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INTRODUCTION
Success in soccer is determined by the interaction of several factors, 
among which technical skills, physical capabilities, and tactical 
knowledge represent the most important performance elements [1]. 
Following the principle that “you should train as you play” [2], 
coaches should aim to develop training methods capable of replicat-
ing match intensity demands. Indeed, in the theory of training, the 
principle of specificity suggests that performance increases when 
training is able to replicate the physiological demands and movement 
patterns occurring during competitive matches [3]. For this reason, 
small-sided games (SSGs) became a very popular training method 
due to their ability to concomitantly train technical, tactical, and 
physical aspects by manipulating different variables such as pitch 
size, the number of players, recovery periods, the presence of goal-
keepers, and playing rules [4–10].

A new approach to comparing the demands of small-sided games 
and soccer matches 
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ABSTRACT: To improve soccer performance, coaches should be able to replicate the match’s physical efforts 
during the training sessions. For this goal, small-sided games (SSGs) are widely used. The main purpose of the 
current study was to develop similarity and overload scores to quantify the degree of similarity and the extent 
to which the SSG was able to replicate match intensity. GPSs were employed to collect external load and were 
grouped in three vectors (kinematic, metabolic, and mechanical). Euclidean distance was used to calculate the 
distance	between	training	and	match	vectors,	which	was	subsequently	converted	into	a similarity	score.	The	
average of the pairwise difference between vectors was used to develop the overload scores. Three similarity 
(Simkin, Simmet, Simmec) and three overload scores (OVERkin, OVERmet, OVERmec)	were	defined	 for	 kinematic,	
metabolic, and mechanical vectors. Simmet and OVERmet	were	excluded	from	further	analysis,	showing	a very	
large correlation (r > 0.7,	p < 0.01)	with	Simkin and OVERkin. The scores were subsequently analysed considering 
teams’ level (First team vs. U19 team) and SSGs’ characteristics in the various playing roles. The independent-
sample t-test	showed	(p < 0.01)	that	the	First	team	presented	greater	Simkin (d = 0.91),	OVERkin (d = 0.47),	
and OVERmec (d = 0.35)	scores.	Moreover,	a generalized	linear	mixed	model	(GLMM)	was	employed	to	evaluate	
differences	according	to	SSG	characteristics.	The	results	suggest	that	a specific	SSG	format	could	lead	to	different	
similarity and overload scores according to the playing position. This process could simplify data interpretation 
and categorize SSGs based on their scores.
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In general, it has been reported that a greater number of players 
and a  larger pitch area lead to higher physical demand in 
SSGs [11, 12]. Clemente et al. [13] observed that the 4 v 4 format 
induced players’ greater distance coverage and speed compared to 
the 2 v 2 format. Similarly, Lacome et al. [14] reported a higher over-
all running intensity (total distance and high-speed running) during 
10 v 10 compared with 8 v 8, 6 v 6, and 4 v 4 formats. Regarding the 
pitch area, several studies reported that, by increasing the area per 
player, it was possible to induce higher locomotor demands for total 
distance, high-speed, and very high-speed distance [15, 16]. How-
ever, by reducing the size of the pitch, Gaudino et al. [17] registered 
a more significant number of moderate accelerations and decelera-
tions with a higher number of changes in velocity. For this reason, 
with appropriate SSG formats, coaches and physical trainers can 
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Therefore, the main purpose of the current study was to introduce 
a similarity and overload score to compare SSG and match demands 
based on external load variables. Particularly, for each SSG, three 
similarity scores and three overload scores were calculated for kine-
matic, metabolic, and mechanical variables. In addition, we evalu-
ated whether and how these similarity and overload scores changed 
according to the SSGs’ characteristics (i.e., area per player, type of 
drills) in the different playing roles.

MATERIALS AND METHODS 
Participants
A total of fifty-one elite soccer players were involved in the present 
study: twenty-six from the First team (age: 24.5 ± 5.5; body mass: 
80.9 ± 6.9; height: 184.9 ± 6.1) and twenty-five from the U19 team 
(age: 17.4 ± 0.9; body mass: 73.9 ± 6.6; height: 181.4 ± 6.5). All 
participants were classified according to their playing position: de-
fenders (n = 20), midfielders (n = 17), and forwards (n = 14). The 
goalkeepers were excluded from the data collection. Data were ob-
tained from daily monitoring of the routine over the course of the 
competitive season. Therefore, the usual appropriate ethics commit-
tee clearance was not required [26]. Nevertheless, to guarantee team 
and player confidentiality, all data were anonymized before analysis, 
and the study was conducted following the Code of Ethics of the 
World Medical Association (Declaration of Helsinki).

Experimental Approach
The study was conducted during the 2021/22 soccer season, involv-
ing players from a First team and a U19 team competing in the 
Italian Serie B and Primavera 2 championships, respectively, and 
belonging to the same Italian professional soccer club. The two teams 
trained five days per week and competed once a week. In all, 
128 training sessions were monitored, with a total of 3290 indi-
vidual observations. Only players free from injury involved in the full 
training schedules were considered. In the end, 147 different SSGs 
were selected for further analysis. All SSGs were performed under 
the supervision and motivation of the coaching staff to keep the work 
rate high. The different SSGs were classified based on the type of 
drill:
 –  Game Simulations: games performed with two goals (regular size) 

and the presence of goalkeepers.
 – Possession Games: possession drills performed without 

goalkeepers.
 – Tactical Games: games performed with two goals (regular size) 

and specific tactical rules (e.g., presence of time constraints, 
pressing rules, presence of limitations in the playing space).

