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ABSTRACT
Assessing the intensity characteristics of specific soccer drills (matches, small-side game, and match- 
based exercises) could help practitioners to plan training sessions by providing the optimal stimulus for 
every player. In this paper, we propose a data analytics framework to assess the neuromuscular or 
metabolic characteristics of a soccer-specific exercise in relation with the expected match intensity. 
GPS data describing the physical tasks’ external intensity during an entire season of twenty-eight semi- 
professional soccer players competing at the fourth Italian division were used in this study. A supervised 
machine-learning approach was tested in order to detect difference in playing positions in different 
sport-specific drills. Moreover, a non-supervised machine-learning model was used to profile the match 
neuromuscular and metabolic characteristics. Players’ playing positions during matches and match-based 
exercises are characterised by specific metabolic and neuromuscular characteristics related to tactical 
demands, while in the small-side game these differences are not detected. Additionally, our framework 
permits to evaluate if the match performance request is mirrored during training drills. Practitioners could 
evaluate the type of stimulus performed by a player in a specific training drill in order to assess if they 
reflect the matches characteristics of their specific playing position.
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Introduction

During a soccer match, players are required to address different 
both technical activities such as shot, passing, header, tackles 
and running at different speed intensity in the form of high- 
speed running, accelerations, and decelerations tasks (Bradley 
et al., 2010; Buchheit & Laursen, 2013) eliciting both metabolic 
and neuromuscular demands. In soccer, physical performance 
refers to intermittent cyclic and acyclic activities characterized 
by aerobic and anaerobic demands (Bloomfield, Polman, & 
O’Donoghue, 2007). As a matter of fact, 150–250 different 
actions and 1100 changes of direction were performed by 
players during a match (Krustrup et al., 2005). Professional 
players cover a total distance of between 10 and 13 km during 
a match (Stølen et al., 2005) including low intensities, while 22– 
24% is spent at intensities above 15 km/h, 8–9% above 20 km/ 
h, and 2–3% above 25 km/h. Moreover, players can perform 
between 600 and 650 accelerations during a match highlight
ing their relevant contribution on physical demand. These 
demands were found to be related to playing positions 
(DiSalvo et al., 2007; Rampinini et al., 2007; Riboli et al., 2022). 
As a matter of fact, previous studies have shown differences in 
external load (EL, i.e., distance, speed and accelerations) 
(Abbott et al., 2018) and internal load (IL, i.e., through physio
logical factors assessment including heart rate and derived 
indices and/or rate of perceived effort scale) (Aslan et al.,  
2012) by playing position during both training and matches 

(Ademović, 2016; Orendurff et al., 2010). In particular, 
a previous study has shown that both central and wide mid
fielders spent most of the time in moderate- and high-intensity 
activities, also covering more total distance than other roles 
during a game. Moreover, they spent less time in low intensity 
showing shorter recovery bouts compared with other playing 
positions (Ademović, 2016; Brito et al., 2018; Orendurff et al.,  
2010). Differently, defenders spent significantly less time sprint
ing and running compared with other roles (Bloomfield, 
Polman, & O’Donoghue, 2007). Additionally, central backs 
showed the longest recoveries between consecutive high- 
intensity efforts (J. Ade et al., 2016) and the shortest time in 
low intensity activities (Ademović, 2016). It is worth noting that 
players in wide positions (i.e., wide defender and wide attacker) 
accelerated significantly more than central ones (Abbott et al.,  
2018). Notably, each position requires specific physical perfor
mance that could change in accordance with the tactics 
imposed by the coach along with other contextual factors 
such as match scoring and difficulty, i.e., level of opponents 
(Bradley et al., 2011).

