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Abstract

Sprint and endurance capacities seem to be mutually exclusive or
at least at odds with each other. However, this relationship has not
been investigated in soccer, which appeals to both well-developed
sprint and endurance capacities. This study explores the potential
of machine learning to identify soccer players based on their
unique combinations of sprint and endurance capacities and sprint
and endurance match-specific running performance. In this con-
text, the relationships between sprint and endurance capacities
and between physical capacities and match-specific running per-
formance are examined in detail. Match-specific running data
were collected from 31 young elite male soccer players over two
consecutive seasons. Additionally, these participants underwent
exercise testing, consisting of a 20-meter sprint test and an incre-
mental treadmill test to measure maximal oxygen uptake
(VO2max). Subgroups were identified using k-means clustering
and subgroup discovery, based on players’ sprint and endurance
capacities, sprint and endurance match-specific running perfor-
mance, and playing position. Three distinct subgroups were iden-
tified using machine learning: players with high sprint capacity
and sprinted meters (n = 4), players with high endurance capacity
and meters ran at moderate and high intensities (n = 6), and play-
ers without high physical capacities or matching match-specific
running performance (n = 14). Across all players, there was no
significant relationship between 20-meter sprint speed and nor-
malized VOamax (R2= 0.085, P = 0.17), although 20-meter sprint
speed was positively related to average match sprint distance (R?
=0.168, P = 0.03) and normalized VO2max to average match dis-
tance at moderate and high intensities (R*>= 0.151, P = 0.04). In
young elite soccer players, sprint and endurance capacities show
positive, moderate, relationships with corresponding match-spe-
cific running performance, but those capacities do not appear to
be mutually exclusive or opposing. Clustering allows for identi-
fication of players who may benefit from alternative strategic
roles during matches, are at risk of overuse, or could benefit from
individualized training. This method can assist coaches in design-
ing tailored training programs and optimizing overall match strat-

cgy.
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Introduction

Sprint and endurance capacity are key determinants of per-
formance in many sports (van der Zwaard et al., 2018a).
However, combining these two traits is complicated due to
the interference effect that occurs with concurrent strength
and endurance training. Incorporating endurance exercise

can inhibit strength-related adaptations, such as muscle hy-
pertrophy, strength, and power (Huiberts et al., 2024;
Lundberg et al., 2022; Schumann et al., 2022). Conversely,
integrating strength training can diminish endurance-re-
lated adaptations, like maximal oxygen uptake (VOamax), in
certain conditions (Huiberts et al., 2024). These reciprocal
effects make it difficult to optimize both traits simultane-
ously, indicating that sprint and endurance capacities might
be mutually exclusive or at least at odds with each other.
This is further underscored by the inverse relationship be-
tween sprint and endurance capacity that was found at both
the muscle fiber and whole-body level in humans and other
species (van der Zwaard et al., 2018a; van Wessel et al.,
2010). This relationship has been well demonstrated in cy-
clic sports like rowing and cycling (van der Zwaard et al.,
2018a; 2018b). The presence of such an inverse relation-
ship suggests that optimizing these two physical traits sim-
ultaneously poses a challenge in general and particularly in
elite athletes seeking to maximize both traits. Therefore, it
is crucial to find the optimal balance between sprint and
endurance capacities based on the specific demands of the
sport or sport discipline of interest.

A team sport like soccer differs significantly from
cyclic sports such as rowing and cycling, but also demands
well-developed sprint and endurance capacities. Soccer is
a dynamic sport, which requires a high endurance capacity,
as elite (i.e. professional) soccer players typically cover 10
to 12 kilometers during a 90-minute game (Stelen et al.,
2005). In the context of this endurance performance, the
players perform a wide array of explosive activities and ac-
tions involving changes in pace and direction, such as
sprinting, jumping, kicking, tackling, and turning (Stelen
et al., 2005). Studies have estimated that the average work
rate during a match is approximately 70% of VOamay, high-
lighting the importance of an efficient aerobic energy sys-
tem to support sustained performance. This demands not
only a high capacity for oxygen uptake and delivery to the
muscles but also effective muscular oxygen utilization.
However, match play also places significant demands on
the anaerobic energy system, as evidenced by average lac-
tate concentrations of 3 - 9 mM, with peaks often exceed-
ing 10 mM (Bangsbo, 1994). Combining these two systems
can be challenging as the muscle and cellular adaptations
required for each can be antagonistic. Aerobic develop-
ment typically favors increases in mitochondrial density,
capillarization, and oxidative enzyme activity and typically
decreases diffusion distances for substrates and gas
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exchange (Hawley, 2002); however, these adaptations
might reduce maximal force generating capacity (van
Wessel et al., 2010; Wilson et al., 2012). In contrast, anaer-
obic development relies more on increasing muscle cross-
sectional area, and hypertrophy of fast-twitch fibers, which
may reduce endurance efficiency (van der Zwaard et al.,
2018a). While the reciprocal relationship between sprint
and endurance is well established in cyclic sports, it has
thus far not been investigated in team sports like soccer.
Knowledge of the relationship between the sprint and en-
durance capacity is crucial for designing and optimizing
training programs for individual athletes, also in team
sports.

To understand this relationship, it is essential to ac-
curately assess each capacity. Endurance capacity can be
assessed using the VOomax , which is considered the gold
standard for measuring endurance capacity and a critical
determinant of endurance performance (van der Zwaard et
al., 2021). Sprint capacity, on the other hand, can be meas-
ured using a sprint test over a fixed distance. A 20-meter
sprint is representative for soccer sprints during competi-
tion and provides a relevant and practical indicator of the
player’s capacity to generate explosive power in match-
specific contexts (Nikolaidis et al., 2016).

Additionally, in soccer, the individual match tasks
can differ significantly per player based on their position in
the field, playing style, physical capabilities, and coaches’
tactical considerations and decisions (Buchheit et al., 2010;
de Haan et al., 2025; Metaxas, 2021). This influences the
physical load within the match for each individual player.
To tailor training regimens to the individual player and op-
timize their physical performance, it is essential to under-
stand the individual load of the match and how this relates
to the physical capabilities of players. Match load can be
quantified through various methods, broadly categorized
into internal and external load metrics. Internal load repre-
sents the psychophysiological stress experienced by the
player and is often measured using heartrate or rating of
perceived exertion, while external load represents the dose
performed (Campos-Vazquez et al., 2015; Jaspers et al.,
2018). External match load can be quantified through
match-specific running performance, defined as the com-
bination of distance covered and speeds achieved.

