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Abstract. The development of big data and machine learning is having a special
boost in the field of innovation in sports. Football is the most popular sport in Eu-
rope with millions of players and billions of euros invested. Currently, machine
learning applications in football are focused on video analysis to events detection
(tracking of players, statistics matches, scouting, ...), injuries evaluation and pre-
diction, among others. The xG metric (Expected Goals) determines the probabil-
ity that a shot will result in a goal and is often displayed on screen during the most
important football matches in the world. In this paper we present a new model to
obtain more accurate predictions of the probability of a shot becoming a goal.
The model is based on a multi-layer perceptron neural network (MLP), which al-
lows the interaction of different variables and improves the model’s performance.
Our proposal includes an evaluation of the quality and a comparison with the xG
provided by statsbomb, one of the most important football data providers of the
world. The results show that our model outperforms the quality of the expecta-
tions provided by statsbomb. Specifically, it is clearly better in their capability to
detect actual positive cases (goals).

Keywords: Deep Learning in Sports; Big Data in Football; Expected Goal; Multi-
layer Perceptron Networks

1 Introduction

The widespread popularity of big data and machine learning [19,23,31] in recent years
has led to their extended use in various and heterogeneous fields [12, 13, 18, 20]. One
area in which they have driven significant innovation is sports, particularly in football.
Currently, it is common for top football teams to employ specialists who analyse a mul-
titude of data variables to identify areas for improvement in upcoming games. Big data
is used in several areas of football [3, 11, 28], including player performance analysis,
tactical analysis, injury prevention, and scouting. In player performance analysis, big
data helps analysts to identify the strengths and weaknesses of individual players, al-
lowing coaches to make informed decisions about including them in the team. In tactical
analysis, big data is used to detect patterns in opponents game-play, enabling coaches
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Threshold Balanced accuracy F1-score Recall Precision
0.2 0.741 0.517 0.584 0.463
0.5 0.655 0.446 0.333 0.677
0.75 0.617 0.37 0.251 0.7
0.9 0.5 0 0 0

Table 1. xG by metric and threshold above which a shot is considered goal in World Cup 2022.

to develop effective strategies to counter them [5]. Big data can also be used to monitor
player fitness levels and detect early signs of injury, helping teams take proactive mea-
sures to prevent injuries [17]. Finally, big data is used in scouting, allowing teams to
identify potential transfer targets based on their performance statistics in other leagues
and countries [2].

One of the most popular metrics used to analyse the performance of a football player
is the expected goals (xG) generated. This metric aims to determine the probability
(between 0 and 1) that a shot will result in a goal. In recent years, the popularity of
this metric has increased considerably, to the point that it is now often displayed on-
screen during the most important football matches in the world when a shot occurs.
In current models, xG is obtained from a logistic regression [24] based on historical
records that models the probability that a goal occurs after a shot. This model uses as
independent variables the distance to goal, angle to goal, body part of the shot, type
of assist, goalkeeper position, position of all attackers and defenders and shot impact
height.

However, after an analysis of the quality of the xG model most frequently used1,
we detected some shortcomings. For example, when considering the World Cup 2022
games, we noted that only 6.42% of shots had an xG higher than 0.5. This percent-
age was reduced to 2.23% if we discard penalty shots. However, the number of goals
was 10.63% when discarding penalties and 13.6% when including them. Taking these
statistics into account, we concluded that, in general, the xG assigned to any given shot
is too low. We continued to analyse the xG in the World Cup 2022 using classical sta-
tistical metrics and obtained poor results in most cases, as we can see in Table 1, using
different thresholds above which we predict the shot to be a goal (by default, this value
is 0.5).

After reviewing the available scientific literature, we realised that deep learning has
not been yet used to predict xG; only pure statistical models have been used. Therefore,
we decided to explore new alternatives and models to obtain more accurate predictions
of the probability of a shot becoming a goal. We believe that one of the reasons for the
poor performance of xG models is that while each variable has a determined weight,
the relationship between two or more variables is not explored by the model, which is
a significant limitation in evaluating a shot. Therefore, we propose a model based on a
multi-layer perceptron neural network (MLP), which allows the interaction of different

1 Not all xG models take into account the same factors. We refer in this work to the xG model
given by Statsbomb [25], which uses more contextual events and better quality data than any
other provider to accurately measure the quality of chances.
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variables and improves the model’s performance. Our proposed model is trained with
data obtained from statsbomb [25], which contains many characteristics of more than
16, 000 shots from 19 top-level football competitions played between 2005 and 2022. In
order to evaluate the quality of our model, We used five classical statistical metrics for
binary classification and a new metric developed by us that directly compares models.

