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SPORTS PERFORMANCE

Expected Pass Turnovers (xPT) - a model to analyse turnovers from passing events in 
football
Andrew J Peters a,b, Nimai Parmar a, Michael Daviesa,b, Matt Reevesc, Mladen Sormazb and Nic James a

aFaculty of Science & Technology, Middlesex University, London, UK; bData Analytics Department, Leicester City Football Club, Leicester, UK; cSports 
Science & Medical Department, Leicester City Football Club, Leicester, UK

ABSTRACT
The aim of this study was to create a novel metric, Expected Pass Turnovers (xPT), that could evaluate 
possession retention from player-passing events in football. Event and positional data were analysed 
from all 380 matches in the 2020/21 English Premier League season, which encompassed 256,433 passes 
in the final dataset. A logistic mixed-effects model was implemented to attribute the probability of each 
pass getting turned over. The use of positional data enabled the identification of a) opposition players 
present in radii surrounding the ball carrier and b) availability of teammates with respect to the ball 
carrier. The addition of these positional features improved the accuracy (+6.1 AUC Score) of the model. 
xPT serves as a practitioner Key Performance Indicator, as analysts can identify players that lose posses
sion more often or not than expected, given the situational context of each pass, from game to game. 
Future work may include modelling the turnover probability of dribble and carry actions, as this would 
lead to a more comprehensive understanding of turnover events in football.
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Background

Key Performance Indicators (KPIs) are used to evaluate the per
formance of individuals and collectively at the team level 
(Hughes et al., 2012). A tactical performance is deemed to be of 
high quality if pre-defined KPIs are achieved, which generally 
leads to individual and team success (Wright et al., 2014). In 
football, KPIs can be categorised based on their data source, 
and can be extracted from event data, positional data or even 
a combination of both. Event data is comprised of individual 
events that occur during a football match, such as passes, pres
sures and tackles. A pressure event occurs when player(s) of the 
defending team attempt to deny the space for the in-possession 
ball carrier. Basic measures of these events include counts, and 
their calculated proportions (such as the proportion of pressure 
actions in the opposition half), which can be assessed to evaluate 
a team’s performance (Lago-Penas & Dellal, 2010). The frequency 
of events may, however, be skewed due to the variation in 
possession duration for different teams. Hence, defensive actions 
(tackles, interceptions & foul events) can be aggregated and 
normalised based on the number of passes the opposition 
makes, to create the team pressure proxy: passes per defensive 
action (PPDA; Trainor, 2014). The number of opposition passes is 
used in this calculation, as this has a significant correlation with 
possession time (Collet, 2013) and hence is a suitable proxy to 
measure opposition possession. The measurement of passes can 
be favoured over measuring the exact time of possession due to 
a) the available nature of passes a team makes within a dataset 
and b) it can be difficult to distinguish when a particular team has 
possession, such as when the ball is in contest (e.g., patterns of 

play originating from long balls and set pieces). Overall, the 
limitation when using single events to evaluate team or player 
performance, is due to their isolated nature as a football match 
encompasses on average 1682 (±101) events (Pappalardo, Cintia, 
Rossi, et al., 2019) in complex possession sequences.

The complexity of KPIs increased when separate event types 
were aggregated and analysed in the context of possession 
strings, which enabled football events to be assessed in 
a broader context (McHale & Scarf, 2007; Pappalardo, Cintia, 
Ferragina, et al., 2019; Rudd, 2011). Hence, each event a player 
partakes in can be objectively valued by such models, referred 
to as possession value models. For example, the expected 
threat (xT; Singh, 2019) combines shooting events with ball 
carry and pass events in a Markov chain model. The aim of 
this possession value model was to attribute value not just to 
the player shooting, but also to those players involved earlier in 
the possession. Hence, this model can objectively and quanti
tatively measure the expected threat value of each player 
involved in the possession string, which can be used as 
a player evaluation tool among practitioners. Although this 
model had statistical robustness (Van Roy et al., 2020), only 
event-level information was included. Hence, the lack of posi
tional contextual features, such as the location of teammates, 
means that there is potential to improve the model accuracy of 
such frameworks.

