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Expanding the Scope of Football Analytics by Integrating Tracking Data and Uti-
lizing Statistical Learning

A collaboration with PlaymakerAl

ALBIN STEEN

Department of Mathematical Sciences
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Abstract

The recent decade has seen a data revolution within football as data analytics and
statistical learning have become established vital tools. The data revolution has also
seen the emergence of a new type of football data called tracking data. This thesis
rst explores how information from tracking data can be integrated with established
event data and improve an established statistical learning model providing an ex-
pectancy metric for passes called xP. Secondly, the thesis explores how it can used to
create a new type of statistical expectancy metric for player playability previously
unattainable with only event data.

Using event data and tracking data from 28 real football games, these separate
datasets have been synchronized to extract new information and context for passing
events. This information was used to train and compare a statistical learning model
for the xP metric with a model only trained on the previously known event data.
The results indicate that the added tracking data information provides a signi -
cantly improved xP model especially in terms of understanding passing events and
therefore making more realistic pass probability predictions. Despite clear improve-
ment, there exist possibilities to further improve the xP model in regards to for
example a more accurate data synchronization process as well as further improved
feature engineering.

Moreover, the synchronized tracking and event data in combination with the im-
proved xP model were used to develop a metric that describe player playability
expectancy called xPlay. The new metric provides a simple and elegant way of
measuring player playability and results of various implementations indicate that
the metric can serve as a great tool in both player and team evaluation. Although
promising results the metric is in need of more evaluation on a bigger scale.

Keywords: Event Data, Tracking Data, Statistical Learning, xP, xPlay
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1

Introduction

This section provides an introduction to the project in regards to what the important
background to the project is and why the project is relevant. Furthermore, the
overarching aim and limitations that has surrounded the project from start to nish

is also declared and described. Lastly, the concrete research questions that the
project attempts to answer are established.

1.1 Background

This section will outline the necessary information needed to understand the area
that this project is carried out within, namely data analytics for football. The
section also outlines why this project is carried out and what relevance it serves
within the space of football data analytics.

1.1.1 Football and it's in uence

Football is considered to have been the biggest sport in the world for a considerable
period of time both in terms of the amount of people partaking in it as well as amount

of people watching the sport. The biggest tournaments like the FIFA World Cup are

in modern times regularly getting billions of viewers. The interest in the sport has
naturally resulted in that there exist an impressive economic market surrounding it.
Professional clubs in the top leagues can today expect to produce incredible multi-
million sums in revenue every season just for competing at a high level.[28] This
aspect has made the sport more competitive than ever as clubs are obsessed with
nding ways to compete at the highest level and the most in uential and prolic
way that has appeared in the latest decade is using data.

1.1.2 Data analytics within football

In the last decade the usage of data within football has exploded. The usage of data
has seeped into almost every aspect within a football club, whether it be using it
for analyzing games, preventing injuries, scouting new players and so on. What has
happened to modern day football is best described as a data revolution.

This revolution has provided several new ways to use data to gain insights and new
information. The most popular and widely acceptedata usageéhas come in the form
of the development of so calletkey Performance Indicators , which henceforth

1



1. Introduction

will be called KPIs . A KPI is a type of metric that often in a single value tries

to capture some aspect within football. The easiest way to further explain KPIs
will be through examples and there are several KPIs that have become known and
used not only within football clubs but are now also available and used by general
football fans all over the world.

1.1.2.1 Inuential KPIs

It would be wrong to not start this section with talking about the KPI xG - Ex-
pected Goals . xG is the KPI that symbolizes the entire data revolution as it's

a metric that has become wildly popular. The KPI xG is a metric that tries to
measure the probability of a shot resulting in a goal. It is a simple metric calculated
using data collection from historical shot measurements in combination with statis-
tical learning methods. From the historical data certain features can be attained,
these features usually regard things like the position of the shot, the angle towards
goal, the distance to goal and which body part was used just to name a few. These
features for all shots are then fed into a statistical learning model together with a
binary target regarding if the shot turned into a goal or not. The statistical learn-
ing model will learn the relationship between shot features and the binary target
and will after training be able to give a number between 0 and 1 representing it's
con dence, in regards to the viewed historical data, that a certain shot results in a
goal. This can then be further interpreted into a probability value that describes
how likely it is to score that certain shot. A shot with 0.9 xG value is a shot that
you would expect to turn into a goal 9 out of 10 times.[36]

Furthermore, another KPI that is very similar to XG is xP - Expected Passes .
This KPI works in the same exact fashion as xG but instead of looking at successful
shots it looks at successful passes, namely, xP uses historical data and statistical
learning to determine the probability of a pass reaching the intended teammate.

1.1.2.2 Usage of KPIs

The KPIs that the data revolution has provided provides quite interesting informa-
tion and can be used in several ways. KPIs like xG and xP that describegpectancy
are particular useful in giving more context in analyzing performance both at team
level and player level. A usual approach is to simply sum the probability values for
all the shots or passes made from a team or a player during a game to get a goal or
pass expectancy for the game. When analyzing a football match that nished 3 - 1
to the home team it would at surface level seem that the team who scored 3 goals
played better. In contrast, the total summed xG values for the teams' shots might
show 1,3 - 3,5 . This would suggest that the team who only scored one goal actually
in total had chances and shots thatshould give at least 3 goals and furthermore
the home team only had shots worth at least 1 goal. Now does this mean that
the result is unfair or that the losing team actually played really well? The simple
answer is not necessarily, but the XxG score givesore context when analyzing the
performance.
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The same method can be used for xP but it can also be approached from a player
perspective. If two players from a game both completed 40 passes but lets imagine
the rst player had a total summed xP value of 41.2 and the second player had an
xP of 32.8. This suggests that the rst player performeds expectedegarding their
passes while the second player actually performdsttter than expectedand most
likely were able to complete some very di cult passes.

Allin all, the KPIs are very powerful in providing more context and more information
that previously might not be known unless someone directly watched a whole game
or player performance. Further, the KPIs allow for this complex context to be
encapsulated into a single value. This is extremely useful when trying to make
accurate analysis of performances of both players and teams in certain games as
well as judge performances over a whole season.

1.1.3 Modern day challenges

There are several challenges regarding data analytics within football but most of
them surround how to extract more and new information from the data. In the last

years there has been advancements within arti cial intelligence and speci cally com-
puter vision which has resulted in new data collection methods for football games.

There are two main divisions of data in football. The rst and classical division

Is based onEvent Data and will henceforth be calledED . This data consists of
usually manually annotated events from a football game and these events usually
consists of shots, passes, tackles or interceptions, namely interesting events from a
match. These events are manually tagged with several features like position, desti-
nation, if they were successful and so on. Moreover, as mentioned, the advancements
in computer vision has opened up a new division of data that consists of spatiotem-
poral Tracking Data  which henceforth will be calledTD . This data describes

all players' as well as the ball's position at very small intervals during a complete
football game. This entails that the data is big in size as well as being quite unstruc-
tured and complex. But this also entails that it is rich in information, speci cally

in information that the established ED does not contain.

In modern times TD has become of huge interest as it can aid in providing new
and rich information that can both aid already established KPIs and analytics but
also potentially prompt the creation of completely new KPIs and other analytical
tools. This is precisely what this project will be concerning. In collaboration with
the leading Swedish company for football data analytics PlaymakerAl, this project
and master thesis will explore TD and how it can be integrated with their already
established ED to improve existing KPIs and possibly create a new one.

1.2 Aim

The overall aim of this thesis is to conduct research in collaboration with the com-
pany PlaymakerAl of spatiotemporal tracking data from real football games and

3
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use it to produce relevant and useful knowledge. The thesis explores this aim by
two main objectives;can spatiotemporal tracking data be utilized to improve already
established statistical modeling in footbakhnd can new tracking data be utilized to
develop completely new statistical modeling in footballhe primary objective of this
thesis is the former of the mentioned objectives which is executed by exploring how
to use the new spatiotemporal tracking data in order to enrich established informa-
tion from ED. Further the thesis explores using the enriched data in combination
with statistical learning to provide an improved KPI metric for predicting pass suc-
cess namely an xP-model. To achieve this, the project further aims to thoroughly
investigate and compare how an xP-model using the new data as well as a model
using only the previously known event data compare in their predicted probability
performance. Speci cally, this thesis investigates how previously unknown aspects
within the event data concerning di erent types of pressure, distances and pass in-
tersections of defensive lines as well as distances and angles to opponents e ect the
statistical modeling of predicting pass outcomes. Lastly, the thesis also investigates
the secondary main objective by viewing how the tracking data itself in combination
with the newly developed xP model from the rst thesis objective can be used to
produce a completely new statistical KPI for measuring player playability.

1.3 Limitations

There are several established limitations in regards to the project that will be de-
ned below.

1. Quantity of Data: The quantity of data was a limitation as the TD that
PlaymakerAl supplied for this project was in fact data they themselves have
acquired from an external source. There is a limited amount of games for
which PlaymakerAl had acquired tracking data, more speci cally 28 games.
The TD itself was very large in size and contained a lot of di erent information,
but when integrated with the ED that is a lot smaller, only smaller parts of
the tracking data becomes relevant. There is only a certain amount of events
within a game of football and therefore to train a model that is speci ed for
a certain type of event it is in general good to have data for a lot of di erent
games so that as much data as possible for that speci c type of event can be
extracted.

As the amount of games that had tracking data was limited, this therefore
limited the type of events that became relevant for modeling. For example
goals are quite rare in football and therefore it would require a lot of games
to train a statistical learning model for a metric like xG. Passes, on the other
hand occurs a lot and therefore requires less amount of games. All in all, as
the TD was limited this also limited which type of metric can be enriched
and improved in a successful way for the project which is why xP became the
metric of attention for this thesis.

2. Type of Data: The data used for the project was limited to certain leagues
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and tournaments. Although di erences between tournaments are not neces-
sarily huge as the sport played is still the same, there are slightly di erent
trends and patterns in terms of playing style, tactics and level within the dif-
ferent leagues therefore for more accurate modeling purposes it would've been
better to have all games from the same tournament. In contrast, having data
from varied tournaments gives the modeling more objectivity even though the
accuracy might su er slightly.

. Time Frame: The project was constrained within a certain time frame which

means that the amount of time that went into the di erent sections of the
project have had to be tted into that time frame. This entails that the aim
and main objectives of the thesis were constructed in such a way that it en-
sured interesting and reasonable results within that time.

. Thesis Assumptions: The thesis has employed several assumptions and

generalizations in terms of certain aspects and hyperparameters employed in
various sections of the methodology. This naturally limits the exact accuracy
of certain methods but was also essential in ensuring that the thesis could be
completed in the expected time frame.

1.4 Specic research questions

As mentioned in section 1.2, the main purpose for this project is to work with and
research TD in regards to whether it can be integrated with ED to provide a better
modeling of the xP KPI as well as provide the basis for a new type of playability
KPI. Therefore, this project will attempt to answer the following research questions:

N

RQ1: Can information from spatiotemporal tracking data be integrated into
established event data to improve the xP KPI that describes the probability
of completing a pass?

RQ2: How does an xP model utilizing tracking data information di er in the
speci ¢ outputted passing probabilities in comparison to a model only utilizing
event data?

RQ3: Can new knowledge in the form of a new type of player playability KPI
be achieved by using information from tracking data?
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Theory

In the following chapter the important background theory regarding this thesis is
presented. The theory primarily aims to as clearly as possible outline and explain
the important theoretical aspects needed to understand the implementations, mo-
tivations and possible assumptions presented within the project methodology. The
focus theory-wise will be to cover the core concepts and methods used from statis-
tical learning but also present some established related work to this thesis.

2.1 Statistical Learning

In this section the core methods used from areas such as unsupervised learning,
supervised learning, feature importance and model evaluation will be presented and
explained. The explanations mainly focuses on describing what each method does
while also presenting the most relevant and vital mathematics without going into
too much unnecessary detail.

2.1.1 Unsupervised Learning

Statistical learning is often divided into two separate but similar types, the rst
one is calledSupervised learningand the second is calledJnsupervised learning

related vector of features;. Supervised learning adds a further variablg, which is
usually referred to as aarget or response variable Unsupervised learning concerns
itself with nding relationships and patterns in the data itself without any regards
to a target variable.[21]

2.1.1.1 K-Means Clustering

K-means clustering is a type of unsupervised learning method that based on obser-
vation similarity sections the observations into di erent types or clusters. Within a
cluster the observations have similar feature vectors but between di erent clusters
the observations should ideally have as di erent feature vectors as possible. The
exact execution to achieve this utilizes an iterative algorithm that has the objective
of minimizing the feature variation within the clusters based on equation 2.1[21]:

X 1 X X ( )2 (2.1)
m — Xij X .
C1;:uCk k=1 JCkJ i[i02C j=1 1 IO]



2. Theory

Here equation 2.1 describes a minimization of the sum of the average squared eu-
clidean distances between cluster centers and the observations for that cluster. For
a cluster Cy, the observations assigned to cluster k will be; and the cluster center

or rather centroid will be x;q . Further, herei indexes all the observations belonging
to Cx and| is indexes the features for each observation.[21]

The iterative algorithm optimizing equation 2.1 has a simple procedure of starting
with randomly assigning a set number of cluster centroids to random observations.
Next each observations is assigned to a centroid based on which centroid is closest
which creates clusters. Within these clusters the average feature vector is extracted
which is used as new centroids. The cluster assignment is redone for the new cen-
troids. These steps are iterated until some stopping criteria is reached usually based
on a iteration number threshold.[21]

The main disadvantages with K-means is that it does not nd the best number of
clusters to section the data itself and the cluster number must be speci ed before
running the algorithm. Further, the local optimization is dependent on the ini-
tial centroid assignment which means that the nal result can vary between trials.
Lastly, the method is distance based which means that it is sensitive to outliers,
noisy data and data with features of di erent types or scales. Furthermore, it as-
sumes spherical cluster shapes which might not be ideal for certain data types that
could be clustered better using clusters of more complex shapes. In contrast, the
advantages are that K-means is simple, quick and given that the number of appro-
priate clusters is known beforehand in combination with data that has numerical
features on the same scale, the method will usually provide very good results.[21]

2.1.1.2 Uniform Manifold Approximation and Projection - UMAP

Uniform Manifold Approximation and Projection or UMAP for short is a method
that projects high dimensional data into a lower dimension while keeping a similar
structure to the data in the higher dimension. The method falls under dimension
reduction techniques and within that area it serves more as a visualization technique
rather than being something used for data pre-processing like principal component
analysis (PCA).[25]

UMAP is based on a method that models the data structure in the high dimension
using a type of graph structure and then it tries to create a similar graph in a lower
dimension by optimizing a loss function that measures the di erence in graph struc-
tures. UMAP does this by extending a radius in the high dimensional space for each
observation and connects observations which radius overlap. By doing this UMAP
creates so callegimplicesthat are k-dimensional objects based on the connection
of k+1 observations and these simplices can together model the data topology. Fur-
ther, UMAP does not use and extends the same exact radius for all observations, by
looking at the distance of each observation to a speci ed neighbor number, UMAP
can see if a point is more or less isolated which prompts the use of a bigger or smaller
radius and UMAP also because of this attaches a probability to each connection be-
tween observations. Next, UMAP focuses on the created simplices that are either 0
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or 1-dimensional as they can be used within the lower dimensional graph. Lastly,
UMAP creates a rst initialization of a lower dimensional graph and uses a cross
entropy loss between the connected simplices in initial graph in the high dimensional
space and the simplices in the new projected graph in lower dimensional space to
optimize the latter graph to resemble the same structure and topology as for the
high dimensional graph.[15][16] For more information on the exact structure and
detailed mathematics of the UMAP algorithm the reader is referred to [25].

