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Zusammenfassung
In den letzten Jahren hat die angewandte Wissenschaft der Sportanalytik die Strategien
in US-amerikanischen Sportarten wie Baseball, Basketball und American Football
maßgeblich beeinflusst. Im Fußball hingegen sind trotz Fortschritten in Technologien
und Datenerhebung derartige Veränderungen bisher kaum sichtbar.

Die vergleichsweise geringere Adaption datengetriebener Analysen im Fußball lässt
sich auf verschiedene Faktoren wie die torarme Natur des Spiels, die taktische Kom-
plexität und die Fluidität durch wenig strukturellen Komponenten zurückführen. Um
die Lücke zu schließen, zielt die vorliegende Dissertation darauf ab, die grundlegenden
Voraussetzungen für ein tieferes Verständnis des Fußballs zu verbessern. Insbesondere
wird der Mangel an verbindenden Ansätzen zwischen domänenspezifischen Begrif-
fen und Konzepten sowie deren Überführung in konkrete, regelbasierte Definitionen
adressiert.

In der Sportwissenschaft existieren verschiedene Taxonomien und Annotationssche-
mata für Angriffs- und Verteidigungsprozesse im Fußball. Allerdings ermöglicht die oft
eher narrative als deskriptive Natur dieser Schemata keine granulare Annotation, wie in
der Informatik benötigt. Darüber hinaus beinhalten die Schemata mitunter semantisch
komplexe, subjektive Beschreibungen, sind nicht ausreichend validiert oder beinhalten
keine klaren Definitionen, die regelbasierte Entscheidungen ermöglichen. Dadurch sind
sie weder leicht durch Menschen nachvollziehbar noch durch automatische Modelle re-
plizierbar.

Die vorliegende Dissertation adressiert diese Lücke auf verschiedenen Zeitskalen.
Bezüglich eines kurzen Zeithorizonts wurde eine einheitliche, hierarchische Taxonomie
für die Annotation atomarer Ereignisse vorgeschlagen, welche durch eine Annotations-
studie mit Experten validiert wurde. Außerdem wurden die Ereignisannotationen durch
einen Ansatz der zeitreihenbasierten Ereigniserkennung verfeinert, um die atomaren
Ereignisse mit den zugrunde liegenden Positionsdaten zu synchronisieren. Bezüglich
längerer Zeithorizonte wurde, unter Beibehaltung der Hierarchie zwischen den Zeits-
kalen, ein hierarchisches Annotationsschema für Sequenzannotationen zum Konzept
der taktischen Periodisierung vorgeschlagen und ebenfalls in einer Annotationsstudie
mit Experten validiert. Schließlich wurde eine grundlegende Struktur zur sequenz-
spezifischen Analyse im Fußball vorgestellt und auf das Konzept von Konterangriffen
angewandt.

Ein zentrales Ergebnis der Annotationsexperimente war die Wichtigkeit einer hier-
archischen Struktur in Annotationsschemata, welche die semantische Komplexität ef-
fektiv abbildet und es ermöglicht, unterschiedliche Annotationen durch Experten in
gemeinsame übergeordnete Klassen zu integrieren.

Ein wichtiger Befund beim Training automatischer Modelle war, dass die Nach-
bildung manueller Sequenzannotationen zwar gelang, jedoch Uneinigkeit zwischen
Experten die Genauigkeit der automatischen Modelle erheblich beeinträchtigte. Dies
zeigte, dass automatische Ansätze zwar für domänenspezifische Konzepte mit hoher
Übereinstimmung zwischen Experten zielführend sind, manuelle Annotationen trotz
ihres Arbeitsaufwands für semantisch komplexe Konzepte aber weiterhin notwendig
bleiben.

Die Ergebnisse der sequenzspezifischen Analyse in dieser Dissertation zeigten, dass
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manuell erstellte, nachvollziehbare Merkmale wertvoll bleiben, da sie es im Vergleich
zu maschinenbasierten Merkmalen ermöglichen, Forschungsergebnisse in umsetzbare
Richtlinien zu übersetzen.

Abschließend wurden negative Ergebnisse in der Vorhersage verschiedener Se-
quenzresultate mit unterschiedlichen Kombinationen von Modelltypen unter Verwen-
dung von Merkmalen wie Teamposition, Kompaktheit, oder Anzahl von Spielern zwi-
schen Ball und Tor erreicht. Dies ließ keine Aussage zu der konkreten Verbindung der
untersuchten Merkmale mit Sequenzresultaten zu.

Zusammenfassend sind die gewonnenen Erkenntnisse für Fußballpraktiker und For-
scher sowohl in der Sportwissenschaft als auch in der Informatik von Bedeutung. Wenn
Annotationen in einem dieser Bereiche vorgenommen werden, sollte die Bedeutung
klarer, regelbasierter Definitionen und hierarchischer Annotationsschemata beachtet
werden, um die semantische Komplexität der untersuchten Konzepte zu erfassen. Für
das Training automatisierter Studien muss die Übereinstimmung zwischen Experten
bei den untersuchten Konzepten gewährleistet sein, während die Interpretierbarkeit der
verwendeten Merkmale und Modelle ein zentraler Punkt der verwendeten Architektur
sein sollte. Diese Leitlinien können dazu beitragen, die Lücke zwischen theoretischer
Forschung und praktischer Anwendung in Fußballvereinen zu schließen. Letztlich legt
diese Arbeit das Fundament für weitere Fortschritte in der Verbindung zwischen Infor-
matik und Sportwissenschaft, bei denen ähnliche experimentelle Studien auf anderen
Zeitskalen zu einem ganzheitlichen Verständnis des Spiels beitragen können.
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Abstract
Over the past years, the applied science of sports analytics has significantly influenced
strategies in the US sports baseball, basketball, and American football. In soccer,
despite advancements in technology and data collection exist, such significant changes
are yet to be seen.

Reasons for the comparably lower adaptation of such data-driven analysis in soccer
can be found in soccer’s low-scoring nature, tactical complexity, and fluidity due to
a low amount of structural components. To bridge this gap, this dissertation aims
to improve on the foundational requirements of understanding soccer. Specifically,
the lack of connecting approaches between domain-specific terms and concepts into
concrete, rule-based definitions is addressed.

In the sports science community, various taxonomies and annotation schemes for
the attacking and defending process in soccer have been defined. However, due to
the oftentimes more narrative than descriptive nature of these schemes they do not
enable the degree granular annotation required in computer science. Moreover, they
sometimes include semantically complex subjective definitions, are not well validated,
or lack a clear rule-based decision system and can not easily be understood by humans
or recreated by automatic models.

In the present dissertation, this problem is addressed on various time scales. On
a short time scale, a unified, hierarchic taxonomy for atomic event annotation was
proposed and validated by a multi-expert agreement study. Moreover, the annotated
events were refined by a time-series event detection approach to synchronize the atomic
events with the underlying position data. On an intermediate time scale, maintaining
the hierarchy when moving between time scales, a hierarchic annotation scheme for
the sequence-based concept of tactical periodization was proposed and also validated
in a multi-expert annotation experiment. Finally, a framework for sequence-specific
analyses in soccer was proposed and applied to the concept of counterattacks.

A central result of the annotation experiments was the importance of a hierarchi-
cal structure in annotation schemes, effectively representing semantic complexity and
integrating differing expert annotations into shared parent classes.

An important finding of the automatic model training was that while the recreation
of manual sequence annotations was possible, expert disagreement generally impeded
model accuracy. This showed that while automatic approaches are interesting for
domain-specific concepts with high expert agreement, manual annotations, despite
their labor intensity, remain necessary for semantically complex concepts.

The results of the sequence-specific analysis suggested that manually crafted, com-
prehensible features remain valuable as they enable the translation of research findings
into actionable guidelines.

Finally, negative results regarding the prediction of various sequence outcomes
were encountered, despite different types models and features such as team position,
compactness, or players between the ball and the goal were used. This left the in-
terconnection of the investigated features with regard to concrete sequence outcomes
uncertain.

To conclude, the insights of this disseration are valuable for soccer practitioners
and researchers, both in the sports science and computer science communities. When
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annotations are made in either of those domains, the importance of clear, rule-based
definitions and hierarchical annotation schemes should be respected to capture the se-
mantic complexity of the investigated concepts. For training automatic studies, expert
agreement of the examined concepts should be ensured while the interpretability of
the used features and models should be a focal point of the model architecture. These
guidelines can help towards integrating more theoretical research into practical appli-
cations in soccer clubs. Ultimately, this work lays a foundation for further advances
in the connection of sports science and computer science, where similar experimental
studies on other time scales might contribute to a more holistic understanding of the
game.
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Overview of the Articles
Ten articles have been published over the course of this doctoral program. Out of these
ten, six include a first authorship with one shared first authorship. Five of these six
articles are part of the synopsis of this cumulative dissertation and will be discussed in
detail. The remaining articles are also part of this synopsis, but will not be discussed
in detail. An overview of the scientific output and naming scheme is provided below.
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Chapter 1

Introduction

One significant cultural difference between the United States and Europe is the variation
of public interest in sports. Although soccer is the dominant sport in Europe (Nielsen
Sports, 2018), it has not achieved the same status in the US, where American football,
baseball, and basketball (Norman, 2018) are the top favored sports. In addition to
differing sports preferences, there are also discrepancies in the adoption and success
of sport analysis techniques, often referred to as sports analytics in the US (Tuyls
et al., 2021). Notably, for baseball, the data-driven recruiting approach Moneyball
(Lewis, 2004) stands out as one of the most prominent examples of how a major sport
in the US is influenced by sports analytics. Examples of successful applications of
sports analytics also exist in other popular US sports. For instance, in basketball, shot
selection analyses revealed the inefficiency of long two-point shots compared to close
two-point or three-point shots (Goldsberry, 2019). Consequently, the frequency of long
two-point shots has significantly decreased compared to previous seasons (Goldsberry,
2019). Similarly, statistical analyses of play conversion rates in American football have
influenced strategies for comebacks when trailing late in games (Fox, 2021).

However, in soccer, a similarly strong influence of sports analytics on gameplay has
yet to emerge. This can be attributed to several factors, including limited participation
in systematic data collection (Tuyls et al., 2021) and specific characteristics of soccer
that make its analysis more challenging compared to American football, baseball, and
basketball. These characteristics include the scarcity of scoring events (Anzer & Bauer,
2021), the comparably large number of players (G. Liu et al., 2020), the complex
outdoor playing environment (Tuyls et al., 2021), the significant role of randomness
(Wunderlich et al., 2021), the limited scope for structural interventions (Fernández et
al., 2021), as well as the intricate complexity of events and player interactions during a
match (McHale et al., 2012).
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1.1 Data Analysis in Soccer
Soccer data has been recorded and analyzed for decades, with Reep and Benjamin
(1968) often cited as the pioneers in this field. While at that time the authors recorded
passes and goals manually in notebooks, recent technological advances have facilitated
the collection and analysis of various types of soccer data (Pino-Ortega et al., 2022;
Pappalardo et al., 2019).

To adequately capture the complexity of soccer, three types of soccer data have
gained popularity within the community. (i) Video data, which includes both single-
camera tactical feeds and multi-camera broadcast streams. (ii) Event data, which
consists of a stream of manually or semi-automatically captured player, team, and
match events, defined by varying event catalogs from event data providers such as
Impect (2024), StatsPerform (2024), StatsBomb (2024), and Wyscout Spa (2024). (iii)
Position or tracking data, which records player movements on the pitch as two- or
three-dimensional coordinates at a specified sampling frequency (Pino-Ortega et al.,
2022; Pappalardo et al., 2019).

To date, video data remains the predominant source of information (Mehta et
al., 2024), primarily due to its accessibility and comprehensiveness. In recent years,
however, position and event data have emerged as valuable additions to complement
video data in analysis (Mehta et al., 2024). Nevertheless, concerns regarding the
accuracy of the data sources as well as difficulties in synchronizing position and event
data have been reported (Anzer & Bauer, 2021; H. Liu et al., 2013; Pino-Ortega et al.,
2022). These challenges are further examined in the next chapter, which outlines issues
when working with soccer data and discusses factors limiting a seamless integration of
automated, data-driven processes into the soccer analysis workflow.

1.2 Research Gaps & Research Questions
As previously highlighted, the application of sports analytics (in practical settings) is
more advanced in US sports compared to soccer (Tuyls et al., 2021). However, this
discrepancy is not solely due to technological limitations, as access to diverse data
sources and advanced analytical methods is readily available. Yet, the conversion of
these resources into practicable, actionable insights remains notably limited (Mehta et
al., 2024). This shortcoming points to other potential factors that may have hindered
more influential research in this field.

One possible factor for this development is the lack of universally recognized soccer-
specific concepts and truths to anchor technological applications (Goes et al., 2021).
Although automated models have successfully predicted various in-match develop-
ments (Fassmeyer et al., 2021; Sanford et al., 2020), these studies largely focus on
concepts in enclosed environments and on very short time scales (such as passes or
shots), referred to as atomic events. Yet, as these predictive approaches are of limited
relevance to practitioners, an integration of predictive models into practical applications
(e.g. to suggest tactical shofts during a game), remains largely unexplored.

A potential way to address this discrepancy is to define fundamental tactical patterns,
substantiated by traditional sports science, validated across multiple data sources, and
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agreed upon by domain experts (Goes et al., 2021; Tuyls et al., 2021). To date,
practitioners commonly use colloquial terms such as possession play, counterpress, or
counterattack to describe recurring patterns in soccer matches. However, these terms
have yet to be translated into formalized, rule-based concept definitions.

The present dissertation focuses on performing this translation step for concepts on
various time scales, from atomic events on the shortest time scale up to the analysis of
entire sequences. Following Low et al. (2020), for each time scale, widely accepted
concepts are used as a foundation and is gradually advanced. Therefore, the term seman-
tic complexity is introduced to encapsulate the uncertainty surrounding sport-specific
definitions, where clear guidelines for the rule-based identification of the underlying
concepts are lacking.

Thus, four research gaps that have potentially hindered a more advanced adaptation
of theoretical research on soccer into practice are identified. By filling these research
gaps, the integration of soccer-specific research (in the sports and computer science
community) into practical applications is tackled.

