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List of Abbreviations 

For the following a sufficient football understanding is recommended for the most optimal reading. 
However, it should be possible to obtain reasonable insights either way. 

 

Passes Allowed Per Defensive Action written as PDDA 

à 𝑃𝐷𝐷𝐴 = 𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑃𝑎𝑠𝑠𝑒𝑠	𝑚𝑎𝑑𝑒	𝑏𝑦	𝐴𝑡𝑡𝑎𝑐𝑘𝑖𝑛𝑔	𝑇𝑒𝑎𝑚
!"#$%&	()	*%)%+,-.%	/01-(+,

 

Opta F24 = Opta event-data file containing match events & Opta F73 = Opta possession-data 

Shapley Additive Explanations can be written as SHAP = Model interpretation method 

Receiver Operating Characteristic - Area Under the Curve written as ROC-AUC 

Precision-Recall Area Under the Curve written as PR_AUC 

Light Gradient Boosting Machine written as LightGBM 

Footedness = Dominance of either left foot or right foot 

Recall = Ability to classify number of positive cases 

à 𝑅𝑒𝑐𝑎𝑙𝑙 = 2345	6789:9;58
2345	6789:9;5	<	=>?85	@5A>:9;5

 

Precision = Reliability to predict the positive classes 

à 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 2345	6789:9;58
2345	6789:9;5	<	=>?85	6789:9;5

 

Odense Boldklub = Danish Football Team (Men) 

Extreme Gradient Boosting written as XGBoost 

English FA = English Football Association 

F1-Score = Machine Learning Metric 

à 𝐹1	𝑆𝑐𝑜𝑟𝑒 = 2	x	 635B9897C	D	E5B>??
635B9897C<E5B>??

	

Divisionsforeningen can be written as Danish League 

à Represents 48 Danish football clubs in Denmark’s top four tiers. 
Second Spectrum = Tracking Data 

False Positive can be written as FP 

True Positive can be written as TP 

False Negative can be written as FN



    
 

 
 

ABSTRACT  

Pressing has become a central tactical component in modern football, yet it remains challenging to 

quantify. The most widely known pressing metric is PPDA, which measures the number of passes 

allowed per defensive action. While other recent research has applied tracking and event data to detect 

counterpressing, less attention has been given to modelling the success of high pressing.  

This thesis investigates which spatial, temporal, and tactical factors are associated with successful 

high-pressing episodes. The study uses full-season data from the Danish Superliga 2024/2025, pro-

vided by The Danish League, with tracking/event data from Second Spectrum and Opta for 192 

matches, aligned and processed. With the aim of detecting pressing episodes using a detector inspired 

by football analytics literature. The fundamental press detection was further refined through video 

validation of 400 sampled episodes and domain-expert feedback. A successful press was likewise 

defined in process with domain experts and evaluated using three modelling approaches: a baseline 

feature model, an expanded model, and a simplified one-feature intensity model. 

The results showed that successful pressing is not explained solely by intensity. Features such as 

passing lane occlusion, trap intensity, and spatial pressure likewise contributed to the model’s pre-

diction of a successful press. This was further supported by the press trigger analysis and a heatmap, 

which indicated that successful presses occurred more often in wide areas near the sideline. The best-

performing model was XGBoost with the expanded feature set, achieving an F1-score of 0.6538 and 

a recall of 0.9040 on the held-out test set, suggesting predictive signal despite the complexity in foot-

ball analytics. The model can support football analysts by identifying pressing situations, evaluating 

and highlighting conditions which yields towards more effective high pressing. The findings suggest 

that successful high pressing is not determined by press intensity alone, but by a coalition of spatial, 

temporal and tactical factors. 
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1. Introduction 
Pressing is a fundamental tactical component in modern professional football, where the English FA 

describes “… pressing is when pressure is applied on the player or the team that’s in possession. It’s 

a skill used in all areas of the pitch – to win the ball back, dictate play, or delay the opposi-

tion.”. (England Football Learning, 2022) While pressing is widely discussed in the coaching litera-

ture and match analysis, quantifying it remains challenging due to its reliance on off-ball movements, 

spatial coordination, and contextual factors. The most widely used and recognised pressing metric in 

today's football is opponent passes allowed per defensive action, also known as PPDA. (HUDL, 2014) 

However, this pressure measurement is somewhat one-dimensional, as described by StatsPerform. 

Previous studies have used machine learning in pressing, with the most relevant work being “Data-

driven detection of counterpressing in professional football”.(Bauer, P., & Anzer, G. 2021)  

However, as the title suggests, this study uses machine learning to capture the factors in counterpress-

ing, which is defined as “pressure after losing the ball”. (Fernández Navarro, J. 2018) This pressing 

form is tactically and temporally different from organised pressing. This thesis looks at pressing from 

a new perspective, which aims to capture the complexity in organised pressing, which will be done 

using a machine model approach and furthermore compare this performance against a single feature 

defined as pressing intensity. (Bekkers, J. 2025) 

This will help assessing whether the machine model with multiple feature sets captures more predic-

tive signal than a pressing-intensity model. Pressing, as described earlier, is a fundamental tactical 

component in modern professional football and covers a wide net of different pressing methods. 

(Chambers, T. 2022) However, this thesis has been provided in collaboration with the Danish Football 

Club Odense Boldklub and the Danish League, with a descriptive definition and video material for 

identifying high pressing. In this perspective, the thesis has condensed the many facets of pressing to 

only focusing on high pressing situations, which is defined as pressing episodes on the opponent's 

third of the pitch.  

Additionally, this thesis aims to analyse pressing success factors by using match and event data and 

to analyse phase triggers. The thesis focuses on identifying which contextual situations and which 

spatial and temporal features contribute to a successful pressing outcome. This thesis seeks to provide 

a data-driven and reproducible framework for analysing pressing behaviour in professional football. 
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This thesis therefor tries to answer the following question: 

1) Which tracking- and event features are associated with successful high pressing in the Dan-

ish Superliga?  

2) Which pressing triggers can be derived from the thesis analysis of high pressing situations?  

3) How does a multi feature model compare against a simpler interpretable pressing intensity 

model?  

2. Related Work 
A commonly used event-based measure of pressing in today’s modern football is Passes Allowed per 

Defensive Action (PPDA), introduced by Colin Trainor in 2014. (HUDL, 2014) PPDA is calculated 

as the number of passes made by the team in possession divided by the number of defensive actions 

made by the out-of-possession team. It takes defensive actions using Opta definitions as tackles, in-

terceptions, challenges/failed tackles, and fouls. The PPDA implementation measured high pressing 

using a defined pitch zone, with the boundary set at x = 40 in Opta’s 0–100 coordinate system. This 

area includes the attacking half and a small part of the defending team’s own half, allowing defensive 

actions and pressures to be counted. (HUDL, 2014) This logic is used as an important conceptual 

reference for defining pressing occurring high up the pitch. The definition of high pressing is concep-

tually equivalent to a higher pitch-location threshold, with x = 60. 

