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Abstract

Soccer players are frequently categorized by playing positions,
both in the scientific literature and in practice. However, the util-
ity of this approach in evaluating physical match performance and
optimizing physical training programs remains unclear. This
study compares the effectiveness of categorizing soccer players
by their playing position versus using unsupervised machine
learning based on match-specific running performance. Match-
specific running data were collected from 40 young elite male
soccer players over two seasons. Thirty-one of these players com-
pleted a 20-meter sprint test and a maximal incremental treadmill
test to measure maximal oxygen uptake. Players were categorized
both by playing position and by subgroups derived through -
means clustering based on match-specific running performance.
Differences in sprint capacity, endurance capacity, and match-
specific running performance were compared between and within
playing positions, as well as between and within clusters. The two
categorization methods were further compared for variance
within subgroups and standardized differences between sub-
groups for total distance (TD), low-intensity running (LIR), mod-
erate-intensity running (MIR), high-intensity running (HIR), and
sprint distance during matches. Match-specific running perfor-
mance differed between playing positions, despite notable inter-
individual differences in running intensities within playing posi-
tions. Clustering based on match-specific running performance
revealed less variance within groups (TD: P = 0.049, LIR: P =
0.032, HIR: P = 0.033) and larger standardized differences be-
tween groups (LIR: P =0.037, MIR: P =0.041, HIR: P =0.035,
Sprint: P = 0.018) compared to grouping by playing position.
Moreover, 20-meter sprint speed differed between the sprint and
high intensity endurance clusters (25.22 vs 23.75 km/h, P =
0.012), but not between playing positions. Using unsupervised
machine learning to categorize soccer players improves the iden-
tification of player groups with similar match-specific running
performance, thereby supporting performance evaluation and
contributing to the optimization of physical training.

Key words: Clustering, football, artificial intelligence, physiol-
ogy, sprint speed, VOamax.

Introduction

Soccer performance depends on multiple factors, including
technical, tactical, and physical aspects. The technical and
tactical factors are often viewed as the strongest determi-
nants of soccer performance and hence receive the most at-
tention in training (Fuhre et al., 2022; Soos et al., 2022;
Wing et al., 2020). However, the physical factors underly-

ing soccer performance are receiving more and more
attention over the last decade, especially in view of the
steep increase in match intensity, match load and the in-
creasing number of matches played (Julian et al., 2021;
Modric et al., 2021a).

Soccer is a dynamic sport, which requires high en-
durance capacity, since elite soccer players typically cover
10 to 12 kilometers during a 90-minute match (Stelen et
al., 2005). In the context of this endurance performance,
the players perform a wide array of explosive activities and
actions 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 the maximal
oxygen uptake (VOamay), With lactate concentrations aver-
aging 3 - 9 mM, and values frequently exceeding 10 mM
(Bangsbo, 1994).

Physical conditioning plays an important role in
soccer performance, as evidenced by the fact that both en-
durance and sprint capacities are higher in elite soccer
players compared to sub-elite or amateur players (Stelen et
al., 2005). Additionally, physical conditioning appears to
play a key role in improving distance covered, work inten-
sity, number of sprints and number of ball involvements
during a match (Helgerud et al., 2001). Furthermore, alt-
hough injuries have many causes (Bittencourt et al., 2016),
it has been shown that appropriate physical training can re-
duce the risk of injury and improve players’ overall fitness,
which in turn may help protect against injury, leading to
greater physical output and resilience in competition
(Gabbett, 2016, 2020; Towlson et al., 2021). This is criti-
cally important as the prevalence of injuries has increased
markedly over the last 20 years (Ekstrand et al., 2016).
These findings and data indicate that physical factors play
an important role in soccer and should therefore not be ig-
nored in training.

To efficiently train the physical aspects of soccer, it
is essential to understand the load experienced during a
match. Match load can be quantified through various meth-
ods, broadly categorized into internal and external load
metrics. Internal load represents the psychophysiological
stress experienced by the player and is often measured us-
ing heart rate or rate 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,
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defined as the combination of distance covered and speeds
achieved. Understanding the load experienced during a
match is particularly important given the various playing
positions in soccer, each of which is associated with differ-
ent match tasks and varying external loads, as reflected in
match-specific running performance (Bangsbo et al., 1991;
Gil et al., 2007; Wisloeff et al., 1998). For example, Mohr
et al. (2003) reported that the total distance covered and
high intensity running distance were higher for midfield
players, full-backs and attackers compared to central de-
fenders. Additionally, attackers and full-backs covered a
greater distance sprinting than midfield players and de-
fenders. Given that different playing positions are associ-
ated with distinct external match loads; it may be advanta-
geous to tailor physical training to the specific demands of
each position. In line with this, several studies have empha-
sized the importance of tailoring specific physical abilities,
such as VOamax, jump height, acceleration and sprint speed,
to the playing positions of soccer players (Filter et al.,
2023; Metaxas, 2021; Slimani et al., 2019). This practice
of grouping players by playing position is common, not
only in the scientific literature, but also in real-world train-
ing settings. There is, however, no standardized method for
categorizing soccer players by playing position, as evi-
denced by the variety of methods used in previous studies
(Gil et al., 2007). For instance, in some studies players are
crudely classified into forwards, midfielders, and defend-
ers (Sods et al., 2022), while in other studies defenders are
differentiated further into central defenders and full-backs
and midfielders into attacking and defending midfielders
or wide/external and central midfielders (Bangsbo, 2014).
In some studies, midfielders are even divided into three
groups: central defensive, wide, and central attacking mid-
fielders (Dellal et al., 2011). However, these categoriza-
tions are based on tactical positioning rather than on phys-
ical characteristics or match load factors. This means that
despite these distinctions in playing positions, it is still un-
clear if this type of categorization is optimal for evaluating
physical match performance and guiding physical training
programs.