RG 1 Lack of globally valid atomic event annotations: There is a shortage of studies
that investigate the validity of atomic events. Due to differing event catalogs
within the community, there are numerous definitions that lack unified guidelines
and standards. Although efforts have been made to integrate event definitions
into a unified language (Decroos et al., 2019; FIFA, 2022), neither the validity of
these integrative classes nor the potential semantic overlap between definitions
have been thoroughly explored. Thus, if meaningful insights are retained using
event data, the lack of scientific validation for the source event definitions limits
the reliability of outcomes derived.
One potential approach to address this gap is through automatic computer vision
techniques that detect events directly from video data. However, as the commu-
nity primarily focuses on high-level video understanding, the fine-grained and
reliable detection of events remains a highly complex problem that has yet to be
fully solved (Deliege et al., 2021; Naik et al., 2022).

RG 2 Issues with synchroniz wation between event and position data: Challenges
exist in achieving temporal alignment between position and event data. As a
consequence of this misalignment, analysis techniques that integrate position and
event data without synchronization may produce (unrecognized) biased results.
To address this problem, Anzer and Bauer (2021) proposed a synchronization
technique to align shot events in position and event data. Although their algo-
rithm revealed promising results, they have not extended their proposed solution
to more frequently occurring events. More recently, Van Roy et al. (2023) built on
the previous approach by Anzer and Bauer (2021) and proposed the rule-based
ETSY algorithm that synchronizes various events in event data with position
data. However, while their algorithm provides a substantial first step towards
synchronizing event and position data, the hand-crafted rules are not validated
by comparison against possible automatic solutions. Furthermore, the algorithm
requires event location information, which is not always present in all event data
sources.

13



RG 3 Lack of globally valid sequence annotations: There is a scarcity of validated
annotations for semantically complex team behavior during sequences. As a
result, sports practitioners must either perform labor-intensive manual annota-
tions or rely on non-validated rule-based algorithms when analyzing specific
situations of interest within a game.
A foundational step towards establishing a validated automatic model for gen-
erating sequence-based annotations was proposed by Bauer and Anzer (2021).
The authors introduced an automated detection of counterpressing situations,
defined as the immediate attempt to regain ball possession after a turnover. This
solution is highly valuable to the community as it facilitates the accurate detec-
tion of counterpressing in relevant situations. Yet, their algorithm is limited to
these specific situations such that a holistic annotation of a soccer match cannot
be performed. Thus, there remains a lack of general automatic approaches that
can provide sequence annotations for soccer matches.

RG 4 Lack of sequence-specific analysis: The previously described lack of validated
sequence annotations for semantically complex concepts has impeded a robust
automatic analysis of specific situations within a match. Although a team behav-
ior analysis has been performed using aggregated match statistics (Fernandez-
Navarro et al., 2016), this approach does not offer fine-grained insights into
specific situations. In contrast, individual ball possession intervals have been
analyzed using manually crafted sequence annotations (Kempe et al., 2014);
however, this method is labor-intensive and potentially subjective.
To tackle these challenges, fine-grained automatic sequence-specific analysis
techniques are highly valuable, as they significantly reduce the workload of
human analysts while improving the objectivity and granularity of the insights
gained. Yet, to be fully accepted by the practitioners community, a critical
requirement of these analysis techniques is a sufficient degree of interpretability.

In this dissertation, these four research gaps are addressed on time scales spanning
from atomic events to sequences, with the goal of integrating automatic, data-driven
applications into practitioners’ workflows.

Chapter 2 provides background information and describes the soccer-specific and
algorithmic methodologies employed throughout this work.

Chapter 3 focuses on RG 1 and RG 2, both relating to the manual annotation of event
data. First, a unified taxonomy for atomic events is introduced (Chapter 3.2). Second,
a synchronization algorithm for position and event data is proposed (Chapter 3.3).

Chapter 4 addresses RG 3 through a novel method to manually annotate and to
automatically detect tactical periodization labels in soccer.

Chapter 5 tackles RG 4 by isolating and analyzing counterattacks in a soccer match.
Finally, Chapter 6 summarizes the results of this dissertation, discusses limitations

and the application to practice, and provides potential directions for future work.
A summary of the discussed research gaps, resulting research questions, and con-

nected articles in this dissertation is provided in Table 1.
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Time
Scale

Research Gap Research Questions Article

Atomic RG 1 Globally valid
atomic event
annotation

RQ 1 How can reliable, validated, and se-
mantically rich manual annotations
for atomic events be created?

I

Atomic RG 2 Synchronization
between event
and position
data

RQ 2 To what extent is it possible to syn-
chronize manual event data with au-
tomatically tracked position data?

II

Sequence RG 3 Globally valid
sequence
annotation

RQ 3A How can reliable, validated, and
contextually rich manual sequence
annotations for team behavior be
created?

RQ 3B Can automatic models accurately
replicate manual sequence annota-
tions?

RQ 3C How can automatic sequence an-
notations enhance common soccer
analysis tasks?

III

Sequence RG 4 Sequence
analysis

RQ 4A To what extent is it possible to cre-
ate isolated ratings for individual
sequences?

RQ 4B How can interpretable, data-driven
insights for optimal sequence-
specific team behavior be gener-
ated?

IV & V

Table 1: Overview of research questions tackled in this dissertation.
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Chapter 2

Background

This chapter first provides an overview of soccer analytics (Chapter 2.1). Then, the
methodological foundations for the used sport-specific concepts (Chapter 2.2) and
algorithmic methods (Chapter 2.3) are described.

2.1 Soccer Analytics
The upcoming chapter introduces soccer analytics by outlining typical workflows in
soccer analyses (Chapter 2.1.1) and discussing common soccer data sources and their
applications (Chapter 2.1.2).

2.1.1 Workflows
The sports science literature commonly classifies sport games into three distinct fami-
lies, based on shared properties, so-called family resemblances (Wittgenstein & Anscombe,
2003):

1. Net and wall games, which have no set time limits and are determined by scores
(e.g., tennis, squash, volleyball).

2. Striking/fielding games, structured in innings (e.g., cricket, baseball).

3. Invasion games (e.g., handball, basketball, rugby), which are played within a set
time and involve directing an object (e.g., ball, frisbee, puck) towards a target
(e.g., goal or basket) to score points.

Soccer is classified as an invasion game, as teams aim to move a ball within defined
boundaries into an opponent’s goal within a set time (IFAB, 2024). The intrinsic
complexity of soccer arises from several factors such as the ball’s properties, the
physical demands of maneuvering the ball primarily with the feet (Davids et al., 2000),
the high running speeds of players (Pino-Ortega et al., 2022), the fluidity of the game
and low degree of structural intervention (G. Liu et al., 2020), the strategic coordination
required among the eleven players on each team.
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Due to this complexity, the importance of strategy in soccer has evolved over the
past decades. This development has led teams to increasingly rely on specialized staff,
such as coaches, managers, scouts, and analysts, to optimize the underlying tasks in a
soccer team including tactical preparation, strategic decisions, and player acquisitions
(Relvas et al., 2010).

These domain experts need to adapt to the rapidly changing environment present
at soccer clubs (e.g., due to a tight schedule with many matches). Still, the detailed
and comprehensive nature of qualitative analyses remain highly valued by practition-
ers (Mehta et al., 2024). Yet, the manual labor involved in this process is often
characterized as cumbersome and time-consuming as analysis results - covering many
players, teams, and competitions - must be regularly updated (Decroos et al., 2018;
Martin et al., 2021; McKenna et al., 2018). This results in a large workload that are
often demanded by practitioners in soccer clubs.

A potential way to lighten this workload is the integration of automated processes
in soccer clubs, with the aim of providing objective assessments and complementing
human judgment (allowing the human to focus on more nuanced tasks).

2.1.2 Soccer Data & Usages
The integration of automatic models in soccer analysis depends on the availability
of input data for training, validation, and evaluation. There exist three primary data
sources in the soccer analysis community:

(i) Video data includes various formats of camera recordings of soccer matches,
such as single-camera tactical views and multi-camera broadcast feeds. Each
frame, an RGB pixel image, varies in resolution depending on the camera setup,
with typical resolutions such as 1280 x 720 pixels for HD. Frames are captured
multiple times per second, determined by the camera configuration. Although
video data generates vast quantities of information, which can pose challenges for
automatic processing (Verma & Agrawal, 2016), it remains a preferred source due
to the extensive insights it provides. Professional match analysts, in particular,
favor video data (Mehta et al., 2024).

(ii) Event data refers to the manual (or semi-automated) notational descriptions of a
soccer match (H. Liu et al., 2013; Wright et al., 2012). A single instance of event
data typically includes the characterization of an event type (from a predefined
catalog), the location on the pitch, and the timestamp of the event. Different event
types range from individual player actions like passes to team-tactical behavior
such as a counterpress. However, individual definitions are not unified and vary
between event data providers (Impect, 2024; StatsBomb, 2024; StatsPerform,
2024; Wyscout Spa, 2024).
Due to its specificity, event data is used in various applications, such as generating
match statistics and aiding video analysis (HUDL Sportscode, 2023; Shih, 2018).
However, while the latter application can significantly reduce analysts’ workloads,
the focus of event data on on-ball actions limits its ability to analyze off-ball
movements and broader tactical contexts (Herold et al., 2022).
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(iii) Position (Tracking) Data captures the xy-coordinates of all 22 players and the
ball on the pitch, with an occasional third dimension (for the ball). Like video
data, position data frames are recorded multiple times per second at a fixed
frequency, which varies between event data providers (Kinexon, 2023; Tracab,
2024; Wyscout Spa, 2024). Optical tracking systems are commonly used due
to their non-invasiveness (Pino-Ortega et al., 2022), but GPS systems can offer
higher accuracy and provide additional metrics like heart rate (Shih, 2018).
In practice, position data is used to assess physical performance metrics, such as
speed or distance covered (SkillCorner, 2024), while applications for analyzing
tactical aspects are currently being developed (Goes et al., 2021).

While research has traditionally focused on individual data sources, integrating
multiple sources offers substantial potential for enhanced insights. For instance, as
demonstrated by Bauer and Anzer (2021), combining position data with event data
can provide a more comprehensive understanding of the match. However, despite the
exploration of this concept, issues with temporal alignment (see RG 2) have complicated
research in this direction.

2.2 Soccer-Specific Methods
This chapter presents the theoretical background of the soccer-specific methods used
to address the domain-specific challenges in this dissertation. First, the notational
description of soccer (Chapter 2.2.1) is discussed. Second, a framework for analyzing
individual sequences in soccer (Chapter 2.2.2) is introduced.

2.2.1 Soccer Annotation Schemes
A common problem in soccer analytics is the analysis of individual soccer-specific
concepts, that are deemed relevant to experts or scientists. Yet, the previously discussed
lack of extensive public databases of expert annotations (Pappalardo et al., 2019) and
automatic algorithms for annotations (see RG 3) necessitates the conduction of manual
expert annotation studies (Decroos et al., 2018; Goes et al., 2021; Pappalardo et al.,
2019).

However, it is problematic that expert annotations in scientific studies are often not
sufficiently validated (see RG 1 and RG 3), as expert annotations often rely on individual
judgment and encompass various factors, such as ball position, player movement, and
team formation. Thus, there exists a clear need for concise, unambiguous, and objective
annotation schemes that offer detailed, granular definitions of annotated concepts and
serve as guidelines to ensure reproducible results.

To facilitate the creation of annotation schemes, several key criteria that promote
validity and comparability are identified. In Chapters 3 and 4 of this dissertation,
these criteria are followed to ensure a transparent design process of the used annotation
schemes.

Given the complexity and dynamic nature of soccer (see Chapter 2.1.1), developing
comprehensive annotation schemes is inherently challenging. To accommodate specific
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use-cases, annotation schemes should be modular and expandable.
To address varying levels of semantic complexity (see Chapter 1.2), annotation

schemes can benefit from a hierarchical structure. This design enables a clear and
concise framework with varying different level of detail, where events can default to
their common properties at a higher hierarchical (parent) level if needed.

Annotation schemes should aim to be minimal and unambiguous, reducing redun-
dancy and promoting clarity. Each class within the scheme should be clearly defined and
distinct, ensuring that every real-time development on the pitch corresponds uniquely
to one annotation class.

Annotation schemes should also strive for a holistic description of a match, ensuring
a comprehensive coverage of all match situations and avoiding blind spots. Yet, this
characteristic must be balanced with the previously discussed criteria of a minimal and
unambiguous annotation scheme.

The key criteria for annotation schemes are summarized below:

C1 Modular and expendable: Schemes should begin with a foundational structure and
enable the integration of detailed, sport-specific modules as needed.

C2 Hierarchical: Schemes should employ a hierarchical structure to manage varying
levels of semantic complexity effectively.

C3 Minimal and unambiguous: Schemes should contain a minimal number of precise,
non-overlapping classes.

C4 Holistic: Schemes should comprehensively describe match situations, ensuring that
no critical developments are overlooked.

2.2.2 Framework for Analyzing Complex Sequences in Soccer
Given the complexity and fluidity of soccer, as outlined in Chapter 2.1.1, segmenting
matches and performing isolated analyses of individual concepts is a promising ap-
proach in sports science (Memmert et al., 2017). While various studies have explored
this strategy, they often focus on either narrow or broad time scales, while intermediate
time scales are less commonly explored.

On shorter time scales, approaches like the expected goals (Anzer & Bauer, 2021)
or expected passes (Dick et al., 2022) predict the outcomes of individual events within
a confined context, leveraging a limited set of possible outcomes. Conversely, larger-
scale analyses predict outcomes across entire matches (Wunderlich & Memmert, 2021)
or even seasons (Groll et al., 2019), relying on aggregated data to simplify complex
individual processes.

However, intermediate time scales, referred to as sequences in this work, present
unique challenges. Sequence-specific analyses on these time scales struggle with defin-
ing a confined analytical environment while also lacking the aggregation benefits of
broader time scales. To address these challenges, a framework that streamlines the
identification and analysis of sequences is introduced and applied in Chapter 5 of this
dissertation.

19



F1 Identify sequences of interest

F4 Assess the predictive capability of these 
features for the success of sequences.

F3 Construct comprehensible features based on
sequence-specific assumptions

F2 Define precise, data-driven, and 
sequence-specific success criteria.

F5 Build a predictive model based on previously
identified relevant features

Figure 2.1: Framework for Analyzing Complex Sequences in Soccer, displayed as a
flowchart.