The disadvantages of UMAP is that it is dependent on tuning hyperparameters that

regulate the method execution. The most important hyperparameter is "n_neighbor"
which regulates if the method should capture more of the local or global structure
of the data. A low value of the hyperparameter suggest that the method will only

consider a smaller number of neighbors in total which therefore entails that neigh-
bors situated further away will not be used when creating the graph. A higher value
will instead do the opposite. The advantage is that the method, if correctly tuned,

can give a very good approximate visualization of the data structure which aids in
understanding the data better.[16]

2.1.2 Supervised Learning

Supervised learning concerns as previously mentioned working with data that has a
target or response variable. Speci cally it concerns methods that can use the feature
vectors to learn information that can be used to predict the targets. This entails
that supervised learning has a ground truth which can be used directly to quantify
how well methods work. Relevant methods within the area will be presented in
coming subsections with a lot of focus being put on decision tree based models. [21]

Before outlining the di erent models there exist an important aspect of supervised
learning that needs to be outlined. Within supervised learning there exist a concept
called bias-variance trade-o. Bias describes when supervised methods make too
simple assumptions about the data which results in that the methods cannot learn
the relevant information which results in overall poor performance when predicting
the targets. Variance in contrast concerns models that learn the the data information
too wellwhich results in that the models memorize the data and predictions instead
of learning the underlying relationships. Variance further entails that when the
model later encounters completely new data it cannot generlize to it and therefore
performs poorly. High bias is also callednder tting to the data while high variance

is calledover tting to the data. Lastly, the trade-o0 between these is based on when
the supervised learning method complexity increases, in terms of making less simple
assumptions and better capturing complex relationships, the bias will decrease until
a certain point where the variance instead starts to increase. This means that within
supervised learning an important aspect is to balance these two to ensure as little
under- and over tting as possible.[21]
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2.1.21 CART

Classi cation and Regression Trees or CART is a supervised learning model used to
predict both continuous (regression) or integer (classi cation) targets. The model is
based on the concept of decision trees which are a type of method that splits the high
dimensional feature space into di erent regions, a bit similar to clustering, and then
within each region either uses the average target for regression or the majority target
for classi cation or the proportion of targets for probability outputs. The creation

of these regions is based on a set of rules regarding di erent feature values, for
example a rule could be to section the data into two regions based on if observations
has smaller or bigger value than a certain threshold value for a certain feature.
Next, the two new regions can employ further rules of their own to create even more
de ned regions. Every region created is called a node in the tree with the nodes
being used for splitting called internal nodes while the nal last nodes and regions
used for prediction being called leaf nodes. The strategy to pick splitting rules that
creates regions that provides good predictions is based maursive binary splitting
which chooses a certain feature split that minimize a loss function. One common
loss function calledgini index is structured according to 2.2 [21]:

X
G= pmk (1 pmk) (2-2)

k=1

Equation 2.2 is speci ed for classi cation trees and uses the region proportion of
target k to measure the the total variance over the di erent targets. A low gini index
value indicates that the region or node is pure meaning that it almost exclusively
holds observations with one target type. The gini index can therefore be used to
compare di erent splits in regards to which node purity they create and the feature
split that gives the lowest gini index will be the chosen split. Further, when build-
ing the trees this splitting procedure is usually iterated for all regions until some
stopping criterion is met, examples are a certain tree depth or a threshold for the
gini index.[21]

The disadvantages with the CART models is that they can tend to become too
detailed which causes over tting. There exist so called regularization strategies
which helps against over tting like for example set restrictive tree depth thresholds
or remove created branches in the tree that does not necessarily contribute that
much. The advantage is that the tree structure is stable for data using features
of di erent types and scales, furthermore they are quite intuitive and interpretable
while providing good prediction performance.[21]

2.1.2.2 Random Forest

Random Forest is a supervised learning model that utilizes decision trees in an
ensemble namely uses several decision trees at the same time. Further, the model
also uses a strategy calledaggingwhich entail using a random sample of the data
where each observation was sampled with equal probability and with replacement.
The strategy is executed several times to create several sampdesl;2;:::;B and
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each of the samples is used to train a separate decision tree. Lastly, when predicting
an observation's target it is run through all decision trees and the tree predictions
is averaged according to equation 2.3 [21]:

»®

feg)= & 1) 2.3)
1

b=

In equation 2.3f" P(x) is the prediction of a speci ¢ tree within the ensemble train
on the speci c sampleb. For a classi cation task the equation is instead substituted
with a majority vote between the trees and for probability outputs the average of
all tree target proportion is used. Further, Random Forest also utilizes a subset of
features from a random sample when building the trees by creating new splits and
usually the sample sizen is de ned by m P P wherep is the number of features.
The bagging strategy and the feature subset sample both serve the purpose of deal-
ing with over tting that decision trees can su er from. By using an ensemble of trees
trained on di erent parts of the data the ensemble consists of several trees with low
bias and perhaps higher variance. By then using them in an averaged fashion this
variance is decreased while keeping the low bias. Further by only consider random
samples of features when building the trees it is made sure that the trees are di er-
ent and do no correlate with each other which further improves generalization when
averaging over the trees.[21]

The main disadvantages of Random Forest is that it's less interpretable than a single
decision tree and the model can also be more computationally intensive because of
training several trees for the ensemble. Random Forest also usually require some
hyperparameter optimization and tuning in relation to parameters for number of
trees used, the maximum tree depth, loss function used and how many samples
to use to name some. The advantages is that the model keeps the advantages of
CART models with added protection against over tting. Moreover, the ensemble
approach also protects against outliers and noisy data. While less interpretable
than a single CART model it still from a statistical learning perspective is one of
the more interpretable models and there exist several methods for extracting feature
importance scores from the model.

2.1.2.3 Extreme Gradient Boosting - XGBoost

Extreme Gradient Boosting or XGBoost is a supervised learning model that also
falls to the ensemble category by, similar to Random Forest, utilizing several de-
cision trees. In contrast, XGBoost does not use the bagging strategy and instead
uses random sampling without replacements for each new tree as well as building
the trees sequentially. This strategy is calletboostingor in XGBoost's casegradient
boostingwhere each new tree is a weak learner, namely a shallow decision tree, that
is trained to correct the mistakes of the trees built before.[21]

Gradient boosting in detail tries to build an approximate function (x;) by building
en ensemble of sequentially trained weak learners that using the observation features
can predict the target. These weak learners are built be minimizing a certain loss
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function L(y;;F(x;)). The approximate function and the ensemble is structured
according to a weighted sum of the weak learners according to equation 2.4 [11]:

Fm(x): I:m l(X)+ mhm(x) (2-4)

Here, an approximate function usingmn weak learners is the sum of the previous
weak learners and a the new weak learner that is also weighted by. Each new
weak learner as well as weight for that weak learner is developed to minimize a loss
function which is given by equation 2.5 [11]:

X
(mihm(x))=argmin L (yi;Fm 10a)+ h(xi)) (2.5)

i=1

The exact loss functionL used depends on the supervised learning problem, there
exist several di erent functions that can be implemented. For example when predict-
ing a binary target probability the model uses the log loss function and equation 2.4
then predicts the log odds for the positive target which is fed into a logistic function

to get a probability of an observation belonging to the positive target class. More-
over, gradient boosting solves the optimization problem proposed in equation 2.5
by training the new weak learners on the mistakes or rather errors by the previous
approximate function and ensemble. These errors are given by the pseudo-residuals
of the previous ensemble according to equation 2.6[11]:

" #
L @)
| @RX)  =Fm 10

Here, equation 2.6 describes the pseudo-residugl; for observationi which the new
weak learnerm should t to. Further the weight for that new weak learner can be
optimized by minimizing the result of equation 2.5 using the new weak learner. A
problem with the regular gradient boosting is that it can easily su er from over tting

if the residuals are captured too well by the weak learners. XGBoost therefore makes
some additional tweaks to the regular gradient boosting by introducing another type
of loss function in equations 2.7-2.8 [11][14]:

(2.6)

X i
Lxgp = LOsFGi)+  (hm) (2.7)

i=1 m=1

1. .
(h=T+3 jiwijj? (2.8)

Here the new loss function uses a new term that regulates how complex the weak
learners can becomeT and w is the number of leaf nodes and the predicted leaf
node values respectively and therefore becomes a hyperparameter for regulating
the weak learner size while the is a coe cient that regulates strong leaf node pre-
dictions. Another regularization hyperparameter calleghrinkageis also employed

by substituting it with the |, in equation 2.4 and therefore e ectively acting as

a constant learning rate.[11][14] XGBoost also uses a couple of strategies to more
quickly optimize the loss function as well as building trees faster. First, instead of
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using rst order gradient of the loss function as residuals it uses the second order
Taylor expansion aroundF (x;) in equation 2.7. This approximation can be used for
quick and accurate optimization while also being used as a metric for getting the
best feature splits when building trees by looking at splits that decrease the loss the
most.[14] Moreover, when nding the best feature splits XGBoost does not iterate
over all possible features for each split but instead, similar to Random Forest, uses
a subset of features. In contrast, these features are not selected randomly but the
features are suggested together with a splitting value based on percentiles in the
feature distributions.[11] For more detailed and mathematical implementations of
XGBoost the reader is referred to the original paper [14].

The disadvantages of XGBoost is that it requires proper tuning and optimization
of di erent regularization hyperparameters in regards to how many observations to
sample for each weak learner as well as how many features to sample for each split,
the shrinkage and parameters, restrictive parameters for tree depth and complex-
ity and minimum reduction in loss needed to split an internal node just to name a
few. In contrast, XGBoost provides state-of-the-art accuracy while being computa-
tionally fast and also combating over tting. Like Random Forest it also provides
built in methods for extracting clear feature importance scores which provides in-
terpretability. As it uses decision trees and an ensembling approach, it also gets the
bene ts of being robust against tabular data with features of di erent types and
scales as well as robust against over tting, noise and outliers.

2.1.2.4 Categorical Boosting - CATBoost

Categorical Boosting or CATBoost is a supervised learning model that works in a
very similar fashion to XGBoost with some added tweaks inrdered target statistics
and ordered boosting The former is a method for internally dealing with categorical
features and the latter is a method for improving the gradient boosting method-
ology. Categorical features concerns features that does not use numerical values
but categories and to be able to use this type of features the categories need to
be represented numerically. As the categories does not hold numeric properties it
is naive to replace them with random integers. One method is target statistics or
target encoding which means to replace a category with the average target value for
that category. Although target encoding in this form gives so callethrget leakage
which means that the training data contains information that a model is supposed
to predict. To restrict this the following form of target encoding is usually employed
as seen in equation 2.9 [29]:

P

(i) _ xj2D 1ij(i)=x(ki)9 yi+ap
—_ ]
R = p (2.9)
L o_.m, +ta
Xj 2Dy fxi =X 9

Here x(ki) is the categorical feature type for featuré and observationk, k(ki) iS new
encoded value for feature and observationk, Dy is a subset of the entire data
excludingxy, p is a prior value which is usually the mean response variable over the
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entire dataset anda is a smoothing factor which controls the weight of the prior.
The use of the prior is to smooth the encoding and prevent over tting especially for
cases which have a very rare feature type. Even though this equation helps against
target leakage it still persists somewhat as all response variables are used for each
other which mean there exists some interdependence and subtle target leakage.

CATBoost instead uses ordered target statistics that is inspired by online learning
as it treats the observations in a categorical feature in a sequential manner. For
each new boosting iteration it creates a random permutation, namely reordering

of the observations, and it then use®, = fx; : (j) < (k)gin equation 2.9 which
entails only using observations placed before the current encoding observation for
the target encoding. This mimics real-time test scenario better by using and learn-
ing from the data in a sequential manner which prevents target leakage better and
therefore also prevents over tting.[29]

Moreover, CATBoost employs ordered boosting which mitigates data leakage that
exist within the regular gradient boosting methodology. As outlined in section
2.1.2.1, predictions in decision trees are done using all the observations within a
certain region. Further, this entails that when training gradient boosting models,
the predictions used for calculating the residual for an observationin equation
2.6 uses all observations within the regions that observatianbelongs to including
observationi itself. As the observation residuals in the next step are used as new
targets for the next weak learner this causes biased residuals that in turn results
in interdependence between predictions and targets for the weak learners which
hurts the generalization capabilities. To combat this the ordered boosting method
makes a slight change to the standard gradient boosting method by utilizing the
same permutation strategy as from the ordered target statistics. For each boost-
ing iteration, namely when a new weak learner is trained, a new permutation of
the observations is extracted. Next, in equation 2.6, instead of usirfg, 1(x), an
approximate function FX ,(x) is used which only utilize a subset of observations
Dk = fxj : (J) < (k)g. This means that for an observationk it's residual is
only based on a prediction utilizing solely the observations placed before itself in
the permutation . This ensures non-biased residual targets for the weak learners
which improves generalization. Lastly, CATBoost also only use so called symmetric
trees which are trees that use the exact same splitting rule at the same node level
in the tree which results in that the tree has a balanced and symmetric structure.
These trees are weaker than regular decision trees in terms of often having slightly
higher bias although slightly lower variance. Using symmetric trees helps further
against over tting and they also make predictions faster. For further details on the
CATBoost algorithm the reader is referred to the original paper [29].