Although training should ideally be tailored to each
individual player's specific physical capacities and match
requirements, soccer is a multifaceted team sport that not
only depends on physical performance but also requires
high levels of proficiency in other domains. The substantial
time needed to address other essential components, such as
technical skills, tactical insight, and team cohesion, often
limits the feasibility of implementing individualized phys-
ical training programs and seeing them through in full.

A potential alternative involves categorizing play-
ers into distinct subgroups based on their individual exter-
nal load displayed during a match. In recent years, several
studies have applied machine learning techniques to study
internal and external load variables in soccer (Jaspers et al.,
2018; Pillitteri et al., 2024; Rico-Gonzalez et al., 2023).
Machine learning techniques offer a promising approach
for identifying clusters of players exhibiting similar exter-
nal match load, which would enable the development and
implementation of training strategies that specifically tar-
get players’ match load. Such clustering analysis can be
performed using unsupervised machine learning, such as

by employing the k-means algorithm (Hartigan and Wong,
1979). This technique has previously been successful in
identifying subgroups with similar physical characteristics
in professional soccer players (Novack et al., 2013). Addi-
tionally, this technique has successfully identified distinct
subgroups in other sports, such as elite cyclists based on
their anthropometric characteristics (van der Zwaard et al.,
2019). In this study we use k-means clustering to categorize
soccer players according to their individual match-specific
running performance to create subgroups of players with
similar external match load.

This study compares the effectiveness of categoriz-
ing young elite soccer players based on playing position to
categorizing them using clusters based on match-specific
running performance. Sprint capacity, endurance capacity,
and match-specific running performance are compared
both between and within playing positions as well as be-
tween and within clusters. Additionally, the study explores
the potential of unsupervised machine learning to enhance
player categorization by assessing how well both categori-
zation methods identify subgroups with similar match-spe-
cific running performance.

We hypothesize that distinct playing positions are
associated with specific roles and tasks during matches.
These differences in roles and demands are expected to be
reflected in the match-specific running performances and
sprint and endurance capacities exhibited by soccer players
playing at different positions. However, we expect that em-
ploying clustering analysis offers a more nuanced approach
for grouping soccer players, as positional roles can be exe-
cuted in markedly different ways, depending on both the
individual capabilities of the player and the strategic deci-
sions made by the coaching staff.

Methods

Participants

Forty (40) young male elite soccer players at a professional
football club of international caliber were included in this
study (U18 and U21, age = 18.0 £ 1.1 years, height = 1.79
+ 0.06 m, weight = 71.4 &+ 6.1 kg; mean + standard devia-
tion). U18 played in the highest league for their age group
in the Netherlands (Eredivisie) and U21 played profession-
ally in the second highest league in the Netherlands (KKD:
Keuken Kampioen Divisie). They were grouped according
to their most frequently played playing position: 10 for-
wards (F), 9 attacking midfielders (AM), 7 defending mid-
fielders (DM), 6 full-backs (FB) and 8 central defenders
(CD). Playing position was determined as assigned by the
coach during matches (see Appendix A for a schematic
overview of the playing positions). Goalkeepers were ex-
cluded from the study, because they have a distinctly dif-
ferent match-specific running performance than outfield
players. Match-specific running data were collected from
all 40 players over two full seasons, with 31 participants
undergoing exercise testing at the start of the second sea-
son.

Ethical statement

The study was conducted in full compliance with the
Declaration of Helsinki (2013) and was approved by The
Scientific and Ethical Review Board (VCWE-2023-054) of
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the Faculty of Behavioural and Movement Sciences of the
Vrije Universiteit Amsterdam. Participants provided writ-
ten informed consent.

Match-specific running performance

Match-specific running performance data was collected
over two seasons from the U18 and U21 teams using three
positional tracking systems. The first system is a local po-
sition measurement system (Inmotio Local Position Meas-
urement (LPM); Inmotio, Zeist, the Netherlands) with an
overall sample frequency of 1,000 Hz divided by the num-
ber of active transponders on the field. The average meas-
urement frequency per active transponder varied from 40
to 80 Hz over the measurement sessions, depending on the
number of active transponders. The LPM system has been
shown to be an accurate and valid measurement device for
player tracking in football with a mean difference from the
actual distance of at most -1.6% (Frencken et al., 2010;
Ogris et al., 2012) and an accuracy of 10 cm according to
the manufacturer. The second system is a GPS-based sys-
tem (Inmotio GPS; Insiders, Lausanne, Switzerland),
which measures with a frequency of 10 Hz and has an ac-
curacy of 30 cm. The third system is an optical tracking
system (SciSports Optical tracking; Panoris, Brno, Czech
Republic), which has a measurement rate of 25 Hz. All col-
lected data was processed using imoClient software
(Inmotio, Zeist, the Netherlands). Data was available from
all home and away games (n = 819, with an average of 20.5
games played per player). The same data filtering of posi-
tional data was applied to all tracking systems, using 100%
weighted Gaussian average filter and a 500-ms speed frame
interval. Data obtained during friendly games were not in-
cluded in the dataset, as their physical performance in these
games could differ from actual match condition (Modric et
al., 2019). Furthermore, a minimum of 80 minutes of play-
ing time was required for a match to be included. The po-
sition data was integrated over time and categorized into
multiple speed ranges. Running distances were classified
as follows: Low Intensity Running (LIR): <14 km/h, Mod-
erate Intensity Running (MIR): >14 and <19 km/h, High
Intensity Running (HIR): >19 and <24 km/h, and Sprint-
ing: >24 km/h. These zones are based on threshold values
established by the professional soccer team and closely
correspond with those described in the literature (Gualtieri
et al., 2023; Vieira et al., 2019). Additionally, a combined
metric of all zones, referred to as total distance (TD), was
included.

To investigate if playing positions exhibit distinctly
different match-specific running performances, the five
different positional groups (F, AM, DM, FB, CD) were
compared regarding the distance covered at different inten-
sities (LIR, MIR, HIR, and sprinting) as well as the total
distance covered during the match (TD).

