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Reliability of spatial-temporal metrics used to assess collective behaviours in

football: an in-silico experiment
Martin Corsie and Paul Alan Swinton

School of Health Sciences, Robert Gordon University, Aberdeen, UK

ABSTRACT

Background: The purpose of this study was to investigate the reliability of spatio-temporal measure-
ments applied within collective behaviour research in football.

Methods: In silico experiments were conducted introducing positional errors (0.5, 2 and 4 m) represen-
tative of commercial tracking systems to match data from the 2020 European Championship qualifiers.
Ratios of the natural variance (‘signal’) of spatio-temporal metrics obtained throughout sections of each
game relative to the variance created by positional errors (‘noise’) were taken to calculate reliability. The
effects of error magnitude and time of analysis (1, 5 and 15 mins; length of attack: <10, 10-20, >20 s) were
assessed and compared using Cohen’s f* effect size.

Results: Error magnitude was found to exert greater influence on reliability (f> = 0.15 to 0.81) compared
with both standard time of analysis (f> = 0.03 to 0.08) and length of attacks (f> = 0.15 to 0.32).
Discussion: The results demonstrate that technologies generating positional errors of 0.5 m or less
should be expected to produce spatio-temporal metrics with high reliability. However, technologies that
generate errors of 2 m or greater may produce unreliable values, particularly when analyses are
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conducted over discrete events such as attacks, which although critical, are often short in duration.

Introduction

Player tracking has become a staple of performance analysis in
elite team-based sports(Buchheit and Simpson 2017) and has
traditionally been used to help coaches understand the physi-
cal demands and activity profiles of players(Cummins et al.
2013; Sarmento et al. 2018). However, a focus on individual
and physical outputs provides limited information regarding
the overall functioning of the team. Consequently, collective
behaviour metrics quantifying team behaviour and decision-
making have emerged as an alternative application of player
tracking data. In team sports, this is commonly achieved by
Global Positioning Systems (GPS), semi-automatic video track-
ing and radio-based local position measurement systems. The
information obtained provides players’ position in space at
relatively high frequencies (e.g., 1 to 45 Hz) and hence is
referred to as spatio-temporal data and has the potential to
describe collective behaviour (Low et al. 2020). A range of
sports have been explored (Sampaio and MacAs 2012;
Gongcalves et al. 2016, 2019; Moura et al. 2016; Laakso et al.
2017); however, one of the most popular to apply collective
behaviour metrics is football, where the complexity of the
game and relatively low scoring opportunities has limited the
success of traditional performance analysis methods such as
frequency analysis in understanding team behaviour (Sarmento
et al. 2018). A range of potential applications have been pro-
posed for spatio-temporal data including talent identification
(Low et al. 2020), evaluation of complex decisions made by
players (Steiner et al. 2019), development of youth players
(Barnabé et al. 2016), enhanced training sessions through

constraint manipulation (Silva et al. 2014b), and even providing
live data to inform coach decision making during matches
(Clemente et al. 2013). However, extensive theoretical and
practical development is required before approaches are
widely used within football teams.

Only recently has research investigating spatio-temporal
data and associated team collective behaviours in football
been systematically reviewed. Low et al. (2020) created
a taxonomy with 6 categories to delineate the most common
spatio-temporal metrics reported. Four of these categories con-
sidered tactical variables describing characteristics of player
and team organisation. These categories included position,
distance, space, and numerical relations that referred to coor-
dinate location, distances between positions, team dispersion
and areas of superiority or inferiority, respectively. The remain-
ing two categories (synchronisation and predictability) identi-
fied by Low et al. (2020) represent non-linear methods used to
analyse metrics from the first 4 categories. Low et al. (2020)
identified 27 distinct tactical metrics presented in research
investigating collective behaviours in football with spatio-tem-
poral data. However, this categorisation might fail to account
for subtle differences between metric calculations that may
ultimately influence findings and practical applications.

