy of the models, along with identified potential profitable models.

2 Litereature Review

This study applies the proposed by Wheatcroft [4, 5] Generalized Attacking Performance
(GAP) system of ratings and builds models to predict football games using well-known Machine
Learning techniques. Experiments are performed with Decision Tree, Random Forest, and k
nearest neighbors (k-NN). The accuracy for each model is estimated and a simple level stake
betting strategy is put in place to evaluate potential profitability of the different models. The next
paragraphs present briefly the GAP rating system and the Machine Learning methods implemented
as part of the study.

One of the main challenges in predicting games that have not played out yet is the lack of
game statistics from such matches. The proposed Wheatcroft rating system, named Generalized
Attacking Performance (GAP), uses historic data from games to estimate measures of performance
of a given team in a forthcoming game. The general idea follows the logic that if observed data
from football games explains the final outcome of a match, then estimates of games features would
also have strong predictive power. The better the estimations are, the more likely it is that a player
would also realize a profit from a betting strategy [5].

The concept of rating systems in sports competitions has been around for quite some time.
Probably, the most well-known such system is the Elo rating system [1], which was used initially
in chess games to assign players with a rating. The ratings produce probabilities of an outcome
based on the rating of the players involved and after the end of the game, the rating of each player
is updated. Later, the Elo rating system would be extended, in order to consider also draws from
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games which in turn made it applicable to other sports as well. The GAP system differs from Elo
in that it produces separate attacking and defensive rating for both home and away matches of a
team, instead of giving a single rating to a specific team [4]. An attacking GAP rating can be
interpreted as the estimate of the number of defined attacking plays (eg. corners, shots) expected
to be achieved against an average team from the same league. A defensive GAP rating can be
interpreted similarly (how many attacking plays the team would concede against an average team
from the same league).

The GAP ratings of attacking play (eg. shots on target) for a home team are updated after a game
as follows [5]:

Home Team GAP
Hf w1 = max(Hfy, + A1 (Six, — (Hf, + A%2)/2),0)
Al = max (A, + A1 = 1) (Sik, — (Hx, + Af2)/2),0)
Hic,lk1+1 = max(Hi(,lkl + 201 (Sjk, — (Afy, + Hi(,ikl)/z)' 0)
A1 = max(Al, + 21 — ) (Sjk, — (A, + H11)/2),0)
Away Team GAP

Alyarr = max(Aly, + 2492 (S, — (Afy, + H{,ikl)/Z), 0)

Ho41 = max(HY, + A1 — 92)(Sjx, — (A, + HY)/2),0)

Aj('i,k2+1 = max(A]C%kz + A@o(Sik, — (Hiy, + Aﬁkz)/z)' 0)

Hf,ik2+1 = max(Hjc,ik2 + A1 = 92)(Six, — (Hik, + Aﬁkz)/z)' 0)

Where:

- 1 is the i-th home team,

- j is the j-th away team,

- H, is the home attacking GAP rating of the i-th team in a league after k matches,
- ka is the home defensive GAP rating of the i-th team in a league after k matches,
- A}, is the away attacking GAP rating of the i-th team in a league after k matches,
- Agk is the away defensive GAP rating of the i-th team in a league after k matches,
- Hf is the home attacking GAP rating of the j-th team in a league after k matches,
- Hj‘fk is the home defensive GAP rating of the j-th team in a league after k matches,

- Ay, is the away attacking GAP rating of the i-th team in a league after k matches,

- Agk is the away defensive GAP rating of the i-th team in a league after k matches,
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- Sik, and S; ., is the number of defined attacking plays by teams i and j,

- A is a parameter that determines the overall influence of a match on the ratings of each team,

- ¢, Is a parameter that governs how the adjustments are spread over the home and away ratings
of the i-th team,

- ¢, IS a parameter that governs how the adjustments are spread over the home and away ratings
of the j-th team.

The predicted numbers of defined attacking plays for the home and away team are given by:

S'h = m and S‘a = w

2 2
The three parameters 4, ¢, and ¢, are estimated by minimizing the mean absolute error between
the predicted and observed number of attacking plays. The function to be optimized is:

1 N A
f(l, ?1, (Pz) = N Irvn=1 |Sh,m - Sh,ml + |Sa,m - Sa,ml
Where:

- Sp.m and S, ,, are the observed number of attacking plays for the home and away teams,
- Sp.m and S, ,, are the predicted numbers from the GAP system.