The first step of the framework is the precise, rule-based definition of sequences
of interest. As highlighted in Chapter 1.2, converting colloquial terms into rule-based
definitions is a critical, yet often overlooked, component for reliable analyses

Secondly, quantifying the impact of the identified sequences of interest on match
outcomes is challenging, due to the variability of success strategies in soccer (as
discussed in Chapter 2.1.1). The framework addresses this problem by establishing
precise, data-driven, sequence-specific success criteria that provide a comprehensive
description of sequence outcomes, enabling clear assessments of success.

Next, even with well-defined sequences and success criteria, the inherent complexity
of individual actions within sequences necessitates the creation of comprehensible
features. These features should be specifically tailored to describing the sequence
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developments and should be evaluated for their predictive power in relation to sequence
success.

The critical evaluation is essential before finally advancing to the development of
predictive models based on the identified relevant features. The framework can be
represented as a successive list of actions, summarized in Figure 2.1.

2.3 Algorithmic Methods
This chapter provides the theoretical background for two key machine learning problems
and algorithms relevant to this dissertation. An overview of time series event detection
methods is given in Chapter 2.3.1 and different models for the binary classification
problem are introduced in Chapter 2.3.2.

2.3.1 Time Series Event Detection
In time series analysis, an event is defined as a recurring pattern within the time series
that holds particular significance for the user (Guralnik & Srivastava, 1999). The
characteristics of such events can vary, including peaks, level shifts, or changes in
spectral patterns, depending on the application (Gensler & Sick, 2018).

Event detection in this context refers to identifying the specific time points at which
events occur, also known as change point detection (Guralnik & Srivastava, 1999).
Applications of time series event detection include traffic monitoring, web access
logging, and medical diagnostics (Ihler et al., 2006).

Numerous algorithms, including popular machine learning methods, have been
developed to address this problem. However, Makridakis et al. (2018) found that
classical statistical approaches often outperform machine learning algorithms while
also being computationally less expensive. One example of a statistical approach is the
SwiftEvent algorithm for time series event detection (Gensler & Sick, 2018), which is
applied to a soccer-specific event detection problem in Chapter 3.3.

SwiftEvent Algorithm SwiftEvent is an efficient algorithm developed for detecting
events in time series data with a single pass over the dataset.

Therefore, SwiftEvent first uses a sliding window approach to segment time series
data into windows that either do or do not contain events of interest. The algorithm then
transforms the segmented data into points within a low-dimensional feature space, con-
sisting of a concise set of descriptive features that effectively capture the characteristics
of the events of interest. This transformation results in a distinct separation within the
feature space between windows containing events of interest and those without. This
separation is leveraged in a training step.

During training, data points in the low-dimensional feature space are assigned an
event label if that event occurred at the center of the corresponding time series window.
This labeling process is repeated for each data point, resulting in the formation of clusters
containing points with differing labels. To complete the training, these clusters are
used to parameterize multivariate Gaussian distributions, encapsulating the statistical
characteristics of each cluster.
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Finally, the Gaussian distributions are used to perform event detection in unseen
time series. The time series is segmented and transformed into a low-dimensional
feature space. For each data point generated in this manner, Mahalanobis distances are
computed to each of the multivariate Gaussian distributions. An event is detected for
a data point if the Mahalanobis distance to a multivariate Gaussian distribution falls
below a previously determined threshold and is lower than the distance to all other
distributions.

A significant advantage of this process is its ability to detect events that reoccur with
slight variations (such as changes in time or magnitude) even when normally distributed
noise is present. Despite these variations, events can still be accurately detected and
assigned to the correct event class. Moreover, the efficient and relatively simple training
procedure, which does not require a large number of labeled samples, makes SwiftEvent
well-suited for event detection tasks related to soccer. For more detail on SwiftEvent
refer to Gensler and Sick (2018).

2.3.2 Binary Classification
Binary classification is a fundamental task in machine learning, where the objective
is to categorize data points into one of two distinct categories based on a set of input
features. This process involves using an input vector that represents the characteristics
of a data point to determine its class. Each data point must be assigned to one of the
two categories, with no possibility for a third option such as undecided.

Binary classification problems are typically approached within the context of su-
pervised learning, where each data point is labeled with its true class. These labels
are crucial for guiding the training of the machine learning model and evaluating its
performance on unseen data.

Numerous supervised machine learning algorithms are available for binary classifi-
cation, each varying in complexity. In the upcoming chapter, two of those architectures
are presented and an overview of popular metrics used for binary classification is given.
For a more detailed discussion of the architectures and the binary classification problem,
refer to Bishop and Nasrabadi (2006).

Metrics for Binary Classification

A common metric for evaluating model performance in binary classification tasks is
class accuracy. This metric is easily interpretable. For a given class, it represents the
ratio of correctly classified data points to the total number of data points classified to
be of that class. However, in highly imbalanced binary classification problems, class
accuracy can be misleading. For example, if a classifier always predicts the majority
class and never predicts the minority class, its accuracy will correspond to the frequency
of the majority class. This can result in high accuracy values, even though the minority
class is never correctly classified. To address this issue, commonly used metrics such
as precision and recall are often preferred.

For a given class, precision describes the ratio of correctly classified data points to
the total number of data points predicted to belong to that class. It answers the question:
’If the output class was predicted, how often was the prediction correct?’. Recall is the

22



ratio of correctly classified data points of that class to the total number of data points of
that class. It answers the question: ’How many of the total data points of the given class
were correctly predicted?’. Finally, the F1-score is calculated as the harmonic mean of
precision and recall, combining both metrics into a single value.

Logistic Regression

Logistic regression is often used as a baseline for comparison with more complex
models. In this dissertation, logistic regression is applied in Chapters 4 and 5.

Logistic regression belongs to the family of probabilistic discriminative models,
which focus on maximizing the likelihood function based on conditional class dis-
tributions—a technique known as discriminative training. Before applying logistic
regression, the original input vector is transformed into a feature space, often using a
fixed nonlinear function. This approach ensures that while the decision boundaries in
the feature space are linear, they correspond to nonlinear decision boundaries in the
original input space, enabling logistic regression to model more complex relationships
between variables.

At the core of logistic regression is the formulation of the posterior probability of
class membership using a sigmoid function. This function maps the transformed feature
space to a probability between 0 and 1, representing the likelihood that a data point
belongs to a particular class. In an 𝑀-dimensional feature space, the model will have
𝑀 adjustable parameters to optimize. Fitting the adjustable model parameters involves
maximizing the likelihood of the observed data. Thus, an error function is defined
as the negative logarithm of the likelihood. The parameters are iteratively updated to
minimize this errorx. This process continues until the model converges to a set of
parameters deemed optimal.

Neural Networks and Backpropagation

A neural network is an example of a more complex machine learning architecture. In
this dissertation, neural networks are applied in Chapter 4.

Neural networks are a class of supervised machine learning architectures that per-
form a series of matrix-vector multiplications to transform an input vector into an
output. Due to their flexible structure, they are a popular choice for binary classification
problems.

Neuron Neural networks are designed to emulate the functioning of the human brain
(Rosenblatt, 1958), with their basic building block known as a neuron. Similar to
biological neurons, which process and transmit information, the artificial neurons in a
neural network transform multi-dimensional input data into a one-dimensional scalar
output. This transformation involves two fundamental components: the parameters of
the neuron and the activation function.

The parameter vector of a neuron consists of weights, each multiplied by corre-
sponding elements of the neuron’s input. Additionally, it contains a unique weight,
known as the bias, which is not directly multiplied with an input element but is added to
the weighted sum of the inputs. While the parameter vector is adaptable and modified
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during training, the activation function is predefined and remains fixed. It operates
on the weighted sum of the inputs, including the bias, to produce the neuron’s output.
Consequently, the weights and the bias are referred to as the trainable parameters of the
neuron.

Feed-Forward Neural Network Similar to the processes in the human brain, a mul-
titude of interconnected neurons is required to work together to create meaningful
outputs. In artificial neural networks, the parallel connection of multiple neurons is
known as a perceptron (Rosenblatt, 1958). Each individual neuron within the percep-
tron processes the same input simultaneously. Thus, the neurons collectively determine
the perceptron’s output, where the number of neurons directly affects the output size.

Due to the simple linear operations executed by a single neuron, the computational
power of a single perceptron is inherently limited. To overcome this limitation, it is
common practice to concatenate multiple layers of perceptrons, forming what is known
as a multilayer perceptron (Rosenblatt, 1958). To build this type of structure, a second
perceptron is added to the first, with each neuron in the second perceptron receiving
the outputs from the neurons of the first perceptron. This configuration, known as a
two-layer feed-forward neural network, can be further expanded by adding more layers;
in practice, so-called deep neural networks often consist of several layers.

Network Training During network training, the trainable parameters of a neural
network are adjusted to minimize an error function that depends on these parameters.
The objective of network training is to minimize this error function, which is often
visualized as navigating a geometric landscape to find the point where the error function
reaches its lowest value, representing the optimal parameters.

To guide this search, the error gradient is computed. The gradient indicates the
direction of the steepest increase in the error function, based on the current parameter
values. The training process involves searching for a point in the weight space where
this gradient is zero. At this point, no further adjustments to the parameters can reduce
the error function value, indicating that the optimal parameters have been found.

Given the complexity of analytically identifying where the gradient is zero, an
iterative numerical search technique is typically employed. This process begins with
a randomly initialized parameter value, which is updated successively. Updates are
made using the gradient information at the current parameters to take small steps in the
direction of the negative gradient, with the step size being determined by the learning
rate. Due to the geometric interpretation of the error function, this method is known as
gradient descent.

To evaluate the gradient effectively at the current weight vector, the backpropagation
method has been developed (LeCun et al., 1988; Rumelhart et al., 1986). This technique
involves propagating partial derivatives backward through the network, from the output
layer towards the input layer, using the chain rule of calculus. By first calculating
the derivatives in the last layer and storing these values, the algorithm can recursively
compute the derivatives for preceding layers. This enables efficient gradient evaluation
independent of the network’s specific topology.
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Chapter 3

Atomic Event Annotation of
Soccer Matches

This chapter addresses the challenge of creating reliable and synchronized event data
for soccer matches and examines associated issues, previously summarized in RG 1 and
RG 2.

Chapter 3.1 outlines the state-of-the-art annotation principles used by event data
providers and explains how these principles may lead to issues with validity and tem-
poral precision.

Chapter 3.2 proposes an innovative event data annotation framework in the form of
a unified, hierarchical taxonomy of events in invasion games, addressing RQ 1. It is
based on the content of Article I.

Chapter 3.3 presents time-series event detection techniques and introduces an algo-
rithm for refining event data temporally, contributing to the answer for RQ 2. It presents
the content of Article II.

3.1 Principles of Annotation by Event Data Providers
A significant portion of the event data used by soccer clubs is provided by companies
such as Impect (2024); StatsBomb (2024); StatsPerform (2024); Wyscout Spa (2024),
referred to as event data providers in this work. Although scientific institutes have
released open event data sets (Pappalardo et al., 2019), these datasets have limited
coverage as they contain only selected competitions within a certain time span. This is
insufficient for clubs that, as discussed in Chapter 2.1.1, require continuously updated
event data across various competitions worldwide.

The data from event data providers relies on human annotators who analyze video
footage to assign predefined event classes (H. Liu et al., 2013). This process has been
reported to be highly time-consuming, requiring up to two hours and three expert anno-
tators per match, depending on the desired level of granularity and validity (Pappalardo
et al., 2019).
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The range of event classes available for annotation is based on specific definition
catalogs, which generally include basic events like shots or passes. However, these
catalogs differ in their definitions and incorporation of more nuanced events. For
instance, StatsBomb’s catalog includes the event type fifty-fifty to denote a challenge
between two players for the ball (StatsBomb, 2024). Yet, this event type is absent from
StatsPerform’s catalog, which instead includes various other event types such as tackle,
take-on/dribble, or smother (StatsPerform, 2024). Although the overall inter-annotator
validity of data from event data providers has been confirmed, significant discrepancies
have been observed regarding agreement on more specific event classes, as well as
temporal misalignment between events annotated by different annotators (Anzer &
Bauer, 2021; H. Liu et al., 2013; McKinley, 2019).

To standardize data from various event data providers, the universal event language
SPADL has been introduced by Decroos et al. (2019). This language supports post-hoc
unification of events from different event data providers, integrating them to joined
event classes. While their approach is an important step toward unifying event data
in soccer, it inevitably overlooks specific information unique to a single event data
provider’s annotations. Additionally, it cannot resolve differences in event definitions
across different catalogs.

In this regard, two research gaps were previously identified. RG 1 discusses how
comparing event annotations from different event data providers can be challenging,
due to unclear inter-annotator agreement and validity of different event classes. Fur-
thermore, RG 2 explains the previously reported temporal misalignment of event data
with position and video data (Anzer & Bauer, 2021). To address these research gaps,
the upcoming chapter validates a unified, hierarchical taxonomy for events in invasion
games using a multi-expert set of atomic event annotations (Chapter 3.2). Furthermore,
a temporal refinement algorithm for event data is developed and evaluated using a set
of precisely annotated pass events (Chapter 3.3).

3.2 Unified Taxonomy for Events in Invasion Games
This chapter outlines the design of a unified taxonomy for event annotation. First,
prior research that underscores the lack of comprehensive definitions for player-ball
interactions is reviewed (Chapter 3.2.1). Then, insights from the related work are used to
develop a hierarchical taxonomy for events applicable to invasion games (Chapter 3.2.2).
Finally RQ 1 is addressed (Chapter 3.2.3).

3.2.1 Previous Research
While Dodge et al. (2008) made initial efforts to define overarching concepts of player
movement patterns, specific developments in invasion games, such as player-ball in-
teractions, remain less explored. For instance, although the concept of a rebound has
been thoroughly analyzed in sports like handball and basketball (Burger et al., 2013;
Evangelos & Nikolaos, 2004), a similar analytical approach for soccer was only recently
proposed by Litwitz et al. (2024).
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The computer vision community has explored various types of events in soccer (Naik
et al., 2022). Deliege et al. (2021) introduced soccer event categories with definitions
encompassing meta, on-ball, and referee-based events. While they achieved high accu-
racy in automatically detecting these events from video data, their focus on fundamental
characteristics of soccer broadcast videos (such as substitutions, ball out-of-bounds,
yellow cards) limits the number of event classes related to player-ball interactions. In
contrast, the openly available dataset of manually collected soccer events published
by Pappalardo et al. (2019) places a greater emphasis on such. However, despite the
inclusion of these event classes, the authors did not provide detailed event definitions
and did not report inter-annotator agreement.

