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SPORTS PERFORMANCE

Off-ball behavior in association football: A data-driven model to measure changes in 
individual defensive pressure
Mat Herolda,b, A. Heckstedena, D. Radkea, F. Goesc, S. Noppb, T. Meyera and M. Kempec

aInstitute of Sports and Preventive Medicine, Saarland University, Saarbrücken, Germany; bDeutscher Fußball-Bund, Frankfurt am Main, Germany; 
cCenter for Human Movement Sciences, University of Groningen, University Medical Center Groningen (UMCG), Groningen, The Netherlands

ABSTRACT
This study describes an approach to evaluate the off-ball behaviour of attacking players in association 
football. The aim was to implement a defensive pressure model to examine an offensive player’s ability to 
create separation from a defender using 1411 high-intensity off-ball actions including 988 Deep Runs 
(DRs) DRs and 423 Change of Directions (CODs). Twenty-two official matches (14 competitive matches 
and 8 friendlies) of the German National Team were included in the research. To validate the effectiveness 
of the pressure model, each pass (n = 25,418) was evaluated for defensive pressure on the receiver at the 
moment of the pass and for the pass completion rate (R = −.34, p < .001). Next, after assessing the inter- 
rater reliability (Fleiss Kappa of 80 for DRs and 78 for CODs), three expert raters annotated all DRs and 
CODs that met the pre-set criteria. A time-series analysis of each DR and COD was calculated to the 
nearest 0.1 second, finding a slight increase in pressure from the start to the end of the off-ball actions as 
defenders re-established proximity to the attacker after separation was created. A linear mixed model 
using run type (DR or COD) as a fixed effect with the local maximum as a fixed effect on a continuous scale 
resulted in p < 0.001, d = 4.81, CI = 0.63 to 0.67 for the greatest decrease in pressure, p < 0.001, d = 0.143, 
CI = 9.18 to 10.61 for length of the longest decrease in pressure, and p < 0.001, d = 1.13, CI = 0.90 to 1.11 
for the fastest rate of decrease in pressure. As these values pertain to the local maximum, situations with 
greater starting pressure on the attacker often led to greater subsequent decreases. Furthermore, there 
was a significant (p < .0001) difference between offensive and defensive positions and the number of off- 
ball actions. Results suggest the model can be applied to quantify and visualise the pressure exerted on 
non-ball-possessing players. This approach can be combined with other methods of match analysis, 
providing practitioners with new opportunities to measure tactical performance in football.
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Introduction

In association football, it seems that some players simply 
have a “knack” for being in the right place at the right time. 
The German attacking player Thomas Müller, for example, is 
often characterised as the “Raumdeuter”, or “space inter-
preter”, because of his ability to use unique running pat-
terns without the ball to create space where it seems there 
should be none (Rice-Coates, 2017). Defenders are 
a constraint in which attacking players must instigate and 
adjust their running behaviour to afford themselves the 
time and space to better execute various skills (Duarte 
et al., 2012b; Orth et al., 2014). Although experts can point 
out such exceptional tactical behaviour, the community 
lacks a reliable method to evaluate movement away from 
(off) the ball (Herold et al., 2019). While there are several 
options to evaluate a player’s performance with the ball, 
a tool to measure the importance of a player like Thomas 
Müller for his ability to alleviate pressure (a reduction of 
space between the attacker and the defender), is missing. 
To close this gap, this study uses a modified approach from 
Andrienko et al. (2017) developed for pressure on the ball 

carrier and attempts to demonstrate its usefulness as a tool 
to evaluate a player’s behaviour off the ball (Andrienko 
et al., 2017).

In recent years, technological developments including 
automatic tracking systems, video-based motion analysis, 
and Global Positioning System (GPS) units (Carling et al., 
2008) have facilitated the process of evaluating player (tac-
tical) performance in a match (Rein & Memmert, 2016). To 
date, most of the studies evaluating tactical behaviour using 
positional tracking data have focused on events or actions by 
the player with the ball, such as passing (Alves et al., 2019). 
One example of such a study is the work by Chawla et al. 
(2017), who used the position, velocity, and acceleration of 
all 22 players and the ball to determine the probability of 
a pass reaching the intended receiver based on inferences 
made by an observer (Chawla et al., 2017). The work of 
Steiner and colleagues provides even further information 
about the influence of the recipient’s position and an open 
passing lane has on the decision to play a pass (Steiner, 
2018). Although these studies provided insight into players’ 
decisions and performance with the ball, they did not 
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present implications on how teammates can provide better 
passing options by finding uncovered space or creating dis-
tance between themselves and the nearest defenders.

To understand how offensive players create space, a player’s 
behaviour should be examined as a dynamic interaction includ-
ing the task, time, and space relative to the opponent 
(Grehaigne et al., 1997). Researchers have come up with vari-
ables such as team centroid (average team position), demon-
strating that football teams move in synchrony in the latitudinal 
and, especially, the longitudinal direction (Duarte et al., 2012; 
Frencken, Lemmink, Delleman, & Visscher, 2011). However, 
closer inspection is required to identify how disruptions in 
inter-team synchronicity influence the occurrence of key events 
like shots or goals. As such, studies began examining defensive 
pressure from a collective level (e.g., game styles, collective 
movement). For example, Fernandez-Navarro et al. (2016), 
Fernandez & Bornn (2018) evaluated how a team’s style of 
play including the use of high pressure and playing tempo 
changed depending on match status, venue, and quality of 
opposition (Fernandez-Navarro et al., 2016; Fernandez- 
Navarro et al., 2018). While findings point to the importance 
of the attacker breaking symmetry from the defender (distance 
and angle relative to the goal) to gain a positional advantage, 
there is still a lack of understanding about how offensive 
players, including those without the ball, create separation 
from defenders.