When categorizing players solely based on their
most played position, players that distributed their playing
time over two playing positions can unfairly influence the
running performance of their most played position. As an
example, one player played 15 games as full-back and 23
as central defenders. Therefore, to enable a fair comparison
between the match-specific running performance belong-
ing to a specific playing position, the match data was

categorized based on the actual position played in each
match, rather than according to the most frequently played
position for each player. For the player in the example that
would mean splitting the data into one data point reflecting
15 games played as full-back and one data point reflecting
23 games played as central defender. To address potential
bias in match-specific running performance influenced by
players occupying a position only once or twice for tactical
reasons or out of necessity due to injury, an inclusion cri-
terion was invoked, which required that a minimum of
three games had to be played in a specific position. Of the
40 players assessed, 17 players had accumulated more than
three matches at two different positions, while two players
met this criterion at three distinct positions. One player did
not meet the three-match threshold for any position, and
the remaining 20 players had more than three matches
played in only one position. This inclusion process ulti-
mately resulted in 60 data points of average match-specific
running performances (consisting of a total of 744 individ-
ual matches and an average of 12.4 matches per data point)
at a playing position.

Physical capacity

Sprint capacity: The sprint capacity was measured during
an all-out linear sprint test over 20 meters on an artificial
grass surface. This sprint distance was used because it is
representative for soccer sprints during competition and
provides a relevant and practical indicator of the player’s
capacity to generate explosive power in match-specific
contexts (Nikolaidis et al., 2016b). Before the sprint test,
participants underwent a standard warm-up routine for soc-
cer practice designed by the physical training staff of the
team. This routine consisted of dynamic stretching, run-
ning exercises and footwork drills. Participants were in-
structed to cover the 20 meters as fast as possible from a
static start. They performed this measurement twice and
the fastest time was used for further analysis. Participants
were familiar with the test protocol as this is a standard
testing procedure performed in daily practice by the team.
Positional data was obtained using LPM (Inmotio, Zeist,
the Netherlands; Inmotio GPS; Insiders, Lausanne, Swit-
zerland) and integrated over time to determine the average
sprint speed over 20 meters.

Endurance capacity: VOamax is considered the gold
standard for measuring endurance capacity and represents
a critical determinant of endurance performance (van der
Zwaard et al., 2021). In this study the endurance capacity
was defined as the VOamax obtained during a maximal in-
cremental treadmill test (Kemi et al., 2003). The speed of
the motorized treadmill (H/P/COSMOS - Pulsar 3P,
Samcon bvba, Melle, Belgium) was increased by 1.5 km/h
every 2 minutes, starting at 8.5 km/h. The measurement
ended either when the player was unable to run at the speed
of the treadmill and voluntarily stepped off or when they
fell and were suspended by the safety harness. Breath-by-
breath gas exchange analysis (Vyntus CPX, Jaeger-Care-
Fusion, UK) was used to measure VOapay. Calibration was
performed according to the manufacturer’s instructions.
The gas analyzer was calibrated using automatic reference
gas calibration (15% 02, 5% CO2, 80% N2) and volume
transducer was calibrated using the automatic integrated
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blower. Breath-by-breath data was smoothed and VOamax
was calculated as the highest 30-s value. VOomax Was nor-
malized to lean body mass?? to eliminate the influence of
body size (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™"). Participants were instructed to avoid strenuous
exercise for 30 hours leading up to the exercise testing.

Machine learning

Clustering was used to identify subgroups of players with
similar match-specific running performance characteris-
tics. The clustering was performed using the k-means algo-
rithm, an unsupervised machine learning technique, which
is described in detail in the literature (Hartigan and Wong,
1979; van der Zwaard et al., 2019). During multiple itera-
tions, data points were assigned to the most nearby centroid
based on their Euclidean distance. Initial centroid positions
were obtained at random. During each iteration, the loca-
tion of the centroid was recalculated as the average position
of all assigned data points to that specific cluster. This pro-
cess was repeated until the total within sum of square was
minimized, and the location of the centroids no longer
changed. For the present analysis, a maximum of 100 iter-
ations was used and optimization was performed using 15
random starting partitions to enhance cluster stability. As
input variables, we used the four speed categories, LIR,
MIR, HIR, and sprint distance, which were normalized to
Z-scores before being entered into the algorithm. The opti-
mal number of clusters for the present data was determined
to be 5, based on an evaluation of the elbow and silhouette
plots. The stability of the cluster was evaluated by repeat-
ing the k-means algorithm 1,000 times and examining
whether cluster assignment was consistent over these 1,000
runs. After this machine-learning analysis, differences in
sprint, endurance and match-specific running performance
were evaluated between the identified clusters. Addition-
ally, we evaluated how playing positions were distributed
among the clusters.

Statistical analysis

To ensure the validity of the statistical analyses, the
Shapiro-Wilk test and visual inspection of data distribution
plots were used to verify normality. One-way ANOV As or
the non-parametric Kruskal-Wallis were performed to as-
sess differences between playing positions on average 20-
meter sprint speed, VOamax and match-specific running per-
formance, specifically total distance, LIR, MIR, HIR, and
sprint distance. Similarly, unique characteristics of the
clusters identified by machine learning were compared be-
tween the clusters using a one-way ANOVA. Following
the ANOV A tests, the Bonferroni post-hoc test was used to
identify which specific groups exhibited statistically sig-
nificant differences. Additionally, the two methods of
grouping soccer players - i.e. that based on playing position
and that based on clustering of match-specific running per-
formance - were compared statistically. To test which of
these methods resulted in the most uniform subgroups, for
each method we obtained the Coefficient of Variation (CV)
within the subgroups and the effect sizes (Cohen’s d) of the
differences between subgroups using pairwise compare-

sons. Effect sizes are evaluated according to Cohen (1988).
For total distance, LIR, MIR, HIR, and sprint distance, in-
dependent #-tests were employed to test for significant dif-
ferences in CV and effect size between the two grouping
methods. F-tests were conducted to examine whether the
data from the two methods exhibited equal variation, and
in cases of unequal variation, the Welch's correction was
applied. In cases of a non-normal distribution, the non-par-
ametric Mann-Whitney U test was used instead. Results
were considered statistically significant if the P-value was
equal to or less than 0.05 (o).