The main disadvantage with CATBoost is that the internal ordering principles makes
it slower than other gradient boosting methods like XGBoost. In contrast, the
ordering principles makes the model robust against over tting from the start and
therefore requires less hyperparameter tuning. Although relevant hyperparameters
for the method are very similar to XGBoost in humber of boosting iterations, max
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depth for weak learners as well as the shrinkage andparameters to name some.
The ordered target statistics also makes it one of the best supervised models in
terms of dealing with di erent features types without pre-processing. Lastly, similar
to other decision tree ensemble methods it has built in feature importance scores, is
very robust against noise and outliers.

2.1.2.5 Logistic Regression

Logistic Regression is a supervised learning model that uses the featurgsfor
an observation through a linear combination of them in g+ Xy + + pXp.
Next, the model passes the linear combination to a logistic function which maps
the combination to a value between 0 and 1 giving a probability of the observation
belonging to a certain target. In a binary classi cation setting a threshold of 0.5
is used to determine if an observation will be predicted to the targets 1 or 0. The
logistic function for a binary classi cation is given by equation 2.10 [21]:

ot 1X1+ + pXp

P(y=1jx) = (2.10)

1+ eot 1xat + pXp
The coe cients used for the linear combination of the feature values are calculated
by maximizing the probability of observing the actual targets by using a maximum

likelihood estimation (MLE).[21] In practice logistic regression takes the logarithm

of the likelihood instead and minimizes according to eqtfation:

X )
()= y9log !

- 1+e ( o+ 1X(1i)+ + pr)i))

1
1+e (ot i+ + pxi?)
Here the equation describes the sum of the log-likelihood for all observatianshich
Is minimized to get the best coe cients that maximizes the likelihood of observing
the correct targets. Usually a regularization term that regulates the size of coe -
cients is also added to the negative log-likelihood sum and this term is chosen as
a hyperparameter for the method. The problems with logistic regression is that it
according to equation 2.10 assumes a linear relation between the log-odds of the
response variable and the features as mentioned which creates di culties when the
data has complex and non-linear relationships with the response variable. Fur-
thermore, the assumption also makes it sensitive to multicollinearity (when several
features correlate linearly with each other) in terms of model interpretability as the
coe cients becomes less trustworthy. The linear assumption for the log-odds also
makes the model sensitive to outliers that can distort the linear decision boundaries
signi cantly. Usual hyperparameters for the method concerns the type of regular-
ization employed, the strength of the regularization as well as which optimizer to use.

+(1 ylog 1 (2.11)

2.1.2.6 Support Vector Machines - SVM

Support Vector Machines or SVM is a supervised learning model that uses a hy-
perplane to separate observations of di erent targets and making predictions based
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on which side of the hyperplane an observation lies. For data that lives in the p
dimensional space a hyperplane would be a speci ¢ decision boundary in the p-1
dimensional space de ned by[21]:

ot X1+ 2Xot+  + Xp=0 (2.12)

Further, imagine binary targetsy; 2 f 1;1g, a hyper plane separating these classes
would be de ned by the following equation[21]:

Vi ot 1Xiit 2Xiz+ + pXp >0 foralli=1;:::;n (2.13)

Given this hyperplane a new observatiorx can be classi ed using the sign of
f(x) = o+ X3+ X+ + pX,. To nd this hyperplane the minimum
margin M to the hyperplane for the closest observations of each target class called
the support vectors is maximized according to[21]:

max M (2.14)
05 1::%5 ps
1;55 oM
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Here ; are called slack variables that describes the placement of observatiom
relation to the margin M as well as the hyperplane. As two target types rarely are
perfectly separable the slack variables in combination with the tuning hyperparam-
eter C determines how many observations that are allowed to break the margin or
the hyperplane separation.[21] This optimization is solved using techniques involving
reformulations, taking the lagrangian and estimating the coe cients and slack vari-
ables using derivatives. These steps goes outside of the relevant theoretical bounds
needed for this thesis but for more detailed information the reader is referred to [12].
In the end the resulting hyperplane function can be given in the so called dual form
by[21]:

f(x)= 0+X1 X Xl (2.15)
i2S
Here equation 2.15 models a decision function using the weighted sum of feature
vector similarity between a new test observatiorx and support vector observations
x; as well as the hyperplane interception term . The weights ; are langragian
multipliers incorporating the targets y;. When solving the optimization only the
support vectors end up with non-zero weights which is why they solely contribute to
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the nal decision function. Further, similar to before using the sign of the decision
function gives a classi cation of the observatiorx . The problem with equation 2.15
Is that it is a linear classi er and therefore struggles when the observations are not
linearly separable. To adjust for this the SVM use something called kernels that
generalizes the inner product in equation 2.15 bl (x; X;). The following polyno-

mial kernel generalizationK (x;x;) = 1+ P jpzl Xj Xij ‘ with d > 1 allows equation
2.15 to work in a higher dimensional space where a linear decision boundary may be
found. There exists several di erent types of kernels that allows di erent amount of
exible decision boundaries for the support vector classi er.[21]

SVMs have good prediction performance for non-linear data with high dimension-
ality as well as being adaptable with di erent types of kernels. The disadvantages
are that it requires proper hyperparameter tuning to get the best kernel as well as
make sure it does not overt by optimizing hyperparameters regarding the kernel
choice and regularization parameters used within the optimization of the weights.
As it is distance based the model becomes sensitive to features with di erent scales
as well as noise and outliers. They also does not provide much interpretability.

2.1.3 Feature Selection and Importance

The area of feature selection and importance concerns quantifying feature correla-
tion and relevance for the statistical learning task. There exists several ways to
investigate that can look at both if feature information is relevant in regards to the
response variable but also if the information provided is unique within the data.
The relevant methods to this are explained in coming subsections.

2.1.3.1 Filtering Methods

Correlation Coe cients: Correlation Coe cients are numbers that describe
strength and direction in terms of how two features correlate in term of the infor-
mation they contain. Pearson correlation is a type of correlation that is focused
on linear information correlation between features and assumes normality of the
feature distributions as well as that they only contain the numerical continuous fea-
ture type. Moreover, Spearman correlation  is another type of correlation that
instead looks at monotonic relationships and further makes no distribution assump-
tions although the features are expected to be numerical continuous or ordinal in
type. Both correlation types give values in the -1 to 1 range where very high or very
low values indicates a strong correlation in either positive or negative direction.[33]
Both correlation types can be used to also nd correlation to a target or response
variable but can su er, especially Pearson correlation, if the target is unbalanced
namely one type of target dominates the observations.

Mutual Information: Mutual Information is another method for quantifying
correlation. Mutual information measures how much information in one feature can
help describe the information in the other features. Mutual information can capture
correlations that may not be either linear or monotonic while making virtually no
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signi cant assumptions regarding the involved features. Mutual Information utilizes
the following equation 2.16 [22]:

1(X:Y)= HX)+ H(Y) H(XY) (2.16)

The equation describes the mutual informatior{l (X ;Y)) between featuresX;Y by
looking at the entropy di erence between the sum of the entropies of the respective
feature distributions and the entropy of their joint distribution. The distribution en-
tropy in itself is a measure that describes the spread of the feature, namely a feature
that has uniform distribution would be considered to have high entropy. Equation
2.16 describes the theoretical implementation of mutual information but the prac-
tical calculation of the entropy terms usually uses some type of generalization or
estimation with one alternative being a k-nearest neighbor approach which can esti-
mate the density of feature values. The mutual information takes the value O if the
features are not correlated at all while an increasing value from O indicates stronger
correlation. For more exact mathematical implementation of mutual information
and the k-nearest neighbor approach see the paper [22].

2.1.3.2 Embedded Methods

Embedded methods concerns methods that gives feature importance directly related
to how a statistical learning utilizes the features. The most common model that has
embedded methods for feature importance are tree-based models but there also ex-
ist other models where some type of feature importance can be extracted like for
example the coe cients from Logistic Regression.

The tree-based feature importance methods usually relate to some type of score for
each feature in terms of how important or how much information it provided during
the tree building process. There are di erent types of metrics to measure this and
they all have their advantages and disadvantages in what they tell and do not tell
about the features. One important example for this thesis is the CATBoost built

in feature importance scorePredictionValuesChange . PredictionValuesChange

Is a measure for how much the prediction in a tree changes if a value of a specic
feature changes. The principle of the method is that when a speci c feature is used
in a split it will separate the training observations into two temporary or nal leaf
nodes. Remembering how CART models work, these leaf nodes will have internal
predictions which are the average response variable for the training observations.
If these predictions are compared between the new leaf nodes and the di erence is
large the feature can be considered to be important. The exact equation used is
given by equation 2.18 [1]:

. X h i
feature_importance: = (vi avr)? ¢ +(v, avr)? ¢ (2.17)
trees, leaves using F
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where avr=

(2.18)

Here equation 2.18 describes that the feature importance score for a featbrés the
sum for all splits in all trees using featureF for a split where the sum is over the
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given the squared di erence between the average response variable in the left leaf
node v; and the weighted average response variable in both nodagr multiplied
with the number of observations in the left leaf nodes;, this is then added with
the same calculation for the right leaf node using,; c,. Further, all the feature
importance scores are then normalized so they sum up to 100.[1]

The advantages of embedded methods like PredictionValuesChange is that they de-
scribe features e ect directly tied to the inner workings of the model. Most embed-
ded methods are usually global meaning that they are averaged over all several splits
and trees and can therefore not necessarily be used to explain individual predictions.
Another problem with several embedded methods including PredictionValuesChange
Is that they can both overestimate and underestimate feature importance. Consider
two features that describe similar important information, if one of them randomly
happens to be chosen early in the tree there is a bigger possibility of driving a bigger
prediction change, which gives that feature more importance even though the other
feature potentially could have been used. Furthermore, if they are correlated then
the need for the other feature also becomes less which underestimates the informa-
tion and importance for that feature even more. All in all, the embedded methods
provide great insight but not the whole picture and therefore other methods should
complement the embedded methods for complete feature importance.

2.1.3.3 Model Agnostic Wrapper Methods

The Model Agnostic Wrapper Methods is a type of wrapper method, namely a
feature importance/selection method utilizing model test performance as a scoring
metric, that is agnostic to the type of statistical learning model.

One example of a model agnostic wrapper method Fermutation Importance

which takes a trained statistical learning model as well as a test set with obser-
vations. Next, by predicting the test observations response variables a speci ed
baseline score for a certain evaluation metric is established. It then permutes a cer-
tain feature's values among the observations and recalculates the same metric and
views potential decrease in performance. It does this for all features usually several
times and then averages the performance results.[3] The advantages of the permuta-
tion importance is that it directly correlates features with e ect on test performance.
Further, permutation importance will not provide high scores for features that have
information that other features also provide either alone or in combinations with
each other, namely a feature that is permuted might lose it's information but if the
same information is available through other features ultimately it might not matter
that much and the model might still perform well. This can help with providing
perspective in relation to the possible over- and underestimation that embedded
methods can give. In contrast, the same principle can also be a disadvantage if
permutation importance alone is used for feature importance as the principle will
score features providing similar information very low even though the information
the features hold is important. The method is also very slow especially on large
data sets and also only works globally like embedded methods and therefore cannot
explain feature importance for individual predictions.
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Another wrapper method isShapley Additive Explanation or SHAP-values

A SHAP value is specic to a feature and an observation and measures the con-
tribution that the speci c feature value made to the prediction of the observation
across all possible feature subsets. This is done according to the following equation
2.19 [23]:

jSpM j 5 1)

! |
M [fx(S[fig) fx(S)] (2.19)

i(f;x) =

S Fnfig

Here (f;x) is the SHAP-value for a featurei based on a modef and an obser-
vation x. Further, it calculates this by using variables for a subset of features not
including featurei by S F nfig whereF is the set of all features. MoreoveM is
the total number of features availablef ,(S) is the model prediction of observation
x with only the features in the subsetS and f,(S[f ig is the model predication
of observationx when featurei is added to the feature subsef. In simple terms
equation 2.19 aggregates and sums the di erence in prediction when featurés
added to a subset of feature$ and also weights this di erence depending on the
size of the feature subse$.[23]

SHAP-values are powerful in terms of feature importance as they similar to permu-
tation importance are model agnostic and directly translates importance in terms of
test predictions. In contrast, it works on both global and local scale as each value is
assigned to a single observation and then the values can be aggregated to give the
globally most important features. This also provides the possibility through plot
techniques to view the top features while also seeing the e ect on individual pre-
dictions. Adding to this, the SHAP-values also provide direction, namely in which
direction the observation prediction is dragged by the feature which neither permu-
tation importance or embedded methods usually does. Lastly, as it operates over
all possible subsets it is less prone to su er from correlated features as permutation
importance does and therefore generally better can capture features with important
information even though the same information might appear elsewhere. The dis-
advantages is similar to permutation importance as it can be computational heavy
for larger datasets and can still underestimate feature importance if a very large
number of features correlates with each other.

2.1.4 Model Evaluation Theory

Model Evaluation concerns methods for analyzing the performance of statistical
learning models. Speci cally this section outlines the most relevant supervised
learning evaluation metrics for this thesis. There are two main groups of super-
vised learning evaluation methods where the rst one is threshold based and the
second one is non-threshold based.
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2.1.4.1 Threshold Based Metrics

The general and most simple metrics in terms of classi cation are based on a thresh-
old and the prediction results from a statistical learning model. Usually supervised
model predictions in a binary setting can be turned into a target positive target
probability between 0 and 1. Using a threshold, usually set to 0.5, the model makes
a prediction for one of the binary targets by assigning a prediction to the positive
target 1 if the probability is higher than the threshold and negative target O other-
wise. Using the predicted targets four important aspects can be extracted imue
Positive or TP - the predicted positive target is correct, False Positive or FP - the
predicted positive target is incorrect, True Negative or TN - the predicted negative
target is correct and False Negatives or FN - the predicted negative target is incor-
rect. By sectioning all test observation predictions into these sections they can then
be used to provide the following evaluation metrics [30]:

TP TP
Precision= —1 Recall = ————— 2.2
recision TP+ EP eca TP+ EN (2.20)
TP+ TN 2 Precision Recall
Accuracy = F1= — 2.21
uracy TP+ TN+ FP + FN Precision + Recall ( )

These equations outlines precision, recall and F1 for the positive target, it is possible

to calculate the same metrics but for the negative target class as well. Here preci-
sion measures how precise or accurate a model is when predicting a certain target
class, Recall measure how much of a target class that the model correctly identi es.
Further, Accuracy simple shows the general percentage of correct predictions and
F1-score is the harmonic mean of the precision and recall scores giving a somewhat
general sense of how the model balances these. All of the scores takes values between
0 and 1 where scores closer to 1 is better.[30] Moreover, there also exist so called
macro versions of precision, recall and F1 scores which are just the non weighted
average of these scores over all possible target classes.