In addition to the large number of spatio-temporal metrics
and analysis methods that can be applied, previous research
also varies substantially in the approaches used to process and
report analyses including team structure (e.g., dyads, sub-
groups, the team or across both teams), different periods of
competition (e.g., every 5 or 10 minutes, per half, or full game),
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or according to different game scenarios (e.g., all play, contin-
uous play, attacks, or successful attacks). Generally, researchers
have recorded metrics at high frequencies and summarised
values through means and standard deviations over a range
of time intervals including 30 seconds (Clemente et al. 2018),
5 minutes (Moura et al. 2013, 2016), 10 minutes (Moura et al.
2012) and 15 minutes (Duarte et al. 2013; Gongalves et al. 2018).
Statistical analyses are then frequently performed by compar-
ing samples across independent variables that may indicate
expertise such as age (Olthof et al. 2015; Barnabé et al. 2016;
Aquino et al. 2016a; Menuchi et al. 2018). The most common
metrics analysed using this approach include those describing
behaviour at the team level such as team centroid (Frencken
et al. 2011; Moura et al. 2012; Barnabé et al. 2016; Castellano
et al. 2016; Praca et al. 2016; Olthof et al. 2019), surface area
(Baptista et al., 2020; Frencken et al. 2011, 2013; Travassos et al.
2014; Aquino et al. 2016b; Castellano et al. 2017) and stretch
index (Bartlett et al. 2012; Frias 2014; Silva et al. 2014a; Olthof
et al. 2019). Alternative approaches have included calculation
of samples across discrete sequences within games such as
attacks. This approach has often featured in small-sided
games (SSGs) or sub-phases of full games to analyse 1v1 or
2v1 situations with metrics calculated at the dyad level
(Headrick et al. 2012; Leser et al. 2015; Laakso et al. 2019).
Data processing strategies restricting analyses to the longest
attacks (Chung et al. 2019) or successful attacks (e.g., posses-
sion resulting in a shot or goal) (Bartlett et al. 2012; Moura et al.
2016; Shafizadeh et al. 2016) have also been used in attempts to
assess behaviours over patterns of play that are deemed most
meaningful. Clear processes and guidelines have yet to be
established due to the developing nature of the research topic.

An important preliminary concern that is yet to be
addressed with analysis of spatiol-temporal metrics is reliability
given errors in positional data. Where reliability has been dis-
cussed previously, this has been restricted to errors in indivi-
dual players’ x-y position that has been shown to range from 2
(Frencken et al. 2010) to 470 cm (Siegle et al. 2013). However,
the extent to which these individual position errors influence
reliability of specific collective behaviour metrics is unknown.
Moreover, it is important to determine the effects of data
processing approaches such as analysis over different time
periods versus analysis across specific game scenarios on relia-
bility. Given the intrinsic nature of variability in dynamic sys-
tems such as collective behaviours in football, general
conceptions of reliability as the ratio of variances representing
signal relative to noise (Hdmmerer et al. 2013; Lacome et al.
2019; Ryan et al. 2020) are required to establish the influence of
positional errors. For common approaches to be appropriate,
the variance induced by positional errors should be substan-
tively lower than variance exhibited by metrics across the
analysis framework selected (e.g., time or specific game scenar-
ios). An efficient and powerful method to investigate reliability
is through in silico experiments where positional errors can be
systematically introduced and manipulated to reflect expected
errors based on current technology. Variance caused by this
manipulation can be compared to variance across different
frameworks and the reliability quantified. Therefore, the pur-
pose of this study was to provide a novel reliability assessment

of common spatio-temporal metrics used in football and assess
the potential moderating effects of procedures such as time
periods and game scenarios selected to perform calculations.

Methods
Data collection

Data were collected from seven competitive international
matches during the UEFA European championships 2020 qua-
lifying stage. The data comprised player x-y position informa-
tion gathered at 25 Hz using the TRACAB optical tracking
system (Chyronhego, New York). Player coordinates from both
teams were recorded longitudinally from —5250 to 5250 cm
and laterally from —3400 to 3400 cm and were subsequently
transformed into metres. Additionally, time-stamped event
data were tagged separately and integrated to identify how
the attack started and ended and which team was in
possession.

Study protocols

Eight frequently investigated spatio-temporal metrics were
selected, comprising two metrics per category identified by
Low et al. (2020). The metrics included centroid, and
centroid, (position), distance between team centroids and
team length (distance), surface area and team spread (spaces),
length per width ratio and space control (numerical relations).
Analyses were performed on samples generated across prede-
termined time intervals (1, 5, or 15 minutes) and across posses-
sions separated by the attacking team. Three criteria were used
to identify the start of possessions: (i) where a player takes three
consecutive touches of the ball, (i) a player makes a successful
pass to a teammate, or (iii) a player takes a shot (Santos and
Lago-Penas 2019). A possession lasted until the ball went out of
play or the opposition recovered the ball.