While the individualized training is ideally tailored
to each player's specific capacities and match-specific load,
practical constraints often make this goal unattainable. A
viable, but not yet explored, alternative is to categorize
players into distinct subgroups based on their physical ca-
pacities and match-specific running performance. This
grouping strategy allows for identification of clusters of
players exhibiting similar combinations of sprint and en-
durance capacities, and accompanying match-specific run-
ning performance, which enables coaches to develop train-
ing strategies that specifically target players’ individual
strengths and needs. Such clustering analysis can be per-
formed using unsupervised machine learning, for instance
by applying the k-means algorithm. This technique has pre-
viously been successful in identifying subgroups with dis-
tinct physical characteristics in professional soccer players
(Novack et al., 2013), as well as in categorizing young elite
soccer players based on match-specific running perfor-

mance (de Haan et al., 2025). It has also been successful
in identifying distinct subgroups in other sports, such as
elite cyclists based on their anthropometry (van der Zwaard
etal.,2019) and NCAA Division 1 American football play-
ers based on their match demands (Shelly et al., 2020).

This study explored the potential of machine learn-
ing (k-means clustering and subgroup discovery) to iden-
tify distinct groups of players based on unique combina-
tions of their sprint and endurance capacities, as well as
their sprint and endurance match-specific running perfor-
mance. In this context, we conducted an in-depth analysis
of the relationship between sprint and endurance capacities
across the entire cohort and examined how these physical
traits correlated with their corresponding match-specific
running performance.

We hypothesized that by using unsupervised ma-
chine learning (k-means clustering) we could identify clus-
ters of players with unique combinations of sprint capacity,
endurance capacity, and match-specific running perfor-
mance. Moreover, we expected that the supervised ma-
chine learning method, subgroup discovery, would confirm
the relevance of these clusters and provide additional in-
sight into the role of playing position in match-specific run-
ning performance. Additionally, we expected sprint and
endurance capacities to be inversely related in soccer, as in
cycling and rowing, as well as a strong correlation between
physical capacities and corresponding match-specific run-
ning performance.

Methods

Participants

This study included 31 young male elite soccer players at
a professional football club of international caliber (U18 &
U21, age =18.0+ 0.9 years, height = 1.79 + 0.06 m, weight
=70.5 £ 6.9 kg; mean + standard deviation). U18 played in
the highest league for their age group in the Netherlands
(Eredivisie) and U21 played in the second highest profes-
sional league in the Netherlands (the so-called Keuken
Kampioen Divisie or KKD). The sample included 9 for-
wards, 8 attacking midfielders, 5 defending midfielders, 5
backs and 4 central defenders. Playing position was deter-
mined as assigned by the coach during matches (see Ap-
pendix A for a schematic overview of the playing posi-
tions). Goalkeepers were excluded, because they have a
distinctly different match-specific running performance
compared to outfield players. Match-specific running data
were collected over two full consecutive seasons from all
31 players, with participants undergoing exercise testing at
the start of the second season.

Ethical statement

The study was conducted in full compliance with the Dec-
laration of Helsinki (2013) and approved by The Scientific
and Ethical Review Board (VCWE-2023-054) of the Fac-
ulty of Behavioural and Movement Sciences of the Vrije
Universiteit Amsterdam. Participants provided written in-
formed consent. Participants were instructed to avoid
strenuous exercise for 30 hours leading up to the exercise
testing.
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Sprint capacity

Sprint capacity was measured using an all-out linear sprint
test over 20 meters on an artificial grass surface. Before the
sprint test, participants underwent a standard warm-up rou-
tine for soccer practice designed by the physical training
staff of the team. This routine consisted of dynamic stretch-
ing, running exercises and footwork drills. Participants
were instructed to cover these 20 meters as fast as possible
from a static start. They performed this test twice, with the
fastest time being used for further analysis. Positional data
were obtained using LPM (Inmotio, Zeist, the Netherlands;
Inmotio GPS; Insiders, Lausanne, Switzerland) and inte-
grated over time to determine the average sprint speed over
20 meters. In addition, maximal sprint speed (MSS) over
20 meters was assessed; see Appendix B for details. Play-
ers were familiar with the testing procedure as it is part of
a regular testing battery performed by the professional
sports team.

Endurance capacity

In this study, endurance capacity was quantified using the
VOimax Obtained during a maximal incremental treadmill
test (Kemi et al., 2003). Speed of the motorized treadmill
(H/P/COSMOS - Pulsar 3P, Samcon bvba, Melle, Bel-
gium) started at 8.5 km/h and was incrementally increased
by 1.5 km/h every 2 minutes. The measurement concluded
either when the player was unable to run at the treadmill
speed and voluntarily stepped off or when they fell and
were suspended by the safety harness. Breath-by-breath
gas exchange analysis (Vyntus CPX, Jaeger-CareFusion,
UK) was used to measure VOamax. Calibration was per-
formed according to the manufacturer’s instructions. The
gas analyzer was calibrated using automatic reference gas
calibration (15% 02, 5% CO2, 80% N2) and volume trans-
ducer was calibrated using the automatic integrated
blower. Breath-by-breath data were smoothed, and VOamax
was calculated as the highest 30-s value. VOjmax Was nor-
malized to lean body mass®? to eliminate the influence of
body size in accordance with isometric scaling (McCann
and Adams, 2002; van der Zwaard et al., 2018a). Note that
no normalization for body size was performed for sprint
capacity, as the physical dimension of speed is already
size-independent, dividing distance by time (LT™'). To de-
termine running-specific endurance, we assessed maximal
aerobic speed (MAS), a measure commonly used in soccer
literature that is derived from VOamay and also depends on
running efficiency (see Appendix B).