Results

Physical capacity

The 20-meter sprint test was performed 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 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. The average VOomax relative to body weight
was 57.93 + 3.91 mL/kg/min. When normalized to LBM??,
the average VOomax Was 257.3 = 14.51 mL/kgppm®*/min,
with values ranging from 232.30 to 295.90.

Physical capacity and match-specific running perfor-
mance across playing positions

Comparing sprint and endurance performance between
playing positions revealed no significant differences in
sprint speed (P = 0.769) or endurance capacity (P = 0.241)
(Table 1, Figure la and Figure 1b). However, the playing
positions showed marked differences in match-specific
running performances. In competition, there were signifi-
cant differences in total distance (F, AM, DM > CD; AM,
DM > FB; DM > F), low intensity distance (DM, AM >
FB; DM > CD = F), moderate intensity distance (DM =
AM > F = FB = CD), high intensity distance (AM = F =
FB =DM > CD) and sprint distance (F, FB > CD; F > DM)
(Table 2, Figure 2). The positional analysis of sprint dis-
tance was performed using the non-parametric Kruskal-
Wallis test with Bonferroni correction, because the data ex-
hibited a non-normal distribution on a Shapiro Wilk test (P
=0.001).

The central defenders covered significantly less dis-
tance at high intensity (688 m vs 486 m, P < 0.001) or
sprinting (249 m vs 150 m, P =0.012) compared to the full-
backs, with the full-backs nearly sprinting the most and the
central defenders sprinting the least of all positional
groups. Additionally, the forwards covered a significantly
greater sprint distance (258 m vs 150 m, P =0.010) and a
significantly shorter total (10,726 m vs 11,388 m, P =
0.028), low (8,004 m vs 8,494 m, P = 0.007) and moderate
intensity running distance (1,708 m vs 2,046 m, P =0.012)
compared to the defending midfielders, but not when com-
pared to the attacking midfielders. Similarly, the central de-
fenders covered a shorter low-intensity distance compared
to the defending midfielders (7,960 m vs 8,494 m, P =
0.007), but not compared to the attacking midfielders. Even
though there were significant differences between playing
positions, there was also considerable interindividual vari-
ation within the different positional groups (average
CV within positional groups: TD: 4.5%, LIR: 3.9%, MIR:
12.7%, HIR: 13.6% and sprint: 33.5%).
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Categorizing players based on clusters with similar
match-specific running performance

Players can also be grouped by similarities in match-spe-
cific running performance rather than by playing position.
Using unsupervised machine learning, we identified five
distinct clusters of players with similar match-specific run-
ning performances (Figure 3). Based on their characteris-
tics, we refer to these clusters as Low Intensity Endurance
group (LIE), High Intensity Endurance group (HIE), Sprint
group (SPR), Low Sprint and Endurance group (LOW),
and Balanced group (BLC). Cluster characteristics are
summarized in Table 3 and visualized in Figure 4. Among
the identified clusters, SPR (sprint) represented a sprint-fo-
cused subgroup, covering relatively few meters at speeds
below 19 km/h. This group consisted of the most explosive
full-backs and forwards. LOW (low sprint and endurance),
on the other hand, contained players with the lowest phys-
ical load, as they covered a moderate distance at low inten-
sity and short distances in all other intensity zones. This
group consisted mostly of central defenders, but also con-

Table 1. Average sprint and endurance capacity per position.

tained one player from each other playing position. HIE
(high intensity endurance) consisted of individuals who
covered the greatest total distance and substantial distances
at low, moderate, and high intensity levels. For the most
part, this group consisted of attacking midfielders, apart
from one defending midfielder and one forward. LIE (low
intensity endurance) consisted of players who primarily
covered a significant distance at low to moderate intensity
and had the least sprint meters of all the cluster groups.
This group consisted of attacking and defending midfield-
ers and one forward. Lastly, BLC (balanced) represented a
balanced group, incorporating a combination of different
intensity levels. This group included players from all play-
ing positions, but primarily full-backs and forwards. The
physical capacities of the players in the clusters are dis-
played in Figure 5. Similar to the positional analysis, there
were no significant differences between the five clusters
for endurance capacity (P = 0.235). However, on the 20-
meter sprint test, average speed of SPR was ~1.5 km/h
faster than that of HIE (25.22 vs 23.75, P=0.012).

Forward  Attacking midfielder Defending midfielder Central defender Full-back
Average 20-m sprint speed 24.59+0.7 24.13+0.6 2425409 2435+0.4 2444 +0.8
Normalized VO2max 253.1+14.5 2554 +8.1 261.3 +23.7 250.3+5.0 270.7 £10.2

Speed parameters are expressed in km/h. Normalized VO,pq is normalized to LBM?? and is expressed as: mL/kgy gy >/min.
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Figure 1. Average 20-meter sprint speed and VOzmax, normalized to lean body mass, for each playing position. Each data
point represents individually obtained values of male young elite soccer players. A) Means and standard deviations for
average sprint speed are presented for forwards (n = 9), attacking midfielders (n = 8), defending midfielders (n = 4), central
defenders (n =4), and full-backs (n =4). B) Means and standard deviations of normalized VO2max are displayed for forwards
(n =9), attacking midfielders (n = 8), defending midfielders (n = 5), central defenders (r = 4), and full-backs (n = 4). There
were no significant differences between the playing groups for average sprint speed (P = 0.769) and normalized VOpax (P = 0.241).