Decroos et al. (2019) have introduced a streamlined language for describing event
data from different event data providers in a unified format. The format integrates
a multitude of definitions from the underlying event catalogs of different event data
providers into shared classes. However, to our knowledge, no validation study on
inter-annotator agreement for these event definitions has been conducted. Similarly, the
FIFA has proposed a unified language with guidelines on annotating different sections
of a soccer match (FIFA, 2022), but we are not aware of an annotation study validating
these definitions.

Recognizing the importance of standardizing domain-specific concepts for soccer
annotation, Fernandes et al. (2019) introduced an observational instrument for defensive
sequences, achieving sufficient inter-annotator agreement between experts. Yet, the
annotation scheme is limited towards the frame-wise description of atomic events.
J. Kim et al. (2019) proposed a taxonomy for analyzing offensive sequences but did not
conduct inter-annotator validation. To our knowledge, no unified annotation scheme
for atomic events in soccer has been proposed.

3.2.2 Design of Taxonomy for Atomic Events
To address the shortcomings in practical applications and theoretical literature (see
RG 1) a unified, hierarchical taxonomy for atomic events was proposed in Article I.
This taxonomy was designed to facilitate event annotations for invasion games, with
a specific focus on soccer. In the design process of the taxonomy, the criteria for
annotation schemes (see Chapter 2.2.1) were followed and insights from discussions
with domain experts were incorporated. Three categories of taxonomy classes were
defined, all based on fundamental properties common to invasion games.

First, the concept of activeness was addressed. Activeness is defined by the
rules (IFAB, 2024) and refers to actions governed by the referee, such as interrup-
tions, resumptions of play, ball repositioning, and sanctions for players. Events that
result in changes to activeness were summarized in the highest level of the taxonomy,
with additional contextual information added at lower hierarchical levels.

Second, the concept of ball possession was examined. This concept refers to the
assignment of the ball to a player or team. Traditionally, ball possession has been
attributed to one of the two teams at all times; however, a third category, undefined
possession (under contest), has recently been introduced (FIFA, 2022). Yet, as this
assignment can be challenging, it was found that common convention is to maintain the
ball possession assignment of the last player until a new player can be clearly identified.
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Thus, all events that trigger a turnover (change in ball possession), were encapsulated
under the second category of the taxonomy.

Third, the individual interactions of players with the ball were studied. It was was
found that these interactions are strongly intertwined with the concept of ball possession,
as they typically initiate or terminate an individual ball possession phase (Link &
Hoernig, 2017). Therefore, the technical skill at the beginning of an individual ball
possession was defined as a ball reception while the end of an individual ball possession
was defined as a ball release. At the lower levels of the hierarchy, it was further
differentiated between the underlying cause (intentional or unintentional) and specific
movements and intentions (e.g., shot or pass). All of these events were compiled in the
third category of the taxonomy.

For a visualization of the taxonomy structure, refer to Figure 2 in Article I. Detailed
definitions of the individual taxonomy classes can be found in the Appendix of Article I.

3.2.3 Answer to Research Question 1 (RQ 1)
Article I performed a validation study involving the annotation of taxonomy events for
handball and soccer by nine annotators, where experts and inexperienced annotators
were consulted. For each event class in the taxonomy, both, the agreement of the
specific event type and the temporal alignment were measured.

For the event classes concerning activeness and ball possession, a byproduct of the
atomic event annotation were signals with a duration (e.g., atomic events for activeness
resulted in phases of active and inactive match). For these signals, annotator agreement
was measured as the ratio of temporal intersection of two annotators over the total
temporal union of their annotations. The results confirmed the validity of the proposed
taxonomy for game status event. For activeness, a high average of 0.92 was achieved.
For ball possession, the intersection over union decreased to 0.78, confirming a general
validity, but leaving some room for future improvement of the ball possession definition.
One possibility for such an extension would be adding an undefined ball possession
option, as proposed by the FIFA (2022). Notably, the strong agreement values held
for the comparison of experienced and inexperienced annotators, demonstrating the
flexibility and clarity of the involved definitions.

For atomic events annotation, inter-annotator agreement was measured using the
number of cases where two annotators annotated the same event type within 0.44
seconds. Here, for the ball release event, situated at the top of the hierarchy, a strong
annotator agreement of 93% was found. However, for more semantically complex events
at lower hierarchy levels, the annotator agreement declined. For example, the agreement
for the intercepted pass drastically decreased to 45%. This finding emphasized the
importance of using a hierarchical annotation scheme and supported the placement of
events with varying semantic complexity at different levels within the hierarchy.

Another finding of Article I was that successful events generally showed stronger
agreement compared to unsuccessful defensive events. For example, for the uninten-
tional release event, even though the tolerance window was increased to 2.04 seconds,
the annotator agreement was only at 18%. This highlighted the need for clearer defini-
tions of unsuccessful defensive components in soccer event annotation schemes.
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In response to RQ 1, the proposed unified annotation scheme, which generalizes
across invasion games, offers a methodological way to create rich event annotations
in soccer. The multi-expert validation of event classes and the use of a hierarchical
structure to capture semantic complexity (see Chapter 1.2) were particularly important
components of the proposed annotation scheme. Essentially, the latter provided the
possibility to integrate diverse event annotations into a shared parent class which allows
users to account for expert disagreement in individual events. Thus, when adhering to
the guidelines for annotation schemes in soccer (Chapter 2.2.1), it is generally possible to
create atomic event annotations that are reliable, valid, contextually rich, and granular.

3.3 Algorithm for Synchronizing Event and Position
Data

This chapter introduces a synchronization algorithm for event and position data, de-
signed to address the temporal misalignment identified in RG 2. First, existing litera-
ture on synchronization and event detection with a specific focus on soccer is reviewed
(Chapter 3.3.1). Next, a time series event detection algorithm is refined for synchro-
nizing pass events in soccer (Chapter 3.3.2). Finally, it is discussed how the proposed
algorithm improves the synchronization between event and position data and RQ 2 is
addressed (Chapter 3.3.3).

3.3.1 Previous Research
Time-series event detection involves identifying distinct patterns within time-series
data. Techniques for detecting these events range from classical statistical methods to
modern machine learning approaches. Notably, Makridakis et al. (2018) have suggested
that classical statistical methods often outperform machine learning algorithms for this
task. One example of a classical approach is the SwiftEvent algorithm, proposed by
Gensler and Sick (2018) and introduced in Chapter 2.3.1.

In soccer research, time-series event detection was frequently employed, although
most studies focused on video data (Deliege et al., 2021; Fakhar et al., 2019), audio
data (Sanabria et al., 2019), or social network data (Wunderlich & Memmert, 2020).
Thus, these approaches were primarily proposed for automatic summarizations of soccer
matches, such as creating highlight reels, rather than for fine-grained event detection
that could assist in data synchronization.

Sanford et al. (2020) applied a method for time-series event detection to player-ball
interactions. The authors focused on the fine-grained detection of passes, shots, and
receptions with deep neural networks using position and video data. Their results
showed high F1-scores of 0.7 to 0.8 for the examined event types, however, their study
included several systematic issues. First, the annotations from event data providers used
for training and testing were not validated for temporal accuracy or semantic validity.
As a result, neither inter-annotator agreement nor consistency in event definitions was
addressed. This limitation affected the reliability of their findings, as inaccurate event
annotations possibly hindered consistent and accurate assessments of fine-grained event
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detection. Second, the authors used an evaluation metric that groups detected passes
with their nearest ground truth counterpart, which may have led to a biased accuracy
since the potential impact of many-to-one mappings was not accounted for.

A more tailored approach to event synchronization was presented by Anzer and
Bauer (2021), who proposed a refinement step that uses player-ball distances and
ball acceleration to adjust the timestamps of shots the event data. Their refinement
significantly improved the temporal alignment of position and event data. However,
since this synchronization step was part of a broader analysis, the authors did not provide
detailed insights into the underlying design choices and limitations. Additionally, an
extension of their algorithm to event types (such as passes) was not performed.

Recently, Van Roy et al. (2023) have proposed a rule-based approach, called ETSY,
for synchronizing event and tracking data. They extended the previous work by Anzer
and Bauer (2021) to enable the synchronization of various event types. Therefore,
they proposed to ingest both position data and locations contained in the event data to
compute a likelihood function around the timestamp of the event. Thus, they assigned
the annotated event to the timestamp of the maximum likelihood value. This publicly
available approach has been highly valuable to the community, as it was empirically
shown to decrease the misalignment of the event to the position data. Yet, the hand-
crafted rules of ETSY for computing the likelihood function have not been compared to
algorithmic approaches. Furthermore, it requires the location of the event, which may
not always be available in the event data.

3.3.2 Pass Event Refinement with SwiftEvent
Article II focused on the temporal misalignment between event data and position
data, summarized in RG 2. Unlike previous efforts (Anzer & Bauer, 2021), this study
specifically targeted pass events in soccer, chosen for their high frequency and relatively
clear definition (Aquino et al., 2017).

As previously reported by Anzer and Bauer (2021), the independent collection
of position and event data, with each system operating on its own clock, leads to a
systematic offset between the two data sources. In addition to this offset, a human error
in the event data was found to further contribute to misalignment, causing discrepancies
between the recorded event (e.g., a pass) and the corresponding event in the position
data (e.g., the frame where the ball leaves the player’s foot).

Since the systematic offset can be easily accounted for (Anzer & Bauer, 2021),
Article II focused on correcting the human error in the data by applying a refinement
algorithm for passes. The algorithm modified SwiftEvent by Gensler and Sick (2018).
Thus, player-ball distances and ball acceleration were computed from the position data,
transformed into a low-dimensional feature space, and used to train the pass event
detection. For ground truth, a manual set of precisely annotated pass events was used.

To refine pass events in a frame-wise manner, the probabilities from SwiftEvent were
combined with a search window around the event timestamp. Thus, the pass event was
assigned to the timestamp with the maximum pass probability in the search window,
similar to the approach of Van Roy et al. (2023).
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3.3.3 Answer to Research Question 2 (RQ 2)
The results of Article II demonstrated the benefits of refining pass annotations from event
data providers using SwiftEvent. In the examined dataset, the temporal misalignment of
passes between event and position data was lowered from 2.34 seconds to 1.4 seconds.
Furthermore, the ratio of passes with a relatively small misalignment of less half a
second increased from 14% to 70%.

In a comparative analysis SwiftEvent outperformed rule-based and logistic regres-
sion-based refinement algorithms. The overall validity of the results was reinforced by
a matching logic that ensures one-to-one mappings between ground truth and refined
passes.

However, despite the significant reduction of provider-based temporal errors, SwiftEvent
was unable to reduce the average temporal error to below one second. This limita-
tion suggested that perfect synchronization between event and position data cannot be
achieved using SwiftEvent. Beneath shortcoming of the algorithm, this can be attributed
to noise in the data, where passes were sometimes completely absent from the event
data or where the position data tended to show unrealistic spikes in some occasions.

Yet, SwiftEvent proved valuable for cases where a pass in the event data did not
align with a corresponding behavior in the position data. This unrealistic behavior was
successfully detected using SwiftEvent with a threshold for outcome probability of the
refined pass. Results of this outlier detection showed that for certain thresholds, the
average player-ball distance of the excluded events at the moment of the pass was as
high as 25 meters.

In response to RQ 2, synchronization of event and position data can be significantly
enhanced using an automatic event detection algorithm. However, challenges remain
especially for less recent datasets (e.g. from the 2014/15 season) where the included
noise and the non-available event location complicate an accurate synchonization. Thus,
a fair comparison of SwiftEvent with related algorithms using this event location (Anzer
& Bauer, 2021; Van Roy et al., 2023) is not possible. In that sense, applying SwiftEvent
to newer datasets is an interesting perspective for future work.

To conclude, for cases where precise, frame-exact synchronization are required,
manual inspection of individual cases is still necessary. When using automatic event
detection methods, it is crucial to thoroughly evaluate their performance and eliminate
any potential many-to-one mappings that could bias the evaluation metrics.

31



Chapter 4

Sequence Annotation of Soccer
Matches

This chapter turns from the previously evaluated atomic events (Chapter 3) to the chal-
lenge of generating semantically complex annotations for sequences in soccer matches,
as highlighted in RG 3. Thus, it summarizes the content of Article III.

First, Chapter 4.1 presents the concept of tactical periodization and discusses its
potential as a blueprint for sequence annotations.

Next, Chapter 4.2 outlines the process of translating the practical concept of tactical
periodization to a quantifiable, frame-by-frame scheme, aimed at addressing RQ 3A.

Chapter 4.3 explores how this annotation scheme enables the creation of an auto-
matic annotation model for sequences, providing insights into RQ 3B.

Finally, Chapter 4.4 presents a use-case for the automatic annotation model and
addresses RQ 3C.

4.1 Tactical Periodization in Practice
One of the previously discussed differences between soccer and US sports is soccer’s
general lack of structured play. In US sports like basketball and American football,
clear ball possessions, distinct offensive and defensive phases, and enforced dynamics
through time and space restrictions are present, whereas soccer lacks similar structuring
rules.

This absence of clear divisions in play creates challenges for sports analytics in
soccer, as it complicates the evaluation and comparison of recurring sub-components
of a match. Moreover, tactical concepts in soccer are often tied to situation-specific
player behavior, requiring a reliable method for accurately identifying these situations.

Practitioners have addressed the lack of structure in soccer through the concept of
tactical periodization, a method that segments matches into distinct moments of play.
This approach aids in contextualizing match analyses and formulating clear, situation-
specific guidelines for players (Hewitt et al., 2016). Therefore, the fundamental concept
of ball possession has been used to structure a match into five distinct moments of
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play: established offense, established defense, offensive transition, defensive transition
(which both occur shortly after a change of ball possession), and set piece. These
moments of play logically reflect the flow of the match, as changes from established
offense to established defense and vice versa must always pass through the respective
transition phases.