The present thesis also closely relates to the supervised machine-learning approach used in data-

driven counterpressing-detection research. That paper similarly combines tracking and event data and 

formulates pressing-related behaviour as a classification task. Furthermore, it also shows the value of 

134 expert-based features and the use of machine-learning models. This thesis follows a similar gen-

eral structure by combining tracking and event data, constructing episode-level features, and evalu-

ating tree-based models such as Random Forest and XGBoost. However, the present study differs in 

both tactical focus and practical annotation design, as this thesis focuses specifically on predicting 

the success of high-pressing. Also, the labelling procedure differs, where the counterpressing study 

used multiple human experts in the annotation process. This thesis was carried out by a single internal 

researcher, with video validation on a limited subset because of labour constraints. The counterpress-

ing study has therefore been seen as a methodological inspiration rather than a directly replicated 

framework. (Bauer, P., & Anzer, G. 2021) 
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3. Method 

This thesis investigates whether the success of high pressing in professional football can be predicted 

from event and tracking data. The methodological design is built around a single shared analytical 

pipeline that will be consistent across the thesis: match data are collected and synchronised, pressing 

episodes are detected from tracking data, tactical outcomes are labelled from event and possession 

data, features are extracted at the episode level, and models are evaluated using leakage-safe grouped 

validation. This shared framework is the methodological foundation for all three approaches.  

o Approach 1 established the initial implementation with a working pressing detector, labelling 

logic, and baseline feature space.  

o Approach 2 refined the tactical scope by isolating settled high pressing and expanding the 

feature set with temporal windows.  

o Approach 3 introduced a press-intensity threshold model to test whether a simple tactical rule 

could explain pressing success without relying on a wider feature space.  

 

Figure 1: Methodological Design

 

The illustrated pipeline in Figure 1 was first tested on a small sample of 10 matches before being 

scaled to the full season data. Furthermore, the following describes the shared components first, while 

the approach-specific differences are described afterwards. 
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3.1 Dataset & Data Sources 

The empirical basis of the thesis is a full-season archive from the Danish Superliga 2024-2025 season. 

The raw archive contained 193 match folders with event and tracking feeds. Before any modelling 

was conducted, the match folders were audited for the files required by the pipeline: Second Spectrum 

tracking data, Second Spectrum metadata, Opta F24 event details, Opta F73 possession data, and 

match-results data. (Genius Sports, n.d. & Stats Perform, n.d.) This audit identified 192 tracking-

ready matches. One match, 2024-10-06 SønderjyskE - FC Nordsjælland (2442608), was excluded 

because Second Spectrum tracking data were missing. The exclusion was made solely because of 

data availability, as no matches were removed based on tactical style, team identity, model perfor-

mance, scoreline, or pressing outcome. (1) 

The final sample therefore represents the complete set of matches provided from the available Danish 

League’s Superliga archive. The data sources serve complementary purposes. Second Spectrum 

tracking data provides the high-frequency spatial positions of players and the ball. These data enabled 

the identification of pressure as movement in time and space. Opta F24 event data describes discrete 

on-ball actions, while Opta F73 possession data describes possession sequences and transitions. 

Match results data provide metadata such as teams, periods, lineups, and match identifiers. Which 

connects the detected pressing episode to the related footballing outcome.  

All data were transformed into a common internal representation before feature engineering. Tracking 

data were loaded with assistance from the package “Kloppy” where possible, while the Opta XML 

files were parsed separately. (PySport, n.d.) Opta minute and second values were converted into 

‘gameClock’ seconds within each period, and event coordinates were converted into metric pitch 

coordinates. Attack direction was inferred for each team and period, allowing spatial variables to be 

expressed relative to the opponent's goal. (2;3) Lastly, the package “MPL Soccer” was also used dur-

ing the thesis, as a generating tool for football pitches. (Durgapal, A., & Rowlinson, A. 2025) 

 

3.2 Pressing Episodes Detecting 

In this thesis, the press detection formula is the primary core of the study, enabling the identification 

of relevant press episodes to evaluate. Meaning that the press detection in this study is based on a 

relevant combination of football analytical research papers and articles. Additionally, when the press 

detection was designed, the detection parameters were further fine-tuned through internal video val-

idation, which involved a total of 400 pressing episodes. This fine-tuning process was performed four 
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times, with each containing 100 pressing episodes. (4) A minimum running speed threshold of 5.0 

m/s was selected, which is equivalent to 18 km/h. This threshold was chosen based on a research 

paper that compared high-speed running thresholds in elite football. (Silva et al., 2024) 

The study also includes a constraint on the player’s movement when detecting a pressing episode. 

This was defined as a maximum of 60 degrees angle towards the ball. This angle was chosen with 

regard to the research paper “Analysis of player speed and angle toward the ball in soccer”, which 

states, “running directly toward the ball (angle close to 0 degrees) or parallel to it (angle close to 90 

degrees).” & ”… angle to the ball is approximately 60°… joining the players on the front line” (No-

villo et al., 2024). This threshold was used to ensure that detected runs represented purposeful move-

ment toward the ball carrier rather than lateral repositioning or recovery movement. Furthermore, to 

distinguish pressing from general defensive running, the pressing detector was an added requirement 

that players during the detected action should close at least four meters towards the ball. This aligns 

with a research paper regarding pressing intensity, where effective pressing is described as a rapid 

reduction of space around the ball carrier. (Bekkers, J. 2025) 

Similarly, a minimum run distance threshold of five meters was introduced to exclude small positional 

adjustments and movement that do not represent meaningful pressing behaviour. 

In alignment with previous studies in football analytics, which used three passing actions and a five-

second sequence window, this study has chosen to apply this method in the following way, with the 

model having the requirement of three consecutive pressing frames and merging nearby pressing runs 

occurring within the same interval into a single pressing episode. This allows the study of both press-

ing and coordinated pressing by multiple players.  

Additionally, in the same alignment, a five-second outcome window was used to determine whether 

the pressing episode resulted in a binary outcome: successful or failed. (Forcher et al., 2022) Further-

more, an aerial ball height exclusion of one meter was applied, meaning that episodes where the ball 

was above one meter were excluded. This was done to detect and analyse pressing behaviour under 

controlled possession, without the chaotic patterns that may occur in aerial phases. (2;3) The applied 

method for press detection was additionally validated and discussed with Sønderjyske Fodbold's head 

of data. (C. E. Lopdrup, personal communication, 28 April 2026) 
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3.3 Successful Press - Labelling 

The main target is a binary label indicating whether a detected pressing episode resulted in a tactically 

successful outcome. The label was designed to connect spatial pressure with the practical objectives 

of high pressing. A press was not considered successful simply because it looked intense in the track-

ing data. It had to produce a favourable outcome for the pressing team. The definition of success was 

informed by feedback from Odense Boldklub. (A.V. Nielsen, personal communication, 25 March, 

2026) The desired outcomes were: winning the ball and creating a chance immediately after the re-

gain, winning the ball and retaining possession, or forcing the opponent to play long, clear the ball, 

or send the ball out of play.  

These priorities were converted into event-based labelling rules. A pressing episode was labelled as 

successful if subsequent Opta event or possession data indicated a regain, sustained possession, 

chance creation, forced clearance, long-ball escape, or an out-of-play outcome caused by the pressure. 