The area per player (ApP) [27, 28]:
 – Small Games: ApP ≤ 100 m2

 – Medium Games: 100 m2 < ApP ≤ 200 m2

 – Large Games: ApP > 200 m2

demand specific movements patterns and elicit players’ responses 
according to pre-defined targets of the training session (e.g., strength, 
endurance, speed).

Global positioning systems (GPSs) and radio-frequency local po-
sitioning systems (LPSs) are typically used to quantify the locomo-
tor patterns and the intensity achieved in SSGs and to compare them 
with the match demands. These systems can provide several work-
load metrics, with some studies reporting more than 80 parame-
ters [18]. All these variables are used to quantify the locomotor pat-
terns. They are generally classified into kinematic (i.e., the overall 
movement performed by players at different running speeds), met-
abolic (i.e., estimated energy cost of activity during training and 
matches) [19], and mechanical (i.e., the overall load placed on the 
body during accelerations and decelerations) [20]. Despite the large 
amount of data and information provided by GPSs, many studies are 
limited to using a few variables to compare SSGs and matches. For 
example, Beenham et al. [21] analysed differences between SSGs 
and match play using only player load. For the same purpose, Dalen 
et al. [22] investigated differences only in acceleration and high-in-
tensity activities. Although using a few variables could ease the in-
terpretation, the metrics selected could not capture a significant pro-
portion of information provided by multiple load variables [23]. 
Conversely, Gómez-Carmona et al. [24] used a pairwise comparison 
to analyse differences between SSGs and official matches regarding 
31 different variables. However, in this case, we can identify the fol-
lowing limitations: (1) risk of “data overload” [23]; (2) increasing 
the number of variables also increases the difficulty in interpreta-
tion; (3) a larger number of variables makes data visualization and 
communication with the coach difficult; (4) complexity in the staff 
decision-making processes.

To avoid losing important information from multiple variables, 
while attempting to overcome the “data overload” problem, we want 
to present a new approach to provide a practical and easy quantifi-
cation of training efforts compared to a match. To quantify the sim-
ilarity between SSGs and soccer match locomotor demands (kine-
matic, metabolic, mechanical), Euclidean distance calculation was 
employed. Euclidean distance is a very simple similarity metric which 
reflect the distance between the vectors being analysed. In the cur-
rent study, we considered two different vectors: the SSG vector and 
the match vector. If the Euclidean distance is very small, then the 
values in each vector are very similar, and this suggests a high sim-
ilarity between the two vectors. Therefore, the Euclidean distance 
offers several advantages within the context of the current study: (1) 
it allows multiple variables to be treated as vectors (GPS metrics), 
thereby avoiding the risk of “data overload”; (2) it is easy to imple-
ment; (3) it is straightforward to interpret. However, also knowing 
the similarity between training and match play is not enough. In-
deed, according to the principle of training, it is necessary to create 
a progressive overload to elicit adaptation processes in the physio-
logical systems [25]. To achieve this goal, the average of the pair-
wise difference between the two vectors was calculated.
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Following the purpose of the study, the players’ efforts during SSGs 
were subsequently compared with players’ efforts elicited during 
matches. Twenty-eight different matches were monitored for the First 
team, and twenty-two for the U19 team.

Data Collection
The players’ external training/match load was collected using a 10-
Hz GPS (WIMU PRO; RealTrack Systems SL) with an integrated 
100 Hz tri-axial accelerometer, gyroscope, and magnetometer. Data 
were subsequently analysed using the system-specific software 
(WIMU Software; RealTrack Systems SL). The GPS system showed 
good accuracy for measures of running speed, acceleration, and 
deceleration in previous studies [29, 30]. The GPS devices were 
placed between the players’ scapulae through a tight vest. Among 
the numerous GPS variables, 19 different metrics were extracted and 
classified as kinematic, metabolic, and mechanical [20]. All the 
variables that constitute the vectors are presented in Table 1.

Similarity Score and Overload Score Estimation
As previously mentioned, we grouped GPS variables into three class-
es we identified as our three vectors. The different GPS metrics were 
normalized according to training duration to allow the comparison 
with matches. Therefore, each SSG was characterized by three dif-
ferent vectors that were compared with the benchmark match vectors. 
The three benchmark match vectors (kinematic, metabolic, me-
chanical) were calculated for each player as the average (µp) and 
standard deviation (σp) of the different GPS variables. The vectors 
were calculated for the 90-minute time window of the match. If 
90-minute data were unavailable, calculations were made based on 
the time played. In this case, only players’ matches with a time of 
play over 45 minutes were considered. Also in this case, data were 
expressed per minute played. The benchmark match vectors and 
SSG vectors were generated for the various subjects, thereby enabling 
a comparative analysis of each player with oneself.

The average and standard deviation calculated for the matches 
were used to centre and scale training data using the following 
formula:

Ci = centred and scaled training data
Ti = training data
µi = average match data
σi = standard deviation match data

Then, the Euclidean distance (= L2-Norm) of each drill vector was 
calculated:

At this stage, the distance value obtained was converted to a sim-
ilarity score using the following formula:

Where Ni represents the number of variables that constitute the 
vector. Therefore, for each drill and each player, we identified three 
different similarity scores for the kinematic vector (Simkin), meta-
bolic vector (Simmet), and mechanical vector (Simmec). The similarity 
score could range from 0, which means “inability to replicate match 
demands”, to 1, which stands for the “maximum ability to replicate 
match demands”.