In order to reflect the physical, technical, tactical, and cog
nitive demands of a match, Small-Sided Games (SSG) and 
Match-Based Exercises (MBE) may represent valid soccer- 
specific training solutions. If opportunely employed by practi
tioners, these particular drills are capable of driving both meta
bolic and neuromuscular physical demands differently 
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(Gaudino et al., 2014). SSGs are among the most common drills, 
they are performed in a small area of the pitch with a reduced 
number of players and specific rules that allow modulating the 
training intensity (Clemente et al., 2014). MBE reflects soccer 
tasks carried out in larger pitches, with a greater number of 
players compared to SSG and games rules defined in accor
dance with Official Matches (OM). From a tactical perspective, 
MBE are more similar to match requests than SSG. It is worth 
noting that SSG does not completely reproduce the actual 
game-related physical demands (Gómez-Carmona et al.,  
2018). Rather, it can be considered a high-intensity task that 
stresses the players’ neuromuscular components (Gómez- 
Carmona et al., 2018).

It is known that both EL and IL can be affected by manip
ulating game and scoring rules, the number of players per 
team, and the pitch size (Clemente et al., 2019). Regarding 
pitch size, ~300 m2 per player is the average match density 
experienced by players during regular matches (Castellano 
et al., 2015), while SSGs have been performed in more dense 
conditions (e.g., ~100 m2 or ~200 m2 per player) (J. D. Ade 
et al., 2014). It has also been previously reported that, in 
a smaller pitch (around 100 m2, players’ performance is char
acterised by multiple accelerations, decelerations, and 
changes of direction involving high neuromuscular 
demands). Differently, in a large field, such as in the Match 
Based Exercises, players address more high-speed running 
tasks (Castellano et al., 2015), eliciting more metabolic 
responses such as metabolic power and derived metabolic 
measures. This is probably due to the higher speed reached 
by players in large fields compared to smaller ones observed 
in Small-Sided Games (Gaudino et al., 2014). Hence, increas
ing the field dimension could be a proxy for increasing also 
acute physiological demands (i.e., heart rate, blood lactate, 
and RPE) (Hill-Haas et al., 2009). In this regard, coaches can 
consider “intense” tasks based on the type of stimulus (i.e., 
metabolic or neuromuscular) undergone by a player during 
a specific drill.

Although the literature has reported a lot of information on 
SSG and MBE, understanding the real impact of these specific 
drills on soccer performance could be a challenge for practi
tioners to schedule training weeks. Defining the intensity of 
specific soccer drills could help practitioners planning training 
sessions by providing the optimal stimulus for the players. The 
framework we propose in this study would aim to make it 
possible. In particular, it can assess the physical impact of 
different drills (matches, SSGs, and MBEs) for different players’ 
playing positions. Specifically, through this approach it will be 
possible to define the intensity of a soccer exercise by indicat
ing whether a stimulus is predominantly neuromuscular or 
metabolic also by playing position. Therefore, the first aim of 
this study is to discriminate roles in soccer through EL profiles 
considering different types of soccer drills using a supervised 
Machine Learning approach. Additionally, the second aim is to 
create physical activity profiles based on EL through a data 
driven approach: official matches’ data become a comparison 
key to evaluate the intensity of physical tasks executed during 
a training session. Given the amount and the complexity of the 
available data, the use of Machine Learning (ML) (Rossi et al.,  
2021) approaches could help to outline the impact of these 

exercises on soccer’s performance based on EL and tasks’ den
sity data (m2 per player).