2.1.4.2 Threshold Independent Metrics

The threshold independent metrics does in contrast not utilize and require a set
threshold for predictions and one important example of threshold independent met-
rics is the ROC-AUC score. This score is calculated by comparing the true positive
rate (recall) and the false positive rate =FPF+PTN over several di erent thresholds.
For each threshold a point can be plotted with the recall value on the y-axis and
the false positive rate on the x-axis and the curve that is produced is called the
ROC or receiver operating curve. The curve in simple terms explains how well the
model di erentiate between the di erent targets and the closer the curve is to the
top left corner the better. Further, to measure how well the curve is to that corner
the area under the curve - AUC can be used as it will give a value between 0 and
1 where 1 indicates that the curve is perfectly in the top left corner. Further, the
nal ROC-AUC value can be interpreted as the probability of a randomly chosen
positive target observation being ranked higher in predicted probability than a ran-
domly chosen negative target observation.[30]
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Another threshold independent metric is the Brier Skill Score or BSS. BSS uses the
regular Brier Score which measure the mean squared error between target and the
predicted probability according to the following equation in a binary classi cation
setting [32]:

X0
By;p=n' (i ) (2.22)

i=1
In this equation y; is the observation target andp; is the predicted observation
probability of belonging to the positive target class 1. The brier score takes a value
between 0 and 1 where a lower value is better.[32] Moreover, by establishing the
brier score for a so called baseline model, usually a model that simply predicts a
constant probability equal to the target class 1 proportion, the brier score for the
actual trained model can be divided with the baseline score and then subtract this
value from 1. This gives a score between 1 and negative in nity that shows if the
trained model performs better or worse that a baseline model in terms of brier score
and is called the BSS. The best value would be 1 while a value below 0 indicates that
the trained model performs worse than the baseline. The brier score and the BSS
measures how accurate in terms of prediction as well as how con dent a model is in
the predicted probabilities and the BSS also shows how a trained model compares
in regards to this to a baseline model.

2.1.4.3 Probability Scoring and Calibration

Probability scoring or calibration is an area that concerns making sure that the
predicted probabilities from a statistical learning model are reasonable and realistic.
Neither threshold dependent or some threshold independent metrics quanti es if the
predicted probabilities used for determining the metrics are actually accurate. A
predicted probability of 0.53 and 0.99 is the same through a classi cation perspective
but if the actual probabilities themselves matter it becomes important to quantify
how well the individual probabilities re ect reality.

One possible method to get some sense of this aspect for a binary classi cation
problem is by using a calibration curve also called a reliability diagram. By using
probability ranges or rather bins which the probability predictions can be divided
into it is then possible to compare the average positive target probability prediction
in each bin with the proportion of the positive target in each bin. These values can
be plotted using the average predicted probability on the x-axis and the average
positive target proportion on the y-axis. The line created by the values will be a
straight increasing diagonal line with slope 1 if the probabilities are well calibrated.
[26]

2.2 Related Work

The football data revolution has been underway for some time which has resulted
in established published work regarding football data analytics. For this thesis that
concerns itself with the usage of TD in the realm of passing metrics as well as
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the creation of a playability KPI, there exist relevant related work covering similar
aspects.

2.2.1 Related work on using TD for passing metrics

To name some of the most relevant and interesting related work one example is the
"xPass 360: Upgrading Expected Pass Models" by Sharpe.C for the analytics com-
pany Hudl Statsbomb. The article outlines an approach for improving the xPass
KPI metric, which is the same as the xP KPI, by incorporating positional infor-
mation from TD. It speci es that by utilizing feature engineering to create features
capturing positioning of opponents in close proximation to the pass as well as other
"soft pressure” metrics, they can create new features that in combination with sta-
tistical learning modeling improves an xP model both in terms of raw performance
but also in calibration of probabilities.[34] Moreover, Robberechts.P et al in their
paper "un-xPass: Measuring Soccer Player's Creativity", shows another approach of
using TD regarding passing metrics. Similarly this paper uses statistical learning
with a handcrafted feature dataset from TD although the purpose and end result is
to create a new KPI measuring pass creativity.[31]

Speci cally for this thesis the most related work is the paper by Anzer.G and Bauer.P

- "Expected passes".[9] The main part of this paper regards the exact same main
subject that this thesis also explores in using TD to create a better performing xP
model and therefore this thesis has used that work as a main source of inspiration
for the exploration of this subject. The methodology by Anzer.G and Bauer.P is
based on four main sections:

An algorithm for synchronization of ED and TD

A target estimation system for unsuccessful passes

An xP model utilizing XGBoost and a hand crafted feature dataset
A blocking model giving probabilities of a pass being immediately
intercepted

PonbPRE

There are many important di erences and distinctions between the work in "Ex-
pected passes" and the work in this thesis regarding the methodology, structure and
aims of the two works which are outlined below in the contributions that this thesis
makes:

" The settings and data used are completely di erent. The "Expected passes”
paper produced for research purposes utilizes a passing TD dataset of 840 386
passes from 918 German rst division matches where they exclude so called
"fair-play" passes (where the player willingly gives up the ball), throw-ins as
well as immediately blocked passes.[9] This thesis was developed in an indus-
trial setting in collaboration with PlaymakerAl in a request to improve the
data analytics on their platform, furthermore this thesis uses TD from a mere
28 games from di erent leagues and utilizes all type of passes.

N

As the exact synchronization algorithm is not de ned in precise detail by
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Anzer.G and Bauer.P, the inspiration for this thesis has been the overall prin-
ciples the algorithm uses. The nal algorithm utilized for this paper has some
distinct di erences in the exact structure which are explained in detail in the
section 3.1.2. Furthermore, the synchronization for this thesis utilizes post
processing for further re nement which is di erent.

Although this thesis also employs the physics based ball trajectory model pro-
posed by Spearman et al, the overall method for intended pass location this
thesis use is based on a very di erent and simpli ed approach in comparison
to the one developed in the second main section of the work by Anzer.G and
Bauer.P.[9]

The information used from the TD to create the features and therefore the
actual nal feature dataset is di erent and novel. This thesis puts more fo-
cus on features tending to the concept of pressure for a passing situation and
tries to capture this in a more varied and complex way utilizing several dif-
ferent pressing features. Furthermore, this thesis also explores the concept of
defensive lines and their possible e ect on the probability in a given passing
situation.

This thesis presents an exploratory data analysis of the feature dataset. Fur-
thermore, this thesis utilizes the dataset in a di erent way by employing cross
validation procedures when executing hyperparameter optimization, model se-
lection and nal xP model training.

This thesis provides a more extensive feature importance evaluation and also
a feature importance comparison between an xP model only using ED and a
model using both ED and TD.

The work by Anzer.G and Bauer.P mostly tends to research question 1 in this
thesis. In contrast this thesis answers research question 1 in more detail by not
only consulting general metrics but capturing more detailed performance dif-
ferences by for example reviewing class speci ¢ performances and probability
distributions. Further, research question 2 gives even more in depth compar-
ison by explaining the model's general behaviors in probability outputs for
speci ¢ types dicult of passes as well as what type of passes the models
seems to struggle with the most. All in all, the evaluation methodology used
in this thesis is di erent and adds new perspectives.

The concrete inspirations from their work and therefore the specic similarities
between the methodology of this thesis the methodology in the "Expected passes”
paper are the following:
This thesis employs a synchronization algorithm for TD and ED mainly in-
spired by the idea and theory behind the synchronization algorithm outlined
in the rst section of the methodology by Anzer.G and Bauer.P.
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This thesis similar to Anzer.G and Bauer.P also utilize the ball trajectory
model proposed by Spearman et al within a method for extracting intended
pass location, although the method itself is as mentioned very di erent. [35]
Some less complex TD features used in the feature dataset for this thesis was
inspired by features also used by Anzer.G and Bauer.P.

The threshold dependent and independent performance metrics utilized in this
thesis were inspired by metrics also used by Anzer.G and Bauer.P.

2.2.2 Earlier work related to new playability KPI

The new KPI proposed in this thesis called xPlay foexpected playabilitytries to
quantify a player's playability. To the knowledge of this thesis, the xPlay KPI is
quite novel in it's structure and idea, but the KPI makes use of the theory of hypo-
thetical or arti cial passes and their probability of being accurate which is an area
previously explored.

Dick et al in their work "Who can receive the pass? A computational model for
quantifying availability in soccer" tries to capture something quite similar to the
xPlay KPI but in a very di erent manner. This work looks at how available a re-
ceiver potentially is by computing the likelihood that the receiver gets to the ball

if its played within a zone around the receiver. This is done in a complex manner
using physics-based modeling of potential passes and also incorporates recurrent
graph neural networks to capture player and ball interactions.[18]

In the "Expected Passes" by Anzer.G and Bauer.P it is discussed brie y that a po-
tential use for their improved xP model would be to make hypothetical passes to
each teammate in a passing situation and based on each pass arti cial xP value de-
termine if the passer chooses a safer or more dangerous pass for a passing situation.[9]

The common theme of these related works is as mentioned that they explore the
area of hypothetical pass success. The new KPI proposed by this thesis xPlay also
explores this subject but in a slightly di erent manner and application. By using
the idea of hypothetical pass probabilities derived using an xP model much like the
suggestion and idea proposed by Anzer.G and Bauer.P in [9], xPlay build upon this
theory by in contrast contributing the pass probabilities to potential receivers that
are only within a certain distance to the pass situations. Further, by using the
arti cial receiver xP values a transparent and interpretable measure for the game
average probability of a player being within close proximation to a passing situation
as well as being successful in receiving the ball can be extracted. This measure
can be used for interpreting a player's playability. Because of this methodology and
usage of arti cial pass probabilities there exists to the knowledge of this thesis plenty
of novelty surrounding the methodology behind proposed xPlay KPI.
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Methods

This chapter presents the entire methodology used within the thesis to reach the
de ned aim and objectives. It is divided into three main sections based on initial
data preparation, statistical xP modeling and modeling of the new playability KPI.

3.1 Data Preparation and Integration

This section outlines all the initial work that was done with both the TD and ED
which in the end could produce a new enriched dataset for the xP modeling. This
process was planned in detail from the start and there were several key stages for
the data preparation that were established and these stages will be described in the
following subsections.

3.1.1 Initial data exploration and processing

The rst stage was an initial data preparation or processing stage where the both
the TD and the ED was researched to understand how to structure the TD for a
successful integration with the pass events from the ED. The most important detail
and di erence between the two datasets that requires mentioning is that they were
using di erent coordinate systems. First of the TD was using a more standard type
of football coordinate system by using the pitch length as the x-axis extending from
0 to 105 while the width in the y-axis extends from O to 68 in an inverted form.

The ED was in contrast using a coordinate system where both the width and height
were scaled to be between 0 and 100, see g 3.1.

Figure 3.1: Coordinate system for the TD in the left subplot and ED in the right
subplot.
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Furthermore, the TD was a rich and big data le with a lot of information. The
format of the data was in ajsonl le namely a very large type of json le. An
example of a TD truncated row, namely a row with only some of the players, can
be seen in A.1 in the appendix. The ED was formatted in csv les and an example
of row of ED information can be seen in A.2.

As the ED was already structured in a tabular format there was no real work required
at that end. In contrast, the TD was processed in a manner where the ball and player
data was a lot more accessible to ease indexing player and ball information as well
as the overall work with the TD at later stages. Further, it was also essential to
reduce the size to be able to e ciently work with data. All this was achieved by
processing the TD data les into two new separate csv les, one with the ball data
and one with player data.

3.1.2 Synchronization of Event and Tracking data

The next stage in the methodology was to synchronize the events in the ED with a
correct positional frame from the TD. Furthermore, synchronization of ED and TD
at rst glance may seem as a trivial task as it should theoretically just be based on
matching a frame from the TD with the same timestamp as the event in the ED. But
this simply is not the case as often ED and TD comes from di erent providers that
might use di erent internal clocks for measuring time. Furthermore as presented
by Anzer.G and Bauer.P the ED is usually manually annotated data and therefore
there is a risk of human error in the annotation of the time of the event. [8]

The strategy and algorithm developed for this project was heavily inspired by es-
pecially both of the works by Anzer.G and Bauer.P as well as Van Roy.M et al.
[9][8][37] The method builds on the theory of correcting two types of time o sets
that can exist between ED and TD as presented by Anzer.G and Bauer.P.[9][8]

The rst type of o set will be called static time shift ~ for this thesis and this o set
describes if there is on overarching constant o set in time between the TD and the
ED. This static time shift is the rst thing that needs to be identi ed and accounted
for and if it exists the whole TD must be adjusted by this shift as to align it with
the time in the ED. The second type of o set will be calledstochastic time shift

and describes the random o set in time for an event that most likely is a result of
human inaccuracy in the ED.

Moreover, the di erent halves within the game needs to be treated agparate games
as it is not always the case that the static time shift apparent in the rst half is
the same in the second half. This is in most cases due to that both the ED and
TD simply continue the time tracking from the point where it was stopped in the
last moment of the rst half. It is more likely than unlikely that their internal
clock stopped at slightly di erent times which induces a new static time shift for
the second half.
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3.1.2.1 Synchronization Algorithm

The essential steps and the general work ow of the algorithm is outlined in Al-
gorithm 1, but below these steps will be explained in more detail. The concrete
strategy to deal with these di erent time shifts are in principle the same and is
based on the strategy from Anzer.G and Bauer.P by using time windows in the TD
that extends around the timestamp of an event from the ED.[9][8] The static time
shift correction must be done rst but is only done once by simply iterating through
the passing events of the ED in order and if a matching event can be detected in the
TD the possible static time shift is extracted and used to adjust the possible static
time shift in the TD.