In addition, to determine whether the training (SSG) was global-
ly more demanding or less demanding than the match, the average 
of the pairwise difference between the training vectors and bench-
mark match vectors was calculated:

Also in this case, for each drill and each player, we identified three 
different overload scores for the kinematic vector (OVERkin), meta-
bolic vector (OVERmet), and mechanical vector (OVERmec). A nega-
tive value indicates a lower overall intensity of the SSG compared 
with the match; conversely, a positive value indicates a higher over-
all intensity.

TABLE 1. Kinematic, metabolic, and mechanical variables selected for similarity and overload score estimation.

KINEMATIC METABOLIC MECHANICAL

Total Distance Energy Expenditure Number of accelerations above 2.5 m/s2

Distance above 7.2 km/h Average Metabolic Power Number of accelerations above 3.5 m/s2

Distance above 14.4 km/h Distance covered from 5 to 10 W Number of accelerations above 4.5 m/s2

Distance above 19.8 km/h Distance covered from 10 to 20 W Number of decelerations below -2.5 m/s2

Distance above 25.2 km/h Distance covered from 20 to 35 W Number of decelerations below -3.5 m/s2

Max Speed Distance covered from 35 to 55 W Number of decelerations below -4.5 m/s2

Distance covered above 55 W
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FIG. 1. Summary of the steps to calculate similarity score and overload score. 
Note: SSG = small-sided game

FIG. 2. Weekly distribution of similarity (a) and overload (b) scores for the First team and U19 team. 
Note: MD = Match Day Simkin = similarity score for the kinematic vector OVERkin = Overload score for the kinematic vector Simmec 
= Similarity score for the mechanical vector OVERmec = Overload score for the mechanical vector
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the data was IBM’s SPSS Statistics version 27 (SPSS, Inc. Chicago, 
Illinois IBM Corp., Armonk, NY).

RESULTS 
After correlation analysis, Simkin score showed a very large correlation 
(r = 0.892, p < 0.01) with Simmet score, while Overkin score showed 
a very large correlation (r = 0.708, p < 0.01) with Overmet. For this 
reason, showing the same behaviour in relation to the SSGs, Simmet 
score and Overmet score were excluded from further analysis. The 
147 different SSGs were reported in the supplementary material (see 
Table S1) with their respective average values of similarity (Simkin, 
Simmec) and overload scores (OVERkin, OVERmec). The weekly distri-
bution of similarity and overload scores for the two different teams 
is presented in Figure 2. The days of the week were classified ac-
cording to the days preceding a match (MD-4; MD-3; MD-2; MD-1).

The independent-sample t-test revealed significantly higher sim-
ilarity scores and overload scores (p < 0.01) in the First team com-
pared to the U19 team except for Simmec, for which no significant 
differences were found. A moderate effect was found for the Simkin 
score (d = 0.91), while a small effect was found for OVERkin 
(d = 0.47) and OVERmec (d = 0.35). Descriptive statistics for both 
groups are displayed in Table 2. Regarding the GLMM analysis, the 
results of the two-way interactions for the three different playing roles 
are summarized in Table 3. The two-way interactions (type of drill, 
ApP) produced eight different combinations (e.g., game simulations 
– small games, possession games – medium games) that were com-
pared with the drill “tactical games – medium games” identified as 
the reference category in all the models. Tactical games – small 
games format was not included in the analysis as it was never re-
corded during the training sessions.

DISCUSSION 
The study aims to develop a similarity and overload score to compare 
training SSGs and match effort using external load data. Particularly, 
the similarity score aimed to quantify the ability of SSGs to replicate 
match kinematic and mechanical demands. Instead, the overload 

Therefore, the general demand of each drill was quantified ac-
cording to the ability to replicate the match effort (similarity score) 
and the ability to overload players regarding match locomotor re-
quests (overload score).

The different steps followed to calculate the two scores are sum-
marized in Figure 1.

Statistical Analyses
Pearson’s correlation coefficient was used to evaluate the relationship 
between the different similarity scores and overload scores calculated. 
Correlation coefficient magnitudes were rated as trivial (r < 0.1), small 
(0.1 < r < 0.3), moderate (0.3 < r < 0.5), large (0.5 < r < 0.7), 
very large (0.7 < r < 0.9), and nearly perfect (r > 0.9) and perfect 
(r = 1.0) [31]. An independent-sample t-test was performed to test 
differences in the similarity scores and overload scores between the 
two different teams (First team vs U19 team). Cohen’s effect size was 
calculated and the magnitudes of the effect were interpreted accord-
ing to the Hopkins criteria [32]: < 0.2 (trivial), 0.20–0.59 (small), 
0.60–1.19 (moderate), 1.20–1.99 (large), 2.00–3.99 (very 
large), ≥ 4.00 (nearly perfect). To account for differences between 
similarity scores and overload scores with SSG characteristics, a gen-
eralized linear mixed model (GLMM) was employed. The character-
istics of SSGs (i.e., type of the drill, ApP) were inserted into the 
model as fixed factors. The players’ identity was inserted into the 
model as a random effect to take into account the repeated measure-
ments. GLMM was employed to understand the relationship between 
all the possible two-way interactions, and the similarity and overload 
scores were identified as the dependent variables. The dataset was 
split into three subsets according to players’ positions. Inside each 
subset, six GLMM were fitted, three for the similarity scores and three 
for the overload scores. Each standardized regression coefficient (β) 
was used to quantify the effect size of the individual predictors and 
ascertain which interaction was the most important in explaining the 
variation in the dependent variable [33, 34]. Data are presented as 
mean (± SD) and 95% confidence intervals. The significance level 
was set at p < 0.05. The software used for the statistical analysis of 

TABLE 2. Differences of similarity and overload scores between First team and U19 team after independent-sample t-test.