Table 2. Average match-specific running performance per playing position.

Forward Attacking midfielder Defending midfielder Full-back Central defender
TD 10726 + 597 11295 + 620 11388 + 354 10539 + 513 10115 +338
LIR 8004 £ 366 8309 + 381 8494 + 337 7899 + 323 7960 £ 197
MIR 1708 + 306 2011 +£269 2046 = 160 1685+179 1501 £207
HIR 738 £ 114 762 + 125 681 +83 688 + 99 486 + 46
Sprint 258 + 77 195+ 70 150 £ 65 249 + 103 150 + 26

Mean + SD of the five different playing positions. TD = total running distance, LIR = low intensity running distance (<14 km/h), MIR = moderate
intensity running distance (=14 and <19 km/h), HIR = high intensity running distance (=19 and <24 km/h), Sprint = sprinting distance (>24 km/h) in
meters.
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Figure 2. Average match-specific running performance for each playing position obtained over two full seasons. Match-specific
running performance was determined based on A) Total Distance (TD), B) Low Intensity Running (LIR): <14 km/h, C) Mod-
erate Intensity Running (MIR): >14 and <19 km/h, D) High Intensity Running (HIR): >19 and <24 km/h, and E) Sprinting:
>24 km/h. Each data point represents the average match performance, in meters covered, of young elite male soccer players
achieved when playing at a certain position (with a minimum of 3 games played at that position). Mean + SD are shown for
forwards (n = 17), attacking midfielders (» = 10), defending midfielders (n =9), full-backs (n = 13), and central defenders (n =
11). Significance is indicated (* P < 0.05) and determined by one-way ANOVA with Bonferroni correction, except for sprint distance, where the non-
parametric Kruskal-Wallis test with Bonferroni correction has been applied. There were significant differences between the different playing positions
in total distance covered (F, AM, DM > CD; AM, DM > FB; DM > F), distance covered at low intensity (DM, AM > FB; DM > CD = F), distance
covered at moderate intensity (DM = AM > F = FB = CD) , distance covered at high intensity (AM = F = FB = DM > CD) and distance covered while

sprinting (F, FB > CD; F > DM).

Categorizing players by playing positions or clustering
We found notable interindividual variation in match-spe-
cific running performance when categorizing soccer play-
ers either by playing position or clustering. To test which
of these methods resulted in the most uniform subgroups,
we compared the within-group variation between catego-
rizing based on playing position and clusters. We per-
formed this analysis separately for the distances run at each
of the four intensity zones and for the total running dis-
tance. There was significantly less variation in the cluster
groups compared to the positional groups for total distance
(3.1% vs 4.5%, P = 0.049), low (2.6% vs 3.9%, P = 0.032)
and high intensity running (10.0% vs 13.6%, P = 0.033)
distance. Additionally, there was a trend towards signifi-
cance for moderate intensity running distance (8.0% vs
12.7%, P = 0.077). There was no significant difference in

variance between categorization methods for sprint dis-
tance (25.0% vs 33.5%, P = 0.237). We also compared
standardized differences between subgroups based on pair-
wise comparisons. After grouping based on playing posi-
tions, average effect sizes were large for all match-specific
performance categories (TD: 1.42, LIR: 0.95, MIR: 1.29,
HIR: 1.39, Sprint: 0.86), indicating distinct differences be-
tween positional subgroups. However, the effect sizes for
the clustering method were even larger (TD: 2.54, LIR:
2.05, MIR: 2.92, HIR: 2.65, Sprint: 2.30). Comparison be-
tween the two methods showed that the effect size for the
clustering method was significantly larger for low (2.05 vs
0.95, P =0.037), moderate (2.92 vs 1.29, P = 0.041), high
intensity running (2.65 vs 1.39, P =0.035) and sprint (2.30
vs 0.86, P =0.018) distance and showed a tendency for to-
tal distance (2.54 vs 1.42, P =0.080).
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Figure 3. Cluster plot with a two-dimensional representation of the five physiological clusters. Clusters are displayed in the two
most important dimensions (explaining 88.47% of point variability), which represent a combination of four different speed
categories: LIR (<14 km/h), MIR (>14 and <19 km/h), HIR (=19 and <24 km/h) and Sprint >24 km/h). Individual values and
spanning ellipses of clusters are presented for LIE (low intensity endurance cluster), HIE (high intensity endurance cluster),

SPR (sprint cluster), LOW (low endurance and sprint cluster) and BLC (balanced cluster).

Table 3. Average match-specific running performance per cluster.

LIE HIE SPR LOW BLC
TD 11463 £ 269 11793 + 281 10641 + 381 10152 £ 316 10554 £ 411
LIR 8646 + 198 8420 £ 193 7832 + 158 8049 + 201 7890 =307
MIR 2016 + 138 2252 +56 1645+ 163 1440 + 124 1748 +£210
HIR 653 £72 887+ 76 757+77 500 + 58 691 £ 60
Sprint 131 £55 217 +41 388 £ 67 146 + 43 207 + 36

Mean + SD of the five different cluster groups. TD = total running distance, LIR = low intensity running distance (<14 km/h), MIR = moderate intensity
running distance (>14 and <19 km/h), HIR = high intensity running distance (>19 and <24 km/h), Sprint = sprinting distance (>24 km/h) in meters.

Discussion

This study compared the effectiveness of categorizing
young elite soccer players based on playing position and
categorizing them by using clusters derived from match-
specific running performance. Sprint capacity, endurance
capacity, and match-specific running performance were
compared both between and within playing positions as
well as between and within clusters. Although there were
significant differences in match-specific running perfor-
mance between the playing positions, these differences
were not reflected in the maximal sprint and endurance ca-
pacity of the players. Despite the observed differences in
match-specific running performance between the posi-
tions, substantial interindividual variation remained within
playing positions. We introduced an alternative way of
grouping players based on unsupervised machine learning
to identify subgroups of players with similar match-spe-
cific running performance. This clustering method yielded
more distinct subgroups in terms of external match load, as
demonstrated by lower within-group variance and larger
effect sizes between subgroups in match-specific running
performance. As a result, this approach facilitates targeted
training programs towards the specific load experienced in
the match by the players. Both of our research hypotheses
were thus confirmed.