Football games have three possible outcomes; hence the target is multinomial with three classes
and the task at hand is in the realm of supervised learning. Commonly used machine learning
techniques for such problems include k-NN, Decision Tree and Random Forest classifiers. K
Nearest Neighbors is one of the most intuitive classification methods. A new test observation is
classified by computing the distance (usually Euclidean or Manhattan) to each existing training
data observation. As a next step, the class of the k nearest train observations is considered. The
predominant class within the k nearest neighbors determines the class of the test observation at the
end [3]. The method finds applications in wide areas such as bankruptcy predictions, customer
relationship management, fraud detection, image recognition and many more fields.

The concept of decision trees is relatively easy to grasp. The method divides the feature space into
a set of rectangles. After that, a simple model is fit in each one of the rectangles. The same partition
can be illustrated also as a tree or a flowchart-like structure. As a result, each node tests a feature,
each branch is an outcome when applying the model and leaf nodes represent a category.
Classification rules determine the path from the root to the leaf. Similar concept is used by Random
Forest, since it creates multiple decision trees and defines the class based on outcomes from the
individual trees. For example, the meaning or mode of the individual trees can be used as a decision
rule for the class [12].
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3 Methodology
This section of the paper presents the data used for the experiments, the procedure applied
for building the models, the betting strategy applied and other methodological notes.

3.1. Data

When it comes to data sources for football events, the options have increased steadily in
the last decade and many of the domains are public, without charges. This paper retrieved the data
from the well-known web site - Football-Data (https://www.football-data.co.uk/). The site collects
and provides game statistics from the national leagues of 27 countries and 4 continents for free.
The historical data depth goes up to 23 seasons for some leagues. The available statistics for the
major leagues include the result, half-time result, number of shots (incl. on target), number of
corners, number of fouls, number of yellow and red cards, and betting odds from different
bookmakers, where the statistics are available for each game and each team.

This study uses data from the top divisions of the five most popular European national
leagues, namely these include the English Premier League, the Spanish La Liga, the Italian Seria
A, the German Bundesliga, and the French La Championnat. The most recent seasons are selected
in the research. Specifically, the seasons 2020/2021, 2021/2022 and 2022/2023 are within the
scope of the study.

To evaluate the performance of the teams with the GAP ratings, the statistics chosen are
goals, shots, shots on target and corners. Table 1 presents a summary of the statistics per league.
There is not an observable significant difference between the different leagues based on the
selected game features. Based on the summary, the La Liga could be deemed as the least
entertaining division, since it has the lowest observed averages across all statistics. The difference
in the number of games is because different leagues can be at slightly different stages of the
incomplete 2022/2023 season and the Bundesliga has two fewer teams in comparison to the other
leagues, hence there are less rounds of games in a season in the Bundesliga.

3.2. Procedure

The earliest season (2020/2021) serves only to initiate the GAP ratings. GAP ratings for
all teams are set to O at the start of this season and are updated after each game. The GAP ratings
computed at the end of the season for each team are transferred to the start of the next season
(2021/2022). Two important events occur at the end of each season in the selected national leagues.
The teams that have finished at the bottom of the league are being relegated to a lower division.
On the other hand, the teams that have ended the season at the top of the lower tier are being
promoted to the upper echelon. The promoted teams require to be assigned with GAP ratings at
the start of the new season. The approach is the same at the one applied by Wheatcroft [5] - the
GAP ratings assigned to the promoted teams equal the average of the specified GAP rating (eg.
corners, shots etc.) of the relegated teams in the same national league. The second season
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(2021/2022) proceeds with the computation of the GAP ratings after each game, and the same
process applies to the third season (2022/2023). However, each season plays different role. The
second season is used for training, whereas the third season validates the models and estimates the
profit or loss from a betting simulation. Aside from the update of the GAP ratings after each game,
the parameters (4, ¢4, @) need to be estimated as well. The games from the first and second season
are used to estimate these parameters.