While the first four moments of play are collectively referred to as open play, the
fifth moment, set piece, originates from game restarts such as free kicks, corners, or
throw-ins (Sousa & Garganta, 2001). This category is unique because it can precede
and follow any of the other four moments of play and lead back to them. Moreover, due
to their potential for creating scoring opportunities and distinct positional arrangements,
set pieces enjoy a strong strategical importance (Sousa & Garganta, 2001).

However, based on previous findings of decreasing expert agreement with increas-
ing semantic complexity (discussed in Chapter 3.2), it was expected to encounter similar
challenges with the semantically complex concept of periodization. Thus, reviewed ex-
isting research was carefully reviewed with the aim of translating tactical periodization
into a reliable, quantified annotation scheme.

4.2 Formalization of Tactical Periodization
Building on the previously established annotation scheme for atomic events (Chap-
ter 3.2), this chapter follows a similar approach to develop an annotation model for tac-
tical periodization. First, related work is reviewed (Chapter 4.2.1). Then, a hierarchical
annotation scheme is derived (Chapter 4.2.2) and RQ 3A is addressed (Chapter 4.2.3).

4.2.1 Previous Research
Various studies have analyzed the tactical implications of play across the five moments
of play using manual annotations or correlations with match statistics (Hewitt et al.,
2016). Notably, Kempe et al. (2014) provided a dichotomous description of offensive
play, introducing a metric that categorizes an offensive ball possession sequence into
two contrasting styles: direct play and possession play. The authors characterized direct
play as a quick, vertical playing style with few passes per sequence, and possession play
as slower, longer periods of play with more passes and greater ball retention. While
the proposed metric was successfully validated through multi-expert inter-annotator
agreements, the original study only assigned one label per sequence, thus limiting the
possibility for more fine-grained analyses.

Regarding defensive moments of play, the concept of team pressure (varying levels
of urgency with which a team attempts to regain ball possession) has been examined
by various studies. Andrienko et al. (2017) developed a computational approach to
quantify individual team pressure based on player velocities and inter-player distances.
However, the authors did not present an expert validation study to assess the algorithm’s
suitability, particularly concerning team-wide group dynamics and behavioral patterns
associated with team pressure (Forcher et al., 2022). Conversely, Bauer and Anzer
(2021) introduced the notion of team pressure specifically during counterpressing. They
formalized their concept as an effort by a team to regain ball possession immediately
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after losing the ball. The used counterpressing definition was validated based manual
annotations with high pairwise accuracy between two domain experts, confirming its
reliability. Yet, they did not extend their approach towards a more holistic description
of defensive behavior.

In contrast, a systematic framework for the holistic annotation of defensive team
behavior was proposed by Fernandes et al. (2019). The authors defined a variety of
fine-grained observational classes for defensive behavior and distinguished between
defenders controlling space, delaying the attack, forcing the opponent direction, and
reducing space. However, while their approach was tailored towards the notational
analysis of individual players, the required degree of detail interferes with the broader
notion annotating team behavior, leaving the applicability of the framework for tactical
periodization uncertain.

4.2.2 Design of Annotation Scheme for Match Phases
To address RG 3 regarding the absence of frame-wise sequence annotations for seman-
tically complex contextual concepts, Article III proposed a hierarchical, frame-wise
annotation scheme for tactical periodization. Similar to the previously developed tax-
onomy for atomic events (see Chapter 3.2) this scheme followed the criteria, outlined
in Chapter 2.2.1. The scheme used a hierarchical structure, progressively refining class
definitions through step-wise extensions in semantic complexity. The individual classes
of the annotation scheme for tactical periodization were referred to as match phases.

The annotation scheme contained six distinct match phases, defined for active parts
of the match. Furthermore, it was designed as a succession of pair-wise hierarchical
binary decisions. The binary decisions included open play vs. set pieces, as well as
the assignment of ball possession (offense vs. defense) for both of these match phases.
Finally, for open play it was further distinguished between possession play vs. direct
play for offensive open play, and, respectively, team pressure vs. no team pressure for
defensive open play. For further details on the individual definitions used within the
annotation scheme, refer to Article III, Chapter 4.3. For a visualization of the annotation
scheme, see Article III, Figure 2.

4.2.3 Answer to Research Question 3A (RQ 3A)
The results of the three-expert annotation study in Article III were measured for each
of the step-wise binary decisions using Cohen’s kappa scores (Cohen, 1960).

The lowest agreement of 0.66 was measured for offensive set piece vs. defensive set
piece, which still corresponded to a substantial agreement according to Cohen (1960).
Further analysis of this case showed that the low expert agreement was caused due to
disagreement about the precise endpoint of a set piece, where two out of three annotators
frequently shifted to open play while one remained with set piece.

For the remaining decisions, higher Cohen’s kappa scores were obtained. The
expert’s annotated open play vs. set piece with an almost perfect agreement of 0.85.
Similarly, almost perfect agreement of 0.89 was achieved for the distinction of offensive
open play vs. defensive open play. For the ultimate decisions of possession vs. direct
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play and team pressure vs. no team pressure, the results showed substantial agreement
with kappa scores of 0.78.

Overall, the inter-annotator agreement confirmed the general validity of the an-
notation scheme and the match phase definitions. The decreasing expert agreement
when moving down the hierarchy (e.g., from open play vs. set piece to the concepts of
possession play, direct play, and team pressure), validated the step-wise hierarchical
structure used to manage semantic complexity. Moreover, the variance in the granular
expert agreement supported the approach of disentangling each match phase annotation
as a series of sequential binary decisions.

Interestingly, the findings from Article I regarding decreased expert agreement with
increasing semantic complexity were replicated in Article III, further highlighting the
benefits of a general hierarchical structure for soccer annotation schemes.

To answer RQ 3A, the implemented annotation scheme for tactical periodization
facilitates the creation of semantically complex sequence annotations with substantial
to perfect inter-expert agreement. This demonstrates the feasibility of applying the
general criteria for soccer annotation schemes, outlined in Chapter 2.2.1, for developing
semantically complex conceptualizations.

On the contrary, the expert disagreement about set pieces highlighted the need to
refine their temporal end point definitions to improve clarity and reliability. More-
over, the annotation scheme did not provide a holistic description (see Chapter 2.2.1)
of team-tactical behavior. Commonly used concepts like chance creation, build-up
play, counterattacks, and transitions (Seidenschwarz et al., 2020) may have not been
adequately represented within the scheme. Yet, given the already present decrease in
agreement, adding such concepts to the annotation scheme could potentially reduce its
validity. Therefore, developing sequence annotation schemes for semantically complex
concepts require methodical formalization and careful assessment of the introduced
complexity. This process should include conducting multi-expert validation experi-
ments to ensure the robustness and reliability of the annotation scheme.

4.3 Automatic Detection of Match Phases
The upcoming chapter explores the implementation of automatic sequence annotation
models. First, previous research on detecting individual match phases is introduced
(Chapter 4.3.1). Next, automatic models for match phase prediction are proposed
(Chapter 4.3.2). Finally, the performances of these models are compared and RQ 3B is
addressed (Chapter 4.3.3).

4.3.1 Previous Research
Although many studies have focused on the broad detection of specific team behavior,
the frame-wise automatic detection of tactical periodization in soccer has less frequently
been explored.

The concept of activeness was successfully automated by Lang et al. (2022), who
trained an AdaBoost model (Freund & Schapire, 1995) using manually annotated ac-
tiveness annotations and position data. The authors reported high frame-wise accuracy,
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effectively automating the prediction of game status using position data.
Regarding the concept of ball possession, Link and Hoernig (2017) developed an

unsupervised method to detect individual player ball possession based on proximity to
the ball and ball acceleration. Although the authors reported high agreement of the
algorithm’s output with single annotator assessments, it did not undergo a multi-expert
validation, leaving its practical performance uncertain.

H. Kim et al. (2022) leveraged the drastic formation changes of teams during set
pieces to automatically detect them. They identified change points in role-adjacency
matrices to detect situations where players’ spatial arrangements and movements sig-
nificantly deviated from typical play. Yet, the authors only qualitatively evaluated their
approach while a detailed multi-expert frame-wise validation was not reported.

Bauer and Anzer (2021) detected counterpressing with a XGBoost model (Chen
& Guestrin, 2016) using on position data and validated manual annotations. They
reported a high model accuracy, confirming the model’s effectiveness in accurately
detecting counterpressing.

However, despite these advancements in detecting individual components of tactical
periodization, no comprehensive model combining these approaches into a unified
system for periodization has yet been proposed.

4.3.2 Models for Automatic Detection
Article III used multi-expert sequence annotations from the previously introduced anno-
tation scheme for tactical periodization to explore the automatic, frame-wise detection
of match phases. As noted by Raabe et al. (2023), when using position data, comparing
various data representations is essential, particularly in fields where prior research is
limited. In Article III, three data representations were compared:

1. Position representation: Composed by stacking the normalized xy-coordinates
of the player- and ball-positions into vectors.

2. Feature representation: Contained common features from the literature associ-
ated with match phases. (i) Defensive components metrics such as player-player
distance, player-ball distance, and player velocity, to capture team pressure and
assist with ball possession allocation (Andrienko et al., 2017; Link & Hoernig,
2017). (ii) Offensive component metrics such as the number of players positioned
ahead of the ball to catpture direct play (Kempe et al., 2014).

3. Combined representation: Integrated the features from the feature representation
with a condensed description of team centroids and variances (in x- and y-
direction). Used to assist the detection of positional changes during set pieces
(H. Kim et al., 2022).

The step-wise binary structure of the periodization annotation scheme (Chapter 4.2)
guided the design of a multi-level architecture for each model, composed of multiple
binary classifiers. This layered approach broke down the complex decision-making
process for detecting match phases into individual binary decisions, supporting both
the model’s interpretability and flexibility.
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For all binary decisions, different automatic models with various complexity were
compared to determine which aspects of periodization require complex algorithms and
which can be addressed with simpler methods. A logistic regression, a random forest
classifier (Ho, 1995), and a rule-based model were employed as baselines. A state-of-
the-art graph neural network (Raabe et al., 2023) and a custom recurrent neural network
architecture based on a Gated Recurrent Unit (GRU) (Cho et al., 2014) represented more
complex models. For more detailed information on the architecture and implementation
of these models, as well as for more details on the used data representations, refer to
Article III.

4.3.3 Answer to Research Question 3B (RQ 3B)
To validate automatic models for match phase detection in Article III, the alignment
of model predictions with the merged expert annotation was computed. Therefore, the
three expert annotations from the validation study (see Chapter 4.2.3) were combined
into a single merged expert annotation using a frame-wise democratic decision, selecting
the match phase chosen by the majority of experts. Thus, accuracy, precision, and recall
(see Chapter 2.3.2) were computed using the merged annotation as ground truth.

The comparison of multiple automatic detection models and data representations
revealed that the highest F1-score for all binary decisions was obtained by the GRU
model, using the data in the combined representation as input. This aligned with the
expectation that the position data contains valuable contextual information (e.g. for
set pieces), while the feature calculation provided valuable granular, domain-specific
information.

Due to the binary, hierarchical structure of the annotation scheme, variations in the
performance of the GRU model between different binary decisions could be observed.
The results from this granular comparison revealed that the highest F1-scores, around
0.8, were achieved for open play, direct play, and team pressure, while lower F1-scores,
around 0.75, were recorded for no team pressure and offensive set piece. The lowest
F1-score was encountered for defensive set piece. Interestingly, the low automatic per-
formance for set pieces aligned with the previously identified lack of expert agreement
for this particular match phase. This finding pointed to a fundamental lack of expert
agreement hindering the successful implementation of automatic annotation models.

The individual binary decisions of the GRU model were combined to create a
holistic frame-wise match phase annotation. This annotation achieved 80% accuracy
(on unseen data), which showed that the model generally succeeds in replicating domain
experts’ annotations with high accuracy.

To address RQ 3B, the results indicate that the automatic model can replicate expert
opinions on the semantically complex concept of tactical periodization accurately. This
suggests that the time-intensive and potentially subjective manual annotation process in
soccer can be complemented by deploying fast and objective automatic models. How-
ever, the merging of expert annotations inherently introduces some ambiguity, making
perfect alignment of the automatic annotations with the combined expert annotations
challenging. This highlights the complexity and subjectivity involved in manually an-
notating semantically complex concepts, making expert subjectivity an interesting topic
for future research.
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4.4 Application of Automatic Match Phase Detection
In this chapter, the previously created automatic annotations for tactical periodization
are applied in a real-world scenario. This scenario demonstrates how automatic models
can support match analysts in practical use-cases.

4.4.1 Team Average Positions
Understanding team performance is a critical aspect of soccer analysis, as discussed in
Chapter 2.1.1. One common approach to analyzing team dynamics is through the use
of average team formations (DFL, 2021).

Average team formations have typically been calculated in combination with the
post-hoc role-assignment approach proposed by Bialkowski et al. (2014). This algo-
rithm tracks role changes among players during the game. Thus, the average formation
of a team is independent of player identities as it is computed based on the roles that
players fulfill during a match.

However, while averaging formations over an entire match provides a generalized
view, it might obscure important tactical details. For example, teams often adjust
their tactical behavior depending on whether they have ball possession. Consequently,
these generalized average formations may not capture the nuanced shifts in strategy that
potentially occur during different phases of the game.

4.4.2 Answer to Research Question 3C (RQ 3C)
The schematized use-case, presented in Article III, Chapter 6, compared different
average team formations. One formation was computed for an entire half of a soccer
match, while a respective formation was computed for every of the four match phases,
based on automatic frame-wise annotations of the GRU (see Chapter 4.3.3).

The results demonstrated how automatic match phase annotations can be used to
generate formations for specific match phases, effectively visualizing a team’s positional
shifts during the match. This application significantly enhanced the traditional compu-
tation of average formations by offering a higher level of contextualization. Moreover
it allowed users to obtain a more detailed and dynamic understanding of team strategies
and adjustments throughout the match.

In response to RQ 3C, automatic models for semantically complex concepts can
complement traditional tasks performed by soccer analysts. The contextualization
provided by these models has the potential to reduce both the workload and the level
of subjectivity typically associated with manual video annotations. As described in
Chapter 2.1.1, this automation enables analysts to focus on more detailed strategic
aspects. However, it is important to note that the automatic match phase annotations
cannot replicate domain experts’ opinions with frame-exact precision, as a certain
degree of uncertainty remains. Therefore, these automatic models are not suitable for
sequence-based analysis tasks that require precise, frame-wise annotations.
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Chapter 5

Sequence Analysis of Soccer
Matches

After the implementation of sequence annotations (Chapter 4), this chapter focuses on
sequence-specific analyses, specifically on transitions between offensive open play and
defensive open play. As a whole, this chapter presents the content of Articles IV and V.