The rest of the paper is organised as follows. In Section 2 we review the most rele-
vant and recent contributions related to the topics of the paper. In Section 3 we present
the evaluation metrics that we will use to compare the quality of the results provided by
our proposal with the ones provided by statsbomb. In Section 4 we describe the data ex-
traction and preprocessing processes and give the main characteristics of our proposal
model, including the hyperparameters fine-tuning. In Section 5 we present the results
of our experiments. Finally, in Section 6 we present our conclusions and some lines for
future work.

2 Related work

xG is a well-known metric that has been used for several years to predict the number
of goals in a game. Initially, this metric was calculated based on factors such as goals
scored in previous games, average number of goals, average number of goals playing
at home or away, first or second half performance, etc. For many years, the Poisson
distribution has been the most commonly used model for this purpose. The method
was first used to simulate the World Cup 1998 [4]. Over the years, this method has
been improved, and it was further refined in 2010 to simulate the World Cup in South
Africa [30]. The next major improvement was in the World Cup 2014 [9] where various
potentially influential covariates were included. It is important to note that the model
predicted the actual world champion, Germany. Other international competitions where
the Poisson Distribution (and its improvements) has been employed include the UEFA
European Championship 2016 [8], where a bivariate Poisson distribution was used,
and the African Championship 2019 [7], where authors employed a nested regression
Poisson model.

In recent years, with the significant development of machine learning and real-time
technology, the xG metric is no longer calculated solely based on previous goal vari-
ables, but also takes into account shots taken during the game. Each shot is assigned
a probability between 0 and 1 of being a goal. The prediction of xG has been stud-
ied less in the scientific community, mainly due to the difficulty of obtaining data with
a high number of shots and enough characteristics of each shot to apply the models.
The logistic regression model is the most commonly used model in this case [24]. Al-
though there are not many scientific papers about it, it is widely known that this model
is used in the xG metric that appears in the most important football data websites of the
world [6, 29], as well as in Statsbomb [25], the site from where we obtain data and use
it as a benchmark to compare our proposal.

We would like to mention several studies that have used either statistical machine
learning techniques or deep learning models in football video analysis. An extensive
survey [1] has reviewed the challenges (e.g. player/ball detection and tracking, event
detection, and game analysis) and compared the different deep learning-based meth-
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ods and their performance. There are methods for the extraction of player’s trajectory
in a video football game [10]. In this case, the deep learning technology is used for
automatic extraction of the features of the players, detection and tracking.

Machine learning methods have been recently used to work with trajectories of
the players in the pitch. By comparing actual movements with the reference move-
ments generated via trajectory prediction, it is possible to predict the likelihood of a
player without the ball to create a scoring chance for teammates [27]. Another model
shows that the first five seconds that a team has possession are fundamental to determine
whether the team will be able to create a goal chance [26].

Finally, another line of work focuses on the efficient fatigue monitoring and in main-
taining the best performance of players. A deep learning algorithm has been used to
predict the Rate of Perceived Exertion (RPE) from players’ movement [14]. The model
preprocessed the raw GPS data to obtain linear and angular components of velocity, ac-
celeration, and jerk routes. Another proposal uses a multi-dimensional approach to in-
jury forecasting in professional soccer that is based on GPS measurements and machine
learning, using GPS tracking technology, and then construct an injury forecaster [22].

3 Evaluation metrics

In this section, we will describe discuss the performance evaluation metrics, that is, a
number of metrics employed to evaluate the quality of a binary classification model.

Let TP be the number of true positives, TN be the number of true negatives, FP
be the number of false positives, FN the number of false negatives, and T = TN +
TP+FN+FP be the total number of observations. We consider the following metrics
to evaluate classification models. Accuracy (Acc). This is the most typical metric for a
classification model. The accuracy measures the proportion of correct predictions made
by the model over the total number of predictions. The mathematical formulation of the
accuracy is:

Acc =
TN + TP

T
Although accuracy is a commonly used metric for evaluating classification mod-

els, it can be misleading in unbalanced problems. When the distribution of classes in
the data is imbalanced, accuracy can be biased towards the majority class, leading to
misleading results.