Methods

Subjects

Twenty-eight semi-professional soccer players (age: 25.21 ±  
6.18 years, height: 183.42 ± 6.41 cm, weight: 75.24 ± 7.02 kg) 
competing at the fourth Italian division (Serie D) were recruited 
for this study during the 2019–2020 season. Due to the differ
ent physical demands, the goalkeeper was excluded from this 
study (DiSalvo et al., 2006; Pillitteri et al., 2023). In this paper, 
players were separated into six playing positions (n = 7 central 
back, n = 7 external strikers, n = 2 fullback, n = 5 midfielder, n =  
4 striker, and n = 3 wide midfielder) in accordance with the 
zone of the pitch they used to play. A total of 996 training 
sessions (35.57 ± 21.79 per player) were recorded throughout 
the soccer season. To reduce inter-training variability between 
weeks induced by short microcycle, data from regular in-season 
training weeks (i.e., 6 days between matches) were used. A total 
of 33 weeks composed of 5 training days and 1 day off were 
used in this study. All the participants signed an informed 
consent before taking part in the experiment. The study, 
which complies with the principles of the Declaration of 
Helsinki, was approved by the Bioethics Committee of the 
University of Palermo (n. 68/2021).

Soccer-specific drills

Three different drills were evaluated in this study:

● Matches (official and friendly matches; n = 384): we con
sidered a match density of about 300 m2.

● Small-Side Game (SSG; n = 296): SSGs were performed in 
a small area of the pitch with a reduced number of players 
compared to regular matches and carried out with speci
fic rules (e.g., number of touches of the ball, goal crossing 
the goal line, the use of three soccer goals). In this study, 
we included different types of SSG based on m2/player 
(around 100 m2/player), as shown in Table S3. SSGs were 
grouped by a data driven approach (supplementary mate
rial S1) as follows: Small Density with High Neuromuscular 
and Low Metabolic indicators (SD-HN-LM-ssg); Medium 
Density with Low Neuromuscular and Metabolic indica
tors (MD-LN-LM-ssg); Large Density, High Neuromuscular 
and High Metabolic indicators (LD-HN-HM-ssg); Very 
Large Density with Medium Neuromuscular and 
Metabolic indicators (VLD-MN-MM-ssg).

● Match-based exercises (MBE; n = 316): MBEs represent 
soccer specific tasks carried out in a larger area of the 
pitch and a relatively larger number of players compared 
to SSGs. Specific rules related to technical-tactical beha
viours (similarly to matches’ demands) characterise these 
tasks. The presence of both goalkeepers and the direc
tionality of the game (i.e., the team in possession must 
score a goal in the opposing team’s goal) makes these 
drills similar to friendly matches with the difference that 
they are played in smaller spaces and there are rules 
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specific tactics compliant with the tactical needs of the 
coach. Moreover, the playing positions are defined for 
each player.

● In this study, we included different types of MBE based 
on m2/player (around 200 m2/player) as shown in Table 
S4. MBEs were grouped by a data driven approach (sup
plementary material S1) as follows: Medium Density with 
Low Neuromuscular and Metabolic indicators (MD-LN-LI- 
mbe); Large Density with Medium Neuromuscular and 
Metabolic indicators (LD-MN-MI-mbe); Small Density 
with High Neuromuscular and Metabolic indicators (SD- 
HN-HI-mbe).

Data recording

Both matches and soccer-specific drills were played on a third- 
generation artificial pitch or natural grass. All players performed 
a 15-min warm-up before performing MBE and SSG and 
a typical 25-min pre-match warm-up before matches.

Data was collected through a Global Position System (Varley 
et al., 2012) (GPS unit, Qstarz BT-Q1000EX, 10 Hz) (Carlson et al.,  
2015) positioned on the upper back inserted in a special vest. 
The GPS device was started 15 min prior to the assessment to 
make available the acquisition of satellite signals. The average 
number of satellites in view was 12, the average horizontal 
dilution of precision (HDOP) was 0.8 (Duncan et al., 2013). All 
data was acquired through a dedicated software (LaGalaColli V: 
8.6.4.3) during the entire 2019–2020 soccer season. EL indica
tors (normalized per minute) and recorded as global time 
(considering when the ball is both in and out of play and 
excluding recovery between set), obtained from GPS devices 
and considered in this study were both metabolic and neuro
muscular, and they are detailed in Table 1.