New developments in spatio-temporal data research made it 
possible to contextualise positioning of defending and attacking 
players, thereby facilitating the calculation of real-time probabil-
ities of offensive success relative to defensive presence (for an 
overview see, F. Goes et al., 2020; Herold et al., 2019), and the 
subsequent evaluation of performance and decision-making (F. 
Goes et al., 2020; Herold et al., 2019). This idea was first intro-
duced in basketball (Cervone et al., 2014) and then adapted to 
football by combining variables such as playing zone, defensive 
pressure, shot density, and pass density to form a new metric 
called Dangerousity (Link et al., 2016). This idea of constantly 
measuring the defensive pressure on the ball carrier was picked 
up by several other research groups. For example, Andrienko 
et al. (2017) created a method based on a spherical figure around 
the ball-possessing player (See, Figure 2), with any opponent 
entering this zone applying a certain amount of pressure on 
the player depending on his vicinity to the player and whether 
he is in front or behind him (Andrienko et al., 2017). Although this 
method is more elaborate than the one used by Link and collea-
gues, it was only validated in five games with a focus on the ball 
carrier. These examples illustrate that approaches exist that could 
be adapted to evaluate off-ball behaviour; however, this transfer 
has not yet been made. Therefore, the present study aims to 
check the feasibility of a model for the visualisation and quanti-
fication of defensive pressure of players off the ball. Such a tool 
could be helpful to evaluate the decision made by a passer and 
the behaviour of (potential) pass recipients.

In this work, positive off-ball behaviour is based on German 
Football Federation (DFB – Deutscher Fussball Bund) principles 
of play and tactics taught in their coaching course curriculum. 
Two of their principles of play related to off-ball behaviour are 
supported by previous research. These include exploiting space 
behind and provoking gaps within the opponent’s defence 

(Memmert et al., 2017; Tenga et al., 2017). All actions including 
deep runs (DRs), synonymous with a straight sprint at near 
maximal velocity, and change of directions (CODs), charac-
terised by a significant acceleration and/or deceleration com-
bined with a turning or cutting movement, are two ways to 
achieve these outcomes. Furthermore, the ability to quickly 
execute these movements has been shown to distinguish 
between standards of play and often precede goals scored 
(Faude et al., 2012; Lago-Peñas et al., 2010). These movements 
(DRs and CODs) that create a clear separation between the 
offensive and defensive players will be used to evaluate 
a novel player pressure model based on the existing pressure 
model (Andrienko et al., 2017) that accounts for the threat 
direction towards the goal. The evaluation of this method 
involves three steps. The first step used to validate the pressure 
model assumes that successful passes are completed more 
frequently to players under less pressure. Therefore, it is 
hypothesised that higher pressure on recipients is related to 
lower pass success. Secondly, it is hypothesised that off-ball 
behaviour consisting of DRs and CODs will correspond to 
decreases in defensive pressure, demonstrating that the 
model can identify subtle changes in defensive pressure on off- 
ball players. Furthermore, it is expected that the time course 
will differ between DRs and CODs, but pressure will increase 
whenever the defender starts to adjust to the DR or COD and 
recover his defensive position. Finally, it is expected that 
decreases in defensive pressure during DRs and CODs will differ 
between positions and players in offensive positions (Strikers, 
Wide Midfielders, and Central Midfielders) will perform more 
off-ball actions than players in defensive positions (Central 
Defenders, and Wide Defenders).

Methods

Data sample

The data for the present research was collected retrospec-
tively from 22 official games of the German men’s national 
team. Matches were played between 2013 and 2019 and 
included 14 competitive matches, i.e. either World Cup or 
European Qualification games, or Nation’s League games, 
and eight friendly matches. Match selection was limited 
due to the prevalence of time-based only, incompatible 
MTC (MIDI time code) event data files and PAM (portable 
arbitrary map) tracking data files that could not be utilised 
in the dataset. The sum of matches yielded 25,418 total 
passes accounted for by positional tracking data and 
1229 movements off-ball that met the defined criteria for 
notational analysis presented below. Given the large num-
ber (N > 1000) of both passes and off-ball actions in the 
data set, the sample size was justified with a power score 
of 1.0. The effect size is .3 with a margin of error of ± 5% 
with a lower critical N = 565 and an upper critical N = 635.

Before analysing the data, each match was pre-processed 
with ImoClient software (Inmotio Object Tracking B.V., The 
Netherlands) to synchronise both data streams and ensure 
a uniform data structure (Inmotio Object Tracking B.V., The 
Netherlands).
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Notation of CODs and DRs

Notational analysis was used to identify timestamps of qualified 
DRs and CODs by three expert-observers (M.H., T.S., T.H.). All 
matches were viewed in Avidemux Software (cross platform, 
General Public Licence) which allowed for match time to be 
annotated the nearest tenth of a second.