Match-specific running performance

Over two consecutive seasons, match-specific running per-
formance of the U18 and U21 teams was collected using
multiple positional tracking systems (Inmotio Local Posi-
tion Measurement (LPM); Inmotio, Zeist, the Netherlands;
Inmotio GPS; Insiders, Lausanne, Switzerland, and SciS-
ports Optical tracking; Panoris, Brno, Czech Republic).
The LPM system measures with an overall sample fre-
quency of 1,000 Hz, divided by the number of active tran-
sponders on the field. The average measurement frequency
per active transponder varied from 40 to 80 Hz over the
matches. The LPM system has been demonstrated to be an
accurate and valid tool for tracking player movements in

football, showing a mean difference from the actual dis-
tance of maximally -1.6% (Frencken et al., 2010; Ogris et
al., 2012), and an accuracy of 10 cm according to the man-
ufacturer. Inmotio GPS from Insiders measures with a fre-
quency of 10 Hz and an accuracy of 30 cm, according to
the manufacturer. SciSports Optical tracking with Panoris
has a measurement rate of 25 Hz. After data collection, all
data were processed using imoClient software (Inmotio,
Zeist, the Netherlands). Data were available from all home
and away games, totaling 619 matches (mean per player:
20.0 £ 11.3). Data obtained during friendly matches were
not included in the dataset, as their physical performance
in these games could differ from actual match conditions
(Modric et al., 2019). Furthermore, a minimum of 80
minutes of playing time was required for a match to be in-
cluded. Positional data were filtered using the same method
for all tracking systems, using 100% weighted Gaussian
average filter and a 500-ms speed frame interval. The po-
sition data were then integrated over time and categorized
into multiple speed ranges. Running distances were classi-
fied as follows: Low Intensity Running (LIR) below 14
km/h, Moderate Intensity Running (MIR) between 14 and
19 km/h, High Intensity Running (HIR) between 19 and 24
km/h, and sprinting higher than 24 km/h. These zones are
based on threshold values established by the professional
soccer team and closely match those described in the liter-
ature (Gualtieri et al., 2023; Vieira et al., 2019).

Machine learning analysis

Unsupervised machine learning was employed using the k-
means algorithm to cluster players into subgroups based on
similar combinations of sprint and endurance capacities,
and match-specific running performance. A detailed de-
scription of this method can be found in previous studies
(Hartigan and Wong, 1979; van der Zwaard et al., 2019).
During multiple iterations, data points were assigned to the
most nearby centroid based on their Euclidean distance. In-
itial centroid positions were obtained at random. At each
iteration, the centroid's location was recalculated as the av-
erage position of all assigned data points in that cluster.
This process was repeated until the total within sum of
square was minimized, and the location of the centroids
stabilized. A maximum of 100 iterations was used and op-
timization was performed using 15 random starting parti-
tions to enhance cluster stability.

As input variables, we included measures for sprint
and endurance capacities (average 20-meter sprint speed
and VOamax) as well as sprint and endurance match-specific
running performance (sprint distance and combined dis-
tance traveled at moderate and high intensity (MIR +
HIR)), resulting in a total of four input variables. All values
were normalized to Z-scores before being entered into the
algorithm. The optimal number of clusters for the present
data was determined to be three, based on visual inspection
of the elbow and silhouette plots. The stability of the clus-
ter was evaluated by repeating the k-means algorithm 1,000
times and evaluating whether cluster assignment was con-
sistent over these 1,000 runs. After this machine-learning
analysis, differences in sprint, endurance and match-spe-
cific running performance were evaluated between the
identified clusters. The clusters were visualized in two
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dimensions by applying Principal Component Analysis
(PCA) to reduce the high-dimensional dataset to its two
most informative components.

Subsequently, we applied the supervised machine
learning method of subgroup discovery (de Leeuw et al.,
2022a; 2022b; Knobbe et al., 2017) to gain additional in-
sight into how the match-specific running performance
could be explained by a combination of 20-meter sprint
speed and VOomax, player position and identified clusters
obtained from k-means clustering. Subgroups were en-
forced to have corresponding sizes between 10% and 90%
of the size of the entire data collection. We considered (in-
verted) Z-scores as quality measure to specify the differ-
ence between the subgroup and the entire data collection,
with a positive sign reflecting better match-specific run-
ning performance and a negative sign reflecting worse per-
formance. Finally, subgroups that are described by condi-
tions on one or two predictors were investigated. The anal-
ysis was performed for both sprint and endurance match-
specific running performance (i.e. sprint distance and com-
bined distance traveled at moderate and high intensity
[MIR + HIR]).

Statistical analysis

Data were presented as mean (M) + standard deviation
(SD) unless stated otherwise. First, the Shapiro-Wilk test
and visual inspection of data distribution plots were used
to verify normality of the data. After k-means clustering,
one-way ANOVA tests were employed to compare the sub-
groups on 20-meter sprint speed, normalized VOamax, aver-
age match sprint distance, and average match distance ran
at moderate and high intensity. When significant, Bonfer-
roni post-hoc tests were performed to identify group differ-
ences between clusters. Additional cluster characteristics,
including age, height, body mass, and BMI, were compared
using a one-way ANOVA. BMI was calculated as weight
divided by height squared (BMI = weight [kg] / height?
[m]).

Linear regression analysis was used to identify the
relationship between sprint capacity and endurance capac-
ity. This analysis was performed for 20-meter sprint speed
vs VOomax normalized to LBM?3. The relationships be-
tween these physical traits were quantified in terms of ex-
plained variance (R?). Subsequently, a Deming regression
was employed after normalizing the physical traits to Z-
scores, in accordance with previous literature (van der
Zwaard et al., 2018a). This method models the relationship
between these traits while accounting for errors in both var-
iables, rather than only in the dependent variable, as is
common in simple linear regression analysis.

To examine the relationship between sprint and en-
durance capacities with their respective match-specific

running performance, the average match-specific sprint
performance was plotted against the average sprint speed
over 20 meters, while the distance covered at moderate and
high intensity (MIR+HIR) during an average match was
plotted against VOamax normalized to LBM?3. Linear re-
gression was used to examine these relationships and R?
was used to quantify the explained variance of physical ca-
pacity on match-specific running performance.

The R? values were interpreted according to Cohen
(1998) as follows: R? < 0.02 indicates a very weak relation-
ship, 0.02 <R?<0.13 is weak, 0.13 <R?<0.26 is moderate,
and R? > (.26 is substantial. Results were deemed statisti-
cally significant if the P-value was < 0.05 (a). Significance
of the subgroup discovery results was assessed by perform-
ing 1,000-fold swap-randomization to determine the prob-
ability that observed differences in match-specific running
performance between subgroups and the entire data collec-
tion was a true finding or a false discovery by testing many
hypotheses (de Leeuw et al., 2022a; 2022b). Subgroups
were considered significant if the probability that the ob-
served difference was a false discovery was <5%.

Results

Sprint and endurance capacities

The 20-meter sprint test was completed by 27 players and
the maximal incremental treadmill test by 28 players, with
24 players successfully completing both assessments. The
average sprint speed of these 27 players on the 20-meter
sprint test was 24.36 + 0.66 km/h, with values ranging from
23.08 to 26.17 km/h. VOoumu relative to body weight of
these 28 players was 57.93 £+ 3.91 mL/kg/min. When nor-
malized to LBM?3, VOumx was 25727 + 1451
mL/kg;pv**/min, with values ranging from 232.30 to
295.90 mL/kgism?*/min. For average values of MAS and
MSS, see Appendix B. For all 31 players match-specific
running data were available, totaling 619 matches (mean
per player: 20.0 + 11.3); these data are shown in aggregated
form together with the physical capacities in Table 1.