Episodes where the opponent retained controlled possession or progressed out of the pressured area 

were labelled unsuccessful. This is done through an implementation that links each detected pressing 

episode to later F73 possession information and F24 events. (2;3) 
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Feature Approach Tactical meaning Definition

press_centroid_x 1 + 2
Describes the horizontal 

pitch location of the 
pressing unit.

Mean x-coordinate of pressing-
team players.

press_centroid_y 1 + 2
Describes whether the 

pressing unit is central or 
wide.

Mean y-coordinate of pressing-
team players.

opp_centroid_x 1 + 2
Describes where the 
team in possession is 

positioned.

Mean x-coordinate of 
opponent-team players.

opp_centroid_y 1 + 2
Describes whether the 
opponent structure is 

central or wide.

Mean y-coordinate of 
opponent-team players.

team_length 1 + 2 Measures vertical spread 
of the pressing team.

Difference between maximum 
and minimum x-coordinates of 

pressing-team players.

team_width 1 + 2
Measures horizontal 

spread of the pressing 
team.

Difference between maximum 
and minimum y-coordinates of 

pressing-team players.

shape_aspect_ratio 1 + 2
Describes whether the 

pressing shape is 
elongated or wide.

team_length / team_width, 
with protection against 

division by very small width.

def_line_height 1
Captures how high the 
defensive structure is 

positioned.

Defensive-line height derived 
from the pressing team’s 

player positions.

opp_team_length 1 + 2
Measures vertical spread 

of the team in 
possession.

Difference between maximum 
and minimum x-coordinates of 

opponent players.

opp_team_width 1 + 2
Measures horizontal 
spread of the team in 

possession.

Difference between maximum 
and minimum y-coordinates of 

opponent players.

opp_shape_aspect_ratio 1 + 2
Describes the 

opponent’s structural 
shape.

opp_team_length / 
opp_team_width, with 

protection against division by 
very small width.

dist_nearest_1 1 + 2
Measures immediate 
pressure on the ball 

carrier.

Distance from the ball to the 
nearest pressing player.

dist_nearest_2 1 + 2 Captures supporting 
pressure around the ball.

Distance from the ball to the 
second-nearest pressing 

player.

dist_nearest_3 1 + 2 Captures collective 
pressure density.

Distance from the ball to the 
third-nearest pressing player.

n_pressers_5m 1 + 2 Measures close-range 
pressure.

Number of pressing players 
within 5 metres of the ball.

n_pressers_10m 1 + 2 Measures local support 
around the press.

Number of pressing players 
within 10 metres of the ball.

press_surface_area 1 + 2
Larger values indicate a 
more spread pressing 

structure.

Convex-hull area covered by 
pressing-team players.

press_stretch_index 1 + 2
Measures how stretched 
or compact the pressing 

team is.

Average spatial spread of 
pressing-team players around 

their centroid.

opp_stretch_index 1 + 2
Measures whether the 
opponent structure is 
compact or stretched.

Average spatial spread of 
opponent players around their 

centroid.

3.4 Feature Engineering 
The approaches 1 & 2 use the same general feature-engineering principle. The features are computed 

from the tracking state at or around press initiation, while labels are computed from later events. The 

shared and total feature set are shown in Table 1 below. 

TABLE 1: SHARED FEATURE SET APPROACH 1 & 2. 
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Furthermore, defensive line height is used only in approach 1 because it is measured differently in 

approach 2, as shown in the entire feature space in Appendix 1. 

The third approach uses the same labelling; however, the feature engineering for the comparison is 

based on one feature design, “Press Intensity,” where pressure is represented by player movement 

toward the ball and estimated time-to-intercept. Which is combined based upon the research pa-

per “Pressing Intensity / An Intuitive Measure for Pressing in Soccer”. This approach is used to eval-

uate whether intensity alone can measure successful pressing. (Bekkers, J. 2025; 5)  

The distribution across approaches is shown in Table 2. 

Table 2: The distribution of the features across all three approaches: 

 
Source: Self-made from appendix 1. 

ball_speed 1 + 2
Captures whether the 

ball is moving quickly 
during the press.

Speed of the ball in the current 
frame.

nearest_presser_speed 1 + 2
Measures the physical 
intensity of the closest 

presser.

Speed of the nearest pressing 
player to the ball.

avg_pressing_team_speed 1 + 2 Captures collective 
movement intensity.

Mean speed of pressing-team 
players.

n_sprinting_pressers 1 + 2
Measures how many 

players are pressing at 
high speed.

Number of pressing players 
above the sprint-speed 

threshold.

closing_speed_nearest 1 + 2

Measures whether the 
nearest presser is 

actively closing down 
the ball.

Change in distance between 
the nearest presser and the ball 

across frames.

pressing_intensity 1 + 2
Measures overall 

pressure applied to the 
ball.

Sum or aggregation of 
pressure contributions based 

on distance, speed, and 
movement toward the ball.

Feature set Count Explanation

Approach 1 base features 24 +1 Spatial, structural, proximity, and 
physical pressing features.

Additional Approach 2 
base features 15

Tactical and contextual features added in 
the advanced settled high-press 

representation.
Total base feature 

concepts before temporal 
expansion

39 Approach 1 base features plus additional 
Approach 2 base features.

Approach 3 Single 
Feature 1

Sum or aggregation of pressure 
contributions based on distance, speed, 

and movement toward the ball.
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3.5 Model Training 

The main predictive models were tree-based machine learning algorithms: Random Forest, XGBoost, 

and LightGBM. (LightGBM developers, 2025; scikit-learn developers, n.d.; XGBoost developers, 

2026) These models were selected because the data are tabular and interaction-heavy. (Cisco Thou-

sandEyes Engineering, 2025; Grinsztajn et al., 2022)Pressing success may depend on combinations 

of variables rather than isolated linear effects. For example, a short distance to the ball may be valu-

able only if the pressing team is compact, the opponent has limited passing lanes, and the ball is near 

a trapping zone. Tree-based models can capture such threshold effects and interactions without re-

quiring the same assumptions as linear models. To avoid leakage between training and evaluation 

data, all splits were grouped by ‘match_name’. This means that episodes from the same match were 

not allowed to appear in both training and validation or test data. Grouped splitting is necessary be-

cause pressing episodes within a match are not independent: they share teams, tactical plans, score 

context, pitch conditions, and temporal continuity. Random row-level splitting would risk overesti-

mating model performance. Hyperparameter optimisation was performed with Weights & Biases, 

which tracked 59 hyperparameter searches, totalling approximately 4.800 runs, as seen in Appendix 

2. The primary tuning procedure used grouped five-fold cross-validation, with Precision-Recall AUC 

(PR-AUC) as the main optimisation metric. PR-AUC was prioritised because the focus was on iden-

tifying successful presses. (Roberts, A., 2022) Furthermore, the F1-score was included in the evalu-

ation of the best training model as it describes the balance between precision and recall, also, a thresh-

old-finetuning of the F1-score was conducted across all three approaches. (Brownlee, 2020; Fried-

man, 2024) 

 

3.6 Approach 1 // Machine Learning Model 

Approach 1 was the first complete implementation of the pressing-analysis pipeline. Its main purpose 

was to establish whether raw tracking and event data could be transformed into a usable supervised 

learning dataset. It therefore included the first working versions of the data-loading, conversion track-

ing, press detection, episode grouping, outcome labelling, and baseline feature extraction steps. Ap-

proach 1 was also the stage where imbalance-aware modelling choices were most relevant. The note-

book used or proposed settings such as ‘class_weight="balanced" ' for Logistic Regression, Random 

Forest, and LightGBM, and ‘scale_pos_weight’ for XGBoost. (6) These settings were only included 

in the first broad modelling setup, where the aim was to make the baseline robust to what became an 
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uneven target distribution based on the earlier mentioned OB definition. Because this was the first 

approach, it created the methodological baseline. And the focus was on defining pressure from first 

principles using tracking-derived movement and spatial criteria shown earlier in Table 1. 