Table 1.
Hom | Awa | Hom | Awa | Home | Away
e y e y Team | Team
Hom Awa Tea Tea | Tea Tea | Shots | Shots Home | Away
Game Draw |y Team Team
League S € S Win m m m m on on Corner | Corner
Wins s Goal | Goal | Shot | Shot | Targe | Targe s(avg) | s (avg)
s s s s t t g g
(avg) | (avg) | (avg) | (avg) | (avg) | (avg)
Premier 1140 491 258 391 1.50 129 | 1354 | 1147 471 4.04 5.60 4.64
League
LaLiga 1140 505 309 326 1.42 1.09 | 12.80 | 10.38 4.40 3.52 5.07 417
Seria A 1140 464 295 381 151 131 | 1312 | 11.27 4.90 4.32 5.11 4.44
Bundesliga 918 417 229 272 1.77 134 | 13.69 | 11.53 5.21 4.25 5.04 4.49
La . 1140 467 289 384 1.49 130 | 1298 | 11.00 4,59 3.96 5.24 4.28
Championnat
All 5 Leagues 5478 1977 1199 1535 152 127 | 13.09 | 11.09 4,72 4.02 5.18 441

To evaluate the efficiency of the computed GAP ratings, the procedure proposed by
Wheatcroft [5] is followed, where the GAP ratings are compared to a benchmark in terms of Mean
Absolute Error (MAE). The same game indicators (goals, shots and etc.) that are used for GAP
ratings calculation are estimated with a benchmark method, which in this case is a simple average
of the indicators that are observed in previous games. For both methods, the Mean Absolute Error
is computed by averaging the sum of the differences between the predicted game statistics by the
two methods to the observed game statistics. The ratio of the MAE from the GAP ratings against
the MAE from the benchmark serves as evaluation of the efficiency of the GAP ratings. Hence,
when the ratio is less than 1, it means that the GAP ratings are outperforming the benchmark and
vice verse when the ratio is greater than 1. The second season (2021/2022) is used to perform the
evaluation process.

Three different classification techniques are utilized for fitting the data and making
predictions - Decision Tree, Random Forest, and K-Nearest Neighbor (K-NN). The procedure is
performed in python using the sklearn library. The classifiers are build with their default settings
in sklearn. In the case of K-NN, the number of neighbors is set as the square root of the number of
games. The independent variables are constructed by differentiating the GAP ratings of the teams
in a game. For example, the difference in the GAP ratings of the two teams for corners produces
the independent variable for corners and so on for each GAP rating. As GAP ratings are estimated
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from a small number of variables (goals, shots, shots on target and corners), all possible
combinations of independent variables are explored and fitted to each classification technique.
Additionally, each combination of independent variables is trained with and without the inclusion
of one more variable - home team win odds given by a bookmaker. The home team’s win odds are
given by BET365 and are available in the same dataset where the statistics of the games can be
found. As a result, 15 different models are created with each classifier, or a total of 45 different
models that fit and predict each game.

This paragraph describes the procedure that is followed in building each model. The second
season (2021/2022) trains and tests the models with a k-fold procedure. The games in the season
are randomly split into ten folds, where nine of the folds train the classifier and the remaining fold
tests the classifier. This process is repeated ten times and at each run a different fold is reserved
for testing, so that each fold plays the role of a test subsample once. At every run, the model is
scored based on its accuracy, which computes the percent of correct predictions from the total
number of games in the test fold. After the tenth run, the average accuracy of all ten runs is recorded.
As next stage, the entire second season is fit to the classifier to build a model which then predicts
the games in the third season (2021/2022) and the accuracy based on the third season (basically,
serves as validation dataset) is computed. This entire procedure is repeated 1 000 times for each
model. The final estimated test and validation scores consist of the average accuracy from the 1
000 runs.

Additional experiments are performed following the same process, but instead of fitting
estimations by the GAP systems to the models, the actual observed amounts for shots, shots on
target and corners are utilized. Naturally, observed goals are excluded from these trials, due to
their direct correlation with the outcomes from the games. The results from these trials indicate
the potential of the game statistics that are being estimated. It is expected that they would have
superior profitability in comparison to the predictions with the GAP system and the difference in
the profitability could be considered as the maximum potential profit. The more accurate the
estimates from the GAP system, the closer the profitability would be to the one achieved from the
observed game statistics.

