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Abstract: Understanding the key factors driving attacking
success represents a critical challenge in soccer match anal-
ysis. A promising approach to address this issue is the appli-
cation of expected possession value (EPV) models. There-
fore, this paper aims to develop an EPV model with high
explainability to provide detailed practical insights into the
keys to attacking success. Tracking and event data of the
Bundesliga season 2022/23 were analyzed (306 matches).
From three main categories (match performance offense,
defense, & match situation context), 21 features were care-
fully selected by professional match analysts. Afterward,
machine learning classifiers were used (e.g. Random Forest,
XGBoost) to predict the goal probability of possessions. The
selected EPV model showed satisfactory prediction perfor-
mance (xGBoost: Accuracy = 0.99, Recall = 0.06, F1-Score
= 0.10, AUC = 0.85, logloss = 0.05, ECE = 0.01). The most
important features in predicting attacking success were the
distance (1st) and angle (2nd) to the goal, the offensive space
control in the final third (3rd), and the relative pitch posi-
tion (4th, defined by the number of outplayed opposing
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formation lines). By applying the presented EPV model and
interpreting its most important features in individual match
situations or over a whole match highly practice-relevant
information about the tactical match performance of play-
ers can be gained.

Keywords: performance analysis; tactical match perfor-
mance; elite soccer; soccer analytics; machine learning

1 Introduction

With the increasing availability of a wide variety of data in
professional soccer, the effort to evaluate this data has inten-
sified. The ones to reveal the most significant information
out of the data points may achieve a competitive advantage.
In detail, such information can be used to support numerous
decisions and may help to increase the match performance
of soccer players (Forcher et al. 2024d).

Understanding the match performance of soccer play-
ers is one of the main interests from a sports scientific
perspective. To better understand a player’s match perfor-
mance, four different facets of performance can be distin-
guished including physical, technical, tactical, and psycho-
logical match performance (Forcher 2024a,b). Thereby, the
goal-oriented behavior of players can be referred to as tac-
tical match performance which describes the effectiveness
of players’ actions in relation to a shared tactical objective,
such as scoring a goal (Forcher 2024a).

Those tactical objectives differ depending on the match
situation and the ball possession and, therefore, different
playing phases of the game are distinguished in which dif-
ferent tactical objectives are pursued: defensive play, offen-
sive play, offensive transition, defensive transition, and set
plays (Bauer et al. 2023; Escher 2020; Hewitt et al. 2016). For
instance, in offensive play, a team’s tactical objective is to
control the ball and eventually score. Thereby, the tactical
match performance of an individual player describes the
quality of a player contributing to this tactical objective (e.g.
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by playing a successful pass into a dangerous area to create
a scoring opportunity).

Recently, research on tactical match performance
mainly focussed on the on-ball behavior of soccer players in
offensive play (Forcher et al. 2022a) including the analysis
of passes (Forcher et al. 2021; Goes et al. 2021a; Power et
al. 2017) or shots (Anzer and Bauer 2021; Gonzalez-Rode-
nas et al. 2019).

Yet, with the availability of highly accurate track-
ing data (Sarmento et al. 2018), which includes continuous
information on the positions of all players on the pitch
the off-ball behavior of the players becomes quantifiable
(Goes 2023; Herold et al. 2022). Furthermore, the complex
interactions within teams (Headrick et al. 2012; Laakso et al.
2017) and between teams (Goes et al. 2021b) can be analyzed
in great detail. Accordingly, tracking data has been increas-
ingly used to analyze match performance in soccer (Anzer
2022; Bauer 2022; Goes et al. 2021b) due to its potential to
provide highly objective information, thereby enhancing
insights into soccer match performance.

Still, especially the large volume and variety of this type
of data brings significant challenges, necessitating the use
of computational methods for its evaluation. For example,
tracking data of a single match can add up to 3 million
data points (Memmert et al. 2017). However, this abundance
of data also makes it possible to apply advanced artifi-
cial intelligence (AI) and machine learning (ML) techniques
effectively. ML excels at identifying hidden patterns within
complex dynamic systems. In the context of team sports, the
collective interactions among players can be interpreted as
such a dynamical system (Welch et al. 2021). By leveraging
ML approaches, player behaviors linked to success can be
analyzed, allowing for the identification of key tactical fac-
tors that contribute to a team’s performance (Forcher et al.
2025).

Especially in the analysis of offensive play those
machine learning models have found their way into the
analysis of tactical match performance in soccer. First and
foremost, expected goals (xG), which predicts the outcomes
of shots (i.e. goal probability), is frequently used to eval-
uate the offensive performances of individual players or
collective teams. Several studies analyzed xG (Lucey et al.
2015; Mead et al. 2023) and overviews of different published
XG models in the literature can be found in Cavus and
Biecek (2022) and Hewitt and Karakus (2023). For instance,
Anzer and Bauer (2021) predicted the outcome of shots
based on seven seasons of the first and second German
Bundesliga and indicated that synchronized tracking data
can complement the information of event data to effectively
increase the accuracy of XG models. Another example is
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shown by Cavus and Biecek (2022) who presented an xG
model based on shots from seven seasons of the top-five
European leagues showing a comparatively powerful pre-
diction performance correctly predicting about 30 % of all
goals scored.

Overall, xG models provide an objective way to analyze
match performance by offering insights into a team’s or
a player’s attacking effectiveness in soccer. For example,
the analysis of well-calibrated xG models can help identify
players’ shooting patterns, such as those consistently taking
high-probability shots, and assess their conversion perfor-
mance by comparing their individual conversion rate to the
average rate predicted by the XG model.