Physical capacity is similar across playing positions
The average sprint speed of the present group of players
on the 20-meter sprint test was 2 km/h faster (24.36 vs

22.42 km/h) than reported reference values for young elite
soccer players of Ul8 and U2l available in literature
(Nikolaidis et al., 2016a). The average relative VOamax of
the young elite soccer players that participated in this study
was 57.93 + 3.91 mL/kg/min, which is in line with average
values reported in young elite Norwegian (58.1
mL/kg/min) and Tunisian (61.6 mL/kg/min) players
(Chamari et al., 2004; Helgerud et al., 2001). However, ex-
ceptions exist, as evidenced by the U18 Hungarian team
recording values as high as 73.9 mL/kg/min (Stelen et al.,
2005). It was hypothesized that specific playing positions
are associated with specific roles and tasks during matches
(e.g., intercepting passes or building up play), resulting in
varying match-specific running performances and physical
capacities exhibited by the players. However, no signifi-
cant difference in average 20-meter sprint speed or normal-
ized VOomax was found between the different playing posi-
tions of young elite soccer players. This finding is in line
with that of Lago-Pefias et al. (2011), who found no signif-
icant difference in 30-meter sprint speed between the dif-
ferent positional groups in young male soccer players of
Spanish regional representative teams, and that of Metaxas
(2021) who found no significant difference between the
VOamax of positional groups in Greek elite male soccer
players. However, Haugen et al. (2013) found that over a
20-meter sprint, forwards were faster than defenders who
in turn were faster than midfielders, in male junior soccer
players ranging from 5% division to national level.
Bangsbo and Michalsik (2002) observed that for a group of
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elite Danish male soccer players, central defenders showed
significantly lower VOamax than full-backs, midfielders and
forwards. These differences in findings could arise from
different philosophies of teams or countries regarding
physical training and application of the capabilities of the

players in a match. A possible explanation for a lack of a
significant difference in physical capacities between posi-
tional groups could be that trainers and coaches do not nec-
essarily distinguish between playing positions in their
training programs.
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Figure 4. The average match-specific running performance across the five identified physiological clusters. Each data point
corresponds to the average match performance, in meters covered, of a young elite soccer player over two full seasons, with
mean and standard deviation presented. The clusters are denoted by their characteristics: LIE (low intensity endurance), HIE
(high intensity endurance), SPR (sprint), LOW (low endurance and sprint), and BLC (balanced). The comparison of these
groups (LIE: n =7, HIE: n =5, SPR: n =6, LOW: n =10, BLC: n = 12) is depicted for A) total distance covered, B) distance
covered at low intensity (<14 km/h), C) distance covered at moderate intensity (=14 and <19 km/h), D) distance covered at high
intensity (=19 and <24 km/h), and E) distance covered while sprinting (=24 km/h). Significance is indicated (* P < 0.05) and determined

by one-way ANOVA with Bonferroni correction.

A

n N o N

& (3] o ~

1 1 1 ]
*

N
w
1

Average speed on 20m (km/h)

N
N
1

T 1 T T
LIE HIE SPRLOWBLC

(v:]

300+
280
260 P
240- B °

220

VO,max (mL/kg gy *imin)

200- T T T T
LIE HIE SPRLOWBLC

Figure 5. Average 20-meter sprint speed and VO2max, normalized to lean body mass?3, per playing position. Each data point

represents individually obtained values of male young elite soccer players. A) The means and standard deviations for aver-
age sprint speed are shown for LIE (n = 6), HIE (n = 4), SPR (n = 4), LOW (n =5), and BLC (n = 8). B) The means and
standard deviations of normalized VO2max are shown for LIE (n =6), HIE (n =3), SPR (n =4), LOW (n =5) and BLC (n =
10). Significance is indicated (* P < 0.05) and determined by one-way ANOVA with Bonferroni correction. There were no
significant differences between the five different clusters for endurance capacity (P = 0.241). However, on the 20-meter
sprint, the average speed of SPR was 1.5 km/h faster than HIE (25.22 vs 23.75, P = 0. 012).



Haan et al.

573

Instead, they might apply their physical training to the en-
tire group or tailor it to the individual players in the group.
Individualized physical training can be performed in the
gym using specific exercises tailored to each individual’s
match load or be applied in the form of sport-specific ex-
ercises during field training or in the form of small-sided
games. It is essential to note that our study population re-
ceived individualized training, particularly in the form of
physical training in the gym. Another possible explanation
is optimizing the physical aspects of the individual players
is hampered by the busy match schedule, with a match day
every 3 to 7 days. This might be easier in other sports with
less frequent competitive demands. In line with this hy-
pothesis, when comparing our results with studies in row-
ing and cycling, the observed range of VOamax found in the
present study was substantially smaller than in those cycli-
cal sports (van der Zwaard et al., 2016; 2018b). Further-
more, it is possible that trainers tailor the physical training
program to reflect the total weekly load experienced by the
player, rather than focusing solely on match load. It could
be argued that to optimally train all aspects of soccer
throughout the week, players require a baseline of physical
capacities necessary to perform training exercises effec-
tively (Silva et al., 2016). In our case this would be a min-
imum average 20-meter sprint speed of 23.08 km/h and a
minimum VOsmax of 49.88 mL/kg/min. This baseline might
exceed the physical demands of a match (Buchheit et al.,
2021). Such a scenario could lead to relatively uniform
physical capacities across players, potentially reducing the
observable differences between playing positions to a de-
gree that makes detecting statistically significant differ-
ences challenging. Future research is necessary to deter-
mine whether there is a mismatch between the physical ca-
pacity and average match-specific running performance of
soccer players and, if so, what are the causes of this phe-
nomenon.