The contribution of Approach 1 showed that the thesis could move from raw match feeds to episode-

level observations with meaningful labels. However, it also exposed a limitation. The detected press-

ing contained highly imbalanced data, including different tactical situations, such as counterpresses. 

Situations which share movement features but differ in tactical meaning. This motivated a second 

approach. 

 

3.7 Approach 2 // Machine Learning Model 

Approach 2 differed from Approach 1 by refining the tactical scope and expanding the feature repre-

sentation. Instead of modelling all detected pressing actions together, the analysis was restricted to 

settled high pressing. This was done to exclude counterpress candidates by removing all detected 

pressing episodes within five seconds of ball possession, removing all episodes involving corner sit-

uations, and using field-position logic such as ‘pressing_progress_to_opponent_goal >= 0.60’. (2) 

This change was made because Approach 1 was deemed too broad in its search. Approach 2 also 

introduced temporal windows. Instead of representing a press only through a single snapshot, features 

were computed across four temporal windows, being the first two seconds prior to the press: ’pre_2s’, 

‘pre_1s’, and the first second of the press ‘start’, and ‘early_1s’. Frame-level features were summa-

rised using statistics such as mean, maximum, and standard deviation. This allowed the model to 

compare the information available at press start with the information contained in the first second of 

pressure. The ‘start_only’ and ‘early_1s’ feature views made it possible to test whether early pressing 

dynamics improve prediction beyond static press-start structure. The approach 2 feature set included 

tactical concepts such as passing-lane occlusion, trap intensity, escape difficulty, compact pressure, 

and opponent shape, which should contribute to a higher tactical context. Approach 2, therefore, dif-

fered from Approach 1 in both population definition and feature design, as it narrowed the population 

to settled high-pressing and described each press with more predictors. (2) 
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3.8 Approach 3 // Press Intensity Model 

Approach 3 used the same pressing-episode definition and target-labelling logic as the previous ap-

proaches. However, instead of using the broader spatial, contextual, and temporal feature sets from 

Approaches 1 and 2. Approach 3 represented pressure through one research-derived feature design: 

press intensity. This feature is based on player movement toward the ball and estimated time-to-in-

tercept, following the logic of the research-paper concept "Pressing Intensity: An Intuitive Measure 

for Pressing in Soccer". (Bekkers, J. 2025) 

This formular in figure 2 illustrates the pressure on object (𝑃!) equal one minus the probability that 

non active pressing players (i) can get to object (j), in approach 3 the calculated pressure is the de-

tected frame-level intensity in the pressing episode. The first step in Approach 3 was to compute 

research-oriented press-intensity variables for each episode. 

Figure 2: Press Intensity, Formular. 

PF = 1 −7(1 − P9,H)
9

 

These probabilities were aggregated into episode-level measures, yielding a compact representation 

of pressure intensity while retaining the original episode identifiers, match names, team information, 

split assignments, and success labels. (UnravelSports, n.d; 5) 

4. Results 
This chapter presents primarily findings from the full-season modelling pipeline for predicting suc-

cessful settled high pressing in the Danish Superliga 2024-2025 season. The purpose of the chapter 

is threefold: first, to compare the candidate machine learning models, second, to report the predictive 

performance of the selected final model, and third, to translate the model outputs into football-rele-

vant interpretations of successful high pressing. Only full-season results are reported in this chapter. 

 

4.1 Model Comparaison 

Three tree-based classifiers were compared as candidate models: Random Forest, XGBoost, and 

LightGBM. Each approach and model was evaluated using the same train, validation, and test struc-

ture seen in Table 3. Furthermore, a validation phase was used to select classification thresholds 

through F1-based threshold tuning, while the held-out test set was used for final performance 
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comparison. However, as mentioned earlier, approach 1 included several other forms of pressing ep-

isodes, which resulted in higher episode and split counts in the train, validation, and test sets: 5.172 

(train), 3.789 (validation), and 4.717 (test), respectively. (6) The training and validation set for ap-

proach 2 respectively contained 4.348 and 1.071 pressing episodes.  The test set contained 1.432 

episodes. (7) 

Table 3: Comparison across approaches. 

 
Source: (5; 6; 7)  

The following will be in perspective of the selected approach 2, which performed best with the 

model XGBoost as illustrated in Table 3. 

Table 4: Comparison across models, Selected Approach 2. 

 
Source: (7) 

Comparing the models internally within the selected approach 2, as shown in Table 4. It’s seen that 

the difference between Random Forest, XGBoost and LightGBM was not one of complete domi-

nance, however, XGBoost offered the strongest ranking performance. 

The held-out test set provided clearer separation between the models. XGBoost achieved the highest 

test PR-AUC (0.6448), the highest test ROC-AUC (0.6503), and the highest test F1-score (0.6538). 

Random Forest achieved a test PR-AUC of 0.6207, ROC-AUC of 0.6321, and F1-score of 0.6490. 

LightGBM achieved a test PR-AUC of 0.6311, ROC-AUC of 0.6377, and F1-score of 0.6512. The 

test results therefore support using XGBoost as the final model because it produced the strongest 

ranking and threshold-based classification performance on the untouched test set. (7) 

PR-AUC is especially relevant in this setting, as the model must identify successful pressing episodes 

among many structurally similar unsuccessful ones. ROC-AUC describes the model's overall ranking 

ability across both classes, whereas PR-AUC is more sensitive to the model's ability to separate 

Approch Model (Best) PR-AUC ROC-AUC F1-score Precision Recall
1 Random Forest 0.2469 0.6427 0.3305 0.2469 0.6496
2 XGBoost 0.6448 0.6503 0.6538 0.5121 0.9040
3 Single-Feature 0.5092 0.5242 0.6381 0.4779 0.9601

Model PR-AUC ROC-AUC F1-score Precision Recall
Random Forest 0.6207 0.6321 0.6490 0.4957 0.9394
XGBoost 0.6448 0.6503 0.6538 0.5121 0.9040
LightGBM 0.6311 0.6377 0.6512 0.4946 0.9527
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successful episodes. For this reason, the test PR-AUC of 0.6448 is treated as the primary performance 

result for the selected XGBoost model. (Brownlee, 2020; Friedman, 2024; Roberts, 2022) 