Further possession value models attempted to estimate 
a player’s contribution to improving or reducing their 
team’s probability of scoring (Decroos et al., 2019; 
Introducing on-ball value obv, 2022). “Valuing Actions by 
Estimating Probabilities” (VAEP) uses a gradient boosting 
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machine learning approach to estimate the probability of 
scoring and conceding a goal. However, VAEP tends to assign 
high values to players who frequently score goals and is 
hence biased towards attacking players (Van Roy et al.,  
2020). The possession value model devised by data provider, 
Statsbomb, called On-Ball Value (OBV) is another tool that 
enables thorough player analysis, as they break down 
a player’s action contributions into separate player value 
categories: pass OBV, dribble & carry OBV, goalkeeper OBV, 
shot OBV, defensive action OBV. However, the output from 
these machine learning methods tends to be abstract values 
that can be difficult to interpret, potentially leading to slow 
practitioner uptake. Also, the utility of the OBV method is 
reduced, since the exact details of the commercial model are 
not provided. Academic studies presenting full model work
ings would therefore advance models in this field.

Other possession value models focused specifically on 
passing events (Brooks et al., 2016; Power et al., 2017; 
Goes et al., 2022). One method (Brooks et al., 2016) applied 
a supervised machine learning algorithm to derive a value 
from the relationship between pass locations and shot 
opportunities. However, this model used event-level fea
tures alone, which provides limited contextual information 
given that event data fails to capture the spatial and tem
poral interactions between players (Garganta, 2009). 
However, other methods have combined positional with 
event data to evaluate pass risk (Power et al., 2017). This 
method utilised tracking data to craft positional features, 
such as the speed of the intended receiver and nearest 
defender. The model accuracy is improved following the 
introduction of these novel tracking features, as indicated 
by a reduction in log loss and RMSE scores. A further 
method that evaluated pass risk assessment (Goes et al.,  
2022), demonstrated that there is a large variance in pas
sing decision-making between players of different positional 
roles.

Although many KPIs evaluate attacking events in football, 
research is sparse for models evaluating possession break
ing down, or turnover events (Forcher et al., 2022). 
However, at the team-level, understanding the ability to 
retain possession is a key characteristic of playing style 
(Hewitt et al., 2016). For example, teams that engage in 
a more established offensive playing style will have more 
possession and will hence have more players with good 
pass retention than teams that adopt a defense-to-attack 
transition strategy (Hewitt et al., 2016). A player’s ability to 
retain possession has previously been analysed by consider
ing passing events, as they represent more than 80% of the 
events that occur in a football match (Cintia et al., 2015). 
Hence, a player’s pass completion rate, which is a fraction of 
the total number of successful passes and the total number 
of all passes a player makes, is used as a proxy for posses
sion retention. However, players who fulfil different tactical 
roles may have inflated or deflated pass completion num
bers. For example, under a Work Domain Analysis (WDA) 
framework (Vicente, 1999), central defensive midfielders 
may serve the functional purpose of connecting defence 
and attacking players (Berber et al., 2020). Thus, to achieve 
this, one player may engage in the object-related process of 

risk-taking (Berber et al., 2020) which may involve playing 
line-breaking passes with a high likelihood of interception. 
However, another player may simply protect and hold the 
ball with a lateral or backwards pass. Hence, it may not be 
logical to use pass completion to rank a player’s passing 
ability.

Overall, there is evidence that there is greater accuracy 
for KPIs where positional data is combined with event-level 
information (Anzer & Bauer, 2021; Power et al., 2017). 
Hence, the aim of this research was to develop a KPI that 
leverages positional as well as event data, to better evaluate 
pass completion on the individual level. The proposed KPI, 
Expected Pass Turnovers (xPT), will aim to contextualise 
each pass in terms of situation and difficulty by using posi
tional features, unlike simple pass completion metrics and 
other pass models (Brooks et al., 2016). The novelty within 
xPT lies within the method that creates it. Whereas previous 
methods have considered all passes existing within 
a homogenous group (Power et al., 2017), the underlying 
data structure is in fact different. For example, variation in 
pass completion exists at the player-level, as some players 
attempt riskier passes, at the positional level (Goes et al.,  
2022), as players in advanced positions have to keep the 
ball when subject to higher defensive pressure, and at the 
match-level, as different weather conditions may present 
challenges to performing a suitable passing game. Hence, 
by including player, position and match as independent 
random effects in a logistic mixed model approach, xPT 
considers this substructure for every pass made.

Methods

Data sample

This study was conducted with event and positional data from 
the 2020/21 Premier League Season, using data provided by 
Statsbomb (Statsbomb 360 - see how we’re changing the game,  
2022). This positional data only included the positional infor
mation of players within the television broadcast camera’s 
range (Figure 1).