For DRs and CODs to be included in the study, they had to 
comply with several criteria based on previous literature dis-
cussed below and defined during the training-process. Both 
CODs and DRs must have occurred in the opposing team’s half 
in the pre-offensive and/or offensive zones when ball posses-
sion was established in the opponent’s half in the pre-offensive 
or offensive zones of the field (see, Figure 1; Bondia et al., 2017). 
The movements were included in the analysis regardless of 
whether a pass was attempted to them or not.

Notation of DRs 

Inclusion of DRs required at least 1 s of sustained acceleration 
on the opponent’s half (even if the run started in their half) that 
covered a minimum of 5 m from the start to the end of the 
time-window. If a change of direction (COD) of greater than or 
equal to 45 degrees occurred within the time-window, it was 

determined to be a COD and not a DR. If the offside line or 
opponent obstruction prevented them from meeting the cri-
teria of the 1s of sustained acceleration, a DR was not achieved. 
The intention to make a DR was irrelevant in those cases. Lastly, 
based on an imaginary line running from one end line to the 
other, the aggregate (i.e., if the run was curvilinear) of the angle 
to that line created by the player’s run must be less than 45 
degrees. In other words, the player should ultimately be mov-
ing towards the opponent’s end line as opposed to moving 
towards the sidelines or towards their own goal. The DRs were 
considered over when a player either received a pass, the 
player concluded their run in an offside position before the 
ball carrier played a pass (thus making him ineligible to receive 
the ball), the ball went out of bounds, or the player significantly 
decelerated.

Notation of CODs

A COD can be defined as the ability to decelerate, reverse 
or change movement direction, and accelerate again 
(Brughelli et al., 2008). For inclusion, the action had to be 
an active movement and not a reaction to a teammate or 
deflection of the ball. As established in previous studies, 

Defensive 
Pre-
Defensive 

Pre-
Offensive  Offensive 

Offensive direction 

Figure 1. Zones of the field (Bondia et al., 2017).

Figure 2. A visual representation of the pressure (Pr) zone. Red X represents the attacking player while O represents the defenders. In the left image of the pressure oval 
is an example of the distance of decay (q) moderated by relative movement yielding 98% pressure. On the right is an example of how the pressure ovals fit on the full 
pitch to depict distance to goal.
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CODs are characterised by directional changes ranging from 
30° to 180° (Taylor et al., 2017), with a reduction in velocity 
while approaching the change of direction and increasing 
exit velocities (Dos’Santos et al., 2018; Schreurs et al., 2017). 
Thus, in this study, CODs must have consisted of an angle 
greater than or equal to 45 degrees with a visible “cutting” 
action demonstrating substantial deceleration and/or con-
siderable acceleration occurring within a 5 second time-
frame. There were three possible situations in which 
a COD would be included. First, the player could use 
a sudden strong acceleration combined with 
a countermovement to trick the defender into going 
a different direction. Second, the player could suddenly 
stop, creating a high deceleration and minor acceleration 
to create space between him and the covering defender. 
The third option combines the two above mentioned 
actions where the player could have a high deceleration 
and acceleration in his COD to free himself from 
a marking defender. Significant deceleration and accelera-
tion were defined to have a minimum of −2.5 m · s−2 and 
3 m · s−2, respectively (Akenhead et al., 2013). The CODs 
were considered over when a player either received a pass, 
the player concluded their run in an offside position before 
the ball carrier played a pass (thus making him ineligible to 
receive the ball), the ball went out of bounds, or the player 
significantly decelerated.

Ethical considerations

The data was previously collected for performance purposes 
and not collected for experimental purposes. All involved 
players are professional players who provided consent to 
their national teams to collect, share, and store their data. 
Written informed consent was provided for the use of the 
data, and the study fully complies with the guidelines stated 
in the Declaration of Helsinki (2013).2013

Reliability testing

Notational analysis was performed by three expert observers 
who each watched two-thirds of the games to ensure all 
games were examined by at least two experts. All inconsistently 
rated moments were later reviewed by the third observer for the 
final verdict. The use of expert observers to identify different 
match actions through notational analysis has shown a high 
level of inter-operator reliability (Liu et al., 2013). To ensure the 
quality of the notation analysis, the experts went through a two- 
week training procedure, annotating five different games and 
discussing their agreement afterwards. The quality of the inter-
rater reliability was measured in Fleiss Kappa, which is validated 
for inter-rater reliability testing in notational analysis of multiple 
sports including football (Fleiss, 1971). For the notational analy-
sis, a Fleiss kappa of .80 for DRs and .78 for CODs was achieved.

Off-ball pressure indicator

Pre-processing consisted of filtering the data with a weighted 
Gaussian algorithm (85% sensitivity) and automatic detection 
of ball possessions and ball events based on synchronisation of 

the tracking data and manually tagged event data. All data 
were mapped to the same standard field size (105 m × 68 m) 
where the X-axis runs longitudinally from goal to goal (−52.5 m 
to +52.5 m), and the Y-axis runs horizontally along the midline 
(−34 m + 34 m). After pre-processing, position and event data 
were exported to a *. JSON format and all further processing, 
analysis, and visualisation were conducted using custom rou-
tine packages programmed in Python 3.7.