Unlike the work of Anzer.G and Bauer.P, in this thesis the time window for the static
time shift correction is de ned by putting a static lower limit on the time window,

0 seconds for rst half while the second half uses the last recorded time for the
rst half in the TD. A varying upper limit of lower_time_limit +3 event index
seconds is then used, where trevent _index is the index of the event for each half
within the ED. This means that the rst event for each half, namely the kick o s,

get a 3 second window while the next event would get a 6 seconds window and so
on. All tracking data regarding the player involved in the passing event and the ball

is the extracted as well within the de ned time window. Furthermore, out of the
time window frames the selection is further re ned by extracting the frames where
the ball and the player are within a distance of 2 meters from each other as these
are the frames where the player can be considered to be in possession of the ball.
[9][8] If no possession frames can be identi ed the event is dropped and the algorithm
moves on. This is iterated until an event for which TD possession frames is identi ed.

In contrast, to correct the stochastic time shifts a constant time window is instead
used. If the passing event has the annotated tintgp a time window of 5 seconds
around tgp is utilized. The same procedure as with the static shift is then followed
by extracting possession frames within that window or alternatively dropping the
event and moving on if no such frames are found.

Furthermore, after relevant possession frames for an event has been found the exact
same procedure is applied both for the static and stochastic time shift synchro-
nizations. The procedure is based on calculating di erent types of features for the
possession frames similar to the algorithm by Anzer.G and Bauer.P. [9][8] The exact
features used in their work is not know but for this thesis for each possession frame,
these features entails:

" Change in ball speed value from current frame to next

Percentage increase in ball speed from current frame to next
Distance between TD ball location and ED pass event location
Distance between TD passing player location and ED pass event
location

Change in distance between player and ball from current frame to
next

Change in ball traveling direction from current frame to next

N

N
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Using the above features each frame got a feature score which then was used to sort
and rank each frame within each feature where the most relevant frames were sorted
into rst position. For example a frame which has a high change in ball speed from
itself to the next frame will get ranked high within that feature and therefore be
positioned early within the frame sorting for that feature. When all of the frames
have got these di erent feature scores and been ranked, a nal aggregation is done
by iterating over the feature scores and giving each frame a nal value within each
feature according to the following formula:

Fij = W (nj rankij ) (31)

HereF; is the nal feature value for featurej for framei, w; is a weight for feature
j, n;j is the amount of frames within the featurej and lastly rank; is the rank

or position of framei for the featurej. The best frame is then selected by then
summing the nal feature values for each frame and then extracting the frame with
the maximum score. Furthermore, as mentioned earlier for the selected frame in the
static time shift case that is done rst, we also extract the di erence in time between
the annotated event timetgp and the time for the selected frame from the TD. This
di erence is then used to adjust all the time values in the entire TD for that half
before moving on with the stochastic time shift synchronization. One important
aspect to mention is that the idea of using weights to aggregate the feature scores
is inspired by Anzer.G and Bauer.P, although in contrast for this thesis the scoring
weightsw; were tuned manually instead of using optimization.[9][8]
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Algorithm 1 Complete synchronization algorithm of ED and TD for one half period
Require:

Passing event dataset for a halE

Ball tracking dataset for a half Ty

Player tracking dataset for a halfT,

Feature scoring weightswV

1: Perform initial static synchronization:
2: Identify lower limit of time window

3: for each evente 2 E do
: Get upper limit of time window
Extract possession frames within time window using, and T,

6: If possession frames exishen

7 Get feature scores for all possession frames

8: Aggregate feature scores using weight§

o: Extract best-ranking frame and static time shifttg;
10: Remove evente from E

11: break

12: else

13: Remove evente from E

14: end if

15: end for

16: O set all time values in T, and T, by tg;

17: Perform re ned stochastic synchronization:

18: for each remaining evene 2 E do

19: Let tep be the time of evente in ED

20: De ne time window [tep 5, tgp + 59

21: Extract possession frames within this window usind, and T,

22: if possession frames exishen

23: Get feature scores for all possession frames

24: Aggregate feature scores using weight§

25: Extract best-ranking frame and stochastic time shift
26: end if

27: end for

3.1.2.2 Processing and Re ning Synchronization Results

Synchronizing ED and TD perfectly by always nding the correct TD frame is not
usual as seen in the results from earlier work.[8][37] For the algorithm developed
for this thesis it does produce some events which getongly synchronized. Seem-
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ingly the errors as well as the frames that does not get synced at all appears mostly
randomly although there were some situations which seemed to increase the risk of
synchronization errors slightly. These types of situations were usually if a passing
player made many similar passes in a short time span from a very similar positions,
if the passing player made some type of extensive pushing or dribbling action on the
ball before passing or the TD simply had some type of error in recording either the
ball or player position accurately.

To deal with these potential errors the results after the synchronization were re-
ned through post processing. By looking at the distribution of the stochastic time
shifts for each half one could deduce that they always are quite normally distributed
although a bit skewed, with fat tails and large kurtosis, see gure 3.2. Consult-
ing the distributions in combination with manual evaluation revealed that wrongly
synced events usually had stochastic time shifts distinctly di erent from the average
stochastic shift for the events of the synced half period. Using this fact the IQR
method was used as a robust technique to identify and remove outliers which most
likely were wrongly synced events. The IQR-method uses the quantiles namely cut
0 points where a certain proportion of the data falls below each cut o . Using Q1
representing the cut o for the rst 25% of the data and Q3 representing the cut o
for the rst 75% of the data the interquartile range orIQR according toQ3 Q1

is extracted. The IQR is then used to identify and remove outliers extending out-
side Q1 - 1.5*IQR and Q3 + 1.5*IQR within the distributions. This ensured better
precision in terms of correctly chosen frames for the synchronized events.

Figure 3.2: Example of the distribution of stochastic time shifts for passing events
from a game after synchronization.

3.1.3 Tracking Data feature engineering

The stage that follows the synchronization stage was the TD feature engineering
stage. The TD feature engineering put a lot of emphasis on looking at aspects that
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regular ED completely misses. These aspects relates to the spatial context around
passing situations in regards to distances, pressures and angles to opposition players.
To be able to extract some of these features it was also important to understand
the speci cs of the passing situation in regards to théentended direction of the
pass as well as the actual passing lane itself. In the next subsections the method for
rst extracting the pass direction and lane will be outlined and after the concrete
features developed are introduced.

3.1.3.1 Extracting Passing Lane and Direction

Extracting the passing lane and direction is in most cases a trivial task for accu-
rate passes but for inaccurate passes this quickly becomes non-trivial as a lot of the
time the actual passing lane and direction were not usually the intended one. Fur-
thermore, some inaccurate passes actually do not even have an intended target like
clearances or immediately intercepted passes. This thesis utilized a simple method
for getting acceptable intended pass directions and passing lanes for pass events by
sending each pass event through di erent checks.

1. Check 1 - Is the pass successful and have a tagged receiver?: This
check looks at accurate passes with a tagged receiver. If a pass event quali-
es for this check the method then uses the same possession window strategy
used for the ED and TD synchronization algorithm but looks at a possession
window for the tagged receiver with a lower time limit of the time of the pass
time stamp and an upper time limit of 5 seconds. If no relevant possession
frames are identi ed the event is dropped as this indicates a likely wrongly
synced pass event. In contrast if there exists possession frames, the receiver
position of the rst frame within the possession window is set to the intended
pass location.

2. Check 2 - Is the pass inaccurate and have a tagged receiver?: This
check looks at non-accurate passes with a tagged opposition receiver. The pro-
cedure is the same as for check 1 with the di erence being that after extracting
the rst possession frame of the receiving opposition player, it uses the time
stamp of that frame and extracts all the positions of the players on the same
team as the passer. Next, by checking if there were teammates within 8 me-
ters of the receiving opposition the closest teammate's position is set as the
intended pass location. Although, if no teammates are found within 8 meters
the pass is treated as having no intended teammate and therefore the receiving
opposition position is set as the intended pass location.

3. Check 3 - Dealing with remaining cases: This last check takes all the
passing events that does not pass any of the previous checks and simulates
the ball trajectory based on the physical trajectory model proposed by Spear-
man et al.[35] The model proposed uses the following formula for the ball
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acceleration:

F= Q2 2:nCDAr_r_ (3.2)
Here g = 9.8 is the gravitational acceleration §), 2 a unit vector pointing
straight down, m = 0.42 is mass of the ballKg), = 1.22 is the assumed air
density (%), Cp = 0.25 is drag coe cient and A = 0.038 is cross-sectional
area of the ball (m?). Using an initial ball velocity and position from the
synced TD frame and utilizing the scipy function Solve_ivp" in combination
with the Runge-Kutta method, this di erential equation is solved for a xed
time span of around 2 seconds to get a possible pass trajectory and the last
ball position is set to the intended pass location.[5]

3.1.3.2 Direct Press Feature

Pressure in football is de ned by through speci ¢ movement and positioning in u-
encing the opposition team's capability of making decisions in a negative way. Quan-
tifying pressure is non-trivial as there exist several factors which e ect hopressured

a player becomes. One type of pressure that this thesis de nesdigect pressure
concerns opposition that is actively moving straight towards a passing player to close
the distance and therefore create pressure. To accomplish quantifying this type of
pressure the work "Pressing Intensity: An Intuitive Measure for Pressing in Soccer"
by Bekkers.J was used. The method presented uses approximations of thee

to intercept an opponent to calculate the probability of interception. [10] The ex-
act implementation of the method within the context of this thesis is outlined below.

Time to intercept (TTI): The rst main step was to calculate the TTI the passer
for opposition players which is done using equations from Bekkers.J adjusted for the
context of a single passing player [10]:

Ti= ¢+ i+ §; (3.3)

ot % i+ Y
P = X 3.4
! Vmax ( )

kﬂik i
i = ; (3.5)
where

H=f+M (3.6)
M=ttty 6 I (3.7)

o W .

Equation 3.3 describes the TTI the passing player for a direct pressing opposition
player i T;. This TTI is dependent on the summation of three terms where, is the
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opposition reaction time, ; is the time for the opposition to reach the passer and
lastly , is a term that gives a time add on if the opposition presser has to make
a signi cant angular change in movement. Other important variables are;; % and

t;; ¥ which are starting position and velocity vector of the passer and the presser
respectively. Further, # is a vector that describes where the opposition is moving
while m; is the direction from the presser to where the passer is moving. These are
used to calculate ; which looks at how similar the direction of the presser movement
Is to the direction of where the passer is moving which captures if the opposition
IS moving in a correct direction to intercept the passer. Lastly, these equations are
only applied to opposition pressers moving above 2 m/s which captures the direct
pressure aspect namely active movement to exercise pressure.[10] Within the equa-
tions there exist two constants in , and vax that describe human reaction time
as well as maximum velocity of an average football player. The reaction time was
set to 0.5 while the maximum velocity was set to 8 m/s based on the work in the
following papers [35][17].

Turning TTI values to a probability: The TTI values was used to get a single
interception probability according to the following equations[10]:

P Ti; -I-intercept J = 1 +exp P é Tintercept Ti : (39)

P=1 1 p (3.10)

Equation 3.9 gives an estimated probability of pressearintercepting the passer by
plugging the presser TTI valueT; into a logistic function. Further, the speci c logis-

tic function utilizes two hyperparameters wherd "ercert requlates the TTI threshold

for when there is a 50% probability of interception. This hyperparameter was set
very low to 0.08 seconds as the pressure calculation is done for the exact moment of
the pass. Next, the regulates the steepness of the logistic curve which in simple
terms de nes how steep the probability transition is from low to high probability. As
mentioned the pressure is calculated at the moment of the pass which entail that if
a presser is not able to intercept within the threshold then there is a very low proba-
bility of interception which prompts a larger value. Speci cally for this thesis the
value of 0.75 was used which is larger in comparison to the value used by Bekkers.J in
0.45 although in their work the method implementation is not speci ed to pressure
at the exact moment of a pass. In the end equation 3.10 models the probability of
at least one opposition presser manages to intercept the passer naively assuming in-
dependence which provide a nal approximate pressure vallRebetween 0 and 1.[10]

Incorporating sideline and goalline pressure: This thesis makes a new con-
tribution to the direct pressure model by considering the increase in pressure when
the passer is close to either the sidelines and/or the goallines on the pitch. This
consideration was a suggestion from Bekkers.J in regards to possible improvements
and future work of the model.[10] The thesis incorporates this aspect according to
the following equations:
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8

<1+ 1 & ; ifd<10
MSL;MGLz:

3.11
1 ifd 10 ( )

Pfina = P MsL MgL (3.12)

These equations describe variabléd s, ; Mg that are multipliers for potential side-

line and goalline pressure giving a nal pressure valu&;i,; and they are dependent

on the minimum distanced to the sideline forMg, and to the goalline forMg_ . We
only consider distances closer than a 10 meters threshold as it would be unreasonable
to have a constant pressure from the di erent lines. Furthermore, is a constant
that determines the maximum added pressure in percentage, this constant was put
to 0.15 by a process of arbitrarily manually trying di erent values and looking at
which ones yielded reasonable results. In gure 3.3, the result of the method can be
viewed where the equations are used to calculate a direct pressure distribution grid
around opposition pressers.

Important to mention regarding the direct pressure model and methodology is that
equation 3.10 very naively assumes independence of the di erent interception prob-
abilities which is not the case. Pressing in football is not done individually and how

a player decides to press is therefore very much dependent on how his teammates are
pressing. Furthermore, multiplying the total probability with arbitrary multipliers

also diminishes the aspect of the pressure metric being represented as a probability.
Therefore, Psina Was viewed as well as used as a genedaect pressure valuefor

the thesis.

Figure 3.3: Direct pressure distribution using equations 3.3-3.12.
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3.1.3.3 Indirect Angular Press Feature

Another important aspect of pressure within football isvherethe pressure is coming
from in relation to the pressured player. The thesis views this pressure aspect by
utilizing the model proposed by Andrienko.G et al in their work "Visual Analysis of
Pressure in Football". The model describes the pressure asserted onto a player as a
numerical value based on the relative positions and angles between the opposition
pressing players and the player with the ball.[7] The model is based on three main
aspects:

Threat direction: Andrienko.G et al de nes something calledhreat direction as
the direction in which the player with the ball could cause the most threat. Most
implementations of this model uses a threat direction pointing towards the oppo-
sition goal. This thesis implements this slightly di erent as the threat direction is
viewed as the direction in which pressure would pose the most threat for the player
with the ball. Further, for the work of this thesis that regards passes, the threat
direction naturally becomes the direction in which the passing player intends to pass
the ball.