To assess the limitations of the dataset, all passing 
events were analysed to determine the number of players 
per frame Figure 2(a) and pass length Figure 2(b). As the 
average player count within each frame remained large 
(13.64), coupled with a small average pass distance (16.34 
metres), it may be concluded that the dataset contains the 
necessary information to capably model passing perfor
mance. In addition, as the aim of football is to progress 
the ball to the opposition goal, it could be concluded that 
the important positional context exists around the ball car
rier, which was captured by the dataset.

Initial data wrangling

The 2020/21 Premier League Season dataset was filtered to 
contain exclusively pass events. As football pitches vary 
slightly in length and width, the positional co-ordinates 
were converted to metres. This was achieved by scaling 
the co-ordinates according to the pitch dimensions. 
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Exclusion criteria for the dataset were passes whose out
come was not characterised as successful, unsuccessful or 
out of play; the initial pass from set piece situations (such as 
goal kick, corner kick, free kick and kick off); passes defined 
as a cross; passes played by goalkeepers (all of these events 
were coded by the data provider). The initial pass from a set 
piece was excluded because it is subject to no pressure and 
is not representative of a general free-flowing match situa
tion. Although the initial pass from set piece situations were 
excluded, the remaining passes that occurred within the 
same pattern of play, as determined by the data provider, 
were retained for analysis. Crosses were excluded as they 
are passes to a high threat area that provide a direct goal- 
scoring opportunity (Yamada & Hayashi, 2015), rather than 
directly to a player. Hence, crosses have a lower likelihood 
of completion and were judged to be unrepresentative of 
a general pass sample. Goalkeeper passes were also 
removed as the aim of this KPI was to assess the perfor
mance of outfield players only. All eligible passes were 
labelled as a turnover event if the pass outcome was out 
(ball goes out of bounds) or unsuccessful (ball does not 
reach a teammate and is still in play; label = 1), with all 
successful pass outcomes (ball does reach a teammate and 
is still in play) labelled as a non-turnover (label = 0). These 
labels served as the response variable in the statistical 

model which employed a logistic mixed model approach. 
The final dataset contained 256,433 passes from all 380 
matches in the 2020/21 English Premier League season.

Statistical analysis

The positional data enabled the identification of a) opposition 
players near the ball carrier and b) unmarked teammates in 
specified directions with respect to the ball carrier. In order to 
classify players’ proximity to the ball, three radii of increasing 
length were drawn around the ball carrier and the number of 
opposition players positioned within each radii calculated. 
These radii were named “pressure” radii, as the number of 
opposition players present in each represented the intensity 
of pressure that the ball carrier was subject to Figure 3(a). In 
addition, a teammate was considered available or unmarked if 
they had no opponent player within a radius of 2 metres. 
Teammates were then categorised based on four locations 
with respect to the ball carrier, which was previously imple
mented by Van Roy et al. (2021): left (−100 < degrees < −45), 
right (45 < degrees < 100), in front (−45 < degrees < 45) and 
behind (the remaining angle; Figure 3(b)). This resulted in four 
independent binary features for each pass (left option, front 

Figure 1. Limitation of the statsbomb 360 dataset (no positional information obtained from grey area). Frame taken during a successful passing action.

Figure 2. Distribution of a) number of players in frame (n), and b) pass length (m), for passes captured by the initial dataset.
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option, right option & back option), confirming if at least one 
teammate was unmarked within each location.

The event data enabled the selection of fixed effects fea
tures: ball location (x & y co-ordinate), ball progression (dis
tance ball moved & progression towards goal), ball speed, 
phase of play (play pattern name), pass angle and pass type. 
Passes from open play were categorised differently as one- 

touch passes from an interception or from a ball recovery 
(Table 1).

In order to account for the non-independence of each 
observation, random effects were included in the model using 
the random intercept method. Different player abilities, playing 
positions and match conditions lead to variation in pass com
pletion performance and hence the variables “player id”, 

Figure 3. Pitch displaying a) pressure radii of different sizes surrounding ball carrier, and b) compartmentalisation of pitch into four different segments with respect to 
the ball carrier.

Table 1. Description of features in the model.