The model of the off-ball pressure indicator (OBPI) consists 
of an oval-shaped field around the player making the DR or 
COD, also considered the pressure target. The pressure value 
(Pr) is calculated through Equation 1, in which d is the distance 
between the off-ball player and a covering defender and 
L forms the distance limits for the oval-shaped pressure field. 
The distance threshold L is dependent on the distance from the 
centre of the goal, linearly decreasing by 5% every 5-m distance 
to the goal, with a sharp increase when entering the penalty- 
box. The constant q is to regulate the speed at which the 
pressure value changes due to an increasing distance value. 
The most fitting value for q was earlier determined to be 1.75 
(Andrienko et al., 2017). 

Pr ¼ 1 � d=Lð Þ
q
� 100% (1) 

The distance limits value (L) is constructed through Equation 2. 
D_back and D_front represent the distance limit for the pres-
sure coming from behind and in front of the pressure target, 
respectively. These back and front limits have been determined 
to be, respectively, 3 m and 9 m based on the original model by 
Andrienko et al. (2017), who established these values by con-
sulting football experts of the German Football Federation and 
presented them the results of different threshold values 
(Andrienko et al., 2017). However, in an additional workshop 
with coaches and match analysts of the German Football 
Federation and the current authors, it was determined that 
a fixed value of 9 m as chosen by Andrienko et al. (2017) does 
not present pressure correctly during situations in proximity to 
the goal. To correct for this, the front limit was set as dependent 
on the distance to the goal of the attacker as described in 
Equation 4. Now, in situations closer to the goal, where pres-
sure would normally start a 9 m, pressure is registered at closer 
distances that are more realistic.

The z-value is calculated through Equation 3, where Θ is the 
angle between the direction of the target and the direction of 
the pressure exerted by the covering defender. 

L ¼ Dback þ Dfront � DBackð Þ z^3þ 0:3zð Þ=1:3 (2) 

z ¼ ð1 � cosΘÞ=2Þ (3) 

Dfront ¼ 9 � 0:05 105 � GoalDistð Þ (4) 

The model originally assigned attacking players in an offsides 
position a pressure value of +1, or the addition of 100% pres-
sure. However, after analysing the data, it was discovered that 
the offside detection needed to be removed since it led to 
abrupt pressure changes in the time-series and a player with 
100% pressure can still theoretically receive a pass, while 
a player in an offside position cannot. All off-ball actions that 
took place entirely in an offside position were removed from 
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the data set and if there was a change in pressure greater than 
70% within 0.1 seconds, after confirmation via video inspection, 
1 was subtracted from the reported pressure value to remove 
the false addition occurring from the offsides. Therefore, the 
model should create an opportunity to discover the pressure 
quantities exerted throughout moments of significant off-ball 
behaviour by the pressure target.

Individual off-ball behaviour analysis

Defensive pressure is calculated for each player for every 
0.1 seconds of a second frame. Off-ball movements such as 
a sprint or a rapid change of direction can lead to a decrease in 
pressure. This is illustrated below showing change in pressure 
from the raw data for DRs (see, Figure 3) in Germany versus 
England match played 19 November 2013, and for CODs (see 
Figure 4) in Germany versus the Netherlands match played on 
13 October 2018.

Data analysis

To test the plausibility of the OBPI and evaluate the effective-
ness of DRs and CODs, various statistics were implemented. In 
a first step, a frequency table was constructed for friendly and 
competitive matches and analysed with a Mann-Whitney U-test 
(SPSS Version 25.0) to ensure friendly and competitive matches 
would not show substantial differences between the number of 
off-ball actions. There was no significant difference in the num-
ber of off-ball actions between competitive matches (Mean 
Rank 594.17) and friendly matches (Mean Rank 573.95) with 
z = −1.209, p = .227. Given these results, friendly and compe-
titive matches were combined in the analysis.

In the next step, to investigate the validity of the OBPI, the 
association with pass completion was tested. Assuming 
decreased pressure would be related to an increased chance 
of pass completion, the reception and interception of all passes 
ending in the opposing half were identified and labelled. Next, 
the potential receivers for every pass were identified, and the 
pressure on the potential receivers (not the passer) was com-
puted at the moment the pass was made. To examine the 
correlation between pressure and pass completion, a Point 
Biserial Correlation Analysis was used in SPSS Version 25.0.

To further evaluate the OBPI, a time-series analyses on the 
annotated movements (DRs and CODs) were conducted. The 
global trend analysis was calculated for the start to finish for 
each movement. The range for DRs Range was between 0.2 and 
2.8 seconds and the range for CODs was between 0.2 and 2.6 sec-
onds. For the local trend, change points were used to determine 
when pressure either increased or decreased by splitting the time 
series into two or more segments (Priyadarshana & Sofronov, 
2014). Change points can occur in the time-series characteristic 
of any field of science (Aminikhanghahi & Cook, 2017) and are 
considered as boundaries between two adjacent segments of 
data separated by quasi-constant differences (features that have 
the same values for a very large subset of the outputs, or shifts), 
a change in trend and by changes in the variance of data (Topál 
et al., 2016). In this study, intervals of sustained decreases in 
pressure measured in time steps of 0.1 seconds were identified 
for each movement by finding local maximums and local 

minimums. These intervals were then categorised into the longest 
sustained decrease without a plateau, the greatest decrease mea-
sured in pressure, and the fastest rate of decrease measured in 
pressure/second. The data from the local trend analysis were only 
moderately skewed via visual inspection of a histogram.