Pressure zone: A pressure zone is de ned by a boundary for where pressure can
be exerted and this is calculated using the following equations [7]:

z+0:3z
L = Dpack + Diront D back T; (313)
1+cos
= T (3.14)

Here, L is the pressure boundary dependent on the constanBy,,x and Done as
well as the variablez which is dependent on the cosine similarity of the angle
between the threat direction and the direction from the passer to the presser. The
constants are put toDpaex = 3 and Dyone =9 as Andrienko.G et al describes these
values as reasonable and in line with recommendations from experts.[7] Equation
3.13 creates a pressure boundary in an oval shape where the long axis points exists
along the threat direction.

Pressure calculation: After the zone for pressure is established each potential
pressuring opposition player can be classi ed into being within the pressure zone
or outside. For each opposition player within the pressure zone a pressure value is
calculated according to[7]:

q

Pp=1 4¢ 100% (3.15)
L

Here a pressure valu®, between 0 - no pressure and 100 - maximum pressure is
calculated for each opposition presser based on their distance to the pashetheir
pressure boundary from equation 3.1B and a constantq set to 1.75 in accordance
with Andrienko.G et al that determines how fast the pressure should decrease with
the distance away from the passer. The total pressure on a passer is given by
summing all individual opposition pressure together.[7] An example of a pressure
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zone with di erent pressure values calculated using the above equations can be seen
in gure 3.4.

Figure 3.4: Pressure zone and values for an example passer calculated using equa-
tions 3.13-3.15.

3.1.3.4 Passing Lane Press Feature

The nal pressure feature is looking at an aspect not covered as extensively when it
comes to pressure within football and this ipressure put on the passing lane

This concept looks at how opposition intercepts or block passing lanes, while this
type of pressure is a bit more abstract and is not exerted directly onto the passer it is
an important aspect as it can considerably e ect the outcome of a pass. Bekkers.J
outlined in their work "Pressing Intensity: An Intuitive Measure for Pressing in
Soccer" how the TTI pressure model, used earlier for the direct pressure feature,
can be adapted to calculate pressure on passing lanes by looking at the TTI of an
opposition to their closest point on the passing lane.[10] This thesis explores that
established idea and implementation to develop a passing lane pressure feature with
some innovative tweaks according to the following steps:

Calculate closest points on the passing lane: For each pass there exists an
intended passing lane according to section 3.1.3.1, using that passing lane a calcu-
lation of each opposition player's closest pointgp for oppositioni, on the passing
lane is done in accordance with the suggestion from Bekkers.J. [10]

Dynamic pressure zone along passing lane: The next step takes inspiration
from the pressure zone concept de ned for the indirect feature. A pressure zone in
the shape of a 45 degreercle sector-like shape around the passing lane is de ned.
The inspiration to use a speci ¢ shape like this was from earlier work by Sharpe.C
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for the company Hudl Statsbomb where they used a similar shape when trying to
quantify presence along a passing lane.[34] This zone is extracted by the following
equation:

Oires () = Omin + dmax  dmin dpd; (3.16)
max
Here, dires IS the calculated dynamic pressure zone distance threshold to the pass-
ing lane for an opposition presser that depends on the opposition distant¢o the
passer. Here to simulate the 45 degree sector this thesis utilizg,, =0, df ., =10
and dmax = tan(g) dh-

TTI calculation: For each opposition pressdrtheir distance to the passing player

is used in equation 3.16 to get a threshold distance to the passing lane. Comparing
distance tocp with dyes it can be determined if an opposition presser is within
the pressure zone. Next, if that is the case then equations 3.3-3.8 from Bekkers.J
are used to calculate the TTI forcp.[10] Furthermore, it can be assumed that the
closest point on the passing lane will always be static and therefo¥g can be put

to 0. Important to mention is that the model for this thesis does not Iter out
opposition players not having a speed above 2 m/s as just standing on the passing
lane will still put pressure on it.

Dynamic interception threshold: Next step is to calculate a dynamic and
changing interception thresholdT,"*"*** passed to the logistic function in equa-
tion 3.9. This addition makes the passing lane pressure model more realistic as
depending on the distance to the passing player, an opposition player will have
more or less time available to intercept the passing lane. Therefore, the threshold
for when there is essentially a 50% chance of intercepting the passing lane needs to
be dynamic. This is accomplished by a similar equation to equation 3.16 according
to:

. . _ _ d
intercept — intercept intercept intercept .
T P (d) = Toin + Toae P Toin P (3.17)
max

Here, TMereert (d) is the dynamic interception threshold depending on the distance
intercept

to the passerd. The constants are put to T, = Q, T/ntercept — spgzmg:ass and

dP . = 10. The T/nereert jg therefore in itself dynamic and depends on the specic

pass in question.

Pressure value calculation: This last stage follows equations 3.9-3.10 from
Bekkers.J for each opposition presser within the pressure zone using their individual
interception thresholds and TTI values. [10]

Important note is that the passing lane feature has similar behavior as the direct
pressure feature as they share the same main principles. This means that the pass-
ing lane feature makes use of probabilities using the naive assumption that all in-
terception probabilities are independent. Therefore, similarly to the direct pressure
feature, the passing lane pressure cannot be treated as an actual probability and is
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rather used as a general press value. In gure 3.5 a grid of possible pressure values
are visualized for an opposition with speed’@ along a passing lane as well as a more
detailed example with three possible opposition pressers.

Figure 3.5: Left subplot shows pressure on passing lane grid where the opposition

would be standing still using an example passing lane of 30 meters, ball speed 20
m/s. Right subplot shows pressure on a passing lane using example opposition
players with their own individual direction and speed on the same passing lane of

30 meters with ball speed 20 m/s.

3.1.3.5 Defensive Line Features

Defensive lines concerns the three lines of defense which a defending team usually
employs when defending. The concept of these lines are relevant in terms of passing
and as features to an xP model as a majority of football teams focus on preventing
their lines from being played through by passes. The method for extracting the
defensive lines was heavily drawn from Holmstrom.M's thesis "Playing Through the
Lines: statistical Learning for Analysing Build Up Play in Football*. Holmstrom.M
uses K-Means clustering with three designated clusters for the opposition players,
with the exception of the goalkeeper, based on their location on the x-axis and
uses the cluster centroids to estimate the defensive line positions.[20] This method
proved useful in identifying reasonable defensive lines and was therefore also em-
ployed within this thesis using the "KMeans" function from Scikit-learn library.[2]
Example of clustering and extracted defensive lines can be seen in the example pass
situation in gure 3.6.
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Figure 3.6: For a specic pass event the upper left subplot shows the player

clusters, the upper right subplot shows the defensive lines using the cluster centroids
and the lower middle shows the lines incorporated into the complete event frame
which shows an attempt at intersecting the rst two lines.

After the defensive lines had been identi ed relevant features can be extracted using
them. First of, this thesis utilized three binary features describing attempt of

breaking lines . These three features, one for each line, describe if the intended pass
attempts in the moment of the pass, to break the lines. Secondly, the thisis utilized
three numerical features describing passer distances to the lines . These
three numerical features describes the distances from the passer to each defensive line
calculated by subtracting the passers x coordinate from the speci c line x coordinate.

3.1.3.6 Other Less Complex Features

There were also some less complex although new features that could be extracted
from the TD and added to the ED, these features are outlined below:

" Bypassed opponents: This feature looks at how many opponents that are
between the passer and the receiver, in terms of x dimension, at the moment
of the pass.

Smallest angle between opponent and passing lane: This feature looks
at all the opponents within the pass distance from the passer and then gets
the smallest angle between one of these opponents and the passing lane.

Smallest distance between an opponent an the passing lane: This

feature is inspired by the feature dataset used by Anzer.G and Bauer.P, fur-
thermore it simply is a value describing the smallest distance between an
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opponent and the passing lane.[9]

Smallest distance between an opponent and the passer: This feature
is a value simply describing the smallest distance from the passer to an oppo-
nent at the moment of the pass.

Passing player's speed: This feature, also inspired by the feature set used
by Anzer.G and Bauer.P, is the passing player's speed at the moment of the
pass.[9]

Height of pass: This feature describes the height of the pass which is cal-
culated using the average coordinate in the z dimension from the TD for a
couple of frames after the moment of the pass.

Speed of pass: This feature describes the speed of the pass which is cal-
culated using the average recorded speed values from the TD for a couple of
frames after the moment of the pass.

Ball height at pass: This feature, also inspired by the feature set used by
Anzer.G and Bauer.P, is a value for the z coordinate of the ball at the moment
of the pass.[9]

Smallest sideline distance: This feature gives the value for the smallest
distance from the passer to either of the sidelines at the moment of the pass.

Smallest goalline distance:  This feature gives the value for the smallest
distance from the passer to either of the sidelines at the moment of the pass.

Number of opponents closer to passer than to their own goal: This
feature gives a value for how many opposition players that have a smaller
distance to the passing player than their own goal at the moment of the pass.
It is inspired by an inverted version used by Anzer.G and Bauer.P.[9]

3.2 Statistical modeling of xP

This stage describes the modeling of the xP KPI and follows a rigid structure based
on a classic data science work ow. The data science work ow consists of 5 main steps
going from initial set up and problem de nition to the nal testing and evaluation of
the statistical modeling. In the following subsections the rigid data science work ow
will be explained step by step.

3.2.1 Set up and Problem de nition

The rst action within the work ow was to set up what the modeling is supposed
to achieve and try to formulate what the mission is and most importantly de ne
how success is measured. The xP KPI is developed using a statistical learning
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model trained within a supervised binary classi cation setting, namely the model
using a feature data set with labeled target data, 1 - accurate pass or O - inaccurate
pass, is trained to predict these labels. In contrast, the xP model is not used as
a binary classi er directly in an applied setting as they are utilized through their
outputted probabilities. What this means for the modeling is that what actually
matters and measures the success of an xP model is the quality and realism of the
pass probabilities. While classical threshold dependent and independent metrics are
not completely irrelevant and provides some information, they do not describe in
depth the aspects of an xP model that matters the most.

3.2.2 EDA - Exploratory Data Analysis

For the EDA the dataset was analyzed and prepared to ensure e ective use of statis-
tical learning techniques. By looking at distributions, cleaning and removing possi-
ble outliers and noise, visualizing correlations both between the features themselves
and between the features and the target, knowledge about the dataset structure was
extracted which prompted certain modeling choices. The concrete steps to achieve
this will be outlined below.

3.2.2.1 First inspection and cleaning

When the nal pass dataset, see table A.1 for feature structure, was imported it
was inspected for possible missing missing values as well as possible outliers and
strange behaviors for certain features using feature distributions and boxplots. The
nal feature distributions after cleaning, see gure A.2 and gure A.1, importantly
revealed the imbalance in regards to the dataset target variable with around 84% of
the data being accurate passes. In general there was also imbalance for several of
the binary features such as throw-in, freekick and corner passes. Furthermore, after
cleaning, the nal size of the dataset was 19,521 passes with 34 features where 20
of these features are added information from the TD. This data was compiled from

a total of 27 games which means that one games was not included. It was decided
that for evaluation purposes set aside one of the 28 games as it could be used to get
test results that could easily be manually judged and evaluated see coming section
3.2.5.5.

3.2.2.2 Dataset correlations

After the initial cleaning and inspection the correlations between the features them-
selves as well as between the features and target was evaluated. Figure 3.7 shows the
Pearson and Spearman correlation matrices for the features excluding the target.
It is possible to see some correlations especially for the distance metrics where the
defensive line distance features shows the most correlation with each other which is
expected. All in all, there did not exist heavy multicollinearity that prompted fea-

ture selection or further feature engineering. Important caveat to recognize is that
there exist several binary features which violates the assumptions of both Pear-
son and Spearman correlation. Further several numerical features are not normally
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distributed which further violates the assumptions of Pearson correlation. These
violations does limit the range and interpretability of the correlation values but in
practice both methods can still provide very useful estimations of correlation as well
as reveal some patterns that could show multicollinearity and they can therefore
still serve as valid EDA methods.

Figure 3.7: Left subplot shows Pearson correlation for nal dataset while right
subplot shows Spearman correlation.

Moreover, in terms of target correlation, gure A.3 and gure A.4 shows the change
in target probability, namely making an accurate pass, based on di erent feature val-
ues. Several features seem to correlate and provide information about the target with
features asdist, prog, indirect_press, press_passing_lane and bypassed opponents
showing very clear trends. Regarding the binary features it's harder to make strong
inference as their distributions were extremely unbalanced. They seem to show a
slightly lower success probability for corners and headers which is reasonable from a
football perspective. Furthermore, the success probability seemingly decreases with
the defensive line that is broken, namely breaking the third defensive line seems
to entail generally lower success probability in comparison with breaking the rst
defensive line which once again would be reasonable within a football perspective.

The nal check of the features looked at the mutual information score between
the features and the target as well as the Spearman correlation coe cients, see
gure 3.8. The mutual information scores rankssmallest_distance_passing_lane,
press_passing_lane and angle_ between_defender_v_passs top descriptive fea-
tures while freekick, set_piece, throw_in and cornerdoes not provide that much
information at all. Moreover, the Spearman correlations seems to conrm and
strengthen the mutual information scores. Important to note is that because of
the target imbalance the Spearman correlations becomes less accurate and trust-
worthy, therefore the results should only be interpreted in a wider sense as to which
features at large gives higher or lower correlations.
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Figure 3.8: Mutual information scores between target and features in the left
subplot and the right shows spearman correlation coe cients between target and
features.

3.2.2.3 Dataset structure in higher dimension

The nal step in terms of rst inspection and preparation was to visualize the data
within the feature dimension. For this UMAP was used. As the UMAP method is
dependent on several hyperparameters, most importantly the "n_neighbor" param-
eter that controls wether UMAP focus on capturing more local or global structure,
two visualizations were generated rst for 20 neighbours - looking more locally and
one for 100 neighbours - looking more globally. This was also done rst only using
ED features and then using all features. As seen in gure 3.9 and 3.10, there is
not much di erence between the local and global structure and there were tighter
distances between data points and a bit more separation for the ED-only data. Fur-
thermore, the added TD information added dimensionality and context, it's therefore
no surprise that the UMAP embedding was more spread out. Importantly, it would
seem that the inaccurate passes is better sectioned for the data using the added TD
features as the majority of these passes does not mix into the big cluster of accurate
passes. For the ED only data, although areas with higher inaccurate passes exist,
these areas seem to be more intertwined with the accurate pass data in comparison
to the data using all features.
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Figure 3.9: UMAP visualization of approximate data structure in higher feature
dimension for dataset with only ED features.

