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Abstract. Progressive passing in football (soccer) is a key aspect in creating positive possession outcomes. Whilst this is well
established, there is not a consistent way to describe the different types of progressive passes. We expand on the previous
literature, providing a complete methodological approach to progressive pass clustering from selection of the number of
clusters (k) to risk-reward profiling of these progressive pass types. In this paper the Separation and Concordance (SeCo)
framework is utilised to provide a process to analyse k-means clustering solutions in a more repeatable way. The results
demonstrate that we can find stable progressive pass clusters in International Football and their efficacy with progressive
passes “Mid Central to Mid Half Space” in build-up and “Mid Half Space to Final Central” into the final 3rd having the best
balance between risk (turnover) and reward (shot created) in the subsequent possession. This allowed for opposition profiling
of player and team patterns in different phases of play, with a case study presented for the teams in the Last 16 of the 2022
World Cup.
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1. Introduction

Sports analytics is a growing area of research
(Swartz, 2018), which has been defined as the pur-
suit of enhancing performance through data analysis
(Baumer, Matthews & Nguyen, 2023). The way in
which statistics enhances sports analytics is through
deciphering signal from noise (Lopez, Matthews &
Baumer, 2017). Specifically in football analytics (or
soccer), methods from advanced statistics in both
applied settings and research (Memmert, Lemmink
& Sampaio, 2017) has evolved to understand tactics
(Ötting & Karlis, 2022) and player evaluation (Bornn,
Cervone & Fernandez, 2018). This has been driven
in part by the evolution of technology to capture data,
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moving from manual collection of event data that pri-
marily describes on-ball actions to the use of camera
systems that can provide live tracking data including
the location of all players and the ball at 25 frames
per second (Bornn, Cervone & Fernandez, 2018).
This has concurrently led to an evolution in methods
from summary statistics and modelling techniques
to define playing styles (Fernandez-Navarro et al.,
2019), to new machine learning algorithms to quan-
tify the effects of passes and ball carries on expected
possession outcomes (Fernández, Bornn & Cercone,
2021) and space creation (Fernández & Bornn, 2018).

Football (soccer) analytics is a new discipline
that demands the application of methods from
advanced statistics in both applied settings and
research (Memmert, Lemmink & Sampaio, 2017).
There is a significant gap in the availability and
use of data collected by third party providers to
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generate spatiotemporal features relevant to football-
specific concepts and terminology. Filling this gap
will help coaches evaluate their team strategy from
insights through football analytics, made possible
from this wealth of data (Bornn, Cervone & Fer-
nandez, 2018). We believe that use of clustering
algorithms, which partition datasets into groups with
similarities across key features (Chambers et al.,
2013), will help us describe key tactical concepts that
are intuitive to coaches. However, when using cluster-
ing algorithms, there are concerns on the robustness
of the groups created. In this manuscript, we explore
the Separation-Concordance (SeCo) framework that
allows us to improve the repeatability of the clusters
generated from clustering algorithms (Chambers et
al., 2013). This framework developed and used in the
healthcare setting (Lisboa et al., 2013) can be applied
to make clustering algorithms both more robust and
repeatable, i.e., if multiple analyses were run inde-
pendently on the same data with the same clustering
methods, each of them would retrieve very similar
cluster solutions.

Progressive passing is a key area of research (Tenga
et al., 2010), however there has not been much lit-
erature on ways to define and describe the various
subtypes of these progressive passes. In this research
study, we seek to define progressive pass types by per-
forming k-means clustering using event data, with the
SeCo framework applied to enhance the repeatability
of the clusters found. We first describe the creation
of features using OPTA event data and explore the
structure of the dataset to provide the most robust and
repeatable progressive pass clusters. After identifying
progressive pass clusters, we explore the applications
of cluster allocation to create performance indicators
(Hughes & Bartlett, 2002) and to assess the efficacy
of each progressive pass cluster, i.e., the assessment
of balance between risk and reward.

2. Literature Review

Passing is the most frequent event in football (Xie
et al., 2020) and forward passing has shown to be the
most effective in disrupting the opposition defensive
shape (Goes et al., 2018). Penetrative passes are a
sub-set of these forward passes, which are a delib-
erate attempt to play the ball forwards and break a
unit in the opposition team shape (Tenga et al. 2010).
Tenga and colleagues investigated penetrative passes
and reported a positive correlation with penalty box
entries with a high degree of control.