Team Mean SD p-value Effect size (d)

Simkin
U19 team 0.460 0.158

0.001 0.91
First team 0.586 0.114

OVERkin
U19 team -3.213 5.146

0.001 0.47
First team -1.451 1.239

Simmec
U19 team 0.534 0.116

0.562
First team 0.567 0.119

OVERmec
U19 team 0.066 1.929

0.001 0.35
First team 0.675 1.510

Simkin = similarity score for the kinematic vector; OVERkin = Overload score for the kinematic vector; Simmec = Similarity score for 
the mechanical vector; OVERmec = Overload score for the mechanical vector.
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TABLE 3. Analysis of differences in similarity and overload scores according to SSGs characteristics and playing roles.

SIMILARITY SCORE (KINEMATIC VECTOR) OVERLOAD SCORE (KINEMATIC VECTOR)
DEFENDERS MIDFIELDERS FORWARDS DEFENDERS MIDFIELDERS FORWARDS

Type of the 
drill ApP β 95% CI p-value β 95% CI p-value β 95% CI p-value β 95% CI p-value β 95% CI p-value β 95% CI p-value

(Intercept) 0.365 [0.252 
0.478] 0.001 0.457 [0.395 

0.518] 0.001 0.430 [0.326 
0.492] 0.001 -5.945 [-9.465 

-2.426] 0.001 -3.220 [-4.033 
-2.408] 0.001 -3.772 [-5.117 

-2.426] 0.001

GS LG 0.189 [0.060 
0.318] 0.001 0.130 [0.062 

0.198] 0.001 0.174 [0.059 
0.228] 0.003 5.470 [1.517 

9.423] 0.007 2.042 [1.143 
2.940] 0.001 2.482 [0.988 

3.976] 0.001

MG 0.148 [0.019 
0.277] 0.024 0.078 [0.010 

0.145] 0.024 0.129 [0.0144 
0.216] 0.028 4.027 [0.103 

7.951] 0.044 1.072 [0.175 
1.968] 0.019 1.727 [0.240 

3.214] 0.023

SG 0.046 [-0.090 
0.184] 0.501 -0.024 [-0.102 

0.052] 0.530 0.032 [-0.09 
10.156] 0.603 1.607 [-2.779 

5.994] 0.471 -0.139 [-0.164 
0.886] 0.789 0.596 [-1.014 

2.208] 0.464

PG LG -0.009 [-0.165 
0.146] 0.905 -0.045 [-0.132 

0.041] 0.307 0.008 [-0.141 
0.159] 0.907 1.995 [-2.866 

6.857] 0.419 3.688 [2.538 
4.837] 0.001 2.165 [0.214 

4.115] 0.030

MG 0.110 [-0.022 
0.243] 0.104 0.052 [-0.018 

0.124] 0.145 0.071 [-0.04 
6.189] 0.234 2.698 [-1.446 

6.843] 0.200 0.912 [0.162 
1.765] 0.045 1.400 [0.117 

2.933] 0.041

SG 0.002 [-0.128 
0.134] 0.966 -0.076 [-0.147 

-0.004] 0.036 -0.013 [-0.132 
0.105] 0.825 -1.143 [-4.218 

3.931] 0.945 -0.929 [-1.871 
-0.171] 0.042 -0.074 [-1.618 

1.469] 0.924

TG LG 0.070 [-0.073 
0.215] 0.334 0.0247 [-0.048 

0.097] 0.503 0.064 [-0.063 
0.192] 0.318 1.513 [-2.830 

5.858] 0.492 0.473 [-0.493 
1.440] 0.334 0.877 [-0.786 

2.541] 0.297

MG 0a 0a 0a 0a 0a 0a

SIMILARITY SCORE (MECHANICAL VECTOR) OVERLOAD SCORE (MECHANICAL VECTOR)
DEFENDERS MIDFIELDERS FORWARDS DEFENDERS MIDFIELDERS FORWARDS

Type of the 
drill ApP β 95% CI p-value β 95% CI p-value β 95% CI p-value β 95% CI p-value β 95% CI p-value β 95% CI p-value