Balanced Accuracy (B Acc). This metric addresses the limitations of Accuracy by
taking into account the class imbalance in the dataset. It gives equal weight to both
classes, regardless of their number of observations, and provides a more accurate mea-
sure of the model performance in classifying both classes. The mathematical formula-
tion of the balanced accuracy is:

B Acc =
TP

TP+FN + TN
TN+FP

2
Precision (Prec). This metric indicates the model ability to accurately identify the

positive cases. The mathematical formulation of the precision is:

Prec =
TP

TP + FP
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Fig. 1. C metr implementation in Python.

Recall (Rec). This metric indicates the quantity of positive cases that the model can
identify. The mathematical formulation of the precision is:

Rec =
TP

TP + FN

F1-score (F1). This metric combines recall and precision in only one value. The
mathematical formulation of the F1-score is:

2 ·
TP

TP+FP · TP
TP+FN

TP
TP+FP + TP

TP+FN

= 2 · Prec ·Rec

Prec+Rec

Comparison metric (C metr). We developed a metric to facilitate the direct com-
parison of two models in a binary classification context. The metric operates by assign-
ing a point to the model that assigns a higher probability to an observation that is truly
positive and to the model that assigns a lower probability to an observation that is truly
negative. Following this process for all observations, the model with the highest num-
ber of points is deemed the superior performer. The implementation of this metric in
Python is shown in Figure 1

4 Data preprocessing, problem description and proposed model

In this section, we will describe the process of data extraction and preprocessing and
the main characteristics of the problem at hand, including the definition of our model.
Finally, we present the fine-tuning process applied to obtain the best performance of
our model.

4.1 Data acquisition, preprocessing and predictor variables

Our data was obtained from https://github.com/statsbomb/open-data
and downloaded using the statsbomb package in Python. The dataset includes a large
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number of top football games, along with their corresponding events such as shots,
passes, and fouls. In this paper, we focus only on shots. We extracted shots performed
in nineteen competitions, including the World Cup (2018 and 2022) and the Spanish
First Division (from the 2004-2005 to 2020-2021 seasons), resulting in a total of 16, 042
shots. Each shot is associated with 33 variables. Next, we will explain why we decided
to discard sixteen of these variables and focus solely on the remaining seventeen for our
prediction. We discarded four variables related to the identification of the shot. We also
discarded the date, possession, possession team, team name, and player name. Then, we
discarded whether the shot was off-camera, as well as the outcome of the shot (because
this is the variable we will predict) and whether it was the first shot of the game. We
also discarded the variables related to the coordinates that refer to the end location of
the shot because our prediction will be given based only on the beginning of the shot,
not the end. Finally, we discarded the expected goal according to statsbomb because
this is the variable against which we will compare our model results.

Therefore, we will use the remaining seventeen variables, which are: period, minute,
and second, the play pattern (i.e., a regular play, a shot from a free kick, a shot from
a throw-in, etc.), the position of the player who takes the shot, the duration of the ball
possession by the player who takes the shot before the play, whether the player who
takes the shot is under pressure or not, the body part that is used to take the shot, the
type of shot, the technique used to take the shot (volley, half-volley, header, back-heel,
etc.), whether the shot is followed by a drive or not, whether the shot is redirected or
not, whether the play is a one-on-one situation or not, whether the shot is taken on an
open goal or not, whether the shot is deflected or not, and, finally, the coordinates x and
y from which the shot is taken. Obviously, the outcome of the shot (whether the shot is
or not a goal) is the target variable.

Once we have identified the predictor variables and the target variable, we need to
describe how we obtained accurate, consistent, and complete data to work with, a pro-
cess known as data preprocessing. First, we take the categorical variables, including
the target variable, (they are all except x, y, second, minute, and duration), and apply a
technique called LabelEncoder. This technique is commonly used to transform a cate-
gorical variable into a numerical variable. Then, we apply a StandardScaler method to
all the variables (except to the continuous, that is just 1 or 0). This method is used to
transform numerical data to have a mean of 0 and a standard deviation of 1. It works
by subtracting the mean of each variable and then dividing the result by the standard
deviation of that variable. Finally, the last step of the preprocessing phase is to ensure
that the target variable is properly coded, assigning a value of 1 to the cases where a
goal has been scored and a value of 0 to the cases where a goal has not been scored.