Centroid coordinates were calculated using the following
equation:

M

N

Centroidy., (t) = <Z:V psi(t) 7 vall\’lyi(t)) .

where N is the number of outfield players in the team and
Pxi(t), pyi(t) represent the x-y position of player i at time t (t).
The radial distance between centroids was calculated as

Distance between centroids(t) =

VIXC(0), = xC(0),) + (vC () — yC(0),)2-
(2)

where C(t), and C(t),, refer to the centroid coordinate of team
a and b, respectively. The team length was calculated as the
maximum distance along the x-axis between two outfield
players in a team.

Surface area was calculated by creating a convex hull
around the outfield players of each team and calculating the
area inside (Palucci Vieira et al. 2019). Team spread was



measured by calculating the Euclidean distances between all
outfield players, arranging the values in a 10 by 10 matrix. The
Frobenius norm was calculated using the lower triangular
matrix as shown in the following equation :

N N oo
Zi:1 Zj:l 151

where [ is the distance between each pair of teammates and N
is the number of outfield players (Moura et al. 2016). The length
per width ratio (LPW) was calculated as the ratio of team length
(maximum distance between teammates in the x direction)
relative to the team width (maximum distance between team-
mates in the y direction).

Space control was measured using Voronoi cell computa-
tions that identify the area on the pitch closest to each indivi-
dual. This describes a player's dominant region, where space
control equals the ratio of the sum of team a’s dominant
regions relative to the sum of team b’s dominant regions.

A set of pilot analyses were conducted comparing the relia-
bility values obtained when using data collected at 1, 15 and
25 Hz on reduced sample sizes. Trivial differences in reliability
values were obtained such that full analyses were conducted
with data reduced to 1 Hz to lower computing requirements.
These data were used to calculate the ‘natural variance’ in
metrics (e.g., signal) reflecting the amount of change across
time. To complete the in silico experiments, positional errors
were added to each players’ x-y position at each time recording
(e.g., noise). Positional errors comprised random draws from
a Gaussian distribution with a mean of 0 and standard deviation
selected to represent the typical error magnitude of positional
tracking equipment. Three error magnitudes were selected
(small, medium, and large) equal to 0.5, 2 and 4 m (Frencken

3)

|| Team spread(t)||r =
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et al. 2010; Ogris et al. 2012; Siegle et al. 2013; Linke et al. 2018,
2020). The process of adding positional errors to all players
positional data was completed 1,000 times, such that metrics
were calculated on the actual game data and across 1,000 in
silico experiments. A schematic overview of the entire in silico
approach is illustrated in Figure 1. Reliability values were calcu-
lated at each instance of the analysis framework selected (e.g.,
time period or game scenario) by comparing the variance in the
metric across time from within the raw data (e.g., signal), rela-
tive to the variance in the metric between the in silico experi-
ments (e.g., noise). Reliability was calculated as the within
variance relative to the total variance (within + between) pro-
viding a value between 0 and 1. Values higher than 0.909 were
deemed highly reliable (Beltrame et al. 2020).

Statistical analysis

For each metric, the effects of error magnitude (0.5, 2 and 4 m)
and time of analysis (playing time: 1, 5 and 15 min; attack
duration: short [<10 s], medium [10-20 s], long [>20 s]) were
evaluated by fitting mixed effects beta-regression models with
reliability values as the dependent variable and random effects
fitted to each game to account for covariance of values made
within the same match. Analyses were conducted using the
glmmTMB package in R (Brooks et al. 2017). Cohens * effect
sizes for mixed effects models were used to quantify and
compare the influence of each independent variable
(Nakagawa and Schielzeth 2012), with threshold values of
0.02, 0.15 and 0.35 used to categorise effects as small, medium
and large, respectively. To quantify uncertainty in estimates,
bootstrapping at the match level was conducted with 95%
confidence intervals calculated from the respective bootstrap
sample (n = 1000) quantiles. The structure in the data was

Real match data

2 m error

4 m error

In silico match data
comprising 1,000 iterations

iti Distance Numerical . )
Fosition Space telations Calculate within variance (wv)

Distance to
centroid

Centroidx Surface area

centroid, Team spread

Length

LPW ratio

Space control

and between variance (bv)

|

min intervals

Analysis across 1, 5 and 15

Reliability =

!

bv+wv

Cohens /*

Analysis across attacks (short
<10s, mid 10-20s, long =>20s)

Error magnitude

Time difference (fixed
intervals)

Time difference (attack

Figure 1. Schematic of the in silico experiment process.

duration)
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Table 1. Mean (standard deviation) reliability values pooled across metrics and
presented by error magnitude and time grouping.

error 1 minute 5 minutes 15 minutes

0.5 0.984 (+0.027) 0.992 (+0.012) 0.992 (+£0.012)
2 0.865 (+0.136) 0.924 (+0.077) 0.936 (+£0.062)
4 0.706 (+0.215) 0.811 (£0.155) 0.836 (+£0.13)

investigated through calculation of variance partition coeffi-
cients (VPCs) that compared the variance associated with the
random intercept from each game relative to the residual
variance. All VPCs, however, were below 0.002 indicating mini-
mal structure related to the individual games.