Playing position prediction

Four machine-learning classifiers were trained to predict the 
players’ playing positions based on EL parameters, respectively, 
in all the soccer-specific drills. The algorithms tested in this 
paper are Decision Tree Classifier (DTC), Random Forest 
Classifier (RFC), Extreme Gradient Boost Classifier (XGB), and 
Multinomial Logistic Regression (MLR). Moreover, a baseline 
classifier (Dummy) based on stratified approach (distribution 
of playing positions) was assessed in order to validate the 
prediction ability of the machine learning models. The models 

were trained in the 70% of the dataset, while the remaining 
30% of the dataset was used as a test set. The metrics used to 
evaluate the models goodness are described in Supplementary 
material S2.

Match’ intensity profiles

A data driven approach was used to profile players in accor
dance with intensity demands during Matches. In particular, the 
data was initially normalized between 0 and 1, and then 
a feature dimension reduction was performed by using 
Principal Component Analysis (PCA). The elbow approach 
based on the explained variance was used to detect the best 
number of components for PCA.

A non-supervised machine learning model (k-means) 
based on the components derived from PCA analysis was 
fitted to partition n observations into k clusters in which 
each observation belongs to the cluster with the nearest 
cluster centroid. A silhouette analysis based on the k-means 
model was conducted in order to detect the best number of 
clusters into each drill. Finally, we assessed how the physical 
activity profiles detected in matches were distributed in SSGs 
and MBEs.

Results

Playing positions prediction

Table 2 shows the predictive performance in each drill. The 
players’ positions in OM are more accurately discriminated by 
RFC (57%) compared with the other models. The very low 
accuracy of the baseline model (16%) indicates that RFC is 
a valid model able to distinguish between players’ position in 
matches by assessing intensity parameters. In particular, %W >  
35W, n° actions int/min, and metabolic power (Watt) are the 
three most important features used by RFC in the decision- 
making process showing an importance of 21.62%, 13.24%, and 
13.08%, respectively.

In SSG, the playing positions of players are difficult to detect 
(RFC accuracy = 36%). The low ability to discriminate between 
players’ playing positions during SSG and the low increment in 
predictive ability of RFC compared to baseline model (∼12%) 
indicate that this kind of drill could not accurately represent the 
performance model of each role in the matches.

Table 1. EL Indicators descriptions.

Feature Description

Watt Metabolic Power (W · kg − 1) was calculated by multiplying EC (in J · kg − 1 · m − 1) by running speed (v; in m · s − 1) at any given moment (i.e., 
every 0.2 s): P met = EC · v. In order to assess metabolic power, considering the energy expenditure and derives, the equation developed by 
(DiPrampero et al., 2005). established on previous studies by (Minetti et al., 2002). and (Osgnach et al., 2010). was adopted.

%W > 35W Percentage of metabolic power with intensity > 35 W.
n° actions int/ 

min
Number of intense actions per minute. The threshold considered to establish the intense actions was 20 W · kg − 1 which represents the metabolic 

power when running at a constant speed of approximately 14.4 km · h − 1 (high speed) on grass (Osgnach et al., 2010).
dist/min Metres covered in a minute.
PrT/min Passive Recovery time per minute represents the sum of the seconds in a minute (for each minute) in which the player moves at a metabolic power 

between 0 and 5 W (i.e., 0–8 Km/h).
%int acc This indicator represents the percentage of the number of accelerations >2 m/s2 out of the total number of accelerations.
%int dec In an opposite way to the previous one, this parameter indicates the percentage of the number of decelerations <-2 m/s2 out of the total number 

of decelerations.
CdD/min >30 The number of changes of directions higher than 30° per minute.
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During MBE, RFC is able to predict 40% of the total 
players’ playing positions. It is a valid model to discriminate 
the roles of the players due to the higher accuracy com
pared with baseline (17%). Similar to the results obtained in 
Matches, the three most important features used by RFC to 
predict the players’ playing positions are %W > 35W 
(21.30%), n° actions int/min (12.90%), and metabolic power 
(11.67%).