To determine differences in off-ball pressure changes 
between DRs and CODs, a mixed linear model was conducted, 
calculated at 95% confidence intervals. Run type (DR or COD) 
was included as the fixed effect with the local maximum as 
a fixed effect on a continuous scale, whilst the players’ position 
was the random effect (see Appendix A for the algorithm). 
Individual players who did not perform both a COD and DR 
were removed from the linear mixed model, reducing the 
number of players involved by 56% (from 164 to 72) and the 
number of off-ball actions by 14% (from 1411 to 1209). 
Processing and analysis were conducted using custom routines 
(pandas, NumPy and Matplotlib) programmed in Python 3.7.5.

The exact tactical formation for each team in the data set 
was unknown. As varying tactical formations have different 
numbers of players in certain positions (e.g., a 4-3-3 formation 
has two wingers for every one striker), playing positions were 
not normalised. A Mann-Whitney U-test (SPSS Version 25.0) was 
utilised to determine if there were significant differences in 
runs between offensive and defensive positions.

An α-level of P ≤ 0.05 indicated significance. For the mixed- 
effects models, effect sizes (d) were determined as effect size 
with 0.2 being considered a “small” effect size, 0.5 being 
a “medium” effect size, and 0.8 being a “large” effect. For the 
Mann-Whitney U tests, the effect size of r < 0.3 represents 
a small effect, between 0.3 and 0.5 being a medium effect, 
and greater than 0.5 being a large effect.

Results

Validation of pressure model based on total pass 
completion rate

The sample for total passes was 25,418 passes, with 19,337 (76%) 
successful passes and 6,081 (24%) unsuccessful passes. The mean 
pressure on the pass receiver was .08 ± .40 for successful passes 
and .30 ± .22 for unsuccessful passes. Point Biserial Correlation 
Analysis for the difference in pressure on the pass receiver for 
passes completed vs intercepted revealed R = −.34 with a sig-
nificance level of p < .001 (See Figure 5 in Supplementary 
Material). This indicates that receivers of successful passes had 
less defensive pressure at the moment of the pass.

Off-ball behaviour results overview

The total number of actions was 1411 with 988 (70%) DRs and 
423 (30%) CODs. Two hundred and fifty-two of the annotated 
actions had no pressure during the entire action which indi-
cates that no defenders entered the pressure oval at any time. 
For all actions, the average global trend was .02 ± .11 with 
a median of 0 and an IQR of .05. For DRs, the average global 
trend was .02 ± .10, with a median of 0 and an IQR of .04, and for 
CODs, the average global trend was .02 ± .11, with a median of 
0 and an IQR of .05.
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For local changes, as seen in Table 1, the maximum pressure 
was greater for CODs than DRs. The longest decrease in pressure as 
well as the greatest decrease in pressure were also greater for 
CODs than DRs. Finally, the rate of decrease in pressure was faster 
for CODs than DRs.

Linear mixed model

The linear mixed model using run type (DR or COD) as a fixed 
effect with the local maximum as a fixed effect on a continuous 
scale resulted in p < 0.001, d = 4.81, CI = 0.63 to 0.67 for the 

greatest decrease, p < 0.001, d = 0.143, CI = 9.18 to 10.61 for length 
of the longest decrease, and p < 0.001, d = 1.13, CI = 0.90 to 1.11 
for the fastest rate of decrease (See Table 2). There was no sig-
nificant difference between DRs and CODs for greatest (p = .435, 
d = −0.0478, CI = −0.02 to 0.01) and longest (p = .374, d = 0.054, 
CI = 0.02 to 1.11), although fastest rate of decrease had a slightly 
stronger but still small effect with p = 0.054, d = 0.118, CI = 0.03 to 
0.17. These results demonstrate that higher pressure at the start of 
the action is associated with decreases in pressure of higher 
magnitude with large effects, duration of decrease with small 
effects, and rate of decrease with large effects.
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b 

1. Start Pressure  (.31)                                     2.  Sprint Action (.15) 3. Minimal Pressure (.00)                               4. End Pressure (1.73)
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Passer Receiver

Green attacker near the defender in 
white

The attacker accelerates into a deep 
run to exploit the space behind the 
defensive line

The deep run creates space away from 
the nearby defender before the 
goalkeeper can react to come off his 
line, achieving a minimal pressure 
value 

The goalkeeper comes out increasing 
pressure while the defender starts to 
recover to add some back pressure as 
the attacker tries his shot on goal

Figure 3. Illustration of pressure changes for DRs. a. All DR actions, normalised from 0 to 100% (x-axis), with a mean pressure line from start to finish, accompanied with 
shaded regions of variability showing 95% confidence intervals. b. Example showing how space is created with a decrease in pressure during a deep run for the 
offensive team (green jerseys) versus the defending team (white jerseys). Points 1, 2 and 3 are more representative of the DR while point 4 represents the defenders 
recovering position as the attacking player decelerates to shoot.
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The average number of off-ball actions per player was 
16.8 ± 26.2, median 7, and IQR of 10. As seen in Table 3, DRs 
are more common than CODs and wide midfielders performed 
more off-ball actions, especially DRs, compared to other posi-
tions on the field. The Mann-Whitney U-test revealed that 

offensive players (CM, WM, ST) completed significantly more 
actions than defensive players (p < .0001) with a medium effect 
size (r = .44).