Initial research using passing event data described
the frequency of passes and carries that started and
ended in discretised zones (Lucey et al., 2012), how-
ever such zone stratified frequency description meant
that similar passes that occurred across the bound-
aries of different zones were classified as distinct
passing types due to the pass starting and ending
in different zones. This work was further developed
by Power et al. (2017), where he and his colleagues
utilised synchronised tracking and event data to anal-
yse the risk and reward of each pass cluster (balance
between executing the pass vs creating a shot on goal
within 10 seconds). They included all passes that had
a reward of 6% or greater and clustered these passes
using k-means using start and end coordinates as fea-
tures. From this, 16 pass clusters were derived and
used to measure a passing style of a team, alongside
a risk-reward profile of each cluster.

The reward associated to a pass has been measured
in multiple ways including the number of opponent
players bypassed (Steiner et al., 2019), space creation
(Rein, Raabe & Memmert, 2017) and opposition
defensive disruption (Goes et al., 2018) caused by the
pass. However, the most common measure of reward
described in the literature is how a pass increases
shot outcomes in the possession subsequent to the
pass. In this study, we calculate the reward of pro-
gressive pass types by calculating the frequency of
shots created (Power et al., 2017), the expected goals
(xG) of these shots (Lucey et al., 2015) which is an
indicator of the quality of shot (Link, Lang & Seiden-
schwarz, 2016; Goes et al., 2022) and the proportion
of passes that lead to goals (Rein, Raabe & Memmert,
2017; Steiner et al., 2019; Anzer, Bauer & Brefeld,
2021). In terms of measurement of risk associated to
a pass, recent development has seen the introduction
of expected pass completion models for all available
options to the passer using tracking data (Spearman
et al., 2017; Anzer & Bauer, 2022). However, in this
study we calculate the risk as the actual observed
likelihood of not completing the progressive pass to
a teammate, which has been widely used (Power et
al., 2017; Goes et al., 2022).

3. Methodology

3.1. Data

Event data was extracted from 763 senior inter-
national football matches (competitive and friendly
internationals between 2017/2018 and the 2021/2022
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Fig. 1. A Histogram displaying the percent of distance to goal
covered from forward passes.

season). Opta was the provider of this data with
high inter-operator reliability in identifying primary
events, with kappa between 0.92 and 0.94 (Liu et
al., 2013). Traditional event data consists of on-ball
events such as passes and shots, their locations and
extra descriptive qualifiers of the events, such where
the event began — from a set play or a headed pass.

3.2. Defining progressive passes

Progressive passes in this study are defined as a
sub-set of passes that move the ball forward more than
a typical pass towards goal. More specifically, for-
ward passes were defined as passes with a pass angle
between –105◦ and 105◦ (determined by the start and
end x, y coordinates of the pass). Passes labelled as
a set play, cross or head pass (see Appendix A) and
in an arc between the 2 corners and through to the
edge of the box were excluded. We then calculated
the percentage distance towards the opposition goal
for each pass based on the start and end location.
The median percentage distance covered towards the
opposition goal amongst the forward passes was 20%
(see Fig. 1). Therefore, forward passes with a per-
centage distance of 20% or more were identified as a
progressive pass.

We further stratified progressive passes into two
groups that ended outside and inside the penalty box,
as penalty box possessions are seen as an unsta-
ble game state by English Premier League football

coaches (Kim et al., 2019) and these coaches set up
their teams’ defensive shape to prevent passes from
entering the penalty box.

3.3. Model features

Features were extracted and derived from Opta to
represent the location and trajectory of these progres-
sive passes; (1) start pass x co-ordinate, (2) modified
start pass y co-ordinate, (3) end pass x co-ordinate,
(4) modified end pass y co-ordinate, (5) pass distance
and (6) pass angle.