 

4.1.1 Model Selection 

The final selected model is the XGBoost classifier trained on the 180-feature reduced numerical fea-

ture set. The selected validation threshold for XGBoost was 0.2799, determined via F1-score thresh-

old analysis on the validation set. At this threshold, XGBoost achieved a validation F1-score of 

0.6379, precision of 0.5072, and recall of 0.8595. This threshold was then applied to test-set evalua-

tion, where the final model achieved a test PR-AUC of 0.6448 and a test ROC-AUC of 0.6503. (7) 

The choice of XGBoost was based on its strongest test PR-AUC among the three models. Addition-

ally, it produced the strongest test ROC-AUC and F1-score, suggesting that its advantage was not 

limited to a single metric. Furthermore, XGBoost supports SHAP-based interpretation, which is val-

uable because this thesis aims not only to classify pressing episodes but also to interpret which tactical 

conditions are associated with success. Also, the model's feature importance allowed predictive per-

formance to be discussed in terms of pressing intensity, spatial control, trap dynamics, opponent es-

cape difficulty, and the contextual contribution to pressing in football. The model selection was based 

on a combination of predictive performance, test-set ranking, etc. The choice was XGBoost from 

approach 2 as the final model, because it performed best on the held-out test set for PR-AUC, ROC-

AUC, and F1-score, as seen in Table 4. 

 

4.1.2 Error Analysis 

On the held-out test set of 1,432 pressing episodes, the XGBoost model achieved a PR-AUC of 

0.6448, an ROC-AUC of 0.6503, an F1-score of 0.6538, a precision of 0.5121, and a recall of 0.9040. 

The confusion matrix contained 612 true positives, 583 false positives, 172 true negatives, and 65 

false negatives. In practical terms, this means the model captured most successful pressing episodes 

but also classified many unsuccessful episodes as successful. (7) The high recall of 0.9040 indicates 

that the model was sensitive to successful pressing situations: only 65 successful pressing episodes 

were missed on the test set. However, the precision of 0.5121 shows that the model's positive predic-

tions were not always correct. Of all episodes predicted as successful, just over half were successful. 

This reflects the difficulty of the task, football outcomes are noisy, and a pressing situation with many 

favourable structural characteristics may still fail because of technical execution, opponent skill, ball 
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bounce, referee decisions, or context not fully captured by the features. This is evident in the feature 

comparison, which is shown in Table 5 below. 

Table 5: Feature comparison, TP & FP. 

 
Source: Self-made. (7) 

This shows how false positives and true positives are very similar in feature values, even though they 

are two different outcomes. A false positive is an episode in which the model predicted pressing 

success, but the opponent escaped, retained control, or avoided the target outcome. These cases may 

appear structurally favourable to the pressing team, but were effectively resolved by the team in pos-

session, as illustrated in Table 5. Meaning that the model is struggling to truly distinguish successful 

and failed pressing episodes. However, as mentioned earlier, the model has a high recall, which can 

indicate that the model can be used for detecting pressing episodes useful for a club football analyst. 

 

4.2 Overview of Results 

The overall results indicate that successfully settled high pressing contains a measurable signal in the 

tracking-derived feature space. The selected XGBoost model performed better than a naive or purely 

random expectation, with test PR-AUC of 0.6448, ROC-AUC of 0.6503, and F1-score of 0.6538. 

These values do not imply perfect prediction, but they do show that pressing success is not random 

with respect to the engineered tactical features. The model used spatial and temporal information to 

rank successful pressing episodes above unsuccessful ones, with meaningful differences. The com-

parison across candidate models suggests that the predictive task is learnable but challenging, as seen 

in Table 4. All three tree-based models produced broadly similar F1-scores on the test set, ranging 

from 0.6490 to 0.6538. This narrow range indicates that the result is not simply a quirk of one 

prediction_category False Positive True Positive FP_vs_TP_Diff
pre_2s_press_surface_area_std 35.20 38.62 -3.42
pre_1s_press_surface_area_std 18.90 21.39 2.49
early_1s_opp_surface_area_std 16.73 18.58 -1.85

early_1s_press_surface_area_std 20.53 22.30 -1.77
previous_event_seconds_before_press 3.96 2.36 1.60

early_1s_dist_to_central_axis_max 17.56 18.99 -1.44
pre_2s_opp_surface_area_std 33.70 32.28 1.42
early_1s_team_length_mean 60.65 61.92 -1.27

last_pressing_team_event_seconds 22.47 21.28 1.20
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algorithm. At the same time, XGBoost's higher PR-AUC and ROC-AUC suggest that its probability 

ranking was more informative than the alternatives in the final test. The similarity between the models 

also implies that the feature set itself carries the main tactical information, while the algorithm pro-

vides incremental performance differences. The results also show that the model benefits from a broad 

range of contextual features. The most important XGBoost features were not limited to one type of 

variable. They included pressure intensity, passing-lane occlusion, area ratio, trap intensity, pressing 

stretch, number of pressers, escape difficulty, opponent width, and nearest-presser distance. This pat-

tern suggests that high-pressing success is associated with the interaction of intensity and spatial con-

text rather than with a single isolated feature family. (7) 

 

Table 6: Chosen hyperparameters for best model. 

 
Source: (7; 8) 

 

4.3 Which tracking- and event features are associated with successful high pressing in the Danish 
Superliga? 

The football interpretation of the results is that successful high pressing appears to depend on both 

the amount of pressure applied and the structure around that pressure. The selected XGBoost model 

assigned high importance to pressing intensity before and during the first second of the press, but it 

Hyperparameter Describtion Range Model (Best) - Chosen

n_estimators Number of boosting trees 
built by the model. 100 to 500 344

max_depth Maximum depth of each tree. 3 to 50 5

learning_rate Size for each update. 0.01 to 0.5 0.015

subsample Fraction of training rows 
used for each tree. 0.5 to 1.0 0.665

colsample_bytre
e

Fraction of features used for 
each tree. 0.5 to 1.0 0.573

min_child_samp
les

Minimum number of samples 
required in a child node. 1 to 20 15
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also relied on variables describing passing-lane occlusion, trap intensity, area ratios, pressing-team 

stretch, opponent width, escape difficulty, and nearest-presser distance. In tactical terms, this suggests 

that pressure is most meaningful when it is embedded in a structure that limits the opponent's next 

action. 

Figure 3: SHAP-Values, XGBoost.

 
SOURCE: (7). 

Figure 3 supports this idea that the first second after pressure begins contains important information 

about whether the press is likely to succeed. The model does not rely only on the initial snapshot, it 

also responds to how the pressing situation develops immediately after initiation. 
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At the same time, pre-press context also matters, as many pre-features are among the top SHAP val-

ues. This indicates that successful pressing may be partly prepared before the formal start of the de-

tected episode. The model appears to value whether the pressing team was already close, compact, 

and positioned to limit options before pressure fully materialised. 

 

Figure 4: XGBoost feature-importance.  