Still, goal scoring is hard to predict (<30 % of all goals
scored can be predicted correctly (Anzer and Bauer 2021;
Cavus and Biecek 2022)) which may be due to the diversity
and distinctiveness of match situations and the difficulty of
scoring in the low scoring game of soccer.

Further, the interpretability of those models is not
always ensured. This concerns, for example, the included
features that should display a specified part of match per-
formance to enable their meaningful interpretation (e.g.
ball control as part of technical match performance). Addi-
tionally, in most models, the defensive side of the game is
undervalued (Hewitt and Karakus 2023). Overall, xG is a
significant KPI to analyze tactical match performance since
it predicts the main objective of offensive play, namely scor-
ing. Nonetheless, by focusing exclusively on shots solely a
small subpart of the match of soccer is analyzed.

To value all actions of the game rather than focus-
ing solely on shots, several approaches have been made
to analyze the actions that are meaningfully related to
the scored goal. This is completed by analyzing sequences
of play and connecting them to the tactical goal of scor-
ing. This aim was quantified using Markov chains (Rudd
2011), expected threat (xT) (Singh 2018), or expected pos-
session value (EPV) (Rahimian et al. 2024). For instance, XT
describes the increase in scoring probability to which an
on-ball action has contributed. It is based on a scoring prob-
ability surface and on the location of events in which actions
that led to an increase in xT are favored (Singh 2018). While
this approach includes the idea of attributing prior actions
to the goal it does solely take on-ball event data into account.
Furthermore, it overlooks a wide range of tactical and tech-
nical KPIs that are essential for a more in-depth analysis
of match situations or sequences of play. For instance, the
approach could benefit from integrating defensive features
such as the pressure on the ball leader or the defensive
coverage of close pass options.
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For this purpose, the most promising approach is
based on modeling EPV. EPV predicts the probability of a
possession ending in a scored goal (Fernandez et al. 2019,
2021; Olthof and Davis 2025; Rahimian et al. 2024). In doing
so, current approaches use neural networks and complex
input data (e.g. raw tracking data) (Fernéndez et al. 2019,
2021). Those input data are then used to predict differ-
ent submodels such as xG, action selection probabilities
(Ferndndez et al. 2021), or probability pitch surfaces such as
the success probability of the action (Rahimian et al. 2024).
Afterward, those prediction models and pitch surfaces are
implemented by the neural network to predict the proba-
bility of the possession outcomes (e.g. scored goal, conceded
goal). With it, those EPV models consider off-ball behavior
(e.g. by modeling pass option surfaces and space control),
enable an evaluation of all actions during a possession (e.g.
passes & dribblings), and their sophistication does justice to
the difficulty in predicting goals in soccer.

However, the lack of transparency regarding the inner
mechanisms and dependencies of these deep learning mod-
els is a significant limitation. In many cases, the fea-
tures used in different models are described only vaguely
(Fernandez et al. 2021), and details about the performance
of the underlying models or the characteristics of the pitch
surfaces are not always specified. As a result, the overall
performance of these models remains uncertain. While the
performance of deep learning models is powerful, their
interpretability is hampered.

Nonetheless, this interpretability is essential to reflect
on the possibility of making erroneous scientific claims due
to data leakage or the frequently lacking or misleading
interpretation of the results of AI methods (Gibney 2022;
Kapoor and Narayanan 2023). Therefore, sports scientific
application of machine learning approaches to analyze the
tactical match performance in soccer should focus on the
interpretability of their machine learning approaches (e.g.
by using explainable Al methods such as Shapley values) to
increase the knowledge gain of studies.

Therefore, this study aims to leverage tracking data and
machine learning methods to predict attacking success in
elite soccer by developing an EPV model. Thereby this study
focuses on the interpretability of the developed EPV model,
achieved through two key strategies: (i) KPIs grounded in
expert-based technical or tactical features, and (ii) employ-
ing explainable Al methods to provide detailed insights into
the features and mechanisms underlying the predictions.
This procedure allows to reveal detailed practice-relevant
knowledge about the dependencies of attacking success and
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gives insights into the tactical match performance in soccer.
Further, hypotheses were formulated specifically for each
feature included (please see Table 1, technical & tactical
idea).

2 Methods

This study was conducted according to the guidelines of the
Declaration of Helsinki and approved by the local ethics
committee (Human and Business Sciences Institute, Saar-
land University, Germany, identification number: 22-02, 10.
January 2022).

2.1 Data

Using an observational study design, official tracking and
event data of all matches during the 2022/23 season of
the German Bundesliga were analyzed post-event (306
matches).

Tracking data was collected using a semi-automatic
multi-camera tracking system (TRACAB, ChyronHego,
Melville, NY, USA). This tracking system measures the
positions of the ball and all players on the pitch with
a sampling frequency of 25Hz and recently has been
validated to be suitable for analyzing soccer-specific
performance (Linke et al. 2020).

Event data was officially notated by Sportec Solutions
(Sportec Solutions AG, Ismaning, Germany) differentiating
about 30 events with over 100 attributes defined by the
official match data catalog of the German Soccer League
(DFL) (DFL 2014). The event data was synchronized to the
tracking data (Anzer and Bauer 2021).