Both y coordinates were transformed, so passes
were effectively mirrored, i.e., If the y co-ordinate
was greater than 50, the value was subtracted from
100. Consistent with previous research (Anzer, Bauer
& Brefeld, 2021), we mirrored passes to avoid
duplicate symmetrical clusters, and to prevent asym-
metrical clusters.

modified starty = 100 − starty Where starty > 50

modified endy = 100 − endy Where endy > 50

Opta provides the x and y coordinates between
axes range from 0–100, so these coordinates were
further transformed to reflect typical pitch dimen-
sions (x-coordinates ranging between 0–105 and
y-coordinates ranging between 0–68).

startx =
(( startx

100
∗ 105

)
; starty =

( starty

100
∗ 68

))
and

endx =
((

endx

100
∗ 105

)
; endy =

(
endy

100
∗ 68

))

Furthermore, to differentiate passes that cross the
halfway line i.e., ‘Switch Play’, we included pass dis-
tance as a feature in addition to start and end x, y
coordinates. The pass distance was calculated from
the x, y coordinates prior to mirror transformation
using the Euclidian distance formula given below.

pass distance (d)

=
√

(endx − startx)2 + (
endy − starty

)2

(
startx, starty

) = start coordinates of the pass

(
endx, endy

) = end coordinates of the pass
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Pass angle was calculated to give information about
pass trajectory from the x, y coordinates prior to mir-
ror transformation using the formula below.

pass angle = abs

(
atan2 (Y,X) ∗

(
180

π

))

Where Y =
(
endy − starty

)
and X = (endx−

startx).
For analysis restricted to progressive passes that

ended inside the penalty box (where the endx loca-
tion is greater than or equal to 83 and the endy location
is between or equal to 21.1 and 78.9), the endx and
endy coordinates were not used as features, leaving 4
features in the analysis. This would give added impor-
tance to the trajectory of the pass for passes ending
inside the penalty box. Finally, these features were
scaled from 0 to 1 using a min-max standardisation
for each feature prior to performing k-means.

3.4. Statistical analysis

The data was extracted and stored in Google Big-
Query, with further pre-processing performed in R
Statistical Software (v4.0.5; R Core Team 2021).
We utilised multiple packages including bigrquery
(v1.14.1) for data extraction, Tidyverse (v2.0.0), caret
(v6.0-93) and FNN (v1.1.3.1) for data preparation
and final feature development. To create the elbow
plot, both the cluster (v2.1.4) and factoextra (v1.0.7)
packages were required, and finally data visualisation
was carried out using ggplot2 (v3.4.1) and ggsoccer
(v0.1.7). Finally, k-means clustering analysis within
the SeCo Framework was performed in MATLAB
(R2021b 9.11.0.176996).

3.5. K-Means pros and cons

K-means is one of the widely used clustering meth-
ods to find latent structures within a large dataset
(Lisboa et al. 2013). The major benefit of k-means
remains in its simplicity in how data points are
assigned to the clusters, by finding the centroid of
the cluster with the nearest Euclidian distance. This
makes the results found interpretable to the end user,
which will have major benefits to describing these
progressive pass clusters to a coach. However, there
are major issues with the k-means algorithm, that
affects the reproducibility of the clusters found. As
the k-means algorithm is strongly dependent on the
random initialised starting point (Steinley 2006), the
running of the algorithm multiple times using the

same data is likely to lead to differing results. Whilst
this issue can be minimised by determining the “opti-
mal” number of clusters (k), commonly used methods
such as the “elbow” plot to determine k have poor per-
formance in maximizing reproducibility (Haslbeck
& Wulff, 2020). This meant that the traditionally
obtained “optimal” solution using the elbow plot is
unable to find the same latent structures within a
dataset and reproduce the same cluster centroids,
casting doubt on the validity of the clustering solution
achieved.

3.6. SeCo framework procedure

To overcome this issue, we utilise the Separation
and Concordance (SeCo) framework, first developed
by Lisboa et al. (2013) and compare these results
to the “elbow” method. The separation measure is
used to identify well-separated k-means solutions and
the concordance measure is used to identify the most
repeatable k-means solution from many k-means can-
didate solutions, obtained from bootstrapping. This
framework looks to reduce the dependence on the
random initialisation of the k-means algorithm by
choosing a stable and well-separated partition from
hundreds of potential k-means implementations. The
Concordance measure used was Cramér’s V-index,
which is a measure of association between two cluster
solutions. The Separation measure used was within-
cluster sum of squares using the Euclidian distance
measures. The resulting analysis produced a two-
dimensional plot of Concordance and Separation
for the top 10% candidate solutions (determined by
their separation) for each k, which allows us to see
the repeatability of k-means when changing k. Full
details for the SeCo framework and associated for-
mula for creating these measures can be found in the
seminal paper (Lisboa et al. 2013).