 
SOURCE: (7) 

These features can be grouped into several football concepts. The first is pressure intensity, repre-

sented by pre-press and early-press intensity variables. The second is spatial restriction, represented 

by passing-lane occlusion, trap intensity, and escape difficulty. The third is collective structure, rep-

resented by area ratio, pressing stretch index, and opponent team width. This grouping can be more 

meaningful than listing column names alone because it shows a quick tactical aspect of pressing out-

comes. It is important to distinguish the two interpretation methods. Built-in feature importance, as 

seen in Figure 4, indicates which variables the model used strongly in its tree structure. SHAP values 

in Figure 3 describe how feature values contributed to individual predictions and show whether high 

or low values tended to push predictions toward success. (7) 
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4.4 Which pressing triggers can be derived from the thesis analysis of high pressing situations? 

The model-derived findings suggest several pressing triggers that are associated with successful high 

pressing. The first trigger is early pressure intensity. Both ‘pre_1s_pressing_intensity_mean’ and 

‘early_1s_pressing_intensity_mean’ were highly ranked in both Figures 3 and 4, indicating that suc-

cessful presses are associated with strong pressure before and immediately after the press begins. This 

does not mean that intensity alone guarantees success, but it suggests that the speed and immediacy 

of the pressure are central to a successful press.  

The second trigger is the restriction of the opponent's passing options. Passing-lane occlusion and 

escape-difficulty variables were among the most important features. This indicates that the model 

associated successful pressing with situations where the opponent had fewer options away from pres-

sure. In football terms, the press is more likely to succeed when the first defender's pressure is sup-

ported by the surrounding players, who block or disrupt the next pass. 

Figure 5: All successful high settled presses, 3.174 episodes. 

 
Source: (2) 
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The third trigger is spatial trapping, trap intensity. As seen in Figure 5, pressing near constrained 

areas, particularly where the ball is closer to the sideline or where the opponent's available space is 

reduced, appears to be associated with successful outcomes. This aligns with the generally known 

concept of footedness in football, which states that most players are right-footed. This can further 

explain why more successful presses happen on the left side, attacking a defender who is right-footed 

and therefore has more difficulty passing, as the sideline acts as an extra defender. This generalisation 

is backed by this paper on footedness in a previous World Cup tournament, which showed that 79 per 

cent of all players were right-footed. (Carey et al., 2001; 7) 

The fourth trigger is collective compactness and shape. Features such as area ratio, pressing stretch 

index, team length, and opponent width indicate that the model used information about team structure, 

not only individual actions. Successful pressing appears more likely when the pressing team can com-

bine pressure on the ball with a compact supporting shape and when the opponent's structure is vul-

nerable to being constrained. The model-derived triggers therefore suggest that successful high press-

ing is not only a matter of individual pressure, but also of whether the surrounding spatial context 

limits the opponent's next action. (5) 

 

4.5 How does a multi feature model compare against a simpler interpretable pressing intensity 
model? 

The selected multi-feature XGBoost model can be compared with the one-feature press-intensity 

model. The model selected a fixed threshold of 0.10. On an untouched test set of 1432 episodes, 

which achieved a precision of 0.4779, recall of 0.9601, F1-score of 0.6381, ROC-AUC of 0.5242, 

and PR-AUC of 0.5092, as seen in Table 3. (5) 

This comparison suggests that press intensity alone contains some useful signal, but it is not sufficient 

to match the broader multi-feature model. The intensity-only model achieved a PR-AUC of 0.5092, 

while the selected XGBoost model achieved a test PR-AUC of 0.6448 on the final multi-feature eval-

uation. The model also had extremely high recall with 0.96 but a below 50 per cent precision, which 

was expected, seeing 45 true negatives and 710 false positives demonstrated in Figure 6 below. This 

indicates that the low threshold captured nearly all successful presses but did little to separate suc-

cessful and unsuccessful episodes. 
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Figure 6: Confusion Matrix, Single Feature Model (TEST-set).

 
Source: (5) 

The practical interpretation is that intensity is useful but incomplete. A simple threshold on pressure 

intensity is easy to communicate and may serve as a transparent tactical baseline. However, the multi-

feature model adds information about passing-lane occlusion, escape difficulty, trap intensity, com-

pactness, opponent width, nearest-presser distance, and early spatial dynamics. The stronger perfor-

mance of the multi-feature model therefore supports the argument that successful high pressing de-

pends on more than applying pressure. It also depends on the press's geometry, the opponent's avail-

able options, the ball's location, and the timing of collective movement. 

5. Discussion 
The central result is that successful settled high pressing in the Danish Superliga can be predicted 

with meaningful, although imperfect, accuracy from tracking-derived tactical features. The selected 

XGBoost model outperformed the simpler press-intensity model, especially in PR-AUC and ROC-

AUC, suggesting that pressing success is not explained by physical pressure alone. Instead, the results 

indicate that intensity becomes most valuable when combined with spatial restriction, timing, com-

pact support, and opponent constraint. 
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5.1 Main Predictive Results 

The final XGBoost model achieved the strongest overall performance among the evaluated tree-based 

models, with a test PR-AUC of 0.6448, ROC-AUC of 0.6503, and F1-score of 0.6538. These values 

indicate that the engineered feature space contains meaningful information about whether a settled 

high press will succeed. The result is important because it suggests that successful pressing is not 

random with respect to tracking-derived spatial and dynamic conditions. Instead, the model learned 

patterns that better distinguish successful from unsuccessful pressing episodes than a simple baseline 

or a single-variable intensity rule. At the same time, the model performance should be interpreted as 

insightful into successful pressing, although football is a highly dynamic and adversarial environ-

ment, and pressing success depends not only on the pressing team's structure but also on the oppo-

nent's technical quality, decision-making, body orientation, passing options, match context, and indi-

vidual execution. The XGBoost model captures many features related to space and movement, but it 

cannot fully observe every relevant tactical or technical detail. Therefore, the model's imperfect per-

formance is not simply a weakness of the algorithm, it reflects the complexity of the phenomenon 

being modelled. 

The classification profile provides further insight. The model's recall of 0.9040 shows that it identified 

most successful pressing episodes in the test set. In practical terms, this means that the model is 

sensitive to the conditions under which successful high pressing tends to occur. However,, as previ-

ously discussed, the model still maintains a high recall and an adjustable pressing detection threshold, 

which may indicate it could be used in practice as a press detection tool. This could help support a 

club analyst by tagging pressing episodes for further video and contextual analysis. 

 

5.2 Why Pressing is predictable, but not perfect 

The results show that pressing success is predictable to a meaningful degree because pressing is partly 

structured. Teams do not press randomly. Successful high pressing often involves coordinated pres-

sure on the ball, compact support behind the first presser, restricted passing lanes, and positioning 

that reduces the opponent's options. These aspects are visible in tracking data and can therefore be 

represented through engineered features such as pressing intensity, passing-lane occlusion, escape 

difficulty, trap intensity, compactness, and nearest-presser distance. 