Clustering based on combinations of physical capacities
and match-specific running performance

Clustering analysis was performed on the 24 players who
completed both the sprint and endurance tests. They all had
available match data, comprising a total of 458 individual
match observations collected across two full competitive
seasons, with an average of approximately 19 matches per
player. Using k-means clustering, we identified three dis-
tinct non-overlapping clusters of players with specific
combinations of sprint and endurance capacities, and sprint
and endurance match-specific running performance (Fig-
ure 1). These three subgroups were compared on the four

Table 1. Physical capacity and match-specific running performance.

Average 20-m  Normalized

. LIR MIR HIR Sprint TD MIR+HIR
speed VO2max
(km/h)  (mL/kgism®?/min) (m) (m) (m) (m) (m) (m)
Meant SD  24.36+0.65 257.27+14.25 8130+380 1773+£312 678+123 201+78 10782+658 2451 £406

Mean and standard deviations for the physical capacity measures (average 20-meter sprint speed and VO, normalized to LBM??) and match-specific
running performance variables (low-intensity running [LIR], moderate-intensity running [MIR], high-intensity running [HIR], sprint distance [Sprint],
total distance covered [TD] and combined moderate- and high-intensity running [MIR + HIR]). 27 players completed the 20-meter sprint test, and 28
players completed the maximal incremental exercise test, providing VO, estimates. Match-specific running performance was available for all 31
players, totaling 619 matches (mean per player: 20.0 + 11.3).
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input variables: A) 20-meter sprint speed, B) average
match sprint distance, C) normalized VOapay, and D) aver-
age match distance ran at moderate and high intensity (Fig-
ure 2). Clusters included one subgroup of players with high
sprint capacity and a high number of meters sprinted during

the matches (SPR, n =4), another subgroup of players with
high endurance capacity and a high number of meters ran
at moderate and high intensities (END, n = 6), and a large
group of players without high physical capacity or match-
ing match-specific running performance (AVG, n = 14).
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Figure 1. Cluster plot with a two-dimensional representation of the three identified clusters. Clusters are displayed in the two
most important principal component dimensions (together explaining 74.9 % of the total variance). The dimensions in question
are based on the combined distance traveled at moderate and high intensity (MIR + HIR), match-specific sprint distance,
normalized VO2max, and average 20-meter sprint speed. Individual values and spanning ellipses of clusters are presented for SPR, which is
a cluster with high sprint capacity and a large number of meters sprinted during the match (n = 4), for END, which is a group of players with high
endurance capacity and a large number of meters ran at moderate and high intensity (n = 6), and for AVG, which is a group of players who either do
not possess a high physical capacity or do not have a matching high match-specific running performance (n = 14). See text for further details.
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Figure 2. Group differences of the three clusters for their average match sprint distance, average 20-meter sprint speed, average
match distance covered at moderate and high intensity, normalized VO2zmax. See the caption of Figure 1 and the text for the characteristics

of the three clusters: SPR, END and AVG.
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The SPR group had significantly higher sprint ca-
pacity than AVG (25.22 + 0.66 vs 24.46 + 0.44 km/h; mean
difference = 1.07, 95% CI [0.29, 1.85], P < 0.01) and the
SPR group covered a significantly greater average sprint
distance during matches (359 + 45 m) compared to both the
AVG group (157 + 55 m; mean difference = 202, 95% CI
[130, 274], P < 0.01) and the END group (180 + 34 m;
mean difference = 179, 95% CI [97, 262], P < 0.01). Addi-
tionally, The END group had significantly higher normal-
ized VOomax (275.2 = 11.5 mL/kgi gy?>/min) compared to
both the AVG group (250.0 £ 6.9 mL/kgpm?>?/min; mean
difference = 25.2, 95% CI [13.7, 36.7], P < 0.01) and the
SPR group (256.0 + 12.2 mL/kgipm>?/min; mean differ-
ence=19.2,95% CI1[4.0,34.4], P=0.01). The END group
also covered significantly more distance at moderate and
high intensities (2905 + 298 m) than both the AVG group
(2344 + 383 m; mean difference = 562 m, 95% CI [134,
989], P <0.01) and the SPR group (2278 + 112; mean dif-
ference = 628 m, 95% CI [62, 1193], P = 0.03). Moreover,
the END group had a significantly higher MAS than the
AVG group and there was a trend for increased MSS of the
SPR group compared to END group (Appendix B. Figure
5).

Additional cluster characteristics, including playing
position and competitive level, are displayed in Table 2.
One-way ANOVA revealed no significant differences in
age, height, body mass or BMI between the three clusters

Table 2. Cluster characteristics.

(P >0.19). Considering these distinct sprint and endurance
cluster groups, one might wonder if sprint and endurance
are also mutually exclusive in these soccer players, as was
expected from previous findings in cyclic sports.

Relationship between sprint and endurance capacities
To establish the relationship between sprint and endurance
capacity, the VOama normalized to LBM?? was plotted
against the 20-meter sprint speed (Figure 3). Contrary to
our expectations, no (negative) relationship between 20-
meter sprint speed and VO,max normalized to LBM?? (R?=
0.086, P = 0.16) was observed. The Deming regressions
revealed similar results (P = 0.16). Similarly, there was no
(negative) relationship between MAS and MSS (Appendix
B. Figure 6).

Relationship between physical capacity and match-spe-
cific running performance

Physical capacities were plotted against their correspond-
ing match-specific running performance (Figure 4). A
moderate positive relationship was identified between 20-
meter sprint speed and average match sprint distance (R? =
0.168, P =0.03). Similarly, there was also a moderate, sig-
nificant positive relationship between average sprint dis-
tance during a match and the MSS (Appendix B. Figure
7a), indicating that faster players tend to cover more sprint
distance during matches.