Match-specific running performance differs between
playing positions

Our study demonstrates that central defenders exhibit the
shortest high-intensity running distance (=19 and <24
km/h) of 681 + 83 m, while attacking and defending mid-
fielders cover the greatest total, low (<14 km/h) and mod-
erate-intensity (=14 and <19 km/h) distances. Furthermore,
forwards and full-backs were shown to perform signifi-
cantly more sprint (=24 km/h) meters compared to central
defenders. These finding aligns with previous research. Di
Salvo et al. (2009) observed significant differences in high-
intensity running distance (>19.8 km/h) between wide mid-
fielders (1,049 = 106 m) and central defenders (681 £ 128
m). Similarly, Modric et al. (2021b) reported that for pro-
fessional soccer players, low-intensity distance covered
(<14.3 km/h) was highest among central midfielders (8,876
+ 545 m), while wide midfielders covered the greatest
sprinting distance (>25.2 km/h) of 272 + 101 meter and
high-speed running distance (19.8-25.2 km/h) of 564 + 115
m. Central midfielders achieved the greatest total distance
covered (11,160 £ 644 m), and central defenders achieved
the lowest total distance covered (9,257 = 690 m). Moreo-
ver, Bradley et al. (2009) demonstrated that in the English
Premier League, wide midfielders (3,138 + 565 m) covered

significantly greater distances during high-intensity run-
ning (>14.4 km/h) than central defenders (1,834 + 256 m),
full-backs (2,605 + 387 m), central midfielders (2,825 +
473 m), and attackers (2,341 + 575 m), with central defend-
ers performing significantly less high-intensity running
than players in all other positions. Additionally, they
showed that wide midfielders (346 + 115 m) and full-backs
(287 + 98 m) covered greater sprint distance (>25.1 km/h)
than central midfielders (204 = 89 m), attackers (264 + 87
m), and central defenders (152 = 50 m). These findings
highlight that significant differences in match-specific run-
ning performance exist between playing positions catego-
rized as forwards, attacking midfielders, defending mid-
fielders, full-backs, and central defenders.

Players should not be categorized in forwards, mid-
fielders, and defenders when evaluating match-specific
running performance

While early studies commonly categorized players into
broad groups such as defenders, midfielders, and forwards
(Bloomfield et al., 2007; Deprez et al., 2015; Gil et al.,
2007; Metaxas, 2021; Wisloeff et al., 1998), more recent
research increasingly adopts more refined positional clas-
sifications. Despite this shift, these traditional groupings
remain in use in certain applied and research contexts due
to their simplicity and practicality (Kavanagh et al., 2024;
Smpokos et al.; Wei et al., 2024). However, in this study
we found a significant difference in match-specific running
performance between central defenders and full-backs. The
central defenders covered significantly less distance at high
intensity or while sprinting compared to full-backs, with
full-backs nearly sprinting the most of all the positional
groups and central defenders sprinting the least. This could
be attributed to the fact that full-backs are positioned
alongside the field where they can cover large distances at
a high pace to contribute to both offense and defense (Rhini
et al., 2024). This fact is overlooked when averaging over
all defenders. Creating training programs for full-backs
and central defenders together would create a situation in
which the full-backs receive too little explosive training,
and this could hamper their match performance. Moreover,
we found significant differences between forwards and
midfielders, but only for defending midfielders. Forwards
covered a significantly greater sprint distance and a signif-
icantly shorter total, low and moderate intensity distance
compared to defending midfielders, but not when com-
pared to attacking midfielders. Similarly, central defenders
covered a shorter low-intensity distance compared to de-
fending midfielders, but not when compared to attacking
midfielders. This indicates that grouping these attacking
and defending midfielders together is suboptimal as the
distinct differences in their match performance, compared
to forwards and full-backs, would be averaged out. We
therefore recommend refraining from grouping players as
forwards, midfielders, and defenders when studying their
physical capacities, designing their training programs or
evaluating their match-specific running performance.

Grouping based on playing position is not optimal for
training purposes
While significant differences in match-specific running
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performance exist among playing positions, our analysis
additionally revealed a substantial degree of interindivid-
ual variation in match-specific running performance within
each positional group. While the interindividual variation
is not explicitly quantified using the coefficient of variation
in literature about match-specific running performance,
substantial interindividual differences in match-specific
running performance within playing positions are evident.
For example, using match-specific running performance
data from Table 1 of Rhini et al. (2024), and Table 3 of
Modric et al. (2021b), we calculated the average CV for
distance run at high intensity (19.8 - 25.1 km/h) for all po-
sitional groups. We applied the same methodology as used
for our data, specifically calculating the coefficient of var-
iation for each playing position by dividing the standard
deviation by the mean, multiplying by 100, and then aver-
aging the resulting CVs across all playing positions. This
results in average CVs of 16.2% and 21.9%, for Rhini et al.
(2024) and Modric et al. (2021b) respectively. These val-
ues are in line with the substantial average CV of 13.6%
for distance run at high intensity (=19 and <24 km/h) ob-
served across the positional groups in our study. Moreover,
This finding is also in line with Bangsbo and Michalsik
(2002), who noted considerable interindividual variation
within physical capacity of the positional groups, possibly
due to different playing styles within the same playing po-
sition. As such, grouping players based on position alone
is not the most effective strategy to assess match-specific
running performance of soccer players; a more personal-
ized approach based on individual match-specific running
performance seems more fruitful.