3.3. Betting Strategy

To estimate the potential profit or loss of the models, a simple Level Stake betting strategy
is applied, which places a single constant unit on the predicted by the model’s outcome of the
games. If the prediction of a game matches the actual outcome, the profit of that game is
determined by multiplying the constant unit by the coefficient given by the bookmaker (BET365)
for that outcome. In case the prediction doesn’t coincide with the actual outcome, a loss equal to
the constant unit is recorded. The sum of the profits and losses of every game determines the final
profitability of a given model. As each model is built 1 000 times, the finally recorded profit or
loss for a given model is computed as the average of all 1000 executions. The strategy works on
each model individually. Since the three machine learning techniques included in the scope of the
experiments always assign a class, a bet is placed on every game.
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A popular betting strategy is the so-called Kelly Strategy. However, it was not considered
for these experiments, since Kelly Strategy requires that the player determines probabilities for
each possible outcome of a game, which are then compared to the probabilities given by a
bookmaker, in order to identify outcomes with added value. Neither of the three techniques
(Decision Tree, Random Forest or K-NN) produces probabilities, which makes the application of
a Kelly Strategy difficult.

4.Results

In the next paragraphs are discussed the results from the experiments. The first six home
games of each team in a season are not fit to the models or included in the performance analysis
of the GAP ratings. These games allow the GAP ratings of each team to “adjust” to the new season.
Table 2 summarizes the scope, number of games in each season and how many games are analyzed.
Since there are 1238 games available for validation in Season 2022/2023, applying the Level Stake
betting strategy would result in investing 1238 units on bets.

Table 2. Seasons Summary

Season Scope Total Games Games Models
2020/2021 GAP Initialization 1826 0
2021/2022 Train and Test 1826 1238
2022/2023 Validation 1826 1238

The presentation of the results begins with the evaluation of the GAP ratings in comparison
to a benchmark model, as described in the methodology section. Chart 1 displays the ratio of the
MAE for each different game statistic predicted using GAP ratings and the benchmark method.
The performance is done using season 2021/2022, the same season that trains and tests the models.
The performance of the estimations made by the GAP system outperforms the benchmark method
in all predictors of games outcome. The superiority of the GAP system is most evident in the Shots
statistics. On the other hand, the Corners appear to have the most similar performance when
comparing the MAE of the two methods. It could be expected that corners would not be the
strongest predictor for a game outcome out of the four predictors under consideration.

Tables 3, 4 and 5 display the results from the experiments with the three machine learning
techniques (Decision Tree, Random Forest and k-NN) when the estimated by the GAP system
match statistics are used. Each table flags the independent variables that enter each model, along
with the accuracy from the test and validation procedures, and the achieved result for profit (or
loss).
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Chart1

MAE Ratic (GAP/Benchmark)

0.978506

9999999

The results from the Decision Tree method (Table 3) show that most of the models have
similar accuracy on both test and validation procedures with a difference of around 2%, usually.
This indicates that the models neither overfit nor underfit the data. A slightly greater difference in
accuracy from test to validation can be observed for models “B2 Odds”, “B7”, “B10 Odds”, “B12
0Odds”, where the difference reaches 3%, which could still not be considered as cause for concern.
The highest accuracy on the train and test procedure is recorded for “B3 Odds” model (42.86%),
whereas “B14 Odds” model (42.67%) records the highest accuracy on the validation subset. There
are three models (“B5”, “B9 Odds” and “B11 Odds”) that manage to achieve a profit with the
described betting strategy. To some extent surprisingly, the common variable in all four of these
models is Corners. The highest profit can be observed in the “B5” model (33.85 units), which
translates to 2.73% return on the investment of 1238 units. The model includes shots off target and
corners.

The results from the Random Forest technique can be observed in Table 4. The accuracy
results on test and validation are again very close without any model having a difference reaching
5%, suggesting robustness in the models. The highest accuracy on the train and test procedure is
observed in “B11 Odds” model (50.62%), whereas model “B9 Odds” records the best accuracy on
the validation step (48.03%). Although the accuracy appears to be higher on average than the
accuracy observed with the Decision Tree, the Random Forest doesn’t produce profit in any of the
models. This suggests that the models built with the Decision Tree tend to predict riskier outcomes,
in terms of odds given by the bookmaker (BET 365) than the Random Forest models, which seems
to create more conservative models. The lowest loss is found in “B5” model (-16.57 units). The
same model recorded the best profitability for the Decision Tree models.