The match dates at which the data was collected are
available on the official website of DFL (DFL 2024) and all
data was retrieved for the presented analysis on 1/11/2023.

All steps of data preprocessing, analysis, modeling, and
visualization were completed using python 3.11.8 and the
Pandas, NumPy, Math, Matplotlib, SHAP, and scikit-learn
libraries.

2.2 Data processing

To ensure the traceability of the analysis, the main analysis
steps are described below. This includes the preprocessing
steps of the identification of playing phases, the identifica-
tion of the tactical formation, and the computation of the
coverage of pass options. Based on those preprocessing steps
expert-based features were computed.
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2.2.1 Playing phases

The playing phases were determined based on the event
data. At first, ball possessions were identified using a rule-
based approach to calculate possession chains following
the example of (Sumpter and Andrzejewski 2022). Based on
the defined ball possessions, the different playing phases
— offensive play, defensive play, defensive transition, offen-
sive transition, and set plays — were identified. This study
focused exclusively on the playing phase of offensive play.
Offensive plays were defined as sequences involving at least
two on-ball actions (e.g. duel or dribbling) or a successful
pass occurring closer to the attacking team’s goal than 10
of the 11 opposing players positioned behind the ball. The
offensive phase stopped when the ball went out of play, play
was stopped due to an event such as a foul, or the opposing
team regained possession of the ball.

During a possession of offensive play, all match situa-
tions in which an on-ball action (e.g. pass, dribbling) of the
attacking team was performed were analyzed. Accordingly,
all features (see methods section Features) were computed
based on the tracking data of the identified time-frame of
the on-ball action. This procedure was chosen to effectively
analyze match situations in which the attacking team has
ball control. Otherwise, modeling of pass options would not
make sense if computed during a ball move.

Further, only 11 versus 11 match situations were taken
into account. Accordingly, all matches with player dis-
missals were excluded (42 matches). Additionally, all match
situations in which not all 22 players and the ball were
identified were excluded.

2.2.2 Tactical formation

The tactical formation was identified within three time-
windows of a whole match: first half (0-45 [min]), first
interval of second half (46—62.5 [min]), second interval of
second half (62.6-90 [min]). Those time-windows were cho-
sen to account for in-game formation changes which highly
influence the match performance in soccer (Forcher et al.
2022b) and have been found to occur almost exclusively in
the second half (95.2 %) (Forcher et al. 2023).

Next to in-game formation changes, previous studies
also showed that tactical formations also significantly vary
depending on the playing phases (Bauer et al. 2023). There-
fore, the tactical formations were solely identified in the
considered playing phase of offensive play that was inves-
tigated in this study.

To quantify a tactical formation, a KMeans clustering
algorithm was used to cluster the longitudinal x-positions
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of all players of a team into three formation lines (e.g. 5-3-2)
(Forcher et al. 2024a; Goes et al. 2021b).

Overall, this results in 6 formations per team per match
(3 time-windows X 2 formations [defending team & attack-
ing team]). The information about the tactical formation
was used to define the relative pitch position of a match
situation (see Table 1).

2.2.3 Pass options

The coverage of pass options for the ball-leading player was
analyzed to account for the defensive side of the game. In
contrast to the main objective of offense to score a goal, the
defense aims to regain the ball from the attacking team.
In this context, several studies showed that it is highly
important to cover close pass options to regain the ball
(Forcher et al. 2024b,c).

To analyze pass options, two key performance indica-
tors were used. First, defensive pressure (DP) was analyzed
to measure the spatial pressure exerted by the defending
team on a potential pass receiver. Additionally, the coverage
of the passing lane (CPL) towards a potential pass receiver
was quantified to analyze the defending team’s ability to
intercept a given pass. Both pieces of information were
used to quantify the expected pass reception of a given pass
option (xPR, see Figure 1).

DP was quantified wusing the approach of
Andrienko et al. (2017) which includes the distance
and the orientation of a defender to the pressurized
attacker. Thereby, an oval pressure area is formed around
the attacker (“pass receiver”) which is oriented towards
the attacked goal. Within this pressure area, the pressure
increases the closer the defender is positioned to the
attacker (see Figure 1). This approach was updated by
decreasing the pressure area the closer the attacker is
positioned towards the attacked goal following the idea of
Herold et al. (2022).

CPL was quantified by shaping a triangular pass cov-
erage area around the expected passing lane of a given
pass. Within this coverage area a defender increases the
possibility of intercepting a possible pass the closer he is
positioned toward the passing lane (see Figure 1).

All detailed quantifications (DP, CPL, & xPR) can be
found in the appendix (see Appendix 1).

Overall, the resulting XPR metric was used to quantify
the coverage of possible pass options both for the 5 closest
pass options to the ball and the most dangerous pass options
of the attacking team which were defined by the closest
distance to the goal.
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Expected Pass Reception (xPR)

pitch width [m]

DP=61%
CPL=77%
xPR =31%

30 40
pitch length [m]

30 40
pitch length [m]

30 40
pitch length [m]

Figure 1: Illustration of the Expected Pass Reception (xPR) metric (right) which is computed based on the two metrics of Defensive Pressure (DP, left)
and Coverage of Passing Lane (CPL, middle). For all three illustrations, the attackers (depicted in blue) create a possible pass option from left to right
(blue arrow). The defender(s) (depicted in black) put(s) the possible pass-receiving attacker under defensive pressure (61 %) and cover(s) the possible
passing lane of the given pass option (77 %) which in combination results in an xPR of 31 %.