In conclusion, our objective is to predict, with an error as small as possible, whether
a shot is a goal (y) by using the 17 predictor variables (X1, . . . , X17) that we described
in the previous lines.

4.2 Proposed model

Our proposal model is a Multi-Layer Perceptron Neural Network (MLP). This is a type
of artificial neural network that consists of multiple layers of interconnected nodes,
or neurons, which are organised into input, output, and hidden layers. Each neuron
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Hyperparameter Set of values
h {1, 2, 3, 4, 5}
hi {16, 32, 64, 128, 256}
lr {0.001, 0.01, 0.1}
dr {0.2, 0.3, 0.4}
ep {10, 20, 30}
bs {32, 64, 128}

Table 2. Grid of hyperparameters considered in the fine-tuning.

receives inputs from the previous layer and produces an output that is passed on to the
next layer. The neurons in the hidden layers use an activation function to transform
the input signals and produce a nonlinear output. The output layer produces the final
output of the network, which is typically used to make predictions or classify input
data. MLPs are trained using a supervised learning algorithm, such as backpropagation,
to adjust the weights and biases of the neurons in the network to minimise the error
between the predicted output and the actual output.

The operations occurring in every neuron in the hidden and output layers can be
represented by the following equations:

Hx = f(b1 +W1 · x) Ox = f ′(b2 +Hx ·W2)

being x an input vector, b1 and b2 bias vectors, W1 and W2 weight matrices and f and
f ′ activation functions. Usual activation functions are the RELU and sigmoid functions.

RELU(a) = max(0, a) Sig(a) =
1

1 + e−a
,

where a is the input data.
Hyperparameters such as the number of hidden layers (h), number of neurons in

hidden layer i (hi), learning rate (lr), dropout rate (dr), number of epochs (ep), and
batch size (bs) will be fine-tuned in order to obtain the optimal performance.

4.3 Hyperparameters fine-tuning

In order to perform fine-tuning, we use GridSearch, which is a hyperparameter tun-
ing technique that systematically searches through a specified hyperparameter space to
find the optimal combination of hyperparameters that result in the best performance of
the model. In GridSearch, a grid of hyperparameter values is defined, and the model is
trained and evaluated for each combination of hyperparameters in the grid. The hyper-
parameters that yield the best performance, as measured by a chosen evaluation metric,
are then selected as the optimal hyperparameters for the model. It is usual to improve the
quality of the fine-tuning process by combining it with the cross-validation technique.
In this case, we develop the grid of hyperparameters shown in Table 2.

We chose this hyperparameter grid, with a low number of layers and epochs, be-
cause our dataset has a small number of independent variables. We also used prototypi-
cal numbers for the neurons (powers of 2), learning rate (negative powers of 10), epochs
(multiples of 10), and batch size (also powers of 2).
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δ Acc B Acc Prec Rec F1

Model Proposal sts model Proposal sts model Proposal sts model Proposal sts model Proposal sts model
0.25 0.868 0.871 0.695 0.707 0.479 0.466 0.463 0.48 0.479 0.492

0.5 0.875 0.871 0.697 0.75 0.443 0.273 0.47 0.79 0.456 0.407

0.75 0.874 0.893 0.712 0.781 0.403 0.174 0.496 0.798 0.445 0.29

Table 3. Metrics comparing our proposal vs. statsbomb model.

We used the Balanced Accuracy evaluation metric to determine the best perfor-
mance, as this metric gives equal weight to both categories and does not discrimi-
nate between them. Additionally, we employed a cross-validation method with 3 folds,
meaning we split the data into 3 different testing and training sets to prevent over-fitting.

The optimal values obtained according to the best performance in Balanced Accu-
racy are: h = 4, h1 = 256, h2 = h3 = h4 = 64, lr = 0.1, dr = 0.2, ep = 20
and bs = 32. These results show that higher values of the hyperparameters cannot be
associated with better performance, as might be expected in cases such as the number
of layers, neurons, batch size, or epochs.