Chapter 5.1 first explores the tactical significance of transitions, showing how they
impact the dynamics and strategy of a match.

Chapter 5.2 discusses methodologies for identifying and evaluating transitions,
addressing RQ 4A.

Finally, Chapter 5.3 presents a statistical analysis of transitions and their practical
application, offering insights to RQ 4B.

5.1 Tactical Importance of Transitions
The tactical periodization model proposed by Hewitt et al. (2016), as discussed in
Chapter 4.2, divides a soccer match into five distinct moments of play. Two critical
moments are the transitions between offense and defense. According to Hewitt et al.
(2016), a turnover (one team loses ball possession to the other team) always triggers a
transition, which must occur before a team can establish ball possession. As a result,
transitions are a crucial aspect of the match and are often a key focus in practitioners’
strategic preparations (Bauer & Anzer, 2021).

Transitions in soccer are typically categorized into two types: defensive transitions,
which occur after losing the ball possession after a turnover, and offensive transitions,
which happen after gaining ball possession after a turnover.

For defensive transitions, the concept of counterpressing is well-documented (Bauer
& Anzer, 2021). It involves an immediate attempt to regain ball possession after com-
mitting a turnover, with the dual goal of preventing an opponent’s attack and potentially
creating new attacking opportunities. Effective counterpressing behavior requires de-
fensive players to quickly converge on the ball carrier at high speed (Andrienko et al.,
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2017; Bauer & Anzer, 2021), while remaining players are strategically positioned to
cut off passing options (Bauer & Anzer, 2021; Forcher et al., 2022).

In contrast, offensive transitions are often characterized by counterattacking. This
strategy is defined as a rapid, forward-moving attack aimed at the opposing goal (Tenga
et al., 2009). Usually, this attacking style involves few direct vertical passes (Lago-
Ballesteros et al., 2012), and targets areas near the opposing goal (Cooper, 2023).
Counterattacks benefit from the opposing team’s temporary disorganization immedi-
ately after losing ball possession, which creates space for the countering team (Tenga
et al., 2009).

However, a key challenge in analyzing transitions is the lack of a clear endpoint.
While the start of a transition is clearly marked by a turnover, there is no established end
for these phases. This ambiguity makes it difficult to determine which subsequent events
should fall under team-tactical concepts like counterpressing or counterattacking. As a
result, analyzing and classifying these situations can become inconsistent and complex.
This issue and its implications for accurate analyses are further examined in Chapter 5.2.

5.2 Isolation & Rating of Transitions
To perform situation-specific analyses effectively, it is essential to have a clear definition
of the examined situations. This chapter focuses on isolating and rating transitions in
soccer. Existing literature on the analysis of transitions is reviewed in Chapter 5.2.1.
A novel metric to locate and rate transitions is designed in Chapter 5.2.2. The insights
gained from this process are then employed to address RQ 3A (Chapter 5.2.3).

5.2.1 Previous Research
While transitions are a widely discussed topic in soccer, concrete studies that isolate
transitions in a match are rather rare.

To classify defensive transitions as counterpressing, Bauer and Anzer (2021) used a
five-second rule, commonly referenced by practitioners. According to this rule, a team
successfully performs counterpressing if they regain ball possession within five seconds
after committing a turnover. Additionally, the authors also included shots and goals
occurring within 20 seconds of a turnover as part of the preceding counterpressing
effort.

Regarding offensive transitions, Raudonius and Allmendinger (2021) developed
an automatic mechanism to detect counterattacks based on specific events that occur
after a turnover. Similarly, Sahasrabudhe and Bekkers (2023) identified counterattacks
by analyzing sequences in which the ball advanced towards the opposing goal at a
minimum speed of five meters per second. Building on these approaches, the upcoming
Chapter introduces a novel rule-based metric to identify and evaluate turnovers based
on their potential to lead to a counterattack.
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5.2.2 Definition of Rule-based Criteria
From a tactical perspective, turnovers vary significantly in their potential for a successful
counterattack, depending on factors such as pitch location and team positioning.

To quantify this variability, Articles IV and V proposed the expected counter
(xCounter). This metric captures the expected potential of a counterattack given the
situation at the time of a turnover. Similar to the concept of an expected goals, which
quantifies the probability of scoring at the moment of a shot (Anzer & Bauer, 2021),
xCounter was designed to assess and rate the potential effectiveness of counterattacks
based on specific game situations. As a prerequisite for the definition of xCounter, the
first two steps of the previously introduced framework for analyzing complex sequences
(see Chapter 2.2.2) were followed.

F1. Identify Sequences of Interest

Since counterattacks occur during offensive transitions, they begin at the time of a
turnover. However, defining the end point of a counterattack was more challenging.
Lago-Ballesteros et al. (2012) proposed that the goal of a counterattack is for the
ball-winning team to advance into zones near the opponent’s goal. According to this
definition, a location-dependent temporal endpoint of a counterattack was proposed.
Based on a ball progression velocity of five meters per second, previously proposed by
Sahasrabudhe and Bekkers (2023), this endpoint was chosen as the time span it takes
(at this constant speed) to reach the opponent’s goal from the turnover location.

F2. Define Success Criteria

After defining the temporal boundaries for counterattacks, it was found that the relatively
low frequency of scoring in soccer (discussed in Chapter 2.1) necessitates alternative
success criteria beyond goals. Various metrics, such as expected possession value
(Fernández et al., 2021), expected goals (Anzer & Bauer, 2021), and expected threat
(Merhej et al., 2021), have been developed to value space in soccer. As a common
feature of these metrics, an increased value of space with decreasing distance to the
goal was identified. Therefore, a linear relationship between goal distance and value
was proposed as a simple rating model for sequence-specific success criteria. For future
experiments, this rating metric is easily extendable. Refer to Article V for more detail
on the identification and rating step for xCounter.

5.2.3 Answer to Research Question 4A (RQ 4A)
The rule-based definitions for identification and rating were applied in Articles IV and
V to identify counterattacks and to rate situations using xCounter.

By clearly defining start and end points, relevant sequences were isolated and
assigned to a rating score based on the specific context. Additionally, match phases
were incorporated as a filtering step to only inspect open play turnovers. This improved
the comparability of individual situations, ensuring that turnovers were analyzed within
a consistent strategic framework, thus making comparisons more meaningful.
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Article IV also explored the use of a post-hoc filter to exclude chaotic situations
characterized by frequent turnovers. However, this approach was revised in Article
V, as it was found to interfere with the primary goal of analyzing the situation at
the time turnover (in advance of a potential counterattack). This revision highlights
the dynamic nature of research in this field and the need to carefully evaluate and
adjust methodologies, especially regarding how certain analysis steps can introduce
unintended dependencies.

However, since Articles IV and V did not include a validation step with domain
experts, it remains uncertain if the identified situations align with expert interpretations
of potential counterattacks. Although qualitative results from both articles indicated
that counterattacks are among the situations with high xCounter values, it is possible
that the dataset contains examples that experts might not agree with. As such, RQ 4A
cannot be conclusively answered without a multi-expert validation study, similar to
those conducted in Articles I and III.

5.3 Analysis & Prediction of Transitions
Building on the isolation and rating criteria for counterattacks, this chapter aims to
generate data-driven insights into effective behaviors during turnovers. First, prior
research on counterattacks is reviewed (Chapter 5.3.1). Next, a predictive xCounter
model is developed using comprehensible features, assessed for their predictive capa-
bility (Chapter 5.3.2). Finally, it is demonstrated how the obtained insights can be
applied practically to improve strategic decision-making in soccer, addressing RQ 4B
(Chapter 5.3.3).

5.3.1 Previous Research
In their analysis of counterpressing, Bauer and Anzer (2021) developed an automatic
model to identify situations where the defensive team employs counterpressing. They
used manually crafted, validated annotations to train a XGBoost prediction model (Chen
& Guestrin, 2016), which achieved a high accuracy in predicting defensive behavior
during transitions. However, even though the authors report high accuracy, translat-
ing the predictive results into concrete, sport-specific terms or actionable guidelines
remained challenging.

In offensive situations, the effectiveness of counterattacks were evaluated using
manual annotations (Lago-Ballesteros et al., 2012) and descriptive statistics (Fernandez-
Navarro et al., 2016), with varying results across studies. More recently, automated
methods were used to analyze offensive transitions more dynamically. For example,
Raudonius and Allmendinger (2021) developed an automated system to quantify each
player’s contribution during a counterattack using four different performance indicators.
However, the applicability of their findings was limited by their relatively small dataset.

In a more recent approach, Sahasrabudhe and Bekkers (2023) used a graph neural
network to analyze success factors during counterattacks. In their results, the authors
reported that the vertical speed of the attack, along with the angles to the goal and the
ball, are key determinants of success.
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To this date, most automatic approaches have focused on post-hoc analysis of
behavior during the transition phase, rather than assessing the situation at the time of the
turnover. Addressing this gap could greatly improve tactical analyses by concentrating
on the strategic opportunities available immediately after a turnover, offering more
immediate and actionable insights for practitioners.

5.3.2 Feature Construction, Assessment & Prediction
As previously discussed in RG 4, interpretability is an important trait of automatic
models for soccer analysis. To achieve this, an interpretable model was designed and a
choice of relevant, comprehensible features was selected in Article V. Thus, the steps
F3 to F5 for understanding complex sequences (see Chapter 2.2.2) were followed.

F3: Construct Comprehensible Features

An essential step of the framework involved selecting features that are relevant to
understanding the dynamics of a turnover. This step was found to be critical, as it
determines the investigated factors in the counterattack analysis.

Bauer and Anzer (2021) previously used systematic combination approach as an
effective strategy for selecting features. This involved segmenting a team into logical
subgroups based on their tactical roles or positions during a match (for example players
near the ball). For every subgroup, different features (such as the number of players,
player position, and compactness were computed. This approach was adopted in
Articles IV and V.

For more detailed rationales and explanations on the choice of subgroups and
metrics, refer to Articles IV and V, which discuss the methodologies and results of
these feature selection processes in greater depth.

F4. Assess Predictive Capability of Features

The predictive capability of the previously selected features was evaluated with respect
to the outcome of a transitions (following turnovers).

As essential finding of Articles IV and V was that in the evaluation of predictive
capabilities for counterattacks, the correlation between goal-distance and xCounter
value needs to be incorporated. Given the xCounter definition (see Chapter 5.2.2),
turnovers close to the opponent’s goal already possessed a high rating score. Thus,
features linked to turnover position were found to accordingly have inherent predictive
capabilities, regardless of their specific attributes.

To address this, Article V introduced a novel position-agnostic method for feature
assessment, using a full-pitch comparison. The assessment procedure involved setting
a threshold value for a specific feature, which categorizes all turnovers into two distinct
groups. In a discretized version of the pitch (divided into one-meter by one-meter
squares), turnovers falling below and above this threshold were assigned to specific
squares, and the average evaluation score for each square was calculated.

This position-agnostic approach enabled a systematic comparison across the entire
pitch, quantifying the predictive capability of each feature based on a set threshold,
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independent of specific field locations. This limited possible spatial biases in the
resulting assessment results. For further details on the assessment process and strategies
for mitigating small sample size issues, refer to Article V.

F5. Build a predictive model

Once the most predictive features were identified, they were fed to a predictive model
aimed at predicting the outcomes of transitions. Given the exploratory nature of
the xCounter analysis, employing a broad set of features was important to ensure
generalizable insights and to capture a wide range of tactical scenarios and player
interactions during turnovers.

In Articles IV and V, the insights gained from the assessment process were leveraged
to develop an automatic model that predicted the xCounter score at the moment of the
turnover. This process involved compiling the most predictive features into a long
vector, which is then fed into a XGBoost model (Chen & Guestrin, 2016), successfully
applied in previous soccer studies (Anzer & Bauer, 2021; Bauer & Anzer, 2021; Lang
et al., 2022).

The model’s performance was compared against feature- and location-based base-
lines, which treated their inputs independently and overlooked interaction effects. Thus,
it was evaluated whether the XGBoost model integrates and analyzes feature interac-
tions. For a detailed discussion on the model’s performance, including metrics and
comparative results, refer to Article V.

5.3.3 Answer to Research Question 4B (RQ 4B)
The feature assessment and model building steps were applied in Articles IV and V to
learn about impactful factors for predicting counterattacks at the time of the turnover.
Moreover, based on the feature assessment, a ranking of comprehensible features was
created and concrete values for optimal values in the ranked features were identified.

Concerning defensive features (for the team losing possession after committing the
turnover), the overall most predictive feature for preventing counterattacks was a small
vertical compactness. Optimal values were 12 meters for vertical compactness of the
whole team, and 10 meters for players around the ball. Additionally, if the ball was lost
in the opposing third, it was important for players behind the ball to maintain a distance
less than 20 meters to the ball. Finally, having less than four players positioned in front
of the ball was beneficial for preventing counterattacks.

The results of a beneficial influence of small compactness aligned with the tactical
notion of counterpressing, where a compact team unit aims to quickly regain ball
possession after losing the ball (Bauer & Anzer, 2021). Yet, the indication that no more
than three should participate in the attack in front of the ball introduced an additional
component in the risk-reward evaluation of attacks.

Concerning offensive features (for the team gaining possession after the turnover),
a large horizontal compactness was a crucial factor. Thus, optimal values of horizontal
compactness were at least 15 meters for all players, 14 meters for players around the
ball, and 16 meters for players in front of the ball. Furthermore, for winning turnovers

44



close to the own goal or at the sidelines, it was beneficial to have at least three open
passing options (players without opponents within a five-meter radius).

The findings for offensive features suggested that, in addition to their defensive
responsibilities, players should also focus on anticipating ball wins and positioning
themselves horizontally as open passing options, in case the team gains possession.
This result could provide interesting directions and motivation for the future research
regarding player anticipation in soccer (Gonçalves et al., 2015).