2.2.4 Features

The handcrafted features were computed in the moment of
an on-ball action of the attacking team using the tracking
data of the players and the ball.

Overall, the features were classified into three main
categories: (1) contextual information about the match
situation (including the absolute & relative ball position
and match situation history), (2) offensive tactical features
(including the ball control of the ball-leader, space control,
pass options, and box occupation of the attacking team), and
(3) defensive tactical features (including defensive pressure
on the ball-leader and goalkeeper position). The detailed
description of all features can be found in Table 1.

All the features were carefully selected by professional
match analysts of a first-division club (LeaF & LeoF) and
only included if they comprised a technical or tactical idea
and thus represented a part of the technical or tactical
match performance (da Costa et al. 2009; Forcher et al.
2024c). This selection process enables a practical applica-
ble interpretation of the results to gain detailed knowledge
about the match performance in soccer.

2.3 Statistics

To statistically examine the given problem, machine
learning Classifiers (Logistic Regression, Random Forest,
XGBoost, adaBoost) were used to predict the success of a
possession during the playing phase of offensive play. The

success of an offensive playing phase was defined by the
outcome of the playing sequence. To specifically define the
target variable, multiple time-windows (5, 10, 15, & 20s
time-window) were evaluated, with a situation classified as
successful if a goal was scored within the specified time-
window of the same possession. In the final model, and
consistent with prior EPV studies (Ferndndez et al. 2019,
2021; Forcher et al. 2025; Rahimian et al. 2024), a 10-s win-
dow was selected for EPV prediction, facilitating the iden-
tification and attribution of critical actions contributing to
goal-scoring opportunities. This approach enables a focus
on actions exerting a substantive influence on positive
attacking outcomes, while excluding those that do not sig-
nificantly influence the outcome.

To effectively train the classifiers, all features were
normalized, and the dataset was split using a stratified
train—test—validation split (60 %, 20 %, 20 %) on a match-
by-match basis to prevent events from the same possession
appearing in different data sets, thereby avoiding infor-
mation leakage and overfitting (train: 158 matches, test: 53
matches, validation: 53 matches). Model training included
an internal 5-fold cross-validation procedure, also stratified
and conducted on a match-by-match basis. For each classi-
fier, hyperparameters were optimized using 80 rounds of
randomized grid search. Model selection and tuning priori-
tized performance on the Brier score, expected calibration
error (ECE), and Recall. These measures of predictive perfor-
mance were emphasized because the main task of the EPV
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é BSRESILRES model is determined to correctly predict successful posses-
L sions leading to goals (Recall), while simultaneously min-
imizing the Brier score and ECE to ensure well-calibrated
probability estimates of scoring probabilities.
Furthermore, the Pearson correlation between the
wlsoea=-cwagys features was analyzed and all features that very largely
wldzs23322223 correlated (Pearson’s r > 0.75, very large correlation
(Hopkins 2002)) were excluded (see Appendix 2).
(excluded features: absolute_pitch_position_third,
match_situation_number_actions,
offense_onball_ball_control_speed_difference_player_ball,
E ':\f & Z{ b5 § § g g %* S offense_offball_pass_options_close_to_ball 5_mean).
S 009 5o S oo o
For the final selected model, SHAP values were calcu-
lated to explain feature importance and their specific con-
tributions to the predictions to enable a transparent inter-
pretation of the model’s characteristics.
k: 3 Results
[-+]
g Overall, in all 264 matches considered, 18,060 possessions of
g the playing phase of offensive play were identified. During
§ those possessions 132,851 match situations were analyzed (@
g g 3 § 888 § 22 g § 5 =7.36 on-ba.ll actions_per p(?ssession). .
Q| g|&|5ScssesesS Increasing the time-window for defining the target
3| ol3 variable of possession success resulted in a greater pro-
21 3 . N . .
2|2 portion of match situations being classified as successful,
= % ranging from 0.57 % with a 5-s window to 1.29 % with a 20-s
£ window. With the finally selected target variable definition
g oluepneenensy qfa 10-s tirr}e-wi.rldow, a total of 1,031 (0.?8 %) matih situa-
3 glss2s3853532 tions were identified as successful attacking play (= a goal
= was scored in the following 10 s of the match situation in the
same possession). All detailed class distributions and predic-
tion performances of the different models are presented in
Table 2 (all feature correlations are displayed in Appendix 2,
Figure 1).
E § < § § E § § E § E For the selected 10 s time-window, the XGBoost Classi-
g|e°ccseee°es fier achieved the best calibration scores (Brier score = 0.009,
ECE = 0.011) with solid discrimination between classes
(AUC = 0.849, Recall = 0.057). The Random Forest Classifier
showed increased Recall (0.182) but decreased calibration
cslacuoasuensg performance (Brier score = 0.015, ECE = 0.041). All detailed
2|3 S S S T SN S B predictive performance measures for all models are illus-
£ trated in Table 2.
Overall, the XGBoost Classifier using the 10s time-
5 window was analyzed in more detail using SHAP values
§ and feature importances (see Figure 2). The most important
g features for the prediction were the distance (Ist) and angle
ﬁ § (2nd) to the goal, the offensive space control in the final third
% ‘g E § § § § § § § § & (3rd), and the relative pitch position (outplayed opposing
L <]l ocoooooooo oo

formation lines, 4th) (Table 3).
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4 Discussion