The SeCo framework is not to be used to deter-
mine a single value of k, but to highlight the k
values of interest (Chambers et al. 2013). It deter-
mines values of k where separation of clusters is
robust, but stability of cluster separation is observed
through multiple iterations of varying random ini-
tialised starting points. These highlighted solutions
then require further analysis and domain expertise to
explore and validate these solutions, before selecting
k. The top two solutions with the highest separation
were selected from the solutions where a high level
of concordance was achieved. We then created cross-
tabulations of the assigned passes between these top
two cluster solutions to understand how clusters are
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re-assigned when k changes. Then we utilise domain
knowledge of opposition analysis processes to deter-
mine whether the additional progressive pass clusters
found provides a greater level of tactical detail or
creates duplicates clusters (by assessing the visual
representation of the progressive passes clusters),
therefore reducing the interpretability of the result.

4. Results

After applying the inclusion and exclusion criteria
described in the methodology to extract progres-
sive passes, a total of 127,159 progressive passes
were included for the analysis. These were stratified
into two datasets of (1) 110,565 progressive passes
that ended outside the penalty box and (2) 16,594
progressive passes that ended inside the penalty
box.

4.1. Determination of k from SeCo framework

Separation-Concordance plot or the SeCo map
obtained from the SeCo framework applied on the
dataset of progressive passes ending outside the
penalty box is shown in Fig. 2A. The figure suggests
that after k = 15 there is large drop in concordance
which does not recede back. Initially the top 10%
of k-means solutions where k ranges from 2 to 14
showed almost perfect concordance (Crameérs V-
index ∼1) between their centroid values. This slightly
drops when k is 15, with a median concordance value
of 0.98 (0.97–0.99). Therefore k = 14 was selected as
a value of interest and was compared to k = 13, to
see if k = 14 provided greater separation, and thereby
greater tactical insight. In comparison, the “elbow”
method used to determine optimal k shows k = 10
as the ”elbow point”, where the total within sum of
squares stops decreasing rapidly (see Fig. 3A).

Figure 2B tabulates the percentage of member-
ship of each pass ending outside the penalty box for
the 13-cluster solution against the 14-cluster solu-
tion. This shows how the 13-cluster solution maps
onto the 14-cluster solution, as cluster 1a (Goalkeeper
(GK) Central to Mid Central) in the 13-cluster solu-
tion splits into 2 clusters 1a and 1b (GK Central to
Mid Half Space (44.89%) and Def Central to Mid
Central (54.42%)). We can further understand this by
looking at the visual representation of the progressive
passes for both the 13-cluster solution (Fig. 2C) and
the 14-cluster solution (Fig. 2D). The remaining 12
clusters display similar centroid values and identical

naming between the 13- and 14- cluster solutions,
retaining 95.95% (89.4 to 98.76) of passes.

The SeCo map from the framework applied on
the dataset of progressive passes ending inside the
penalty box is shown in Fig. 4A, showing minimal
within-cluster variation for k ranging from 2 to 8.
In addition to these models, models with k values
of 10 and 12 represent a high degree of repeatabil-
ity with a concordance value near 1. Furthermore,
the figure shows some degree of repeatability and
stability in concordance value when k is 9, 11 and
13 to 18. Amongst the k values with stable con-
cordance, k = 16 exhibits the best solution (with the
highest concordance value). Overall, the SeCo frame-
work shows us that k = 10, 12 and 16 are interesting
solutions to investigate further to understand whether
the greater separation provided by higher values of
k are meaningful or not from a tactical perspective.
In comparison the “elbow point” in Fig. 3B occurs
where k = 7.

Based on visualisation of the progressive pass
types observed with higher values of k [k = 12 and
k = 16] (Fig. 4C and 4D), we see that both the
solutions contain potentially duplicate or extremely
similar clusters which have been assigned the same
name. For example, pass type ‘Final Half Space to
PB 2nd 6 Yd’ and ‘Final Wide to PB Wide 2nd 6 Yd’
are extremely similar clusters, and tactically can be
grouped together. Whilst these models [k = 12 and
k = 16] are stable, splitting the data into a greater
number of clusters does not reveal distinct pro-
gressive passing types from a tactical perspective,
therefore we reject both k = 12 and k = 16 in favour
of a more parsimonious model (k = 10) (Fig. 4E). A
cross-tabulation comparing the membership of passes
in the 10-cluster solution versus the 12-cluster solu-
tion (Fig. 4B) shows us how the 10-cluster solution
bifurcates 2 clusters into 4 similar clusters. For the
remaining 8 clusters in the 10-cluster solution, we
see 82.68% (68.73% to 94.21%) of the passes are
represented in the equivalent cluster in the 12-cluster
solution.