For more details about the prediction goodness of the mod
els, see Figure 3.

Matches’ intensity profiles

PCA analysis indicates that 3 components explain 97.63% of the 
data variance during Matches. By using these 3 components, it 
is possible to distinguish among 5 players’ profiles (silhouette 
score = 0.34). We label them as very low intensity (VLI), low 
intensity (LI), moderate intensity (MI), high intensity (HI), and 
very high intensity (VHI).

Table 3 shows the centroids of the 5 profiles detected by the 
k-means analysis. Figure 1 reports the distribution of playing 
positions in each matches’ intensity profile. During 62% and 

Table 2. Predictive performance (weighted average of all the classes) of the machine learning algorithms and 
the baseline. The best model for each task was highlighted in green, while baseline (dummy) predictive 
performance was highlighted in grey.

Task Model Precision Recall F1-score Accuracy

Matches DTC 0.45 0.47 0.45 0.47
RFC 0.56 0.57 0.56 0.57
XGB 0.57 0.56 0.55 0.56
MLR 0.47 0.51 0.47 0.51
Dummy 0.16 0.16 0.16 0.16

SSG DTC 0.29 0.29 0.29 0.29
RFC 0.35 0.36 0.34 0.36
XGB 0.32 0.35 0.33 0.35
MLR 0.29 0.34 0.30 0.34
Dummy 0.22 0.24 0.23 0.24

MBE DTC 0.29 0.27 0.28 0.27
RFC 0.35 0.36 0.35 0.36
XGB 0.28 0.26 0.27 0.26
MLR 0.38 0.40 0.38 0.40
Dummy 0.17 0.17 0.17 0.17

Table 3. Matches’ intensity profiles obtained by a data driven approach. The data were reported as mean (standard deviation). VLI, LI, MI, HI, and 
VHI correspond to very low intensity, low intensity, moderate intensity, high intensity, and very high intensity, respectively.

VLI LI MI HI VHI

Watt 8.79 (0.49) 9.97 (0.40) 10.92 (0.35) 11.05 (0.37) 12.03 (0.44)
dist/min 92.64 (4.70) 104.31 (4.11) 114.88 (3.01) 114.86 (3.40) 126.07 (3.50)
%int acc 7.60 (1.30) 8.85 (1.32) 9.24 (1.28) 10.22 (1.22) 10.27 (1.61)
%int dec 8.27 (1.29) 9.52 (1.31) 10.16 (1.26) 10.02 (1.36) 10.63 (1.38)
CdD/min >30 14.39 (1.13) 15.04 (1.38) 15.58 (1.44) 14.91 (1.31) 15.26 (1.34)
%W > 35W 21.51 (4.14) 21.94 (5.72) 17.58 (3.75) 27.31 (2.82) 19.35 (2.95)
n° actions int/min 2.48 (0.45) 2.99 (0.29) 3.57 (0.35) 3.18 (0.39) 3.94 (0.30)
PrT/min 22.21 (1.91) 18.44 (2.73) 15.00 (2.41) 14.00 (2.12) 11.12 (2.19)

Figure 1. Percentage of playing position in each players’ matches’ intensity profiles. VLI, LI, MI, HI, and VHI refer to very low intensity, low intensity, moderate intensity, 
high intensity, and very high intensity, respectively.
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50% of the time, full backs and central backs performed 
matches in VLI and LI profiles, respectively. Differently, external 
strikers usually show HI profiles (43%), while strikers execute 
different performances in each match showing 36%, 24%, and 
29% of the time LI, MI, and HI profiles. Additionally, midfielders 
played with MI and VHI physical activity profiles for 50% and 

37% of the time, respectively. Finally, 24%, 26% and 38% of the 
time, wide midfielders played with LI, MI, and VHI profiles, 
respectively.