Results

An initial overview of the results was obtained by aggregating
reliability values across all eight metrics and presenting the
information relative to the error magnitude and time of analysis
(Table 1). A visual distribution of reliability values for individual
metrics are presented for different error magnitudes in Figure 2.
High mean reliability values (>0.909) were obtained for all
metrics with 0.5 m errors. Across all error magnitudes, three
clusters were observed with the greatest mean reliability
obtained for centroids (x direction: 0.984 to >0.999;
y direction: 0.961 to >0.999). In the second cluster, high mean
reliability values were obtained with the space metrics (team
spread and surface area) for both 0.5 and 2 m errors. In contrast,

poor mean reliability was obtained for all other metrics in the
third cluster, with values as low as 0.6 for distances between
centroids under 4 m errors.

When quantifying the effects of error magnitude and time of
analysis on reliability values (Table 2), the relative effects of
error magnitude were substantively greater for all metrics.
Large effects of error magnitude were identified for all variables
(f> = 0.56 to 0.81) except for centroids where medium effects
were identified (f> = 0.15 to 0.28). In contrast, time was found to
exhibit small effects on reliability values for all metrics (f*=0.03
to 0.08).

Over the seven games 1189 attacks were analysed, 152 (13%) of
which ended in shots, with 21 goals scored. A total of 514 (43%)
attacks were categorised as short (<10 s), 294 (25%) were cate-
gorised as medium (10-20 s), and 381 (32%) were categorised as
long (>20 s). As an initial analysis, reliability values were pooled
across all metrics and the effects of error magnitude and duration
of attack were visualised (Figure 3). The analysis illustrates that as
attack durations decrease, the distribution of reliability values
spreads substantively for even 0.5 m errors. In general, reliability
values are poor for all conditions except medium- and long-
duration attacks with 0.5 m errors.

A similar pattern of results was obtained when comparing the
effects of error magnitude and time of analysis on reliability values
when restricted to attacks (Table 3). The relative effects of error
magnitude were substantively greater for all metrics except cen-
troids where large effects (f* = 0.71 to 0.96) were obtained for the

|
Team spread — I )
[
Surface area 1 —{:I:}—
|
Space control 1 —7 1 3 ‘
I
> LPWratio I error
3 l 0.5
s | =K
B Length - — 1 }—— 4
DCH —{ [ }—-
l
|
Centroid y 1 ||
|
I
Centroid x 1 1|
0.4 0.6 0.8 1.0

Metric

Figure 2. Distribution of reliability values from in silico experiments created with error magnitudes of 0.5, 2 and 4 metres.



Table 2. Effect sizes of error magnitude and time grouping (1, 5 and 15 minutes)
on reliability values.

Time £ Error magnitude £

Metric [95%Cl] [95%Cl]

DC 0.08 [0.05-0.14] 0.77 [0.75-0.81]
Length 0.05 [0.02-0.08] 0.75 [0.73-0.81]
LPW ratio 0.04 [0.02-0.08] 0.81 [0.79-0.83]
Surface area 0.05 [0.03-0.08] 0.64 [0.63-0.66]
Team spread 0.04 [0.02-0.06] 0.56 [0.55-0.58]
Space control 0.06 [0.03-0.09] 0.67 [0.66-0.70]
Centroid, 0.04 [0.03-0.05] 0.15 [0.14-0.16]
Centroid, 0.03 [0.02-0.04] 0.28 [0.27-0.30]

DC = distance between centroid. LPW ratio = length per width ratio.

former and small to medium effects for the latter (> =0.10 t0 0.17).
In contrast, medium effects of attack duration were obtained for all
metrics (> = 0.15 to 0.32)