4.2. Risk-reward profiles

For both the 14-cluster and 10-cluster solutions
observed as optimal solutions from the SeCo frame-
work for progressive passes ending outside and inside
the penalty box respectively, we computed the risk-
reward profile (Table 3). For progressive passes
ending outside the penalty box, “Mid Central to Mid
Half Space” and “Mid Half Space to Final Central”
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Fig. 3. [A] A Seperation-Concordance (SeCo) plot for progressive passes ending outside the penalty box; [B] A cross-tabulation showing the membership proportion of the 13-cluster solution
present in the 14-cluster solution; [C] A plot displaying the most representative (dark grey) and randomly sampled (light grey) passes within the 13- cluster solution for International Matches.; [D]
A plot displaying the most representative (dark grey) and randomly sampled (light grey) passes within the 14-cluster solution.
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Fig. 4. [A] A Seperation-Concordance (SeCo) plot for progressive passes ending inside the penalty box; [B] A cross-tabulation showing the membership proportion of the 10-cluster solution
present in the 12-cluster solution [C] A plot displaying the most representative (dark grey) and randomly sampled (light grey) passes the 12-cluster solution for International Matches; [D] A plot
displaying the most representative (dark grey) and randomly sampled (light grey) passes within the 10-cluster solution.
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Fig. 5. A plot displaying the most frequent penalty box entry (grey), final 3rd entry (dark grey) and build up (light grey) progressive passes
(most representative pass on the left, right or both shown only) for each team reaching the last 16 of Qatar 2022 World Cup.

had the best balance between risk and reward, with
a risk of 26.3% and 29.9% respectively and a reward
of 17.7 and 19.8% respectively. Both these pass types
represent a risk to reward ratio of ∼1.5. For progres-
sive passes inside the penalty box, “Final Central to
PB Central 1st 6 Yd” had the greatest reward with
a shot created in 33% of the possession sequences
and an average xG of 0.18. However, these progres-
sive passes came at a greater risk, with a turnover
percentage of 49%.

4.3. Case study

These progressive pass clusters can be utilised
to find patterns across teams to determine progres-
sive passes used with greatest frequency (Bekkers &
Dabadghao, 2019) and to determine the efficacy of
these passes from subsequent possession outcomes
(Power et al., 2017) against competition benchmarks.
Applying a similar methodology employed in the

aforementioned studies to the analysis of game data
of teams that reached the last 16 of the World Cup,
we can identify distinct strategies across teams (see
Fig. 5). This can range from the most common pro-
gressive passes observed amongst these teams in
different phases of the game (build up within the
team’s own half, entering the final 3rd and entering
the penalty box) and whether there was a bias in terms
of the side of the pitch (left, right or central) used for
different progressive pass types.

We see that France implements progressive passes
that had a bias towards the left side of the pitch when
trying to enter the final 3rd or penalty box (see Fig. 5)
with Kylian Mbappé and Theo Hernández receiving
most of these successful progressive passes. Whilst
in build-up play, the progressive pass type “Mid Wide
to Mid Wide”, France implements a more balanced
approach finding both Kylian Mbappé and Ousamane
Dembélé on left and right sides respectively. In con-
trast Argentina enter the final 3rd more centrally with
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Lionel Messi and Alexis McAllister receiving major-
ity of “Mid Half Space to Final Central” progressive
passes. They also enter the penalty box most pre-
dominantly using “Final Central to PB Central 1st 6
Yd”, which we have seen is the progressive pass with
greatest efficacy in terms of creating shots and led
to 2 goals for Argentina during the World Cup. This
location of pass is described as zone 14 by Herold
et al., (2019), which has similarly shown to increase
goal-scoring opportunities (Brooks, Kerr & Guttag,
2016).