Feature Definition Type Unit

Ball Carrier X Co-ordinate The x co-ordinate of the pass origin. Event Metres (m)
Ball Carrier Y Co-ordinate The y co-ordinate of the pass origin Event Metres (m)
Ball Movement Speed The speed of the pass, taken as the distance travelled divided by the time taken to get to it’s 

destination.
Event Metres per second 

(m/s)
Closest Defender The distance in metres the closest opposition player is to the ball. Event Metres (m)
Distance Ball Moved The distance in metres that the ball moved. Event Metres (m)
Pass Angle The angle in radians of the pass, calculated clockwise from 0 representing straight ahead, to π. Event Radians (rad)
Pass Type Name Passes were labelled to be from one touch pass from an interception or from a loose ball 

recovery. The remaining passes were labelled as normal.
Event Name

Percentage Increaes in Distance 
Towards Goal (Ball Progression)

The percentage increase in distance the ball moved towards the centre of the opposition goal. Event Percentage (%)

Play Pattern Name The phase of play relevant to the pass event including: throw-in, kick-off, goal kick, free kick, 
counter attack, corner kick. All remaining play patterns were labelled as regualr play.

Event Name

Three Pressure Radii The number of opposition players independently present within three radii of varying 
length surrounding the ball carrier.

Positional Count (n)

Unmarked Teammates Teammates that had no opponent player within 2 metres, across four different directions 
(options), were considered as unmarked.

Positional Binary (1 = marked, 
0 = unmarked)
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“playing position” & “match id”, respectively, were modelled as 
random effects in a cross-classified multilevel design. Playing 
positions were categorised into seven outfield groups: centre 
back, full back, wing back, defensive midfield, attacking mid
field, forward & winger. As some playing positions may have 
overlapping roles and hence can be difficult to differentiate, 
practitioner analysts were consulted to identify what forma
tions characterised these different positional groups from 
game to game (Table 2).

As many features were used, the Variance Influence 
Factor (VIF) was calculated to assess multi-collinearity. 
A generalised VIF (GVIF) was used as some features had 
greater than 1 degree of freedom (e.g., the different play 
patterns). In order to make the GVIF comparable across the 
different dimensions of the dataset, the GVIF^(1/(2*Df)) was 
inspected. None of these values exceeded 1.5, suggesting 
that considerable multi-collinearity was not present in the 
model (Johnston et al., 2018).

The model accuracy was determined by predicting pass 
turnovers which was learned from the training data (80% of 
initial dataset) and applied to the test data (remaining 20%). 
The motivation for using this 80/20 split was driven by the 
Pareto principle (Pareto, 1896), which states that 80% of the 
effect is driven by 20% of the causes. A decision boundary was 
applied, whereby prediction probabilities less than 0.5 were 
considered non-turnover events and those greater than 0.5 
were considered a turnover event.

Applications

The model was applied to a single, randomised match in the 
2020/21 English Premier League to demonstrate the model’s 
applications. During the game, the xPT values for all outfield 
players, including substitutes, for all passes was calculated. 
These values were averaged per player, and multiplied by 100 
to determine the expected turnovers per 100 passes of each 
player.

As some players repeatedly pass the ball backwards to 
teammates, whereas others perform more dangerous passes 
into advanced areas, it was important to consider xPT in the 
context of a ball progression or threat metric. The model was 
applied to all the centre backs that completed at least 25% of 
the minutes across the 2020/21 English Premier League Season. 
As different position groups were used as a random effect in 
the model, to enable a fair comparison, the centre back group 
was only used to demonstrate this proof of concept. Again, the 
xPT values were averaged per player, and multiplied by 100, to 
determine the expected turnovers per 100 passes of each 
player. The trade-off between pass OBV (Introducing on-ball 
value obv, 2022) and xPT performances were analysed to 

Figure 4. Log of Odds Ratios (circles) for all features in the model.

Table 2. Position group classification of centre midfield players.

Formation Initial Position Labelled Playing Position

4-4-2 Centre Midfield Defensive Midfield
4-4-1-1 Centre Midfield Defensive Midfield
4-2-2-2 Centre Midfield Defensive Midfield
4-2-3-1 Centre Midfield Defensive Midfield
4-3-2-1 Centre Midfield Defensive Midfield
3-4-3 Centre Midfield Defensive Midfield
3-4-2-1 Centre Midfield Defensive Midfield
3-4-1-2 Centre Midfield Defensive Midfield
4-1-2-1-2 Centre Midfield Attacking Midfield
4-3-3 Centre Midfield Attacking Midfield
4-5-1 Centre Midfield Attacking Midfield
4-1-4-1 Centre Midfield Attacking Midfield
3-5-2 Centre Midfield Attacking Midfield
3-5-1-1 Centre Midfield Attacking Midfield
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Figure 5. Normalised expected pass turnover (xPT) values obtained from a randomly selected match. Circles display xPT value, and the line ends display the actual 
turnovers suffered.