Cluster SPR AVG END

Playing Position 3F|1B 3F|4AM|2DM|2B|3CD 1F|2AM|2DM|1B
Competitive level 2U21|2U18 14 U18 5021|1018
Age (years) 17.71 £ 1.16 17.72 £ 0.69 18.20 £ 1.00
Height (cm) 174.5+4.7 178.9 £ 4.9 176.3 £ 6.3

Body mass (kg) 70.5+2.3 68.9+74 69.4+5.8

BMI (kg/m?) 232+1.5 21.5+1.8 223+1.2

The playing position, competitive level, and the M + SD for age, height, body mass, and BMI across the three
identified clusters. Playing positions are abbreviated as F = Forward, AM = Attacking Midfielder, DM = Defensive

Midfielder, B = Back, and CD = Central Defender.
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Figure 3. Normalized VO2max plotted against the average 20-meter sprint speed. Each point reflects the
data of a single young elite soccer player, for a total of 24 players. A linear regression revealed no significant
relationship between the depicted variables. Clusters are indicated as follows: yellow square (AVG, average), red triangle
(END, endurance-oriented), and blue circle (SPR, sprint-oriented).
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Figure 4. (A) Average sprint distance during a match plotted against the average sprint speed over a 20-meter sprint. Each
point represents the data of a single young elite soccer player, for a total of 27 players. Linear regression (black line) shows a
moderate, significant positive relationship between these variables. Clusters are indicated as follows: yellow square (AVG,
average), red triangle (END, endurance-oriented), blue circle (SPR, sprint-oriented), and pink rhombus (insufficient data for
clustering). (B) Average match distance at moderate and high intensity (14-24 km/h) plotted against normalized VO2max for 28
young elite soccer players. As in (A), a moderate, significant positive relationship was found.

A moderate but significant positive relationship was
also observed between normalized VOama and average
match distance at moderate and high intensity (R*>=0.151,
P = 0.04), Moreover, a substantial, significant positive re-
lationship between average match distance at moderate and
high intensity and MAS was found (Appendix B. Figure
7b), suggesting that higher endurance capacity translates to
greater distances covered between 14 and 24 km/h. So,
sprint and endurance capacities show positive relationships
with corresponding match-specific running performance,
but do not seem to be mutually exclusive.

The supervised subgroup discovery analysis
showed that belonging to the SPR cluster was the most im-
portant predictor for increased sprint distances during
matches (P < 0.01). Similarly, belonging to the END clus-
ter, along with a lower average 20-meter sprint speed of <
24.24 km/h, showed a trend towards increased moderate-
and high-intensity running distance during matches (P <
0.10). Furthermore, belonging to the AVG cluster, with
players who played as central defenders in particular
showed significantly reduced moderate- and high-intensity
running distances during matches (P < 0.05).

Discussion

The present study set out to evaluate the potential of ma-
chine learning to identify players with unique combina-
tions of sprint and endurance capacities, and their match-
specific running performance. k-means clustering identi-
fied three distinct subgroups of soccer players, including a
subgroup of players with high sprint capacity and a high
number of meters sprinted during the matches (SPR), an-
other subgroup of players with high endurance capacity
and a high number of meters ran at moderate and high in-
tensities (END), and a large group of players without high

physical capacities or matching match-specific running
performance (AVG). This suggests that while many play-
ers do not optimize for either sprint or endurance, certain
individuals develop in one area and leverage these abilities
during matches. This was further supported by the sub-
group discovery analysis, which identified classification in
the SPR cluster as a significant predictor of greater sprint
distances during matches (P < 0.01). Similarly, classifica-
tion in the END cluster, combined with an average 20-me-
ter sprint speed of < 24.24 km/h, showed a trend toward
greater moderate- and high-intensity running distances
during match play (P < 0.10). These sprint and endurance
matched groups, as identified by k-means clustering, could
be an indication that, as we hypothesized, sprint and endur-
ance are mutually exclusive in soccer players, akin to what
has been observed in cyclic sports. However, even though
physical capacities were positively related to the corre-
sponding match-specific running performance (R* = 0.168,
P =0.03 and R?=0.151, P = 0.04 for sprint and endurance
respectively), we did not observe a significant (negative)
relationship between sprint and endurance capacities, i.e.
between 20-meter sprint speed and VO,max normalized to
LBM?? (R?=0.086, P = 0.16). Thus, sprint and endurance
capacity do not appear to be mutually exclusive or oppos-
ing in young elite soccer players.

The potential of unsupervised machine learning in
identifying player clusters

In this study, unsupervised machine learning, in particular
k-means clustering, was introduced as an innovative
method for grouping soccer players based on their combi-
nations of sprint and endurance capacity, and their sprint
and endurance match-specific running performance. By
applying this clustering method, we identified three sub-
groups: SPR (sprint-oriented), END (endurance-oriented),
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and AVG (average). The SPR and END groups were rela-
tively small, comprising 4 and 6 players respectively, and
contained players whose high physical capacities aligned
well with their corresponding high match-specific running
performance. The AVG group consisted of a compara-
tively large group of players (n = 14) without high physical
capacity or matching match-specific running performance.
This suggests that while many players do not optimize for
either sprint or endurance, certain individuals develop in
one area and leverage these abilities during matches. This
was further supported by the subgroup discovery analysis,
which identified classification in the SPR cluster as a sig-
nificant predictor of greater sprint distances during
matches (P < 0.01). Similarly, classification in the END
cluster, combined with an average 20-meter sprint speed of
< 24.24 km/h, showed a trend toward greater moderate-
and high-intensity running distances during match play (P
<0.10).

One possible explanation for these results is that
players with high sprint or endurance capacities are recog-
nized by coaches and strategically utilized in matches in
accordance with those strategies. For these players, focus-
ing on their specific playing style and incorporating tai-
lored sprint or endurance training might be of great im-
portance. Conversely, as shown in Figure 4, some players
in the AVG cluster possess similar sprint capacity to those
in the SPR group and endurance capacity compared to
those in the END groups but do not use these capacities to
full extent during match play, which raises the question
whether these players could not be utilized more strategi-
cally based on their physical capabilities. Conversely, play-
ers in the AVG cluster with relatively higher match-spe-
cific running performance but lower physical capacities
may be at risk of overuse or could benefit from targeted
sprint or endurance training to enhance their performance
and durability.

Cluster analysis using unsupervised machine learn-
ing allows for identification of players who may benefit
from alternative strategic roles during matches, are at risk
of overuse, or could benefit from individualized training.
This information can assist coaches in designing tailored
training programs for individual athletes and optimizing
overall match strategy.