Table 5 presents the results from the k-NN models. The test and validation accuracy is
again very similar with a difference of up to 2%. The best test accuracy is observed on “B8 Odds”
model. On the other hand, the highest accuracy on validation, and highest profit, is observed in the
“B12 Odds” model. The average accuracy of all models reaches 50%, which is the highest from
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the three techniques. Still, the models are less profitable than the Decision Tree models. Also, the
highest profit achieved in the k-NN models is less than the highest profit from the Decision Tree
models. There are in total four models that manage to record profit (“B12 Odds”, “B3 Odds”, “B5”
and “B11 Odds”). The champion among k-NN models (“B12 Odds”) has as independent variables
goals, shots on target and home odds.

Tables 6, 7 and 8 provide a summary of the results obtained when the actual observed game
statistics are fit to the models using the three machine learning techniques. Although the models
with observed data have better performance than the GAP models, their superiority is much more
evident in the profit results. It is easily observable that most of the models do record profit with
the biggest profit (539 units) found in “A3” model with the k-NN method, which translates to
43.54% return on placed bets. The model includes Shots on Target and Corners as independent
variables. The three methods share very similar highest accuracy on validation subset at around
58%. These results indicate that even a small improvement in the accuracy of the GAP models
could lead to a significant improvement in profitability.

5.Conclusion and Future Work

In this study, the proposed by Wheatcroft [5] GAP rating system was applied with three
difference machine learning techniques on football games from 5 of the most popular leagues in
Europe - English Premier League, Spanish La Liga, German Bundesliga, Italian Seria A and
French Ligue 1. The research encompassed three football seasons (2020/2021, 2021/2022 and
2022/2023). The first season (2020/2021) initiated the GAP ratings, the second season (2021/2022)
trained and tested the models, and the third season validated the models. The models included all
possible combinations of the predicted by GAP system Goals, Shots, Shots on Target, Corners and
Home Odds predicted by a bookmaker (BET 365). The experiments implemented a simple Level
Stake betting strategy to evaluate the models from each machine learning method in terms of
profitability.

The results showed stable accuracy between the test and validation procedures suggesting
that the models are robust. The best accuracy was observed in the k-NN models, whereas the
highest profit was recorded in the Decision Tree method (“B5” model). Although the Random
Forest models reached higher accuracy on average than the Decision Tree models, none of the
Random Forest models could record a profit. This shows that even though higher accuracy
mitigates the risk of a loss, it does not guarantee a profit. Correctly predicting a smaller number of
riskier games in terms of odds provided by the bookmaker can bring higher profitability than
conservative models that manage to predict correctly outcomes of larger number of games with
small risk. Overall, most of the models could not make a positive return of the placed bets and the
several profitable models indicated only a small profitability. However, the additional experiments
performed with the actual game statistics suggested that in general, these game features explain
enough of the match outcomes to provide significant return on an investment. Furthermore, the
difference of accuracy between the GAP models and the observed data models was in the region
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of 10-15%. It could be expected that even a smaller improvement in the GAP ratings could lead to
a noticeable increase in profits.