(Intercept) 0.487 [0.419 
0.555] 0.001 0.547 [0.488 

0.605] 0.001 0.539 [0.461 
0.617] 0.001 -0.577 [-1.612 

0.458] 0.273 0.153 [-0.651 
0.957] 0.708 -0.421 [-1.597 

0.754] 0.478

GS LG 0.085 [0.010 
0.161] 0.026 0.061 [0.011 

0.125] 0.042 0.073 [0.013 
0.151] 0.046 1.053 [0.083 

2.195] 0.047 -0.155 [-1.033 
0.723] 0.728 0.594 [-0.696 

1.885] 0.362

MG 0.025 [-0.049 
0.100] 0.499 0.045 [-0.019 

0.109] 0.170 0.027 [-0.056 
0.111] 0.514 1.555 [0.426 

2.684] 0.007 -0.074 [-0.949 
0.800] 0.867 0.928 [-0.352 

2.209] 0.153

SG -0.031 [-0.116 
0.052] 0.458 -0.031 [-0.105 

0.042] 0.403 -0.053 [-0.147 
0.041] 0.268 1.995 [0.676 

3.313] 0.003 0.682 [-0.332 
1.698] 0.187 1.309 [0.211 

2.899] 0.036

PG LG -0.114 [-0.189 
-0.032] 0.021 -0.047 [-0.130 

0.034] 0.255 0.002 [-0.113 
0.118] 0.971 1.010 [-0.419 

2.441] 0.165 0.590 [-0.546 
1.728] 0.307 0.546 [-1.188 

2.280] 0.534

MG 0.007 [-0.071 
0.087] 0.845 0.016 [-0.051 

0.084] 0.640 0.033 [-0.055 
0.121] 0.461 1.552 [0.339 

2.765] 0.012 0.180 [-0.748 
1.108] 0.702 0.836 [-0.504 

2.177] 0.218

SG -0.020 [-0.098 
0.057] 0.152 -0.034 [-0.102 

0.033] 0.321 -0.055 [-0.143 
0.033] 0.219 1.213 [0.026 

2.400] 0.045 -0.369 [-1.291 
0.552] 0.430 0.994 [-0.348 

2.337] 0.144

TG LG 0.026 [-0.056 
0.109] 0.525 0.022 [-0.046 

0.092] 0.516 0.055 [-0.037 
0.148] 0.237 -0.167 [-1.400 

1.065] 0.789 -0.802 [-1.738 
0.134] 0.093 -0.378 [-1.798 

1.040] 0.596

MG 0a 0a 0a 0a 0a 0a

ApP = area per player; β = standardized regression coefficient; CI = Confidence interval; GS = game simulation; PG = possession 
game; TG = tactical game; LG = large game; MG = medium game; SG = small game.

score was established if the SSGs were more demanding or less 
demanding than the match. The novelty of the study is to develop 
these two scores to simplify information from multiple GPS variables, 
to improve data communication and decision-making processes. The 
second purpose of the study was to analyse the behaviour of the 
scores in relation to the SSG characteristics in order to understand 
their usefulness within a real context. The main findings suggest that 
the similarity and overload scores were significantly higher in the First 
team compared to the U19 team. Moreover, significant differences 
were found according to the drills’ format and playing position.

Development of Similarity and Overload Scores
The principal aim of the current study was to develop a similarity and 
overload score in order to quantify the ability of SSGs to replicate 
match intensity. At the end of the process, we had produced three 
different similarity scores (Simkin, Simmet, Simmec) and three overload 
scores (OVERkin, OVERmet, OVERmec) for each SSG and each player. 
Before moving toward further investigations, a correlation analysis 
was performed to understand the relationship between the different 
scores. Simkin and Simmet (r = 0.892, p < 0.01), as well as OVERkin 
and OVERmet (r = 0.708, p < 0.01), showed a significant very large 
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FIG. 3. A real example of data visualization and communication of the similarity and overload scores for three different SSGs during 
a training session. 
Note: Avg = average value P1 = player 1 P2 = player 2 P3 = player 3 P4 = player 4

correlation. Even in previous studies [35, 36], kinematic variables 
(i.e., total distance, high-speed running) showed near perfect cor-
relation with the metabolic load (i.e., high metabolic power). The 
scores being highly correlated and, therefore, providing similar results, 
Simmet and OVERmet were excluded from further analysis. At the end 
of the process, the two similarity scores (Simkin, Simmec) and the two 
overload scores (OVERkin, OVERmec) were compared in relation to the 
team, SSG characteristics, and playing roles.

Similarity and Overload Scores Differences between Teams, SSGs, 
and Playing Roles
Following calculating similarity and overload scores, the second 
purpose of the study was to evaluate how values change according 
to the team (First team vs. U19 team) and according to the SSG 
characteristics. This last investigation was conducted for the three 
different roles (i.e., defenders, midfielders, and forwards) identified 

within the current study. The results suggest that the First team 
achieved higher similarity and overload scores except for Simmec, 
where no significant differences were identified (Table 2). To the 
best of our knowledge, no studies have investigated differences in 
SSGs between professional and youth soccer players. Houtmeyers 
et al. [37] only analysed differences in weekly load between U19 
and First team players within a professional soccer team. Although 
the authors considered the overall training sessions, in line with our 
study, the U19 team registered a shorter distance per minute in 
low- and high-velocity zones. We could speculate that young soccer 
players, possessing less technical skills and physical capabilities, 
are involved in SSGs characterized by lower intensity. As proof of 
this, Dellal et al. [38] analysed the differences between amateur 
and professional players. The authors found that amateur players 
were able to perform less total distance in sprinting and showed 
lower technical abilities, as highlighted by the higher number of lost 
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balls and a more significant number of skill errors. In addition, Fenner 
et al. [39] demonstrated that the more talented young players were 
able to cover a greater distance at higher speeds during SSGs. For 
this reason, physical and technical capabilities could be crucial 
elements to ensure SSGs’ intensity, explaining differences between 
the First team and the U19 team found in the current study. How-
ever, we must also consider that different coaching styles and phi-
losophies (e.g., technical and tactical requests) could affect the way 
of training and, consequently, SSGs’ intensity.

After analysing the differences between the First and U19 teams, 
our study aimed to understand how similarity and overload scores 
changed with SSG characteristics. Particularly, we classified SSGs 
based on the type of drill (game simulations, possession games, tac-
tical games) and size of area per player (small games, medium games, 
large games). In general, the results suggest that the game simula-
tions allowed the highest similarity scores to be achieved for kinemat-
ic and mechanical variables compared with the reference category 
“tactical games-medium games”.