Absence of an inverse relationship between sprint and
endurance capacities in young elite soccer players

We hypothesized an inverse relationship between sprint
and endurance capacity in soccer, corresponding to the dis-
tinct SPR and END groups revealed by the clustering and
previous observations of such a relationship in cyclic sports
(van der Zwaard et al., 2018a; 2018b). However, no corre-
lation was found between 20-meter sprint speed and nor-
malized VOamayx. One plausible explanation is that in soccer
every outfield player needs to combine both sprint and en-
durance capacity due to the repeated sprints nature of this
team sport, whereas cycling and rowing include more dis-
tinct sprint and endurance specialists (van der Zwaard et
al., 2018a; 2018b). When comparing the VOapmay of soccer
players with that of rowers and cyclists, it is evident that
our young male soccer players (257 £ 15 mL/kg; pv?>/min)
exhibit lower values compared to a group of 18 male elite

rowers (320 + 15 mL/kg; gm>>/min) (van der Zwaard et al.,
2018b) and a group of 28 male elite cyclists (287 = 25
mL/kg; pv*>/min) (van der Zwaard et al., 2018a). Using an
independent samples t-test on the reported means, standard
deviations, and sample sizes revealed that the difference in
VOamax between groups was statistically significant (P <
0.0001). This confirms that our young soccer players had a
significantly lower endurance capacity compared to these
groups of rowers and cyclists. In terms of sprint capacity,
our soccer players revealed similar sprint speed over 20-
meter (+ 24 km/h) compared to normative values in soccer
players of the same age (+ 23 km/h, (Nikolaidis et al.,
2018)). Interestingly, this previous study conducted both
Wingate tests and 20-meter sprints, reporting normative
Wingate peak power values of 10-13 W/kg in soccer play-
ers of similar age. This sprint capacity measured during a
Wingate test, however, was much higher in elite rowers
(16.5 £ 1.6 W/kg, range: 13.3-18.7) (van der Zwaard et al.,
2018b) and elite cyclists (17.2 + 1.2 W/kg, range: 14.4-
19.6) (van der Zwaard et al., 2018a). The absence of an in-
verse relationship could be due to the lower sprint and en-
durance capacities in soccer players, as the incompatibility
between sprint and endurance capacities are expected to be
most prominent at the physiological extremes. It remains
to be investigated whether an inverse relationship between
sprint and endurance is also absent in elite soccer players
competing at the highest level, demonstrating stronger
physical sprint and endurance capacities.

Age and training status are likely important factors
influencing the differences in the relationship between
sprint and endurance capacities observed in different
sports. The previously studied cyclists (25 + 7 years) (van
der Zwaard et al., 2018a) and rowers (27 + 3 years) (van
der Zwaard et al., 2018b) were significantly older than the
young soccer players in the present sample of soccer play-
ers (18.0 = 0.9 years). Additionally, the amount of time
these athletes spend focusing on training their specific
physical capacities could further impact the relationship
between sprint and endurance capacities in these groups.

Lastly, we measured VOapmay and sprint speed at the
whole-body level. In this context, it should be noted that
both physical traits depend on multiple factors, and these
whole-body measurements are not direct reflections of
muscle fiber characteristics. For example, the ability to
transport oxygen to the muscles has a large influence on
whole-body VOamax (Bassett and Howley, 2000) and fac-
tors like lower limb coordination and leg length could po-
tentially influence sprint speed (Wang et al., 2023). The in-
verse relationship between sprint and endurance might ex-
ist at the muscle fiber level in our soccer players, but other
critical factors for whole-body sprint and endurance capac-
ity could obscure this relationship in soccer. In cycling and
rowing, where an inverse relationship has been observed at
the whole-body level, physical capacity is more directly
linked to performance outcomes, which may explain why
this relationship is more evident in those sports compared
to soccer.

The relationship between physical capacities and corre-
sponding match-specific running performance
Only a moderate correlation between measured sprint and
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endurance capacities and match-specific running perfor-
mance was found, with an explained variance of 17 and
15% for sprint and endurance, respectively. This suggests
that factors other than physical capacities might be more
crucial for determining match-specific running perfor-
mance. The subgroup discovery analysis confirmed im-
portance of the clusters for interpreting differences in
match-specific running performance and showed that cen-
tral defenders (who were all part of the AVG group)
showed significantly reduced moderate- and high-intensity
running distances during matches, demonstrating that play-
ing position is a factor that can influence match-specific
running performance. Central defenders have less opportu-
nities for longer sprints because they operate in the pitch
region which is typically densely packed with players. This
spatial constraint and their primarily defense tactical appli-
cation are likely reasons for their decrease in moderate- and
high-intensity running (Bradley, 2023; Sarmento et al.,
2024). Other potential factors that could influence match-
specific running performance are technical skills with the
ball, the ability to read the game and identify opportunities,
and tactical considerations and corresponding instructions
for the soccer player by the coach.

Another factor influencing this relationship is run-
ning economy, which refers to the efficiency with which
players use oxygen during submaximal running. A better
running economy may enable some players to sustain
higher match running outputs without necessarily having a
higher VOama. A measure that does incorporate this run-
ning economy is the maximal aerobic speed (MAS). In this
study, we primarily focused on VOamax because it is more
closely related to actual muscle-level aerobic capacity.
However, MAS may be a practically relevant measure, as
it reflects the endurance demands in a match context. The
relationship between MAS and endurance match-specific
running performance (Appendix B) showed that MAS in-
deed demonstrated a substantial relationship with moder-
ate- and high-intensity running during matches (R?=0.409,
P <0.01).

The moderate to substantial relationships between
physical capacity measures and corresponding match-spe-
cific running performance imply that players with lower
aerobic or sprint capacities can still exhibit greater running
output than peers with higher physical capacities. How-
ever, increasing match-specific running performance
might not always translate to increased match perfor-
mance. Literature indicates that in won matches, wide mid-
fielders and forwards significantly increase their overall
distance covered, particularly at speeds above 21 km/h,
while full-backs, central defenders, and central midfielders
tend to cover significantly less distance, likely within the
17-24 km/h range (Chmura et al., 2018). Good positioning
on the field or fewer passing errors, for example, may re-
duce the need for sprinting, thereby decreasing the demand
for sprint capacity during the match.

Overall, our results indicate that many soccer play-
ers do not specifically optimize towards either sprint or en-
durance performance. Instead, there may be minimal
threshold levels for these capacities that players must meet
to perform at an elite level within the U18 and U21 age
groups. For sprint capacity, this threshold appears to be an

average speed above 23 km/h over a 20-meter sprint, while
for endurance capacity, it is more than 230 ml/kgyp,>>/min
or 50 ml/kg/min. These values are lower than those re-
ported for cycling and rowing, raising the question of
whether these players could be further developed physio-
logically and how such development might influence their
match performance.