This paper aimed to combine the possibilities of machine
learning with the substantial information of player tracking
data to analyze attacking success in elite soccer. The devel-
oped expected possession value (EPV) was modelled using
carefully selected KPIs with a specified tactical or technical
idea. Consequently, the final selected XGBoost model (all
features, 10 s time-window) demonstrated satisfactory pre-
dictive performance in identifying successful attacks while
providing well-calibrated probability estimates. Together
with the implementation of explainable AI methods (see
Figures 2 and 3) a detailed interpretation of features and
underlying mechanisms of the prediction model ensures
a high interpretability of the presented approach. This
interpretability of the inner mechanisms of the EPV model
is essential to gain deep insights into the dependencies
of tactical match performance of soccer players. Thereby,
detailed and practice-relevant knowledge about the com-
plexities of achieving attacking success in the Bundesliga
is revealed. In detail, the presented results suggest that
the most critical factors for scoring are gaining possession
near the opponent’s goal, breaking through opposing forma-
tion lines, and positioning attackers inside the opponent’s
penalty box or final third.

The analysis of different time-windows for the
definition of the target variable of possession success
showed that the application of larger time-windows result
in more situations labeled as successful (ranging from
0.57 % for the 5 s time-window to 1.27 % of match situations
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labeled as successful for the 20 s time-window, see Table 2).
However, substantial class imbalance persists across all
tested time-windows. For both XGBoost and Random Forest
Classifiers, the prediction performance, especially the
identification of successful match situations, improves with
smaller time-windows (e.g. increased Recall & Accuracy).
This indicates that the outcome of match situations are
easier to predict the closer they are to the end of the
possession illustrating a strong connection between the last
actions of an attack and the possession outcome. Balancing
predictive performance with the ability to attribute value
to preceding actions and in line with prior EPV studies
(Fernandez et al. 2021; Forcher et al. 2025; Rahimian et
al. 2024) the 10-s window was selected for subsequent
analyses.

Overall, the presented EPV model shows a powerful
prediction performance of successful attacks. In compari-
son to XG models, the presented EPV model shows compa-
rable discrimination (presented EPV AUC = 0.85; Anzer and
Bauer (2021) xG AUC = 0.83) and decreased sensitivity in
terms of correctly predicting goals (presented EPV Recall:
0.05; Anzer and Bauer (2021) XG Recall = 0.18; Cavus and
Biecek (2022) xG Recall = 0.30). This worse performance
in identifying successful match situations may be traced
back to the higher imbalance of the dataset in EPV (between
0.57 % & 1.29 % of successful labeled match situation in the
presented study) compared to xG (12.52 % of successful shots
in the analyzed Bundesliga season 2022/23: 7,758 shots, 971
goals). However, the calibration of the selected EPV model
indicates a substantial performance in predicting accurate

Expected Possession Value (EPV)
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Figure 2: Illustration of the feature importances (left) and SHAP values (right) of the 17 included features within the selected EPV model (XGBoost, all
features & 10 second time-window). Feature importances on the left are illustrated according to their category (match situation: grey, offense: orange,
defense: blue). The feature expressions are depicted on the right.For the SHAP values on the right, orange indicates high feature values which
positively influence the prediction (higher scoring probability) and blue indicates a low feature value with negative influence on the prediction (lower

scoring probability).
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Attacking Team: Team 2
EPV: 0.557
Team 1 25 Team 2 67:45 EPV max of possession: 0.557
XG max of possession: 0.0
possession outcome: BOOP
= absolute_pitch_position_angle_to_goal (18.0 [])
offense_offball_space_control_final_third_offense_percentage (62.4 [%])
/_\ relative_pitch_position_horizontal_zones (4.0)
o’ w offense_offball_pass_options_dangerous_2_mean (53.0 [%])
° offense_offball_box_occupation_offense_total (2.0)
.
L4 defense_offball_defensive_pressure_on_ballleader (46.9 [%])
L . °
P : e Sum of 11 other features
o .o
o0 %
4 SHAP value

Figure 3: Illustration of an exemplary EPV analysis of a match situation (left) in the 68th minute with the home team (blue) leading with a current
score of 2:1. The away team (red) attacking from the right lane (ball depicted in black) which results in an EPV of 56 %. Additionally, the SHAP values of
this single prediction are represented (depicted in red on the bottom right), with the outplayed opposing defensive formation lines being the most

important variable in this specific match situation.

probability estimates (Brier score = 0.009, Cavus and Biecek
(2022) xG Brier score = 0.073). Accordingly, the prediction
performance of the presented model is substantial. Still, the
highly unbalanced nature of the dataset and the amount
of uncertainty in possession outcomes in soccer needs to
be considered when implementing this model in practice to
analyze match performances and support decision-making.

While the comparison with XG models gives a first
insight of the overall performance of our EPV model, com-
parisons between EPV models and xG models have to be
made with caution since the models predict different match
situations (xG: success of shots, EPV: success of whole
attacks). Nevertheless, they are indispensable, since bench-
marking the presented EPV model against other models for
attacking success in the literature (e.g. EPV studies) is unfea-
sible due to the absence of adequate reported prediction
performance metrics. To the best of the authors’ knowledge,
there is no comparable attacking success prediction study
(e.g. EPV, xT, VAEP) that analyzed the feature importances or
individual feature expressions of an attack success predic-
tion model (Decroos et al. 2019; Fernandez et al. 2019, 2021;
Rahimian et al. 2024) in a way that would enable such a
detailed comparison with the presented approach. There-
fore, the presented results need to be validated in future
studies.