However, the outcome of a press remains imperfectly predictable because the outcome of a press 

depends on more than the spatial structure at the moment of pressure. A well-organised press can fail 
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if the opponent executes a technically difficult pass, uses a press-resistant player, wins a duel, or 

benefits from a small timing advantage. Similarly, a less structurally optimal press can succeed if the 

opponent mishandles the ball, selects a poor pass, or is forced into an error by an individual defensive 

action. This was illustrated in Table 5 earlier. 

The imperfection of the model means the thesis cannot claim that pressing success has a fixed out-

come based on the model's prediction. Rather, it shows that tracking and event data contain a meas-

urable tactical signal that can support the analysis of high pressing. The model should be understood 

as a description of pressing conditions, not as an explanation of every individual pressing outcome in 

professional football. 

 

5.3 Intensity is not enough 

The comparison with the press-intensity model clarifies the role of intensity in pressing success. The 

model showed that the research-based ‘press_intensity’ contains a predictive signal. However, the 

selected fixed threshold was low at 0.10, which caused the model to classify most test episodes as 

successful. This produced a high recall of 0.9601 and an F1-score of 0.6381. In other words, the 

threshold rule captured almost all successful presses, but it failed to identify differences from unsuc-

cessful ones. The ROC-AUC of 0.5242 and PR-AUC of 0.5092 provide a more cautious interpreta-

tion, which states that intensity alone has the capability to rank pressing episodes, however, not as 

well as the multi-feature XGBoost model. The stronger performance of XGBoost in PR-AUC and 

ROC-AUC indicates that additional contextual features add value. Passing-lane occlusion, trap inten-

sity, escape difficulty, area ratio, opponent width, nearest-presser distance, and early-window dynam-

ics all contribute to a clearer description of the pressing situation. The central tactical interpretation 

is therefore that successful high pressing is not simply applying pressure, but it is a matter of applying 

pressure in a spatial and temporal context that restricts the opponent's next action. 

 

5.4 Limitations 

Firstly, the target variable depends on an operational definition of pressing success. Although the label 

was designed to reflect football-relevant outcomes such as regains, sustained possession, chance cre-

ation, forced clearances, and out-of-play events, any rule-based label simplifies the complexity of 

football decision-making. Some presses may create tactical value without meeting the formal success 
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definition, while some labelled successes may be influenced by opponent mistakes rather than press-

ing quality alone. 

Secondly, the data capture important but incomplete aspects of football behaviour. Tracking data pro-

vide player and ball positions, movement, and derived spatial relations, but they do not directly meas-

ure player intention, communication, body orientation, scanning, tactical instructions, or psycholog-

ical pressure. Event data provide outcome context, but they may not capture every micro-action that 

shapes whether a press succeeds. As a result, the model can describe many structural conditions of 

pressing but cannot fully observe the tactical and technical mechanisms behind each outcome. 

6. Future Works 

The findings of this thesis have provided the foundations for future work on data-driven football 

pressing analysis and detection. While the results show pressing can be modelled and interpreted from 

tracking and event-derived data, future work described below could strengthen the generalisation.  

 

6.1 Generalizing across multiple seasons 

Future research could extend the thesis in several directions. First, the pipeline should be tested across 

multiple seasons and leagues to examine whether the identified pressing patterns generalise beyond 

the Danish Superliga 2024-2025 season. A broader dataset would make it possible to study whether 

the same features predict pressing success across different tactical cultures and competition levels. 

 

6.2 Team Specific Pressing Style 

Second, future work could model team-specific pressing styles. Teams may press with different trig-

gers, levels of compactness, and risk profiles. A global model can identify general patterns, but team-

level models may reveal that successful pressing depends on different feature combinations across 

tactical systems. 

 

6.3 Improving feature representation 

The results showed that successful and unsuccessful presses can sometimes be difficult to separate 

from immediate tracking features alone. This may be because the outcome of a press depends not 
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only on its structure, but also on its timing within the match, pitch location, and whether the opponent 

has already experienced similar pressing situations. Future models could therefore include explicit 

time- and zone-based features. A press early in a match may affect the opponent differently than a 

similar press late in the game, and a sideline press may create different escape options than a central 

press. Opponents may also adapt after facing the same pressing pattern earlier in a match or season. 

Including match-time, repeated-exposure, and pitch-zone variables could help explain why similar 

pressing structures sometimes produce different outcomes. 

 

6.4 Beyond Binary Pressing Outcomes 

Fourth, future research could move beyond episode-level classification and model the sequence after 

the press. Instead of only predicting binary success, a model could estimate how pressure changes the 

probability of different possession outcomes: regain, forced long ball, clearance, progression, chance 

creation, or escape. This would create a more nuanced valuation of pressing actions. 

 

7. Conclusion 

This thesis investigated whether successful high pressing in professional football can be identified, 

modelled, and interpreted using synchronised tracking and event data. Motivated by the limitations 

of traditional aggregate measures, the thesis focused on pressing as a dynamic tactical behaviour 

involving player movement, compactness, and pitch location. To answer the central research ques-

tions, a reproducible pipeline was developed to transform raw data into pressing episodes, engineer 

tactical features, and evaluate predictive models using data from the Danish Superliga 2024-2025 

season. The main finding is that successful high pressing can be predicted from meaningful perfor-

mance metrics derived from tracking data. The selected XGBoost model achieved a test PR-AUC of 

0.6448, ROC-AUC of 0.6503, and F1-score of 0.6538. The model's high recall successfully identified 

most pressing successes, but its moderate precision indicates that predicting outcomes remains diffi-

cult. The results also show that successful high pressing relies on a combination of pressure intensity 

and spatial context. Key feature families included early pressing intensity, nearest-presser distance, 

pressers near the ball, passing-lane occlusion, trap intensity, escape difficulty, and compactness. In 

tactical terms, pressure is most valuable when supported by compact positioning, blocked passing 

routes, favourable pitch locations, and limited escape possibilities. From this, several model-derived 
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pressing triggers were identified: applying pressure early, positioning multiple defenders close to the 

ball, and creating spatial constraints. Comparing the multi-feature model with a press-intensity bench-

mark further clarified the role of intensity. While the benchmark showed that intensity alone contains 

useful information, the multi-feature model's stronger performance confirms that intensity alone is 

not a sufficient explanation. Successful pressing depends on a wider tactical context, including ge-

ometry, opponent shape, and collective timing. Methodologically, the thesis demonstrates the value 

of combining tracking data with machine learning to analyse off-ball defensive behaviour. While 

grouped evaluation and feature cleaning strengthened the model's validity, limitations remain, such 

as rule-based success labels and the inability of tracking data to capture player intention, communi-

cation, or body orientation. Ultimately, the thesis contributes a data-driven framework for detecting, 

modelling, and interpreting high pressing, showing how machine learning can generate football-rel-

evant tactical insight and potentially be used as a practical pressing tool by club analysts. The main 

conclusion is therefore that successful high pressing in the Danish Superliga is associated with a 

combination of intensity, compact support, spatial restriction, timing, and opponent constraint. In 

other words, applying pressure in a spatial and temporal context that restricts the opponent's next 

action. 
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10.          Appendix 
Appendix 1: Feature Categories, Approach 1 & Approach 2. 

 

Feature Approach Tactical meaning Definition Category

press_centroid_x 1 + 2
Describes the horizontal 

pitch location of the 
pressing unit.