Limitations and perspectives
A sample size of 24 young elite soccer players could be
viewed as relatively small for machine learning applica-
tions, but unlike traditional statistical analyses, the statisti-
cal power in cluster analysis is largely driven by the degree
of cluster separation rather than sample size (Dalmaijer et
al., 2022). In this study, we were able to identify distinct
clusters with clear separation, confirming the method's ro-
bustness. Furthermore, while the participant pool included
24 players, the dataset used for clustering was based on 458
individual match observations collected over two full com-
petitive seasons, averaging approximately 19 matches per
player. For each player, match-specific running perfor-
mance was averaged across all available matches and com-
bined with the outcomes of the physical capacity tests to
generate a single representative data point. This averaging
process reduces the influence of match-to-match variabil-
ity and enhances the reliability of the clustering outcomes.
The results from the k-means clustering are inher-
ently dependent on the input data, meaning the identified
clusters are specific to this group of young soccer players.
The match-specific running performance and physical ca-
pacity measures among the participants were rather ho-
mogenous, especially compared to previous observations
in cycling (van der Zwaard et al., 2019). This distribution
makes it more difficult to designate all players to a distinct
subgroup, as reflected by the average silhouette score
(0.31). Nonetheless, Figure 1 displays distinct and non-
overlapping subgroups in the cluster plot using the two pri-
mary principal components. When applying this methodol-
ogy to another team or club, a new cluster analysis must be
conducted, which may, and is indeed likely to, result in dif-
ferent clusters depending on the team's or club's formation.
Likewise, using a different clustering method could, and is
likely to, result in different clusters. To assess the robust-
ness of our findings, we compared the results obtained us-
ing k-means clustering to those derived from alternative
methods, including k-means++, k-medoids, and hierar-
chical clustering, and observed very similar clusters (see
Appendix C). While k-means clustering is widely used due
to its interpretability, it does come with limitations. These
include the assumption of equally sized, spherical clusters
and sensitivity to initial centroid placement. To minimize
this last limitation, we implemented 15 different starting
positions and repeated the clustering analysis 1,000 times
to establish the robustness of the clustering procedure. This
yielded very similar clusters compared to k-means++, that
selects cluster starting positions using sampling based on
the points’ contribution to overall inertia. Future research
could also explore the use of alternative clustering meth-
ods, such as DBSCAN, mean shift or spectral clustering.
The inverse relationship between sprint and endur-
ance capacity observed in cyclic sports was based on
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Wingate power output as a sprint measure. In this study,
we did not conduct Wingate tests but opted for a 20-meter
sprint test to measure sprint capacity. This test is more soc-
cer-specific and representative of in-game sprint perfor-
mance. It is however a less direct measure of leg power
compared to a Wingate test. Instead, it reflects a combina-
tion of leg power and other factors, such as running tech-
nique. This difference in methodology makes it difficult to
draw direct comparisons to the inverse relationship found
in cyclists and rowers, especially since previous literature
has shown that the explained variance between 20-meter
sprint speed and Wingate power was only 19% (Nikolaidis
et al., 2018). This difference in method for measuring
sprint capacity could have contributed to why the inverse
relationship that was previously observed in cyclic sports
was not found in our study of young soccer players.

The exercise tests were performed in pre-season.
This timing could present limitations, as players may not
have fully reached their peak physical condition. However,
we selected this point in time because it falls between the
two seasons from which we collected match-specific run-
ning performance data. Additionally, conducting the tests
outside of the competitive season helps to minimize varia-
tion caused by differences in in-season training loads and
match-related fatigue.

The question that remains is if coaches should en-
courage their players more to play according to their phys-
ical abilities. There are players that have certain well-de-
veloped physical capacities but are not identified within the
SPR or END groups. This is because they are not utilizing
these abilities in the match to the same extent as the players
identified in these groups. Similarly, there are players who
display high match-specific running performance despite
having lower physical capacities. Future research should
aim to determine if optimizing physical capacity to match
running performance or employing players based on their
physical capacity can lead to improved overall perfor-
mance.

Cluster analysis based on physical capacity and
match-specific running performance could be further en-
riched by incorporating player’s morphological character-
istics to better understand the physiological basis behind
the identified clusters. Muscle properties, such as quadri-
ceps muscle volume, fiber length, pennation angle, and
physiological cross-sectional area, could shed light on why
certain players excel in either sprint or endurance perfor-
mance (Weide et al., 2017). For instance, larger muscle
volume is associated with greater power production
(O’Brien et al., 2009), which may explain enhanced sprint-
ing capabilities. Additionally, longer muscle fibers might
circumvent the negative effect of muscle fiber hypertrophy
on oxygen diffusion and maximal oxygen consumption
(van der Zwaard et al., 2018b) and thus explain enhanced
endurance capacity. Investigating the muscle morphology
of soccer players in future studies could provide valuable
insights and may even explain why both capacities were
not inversely related.

Moreover, mixed sprint and endurance exercises,
like repeated sprints or shuttle run tests, could be collected,
and might provide extra information about the nature of the
players in each cluster group. Additionally, incorporating

longer sprints could give a clearer view of the maximal
sprint speed of the players. Furthermore, these clusters
could be used to evaluate training effects, to possibly iden-
tify groups of players who respond well to specific training
impulses.

In the future, cluster analysis could serve as a foun-
dational tool for predictive modeling, with potential appli-
cations in talent identification and injury prevention. Clus-
tering by physical capacity and match-specific running per-
formance could help predict and better discriminate which
young athletes might excel in certain roles or which players
are at higher risk of injury, allowing for more tailored train-
ing and development strategies.

Practical implications

The training staff identified two players who, based on
their playing style, would be expected to align with those
in the endurance cluster. It was surprising to them, how-
ever, to discover that these players fell significantly short
in terms of endurance capacity compared to the cluster.
This discrepancy could be an indication that these specific
players would benefit from individualized endurance train-
ing to enhance their physical capabilities and optimize their
performance in line with other endurance-oriented players.
Additionally, the training staff identified players in the
sprint cluster as those who leveraged their speed as a pri-
mary strength during matches. In contrast, players with
similar sprint speeds but lower sprint distances tended to
rely more on technical skill or tactical awareness during
matches. These players were often positioned more cen-
trally, which resulted in covering less sprint distance. Con-
versely, players in the sprint cluster, typically playing as
wingers or backs, were able to maximize their sprint dis-
tance due to the nature of their roles, which demanded
more movement and subsequently higher sprint workloads.
This suggests that, in some cases, players with higher tech-
nical ability can perform effectively without relying on a
large volume of sprint meters, while other players with su-
perior physical capacities may potentially compensate for
lower technical skills by being positioned in roles that al-
low them to fully exploit their speed. This distinction high-
lights that physical capacity is just one element of overall
performance, and that a holistic assessment that includes
technical and tactical abilities is crucial. By combining
these factors, coaches could establish different benchmarks
for players, such as those with high technical skills or
sprint-oriented players, as identified by clustering. These
insights could guide training adjustments, positioning strat-
egies, or match strategy to maximize player performance.