Game simulations appeared to elicit greater Simkin in all the play-
ing roles. It is taken for granted that game simulations, due to the 
presence of goals, could most replicate the match effort. Indeed, in 
this type of drill, the players’ movement patterns will be more linear 
as there is a direction to target [17]. In contrast, possession games, 
characterized by multidirectional movements, induced a significant 
reduction of the Simkin score in midfielders, as highlighted by the 
β coefficient. However, for the game simulations, not all the pitch 
sizes are able to maximize the Simkin score. As reported in Table 3, 
significantly higher scores were found only for medium and large 
games. In line with previous studies [14, 15, 40, 41], an increase 
in ApP leads to more space to cover, consequently allowing an in-
crease in game intensity and higher speeds to be reached. In simi-
lar populations of both adult [27] and U19 [42] Serie A soccer play-
ers, it has been previously demonstrated that a large ApP is required 
as a tool to replicate official match demands. Indeed, if we consid-
er the β coefficient, large games seem to be the most effective for 
increasing the Simkin in the three different playing roles. Regarding 
the Simmec, only game simulations performed as large games pro-
duced a significant increase in the score in the three different play-
ing roles. A greater ApP allows for achieving very high speeds, and 
consequently, maximum accelerations and decelerations [17]. As in 
the case of Simkin, possession games (large games) caused a signif-
icant reduction in the Simmec score for defenders.

Examining the results achieved for overload scores, different in-
formation was obtained. If the similarity score was developed to un-
derstand how the SSGs were able to replicate match intensity, the 
overload score was integrated to understand how much the SSGs 
were globally more or less demanding compared to the match inten-
sity. For the OVERkin score, the game simulation – large game com-
bination was identified as the format more suitable for defenders. 
Interestingly, for midfielders and forwards, the combination posses-
sion game – large game was able to maximize the OVERkin score. 

Generally, due to their technical abilities, midfielders and forwards 
are critical players in keeping possession of the ball and applying 
pressure to win it back. For this reason, when the game aims to 
maintain possession, midfielders and forwards are more involved, 
consequently increasing their game intensity. By contrast, for the 
OVERmec score, the results suggest that by reducing the playing space 
(game simulation – small game for defenders and forwards), it is 
possible to have the maximum increase in the overload score. This 
result confirms previous studies [17] where the total number of 
changes in velocity (accelerations and decelerations) increased as 
the pitch size decreased. Consequently, small spaces could be ade-
quate to overload mechanical work intensity compared to the match 
effort but failed to overload high-speed running and sprints [14, 27, 43]. 
In contrast, no significant differences were observed for the OVERmec 
score in the midfielders. As suggested by Riboli et al. [27], the dif-
ferent playing positions need different ApPs according to their spe-
cific performance model. Therefore, coaches and physical trainers 
should be aware that the same SSG could elicit different stimuli for 
different playing roles [14].

The current study has some limitations. First, the small sample 
size led to players being grouped in only three different playing po-
sitions (i.e., defenders, midfielders, forwards) and there being only 
a few observations for a specific SSG format (possession game – 
large game). Moreover, only two teams were included in the current 
study, and specific aspects such as coaching style and club philos-
ophy could have affected the results. In addition to external load 
data, internal load parameters (e.g., heart rate) could provide addi-
tional comparisons between SSGs and match demands. However, it 
is necessary to recognize that there could be some technological lim-
itations in constantly monitoring the internal load [16]. Another lim-
itation concerns the SSGs’ characteristics. Indeed, only the type of 
drill and area per player were considered in the current study. This 
last point opens up the opportunity for further investigations that 
could investigate how different SSGs’ characteristics (e.g., number 
of players, minutes of play, number of sets, recovery time between 
the sets) affect similarity scores and overload scores.

Practical applications
The similarity and overload scores developed in this study could be 
used to classify the different SSGs throughout the season and used 
in the weekly microcycle in relation to the needs of coaches and 
physical trainers. Euclidean distance and the average of the pairwise 
difference between vectors proved to be effective in managing mul-
tiple GPS variables, preventing the risk of “data overload”. Indeed, 
in this way, it is possible to use a single number to understand the 
general effort achieved during SSGs in relation to match intensity. 
Although our approach was developed using the WIMU system, it 
can be replicated with any other GPS system, and also by modifying 
the variables inserted in the training and match vectors. This meth-
od could help the coaching staff in data interpretation and decision-
making strategies. To make this process clearer, we created 
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change according to the level (First team vs U19 team) and role of 
the players (defenders, midfielders, forwards).

Acknowledgments
The authors would like to thank the club Parma Calcio 1913 (includ-
ing contact persons, medical staff, coaching staff, and all players) for 
their participation in the study. This research was undertaken without 
additional research funding support. The authors have no conflicts 
of interest to disclose.

Funding
The authors received no specific funding for this work.

Conflicts of interest/Competing interests
The authors have declared that no conflicts/competing interests exist.

Contributorship
MM, AT, and ML were responsible for the conception and design of 
the study. The literature review was conducted by MM, AT, AR, and 
ML. MM, AT SC, AR and ML conducted the data analysis and inter-
pretation. The statistical analysis was carried out by MM, SC, and 
ML. The article was written by MM, AT, AR, and ML. All authors 
contributed to the review of the manuscript.

a visualization that could help to understand the utility of these 
metrics on a daily basis (Figure 3). Particularly, high overload scores 
could be encouraged at the beginning of the weekly microcycle and 
away from the match day. On the other hand, high similarity scores 
should be sought in all the SSGs. Coaches and physical trainers 
should be aware that game simulations performed in large spaces 
make it possible to achieve the highest similarity scores for kine-
matic and mechanical variables. Conversely, game simulations played 
in smaller spaces could induce an overload in the mechanical pa-
rameters. To overload kinematic intensity, possession games should 
be encouraged. However, it is important to consider that different 
game formats could lead to different load stimuli.