Figure 3.10: UMAP visualization of approximate data structure in higher feature
dimension for dataset with ED and TD features.

3.2.3 Feature Selection

Using the results from the initial inspection and cleaning it was decided that no
initial feature selection should be executed because of several reasons. First, the
datasets that will be compared, namely ED features only as well as all features,
have the dimensionality of 14 and 34 respectively. This is not considered very high
dimensional data that immediately would prompt reduction. Adding to this, the
dimension of the datasets, almost 20000 samples to 14 and 34 features, means that
there exists plenty of data in relation to the number of features which also prompts
that feature selection is less necessary in terms of tharse of dimensionalitywhere
distance and relations break down in higher dimensions. Moreover, removing fea-
tures always entails the risk of removing information, even if the information is
not the best it is still information. Furthermore, weak signals or features can still
provide information in combination with others. As established in the set up and
problem de nition, the xP model will have to evaluated thoroughly in regards to it's
realism. Within this aspect the interpretability is a big factor and to analyze the
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interpretability it is positive to have as much context and information surrounding
the passing events as possible. Lastly, many statistical learning models, for example
tree based models, have built in procedures that makes them robust against features
that possibly do not add information. Therefore using a robust statistical learning
model would deal with the aspect of feature selection itself.

3.2.4 Selecting a Statistical Learning Model

To select a statistical learning model for the nal xP modeling a comparative analy-
sis was done. The initial models selected for comparison was three decision tree and
ensemble based models iRandom Forest, XGBoost and CATBoost . The
decision tree ensemble based models were the main focus and initial favorites as
they work very well with tabular data with mixed types, are less sensitive to feature
scales, robust against noise and outliers and have built in feature importance and
selection which provides interpretability. This is highly attractive attributes as the
data have potential smaller noise level and outliers because of synchronization errors
between the ED and TD, see section 3.1.2.2. Furthermore, the dataset is tabular
using a varied type of features and the interpretability adds support in answering
research question 2 of this thesis. Moreover, to add to the comparative analysis
it was relevant to provide a baseline and thereforkogistic Regression was also
included in the model selection. Lastly, purely for comparative purposes another
model using a di erent method to the other models was included in &upport
Vector statistical - SVM model.

The set up for performing the model selection used a work ow that each statistical
learning model was put trough, visualized in gure 3.11.

Figure 3.11: Visualization of work ow for training and testing statistical learning
models.

Initial data split: The initial data split sections a shu ed and strati ed 80%
chunk of the passing dataset for training and sets aside the remaining 20% chunk
for testing.
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Training and hyperparameter optimization: This step used the Scikit-learn
function "Pipeline" which allows to create a pipeline with several transformer in-
structions for pre-processing as well as a nal predictor model.[4] This pipeline used
two steps for rst standardizing the numerical and ordinal features and then sending
the data to the statistical learning model. The pipeline was used in combination
with the training data and a speci ed hyperparameter grid within a strati ed 5-fold
gridsearch cross-validation to execute hyperparameter optimization. The gridsearch
extracts all possible hyperparameter combinations and then splits the training data
into 5 stratied and shu ed sections. Lastly, it trains the model on 4 of the 5
sections and tests the trained model on the last section and this is done for all 5
combinations of these 5 sections. Using a "re t" metric the hyperparameter com-
bination that got the best average validation score across the 5 combinations for
this metric is picked as the best hyperparameters. For the gridsearch used in this
thesis ROC-AUC was used as a ret metric as it is not threshold dependent and
not heavily e ected by target imbalance making it a suitable choice for an xP model.

Results: From the gridsearch cross validation a new pipeline is received that has a
fully trained statistical learning model inside with the best performing hyperparam-
eters. This model is then nally tested against the hold out test set in regards to
the following metrics; ROC-AUC, Macro-F1 Score, Macro-Recall, Macro-

Precision and Brier Skill Score . The choice of metrics re ect the important
aspects when assessing classi cation performance on an unbalanced data set and
were also inspired by the metrics used by Bauer.P and Anzer.G for evaluating xP
models.[9]

This whole process was executed rst using only ED data and then ED+TD data
for each of the ve picked statistical learning models and then cross-validated by
repeating the whole work ow for 3 di erent shu ed and strati ed train and test
splits. The model selection process gave the following results shown in table 3.1
and table 3.2. The tables show that the CATBoost model has the best performance
across all metrics both for the ED only data and the complete new dataset.

Table 3.1: Test set performance (ED only) (mean std)

Classi er BSS Macro-F1 ROC-AUC Macro-Precision  Macro-Recall
Logistic Regression  0.21% 0.011 0.643t 0.008 0.80% 0.005 0.746t 0.009 0.616t 0.006
SVM 0.210+ 0.014 0.648t 0.007 0.832+ 0.004 0.784+ 0.008 0.618t 0.005
Random Forest 0.35% 0.014 0.746t 0.013 0.87# 0.004 0.80A 0.010 0.714t 0.016
XGBoost 0.349+ 0.020 0.74% 0.009 0.875 0.005 0.794t 0.012 0.722t 0.007
CATBoost 0.379 + 0.016 0.762 + 0.006 0.884 + 0.005 0.812 + 0.009 0.732 + 0.005

3.2.5 Final Training, Testing and Evaluation

The nal last stage of the xP modeling was the nal training, testing and evaluation
of the chosen statistical learning model - CATBoost. The work ow was in principle
the same as the one described within the model selection and visualized in gure
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Table 3.2: Test set performance (ED and TD) (mean std)

Classi er BSS Macro-F1 ROC-AUC Macro-Precision  Macro-Recall
Logistic Regression  0.356 0.011 0.750Gt 0.005 0.891+ 0.006 0.794t 0.008 0.723 0.004
SVM 0.336+ 0.011 0.733t 0.007 0.883t 0.003 0.79% 0.006 0.70Gt 0.008
Random Forest 0.411% 0.012 0.764+ 0.003 0.908t 0.005 0.812 0.004 0.735 0.003
XGBoost 0.412+ 0.021 0.778 0.006 0.908t 0.007 0.803t 0.006 0.75% 0.006
CATBoost 0.436 + 0.018 0.788 + 0.006 0.913 + 0.007 0.821 + 0.009 0.765 + 0.006

3.11 although with some key di erences. First of, the hyperparameter optimization
employed a slightly more thorough hyperparameter grid. Secondly, the results stage
extracted more results by not only looking at the metrics de ned in gure 3.11 but
also extracted the actual predicted target probabilities as well as the correct target
response variable for each testing observation. Moreover, from the outputted opti-
mized pipeline the built in CATBoost feature importance scores were extracted.

Further, the whole work ow was cross validated 5 times namely the whole work ow
was repeated for 5 di erent initial 80/20 train-test splits, although the 5 di erent
train splits was the samebetweenthe ED-only and ED+TD models. During the
cross validation the ROC-AUC score on the test set was tracked and the model
with the best ROC-AUC score during the process was extracted and saved. Fur-
thermore, that model was used to get permutation importance scores in terms of
e ect on the ROC-AUC metric as well as SHAP-values. The motivation behind this
is that integrating a permutation importance and SHAP-values calculation for all
cross-validated models would increase the already long computation time consider-
ably. Furthermore, the information provided by these feature importances will still
be very much relevant even though they were not cross validated.

For training the models no consideration to the class imbalance was implemented
and that also applies to the models in the model selection stage. The motivation
behind this is based on trials using class weights the calibration curves, see com-
ing section 3.2.5.1, which describes how well the models predicted probabilities line
up with real probabilities signi cantly worsened. Using class weights or other tech-
niques like up sampling usually just shifts the decision boundary more in favor of the
minority class then before which results in that the model better nd and classi es
the non accurate passes, namely better recall, but the precision signi cantly wors-
ens. In the end as the predicted probability realism is the most important success
metric for an XxP model and not the classi cation performance, it makes a lot more
sense to let the model learn the natural distribution of the data.

Lastly, the evaluation for the nal CATBoost models goes beyond the general metric
and feature importance scores. To investigate the xP model probability reliability
several strategies were employed to try and understand their behavior which are
outlined in the coming subsections.
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3.2.5.1 Probability behavior analysis

The rst step was a analysis of the general behavior of the predicted probabilities
from the model using only ED and the model using ED+TD information. For the
each of the 5 cross-validated models their predicted test probabilities were extracted
and then used to generate a calibration curve and these 5 calibration curves were
then averaged into a nal calibration curve. Furthermore, a more general explo-
ration of the models' probability behavior was explored by viewing the probability
distributions, average predicted probabilities and comparing average paired di er-
ences in probability prediction. This was done for all test passes then only accurate
test passes and lastly only non accurate test passes.

3.2.5.2 High dimension visualization with predicted probabilities

The test observations were plotted in two dimensional space together with their
respective predicted probabilities using UMAP embedding. As the EDA seemingly
showed that there was little di erence between 20 and 100 number neighbors for
the UMAP plot, this stage only plotted the UMAP embedding for 20 neighbors.
This evaluation and method can visualize the structure of the data and where the
model decision boundaries may lie which in turn can possibly show if there exist
clear boundaries and probability gradients which could entail better probability
predictions.

3.2.5.3 Evaluating speci c pass types

Some di cult pass situations were de ned based on domain knowledge and certain
extreme feature values within the numerical feature distributions. For each of these
di cult pass types a paired permutation test was utilized to compare the proba-
bility distributions of the ED and ED+TD models. Further, the test used the test
statistic of the mean paired di erences between ED+TD models xP values and the
ED-only models xP values for the paired samples. The null hypothesis was that the
di erence was 0, namely that the samples are from the same distribution, against
the one sided alternative hypothesis that it's less then 0 indicating a smaller mean
XP values from the ED+TD models. Lastly a low signi cance level of 0.01 was
used to ensure reasonable inference. The permutation test was executed using the
"permutation_test" method from the Scipy library.[6] For more information on the
theory behind the permutation test the reader is referred to [19].

The di cult pass situations which were chosen to be evaluated were:
Passes with a distance above 60 meters.

Passes with a progressive distance above 50 meters.

Passes with direct press value above 0.4.

Passes with indirect press value above 100.

Passes with passing lane press value above 0.9.

arwnPE
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3.2.5.4 Evaluating feature distributions within misclassi cations

As the ED-only model did not have access to the TD features it was interesting to
view whether feature distributions di ered between the ED only and ED+TD model
within the misclassi cations. A model having a higher direct press value among the
false negative predictions arguably makdsetter false negative predictions and judges
passes better. Importantly, a Wilcoxon rank sum test, was conducted on the speci c
feature distributions between the models, rst on their false positives and then on
their false negatives. The test looked at whether the models' false positive and false
negative predictions occupies di erent regions within the speci c feature space by
utilizing the p-value of the test in relation to a signi cance level of 0.01. Furthermore,
the rank sum test is non parametric but assumes similar distribution shapes which
could be assumed based on consulting the feature distributions for both the false
positives and false negatives, see gure A.5 for examples. This assumption means
that the result of the rank sum test was interpreted as comparing the medians of the
di erent models' feature distributions with the null hypothesis that the medians were
the same compared against a two sided alternative hypothesis. For more theoretical
information about the rank sum test the reader is referred to [24].

3.2.5.5 Manual evaluation

The last evaluation was a manual evaluation using the saved best models as well as
the set aside game mentioned in section 3.2.2.1. The best performing models gave
xP values for all the passes in that game which were then manually assessed using
a recording of the set aside game.

3.3 Developing a playability KPI

This section presents a football analytics statistic callekPlay which measures
the expected playabilityof a player during a game. The section will in the coming
subsections explain the methodology and assumptions behind the KPI as well as
how it can be applied in football data analytics.

3.3.1 De ning playability and xPlay

Playability is as with many aspects in football hard to precisely de ne but a tting
overall description of playability could for example bdéow much a player make him-
self available for passesThis thesis de nes the playability of a player based on two
aspects:

How easy is it to successfully pass to a player?: This rst aspect describes

that for a speci ¢ player in a game, given a pass situation, how easy is it in general
for the passer to nd this speci ¢ player with a pass. Although, because of positional
play in football certain players are not meant to providesasypasses in every passing
situation as they need to stay in their designated position. Therefore this aspect is
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mostly interesting to evaluate for players in closer proximation to the passing player.
This rst aspect can be quanti ed by the following pass probability for a player i over
agame:P'(A pass to player i would be succesgRlayer i is within Q meters of passer,
where the variableQ determines what the close proximation constitutes.

How often does a player position himself in close proximation to passes?:

As the rst aspect describes how easy it is to reach a player with a pass when
the player is positioned in a close proximation to a pass, the natural next step
is to look at how often a player position himself in this close proximation. A
player showing great playability will not only be very easy to reach when in close
proximation but will also regularly position themselves to be in close proximation
The second aspect can be quanti ed by the following probability for a player i:
Pi(Player i is within Q meters of passer.

These de nitions of the two main playability aspects can then be used to develop
the de nition of the xPlay KPI. Let S = A pass to playeri is successful andC =
Player i is within Q meters of passer then xPlay is de ned by the following joint
conditional probability under the chain rule:

xPlay' = P'(S\ C)= P(SjC) P'(C) (3.18)

xPlay is a probabilistic metric that the describes the joint probability that for a pass
situation in a game that a player is both within a certain playable distance, and that
the pass to the player would be accurate. This metric captures in an elegant and
simple way on a player level botthow oftenand how easyin a single value.

3.3.2 Implementation of xPlay utilizing TD and xP model

To be able to actually use equation 3.18 using data involved several steps. The
xPlay KPI is sanctioned on the availability and use of ED and TD in synchronized
combination as well as an accurate xP model. Below the concrete steps will be
outlined.

ED and TD synchronization for passing situations: The rst step was to

get TD regarding player positions for each pass event during a game which requires
either TD with passing event information already integrated or a synchronization

of ED and TD. Furthermore, for the xPlay KPI the only interesting pass events are
where a potential receiver has to make their own decision regarding which space to
occupy. Therefore it becomes natural to disregard pass events in the ED that are
corners, free kicks or other set pieces. To see the method for synchronizing pass
events between ED and TD see section 3.1.2.