Mean x-coordinate of pressing-
team players. Pressing-team location

press_centroid_y 1 + 2
Describes whether the 

pressing unit is central or 
wide.

Mean y-coordinate of pressing-
team players. Pressing-team location

opp_centroid_x 1 + 2
Describes where the 
team in possession is 

positioned.

Mean x-coordinate of 
opponent-team players. Opponent-team location

opp_centroid_y 1 + 2
Describes whether the 
opponent structure is 

central or wide.

Mean y-coordinate of 
opponent-team players. Opponent-team location

team_length 1 + 2 Measures vertical spread 
of the pressing team.

Difference between maximum 
and minimum x-coordinates of 

pressing-team players.
Pressing-team shape

team_width 1 + 2
Measures horizontal 

spread of the pressing 
team.

Difference between maximum 
and minimum y-coordinates of 

pressing-team players.
Pressing-team shape

shape_aspect_ratio 1 + 2
Describes whether the 

pressing shape is 
elongated or wide.

team_length / team_width, 
with protection against 

division by very small width.
Pressing-team shape

def_line_height 1
Captures how high the 
defensive structure is 

positioned.

Defensive-line height derived 
from the pressing team’s 

player positions.
Pressing-team shape

opp_team_length 1 + 2
Measures vertical spread 

of the team in 
possession.

Difference between maximum 
and minimum x-coordinates of 

opponent players.
Opponent-team shape

opp_team_width 1 + 2
Measures horizontal 
spread of the team in 

possession.

Difference between maximum 
and minimum y-coordinates of 

opponent players.
Opponent-team shape

opp_shape_aspect_ratio 1 + 2
Describes the 

opponent’s structural 
shape.

opp_team_length / 
opp_team_width, with 

protection against division by 
very small width.

Opponent-team shape

dist_nearest_1 1 + 2
Measures immediate 
pressure on the ball 

carrier.

Distance from the ball to the 
nearest pressing player. Ball-pressure proximity

dist_nearest_2 1 + 2 Captures supporting 
pressure around the ball.

Distance from the ball to the 
second-nearest pressing 

player.
Ball-pressure proximity

dist_nearest_3 1 + 2 Captures collective 
pressure density.

Distance from the ball to the 
third-nearest pressing player. Ball-pressure proximity

n_pressers_5m 1 + 2 Measures close-range 
pressure.

Number of pressing players 
within 5 metres of the ball. Ball-pressure proximity

n_pressers_10m 1 + 2 Measures local support 
around the press.

Number of pressing players 
within 10 metres of the ball. Ball-pressure proximity

press_surface_area 1 + 2
Larger values indicate a 
more spread pressing 

structure.

Convex-hull area covered by 
pressing-team players. Pressing-team compactness

press_stretch_index 1 + 2
Measures how stretched 
or compact the pressing 

team is.

Average spatial spread of 
pressing-team players around 

their centroid.
Pressing-team compactness

opp_stretch_index 1 + 2
Measures whether the 
opponent structure is 
compact or stretched.

Average spatial spread of 
opponent players around their 

centroid.
Opponent-team compactness

ball_speed 1 + 2
Captures whether the 
ball is moving quickly 

during the press.

Speed of the ball in the current 
frame. Physical movement

nearest_presser_speed 1 + 2
Measures the physical 
intensity of the closest 

presser.

Speed of the nearest pressing 
player to the ball. Physical movement

avg_pressing_team_speed 1 + 2 Captures collective 
movement intensity.

Mean speed of pressing-team 
players. Physical movement

n_sprinting_pressers 1 + 2
Measures how many 
players are pressing at 

high speed.

Number of pressing players 
above the sprint-speed 

threshold.
Physical movement

closing_speed_nearest 1 + 2

Measures whether the 
nearest presser is 

actively closing down 
the ball.

Change in distance between 
the nearest presser and the ball 

across frames.
Physical movement

pressing_intensity 1 + 2
Measures overall 

pressure applied to the 
ball.

Sum or aggregation of 
pressure contributions based 

on distance, speed, and 
movement toward the ball.

Physical pressure
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Source: (Andrienko et al., 2017; Bauer & Anzer, 2021; Bekkers, 2025; Bunker, 2025; Carling et al., 
2005; Decroos et al., 2019; Fernández & Bornn, 2018; Frencken et al., 2011; Gudmundsson & Hor-
ton, 2016; Memmert, 2022; Peixoto et al., 2017; Spearman, 2018; Taki et al., 2000) 

 

 

 

 

 

ball_x 2
Captures where the press 
occurs lengthwise on the 

pitch.
x-coordinate of the ball. Ball location

ball_y 2
Captures whether the 

press occurs centrally or 
wide.

y-coordinate of the ball. Ball location

ball_dist_to_sideline 2
Smaller values indicate 
stronger sideline-trap 

potential.

Distance from the ball to the 
nearest sideline. Pitch-zone context

dist_to_goal_line 2
Captures how close the 
pressing situation is to 

goal.

Distance from the ball to the 
nearest goal line. Pitch-zone context

dist_to_central_axis 2 Measures how central or 
wide the possession is.

Absolute distance of the ball 
from the pitch centre line. Pitch-zone context

centroid_dist_to_sideline 2
Indicates whether the 
pressing unit itself is 

shifted wide.

Distance from the pressing-
team centroid to the nearest 

sideline.
Pressing-team pitch context

opp_surface_area 2
Measures how much 

space the team in 
possession occupies.

Convex-hull area covered by 
opponent players. Opponent-team structure

area_ratio 2
Compares pressing-team 
spread to opponent-team 

spread.

press_surface_area / 
opp_surface_area, with 

protection against division by 
very small opponent area.

Relative team structure

vertical_compactness 2

Measures how vertically 
compact the pressing 
team is relative to its 

size.

team_length / number of 
pressing players. Pressing-team compactness

compact_pressure 2
Captures whether 

pressure is concentrated 
in a compact structure.

pressing_intensity / 
press_surface_area, with 

protection against very small 
area.

Tactical pressure

local_overload_10m 2
Measures whether the 

pressing team has local 
numerical superiority.

Number of pressing players 
near the ball relative to 

opponent players within a 10-
metre radius.

Local overload

passing_lane_occlusion 2
Captures pressure as 
restriction of passing 

options.

Estimates how many nearby 
passing options are blocked by 

pressing players positioned 
along passing lanes.

Passing-lane control

escape_difficulty 2
Estimates how difficult it 

is for the opponent to 
play out of pressure.

Combination of 
local_overload_10m and 
passing_lane_occlusion.

Opponent escape constraint

trap_intensity 2
Captures intense 

pressure in constrained 
wide areas.

pressing_intensity / 
ball_dist_to_sideline, with 

protection against very small 
sideline distance.

Sideline trap pressure

speed_differential 2
Measures whether the 

pressing team is moving 
faster than the opponent.

Mean pressing-team speed 
minus mean opponent-team 

speed.
Relative movement
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Appendix 2: Weight & Biases, Screenshots. 
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Source: (Weight&Biases, n.d.) 