Overall, the results from the feature assessment in Articles IV and V demonstrate
how the inspection of features, in combination with rating criteria, can be used to
derive clear, actionable guidelines for optimal behavior during turnovers. Using this
approach it is possible to rank features, provide concrete thresholds where the feature
impact is the largest, and report pitch positions where the features are most influential.
These novel insights present interesting directions for practical applications, such as
optimizing team formations for build-up play, developing strategies for and against team
pressure, or enabling favorable team behavior for initiating successful counterattacks.

However, the results of the predictive models for xCounter were less clear. Different
configurations of XGBoost were able to outperform the baselines in each individual
metric. However, no single model performed superior in all evaluation metrics. These
results suggest a non-linear influence of the features on xCounter that was not sufficiently
represented by the XGBoost model.

The best-performing XGBoost models (in each evaluation metric) used a relatively
small number of features. This could indicate that the models struggle to effectively
incorporate the additional information provided by the features beyond the already
strong predictive capability of the turnover location. Thus, a more refined algorithm
would be needed to effectively leverage the predictive potential of the features in
conjunction with the location data.

To answer RQ 4B, the feature assessment step in the xCounter analysis offers several
practical applications. It provided clear guidelines for player behavior in both offensive
and defensive turnover scenarios, identifying optimal feature values, as well as the
impact of these features and their most influential zones on the pitch. Additionally,
the proposed predictive model could be used to assess player and team performance in
transition situations served as an automatic search tool for finding exceptional positive or
negative transition instances. These application examples show how situation-specific
analyses lead to practical insights that can possibly inform (post-)match analyses, player
scouting, or the design of training sessions.

45



Chapter 6

Conclusion

The concluding chapter of this dissertation summarizes the key findings (Chapter 6.1),
discusses the gained insights with a focus on limitations and practical applications
(Chapter 6.2), and offers perspectives for future research (Chapter 6.3).

6.1 Summary
The upcoming chapter recaps the content of Chapters 3, 4, and 5. Therefore, it presents
different fields in which progress towards filling the previously presented research gaps
(Chapter 1.2) was made.

6.1.1 Atmomic Event Annotations
Analyzing soccer event data from various sources is a common practice among clubs
and researchers. However, in Chapter 3 of this dissertation, the critical need to validate
both the semantic and temporal accuracy of such data was highlighted.

On a semantic level, the definitions used by event data providers were found to
be diverse and complex, yet they often fail to account for the inherent differences in
the semantic complexity of events (Chapter 3.1). To address this issue outlined in
RG 1, a highly general, unified taxonomy was developed (Chapter 3.2). The taxonomy
was based on the similarities across invasion games and introduced varying degrees of
semantic complexity through a structured, multi-level hierarchy. Using this hierarchy,
it was demonstrated how expert agreement generally tends to decrease as semantic
complexity increases.

On a temporal level, it was shown that data from event data providers often exhibits
inaccuracies, primarily due to human errors that are inherent in manual annotation.
Moreover, it was found that discrepancy leads to a lack of synchronization between
event and position data, summarized in RG 2. To address this issue, a synchronization
algorithm for event and position data (Chapter 3.3) was proposed. In contrast to existing
approaches (Anzer & Bauer, 2021; Van Roy et al., 2023), the proposed algorithm
was based on time-series event detection, did not require hand-crafted rules, and did
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not require event locations in the data. However, for a perfect alignment, manual
intervention was still required.

6.1.2 Sequence Annotations
Chapter 4 of this dissertation moved from atomic events to sequences, addressing the
challenge of creating sequence annotations (see RG 3).

Therefore, the widely discussed concept of tactical periodization (Chapter 4.1)
was formalized into a multi-level hierarchical annotation scheme (Chapter 4.2). The
annotation scheme was successfully validated by a three-expert annotation study, where
general agreement between three expert annotators was reached.

Subsequently, a merging step was implemented to consolidate the multiple expert
opinions into a unified annotation. Using the merged annotation, the automatic de-
tection of tactical periodization was approached (Chapter 4.3). Results showed that
the automatic annotations aligned with the merged expert annotation with a high ac-
curacy. Thus, a broad-grained detection of events was generally possible, however, a
validation by human experts did remain necessary to ensure accuracy on a granular
frame-by-frame level.

Finally, the practical applicability of the automatic detection model was demon-
strated through the automation of a common soccer analysis task (Chapter 4.4). In
this analysis, team formations were contextualized to extract valuable insights into the
offensive and defensive tactics of the examined team. These results underlined the sig-
nificant value of automatic models for tactical periodization, offering a fast, objective
alternative to hand-crafted annotations.

6.1.3 Sequence Analysis
After examining the automation of sequence annotations, Chapter 5 of this dissertation
focused on sequence-specific analyses, addressed in RG 4.

Further drawing from the concept of tactical periodization, the dynamics of transi-
tions were investigated. Specifically, the widely discussed concept of a counterattacks
after a turnover (see Chapter 5.1) was discussed.

In Chapter 5.2, counterattacks were isolated and rated by measuring forward
progress of the team gaining possession after a turnover. Using this metric, the concept
of expected counter (xCounter) was proposed in analogy to the well-established concept
of expected goals (Anzer & Bauer, 2021).

Given a dataset of turnovers with xCounter ratings, an analysis of various features
describing team tactical behavior was conducted (Chapter 5.3). Introducing a position-
agnostic systematic assessment procedure, various hand-crafted features were ranked
according to their predictive capability for counterattacks. Moreover, optimal feature
values and feature-relevant pitch positions were identified. In this way, concrete in-
sights into beneficial characteristics of a team’s positioning during turnovers could be
provided. However, the translation of these insights into a predictive xCounter model
did not reach a high prediction performance.
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6.2 Discussion
In this dissertation, various soccer-specific concepts were successfully formalized and
analyzed. Starting from short time scales in atomic event annotation (Chapter 3),
this dissertation progressed to sequence annotation (Chapter 4) and sequence-specific
analyses (Chapter 5).

An important concept defined in this dissertation is semantic complexity (Chap-
ter 1.2), which was introduced to describe the fact that sport-specific terms and concepts
often lack a clear, rule-based definition. The results of the expert annotation studies
in this work showed that semantic complexity coincidentally increases with larger time
scales, from atomic events to sequences. Moreover, the results revealed that higher
semantic complexity generally causes expert disagreement on the annotated concepts.
Notably, even on short time scales, increasing semantic complexity was already found
to lead to expert disagreement. Adding to this relation, the experiments concern-
ing automatic models indicated that expert disagreement impedes the classification
performance of automatic models. Therefore, a critical takeaway is the necessity of
detailed validation for any expert annotation, including discussions, pilot annotations,
and comparisons between experts.

Among the proposed criteria for annotation schemes (see Chapter 2.2.1), the hier-
archical structure proves particularly beneficial. Thus, that manual annotations should
be performed using a hierarchical scheme. In that sense, this dissertation adds to the
argument that studies should start with simple concepts that experts can agree on before
progressing to more sophisticated analyses (Low et al., 2022). This provides a valu-
able extension to the field, where comparable state-of-the-art studies often rely on flat
annotation schemes lacking a similar structure.

More broadly, the results of this dissertation also raised concerns about the validity
of data from event data providers, particularly concerning event definitions involving
high semantic complexity. This supports prior findings (H. Liu et al., 2013; McKinley,
2019) suggesting possible semantic overlap between event definitions. Due to these
concerns, data from event data providers should be rigorously validated. In this sense, a
valuable future step is to integrate a validation step with the previously presented SPADL
method of unification for event data from different event data providers (Decroos et al.,
2019).

Finally, this dissertation also addressed the problem of finding an optimal position
data representation, previously raised by Raabe et al. (2023). The results highlighted
the relevance of manually crafted features, as the employed models performed superior
when using features compared to raw position data. While this may be attributed to the
simplicity of the designed neural networks, another advantage of hand-crafted features
was their ability to provide actionable insights that can be directly communicated to
practitioners. Thus, a trade-off between predictive capability and interpretability should
be carefully considered in future research, as practical applications may favor concise
insights over higher predictive power.

In conclusion, the results of this dissertation contribute to bridging the gap between
computer science and sports science, emphasized as an important step for both of those
communities to support the integration of more theoretical research into practice (Goes
et al., 2021; Low et al., 2020).
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6.2.1 Limitations
As previously discussed, this dissertation focuses on a subset of possible time scales
examined in soccer research. Yet, apart from short and intermediate time scales, there
are other time scales on which soccer analyses are highly valuable. For example, an
analysis on a large time scale was conducted in Article VI. This study focused on
predicting match outcomes on a dataset of over 300.000 matches around the world.
Regarding this approach, problems with data quality and data availability beneath the
topflight leagues were encountered. Due to this shortcoming, the integration of meta
information (such as rest days, market values, betting odds, etc.) was more applicable
than using the previously presented event data, position data, or video data sources. In
that sense, the algorithms presented in this dissertation are subject to data availability.

Moreover, while the developed automatic models for sequence annotations per-
formed their respective task with relatively high accuracy, a certain degree of error
remained. For a given application, it needs to be carefully evaluated if this error can be
tolerated or not. For example, the automatic match phase annotation with 80% accuracy
was able to provide a general impression about a team’s average formation in certain
match phases (see Chapter 4.4). Yet, an analogous frame-wise analysis of these match
phase sequence could not be performed.

Moreover, the magnitude of errors was even more severe for models predicting
the future of sequences. For example, the predictive model for the outcome of coun-
terattacks was not able to outperform its respective baselines. Similar difficulties are
also encountered in Articles VII and VIII, where the resulting forward progress of
a team during sequences of open play was predicted. In this regard, examining the
limiting factor of randomness in soccer, which has already been examined for goals by
Wunderlich and Memmert (2021), still needs to be investigated for other components
such as turnovers, passes, or set pieces.

Finally, the algorithms in this dissertation were proposed with the aim of integrating
these structures into the workflow of practitioners working in soccer clubs. Yet, tailoring
studies towards exact requirements of clubs is difficult, as little is known about the
concrete working principles and requirements of soccer clubs. As the clubs are often
careful to publish their insights due to the concern of losing a competitive advantage, it
remains challenging to assess whether publicly available research is adopted by soccer
clubs. Nevertheless, the upcoming chapter discusses how the content of this dissertation
could possibly be applied to practice.

6.2.2 Application to Practice
An important achievement of this dissertation is the automatic contextualization of
soccer data. Contextualized applications have recently been encouraged by Low et al.
(2022), to enable the integration of more theoretical research into practice (Goes et al.,
2021). In that sense, this dissertation provided multiple ways to segment a match of
soccer into sequences, using automatic match phase annotations. After completing the
segmentation of the match, there are multiple available use-cases.

Directly applied to qualitative video analyses, contextualization is useful to facilitate
the search for relevant situations such as transitions. By outsourcing this task to
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automatic models, the video analyst can save a significant amount of time, as the video
can be analyzed more effectively, without the need of manually searching for these
situations.

On a more advanced level, contextualization might offer an interesting perspective
into already existing algorithms present at soccer clubs. As discussed in Chapter 2.1.1,
clubs commonly rate players based on certain evaluation metrics. For example, if
the pass conversion rate is used to quantify the passing abilities of players, it might
be valuable to also compute the conversion rate while facing team pressure. Thus,
the automatic annotation of match phases offers fast, fine-grained insights into player
performance.

Another achievement of this dissertation is the identification of valuable team behav-
ior for counterattacks. Using the xCounter approach, an optimal vertical compactness
that facilitates a counterattack when gaining possession after a turnover can be iden-
tified. Such a threshold value could be applied in training procedures, to improve
the team behavior for potential ball wins, but also to detect that characteristic in the
opponent team and prevent a ball loss in these situations.

Finally, the developed annotation scheme structure can be extended for any anno-
tation study performed within a club. During the scouting process of potential new
players, many clubs rely on qualitative video analyses (Mehta et al., 2024). Therefore,
scouting reports contain the subjective estimation of the scout that assessed the player.
To extend this process in terms of objectivity, and re-usability of the scouting reports,
defining a custom annotation scheme offers a sound way to evaluate player performance.
In that sense, adopting such a scheme would enable a granular validation (of a scouts
subjective report) as well as a quick, detailed summary of player performances.

In conclusion, the insights from this dissertation can be applied with various degrees
of complexity, based on the circumstances at a given soccer club. However, as this
situation is not always publicly known, it remains important for research in soccer
analysis to offer different levels of complexity to be applicable for the majority of clubs
despite of differences in their technological progress.

6.3 Future Work
While dissertation addressed research gaps (see Chapter 1.2), several challenges remain
that provide directions for future research.

Data Advancements With the ongoing development of local positioning systems
and the increasing acceptance of wearable sensors among players and practitioners,
position data becomes similarly more available and precise. In general, this develop-
ment is beneficial for algorithms that require precise position data. Moreover, when
local positioning systems are worn by players during the match, the position data is
available in real-time. This advancement is especially interesting for real-time analysis
approaches, such as load management, injury prevention, and in-game tactical analyses,
which recommend concrete actions (such as a substitution, or tactical shifts) during the
game.
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A recently emerging technology is the tracking of three-dimensional player and
ball movements, including limb-tracking (FIFA, 2022). On the one hand, this data
type presents tremendous opportunities for improving current metrics, e.g., by refining
existing expected goals models (Anzer & Bauer, 2021) using the body position of the
shooting and the defending players. On the other hand, the processing this complex
data source is challenging for scientists and practitioners working with the data.

Besides advancements in position data, there also exists an ongoing surge of other
data sources. Given the long history of human interaction with soccer, there exists a
large source of historical data in soccer. This data might be accessed through recordings
of radio commentaries, documentation of video games (in some form), or social media
posts (Wunderlich & Memmert, 2020). From that perspective, multimodal analyses
involving databases from diverse sources could provide a more comprehensive under-
standing of players and teams. Thus, analyzing and combining data from different
sources is a promising avenue to obtain more holistic insights.

Integrating Insights from Different Time Scales and Research Fields In this dis-
sertation, soccer data is analyzed on various time scales. However, the connected
analysis of these insights and the translation from one time scale to another is limited.
For future work, it would be interesting to observe how atomic events correlate to dif-
ferent match phases, or how aggregated match phases influence the win probability of
a team. Thus, filling the gaps between time scales and connecting the individual results
could improve prediction results and generate for more nuanced insights.