In comparable EPV studies, log-loss is mainly reported
as a prediction performance metric (Ferndndez et al. 2019,
2021; Rahimian et al. 2024). While this measure indicates
the overall accuracy of the prediction approach, it does not

provide important information about the performance in
predicting the minority class (in this case: goals). In this
special case of predicting goals as successful outcome of an
attack, the main objective of an attacking success model (in
this case EPV) should be about predicting the minority class
(goals or successful attacks) next to the other goal of pro-
ducing well-calibrated probability estimates (see Section 2
Methods Statistics). In this context, a model that solely pre-
dicts the majority class of unsuccessful match situations
would result in a high accuracy and almost perfect log-
loss in the highly unbalanced data set (=99 % unsuccessful
attacks vs. ~1 % successful attacks). However, in doing so,
it would fail to address the main objective of the given
problem, to correctly predict goals, and would consequently
not be helpful in assessing offensive match performance.
This is also true for the sole reporting of AUC in other attack-
ing success predictions such as VAEP (presented EPV AUC =
0.85; Decroos et al. 2019 VAEP AUC = 0.77).

Accordingly, a valid decision regarding which model is
best suited for predicting the problem of successful attacks
ultimately depends on the perspective taken. However, due
to the lack of important prediction performance metrics in
most studies in this context, it is not legitimate to make a
definitive judgment on which model is best for predicting
successful attacks at this stage. Understanding the detailed
prediction performance of a model, particularly in predict-
ing the minority class of goals and producing well-calibrated
probability estimates, is essential for evaluating the uncer-
tainty of such an approach accurately.
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This exact knowledge of uncertainty, along with high
interpretability (e.g. SHAP values, see Figures 2 and 4), is
essential to effectively implement these models in perfor-
mance analysis and ultimately support decision-making in
elite soccer. This is the juncture where the presented EPV
approach sets itself apart from other models of attacking
success in the current literature.

By carefully selecting the features that map a specified
aspect of match performance in soccer (see Table 1) and
applying explainable AI (see Figure 2) the explainability
of the presented approach is ensured. Based on that, the
individual features are analyzed in detail below. With it,
the inside mechanisms of the prediction can be interpreted
and derived to summarized principles of play which con-
tributes to the objective analysis of players’ and teams’
performances.

First of all, the most important feature of the presented
EPV model is the distance of the ball towards the attacked
goal (see Figure 2). This finding is in line with xG studies
that similarly found this feature to be the most important
in predicting goals (Anzer and Bauer 2021; Mead et al. 2023).
Accordingly, this confirms the simple basic assumption that
bringing the bhall closer to the opponent’s goal increases the
probability of scoring in the respective possession.

OFFENSIVE PLAY PERFORMANCE

Team 1 Vs. Team 2
offensive plays: 34 52

10 4
= Team 1 EPV
=+= Team 1xG

Team 2 EPV

=== Team 2 xG

EPV & xG value

game time [min]

Figure 4: Illustration of an exemplary EPV analysis of a single match. The
home team (blue) had 34 offensive plays in the respective match, in
which they created an EPV sum of 3.48 (blue solid line). They especially
dominated the away team (red) during the first half (EPV in solid lines). In
contrast, the away team outperformed the home team in their offensive
play performance especially during the second half while increasing their
danger to an overall sum EPV of 7.64 (red solid line). Furthermore, the
sum xG values are presented in dotted lines in which the away team also
outperformed the home team during the second half.
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Complementing this simple principle, the 4th most
important feature, the relative pitch position (with respect
to the opposing defensive formation lines), for the pre-
diction provides associated information. This feature can
complement the information of the distance to the goal by
indicating how far the attack has progressed. For instance,
in match situations with a high-pressing opponent, this fea-
ture indicates that the danger of an attack increases when
the defensive formation lines are overplayed even though
the ball is still far away from the opposing goal. Accord-
ingly, outplaying opposing defensive formation increases
the scoring probability (e.g. by bringing the ball behind the
defensive line, see Figure 3). This may be due to a disruption
of the opponent’s defensive organization following a line-
breaking pass which can then open up space for possible
passing options (Forcher et al. 2024a; Goes et al. 2018).

In line with previous xG studies, the angle to the goal is
also important for the prediction (2nd important feature in
the presented EPV model, 5th important variable in Anzer
and Bauer (2021)). In detail, the probability of a successful
attack is increased if the ball is situated in the middle of
the pitch with greater angle to the goal (0° £ ball is directly
beneath goal, 90° £ ball is in the middle of the pitch directly
in front of goal) (see Figure 2).

The 3rd most important variable for the prediction of
attacking success is the space control of the attacking team
in the final third. By placing potentially dangerous attackers
close to the opposing goal the space control of the attacking
team in the final third may be increased. Therefore, creating
space for possible dangerous pass options close to the goal
(8th important feature of the model) is a key to create scor-
ing opportunities in areas close to the goal (Fernandez et al.
2018).

Furthermore, the offensive box occupation is impor-
tant for the EPV model (5th important feature). In detail, the
positioning of a higher number of attackers in the opposing
box increases the probability of scoring a goal. In this con-
text, it was shown that almost 90 % of all goals are scored
within the penalty box (Fischer and Toetz 2024). Therefore,
positioning possible pass receivers inside the box increases
the chance of scoring in the following. For instance, in the
match situation of Figure 3, two attackers are positioned
inside the penalty box which increases the numerical ratio
of the offense (11th most important feature). Both players
may become a pass option of a cross from the ball-leading
player in the outer lane of the pitch which overall increases
the probability of scoring.