Figure 2 and 3 shows the difference in occurrence distribu
tion of matches’ intensity profiles detected in OM for SSG and 
MBE in each player’s playing position, respectively. In 

Figure 2. Percentage difference of matches’ intensity profiles occurrence between each SSG group and OM for each playing position.
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accordance with the different typologies of SSGs and MBEs and 
with the players’ playing positions, the distribution of matches’ 
intensity profiles changes. Moreover, different patterns of 
intensity profiles were detected between sport specific drills 
(i.e., SSG and MBE) and OM. Considering SSG exercises 
(Figure 2), central backs performed most of the matches at 

moderate-low intensity reflecting a similar trend in all the SSG 
typologies. LD-HN-HM-ssg induces the highest intensity in the 
players competing in this playing position. Moreover, external 
strikers often performed high intensity matches (HI and VHI) 
that could be simulated only by SD-HN-LM-ssg and LD-HN-HM- 
ssg. Additionally, full backs resulted in LI, but in all SSG types 

Figure 3. Percentage difference of matches’ intensity profiles occurrence between each MBE group and OM for each playing position.
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performed more MI. 43% and 38% of times midfielders per
formed matches in MI and VHI profiles. SD-HN-LM-ssg and VLD- 
MN-MM-ssg show a similar MI pattern, while LD-HN-HM-ssg 
produce more intense activities. Strikers and midfielders per
formed all of the physical activity profiles in similar percen
tages, but SSG typologies show specific patterns that do not 
reflect the OM ones.

Figure 3 reports the difference in occurrence distribution of 
matches’ intensity profiles detected in OM for MBE in each 
player’s playing position. During SD-HN-HM-mbe the players 
performed the highest percentage of VHI compared to other 
MBE types and OM. Differently, MD-LN-LM-mbe results in 
higher percentage of VLI and LI activities and lower HI and 
VHI ones compared to other MBE types and OM in external 
strikers. Similar to MD-LN-LM-mbe, full backs presented the 
highest percentage of LI in OM, while others MBE types showed 
highest intensity. Similar patterns were detected between OM 
and MBE types in strikers and wide midfielders.

Discussion

The first main result of this work is that the players’ playing 
positions during matches and MBE are characterised by specific 
metabolic and neuromuscular stimuli, while during SSG players 
show similar physical stimuli even if they play in different 
playing positions (Table 2). Moreover, the framework of data 
analytics provided in this paper permits to profile the players’ 
metabolic and neuromuscular performance during matches 
with the aim of understanding if the physical demands of 
a player requested during matches are reflected in the training 
drills.

In accordance with matches’ tactical demands, the usual 
playing position of a player could vary during a match or 
between matches and consequently the role-related physical 
demands (Carling et al., 2016; Rampinini et al., 2007) change. 
Hence, for these reasons, the model is able to moderately 
discriminate the players’ roles in all the matches and MBE 
examples. As a matter of fact, during matches and MBE, the 
wide midfielders were often confused with external strikers 
probably because of similar tactical demands among these 
two roles. Moreover, as full backs and wide midfielders played 
in an external pitch position with similar tactical and physical 
demands, our model showed some predictiction errors related 
to these specific player’s playing positions. Finally, midfielders 
are almost always exchanged with wide midfielders. These 
results indicate that different physical demands are required 
by specific roles in Matches and MBE. Differently, the perfor
mance model for each role in SSG seems completely different 
compared to OM. The reason why the players’ playing positions 
are not distinguishable during SSG is that the maintenance of 
a specific role in these kinds of exercises is not mainly required, 
despite being rarely assigned, but practitioners used these drills 
to induce technical and physical stimuli. Worth noting, during 
the training microcycle prescription process, different types of 
tasks across the training week are required to elicit the targeted 
physical stimuli. For example, during the MD-4 the use of SSG 
expose the players to “special” strength such as acceleration 
and deceleration, while the players’ metabolic response could 
be limited. Conversely, during the MD-3 players are often 

exposed larger playing spaces (e.g., MBE) to reach high-speed 
running distance, sprinting, peak speed, and higher metabolic 
power (i.e., higher intensity and metabolic stimuli).

