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ABSTRACT
Purpose: Monitoring players’ training load allows practitioners to enhance physical performance while

10 reducing injury risk. The aim of this study was to identify the key external load indicators in professional
U19 soccer. Methods: Twenty-four-professional Italian young (U19) soccer players were monitored by
using the rating of perceived exertion (CR-10 RPE scale) and a wearable inertial sensor during the
competitive season. Three main components were detected by a Principal Component Analysis (PCA):
i) volume metabolic related component, ii) intensity mechanical stimuli component, and iii) intensity

15 metabolic/mechanical component. We hence computed two scores (i.e. Performance [PERF] and total
workload [WORK]) permitting to investigate the weekly microcycle. Results: Correlation analysis showed
that scores (i.e. PERF and WORK) are low correlated (r = -0.20) suggesting that they were independent.
Autocorrelation analysis showed that a weekly microcycle is detectable in all the scores. Two-way ANOVA
RM showed a statistical difference between match day (MD) and playing position for the three PCA

20 components and PERF score. Conclusion: We proposed an innovative approach to assess both the
players’ physical performance and training load by using a machine learning approach allowing reducing
a large dataset in an objective way. This approach may help practitioners to prescribe the training in the
microcycle based on the two scores.
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Physical training, when is appropriately delivered in accor-
25 dance with the training goal, induces psychophysiological

responses that lead soccer players to reach specific adaptations.
In order to elicit a desired athlete’s training response, practi-
tioners are used to monitor acute and chronic training effect.
Actually, a conceptual framework carried out by Jeffries et al.

30 (2021), have reported several training effect categories such as
performance, physiological, subjective, and other (cognitive,
biomechanical, etc.) measures highlighting the lack of a gold
standard which includes surrogate (proxy) measures that
reflect the training effect construct. The identification of the

35 measurable components and their role within the training
process is a paramount on- field practice (i.e., training mon-
itoring) that allows practitioners to adjust and adapt the train-
ing periodization program. Noteworthy, training monitoring
is crucial to identifying an athlete’s adaptation to a training

40 stimuli, as well as minimizing the risk of nonfunctional over-
reaching (Gabbett et al., 2017; Halson, 2014).

The training load (TL) in the context of athletic training has
been described as “the input variable that is manipulated to
elicit the desired training response” (F. Impellizzeri et al.,

45 2019). Actually, monitoring of TL in soccer involves multiple
measures derived from both external (i.e., the physical activ-
ities performed by players derived from training plan) and
internal loads (i.e., the actual athlete’s psychophysiological

response that initiates to cope with the requirements elicited
50by the external load) (F. Impellizzeri et al., 2019). Actually,

several indicators have been used to monitor soccer players
considering both physiological (e.g., heart rate, maximal oxy-
gen consumption and lactate blood concentration) (Rampinini
et al., 2007a; Stølen et al., 2005) and match-demand-related

55components. Recently, this information has been derived from
Electronic Performance and Tracking Systems (EPTS)
(Maughan et al., 2021) devices such as Global Positioning
System (GPS) (Pillitteri et al., 2023b; Varley et al., 2017) and
inertial measurement unit (IMU) (Pillitteri et al., 2023a).

60Noteworthy, in order to better understand the TL to which
soccer players are subjected an integrative approach that con-
siders both external and internal loads is guaranteed by con-
ceptual frameworks (F. Impellizzeri et al., 2019). Indeed, each
TL indicator provides only a partial component of soccer TL

65(Pillitteri et al., 2023a).
Given a lack of gold standard to assess TL and considering

the multifactorial nature of physical soccer performance, prac-
titioners should consider several indicators to holistic overview
of training effect (Pillitteri et al., 2023b). Actually, it is a tough

70challenge for the practitioners the management of a big
amount of data and the appropriate interpretation of all the
variables provided by the EPTS devices (Rojas-Valverde et al.,
2019). Hence, may be useful and necessary the identification
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and selection of the key performance indicators (Oliva-Lozano
75 et al., 2023) through specific statistical methods to reduce the

dimensionality of datasets (Oliva-Lozano et al., 2023; Parmar
et al., 2018; Rojas-Valverde et al., 2019, 2020) with the aim of
synthesize the soccer physical performance in order to reduce
possible communication problems within staff team

80 (F. M. Impellizzeri et al., 2020).
Some previous studies have proposed new indexes and

ratio that permits to understand the relationship between
external and internal load indicators (Derbidge et al., 2022;
Grünbichler et al., 2020) and evaluate the players’ injury

85 risk. Actually, as suggested by Impellizzeri et al. TL frame-
work (2019), the uncoupling between internal and external
load may be used to identify how an athlete is coping with
their training program. Moreover, when players perform the
same external load (e.g., total distance) with a lower internal

90 load (e.g., average HR), would be assumed to reflect
increased fitness level. On the other hand, an increase in
internal response when the same amount of external load is
performed may be attributed to a fatigued condition or
a loss in fitness level. For example, the efficient index

95 (Effindex) given by the ratio between mean speed
in m∙min‐1 (i.e., external load) divided mean exercise inten-
sity (%HRmax) (i.e., internal load) has been implemented to
quantify the match stimuli dose‐response (i.e.,
a physiological response for a given external activity per-

100 formed) (Arrones et al., 2014; Torreño et al., 2016). Other
studies have investigated the relationship between TL and
injuries by using the ratio between acute and chronic work-
load (ACWR) (Bowen et al., 2020) suggesting the protective
benefits of high chronic loads and physical strength against

105 injury by highlighting to avoiding sudden spikes in acute TL
(Griffin et al., 2020).