Similarly, while this dissertation largely focuses on the tactical analysis, there are
other research fields (e.g., physiology and psychology) that are highly relevant for the
performance of players and teams. As an example for such an alternative research
field, the relation between relative age of youth players and their career length was
examined Article IX. Thus, an interesting direction for future research is the connection
of methods from different research fields.

To facilitate research in these directions we have developed an open-source software
package in Article X. This package is designed to allow users to quickly process and
analyze soccer position and event data.

Alternative Experimental Settings Finally, this dissertation analyzed existing data
of soccer matches that have already been played. Yet, there are alternative possibilities
for gaining insights into the underlying principles of soccer. For instance, the evaluation
of different team formations in a laboratory-like setting, proposed by Low et al. (2022),
offers an interesting perspective and presents an intriguing direction for future soccer
research.
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Appendix

Abstracts of the ten articles that have been published over the course of this doctoral
program are listed on the following pages.

I. Biermann, H., Theiner, J., Bassek, M., Raabe, D., Memmert, D., & Ewerth, R.
(2021). A unified taxonomy and multimodal dataset for events in invasion games.
Proceedings of the 4th International Workshop on Multimedia Content Analysis in
Sports

The automatic detection of events in complex sports games like soccer and handball
using positional or video data is of large interest in research and industry. One require-
ment is a fundamental understanding of underlying concepts, i.e., events that occur
on the pitch. Previous work often deals only with so-called lowlevel events based on
well-defined rules such as free kicks, free throws, or goals. High-level events, such
as passes, are less frequently approached due to a lack of consistent definitions. This
introduces a level of ambiguity that necessities careful validation when regarding event
annotations. Yet, this validation step is usually neglected as the majority of studies
adopt annotations from commercial providers on private datasets of unknown quality
and focuses on soccer only. To address these issues, we present (1) a universal taxon-
omy that covers a wide range of low and high-level events for invasion games and is
exemplarily refined to soccer and handball, and (2) release two multi-modal datasets
comprising video and positional data with gold-standard annotations to foster research
in fine-grained and ball-centered event spotting. Experiments on human performance
demonstrate the robustness of the proposed taxonomy, and that disagreements and am-
biguities in the annotation increase with the complexity of the event. Datasets are
available at https://github.com/mm4spa/eigd.

II. Biermann, H., Komitova, R., Raabe, D., Müller-Budack, E., Ewerth, R., &
Memmert, D. (2023). Synchronization of passes in event and spatiotemporal
soccer data. Scientific Reports, 13(1), 15878.

The majority of soccer analysis studies investigates specifc scenarios through the im-
plementation of computational techniques, which involve the examination of either
spatiotemporal position data (movement of players and the ball on the pitch) or event
data (relating to signifcant situations during a match). Yet, only a few applications
perform a joint analysis of both data sources despite the various involved advantages
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emerging from such an approach. One possible reason for this is a non-systematic
error in the event data, causing a temporal misalignment of the two data sources. To
address this problem, we propose a solution that combines the SwiftEvent online al-
gorithm (Gensler and Sick in Pattern Anal Appl 21:543–562, 2018) with a subsequent
refnement step that corrects pass timestamps by exploiting the statistical properties of
passes in the position data. We evaluate our proposed algorithm on ground-truth pass
labels of four top-fight soccer matches from the 2014/15 season. Results show that the
percentage of passes within half a second to ground truth increases from 14 to 70data. A
comparison with other models shows that our algorithm is superior to baseline models
and comparable to a deep learning pass detection method (while requiring signifcantly
less data). Hence, our proposed lightweight framework ofers a viable solution that
enables groups facing limited access to (recent) data sources to efectively synchronize
passes in the event and position data.

III. Biermann, H., Memmert, D., Petersen, N., Raabe, D. (2025). Contextualization
of soccer analysis with tactical periodization and machine learning. Data Mining
and Knowledge Discovery, 39, 23.

It has become common practice in topflight leagues to track position data of soccer
players and the ball. Analyzing sports performance based on this high-resolution data
is a non-trivial task due to the great complexity and simultaneous lack of structure of
the game. Sports practitioners tackle this problem through tactical periodization, i.e.,
mapping the course of the game onto different states, so-called match phases. However,
creating manual tactical periodizations is a timeconsuming task prone to subjective
biases. Automatic approaches are thus preferred, but validated and open match phase
models are currently lacking. The present study addresses this issue by (i) formalizing
a domain-specific, qualitative match phase annotation scheme from related work, (ii)
creating and validating a multi-annotator set of annotations, (iii) training several su-
pervised machine learning architectures to fully automate the task of annotation, and
(iv) demonstrating the usefulness by conducting a contextualized detection of playing
formations with the best model, referred to as FeatGRU. Steps (ii) through (iv) were
performed on a set of real-world soccer data and the bestperforming model is made
available. FeatGRU is of value to the soccer community as it provides a fully auto-
matic, frame-by-frame match phase annotation that matches domain experts’ opinions
with 80accuracy while being modular extendable for future work. Moreover, we found
a strong relation between semantic complexity of matchphases, expert agreements,
and classification performance, highlighting the importance of valid label generation.
Thus, our approach presents an interesting benchmark to domains where automatic
approaches are required while ambiguity between human expert opinions exists.
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IV. Biermann, H., Wieland, F. G., Timmer, J., Memmert, D., & Phatak, A. (2022).
Towards Expected Counter - Using Comprehensible Features to Predict Counter-
attacks. Machine Learning and Data Mining for Sports Analytics. MLSA 2022.
Communications in Computer and Information Science (1783), 3-13.

Soccer is a low-scoring game where one goal can make the difference. Thus, counter-
attacks have been recognized by modern strategy as an effective way to create scoring
opportunities from a position of stable defense. This coincidentally requires teams on
offense to be mindful of taking risks, i.e. losing the ball. To assess these risks, it
is crucial to understand the involved mechanisms that turn ball losses into counterat-
tacks. However, while the soccer analytics community has made progress predicting
outcomes of single actions (shots or passes) [1,2] up to entire matches [15], individual
sequences like counterattacks have not been predicted with comparable success. In
this paper, we give reasons for this and create a framework that allows understanding
complex sequences through comprehensible features. We apply this framework to pre-
dict counterattacks before they happen. Therefore, we find turnovers in soccer matches
and create transparent counterattack labels from spatiotemporal data. Subsequently,
we construct comprehensible features from sportspecific assumptions and assess their
influence on counterattacks. Finally, we use these features to create a simple binary
logistic regression model that predicts counterattacks. Our results show that players
behind the ball are the most important predictive factors. We find that if a team loses
the ball in the center and more than two players are not behind the ball, they concede
a counterattack in almost 30% of cases. This stresses the importance to avoid ball
losses in build-up play. In the future, we plan to extend this approach to generate more
differentiated insights.

V. Biermann, H., Yang, W., Wieland, F. G., Timmer, J., & Memmert, D. (2023).
Quantification of Turnover Danger with xCounter. Machine Learning and Data
Mining for Sports Analytics. MLSA 2023. Communications in Computer and
Information Science (2035), 36–51.

Counterattacks in soccer are an important strategical component for goal scoring. Pre-
vious work in the literature has described their impact and has formulated descriptive
advice on successful actions during a counterattack. In contrast, in this work, we
propose the notion of expected counter, i.e., quantifying forward progress by the ball-
winning team at the moment of the turnover. Therefore, we apply a previously proposed
framework for understanding complex sequences in soccer. Using this framework, we
perform a novel feature-specific assessment that yields (a) critical feature values, (b)
relevant feature pitch zones, and (c) feature prediction capabilities. The insights from
this assessment step allow for creating concrete guidelines for optimal behavior in and
out of possession. Thus, we find that preparing horizontally spaced pass options fa-
cilitates an own counterattack in case of a ball win while moving as a compact unit
prevents an opposing counterattack in case of a ball loss. As a final step, we generalize
our results by creating a predictive XGBoost model that outperforms a location-based
baseline but still shows room for improvement.
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VI. Wunderlich, F., Biermann, H., Yang, W., Bassek, M., Raabe, D., Elbert, N.,
Memmert, D., & Garnica-Caparrós, M. (2025). Assessing Machine Learning
and Data Imputation Approaches to Handle the Issue of Data Sparsity in Sports
Forecasting. Machine Learning. 114, 48 (2025).

Sparsity is a common characteristic for datasets used in the domain of sports fore-
casting, mainly derived from inconsistencies in data coverage. Typically, this issue
is circumvented by cutting the number of features (depth-focused) or the sample size
(breadth-focused) for analysis. The present study uses an experimental approach to
analyse the effects of depth- or breadth-focused analyses and data imputation to enable
usage of the full sample size and feature wealth. Two forecasting models following a
hybrid (i.e., a combination of classical statistical and machine learning) and a full deep
learning approach are introduced to perform experiments on a dataset of more than
300,000 soccer matches. In contrast to typical soccer forecasting studies, the analysis
was not restricted to one-matchahead forecasts but used a longer forecasting horizon
of up to two months ahead. Systematic differences between the two types of models
were identified. The hybrid model based on classical statistical rating models, performs
strongly on depth-focused approaches while not or only marginally improving for ap-
proaches with high data breadth. The deep learning model, however, performs weakly
in a depth-focused approach but profits strongly from data breadth. The improved
predicting performance in cases of high data breadth suggests that a rich feature set
offers better training opportunities than a less detailed set with a larger sample size.
Additionally, we showcase that data imputation can be used to address data sparsity by
enabling full data depth and breadth. The presented findings are relevant for advancing
predictive accuracy and sports forecasting methodologies, emphasizing the viability of
imputation techniques to increase data coverage in different analytical approaches.

VII. Stival, L., Pinto, A., Andrade, F. D. S. P. D., Santiago, P. R. P., Biermann, H.,
Torres, R. D. S., & Dias, U. (2023). Using machine learning pipeline to predict
entry into the attack zone in football. PloS one, 18(1).

Sports sciences are increasingly data-intensive nowadays since computational tools
can extract information from large amounts of data and derive insights from athlete
performances during the competition. This paper addresses a performance prediction
problem in soccer, a popular collective sport modality played by two teams competing
against each other in the same field. In a soccer game, teams score points by placing the
ball into the opponent’s goal and the winner is the team with the highest count of goals.
Retaining possession of the ball is one key to success, but it is not enough since a team
needs to score to achieve victory, which requires an offensive toward the opponent’s goal.
The focus of this work is to determine if analyzing the first five seconds after the control
of the ball is taken by one of the teams provides enough information to determine whether
the ball will reach the final quarter of the soccer field, therefore creating a goal-scoring
chance. By doing so, we can further investigate which conditions increase strategic
leverage. Our approach comprises modeling players’ interactions as graph structures
and extracting metrics from these structures. These metrics, when combined, form time
series that we encode in two-dimensional representations of visual rhythms, allowing
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feature extraction through deep convolutional networks, coupled with a classifier to
predict the outcome (whether the final quarter of the field is reached). The results
indicate that offensive play near the adversary penalty area can be predicted by looking
at the first five seconds. Finally, the explainability of our models reveals the main
metrics along with its contributions for the final inference result, which corroborates
other studies found in the literature for soccer match analysis.

VIII. Raabe, D., Biermann, H., Bassek, M., Memmert, D., & Rein, R. (2024). The
dual problem of space: Relative player positioning determines attacking success
in elite men’s football. Journal of Sports Sciences, 1-10.

The concept of space has been successfully modelled in football using spatiotemporal
player data and Voronoi diagrams. Current approaches, however, are narrow in scope
by focusing on an inter-team allocation of space to measure space control. The present
work extends this widespread perspective with an intra-team application of the Voronoi
diagram and its dual Delaunay triangulation to measure space management. Both
models are leveraged to derive novel performance metrics, which assess how teams use
triangular positioning and how players tie up defenders during attacks. The outcome of
N = 128,187 attacking sequences from 306 elite men’s football matches is analysed using
linear mixed-effects models to validate the proposed performance metrics. Results show
that attacking success is characterized by player positioning which promotes forming
of large triangles especially in ball proximity, whereas the overall number of triangles
is of no relevance. Furthermore, players tie up more defenders and thus create free
teammates more often during successful attacks. The results demonstrate that a new
perspective on space is helpful to better quantify and understand the effect of space
management and player positioning on attacking performance in football.

IX. Biermann, H., Memmert, D., Romeike, C., Knäbel, P., & Furley, P. (2024). Rel-
ative age effect inverts when looking at career performance in elite youth academy
soccer. Journal of Sports Sciences, 1–6.

The aim of this study was to investigate the well-known selection bias favouring players
born earlier in the year commonly referred to as the Relative Age Effect (RAE). There-
fore, we analysed a group of top-tier youth academy players. The players joined and left
the youth academy at different stages, where the first stage was at 8 years (U9) and the
last stage was at 18 years of age (U19). Subsequently, we followed the career paths of
all players in terms of minutes played in professional competitions. For that purpose,
we collected competition information from transfermarkt.de. We label a competition
as professional if the included teams obtain an average market value of 100.000=C (ag-
gregated value of players playing in the team) and recorded the professional career
minutes (PCM) for all players. Results show that in the youth academy, there are fewer
players that are born late in the year compared to players that are born early in the year,
confirming previous findings of RAE. However, we also find that players that are born
late in the year achieve more PCM on average. This indicates that players that survive
the RAE selection bias are exceptionally good at achieving long, successful careers.
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X. Raabe, D., Biermann, H., Bassek, M., Wohlan, M., Komitova, R., Rein, R.,
Kuppens Groot, T. & Memmert, D. floodlight - A high-level, data-driven sports
analytics framework. Journal of Open Source Software, 7(76), 4588.

The present work introduces floodlight, an open source Python package built to support
and automate team sport data analysis. It is specifically designed for the scientific
analysis of spatiotemporal tracking data, event data, and game codes in disciplines
such as match and performance analysis, exercise physiology, training science, and
collective movement behavior analysis. It is completely providerand sports-independent
and includes a high-level interface suitable for programming beginners. The package
includes routines for most aspects of the data analysis process, including dedicated data
classes, file parsing functionality, public dataset APIs, pre-processing routines, common
data models and several standard analysis algorithms previously used in the literature,
as well as basic visualization functionality. The package is intended to make team sport
data analysis more accessible to sport scientists, foster collaborations between sport
and computer scientists, and strengthen the community’s culture of open science and
inclusion of previous works in future works.
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