Creating arti cial passes: The next step was to create arti cial passes using the
synchronized ED and TD. For each real pass event within a game teammates to the
passer that was within the close proximation threshold Q was extracted. In discus-
sion with supervisors at the collaboration company PlaymakerAl a threshold value
of Q = 20 meters was used for the implementation of xPlay for this thesis. For each
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of the teammates that were within the close proximation threshold a hypothetical
real pass was created, see gure 3.12.

Figure 3.12: All images show tracking frames for real pass moments with arti cial
passes to teammates within a 20 meters distance threshold.

Moreover, for each created arti cial pass to a teammate, pass features were ex-
tracted. These pass features corresponds to the features used for a specic xP
model. For this thesis the natural choice becomes to use the new xP model utilizing
both ED and TD data and therefore the features of interest are the same features as
in table A.1. Most of these features regards passer or receiver information and rela-
tions which are trivial to extracting from the TD or if they already exist in the ED.
Although, there does exist two features that proved harder to implement as they
both regard speci ¢ information about how the pass is executed. The rst feature

is the "height_of pass" feature and this was dealt with by assuming each arti cial
pass must be played on the ground. The next feature is the "speed_of pass" and
in contrast to the pass height this feature is actually more fair and objective if the
value depended on the speci c pass distance. Therefore to ensure fairness between
arti cial passes and fair comparable xP values, the speed of the pass feature was
calculated by rst dividing the passes from the nal dataset from the 27 games in
section 3.2.2.1 into 50 sections based on their pass distance. Further, the average
pass speed of each distance section was calculated and as visualized in gure 3.13.
There exists a quite clear linear correlation in the region of around 0 to 40 meter
pass distance. As only passes between 0 to 20 meters are interesting this correlation
was used to for each arti cial pass place it in a distance section and then using the
average pass speed of that distance section as the pass speed for the arti cial pass.
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Figure 3.13: Dataset mean of feature "speed_of pass" plotted against sections of
feature "dist". Linear correlating behavior between 0-40 meters can be seen.

Predicting arti cial passes and calculating xPlay: The last step was to use

the arti cial passes as input to an xP model that predicted the success probability
and these xP probabilities could then be turned into xPlay values. First step was
to estimate

P!(A pass to player i would be succesgRlayer i is within Q meters of passer

Using the law of total probability for conditional probabilities and let S = A pass
to player i is successfulC = Player i is within Q meters of passer andB! j n =
1;2;3;:::9 be the set of pass events where playemwas within 20 meters[38]:

P(SjC)= X P(SjC\ B/)P'(B!jC) (3.19)
n

Here P'(SjC\ B!) can be estimated by the xP model's predicted probabilities for
the arti cial passes within 20 meters range for player i as each of these arti cial
XP probabilities is in principle stating what is the probability of a successful pass to
player i given that they is within 20 meters for a speci ¢ pass eventurthermore
it is then a bit naively assumed that each pass event where player i was within 20
meters, namelyP'(B, j C), was equally likely. Further, letN' denote the number
of pass events where playdarwas within 20 meters of the passer. Then, using the
mentioned approximations, the probability of playeri successfully receiving a pass
conditioned on being within 20 meters is given by:

. X . X
Pi(SjC)= 1 P(SjC\ B!)= Nl

i
NT - xP, (3.20)

Lastly, let L' denote the number of unique pass events that his team madaring
player i's speci c time on the pitch

Pi(C) = 't'l' (3.21)
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By for each player calculating equations 3.20 and 3.21 and then implementing them
into equation 3.18, the xPlay KPI was calculated for each player of a game.

Important aspect of the xPlay KPI is that it's not weighted by the time a player
spent on the pitch which causes unreliability for players that comes on very late in
games. Further, for these types of players, their team might only be able to do 5to 10
passes and just by being within 20 meters of all of them or perhaps none of them, the
xPlay could be extremely high or extremely low. Therefore, another hyperparameter
in complement to the playability threshold Q is established to regulate if a player's
xPlay should not be calculated based on the amount of passes that the player's team
has been able to do during their time on the pitch. The threshold value used within
this thesis during the implementations described in the next subsection is 50 total
team passes while on the pitch. This was a manually tuned threshold motivated
by conversations with supervisors within the collaboration company PlaymakerAl.
Both of the xPlay hyperparameters can be changed and tuned depending on user
preference of the KPI which align with several other analytical KPI structures within
the PlaymakerAl platform.

3.3.3 Implementation and evaluation of potential xPlay ap-
plications

Three possible applications of the xPlay KPI are proposed and all of them were
evaluated using the set aside game mentioned in section 3.2.2.1. The rst possible
application is to use it in a standard format by simply calculating xPlay for each
player for a game. The players' xPlay values can then be sorted for each team which
shows players who provided the highest playability within each team. Furthermore,
it is also possible to compare full game player xPlay scores between the di erent
teams.

The second potential application isxPlay evolvement over time  during a game.
This would involve not calculating the xPlay for an entire game but instead consider
several subsets of the game. First a moving time window of 10 minutes that moves
one minute forward across the entire game is established. Then every player's xPlay
within this window is calculated for each step in time and by doing this it is possible
to see how players' xPlay evolve during the game.

Lastly, a third application is to instead look at a spatial context by considering
xPlay within dierent zones of the pitch . The implementation used the
"Juego de Posicion" zones which are positional zones popularized by the infamous
Spanish coach Pep Guardiola and the zones are identi ed as important zones for
creating structure within a game.[13] By treating each zone as its own smaller pitch
and only using the subset of pass events that occurred for a player's team within
those zones, the xPlay KPI was calculated for each of the Juego de Pocision zones.
This implementation can show how players dier in which zones the players are
more or less playable.
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Results

This chapter presents the major relevant results from the project relating to rst
the overall data preparation in terms of processing and synchronizing TD with ED.
Secondly, xP modeling and comparison of a model using only established ED in-
formation against a model using ED information with integrated TD information.
Lastly, results and evaluations regarding the applications of the proposed xPlay KPI.

4.1 Synchronization and TD processing results

The synchronization algorithm in combination with post processing as well as some
minor re nement employed during TD feature engineering and the EDA resulted in
19,659 synchronized passing events from 27 total games. Added to this was a nal
28th game that was used for manual evaluation. The 27 games that constituted the
the nal complete dataset in total consisted of 26,287 passes originally, meaning that
the whole synchronization and processing process yielded a result of a74:79%
success rate in attaining TD information for ED pass events. Moreover, the actual
accuracy of these synchronizations is hard to estimate precisely but thorough manual
evaluation of around 100 pass events for each half from each of the total 28 games
indicated a synchronization accuracy 0P0% at least. The total stochastic time
shifts for all 28 games are shown in gure 4.1, further the gure shows a distribution
with the appearance of a normal distribution around the value of O which would
seem as very realistic.

Figure 4.1: Distribution of timestamp shifts for passing events between ED and
TD.
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4.2 XxP modeling and comparison

In the following subsections the results of the di erent general and in depth evalu-
ation strategies are presented as well as shortly analyzed.

4.2.1 General metric performance and Feature importance

Table 4.1 shows the cross validated metric performance between the models trained
on ED only and models trained on ED+TD. Seemingly the models using ED+TD
data performs better within each metric both on a general level but also on a class
speci ¢ level. The only metric that the ED-only model performs just slightly better

on is the test recall for accurate passes but it is minimal. At rst sight comparing
the general test and train results for Brier skill score, F1, Precision and Recall
metrics seems to indicate some over tting for the models. Further, consulting the
class speci c performance tables shows that the potential over tting is caused by
the non-accurate class.

Table 4.1: Train and Test set performance (ED-only vs. ED + TD)

Train set General metrics

Dataset BSS Macro-F1 ROC-AUC Macro-Precision Macro-Recall
ED only 0.4853+ 0.0116 0.806% 0.0065 0.917& 0.0042 0.868% 0.0067 0.7692 0.0061
ED + TD 0.6522 + 0.0586 0.8882 = 0.0282 0.9635 + 0.0119 0.9313 + 0.0294 0.8564 + 0.0269

Train set Class-speci c metrics

Dataset Prec. Non-accurate Prec. Accurate Recall Non-accurate  Recall Accurate

ED only 0.8200+ 0.0115 0.917% 0.0020 0.563% 0.0108 0.975% 0.0015

ED + TD 0.9155 + 0.0500 0.9470 + 0.0088 0.7263 + 0.0459 0.9865 + 0.0079

Test set General metrics

Dataset BSS Macro-F1 ROC-AUC Macro-Precision Macro-Recall
ED only 0.3644+ 0.0225 0.754% 0.0106 0.877% 0.0090 0.8034 0.0116 0.725% 0.0099
ED + TD 0.4252 + 0.0165 0.7827 + 0.0082 0.9098 + 0.0058 0.8158 + 0.0070 0.7592 + 0.0089

Test set Class-speci ¢ metrics

Dataset Prec. Non-accurate Prec. Accurate Recall Non-accurate  Recall Accurate
ED only 0.7032+ 0.0205 0.903& 0.0032 0.493% 0.0180 0.9580 + 0.0031
ED + TD 0.7160 + 0.0114 0.9156 + 0.0031 0.5635 + 0.0172 0.9549+ 0.0017

Moreover, evaluating the CATBoost built in feature importance gure 4.2 shows
that for the ED model progressive distance, general distance as well as the x and

y destination coordinates have the biggest importance. When adding the TD fea-
tures, the overall importance dilutes somewhat but the main features now seems to
be general distance, progressive and side distance, passing lane pressure, smallest
passing lane distance to an opponent, smallest angle between an opponent and the
passing lane as well as the pass height. Furthermore, binary features for corner,
freekick and throw in seems to provide very little importance if any at all seemingly
agreeing with target correlations from the EDA.
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Figure 4.2: CATBoost built in feature importance scores for ED-only model and
ED+TD model.

The permutation importance scores for the best performing ROC-AUC models pre-
sented gure 4.3 in the case of the ED model seems to mostly agree with the built
in feature importance. Although, the permutation importance suggest that the pro-
gressive distance feature is even more important than the other features by providing
up to a 0.14 value decrease in ROC-AUC. Regarding the model using ED and TD
features the di erence to the built in feature importance is distinct. The established
ED features still show similar rankings but for the added TD features the smallest
angle between the passing lane and an opponent dominates with also surprisingly
the binary features ranked slightly higher. The permutation importance therefore
seem to suggest that the information contained in several of the high performing
CATBoost feature importance TD features, are shared with one or a combination
of other TD features. Very important to note though is the actual overall scores
as they are very small, the most important permutation feature only decreases the
ROC-AUC score with about 0.02 which suggest that models trained on the new TD
does not solely rely on any single or couple of features.
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Figure 4.3: Permutation importance scores in regards to ROC-AUC for best ED-
only model and best ED+TD model.

Furthermore, the SHAP-values for the best performing ROC-AUC models presented
in gure 4.4 seems to agree with the rankings from the CATBoost feature importance
by having the same top 5 features. It is also seen that high values for progressive
distance and x destination drags the observation predictions down towards a non-
accurate prediction drastically. For the model using both ED and TD features the
top 5 ranked features also very much correlate with the top features from the CAT-
Boost feature importance. More interestingly is that the top ranked features have a
much better separation regarding feature value impact on model output compared
to the top ranked features for the ED-only model indicating better correlation with
the target. The features are not as stretched along the impact on model scale as
well which indicates that no single feature can dominate the impact on the model.
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Figure 4.4: SHAP-values for top 9 features + remaining features for best ED-only
model and best ED+TD model.

4.2.2 Probability behavior

The calibration curves in gure 4.5 show that the ED-only models seemingly have
more stable probability predictions for the higher probability range while the ED
and TD model have quite stable probability predictions at the vary high range and
also quite stable in the lower region while the middle region is a bit more stochastic.
Furthermore, consulting the mean calibration curve suggests that the ED and TD
overall provide just slightly better results.

Figure 4.5: Calibration curves from cross validation as well as their mean calibra-
tion curve for ED-only models (left), ED+TD models (middle) and also their mean
calibration curves together (right).

Table 4.2 rst shows that the average probability is quite similar between the di er-

ent models although looking at the paired di erences and the probability distribu-
tions in gure 4.6 there is clearly di erent behavior. Seemingly the models using ED
and TD features predicts a lot more observations at extremely high probabilities as
well as more probabilities at generally lower values. Further, the probability inter-
val counts also suggest that in general the ED and TD models are either extremely
con dent or more restrictive. Further, the predicted probability di erences for the
same individual test samples are both in terms of mean and median about 1% in
percentage points higher for the accurate passes while 3-5% in percentage points
less for non-accurate passes indicating a bigger disagreement for the non accurate
passes. This is further con rmed by the minimum and maximum predicted test
sample probability di erence which both stem from the non accurate pass events.
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Table 4.2: Probability Evaluation Summary (Event vs Event+Tracking)

Predicted Probability Distributions

Model Mean + Std Median Min Max
Event 0:8313 0:2292 0.9354 0.0053 0.9989
Event+Tracking 0:8336 0:2477 0.9616 0.0024 0.9997
Probability Di erences (ED+TD ED)

Group Mean+ Std Median Di Min Di Max Di
Overall 0:0023 0:1162 0.0118 -0.8221 0.7929
Accurate Passes 0:0127 0:0958 0.0137 -0.6437 0.7062
Non-accurate Passes 0:0493 0:1781 -0.0307 -0.8221 0.7929

Probability Interval Counts (A - Accurate pass, N - Non-accurate pass)

Model [1.00.75] AN [0.750.5] AIN [0.50.25] AIN [0.25 0.0] AN
Event 14490 / 1013 1140 / 654 519 / 837 166 / 786
Event+Tracking 14353 / 766 1227 1 670 568 / 915 167 / 939

Figure 4.6: Probability distributions from the test observations for the di erent

model types. Top left subplot shows the probability distribution for the accurate
passes while the top right subplot shows the probability distribution for the non-
accurate passes. Lastly the bottom subplot shows the total probability distribution.

4.2.3 High dimension visualization with predicted probabil-

ities
Figure 4.7 shows that the high dimensional structure using both ED and TD features
iIs much more coherent as established in section 3.2.2.1. But with the predicted
probabilities, it also also seen that there exists a very concise and clear probability
gradient which in turn seemingly creates a distinct decision boundary produced by
the models using both ED and TD features. In contrast, the test samples when
only using ED data are clustered more tight and unstructured with seemingly a lot
more complex decision boundaries needed. These plots seem to indicate that using
ED and TD features gives better and a much more coherent information landscape
regarding types of passes which is then in turn navigated with more con dence and
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