Although the model shows a clear effect of the local max-
imum for longest decrease, greatest decrease, and fastest rate  

a

b

1.   Start Pressure (.40)                          2. Change of Direction Moment (.27) 3. Minimum Pressure (.02)                                  4. End Pressure (.08)
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The defender (orange jersey) near
the attacker (white jersey)

The attacker starts a backpedal 
perpendicular to the goal direction and 
then cuts into a diagonal sprint towards 
the goal                             

The change of direction creates space away the 
nearby defender, achieving a minimal pressrsure 
pressure value                              

A second defender starts to cover 
for his beaten teammate and close 
down in the threat direction of the 
goal slightly decreasing increasing 
pressure on the attacker as he 
prepares to take a shot on goal.

Figure 4. Illustration of pressure changes for DRs. a. All DR actions, normalised from 0 to 100% (x-axis), with a mean pressure line from start to finish, accompanied with 
shaded regions of variability showing 95% confidence intervals. b. Example showing how space is created with a decrease in pressure during a deep run for the 
offensive team (green jerseys) versus the defending team (white jerseys).
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of decrease in pressure, as seen in Figures 6-8, aside from some 
outliers, there was not a significant difference between changes 
in pressure for different playing positions. However, there is 
a noticeable correlation between the starting pressure of the 
local maximum (x-axis) and each metric (greatest decrease, 
longest decrease, and fastest decrease) (y-axis) as the plots 
follow this positive slope. The isolines (z-values), similar to 
elevation contour lines, represent the density of points. There 
is no defined progressive increment between successive con-
tour lines; they are used as a relative visualisation tool.

Discussion

The current research aimed to demonstrate the application of an 
adapted pressure model for the quantification and visualisation 
of defensive pressure exerted on attacking players without ball 

possession. Expanding on earlier work on pressure (Andrienko 
et al., 2017), the presented model was implemented to analyse 
multiple games consisting of hundreds of closely examined 
match events. The approach of combining notational analysis 
with data science on a large sample size increases the effective-
ness of data analysis by notating and examining match events 
before data processing (James, 2006). Whereas previous research 
on pressure (Link et al., 2016) was based on the position of the 
defender(s) concerning the ball carrier, the approach in this study 
considered pressure exerted on players without the ball.

Validation of the pressure model

The first step evaluated all passes using positional tracking 
data to examine the reliability of the pressure model. 
Results showed a significant, medium degree of correlation 

Figure 5. This scatter plot visualizes that completed passes labeled as 1 on the x-axis had less pressure on the receiver at the moment of the pass than incomplete 
passes labeled as 0 on the x-axis.

Figure 6. Fastest decrease in pressure between positions for DRs and CODs from the local maximum.
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with pressure on the receiver at the time the pass was 
made. The completion rate (76%) differed only slightly 
from other work on evaluating pass completion (61.8%) 
based on the defensive context of a large sample size of 
passes (F. R. Goes et al., 2018). Generally, passing studies 

have only taken the position and movement of the passer 
and the receiver into account (Szczepański & Mchale, 2016). 
However, pass outcome involves the combination of multi-
ple variables such as field location and position (e.g., high- 
risk passes compared to passes with little to no pressure in 
the backfield; O’Donoghue, 2004), the length of different 
passes (Rampinini et al., 2009), communication between 
players (Duarte et al., 2012a) and technical performance 
and decision-making (Liu et al., 2016). For example, 
attempting riskier passes with a higher chance of turnover 
carries greater reward in terms of creating goal-scoring 
chances (Power et al., 2017). Considering those variables, 
the results in this study – following the hypothesis – show 
that less pressure on the receiver is associated with pass 
accuracy.

Figure 7. Greatest decrease in pressure between positions for DRs and CODs from the local maximum.

Figure 8. Longest decrease in pressure between positions for DRs and CODs from the local maximum.

Table 1. Pressure values for an off-the-ball player performing deep runs or 
changes of direction.

Overall Deep Runs
Changes of 

Direction

Mean ± SD Mean ± SD Mean ± SD

Maximum Pressure 0.33 ± 0.30 0.31 ± 0.30 0.37 ± 0.29
Longest Decrease in Time (seconds) 4.71 ± 4.59 4.53 ± 4.71 5.12 ± 4.26
Greatest Decrease (pressure) 0.20 ± 0.22 0.19 ± 0.23 0.21 ± 0.20
Fastest Rate of Decrease (pressure/ 

time)
0.46 ± 0.59 0.42 ± 0.60 0.54 ± 0.55
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Changes in pressure during DRs and CODs

It was hypothesised that off-ball behaviour consisting of DRs 
and CODs would correspond to decreases in defensive pres-
sure, demonstrating that the model can identify subtle 
changes in defensive pressure of off-ball players. The adapted 
pressure model worked as intended, detecting an expected 
change in pressure exerted on the player performing a DR or 
COD. As evident in Figures 3 and 4, compared to the start of 
the action, the pressure typically decreased towards 
a minimum point which reflects the window of time the 
offensive player creates separation from the covering defen-
der. On average, greater maximum pressures created the 
potential for a greater decrease, longer decrease, and 
a faster decrease in pressure. If the starting pressure was 
high, offensive players managed to create more space as 
defenders could not react properly to the off-ball movement. 
This trend was greater for CODs than DRs which could be 
due to the inherent nature of CODs in which the offensive 
player will travel in one direction, drawing the defender 
towards him before quickly cutting and moving in another 
direction (Duarte et al., 2012b). Clever attackers use the 
defenders’ delay in perception-action coupling to take advan-
tage of the defender’s response to a fake or change of 
direction (Young & Murray, 2017). In addition, attackers may 
use different actions in specific situations. DRs are more of 
a space exploitation strategy to get behind the defence 
versus CODs which are more often used as a strategy for 
space creation.