Discussion

The purpose of this study was to investigate the reliability of
spatio-temporal metrics used to quantify collective team
behaviour in football. Reliability was assessed using in silico
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experiments with errors representative of that induced by
current positional tracking technologies. Collectively, the
results demonstrate that technologies, which generate errors
in position tracking of 0.5 m or less, should be expected to
produce spatio-temporal metrics with high reliability.
However, technologies that generate error values of around
2 m may have substantive effects on metrics such as distance
between centroids, length, length per width ratio and space
control, reducing reliability and limiting the accuracy of con-
clusions drawn with limited data. Similarly, technologies gen-
erating larger positional errors such as 4 m can lower
reliability to where noise and signal are approximately
equal, severely limiting insights. Whilst researchers and prac-
titioners may seek to analyse spatio-temporal metrics over
crucial sequences of plays such as attacks, the findings from
this study indicate that this strategy may result in very low
reliability, due to the short duration of most attacks.
Unacceptably low reliability is likely to occur where analyses
are conducted over sequences of plays such as attacks using
tracking technologies that generate moderate to large posi-
tional errors (e.g., 2 to 4 m).

long medium short
1.00 1 l
0.751 3
0
8
§
=
= S
80501 o
o o
L ]
i
L ]
[ ]
0.25 1 :
- 8
g
® L ]
L ]
L ]
0.00 1 '
05 2 4 05 2 4 05 2 4
error

Figure 3. Distribution of reliability values pooled across all metrics from in silico experiments created with error magnitudes of 0.5, 2 and 4 metres and attack time

grouping (short: <10 s, medium: 10-20 s, long: >20 s).
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Table 3. Effect sizes of error magnitude and attack time grouping (short: <10 s,
medium: 10-20 s, long: >20 s) on reliability values.

Time £ Error magnitude £

Metric [95%Cl] [95%(Cl]

DC 0.28 [0.24-0.32] 0.96 [0.95-0.98]
Length 0.30 [0.27-0.34] 0.90 [0.89-0.91]
LPW ratio 0.32 [0.28-0.37] 0.92 [0.90-0.94]
Surface area 0.22 [0.19-0.25] 0.86 [0.84-0.88]
Team spread 0.19 [0.17-0.21] 0.73 [0.71-0.75]
Space control 0.28 [0.25-0.31] 0.71 [0.70-0.73]
Centroidy 0.15 [0.14-0.16] 0.10 [0.09-0.11]
Centroid, 0.17 [0.15-0.19] 0.17 [0.15-0.19]

DC = distance between centroid. LPW ratio = length per width

Team centroid representing the weighted position of
players in team was identified as the most reliable metric
and demonstrated high reliability values even when posi-
tional errors were large and time of analysis was short. The
team centroid concept has been applied regularly through-
out the literature base and has been identified as relevant
in critical situations such as teams reorganising after loss
of possession and goal scoring opportunities (Frencken
et al. 2012; Sampaio and MacAs 2012; Goncalves et al.
2014; Low et al. 2018; Olthof et al. 2018). In contrast,
distance between centroids was identified as the least
reliable metric with variance due to positional errors fre-
quently exceeding inherent variance in the metric during
the game. Previous research has demonstrated that dis-
tance between centroids can cross before teams score in
small-sided games (Frencken et al. 2011) and that team
centroids are generally coupled with oscillations tightly
synchronised (Gongalves et al. 2014). Siegle and Lames
(2013) identified that perturbations in the distance
between team centroids were associated with critical
moments in the match. However, the findings from the
current study highlight that the metric may not be reliable
in measurement contexts of large positional errors and
when investigating discrete events such as short duration
attacks, thereby warranting care in future analyses.
Practitioners may instead want to focus on distances
between group centroids that have been shown in some
instances to have higher variation across game (Gongalves
et al. 2014), and alternatively, synchronisation between
team centroids may also provide valuable information
(Siegle and Lames 2013), although how the errors in data
impact procedures such as the Hilbert transform
requires scrutiny.

Space control has recently become a popular metric
(Spearman et al. 2017; Ferndndez et al. 2018) where it is
used to evaluate passing ability and decision-making (Filetti
et al. 2017; Rein et al. 2017; Spearman et al. 2017). However,
similar to the distance between centroids, space control also
demonstrated poor reliability in the in silico experiments
when calculated with 2 and 4 m errors. This is likely in
part due to the dichotomies created through the algorithm.
Whereas probabilistic approaches such as the one explored
by (Spearman et al. 2017) might provide more reliable
measurements, various other approaches have been used
to measure dominant regions (Rein et al. 2017) including

the integration of player speed in attempts to predict areas
on the pitch a player will reach first (Filetti et al. 2017;
Brefeld et al. 2019). Further research is required to identify
if inclusion of player speed in computations would further
decrease reliability in contexts where there are large posi-
tional errors.