Figure 6. Scatter plot of player OBV (threat) vs. Expected pass turnovers (xPT) per 100 passes for centre backs.
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consider those players who improve their team’s goalscoring 
probability, yet frequently retain the ball more than expected.

Results

Model evaluation

All features had a significant association with a turnover event 
following a Wald Test and were plotted to inspect their respec
tive odds ratios (Figure 4). The speed at which the ball moved 
was the greatest predictor of a turnover event (Log OR 3.76), 
with a counter-attacking situation being the biggest predictor 
of a non-turnover event (or completing a pass) as indicated by 
its negative log odds ratio value (Log OR −1.47). With respect to 
the positional features, the availability of teammates to the left 
(Log OR −0.49) and right (Log OR −0.43) of the ball carrier had 
the largest impact in non-turnover prediction. Overall, the 
player random effect had the greatest variation in determining 
the pass turnover probability (σ2 = 0.08), whereas the playing 
position (σ2 = 0.03) and match (σ2 = 0.02) had a lower degree 
of variation.

Following training and test subset partitioning, the model 
achieved an accuracy of 0.85. The model was also subject to a 5 
K-Fold cross-validation procedure which matched these model 
values (0.85 accuracy for all folds), suggesting the model’s high 
accuracy and that the model was not prone to overfitting. 
A further method to determine model accuracy is the compar
ison of the true positive rate with the false-positive rate. The 
area under the receiver operator curve (ROC AUC) was calcu
lated at 80.1%, demonstrating that it was an excellent predic
tive model (Mandrekar, 2010).

The model was also evaluated with and without the 
positional features: pressure radii and availability of 
unmarked players. In addition, the model was further eval
uated with and without the random effects: “player id”, 
“playing position” and “match id”. Overall, the model inclu
sive of positional-fixed effects and random effects was more 
accurate (Log Loss 7.65; AIC 187,516; AUC 80.1), compared 
with the model without random effects (Log Loss 7.82; AIC 
190,243; AUC 78.8) & the model without both random 
effects & positional features (Log Loss 8.32; AIC 203,520; 
AUC 72.7). A significant (p < 0.001) Chi-square likelihood 
ratio test suggests an improvement in model accuracy 
when utilising the mixed model method, compared to the 
other naive models.

Applications

The average xPT value per 100 passes of individual players 
from a randomised match in the 2020/21 English Premier 
League was plotted (Figure 5). The players’ names were 
removed to preserve anonymity. In the below example, 
player 25 was expected to get turned over from ≈20/100 
or 20% of their passes (indicated by the circle). It was also 
possible to determine how frequently these players actually 
got turned over from their passes. Thus, player 25 got 
turned over for ≈40% of their passes (indicated by end of 
line). This demonstrates that player 25 lost the ball 20% 
more than expectation, given the passing scenarios that 

they were exposed to. Hence, it is possible to evaluate the 
pass completion performance of players relative to expecta
tion at the match-level, which can be utilised by practitioner 
performance analysts to evaluate a player’s passing 
performance.

The relationship between OBV (Introducing on-ball value 
obv, 2022) and xPT was analysed and plotted (Figure 6) for 
the centre back group. The players’ names were removed to 
preserve anonymity. Players existing in the top left of the 
figure represent centre backs who play passes that enhance 
their team’s chances of scoring, yet frequently retain 
possession.

Discussion

The aim of this study was to create a KPI that evaluates the 
likelihood of players losing possession of the ball through 
passing actions, using a combination of event and posi
tional data. Passing events were considered as they’re the 
most frequent event in football, representing more than 
80% of all events (Cintia et al., 2015). As greater possession 
implies greater team success (Hook & Hughes, 2001; Jones 
et al., 2004), evaluating pass completion may lead to cri
tical insight into positive team performance. This is what 
xPT achieves, as a player’s xPT performance can be inter
preted after a match and compared with expectation. This 
is more informative than interpreting a player’s pass com
pletion rate, which is a fraction of the total number of 
successful passes and total number of all passes a player 
makes. This is because different players occupy different 
pitch regions and play in different match conditions, which 
is accounted for in our model with the inclusion of “player 
id”, “positional group” and “match id” random effects 
respectively.