Conclusion

Clustering revealed distinct subgroups of soccer players
with unique combinations of sprint and endurance capaci-
ties, and sprint and endurance match-specific running per-
formance. In young elite soccer players, sprint and endur-
ance capacities showed positive, moderate, relationships
with corresponding match-specific running performance
but did not seem to be mutually exclusive or opposing. De-
rived clusters allow for identification of players who may
benefit from alternative strategic roles during matches, are
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at risk of overuse, or could gain from individualized train-
ing. This information can assist coaches in designing tai-
lored training programs for individual athletes and optimiz-
ing overall match strategy.
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Key points

e Sprint and endurance capacities showed positive,
moderate, relationships with corresponding match-
specific running performance but did not seem to be
mutually exclusive or opposing.

e C(Clustering revealed distinct subgroups of soccer
players with unique combinations of sprint and en-
durance capacities, and sprint and endurance match-
specific running performance.

e Clustering allows for identification of players who
may benefit from alternative strategic roles during
matches. are at risk of overuse, or could benefit from
individualized training.
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Appendix A: Schematic representation of the playing positions.

Schematic representation of the playing positions. Forwards (upright triangles in purple area), attacking midfielders (diamond in blue
area), defending midfielders (circles in green area), backs (squares in yellow area) and central defenders (inverted triangles in red area).
The goalkeeper is depicted as a pentagon.

Appendix B: MAS and MSS

Introduction

Maximal aerobic speed (MAS) and maximal sprinting speed (MSS) are two alternative measures of endurance and sprint capacity
commonly used in soccer literature (Mendez-Villanueva et al., 2010; Sandford et al., 2021). MAS reflects running-specific endurance
and is derived from VOamax but is also influenced by running efficiency, which depends on anthropometric and biomechanical factors.
In this study, we primarily focused on VOzmax because it is more closely related to actual muscle-level aerobic capacity. However,
MAS may be a practically relevant measure, as it reflects the endurance demands in a match context. To address this, we compared
MAS and MSS over the clusters identified by unsupervised machine learning (SPR, END, AVG), and examined how MAS and MSS
relate to each other as well as to corresponding match-specific running performance.

Methods

MAS was defined as the running speed at which VOamax was attained. Since VOamax was calculated using a 30-s rolling average, the
midpoint of this window was used to determine the time at which VOamax occurred. To derive MAS as a continuous variable rather
than a discrete one, the running speed was interpolated based on the elapsed time within the final stage, proportionally assigning a
speed between the current and subsequent stage of the test. The MSS was defined as the highest speed recorded during the 20-meter
sprint. This likely underestimates the players’ true maximum speed because a longer distance, closer to 40 meters, is typically required
to reach top speed. However, it still provides a useful indication of maximal sprinting ability within a soccer-specific context.

MAS and MSS were compared over the clusters identified by unsupervised machine learning (SPR, END, AVG). Additionally,
linear regression analysis was used to identify the relationship between MAS and MSS. The relationships between these physical traits
were quantified in terms of explained variance (R?). Subsequently, a Deming regression was employed after normalizing the physical
traits to Z-scores in accordance with previous literature (van der Zwaard et al., 2018) to fit the relationship between these traits ac-
counting for errors in both traits rather than that of the dependent variable only (as is common in simple linear regression analysis).
Moreover, the average match-specific sprint performance was plotted against the MSS, while the distance covered at moderate and
high intensity (MIR+HIR) during an average match was plotted against the MAS. Linear regression was used to examine these rela-
tionships and R? was used to quantify the explained variance of physical capacity on match-specific running performance.
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Results

For our sample of young elite soccer players, the MSS over 20 meters was 29.58 + 0.71 km/h with values ranging from 27.73 to 31.20
km/h. MAS was 19.50 + 1.05 km/h with values ranging from 16.49 to 21.30 km/h. The three clusters identified by k-means clustering
were compared for differences in MAS and MSS (Figure 5). END had a significantly higher MAS than AVG (20.35 vs 18.86 km/h;
mean difference = 1.49, 95%CI [0.35, 2.63], P < 0.01) and there was a trend for increased MSS of SPR compared to END (30.30 vs
29.18 km/h; mean difference = 1.12; 95%CI [0.07, 2.32], P = 0.07).
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Figure 5. Group differences of the three clusters for their maximal 20-meter sprint speed (MSS 20-meter) and maximal aerobic
speed (MAS). See the caption of Figure 1 and the text for the characteristics of the three clusters: SPR, END and AVG.

Similar to the comparison between 20-meter sprint speed and VO2max normalized to LBM?? (R?=0.086, P = 0.16), no (negative)
relationship between MAS and MSS (R?= 0.009, P = 0.66) was observed (Figure 6). The Deming regressions revealed similar results
in both cases (P = 0.16 and 0.66, respectively).
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Figure 6. Maximal aerobic speed (MAS) plotted against the maximal 20-meter sprint speed (MSS 20-meter). Each point reflects
the data of a single young elite soccer player, for a total of 24 players. A linear regression revealed no significant relationship
between the depicted variables. Clusters are indicated as follows: yellow square (AVG, average), red triangle (END, endurance-ori-
ented), and blue circle (SPR, sprint-oriented).

Similar to the comparison between average sprint speed and average sprint distance during a match, the linear regression
showed a moderate, significant positive relationship between average sprint distance during a match and the MSS (R? = 0.230, P =
0.01). Moreover, linear regression revealed a substantial, significant positive relationship between average match distance at moderate
and high intensity and MAS (R? = 0.409, P < 0.01) (Figure 7).
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Figure 7. (A) Average sprint distance during a match plotted against the maximal sprint speed over a 20-meter sprint (MSS
20-meter). Each point represents the data of a single young elite soccer player, for a total of 27 players. Linear regression (black
line) shows a moderate, significant positive relationship between these variables. (B) Average match distance at moderate and
high intensity (14-24 km/h) plotted against maximal aerobic speed (MAS) for 28 young elite soccer players. A substantial,
significant positive relationship was found. Clusters are indicated as follows: yellow square (AVG, average), red triangle (END,
endurance-oriented), blue circle (SPR, sprint-oriented), and pink rhombus (insufficient data for clustering).

Appendix C: Alternative clustering methods

KMeans++ clustering (Centroid-based) KMedoids clustering (Medoid-based)
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Figure 8. k-means++, k-medoids, and hierarchical clustering as alternative clustering methods to k-means. All three alternative
methods show very similar clusters compared to k-means.