This finding corroborates the results of a previous paper in 
which Riboli et al. (Riboli et al., 2020) found that training tasks 
with goalkeepers better simulated the match intensity. This is 
because the use of the goalkeepers gives a direction to the 
game, resulting in a tactical strategy involvement compared to 
other drills. Moreover, SSG without goalkeepers usually shows 
higher intensity compared to goalkeeper-based tasks (Riboli 
et al., 2020). Additionally, based on the low predictive perfor
mance of RFC detected in this study, we could speculate that 
the metabolic and neuromuscular performances are poorly 
related to playing positions in SSG. The pitch size, the players’ 
density on the field and the exercise rules induces different 
metabolic and neuromuscular responses in both SSG and MBE 
drills. Indeed, some authors reported that specific strength 
components (accelerations, decelerations, and changes of 
direction) are emphasised in small spaces, while high-speed 
running and metabolic stimuli are greater in larger pitch sizes 
(Casamichana et al., 2012; Castellano et al., 2015; Hill-Haas et al.,  
2009). As a matter of fact, Gaudino et al. reported an increase in 
acceleration/deceleration requirements and total number of 
changes in velocity when the number of players and pitch 
dimensions decreased in SSG (Gaudino et al., 2014).

Profiling players’ performance in accordance with the 
match’s metabolic and neuromuscular characteristics would 
allow coaching staff to fast and easily assess the stimuli sus
tained by players. In particular, evaluating the match physical 
performance could be useful to schedule the training program 
during the weekly microcycle evaluating if the training target 
and intensity were reached for each player’s roles. Actually, as 
shown in Figure 1, each player’s playing position results in 
a prevalence of specific matches’ intensity characteristics show
ing that the players’ roles are characterised by a specific pre
stative model. However, based on match characteristics, players 
could show a different matches’ intensity profile compared to 
the common one detected for their specific playing position. 
For example, full backs usually show a prevalence of the LI 
profile (62% of the time), but 24% of the time they perform in 
the VHI profile. It is probably due to the different intensity and 
defensive demands of the match.

Thanks to match profiling, it is possible to assess whether 
the model detected during a match in a specific player or 
playing position is mirrored during training drills such as SSG 
and MBE. Moreover, to train specific metabolic and neuromus
cular characteristics, it might be possible for practitioners to 
assess the type of workload sustained by a player in a specific 
playing position during such drills. Hence, the choice of 
a specific SSG and MBE could be made in accordance with the 
training purpose and intensity (McArdle et al., 2010). As shown 
in Figures 3 and 4, similar distribution of physical profiles was 
detected in MBEs compared with OMs, while SSGs showed 
a different distribution. The reason why the players’ playing 
positions show different physical profiles distribution during 
SSGs compared to the matches one, while similar one during 
MBEs is related to the different nature of the two tasks. As 
a matter of fact, MBEs are match oriented due to the fact that 
it is characterised by similar players’ playing positions and rules, 
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while SSGs are more focused on free play without fixing specific 
roles but with specific rules not often match-related (Riboli 
et al., 2020, 2022).

The study’s primary limitation lies in its applicability solely to 
the specific soccer team under analysis. Variations in player 
characteristics, team playing styles, and training regimens 
necessitate a tailored adaptation of our framework for each 
team. However, this limitation also underscores the advantage 
of our work’s personalized nature. Indeed, our paper introduces 
an innovative method for evaluating players’ physical perfor
mance during both matches and training sessions, eschewing 
the provision of generalized insights into role behaviours. Thus, 
the principal strength of our approach lies in its utilization of 
machine learning, which facilitates the detection of multidi
mensional patterns within extensive datasets, enabling the 
assessment of training objectives and intensity characteristics.