The current study explores the potential of profitable methodology with machine learning
methods in the realm of football games. Plenty of room of improvement is available for possible
improvements in the efficiency and profitability. The research encompasses only three seasons.
Extending the time series to more seasons would optimize the accuracy of the parameters.
Furthermore, the models are built using GAP predicted game features. Additional variables could
be created, tested for significance, and added to the models. The place in the league table before a
game could explain an outcome of a game, even more an indicator of the form of the teams could
be estimated as suggested by Baboota and Kaur [8]. Teams on winning streaks eventually lose and
a survival analysis might be useful to account for the decreasing probability of a winning or losing
streak after each game within the streak. Expected Goals (XG) estimator has become very popular
in recent years, and it might explain the outcome of games more effectively. Additionally, the
study can be enriched with more detailed diagnostics of the models and a more comprehensive
report on the results can be produced by examining the results by leagues and odds, in order to
find strengths and weaknesses of the models.
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Table 3. Decision Tree
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Model Goals Shots on Shots off Corners Home Odds | Test Accuracy Validation Profit
target Target Accuracy
B1 * * * 0.4132 0.4066 -50.48
B1 Odds * * * * 0.4173 0.3889 -79.72
B2 * * 0.4170 0.4084 -29.85
B2 Odds * * * 0.4184 0.3878 -111.88
B3 * * 0.4133 0.3878 -129.82
B3 Odds * * * 0.4286 0.3946 -111.18
B4 * 0.3950 0.4031 -66.54
B4 Odds * * 0.4151 0.4029 -84.21
B5 * * 0.4061 0.4215 33.85
B5 Odds * * * 0.4167 0.4146 -28.48
B6 * 0.4009 0.3982 -34.03
B6 Odds * * 0.4274 0.4132 -86.13
B7 * 0.4036 0.3732 -97.95
B7 Odds * * 0.4256 0.3974 -123.18
B8 * 0.4179 0.4087 -33.28
B8 Odds * * 0.4233 0.4002 -78.30
B9 * * * * 0.4122 0.3997 -43.13
B9 Odds * * * * * 0.4193 0.4163 1.36
B10 * * * 0.4002 0.3959 -55.94
B10 Odds * * * * 0.4222 0.3859 -137.45
B11 * * * 0.4230 0.4010 -22.50
B11 Odds * * * * 0.4247 0.4211 21.18
B12 * * 0.3966 0.3918 -96.85
B12 Odds * * * 0.4243 0.3870 -126.15
B13 * * * 0.4135 0.4218 -15.83
B13 Odds * * * * 0.4142 0.4203 -5.69
B14 * * 0.4132 0.4190 -36.73
B14 Odds * * * 0.4205 0.4267 -35.98
B15 * * 0.4065 0.4108 -45.58
B15 Odds * * * 0.4220 0.4003 -90.10




Table 4. Random Forest
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Model Goals f:r:t:ton :::gt::ff Corners Home Odds | Test Accuracy X:::i::at(i::n Profit

B1 * * * 0.4687 0.4572 -47.65
B1 Odds * * * * 0.4884 0.4590 -104.37
B2 * * 0.4686 0.4365 -41.09
B2 Odds * * * 0.4817 0.4650 -86.93
B3 * * 0.4463 0.4412 -54.97
B3 Odds * * * 0.4885 0.4604 -73.59
B4 * 0.3944 0.4031 -66.66
B4 Odds * * 0.4411 0.4270 -94.42
B5 * * 0.4356 0.4408 -16.57
B5 Odds * * * 0.4798 0.4601 -81.01
B6 * 0.4002 0.3982 -34.18
B6 Odds * * 0.4602 0.4424 -37.18
B7 * 0.4024 0.3733 -97.90
B7 Odds * * 0.4470 0.4238 -114.62
B8 * 0.4197 0.4087 -33.38
B8 Odds * * 0.4387 0.4211 -78.89
B9 * * * * 0.4798 0.4714 -29.37
B9 Odds * * * * * 0.4992 0.4803 -43.24
B10 * * * 0.4712 0.4548 -66.95
B10 Odds * * * * 0.4872 0.4650 -81.43
B11 * * * 0.4880 0.4576 -70.80
B11 Odds * * * * 0.5062 0.4659 -74.30
B12 * * 0.4385 0.4439 -66.01
B12 Odds * * * 0.4762 0.4566 -80.50
B13 * * * 0.4655 0.4673 -42.79
B13 Odds * * * * 0.4780 0.4753 -48.28
B14 * * 0.4630 0.4505 -65.54
B14 Odds * * * 0.4871 0.4627 -79.24
B15 * * 0.4488 0.4517 -48.50
B15 Odds * * * 0.4701 0.4646 -58.22
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Table 5. K-NN

Model Goals ts::;t:ton _T_::gt::ff Corners Home Odds | Test Accuracy X::i::::;n Profit