The features discussed are in line with recent findings
in the literature and the formulated hypotheses (see Table 1,
Technical & Tactical Idea).



DE GRUYTER

4.1 Practical application

Next to the aim of gaining knowledge about the match per-
formance in soccer, one of the main aims of sports scientific
analyses is to apply the findings in practice. The outcomes
of the EPV model can be used in two main ways.

First, the conducted interpretation of features and their
expressions (see above) can be used to derive principles of
offensive play. Those principles of play are based on the
findings of the developed EPV model and therefore hold
important objective information on the success factors of
the playing phase of offensive play. They are a suitable tool
to translate the presented findings to applicable guidelines
for the practical use of coaches or analysts. For instance,
the principles can be used to design training regimes to
potentially increase the match performance of players.

Objective principles of offensive play that increase the
scoring probability of an attack:

— Bring the ball close to the opponent’s goal!
— Overplay opposing formation lines!
—  Create space in the opposing final third!
— e.g. by threatening deep spaces behind the oppos-
ing defending line with deep runs
— e.g. by occupying the opposing final third
- Occupy the opposing box!
— Create dangerous pass options close to the opposing
goal!

Second, next to the formulation of principles of play, the
quantitative results of the EPV model can be used to ana-
lyze individual player and collective team performances.
For instance, individual actions can be evaluated by ana-
lyzing the amount of EPV gained by a player’s action
(Fernandez et al. 2019). With it, the contribution of each
individual player to the attacking success of a team (e.g.
by advancing the ball into dangerous areas by dribbling
or finding a teammate in a dangerous scoring position by
playing a key pass) can be assessed in seconds. In perfor-
mance analysis of offensive play, this information is key
to objectively evaluate players and their actions. In this
context, EPV added from individual actions (e.g., dribbles
or passes) can be aggregated across matches or seasons to
quantify a player’s overall performance and to identify the
most impactful players in a given competition. An applied
example of this individual player analysis is provided in
(Forcher et al. 2025).

Furthermore, the offensive performance of teams can
be analyzed in individual match situations, whole matches,
or entire seasons by analyzing the danger that was created
during the offensive plays (quantified by EPV). An applica-
tion of the EPV model to analyze a specific match situation
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is illustrated in Figure 3. In this context, the analysis of
the SHAP values for this particular situation (shown in the
bottom right of Figure 3) assists soccer analysts and coaches
in understanding the underlying mechanisms of the predic-
tion, highlighting the features that had the most significant
impact on the prediction outcome in this match situation.
This information about how teams create dangerous match
situations can be used by the expertsin a targeted manner to
improve strategy and decision-making in opponent analysis
(pre-game) or post-match analysis of the own team. Overall,
this explainability is an absolute key to understand machine
learning models to effectively apply them in performance
analysis.

In addition to the detailed information given by the
analysis of single match situations, the EPV performance
throughout an entire match can provide the coaching staff
with valuable insight into their overall attacking perfor-
mance. An example of such a match analysis is shown
in Figure 4. In this context, the analysis of the XxG match
performance has become standard in soccer analysis, pro-
viding a first indication of the offensive performance of a
team resulting from shots at goal. However, such analyses
lack insights into the overall attacking performance missing
important information about dangerous attacks that did not
entail a shot at goal (e.g. near miss from a flat cross in front
of an empty net). Therefore, this XxG match analysis can
be enriched with insights from the presented EPV model,
which can highlight attacking performance without having
to shoot at goal (see Figure 4 in red dominated the first half
despite not taking any shots (xG = 0)).

In summary, EPV can provide valuable information
on team and individual performances and thereby com-
plement established metrics such as expected goals (xG)
(Anzer and Bauer 2021), particularly when aggregated at
the team or season level. In our analyses, season-level EPV
showed a slightly stronger correlation with the total num-
ber of goals scored (r = 0.92 in offensive play) than xG
(r = 0.91 in offensive play), indicating its suitability for
longer-term performance assessment. All detailed correla-
tions can be found in Appendix 3. On a match-by-match
basis, however, xG exhibited higher correlations with imme-
diate goal outcomes (xG r = 0.59 in offensive play; EPV r
= 0.27 in offensive play), suggesting greater sensitivity to
short-term fluctuations. Furthermore, EPV and xG show a
very high correlation at the season level (r = 0.97 in offen-
sive play), while this correlation notably decreases at the
match level (r = 0.55 in offensive play). In this context, a
recent comparative analysis between EPV and xG has shown
that EPV is more useful for pre-match predictions, whereas
XG provides greater utility in post-match analysis scenarios
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(Forcher et al. 2025¢). Overall, EPV represents a meaning-
ful KPI for both team-level aggregation and fine-grained
analysis of individual actions and match situations, thereby
offering a holistic perspective on offensive performance.

4.2 Limitations and future research

This paper features limitations that should be taken into
account when interpreting the results. First, for the analysis
of a match situation solely the current positions of the play-
ers were taken into account. The players’ body orientation,
running direction, and speed (except for the ball-leading
player and the ball) were not considered. This complemen-
tary information may increase the accuracy of prediction.