Although it is possible to evaluate passing retention 
through other methods such as a team passing networks 
(Ievoli et al., 2021), this approach may present many flaws. 
For example, although it is easy to identify strong passing 
links between players, many of these networks do not con
sider changes in formation or personnel that may occur 
throughout a game, and therefore the network will be 
skewed if players occupy different positions. In addition, 
they only portray information about successful passes and 
not those that are turned over. In contrast, xPT evaluates 
passing retention as it considers turnover events, yet also 
retains the spatial information of where each pass occurred 
despite alterations in players and personnel. In addition, the 
xPT metric advances on previous passing metrics that use 
event-data alone (Brooks et al., 2016), as it also combines 
positional features. The AUC score increased by 6.1 following 
the addition of positional features, indicating an improve
ment in model accuracy. This demonstrates the importance 
of using positional data to develop KPIs in football, as it can 
capture player positioning across the pitch, providing greater 
situational context which cannot be achieved when using 
event data alone. Furthermore, the model accuracy is 
improved with the addition of the random effects “player 
id”, “positional group” & “match id”. Whereas previous 
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methods have considered all passes existing within 
a homogenous group (Power et al., 2017), it was important 
to consider the substructure of the pass dataset in a mixed 
model approach.

The accuracy of our model is in line with those pre
viously published. Spearman et al. (2017) achieved an accu
racy of 80.5% after mathematically modelling the 
probability of passing success. A further method that 
assessed the risk-reward of pass decisions (Goes et al.,  
2022), achieved a prediction accuracy of 84.5% with their 
test-set. In the current study, an average prediction accuracy 
of 85% was achieved following a 5-fold cross-validation 
procedure, indicating that our model outperformed others 
in the field.

A further utility of xPT is that it can be used in combina
tion with outputs from possession value models. Whereas 
these models focus on how a pass action can enhance 
a team’s probability of scoring (xT; McHale & Scarf, 2007; 
Pappalardo, Cintia, Ferragina, et al., 2019; Rudd, 2011; Singh,  
2019), xPT can objectively quantify the pass risk, or how 
likely the pass is getting turned over. Hence, it is possible to 
identify players who play threatening passes, yet retain 
possession of the ball through their passing, as xPT reveals 
an additional layer of information with respect to a player’s 
passing habits.

Limitations and future work

Overall, this study was conducted on the event and positional 
data from the 2020/21 Premier League season. This was an 
unprecedented season, owing to disruptions caused by the 
COVID-19 pandemic and most notably, a lack of spectators at 
matches. To ensure reproducibility, a similar study should be 
conducted on a dataset originating from a non-disrupted sea
son. In addition, although important player positional informa
tion exists near the ball-carrier (particularly for pressure), the 
Statsbomb 360 (https://statsbomb.com/360-data/) dataset does 
not include positional data for players outside of the television 
broadcast camera’s range. Future studies should consider using 
full tracking data, to analyse positional patterns of players out
side the broadcast range. Additional future modelling work 
may consider turnover events other than passes such as from 
dribbles. These models could be combined, giving a more 
comprehensive understanding of turnover events in football.

Conclusion

In this paper, the Expected Pass Turnover (xPT) KPI was 
developed. Unlike previous KPIs that modelled goalscoring 
probabilities (VAEP; Decroos et al., 2019) and attacking 
progression (xT; Singh, 2019), this model considers the 
probability of passes getting turned over. The model fea
tures derive from a combination of event and positional 
sources, increasing the model accuracy (+6.1 AUC Score). 
Using this KPI, analysts can identify players that lose pos
session more often or not than expected from passing 
actions. This can be used at the practitioner level to eval
uate performance and meet pre-defined objectives. Going 
forward, this model can be applied to data from different 

seasons and leagues, to examine the variability of turnovers 
in football. Future studies may include the use of tracking 
data, which would grant positional information of every 
player present on the pitch rather than those players pre
sent within the broadcast camera frame. The accuracy of 
the model may improve further with the inclusion of more 
sophisticated model features such as pitch control 
(Spearman et al., 2017) to better evaluate the space 
afforded to each player.
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