5 Experiments

In this section, we compare our (fine-tuned) model with the xG metric provided by
statsbomb, taking into account all the metrics described in Section 3. To conduct the
experiments, we randomly divided the dataset into a training set and a testing set with
a ratio of 9/10 and 1/10, respectively. We then applied our model with the optimal
hyperparameters obtained from the fine-tuning process described in the previous sec-
tion. After running the experiments, we compared and analysed the evaluation metrics
applied to the results of our model and the xG metric provided by statsbomb.

In order to compare our proposed model and the xG values provided by statsbomb,
we need to set a threshold. If a model outputs a value above this threshold, δ, for an
observation, then the observation will be predicted as a goal. On the contrary, if a model
outputs a value below the threshold, then the observation will be predicted as no goal.
By default (and logically), the most obvious value of δ is 0.5. However, depending on
the context, this value can be higher or lower. In some models, it may be preferred
to maximise sensitivity (proportion of true negatives) instead of specificity (proportion
of true positives). In other models, depending on the cost of error, it may be more
appropriate to increase or decrease the threshold. In order to explore all the options, we
will perform the comparison setting different values of δ.

Table 3 shows the evaluation of the performance of our model and the statsbomb
model according to five metrics and three different thresholds. We can draw several
conclusions. Firstly, we can observe that our model performs better than the model
provided by statsbomb in some cases, while for others the statsbomb model is better.
Note that when focusing on accuracy and balanced accuracy, both models perform sim-
ilarly, but our proposed model is slightly worse than the statsbomb model regardless
of the threshold. However, these metrics do not provide a complete understanding of
the model’s quality in an unbalanced classification problem and we are working with
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Fig. 2. F1 (y axis) by δ value (x axis) in the proposal model and in the model provided by
Statsbomb.

a clearly unbalanced one. To gain a better understanding, we need to examine metrics
that assess the models’ ability to classify negative (no goal) and positive (goal) values.
Therefore, we use Precision and Recall, which show very different behaviours of the
models. While a better precision denotes a better capability to detect the proportion of
true positives among all the positive predicted cases, and is useful when minimising
false positives is important, a better recall denotes the capability to detect the propor-
tion of true positives among all the positive cases and is useful when minimising false
negatives is important.

The results show that our model clearly outperforms the statsbomb model in pre-
cision, while the opposite occurs in recall. Because of this, we appeal to F1-Score, a
metric that combines both Precision and Recall. By using this metric, the results vary
depending on the threshold: with δ = 0.25, the statsbomb model is slightly better than
our proposal, with δ = 0.5, our proposal is slightly better than the statsbomb model,
and with δ = 0.75, our proposal clearly outperforms the statsbomb model.

Figure 2 illustrates the F1-score as a function of the δ value, ranging from 0 to 0.99.
We observe that the F1-score in our model remains constant, while it does not in the
model provided by statsbomb. Our proposed model outperforms the one provided by
statsbomb for all δ values except for the range between 0.2 and 0.4, where the F1-score
of the statsbomb model is slightly higher than our proposal. For the remaining values,
our proposal clearly outperforms the statsbomb model, including δ = 0.5 (red dotted
line), which is the “logical” value that the threshold should receive.

Overall, when using metrics such as Accuracy and Balanced Accuracy, which do not
provide a good understanding of unbalanced classification tasks, our proposal performs
slightly worse than the model provided by Statsbomb. However, when using specific
metrics, our proposal obtains better precision, while the statsbomb model obtains better
recall. This indicates that our proposal is better at minimising false positive cases (which
is a major issue in most xG models), while the statsbomb model is better at minimising
false negatives. When unifying both metrics, our proposal obtains better results, as can
be seen with the F1-Score metric.
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Actual
Negative Positive

Pr
ed Negative 1314 107

Positive 90 94

Actual
Negative Positive

Pr
ed Negative 1390 146

Positive 14 55

Table 4. Confusion matrix (δ = 0.5) of our model (left) and of the Statsbomb model (right).

In order to provide a more comprehensive understanding of what metrics mean, we
will present and discuss the confusion matrices, see Table 4, obtained using a threshold
of δ = 0.5. The confusion matrices illustrate the main difference between the models,
which was also reflected in the metrics: our proposed model detects more true positives
(i.e. goals) at the expense of an increase in false negatives, while the model provided
by Statsbomb can only detect a low number of true positives, resulting in an increase in
false positives.