Although DRs do not involve intentional misdirection like 
CODs, they too involve the closing of distance between the 
attacker and defender followed by a subsequent decrease in 
pressure. This pressure pattern was apparent in the time- 
series results and visualised in the notational analysis pro-
cess when an attacking player attempted to run past 
a defender to exploit the space behind him; the space 
between the two players closed before it became a foot 
race to the ball. Similarly, when the distance between the 
attacker-defender dyad decreased in 1 versus 1 situations, 
there was an increase in both players’ speed, especially the 
attacker’s speed who is attempting to create separation to 
take a shot on goal (Clemente et al., 2013).

Due to the importance of sprinting performance in football, 
physical speed is a coveted quality which distinguishes players 
from the top leagues in Europe to other ones (Haugen et al., 
2014). A faster moving attacker in comparison to the nearby 
defender has the advantage when it comes to the creation of 
dangerous space (Fernandez & Bornn, 2018). However, as 
demonstrated by the effectiveness of CODs (misdirection) on 
decreases in pressure in this study, there are factors beyond 
sprinting ability that are important in creating differences in 
relative velocity. Such strategies include the use of positioning 
and the element of surprise that can provide the attacker an 
advantage, even when facing a faster defender. For example, 
movement into the defender’s blind spot or between two 
defenders (causing confusion on which defender should be 
responsible for tracking the attacking player’s movement) may 
provide the attacker with a head start. Perhaps, the higher work 
rate preceding successful goal scoring opportunities discovered 
by Schulze et. al (2022) 2022elicits fatigue in defenders which 
not only impairs their motivation to intercept passes (Barte et al., 
2020) but also decreases their ability to perform sprints needed 
to prevent penetrating passes (Passos et al., 2020).

Finally, it was expected that the pressure would increase 
whenever the defender starts to adjust to the DR or COD and 
recover his defensive position. A slight increase in pressure 
(.02 ± .11) was found for the start to finish, or the global trend 
of every off-ball action. Whilst offensive players exhibit greater 
freedom of movement to create space, a defender’s focus is 
predominantly on maintaining proximity to their opponents 
(Moura et al., 2015). As seen in Figures 3 and 4, the pressure 
value often increased from the minimum pressure point to the 
end of the movement when the covering defender adjusted to 
the action made by the attacking player. This pattern was 
observed in other work studying attacker-defender dyads in 
1v1 situations where the defender would recover his position 
after being overtaken by an attacking player on the dribble 
(Clemente et al., 2013). The increase in pressure towards the 
end of the off-ball action can also be explained by instances 
when the intended pass was completed, the attacking player 
stopped their off-ball action when the intended pass was inter-
cepted, or the ball was passed to another player on the team. In 
addition, offensive players often make runs into the crowded 
penalty box where there is usually a greater density of defensive 
players (Santos et al., 2017). Furthermore, the start and end of 
the off-ball actions were determined by notational analysis 
which showed that many of the actions started with low or 
zero pressure values. This is normal when considering the pre-
valence of zonal defending where defenders do not stick to 
a man but defend what is considered valuable space (Frias & 
Duarte, 2014) – often central and behind them near their own 
goal.

Table 2. Difference in pressure changes between run types: Fixed effects (DR versus COD) with local maximum as the covariate and random effects.

Fixed effects Random effect

Outcome variable p COD_DR p Covar (local maximum) Percent of total Variance explained by Individual Player Identity
Greatest Decrease 0.435 <0.001 3
Length of Longest Decrease 0.374 <0.001 <1
Fastest Rate of Decrease 0.054 <0.001 1

Table 3. Off-ball actions by position.

Position DRs CODs TOTAL

Central Defenders 6 2 8
Wide Defenders 82 19 101
Central Midfielders 162 65 227
Wide Midfielders (includes wingers and wingbacks) 365 184 549
Strikers 184 140 324
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Changes in pressure for DRs and CODs based on position

Results showed that wide midfielders, including wingers typically 
found in a 4-3-3 variation formation and wingbacks in a 3-5-2 
formation, followed by strikers, made the most total actions.

This is in line with other research showing that high- 
intensity actions performed by the attacking team are made 
predominately by wide midfielders and strikers (Di Salvo et al., 
2009). As wide players and strikers are players positioned closer 
to the opponent goal, the use of high-intensity actions is an 
effective strategy to penetrate the defence and increase the 
reward of passes in the opponent’s half, especially around the 
penalty box (Power et al., 2017). These findings are also in line 
with Steiner et al. (2019) who discovered that increases and 
alterations in movement speed benefit pass reception. 
Interestingly, in this study, there was no significant difference 
between playing positions and changes in pressure. Perhaps, 
this is because only movements made in the attacking half of 
the field were measured in this study and it has been shown 
(Vilar et al., 2013) that teams consistently use numerical super-
iority as a defensive strategy.