The present study includes muThe analysis identified strong
reliability for the space metrics (surface area and team spread)
when calculated with 0.5 and 2 m errors. Surface area and team
spread are generally used as measurements of team dispersion
and aggregation (Bartlett et al. 2012), with teams commonly
expanding when attacking and demonstrating compactness
when defending (Duarte et al. 2013; Moura et al. 2016). Clear
shifts when transitioning from attacks to defending and the
large inherent variance this creates may contribute towards
a strong signal, and as a result, the high reliability values were
measured. Oscillations in the metrics have also been used by
researchers to understand dynamics of transitions, with
attempts to measure the coordination of opposing teams sur-
face area and team spread using non-linear analysis methods
such as relative phase and vector coding (Moura et al. 2016; Low
et al. 2020). Further research is required to investigate the effects
of non-linear analyses on reliability and as a result, the accuracy
of conclusions that may be drawn.

Across all metrics, the results were consistent in demon-
strating that reliability substantively increased when analyses
were conducted over longer periods of time. Most metrics
demonstrated low reliability values when analyses were
made over a period as short as one minute. Whilst research
has been conducted analysing spatio-temporal metrics over
different fixed periods of time (Duarte et al. 2013; Moura et al.
2016; Clemente et al. 2018; Gongalves et al. 2018), it is more
common to analyse the data across possessions and
sequences such as attacks (Bartlett et al. 2012; Duarte et al.
2012; Headrick et al. 2012; Castellano et al. 2013; Barnabé et al.
2016; Laakso et al. 2017). However, the results of the present
study show that attacks generally last for short or medium
time periods (e.g., <20 s) and as a result, reliability of spatial
temporal metrics may be limited even when using measure-
ment technologies generating positional errors as low as
0.5 m. Therefore, researchers and practitioners should remain
cautious when analysing spatio-temporal metrics across short
possessions.

The present study includes multiple limitations that should
be considered when interpreting the findings. The primary
limitation of the analysis is the relatively simple error model
used for the in silico experiments. The independent Gaussian
errors do not fully capture the true properties of positional
tracking including relationships between player speed, type
of action (e.g., accelerations and change of direction), and
position error (Siegle et al. 2013). Accelerations and high-
speed actions may be more likely to occur during critical
events such as attacks influencing one of the central contexts
investigated in this study. As such, the present study should
be considered in the context of an initial attempt to provide
information regarding reliability of important and



increasingly popular metrics, where this information is at
present lacking and ultimately required to ensure validity. In
addition, more advanced Markov models may be more appro-
priate to describe positional error and autocorrelation that is
likely to occur. As an initial attempt to quantify reliability in
this rapidly growing area, the study only considered tradi-
tional linear analyses; however, non-linear approaches includ-
ing relative phase and approximate entropy are frequently
applied to spatiotemporal metrics in football. Based on the
information reported in this investigation and others, current
LPM and video tracking systems appear accurate enough to
calculate spatial temporal metrics reliably. Some GPS systems
may also be appropriate for use; however, practitioners
should remain cautious when using such data. In addition, it
was assumed in the present study that very high reliability
values were required for subsequent analyses to be valid.
However, requirements are likely to be context-dependent
and depend on individual judgment. Future research is
required to explore the factors that influence reliability incor-
porating more complex error models with the full range of
metrics and analysis approaches used by researchers and
practitioners.

Practical applications

The results of the present analysis highlight that researchers
and practitioners using spatio-temporal metrics to analyse col-
lective behaviours in football should carefully consider the
tracking technologies used to obtain data, the metrics selected
and the analysis procedures implemented. A range of metrics
including those belonging to distances and numerical relation
categories may suffer from unacceptable reliability, particularly
when analyses are completed across relatively low samples and
analysed across short periods of times. Where researchers and
practitioners choose to analyse spatio-temporal metrics across
discrete sequences of plays such as attacks, they should con-
sider the suggested bandings used in this study for short,
medium, and long sequences as <10 s, 10-20 s and >20 s,
respectively. Additionally, individuals should be cautious of
using short attacks as these may be unsuitable to draw conclu-
sions based on low reliability. As tracking technology develops,
it is likely that more systems will be able to reliably measure
a greater range of spatio-temporal metrics over shorter periods
of time.
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