5. Discussion

5.1. Research and main findings

The aim of the study was to introduce and apply
the SeCo framework, for the very first time in sports
analytics, particularly in football analytics, to per-
form clustering that allowed us to define progressive
pass methods with a high degree of validity. K-means
analysis was used to find the different structures of the
progressive passes, and the SeCo framework allowed
us to explore how these progressive pass clusters
breaks down into granular clusters of progressive
passes as we try to increase k. Furthermore, the SeCo
framework allowed us to identify the optimal solu-
tions (with the optimal number of distinct pass type
clusters). The solutions were then mapped against one
another to identify pass structures that were unique
or duplicate within the higher k solution. Duplicate
structures arising with increasing k was identified in
this study with domain knowledge and expertise, and
the aid of visual representation of the progressive pass
types.

The strength of the SeCo framework employed in
this study is that it provides a repeatable cluster-
solution utilising a large dataset. In contrast to
comparator method using the “elbow” plot, the SeCo
framework suggested using a higher value for k and
therefore revealed a greater number of progressive
pass types, whilst retaining the robustness of the
overall solution. From the cross-tabulations of clus-
ter allocations compared between cluster solutions
when k = 13 and k = 14, we observe the stability of
both the solutions, and how the cluster “GK Central
to Mid Central” split into two, to reveal another dis-
tinct progressive pass type - “GK Central to Mid Half
Space”.

We also found that of the progressive passes end-
ing outside the penalty box in the defensive and
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middle 3rd, the most effective progressive passes orig-
inated in central areas. This was also the case for
progressive passes ending inside the penalty box.
More specifically, the greatest efficacy of progressive
passes originating in central areas was for those that
ended in wide areas of the penalty box. But this led to
a sacrificed chance quality, i.e., mean xG per shot was
lower than progressive passes that ended in central
areas of the penalty box. Progressive passes entering
the penalty box originating from deeper areas cre-
ated a higher chance quality, but lower shot creation
and a higher turnover rate, making this an ineffective
strategy. It should be noted that a limitation in these
findings is that we do not know the intended target
and location of passes that are not received by a team-
mate. Therefore, this leads to a dilution of the efficacy
of passes entering the penalty box from deeper areas,
due to passes being overhit and running through to
the goalkeeper.

5.2. Research in the context of existing literature

The k-means clustering employed in our study
aligns with the methodology used by Power et
al. (2017), However, in this study, we report a
detailed methodology on feature selection, use of
SeCo framework to explore various k of interest, and
mapping of the solutions with various k of interest, to
find the most optimal solution. In this study, feature
selection allowed us to group symmetrical passes into
the same cluster to prevent duplicate symmetrical
clusters, allowing us to find more distinct clusters,
and improve the interpretability of the final solutions.
The interesting observation from the risk-reward
profiles conducted for this study - that passes origi-
nating in the final 3rd were most effective in creating
shot opportunities concurs with observation from the
study by Power et al. (2017). The stratification of clus-
tering by progressive passes ending outside and inside
the penalty box can be justified from the observation
in Table 2, as we found that progressive pass types
ending inside the penalty box had overall greater
efficacy (Goal %) than progressive pass types ending
outside the penalty box. In contrast to our findings, the
Power et al. (2017), study did not find any progressive
pass cluster that ended inside the penalty box. This
is likely because (1) they did not stratify the data into
passes ending inside and outside the penalty box, (2)
they did not perform a mirror transformation of the
some of the features such as the start and end coordi-
nates. This meant that progressive passes entering the
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Table 3

A table showing the frequency of progressive pass clusters and their associated risk-reward profile (outcomes)

Cluster name

Progressive Passes Ending Outside Penalty Box n (%) Ball Loss (%)1 Shot (%)2 xG per Shot3 Goal (%)2