In general, the pressure pattern seen throughout the time- 
series demonstrates that DRs and CODs indeed fulfil an impor-
tant role as offensive tools, as demonstrated in prior studies 
(Faude et al., 2012; Lago-Peñas et al., 2010). Moreover, the OBPI 
visualises these findings that can be underpinned with actual 
values showing that players off the ball use movements like 
DRs and CODs to create windows of separation. These findings 
give further support to the approach developed by Andrienko 
et al. for on-ball pressure and extend its use to evaluate off-ball 
pressure.

Limitations and future work

The present study is not without its limitations. In addition to 
the observational character of the study, data was extrapolated 
from one team and only tested plausibility hypotheses at the 
exclusion of experimental testing. Such lack is prevalent not 
only in the present work but also in other work in the field and 
is a factor that precludes more definite conclusions. Though the 
pressure model could determine when a player is becoming 
more open than they were before via a decrease in pressure, no 
threshold in openness was determined. A threshold may not be 
possible as it is not uncommon for teams to use a player- 
focused passing strategy, prioritising passes to key players 
with higher levels of skill even when they are under greater 
defensive pressure (Gyarmati & Anguera, 2015). For instance, 
one popular strategy to gain territory includes playing forward 
passes that are not always played into areas of low defensive 
coverage, but to a target player who is holding off a defender 
on his back (Kempe et al., 2014).

Despite these limitations, the findings of this study are 
valuable because of the combined approach of event data 
with tracking data as well as the inclusion of many situa-
tions and passes. The model can also be useful to show that 
certain players manoeuvre themselves into open space in 
different zones of the pitch, even if they are not always 
rewarded with a quality pass (Spearman, 2018). Whereas 
physical trainers rely on GPS data to provide information 

about workload (Buchheit & Simpson, 2017), match analysts 
can use this model to inform practice about which players 
are creating (or allowing) space, and how it is occurring. 
Coaches can then design training exercises with constraints 
that encourage faster, more deceptive movement off the 
ball and provide objective, visual feedback. Perhaps, the 
model can be combined with earlier work on attacking 
play that will expand existing knowledge on the synchroni-
city between passing and player movement off the ball 
(Gudmundsson & Horton, 2017; Link et al., 2016). These 
systems could be combined with work on passing patterns 
and the tactical role of different positions (Amatria et al., 
2019; Gyarmati et al., 2014) which could lead to the devel-
opment of a model to quantify and value decision-making 
in passing and build-up play as seen in basketball (Cervone 
et al., 2014). Future work evaluating off-ball behaviour using 
pressure should also consider not only the pressure on the 
pass receiver but also the pressure on the passer as well. 
This can include considering the initial position of the 
attacking player (regarding the central or lateral starting 
point) and the initial distance to the goal, as well as how 
the movement of certain attackers without the ball gener-
ates space for other attacking players (Fernandez & Bornn, 
2018; Vilar et al., 2012).

Conclusion

In conclusion, the current study aimed to check the plausibility 
of an updated pressure model to quantify and visualise the 
pressure exerted on off-ball football/soccer players. 
Adaptations to the model presented by Andrienko et al., includ-
ing changing the threat direction to the centre of the goal 
instead of towards the goal line and the addition of a gradual 
decline in the pressure area closer to the goal, added additional 
practical validity. Results showed that less defensive pressure 
on the receiver of a pass correlated with higher pass comple-
tion rate and the use of DRs and CODs indeed leads to 
decreases in pressure, especially when the starting pressure is 
higher. Finally, offensive players, including wide midfielders 
and strikers, perform more off-ball actions compared to players 
in other positions. The findings demonstrate its usefulness for 
the real-time quantification of pressure and the difference 
between positions and various movement strategies. 
However, these adaptions should be further evaluated in addi-
tional studies. There is the potential for this model to be 
incorporated into existing models to create a comprehensive 
method for quantifying and evaluating broader aspects of 
offensive play.
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Appendix  

A. Algorithm for Finding Local Maximums in 
Time-Series Data

Data: Pressures
gradients ← Diff(pressures);
gradient_signs ← Sign(gradients);
Examples:
pressures ← [0, 0, 2, 5, 6, 4, 3, 1, 0, 3];
gradients ← [0, 2, 3, 1, −2, −1, −2, −1, 3];
gradient_signs ← [0, 1, 1, 1, −1, −1, −1, −1, 1];

Starting with time-series data pressures, a 1-dimensional array of 
n pressure values. Diff takes a 1-dimensional array, shifts the values, 
and subtracts from itself. The results are an array of length n − 1 
giving the difference in value between consecutive values in the 
original array. Sign simply gives the sign of each element of the 
array; 0, 1 (positive), or −1 (negative). The result of Sign is an array 
of 0, 1, and −1, depending on the sign of the value in the original 
array. From the array gradient_signs, instances of [. . ., α, −1, . . .] were 
found, with α ∈ (Acar et al., 2008), which corresponds to a local 
maximum and the start of a decrease in pressure. A consecutive run 
of −1 values corresponds to a sustained decrease in pressure.
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