Clustering based on match-specific running perfor-
mance as an alternative approach to group soccer play-
ers

Positional roles can be executed through diverse strategies
as evidenced in our study by the considerable variation
within positional groups. Using k-means clustering al-
lowed us to distinguish five distinct subgroups based on
match-specific running performance. These were labelled
Low Intensity Endurance group (LIE), High Intensity
Endurance group (HIE), Sprint group (SPR), Low Sprint
and Endurance group (LOW), and Balanced group (BLC).
k-means clustering has the advantage that it is not depend-
ent on the a priori assumption that players within the same
playing position have the same match-specific running per-
formance. While pairwise comparison of positional groups
displayed large average effect sizes for match-specific run-
ning performance across all speed categories, cluster
groups exhibited average effect sizes approximately twice
as large. Additionally, the variation within groups was also
smaller for the cluster groups than for playing positions.
Furthermore, the SPR and HIE clusters showed signifi-
cantly different sprint capacity, while there were no differ-
ences in physical capacity between the playing positions.
This indicates that clustering based on match-specific run-
ning performance yields more distinct groups than playing
position. Implementation of k-means clustering into soccer
research and practice could therefore provide coaches and
trainers with a better and more nuanced understanding of
the individual needs of players within a team, such as

tailoring explosive power training for sprint-focused play-
ers (SPR group) and emphasizing endurance development
for players who cover greater distances (END group), al-
lowing for more targeted and effective training programs.

Limitations

Match-specific running performance is significantly influ-
enced by strategic considerations. For instance, a short
sprint distance during a match may not solely reflect a play-
er's physical capacity but could instead be a deliberate stra-
tegic choice for tactical purposes. Although this study has
deliberately minimized the impact of strategic variations
arising from matchups by collecting data over two com-
plete seasons, the overall coaching philosophy and the
coach's specific instructions for a player might signifi-
cantly influence match demand. Additionally, average
match-specific running performance is not necessarily the
same as match demand or optimal match performance. For
example, it is possible that the running performance in a
match is limited by the player’s physical capacity. For in-
stance, a match may demand a higher level of physical per-
formance from a player than they can deliver, resulting in
a discrepancy between match-specific running perfor-
mance and match demand. Hence, this study does not es-
tablish definitive match requirements, but rather provides
insights into the current performance levels and the associ-
ated clusters players belong to. It is the coach's responsibil-
ity to interpret these clustering results with respect to their
strategic plan and specific performance requirements for
their players. Additionally, this study focuses on youth
players, who are still developing, which means the current
match performance will likely differ from the match per-
formance necessary to play at the highest level, for which
they are being prepared. However, achieving good results
at their present playing level is crucial for potential selec-
tion into elite competitions.

Results from the k-means clustering are specific to
the included group of players. It should be noted that when
applying this methodology to another team or club, a new
cluster analysis will have to be performed, resulting into
new clusters specific to that team or club. However, this
would also be the case for grouping by playing position as
another team or club could have other team compositions,
playing styles and/or different requirements for the specific
playing positions. Likewise, using a different clustering
method could yield, and indeed is likely to yield, different
clusters. The robustness of the present findings needs to be
established in future studies comparing the results of dif-
ferent clustering methods. However, based on the present
findings, it seems highly unlikely that the main conclusion
of this study, i.e. that categorization of players based on
their position is not optimal from a match evaluation and
physical training standpoint, will be refuted in such a com-
parison.

A sample size of 40 young elite soccer players could
be viewed as relatively small in the context of machine
learning. However, contrary to traditional statistical analy-
sis, the statistical power for cluster analysis primarily
depends on cluster separation, and not on the sample size
(Dalmaijer et al., 2022). Among our participants, match-
specific running performances were rather heterogene-
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ously distributed, which makes it more difficult to desig-
nate all players to distinct subgroups (as indicated by the
average silhouette score of 0.34). Nonetheless, Figure 3
displays that we identified distinct and non-overlapping
subgroups in the cluster plot. Furthermore, it has been
demonstrated that robust and distinct clusters could be ob-
tained with large cluster separation in a similar sample of
36 cyclists (van der Zwaard et al., 2019). Additionally, data
points used for clustering reflected participant data col-
lected over two full seasons, consisting of 819 underlying
measurements, with an average of 20.5 matches per player.
We expected the cluster analysis to show markedly
different sprint and endurance capacities between the
groups. However, only on the 20-meter sprint test, the av-
erage speed of SPR was 1.5 km/h faster than HIE. A pos-
sible explanation for the lack of significant differences be-
tween any other clusters could be the small sample size of
the cluster groups. The HIE group consisted of only four
players, of which only three completed the maximal incre-
mental exercise test. Another possibility is that the differ-
ence in physical capacities is only significant between the
two most different groups, while the variations among the
other groups might be too small to yield statistically signif-
icant results. Furthermore, the small sample size also ham-
pered making meaningful comparisons between wingers (n
= 7) and central forwards (n = 3), with an insufficient rep-
resentation of central forwards in the study population.

Conclusion

The present findings show considerable interindividual
variation in match-specific running performance within
positional groups. This suggests that studying the physical
capacities, designing training programs or evaluating
match-specific running performance of soccer players
based on their playing positions is suboptimal. Particularly
grouping by forwards, midfielders and defenders should be
avoided as this averages out the differences between cen-
tral defenders and full-backs and attacking and defending
midfielders. Identifying subgroups based on match-spe-
cific running performance using clustering analysis seems
a promising alternative as it leads to more distinct sub-
groups of soccer players and may provide valuable indica-
tors for evaluating players' match-specific running perfor-
mance and optimizing training programs.
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Key points

e There is considerable interindividual variation in match-
specific running performance within positional groups.
Studying the physical capacities, designing training pro-
grams or evaluating match-specific running performance of
soccer players based on their playing positions is subopti-
mal.

Particularly grouping by forwards, midfielders and defend-
ers should be avoided when evaluating match-specific run-
ning performance

Identifying subgroups based on match-specific running per-
formance using clustering analysis seems a promising alter-
native for categorizing soccer players.
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