1a. GK Central to Mid Half Space 1720 (5.0%) 74.9% 4.2% 0.13 0.9%
1a. GK Central to Mid Wide 2120 (6.1%) 49.3% 5.2% 0.14 1.1%
1b. Def Central to Mid Central 2043 (5.9%) 37.2% 7.8% 0.15 1.1%
1b. Def Central to Mid Wide 1031 (3.0%) 39.7% 8.2% 0.16 1.8%
1b. Def Wide to Mid Half Space 1987 (5.7%) 52.0% 8.0% 0.13 1.0%
1b. Def Wide to Mid Wide 1923 (5.5%) 58.8% 4.1% 0.15 0.9%
2a. Mid Half Space to Final Wide 2349 (6.8%) 26.7% 16.1% 0.14 2.0%
2a. Mid Half Space to Mid Half Space 2665 (7.7%) 26.6% 12.8% 0.14 2.3%
2b. Mid Wide to Mid Wide 2976 (8.6%) 42.6% 7.4% 0.15 1.5%
2b. Mid Central to Mid Half Space 1785 (5.1%) 26.3% 17.7% 0.14 2.9%
2b. Mid Half Space to Final Central 2747 (7.9%) 29.9% 19.8% 0.14 3.6%
2b. Mid Half Space to Final Wide Diagonal 1399 (4.0%) 32.5% 14.9% 0.14 2.8%
2b. Mid Wide Final Half Space 2470 (7.1%) 30.9% 15.5% 0.14 3.3%
2b. Mid Wide to Final Wide 2707 (7.8%) 26.9% 15.9% 0.15 2.5%
Progressive Passes into Penalty Box
1. Def Central to PB Wide 1st 6 Yd 291 (0.8%) 81.1% 7.9% 0.24 2.1%
1. Def Wide to PB Wide 1st 6 Yd 256 (0.7%) 86.7% 5.9% 0.14 2.3%
2. Mid Half Space to PB Wide 2nd 6 Yd 409 (1.2%) 64.5% 16.1% 0.17 2.7%
2. Mid Half Space to PB Wide 2nd 6 Yd Across 417 (1.2%) 54.7% 24.5% 0.15 2.9%
2. Mid Wide to PB Wide 2nd 6 Yd Across 411 (1.2%) 70.8% 16.1% 0.20 4.1%
3. Final Central to PB Central 1st 6 Yd 467 (1.3%) 49.0% 33.0% 0.18 5.1%
3. Final Central to PB Wide 1st 6 Yd 623 (1.8%) 38.4% 32.4% 0.16 6.7%
3. Final Half Space to PB Central 1st 6 Yd 461 (1.3%) 60.3% 30.4% 0.18 6.9%
3. Final Half Space to PB Wide 2nd 6 Yd 802 (2.3%) 34.8% 28.7% 0.18 6.2%
3. Final Wide to PB Wide 2nd 6 Yd 664 (1.9%) 34.9% 23.8% 0.17 3.2%
1progressive passes that were unsuccessful. 2progressive passes that led to a shot/goal in the possession. 3average xG value of shots created
in the possession.

penalty box in their study are represented in a cluster
where the centroid value ends outside the penalty
box.

5.3. Implications for future research

With the wide availability of tracking data through
computer vision (Bornn, Cervone & Fernandez,
2018), future research should expand on our approach
utilising tracking data, allowing spatio-temporal fea-
tures to be created in relation to the opposition
defensive shape. This would allow us to detect and
describe penetrative passes, which are passes towards
goal going past an opponent player (Tenga et al.,
2010). Fernández, Bornn and Cervone (2021) have
laid the groundwork for this research by detect-
ing opposition defensive lines by clustering the x
co-ordinate. Development of a comprehensive rules-
based methodology in this area of research would aid
standardised evaluation of penetrative passes.

5.4. Practical implications

For Researchers: The SeCo framework can be
applied to other clustering problems in football to

determine k of interest and create clusters in a system-
atic and repeatable way. Also, the code available in
this Github repository allows reproducibility of these
progressive pass clusters for further areas of research
in different phases of play.

For Practitioners: The progressive pass clusters
in combination with their risk reward profiles gen-
erated in this study can be used: (1) to create
performance indicators on team style and efficacy
in comparison to competition benchmarks and (2) to
perform opposition analysis to understand the types
of progressive passes that are made and received
by opposition players and relationships between
players.

6. Conclusion

The SeCo Framework for k-means clustering has
provided us with a robust and superior method in
identifying progressive pass clusters in comparison
to commonly used methods to determine the optimal
number of clusters. These progressive pass clusters
have been shown to have multiple applications in
evaluating teams’ style of play and efficacy amongst
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wide ranging practical implications for both sports
analytics practitioners and researchers.
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Appendix A

Provider Event Type

OPTA Set Play Pass When a player takes a goal kick, free kick, corner or restart.
Head Pass A pass that is made with a player’s head
Cross A ball that is played in from wide areas into the penalty box

OPTA event x, y
locations with internal
definitions applied

Forward Pass A pass angle between 105◦ to –105◦ towards goal
Progressive Pass A forward pass that travels 20% closer to goal and at least 5 m forward and

excluding set play passes, crosses, head passes and passes that start in the
opposition penalty box