CONCLUSIONS 
The similarity and overload scores developed in the current study 
allowed us to compare SSG and match demands. This approach 
could bring several advantages including the possibility to manage 
numerous GPS variables, and improve data interpretation and com-
munication. The results suggested that game simulations performed 
in large spaces made it possible to increase similarity scores for the 
kinematic and mechanical variables. On the other hand, possession 
games and smaller play spaces could lead to higher overload scores. 
Coaches and physical trainers must consider that these results may 

1. Dellal A, Drust B, Lago-Penas C. Variation 
of activity demands in small-sided soccer 
games. Int J Sports Med. 2012; 
33(05):370–5.

2. Dawson B, Hopkinson R, Appleby B, 
Stewart G, Roberts C. Comparison of 
training activities and game demands in 
the Australian Football League. J Sci Med 
Sport. 2004; 7(3):292–301.

3. Casamichana D, Castellano J, Castagna C. 
Comparing the physical demands of 
friendly matches and small-sided games 
in semiprofessional soccer players. 
J Strength Cond Res. 2012; 
26(3):837–43.

4. Hill-Haas SV, Coutts AJ, Dawson BT, 
Rowsell GJ. Time-motion characteristics 
and physiological responses of small-sided 
games in elite youth players: the influence 
of player number and rule changes. 
J Strength Cond Res. 2010; 
24(8):2149–56.

5. Tessitore A, Meeusen R, Piacentini MF, 
Demarie S, Capranica L. Physiological and 
technical aspects of” 6-a-side” soccer 
drills. J Sports Med Phys Fitness. 2006; 
46(1):36.

6. Clemente F, Sarmento H. Combining 
small-sided soccer games and running-
based methods: A systematic review. Biol 
Sport. 2021; 38(4):617–27.

7. Giménez JV, Liu H, Lipińska P, Szwarc A, 
Rompa P, Gómez MA. Physical responses 
of professional soccer players during 4 vs. 

4 small-sided games with mini-goals 
according to rule changes. Biol Sport. 
2018; 35(1):75–81.

8. Branquinho L, Ferraz R, Travassos B, 
Marinho DA, Marques MC. Effects of 
different recovery times on internal and 
external load during small-sided games in 
soccer. Sports Health. 2021; 
13(4):324–31.

9. Branquinho L, Ferraz R, Marques MC. 
5-a-Side Game as a Tool for the Coach in 
Soccer Training. Strength Cond J. 2021; 
43(5):96–108.

10. Branquinho L, Ferraz R, Travassos B, C. 
Marques M. Comparison between 
continuous and fractionated game format 
on internal and external load in 
small-sided games in soccer. Int J Environ 
Res Public Health. 2020; 17(2):405.

11. Sarmento H, Clemente FM, Harper LD, 
Costa IT da, Owen A, Figueiredo AJ. Small 
sided games in soccer–a systematic 
review. Int J Perform Anal Sport. 2018; 
18(5):693–749.

12. López-Fernández J, Sánchez-Sánchez J, 
Rodríguez-Cañamero S, Ubago-Guisado E, 
Colino E, Gallardo L. Physiological 
responses, fatigue and perception of 
female soccer players in small-sided 
games with different pitch size and sport 
surfaces. Biol Sport. 2018; 35(3):291–9.

13. Clemente FM, Wong DP, Martins FML, 
Mendes RS. Acute effects of the number of 
players and scoring method on 

physiological, physical, and technical 
performance in small-sided soccer games. 
Res Sports Med. 2014; 22(4):380–97.

14. Lacome M, Simpson BM, Cholley Y, 
Lambert P, Buchheit M. Small-sided 
games in elite soccer: Does one size fit all? 
Int J Sports Physiol Perform. 2018; 
13(5):568–76.

15. Casamichana D, Castellano J. Time–
motion, heart rate, perceptual and motor 
behaviour demands in small-sides soccer 
games: Effects of pitch size. J Sports Sci. 
2010; 28(14):1615–23.

16. Riboli A, Esposito F, Coratella G. 
Small-Sided Games in Elite Football: 
Practical Solutions to Replicate the 4-min 
Match-Derived Maximal Intensities. 
J Strength Cond Res. 2022; 10.1519.

17. Gaudino P, Alberti G, Iaia FM. Estimated 
metabolic and mechanical demands 
during different small-sided games in elite 
soccer players. Hum Mov Sci. 2014; 
36:123–33.

18. Rossi A, Perri E, Pappalardo L, Cintia P, 
Iaia FM. Relationship between external 
and internal workloads in elite soccer 
players: comparison between rate of 
perceived exertion and training load. Appl 
Sci. 2019; 9(23):5174.

19. Osgnach C, Poser S, Bernardini R, 
Rinaldo R, Di Prampero PE. Energy cost 
and metabolic power in elite soccer: a new 
match analysis approach. Med Sci Sports 
Exerc. 2010; 42(1):170–8.

REFERENCES 



24

Mauro Mandorino et al. Similarity and overload scores in small-sided games

20. Rossi A, Pappalardo L, Cintia P, Iaia FM, 
Fernández J, Medina D. Effective injury 
forecasting in soccer with GPS training 
data and machine learning. PloS One. 
2018; 13(7):e0201264.