B1 * * * 0.4968 0.4847 -93.65
B1 Odds * * * * 0.5053 0.5129 -40.96
B2 * * 0.5035 0.4960 -52.26
B2 Odds * * * 0.5101 0.5097 -46.01
B3 * * 0.4976 0.4911 -81.71
B3 Odds * * * 0.5202 0.5307 6.43
B4 * 0.4786 0.5073 -31.13
B4 Odds * * 0.5242 0.5307 -5.25
B5 * * 0.4870 0.5048 1.03
B5 Odds * * * 0.5095 0.5194 -24.82
B6 * 0.4929 0.4725 -61.15
B6 Odds * * 0.5225 0.5202 -34.10
B7 * 0.4926 0.4774 -65.79
B7 Odds * * 0.5216 0.5089 -38.11
B8 * 0.4983 0.5073 -50.15
B8 Odds * * 0.5288 0.5323 -9.99
B9 * * * * 0.4965 0.5057 -40.94
B9 Odds * * * * * 0.5062 0.5048 -71.87
B10 * * * 0.4995 0.5065 -38.10
B10 Odds * * * * 0.5055 0.5089 -49.93
B11 * * * 0.5073 0.5105 -52.49
B11 Odds * * * * 0.5211 0.5315 0.55
B12 * * 0.5017 0.5210 -12.67
B12 Odds * * * 0.5187 0.5339 14.92
B13 * * * 0.5090 0.5153 -19.38
B13 Odds * * * * 0.5122 0.5113 -52.52
B14 * * 0.5164 0.5065 -56.73
B14 Odds * * * 0.5179 0.5242 -32.72
B15 * * 0.5116 0.5012 -63.69
B15 Odds * * * 0.5137 0.5048 -55.58




Table 6. Decision Tree (Observed)
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Validation

Model Shots on target Shots off Target | Corners Home Odds | Test Accuracy Accuracy Profit

Al Model * * * 0.4589 0.4665 268.59
Al Odds Model * * * * 0.4985 0.4840 223.80
A2 Model * * 0.4768 0.5012 309.60
A2 Odds Model * * * 0.4825 0.4753 194.91
A3 Model * * 0.5152 0.5311 444.21
A3 Odds Model * * * 0.4981 0.4910 255.06
A4 Model * 0.5660 0.5784 440.73
A4 Odds Model * * 0.4615 0.4698 160.34
A5 Model * * 0.3983 0.3938 24.94
A5 Odds Model * * * 0.4214 0.4385 15.05
A6 Model * 0.4176 0.4257 27.28
A6 Odds Model * * 0.4387 0.4115 -42.73
A7 Model * 0.4383 0.4887 67.55
A7 Odds Model * * 0.4023 0.4257 1.19

Table 7. Random Forest (Observed)
Model Shots on target Shots off Target | Corners Home Odds Test Accuracy Validation Profit
Accuracy

Al Model * * * 0.5225 0.5148 367.22
Al Odds Model * * * * 0.5648 0.5576 381.46
A2 Model * * 0.5061 0.5212 345.80
A2 Odds Model * * * 0.5281 0.5211 240.63
A3 Model * * 0.5359 0.5479 480.70
A3 Odds Model * * * 0.5539 0.5414 355.02
A4 Model * 0.5650 0.5784 440.74
A4 Odds Model * * 0.4916 0.4976 189.17
A5 Model * * 0.4320 0.4356 109.83
A5 Odds Model * * * 0.4788 0.4966 100.40
A6 Model * 0.4210 0.4252 28.79
A6 Odds Model * * 0.4579 0.4524 -17.16
A7 Model * 0.4439 0.4908 73.02
A7 Odds Model * * 0.4361 0.4582 13.01




Table 8. k-NN (Observed)
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Model Shots on target Shots off Target | Corners Home Odds Test Accuracy X:Ej:atzn Profit

Al Model * * * 0.5836 0.5614 423.53
Al Odds Model * * * * 0.5896 0.5767 408.63
A2 Model * * 0.5692 0.5719 450.00
A2 Odds Model * * * 0.5727 0.5816 398.51
A3 Model * * 0.5873 0.5840 539.00
A3 Odds Model * * * 0.6086 0.5897 441.46
A4 Model * 0.5643 0.5792 441.86
A4 Odds Model * * 0.5696 0.5735 301.59
A5 Model * * 0.5066 0.5073 179.13
A5 Odds Model * * * 0.5207 0.5275 122.50
A6 Model * 0.4166 0.4313 70.10
A6 Odds Model * * 0.5318 0.5355 41.86
A7 Model * 0.4544 0.4822 61.96
A7 Odds Model * * 0.5105 0.5258 -14.59
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