Finally, we evaluated the Cmetr metric as defined in Section 3. Our proposed model
clearly outperformed the model provided by Statsbomb in 82.5% of the cases, indicat-
ing that our model predicted the actual outcome (i.e. goal, represented by 1 or no goal,
represented by 0) more accurately.

6 Conclusions and future work

In the field of professional football, there is an increasing demand for technical analysis
of the teams and players performance. The Expected Goal (xG) is a usual indicator of
that performance, which measures the probability of a shot becoming goal. In this paper,
we have developed a new method based on a multi-layer perceptron neural network
(MLP) to obtain more accurate predictions of the expected goal. The model uses as
independent variables the distance to goal, angle to goal, body part of the shot, type
of assist, goalkeeper position, position of all attackers and defenders and shot impact
height. This work allows the interaction of different variables and improves the model’s
performance, specially by detecting a higher number of positive cases.

Focusing on the results, we compared our proposal with the statsbomb model using
several metrics. We addressed some questions, such as the threshold, δ, which repre-
sents the probability above which a shot is considered a goal. The accuracy and bal-
anced accuracy metrics do not provide a good understanding of unbalanced classifica-
tion tasks. Both models obtained similar results regardless of the δ value used. However,
the recall metric showed that the statsbomb model performed better, while the precision
metric indicated that our proposal performed better. We then used the F1-Score met-
ric, which combines precision and recall, to compare the models. Our proposal outper-
formed the statsbomb model according to F1-score. Finally, according to the C metr
metric, our proposed model outperformed the model provided by Statsbomb in 82.5%
of the cases, indicating that our MLP model more accurately predicted the actual out-
come.

We consider some lines of future work. First, since the field is growing, we plan
to review the work on machine learning applied to sports. We will follow a method-
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ology similar to the one used in our recent work [16]. Second, due to the high quality
and different perspective of the proposed model, we will apply it to more data from
professional football leagues to minimise errors by training with a high number of ob-
servations (we need to improve/increase the data obtained from statsbomb). Third, in
addition to the goal, other football plays such as shooting and saving penalties may also
be determinants in the match, and similar models to ours can be applied in these cases.
Fourth, we rely on a supervised model but it would be interesting to consider an unsu-
pervised approach following recent work on attacks detection [21]. Finally, we would
like to implement a model similar to the one described in the introduction that predicts
the xG of a team in a match, rather than of a shot. In this case, the model would be
based on the team’s historical xG in previous games, rather than their historical goals,
and might be useful to consider a hybrid approach as we did in our recent work [15].
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processes of football teams. Journal of Strategic Innovation and Sustainability, 15(2), 2020.

4. D. Dyte and S. R. Clarke. A ratings based poisson model for world cup soccer simulation.
Journal of the Operational Research Society, 51(8):993–998, 2000.

5. Lei Fang, Qiang Wei, and Cheng Xu. Technical and tactical command decision algorithm of
football matches based on big data and neural network. Scientific Programming, 2021:1–9,
04 2021.

6. Footystats. https://footystats.org/es/spain/la-liga/xg. Accessed:
2023-03-10.

7. Lorenz A. Gilch. Prediction Model for the Africa Cup of Nations 2019 via Nested Poisson
Regression. African Journal of Applied Statistics, 6(1):599 – 616, 2019.

8. Andreas Groll, Thomas Kneib, Andreas Mayr, and Gunther Schauberger. On the dependency
of soccer scores - a sparse bivariate poisson model for the uefa european football champi-
onship 2016. Journal of Quantitative Analysis in Sports, 14(2):65–79, 2018.

9. Andreas Groll, Gunther Schauberger, and Gerhard Tutz. Prediction of major international
soccer tournaments based on team-specific regularized Poisson regression: An application to
the FIFA World Cup 2014. Journal of Quantitative Analysis in Sports, 11(2):97–115, 2015.

10. Xin He. Application of deep learning in video target tracking of soccer players. Soft Com-
puting, 20(20):10971–10979, 2022.

11. Tim A. Herberger and Christoph Litke. The impact of big data and sports analytics on
professional football: A systematic literature review. In Tim A. Herberger and Jörg J. Dötsch,
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