Practical applications

The analysis conducted in this study provides a deeper under
standing regarding the roles-specific model. As a matter of fact, 
in order to describe the players’ performance during matches 
and comparing it with training exercises in different playing 
positions, specific matches players’ profiles could be obtained 
from their EL data. Actually, the framework used in this work 
allows practitioners to better recognize the workloads performed 
by players during training tasks. In detail, this approach permits 
to detect relevant information from training exercises regarding 
both target task (i.e., neuromuscular or metabolic) and the task 

intensity based on EL indicators, the players’ density on the pitch, 
and the type of tasks. Therefore, it is possible to understand if 
a specific task could be more intense compared to official 
matches, considering each player’s playing position.

In detail, as shown in Figure 4, each cluster provides valuable 
information on the kind of stimuli elicited (i.e., metabolic or 
neuromuscular) and the physical intensity for each playing posi
tion. As regards SSG, clustered as SD-HN-LM showed the smallest 
density and consequently eliciting high neuromuscular, low 
metabolic stimuli and good intensity. Cluster MD-LN-LM pre
sented medium density but the lowest intensity as shown for 
both neuromuscular and metabolic indicators. While cluster VLD- 
MN-MM revealed the highest density and medium intensity. The 
highest intensity was found in Cluster LD-HN-HM. Concerning 
MBEs clusters, MD-LN-LM showed medium density and lowest 
intensity (due to the highest Tr pass/min) considering all indica
tors except for %W > 35w that presented the highest value. 
Cluster LD-MN-MM presented the highest density and medium- 
high metabolic and neuromuscular indicators, while Cluster SD- 
HI-HN showed the smallest density, highest intensity considering 
all indicators except %W > 35w.

As regards the difference between playing position, Table 4 
shows an overview about the drills clustered (i.e., SSG and MBE) 
providing the physical intensity (low, medium, high and very 
high) for each role based on the type of drills selected.

In this way, practitioners could select with more appropri
ateness the type of task during the scheduling microcycle 
process based on the suggestions provided by the proposed 
machine learning model.

Figure 4. Drills cluster framework based on the ML analysis.

Table 4. Overview of the difference in physical intensity between playing positions based on the different drills clustered (SSG and MBE). SSG: (SD-HN-LM) – (MD-LN- 
LM) - (LD-HM-HN) – (VLD-MN-MM); MBE: (SD-HM-HN) – (MD-LN-LM) – (LD-MN-MM). Moreover, VLI, LI, MI, HI and VHI refer to very-low-intensity, low-intensity, medium- 
intensity, high-intensity and very-high-intensity, respectively.

PLAYING POSITION

DRILLS TIPOLOGY

SSG MBE

SD-HN-LM MD-LN-LM LD-HN-HM VLD-MN-MM SD-HN-HM MD-LN-LM LD-MN-MM

CB LI VLI HI/VHI MI VHI VLI LI
ES VHI VLI HI LI VHI LI/VLI LI
FB VHI MI VHI MI HI VLI MI/VHI
MD LI VLI HI LI VHI LI/VLI VHI
S HI VLI VLI VLI VHI VLI LI/MI
WM MI LI/VLI HI/VHI MI HI/VHI LI/VLI HI/VHI
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Conclusion

Playing position shows specific intensity profiles based on 
training task targets and on both neuromuscular and meta
bolic components during both training drills and matches. 
The framework of data analytics based on the machine 
learning approach proposed in this paper permits the eva
luation of the intensity of soccer tasks in order to easily 
and quickly evaluate the physical performance of a player. 
In this way, practitioners could evaluate the type of stimu
lus performed by a player in a specific training drill in order 
to assess if they reflect the matches characteristics of their 
specific playing position. Moreover, practitioners could use 
this approach to schedule the training program in order to 
maximise the training effect while reducing the risk of 
injury by monitoring both intensity and the neuromuscular 
and metabolic components of each training task.
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