Additionally, in contrast to other attacking success pre-
dictions (Decroos et al. 2019) no contextual factors, such as
match status, venue, or quality of opposition were consid-
ered in the presented analysis. This procedure was selected
toreveal general insights into offensive match performance,
valid across various teams with diverse playing styles and
under different match circumstances (venue, scoreline).
From a match analysis point of view, those contextual fac-
tors do not change the outcome of an objective tactical anal-
ysis in a match situation scenario. For instance, an objective
analysis of similar match situations should provide the same
output no matter what the current score line is to effectively
evaluate performances. Following this idea, the EPV can
subsequently be used to analyze the influence of contextual
factors on offensive match performance in different contex-
tual situations (EPV performance playing at home against a
top team when leading).

While this paper analyzed a substantial dataset cover-
ing an entire season of one of Europe’s elite soccer leagues,
it only focused on one league. An application of the current
approach to other leagues (e.g. Premier League) could make
the approach even more universal.

Further, fixed time-windows (e.g. 10-s time-window)
were used to define the success of an offensive playing
phase. Events in possessions ending earlier without a scored
goal were labeled as negative outcomes, which may slightly
influence the estimated probabilities. Future work could
consider possession-length adjusted time-windows.

In the end, one may argue that this paper solely ana-
lyzed the playing phase of offensive play. However, this
is one of the main strengths of this approach since most
attacking success predictions did not differ between playing
phases (Fernandez et al. 2019, 2021). Match situations during
the different playing phases (offensive play, defensive play,
offensive transition, defensive transition, set plays) differ
significantly and demand different tactical behavior from
the players. For instance, during an offensive corner kick,
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the attacking players need to perform other actions com-
pared to an offensive transition. Accordingly, the analysis
of the tactical behavior needs to account for those match
situations to be able to effectively analyze and evaluate the
tactical match performance. Still, there is a need for similar
attacking success metrics for offensive play or offensive set
pieces. Therefore, future studies should focus on the cre-
ation of adequate features that display a part of technical
or tactical match performance in those specific match situ-
ations to eventually increase the knowledge about tactical
match performance in soccer.

5 Conclusions

This paper presented one of the first EPV approaches in soc-
cer that focussed on the explainability and interpretability
of the presented model. Together with the careful selection
of features using expert knowledge of professional match
analysts and the reflection of the defensive side of the game,
detailed insights were presented on the offensive match
performance of players and teams in the Bundesliga. The
most important features to predict the scoring probability
of possessions were the distance to the goal, the number
of outplayed opposing formation lines, the offensive box
occupation, and the space control in the final third. Apply-
ing the developed EPV model practice-oriented case studies
provided insights into the dependencies of attacking success
which includes the insightful analysis of match situations
and matches (see Figures 3 and 4) and the derivation of
principles of offensive play (see Section 4 Discussion Prac-
tical application). With those findings and the EPV model
itself, various decision-making and analysis processes in
professional soccer can be supported.

Overall, by analyzing a whole season of Bundesliga
tracking data with cutting-edge machine learning
approaches this paper gave valuable insights into the
dependencies of attacking success in soccer.
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Appendix 1: Expected pass
reception metric

Defensive pressure (DP)

To quantify DP an improved version of the approach of
Anrienko et al. (2017) was used which was adapted by
Herold et al. (2022).

(1) L = Dy + Dpront — Draci)(@® + 0.32)/1.3

(2) z = (cosa + 1)/2

(3) Dy = (GoalDis * 0.02) + 6.9

(4) Dback = Dfront /3

(5 q=175

(6) Pr=(1—d/L)1 x 100 %
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L £ Shape of the pressure area

a £ Angle between defender and attacker

Dione £ Length of pressure area in front of attacker (in
threat direction)

Dy, 2 Length of pressure area behind attacker (in
opposite direction to threat direction)

GoalDis £ Distance of the player in ball possession to
the goal, if attacker enters penalty box (GoalDis = GoalDis/2)
to further decrease the pressure area

q 2 Weight of pressure increase from 0 to 100 [%] inside
the pressure area

d £ Distance from defender to attacker

Pr £ Pressure value in [%]

Coverage of passing lane (CPL)

To quantify CPL a novel approach was developed. This
approach quantifies the extent to which a pass line can be
covered by a defender.

Ms=05*@+b+c)

@Qh=2s*/s*(s—a)*(s=b)*(s—0)

3 d= \/(a2 - h?)

4 h_max=d*0.5

(5)q=175

(6) CPL = (1 — h/h_max)? * 100

h £ Shortest distance of defender to passing lane (inter-
ception point)

d 2 Distance of interception point to passer

h_max £ Size of CPL area

q £ Weight of CPL increase from 0 to 100 [%] inside the
CPL area

CPL £ CPL value in [%]

Expected pass reception metric (xPR)
(1) XPR = 100 — (DP/2 + CPL/2)
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Appendix 2: Correlation matrix of features and different target variables
(5,10, 15, 20 s time-window)

Correlation Matrix
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Appendix 3: Correlation matrix of EPV (expected possession value) and xG
(expected goals)
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Appendix 1 Figure 1: Correlation matrices illustrating the associations between the expected possession value (EPV), EPV triggered (defined as number
of possessions with EPV greater than 0.5), expected goals (xG), and goals scored in the 2022/23 Bundesliga season. The KPIs are reported for overall
match performance and for performance specifically during the offensive playing phase. The left panel presents correlations based on season-level
aggregates, while the right panel presents correlations based on match-level aggregates.
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