21. Beenham M, Barron DJ, Fry J, Hurst HH, 
Figueirdo A, Atkins S. A comparison of 
GPS workload demands in match play 
and small-sided games by the positional 
role in youth soccer. J Hum Kinet. 2017; 
57(1):129–37.

22. Dalen T, Sandmæl S, Stevens TG, 
Hjelde GH, Kjøsnes TN, Wisløff U. 
Differences in acceleration and 
high-intensity activities between 
small-sided games and peak periods of 
official matches in elite soccer players. 
J Strength Cond Res. 2021; 
35(7):2018–24.

23. Weaving D, Dalton NE, Black C, 
Darrall-Jones J, Phibbs PJ, Gray M, 
Jones B, Roe GA. The same story or 
a unique novel? Within-participant 
principal-component analysis of 
measures of training load in professional 
rugby union skills training. Int J Sports 
Physiol Perform. 2018; 13(9):1175–81.

24. Fernández-Cuevas I, Gomez-Carmona P, 
Sillero-Quintana M, Noya-Salces J, 
Arnaiz-Lastras J, Pastor-Barrón A. 
Economic costs estimation of soccer 
injuries in first and second spanish 
division professional teams. In: 15th 
Annual Congress of the European College 
of Sport Sciences ECSS, 23th 26th june. 
2010.

25. Reilly T. The science of training-soccer: 
A scientific approach to developing 
strength, speed and endurance. 
Routledge; 2006.

26. Winter EM, Maughan RJ. Requirements 
for ethics approvals. 2009; 

27. Riboli A, Coratella G, Rampichini S, Cé E, 
Esposito F. Area per player in small-sided 
games to replicate the external load and 
estimated physiological match demands 

in elite soccer players. PloS One. 2020; 
15(9):e0229194.

28. Owen AL, Wong DP, Paul D, Dellal A. 
Physical and technical comparisons 
between various-sided games within 
professional soccer. Int J Sports Med. 
2014; 35(04):286–92.

29. Muyor JM, Granero-Gil P, Pino-Ortega J. 
Reliability and validity of a new 
accelerometer (Wimu®) system for 
measuring velocity during resistance 
exercises. Proc Inst Mech Eng Part 
P J Sports Eng Technol. 2018; 
232(3):218–24.

30. Bastida Castillo A, Gómez Carmona CD, 
De la Cruz Sánchez E, Pino Ortega J. 
Accuracy, intra-and inter-unit reliability, 
and comparison between GPS and 
UWB-based position-tracking systems 
used for time–motion analyses in soccer. 
Eur J Sport Sci. 2018; 18(4):450–7.

31. Hopkins WG. Measures of reliability in 
sports medicine and science. Sports Med. 
2000; 30(1):1–15.

32. Hopkins W, Marshall S, Batterham A, 
Hanin J. Progressive statistics for studies 
in sports medicine and exercise science. 
Med Sci Sports Exerc. 2009; 41(1):3.

33. Tribolet R, Sheehan WB, Novak AR, 
Watsford ML, Fransen J. A descriptive 
and exploratory study of factors 
contributing to augmented feedback 
duration in professional Australian 
football practice. Int J Sports Sci Coach. 
2022; 17(3):609–18.

34. Pollard R, Armatas V. Factors affecting 
home advantage in football World Cup 
qualification. Int J Perform Anal Sport. 
2017; 17(1–2):121–35.

35. Dubois R, Paillard T, Lyons M, 
McGrath D, Maurelli O, Prioux J. Running 
and metabolic demands of elite rugby 
union assessed using traditional, 
metabolic power, and heart rate 
monitoring methods. J Sports Sci Med. 
2017; 16(1):84.

36. Castagna C, Varley M, Póvoas SC, 
D-Ottavio S. Evaluation of the match 
external load in soccer: Methods 
comparison. Int J Sports Physiol Perform. 
2017; 12(4):490–5.

37. Houtmeyers KC, Jaspers A, Brink MS, 
Vanrenterghem J, Varley MC, Helsen WF. 
External load differences between elite 
youth and professional football players: 
ready for take-off? Sci Med Footb. 2021; 
5(1):1–5.

38. Dellal A, Hill-Haas S, Lago-Penas C, 
Chamari K. Small-sided games in soccer: 
amateur vs. professional players’ 
physiological responses, physical, and 
technical activities. J Strength Cond Res. 
2011; 25(9):2371–81.

39. Fenner JS, Iga J, Unnithan V. The 
evaluation of small-sided games as 
a talent identification tool in highly 
trained prepubertal soccer players. 
J Sports Sci. 2016; 34(20):1983–90.

40. de Dios-Álvarez V, Castellano J, 
Padrón-Cabo A, Rey E. Do small-sided 
games prepare players for the worst-case 
scenarios of match play in elite young 
soccer players? Biol Sport. 2023; 
41(1):95–106.

41. Riboli A, Esposito F, Coratella G. 
Technical and locomotor demands in elite 
soccer: manipulating area per player 
during small-sided games to replicate 
official match demands. Biol Sport. 
2022; 40(3):639–47.

42. Riboli A, Olthof SB, Esposito F, 
Coratella G. Training elite youth soccer 
players: area per player in small-sided 
games to replicate the match demands. 
Biol Sport. 2022; 39(3):579–98.

43. Asian-Clemente J, Rabano-Muñoz A, 
Muñoz B, Franco J, Suarez-Arrones L. 
Can Small-side Games Provide Adequate 
High-speed Training in Professional 
Soccer? Int J Sports Med. 2021; 
42(06):523–8.

Articles published in the Biology of Sport are licensed under an open access Creative Commons CC BY 4.0 license.