To the best of our knowledge, a global training/match
load score has never been implemented considering both
external and internal load. Although studies have used exter-

110 nal/internal load ratio to identify fitness-fatigue conditions,
machine learning methods have not been considered for this
purpose. Therefore, the aims of this studies were to 1)
obtain the key external load indicators in professional U19
soccer through principal component analysis (PCA) starting

115 from several data provided by ISD; 2) calculate both a total
training/match load score and an athlete’s physical perfor-
mance score considering both external and internal load
indicators; 3) analyze the training microcycle (distance
between two official matches [MD system]) through the

120 scores calculated from the external and internal load indica-
tors also considering the differences between playing
positions.

Methods

Experimental approach to the problem

125 In this cross-sectional study, the internal and external training
workloads of twenty-four-professional Italian young (U19)
soccer players were monitored by using the rating of perceived
exertion (CR-10 RPE scale) and a wearable inertial sensor,
respectively, during the competitive season from August to

130February (2022–2023). Soccer players were categorized into
six groups according to their role as follows: central back (CB),
external strikers (ES), fullback (FB), midfielder (MD), wide
midfielder (WM), and Strikers (S).

Subjects

135Twenty-four-professional soccer players (age: 18,7 ± 0,5 years,
height: 177 ± 6 cm, weight: 67,5 ± 7,7 Kg) competing in the
U19 Italian Championship were analyzed. In detail, 1,280
observations, (53.3 ± 28.9 for each player) (109 training session
and 12 Official Matches) have been assessed monitoring both

140external and internal load. Participants’ playing positions were
the following: Central Back (CB; n = 6), Full Back (FB; n = 2),
Central Midfielder (MD; n = 2), Wide Midfielder (WM; n = 6),
External Sticker (ES; n = 5), and Central Sticker (S; n = 3).

The following inclusion criteria were considered: 1) profes-
145sional male soccer players; 2) no injury in the previous 6

months. Based on the exclusion criteria, only the goalkeepers
were not eligible for the study. The total duration of the
training sessions (number of training observation = 1,280)
was 97 ± 20min and mainly included technical-tactical team

150tasks along with some general physical exercise without ball
(e.g., high-intensity interval training, HIIT). Strength and con-
ditioning exercises were performed twice a week (i.e., one
session in the gym and one session on the pitch). Moreover,
the game duration was 83 ± 16min (number of matches obser-

155vation = 118). In total, 12 matches and 118 trainings (1,124 ±
113 minutes per week) were analyzed in this study. All parti-
cipants signed an informed consent before taking part in the
data collection. The Bioethics Committee of the University of
Palermo (n. 68/2021) approved the study, which complies with

160the principles of the Declaration of Helsinki.

Procedures

Participants were monitored during training and official
matches performed on a third-generation artificial pitch or
natural grass during the 2022–2023 season. All players per-

165formed a typical 25-minute pre-match warm-up before OM
and 30’ before training (15’ specific activation in the gym and
15’ on field warm-up). Internal Load data was collected
through RPE scale. TL for each participant was calculated
according to the session-RPE method of Foster et al. (2001)

17030 min after each session. The duration (minutes) and each
RPE training session were recorded for players using smart-
phone applications (i.e., WhatsApp through a broadcast list).
TL from each session for each player was calculated from the
product of the session duration and the player’s RPE (Foster

175et al., 2001). The training session duration included warm up,
cool down, and rest between tasks.

External Load Data were collected through a wearable iner-
tial sensor (TalentPlayers TPDev, firmware version 1.3). To
avoid interunit errors, each participant was assigned the same

180ISD for each OM. Among the available devices, TalentPlayers
was chosen as it provides very similar data compared to tradi-
tional GPS systems (i.e., instantaneous speed and distance,
change of directions, and metabolic data) and it is already
used by various Italian soccer teams (https://talentplayers.
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185 com (accessed on 16 December 2016)). This ISD is a small
wearable device integrating a six degrees of freedom MEMS
inertial sensor, capable of providing real-time acceleration and
rotation data along three orthogonal axes at a frequency of 100
Hz per channel. It is designed to be worn on the lower leg

190 using an elastic band. The validity and reliability of the ISD
have been previously reported (Pillitteri et al., 2021). All data
were acquired by the TalentPlayer mobile app (software ver-
sion 1.0.7) and uploaded to the TalentPlayers cloud. Table 1
reports the EL indicators used in this study.

195 Data analysis

Feature reduction
Principal component analysis (PCA) was used to reduce the
feature dimension space in order to aggregate features to
summarize the training workloads performed by soccer

200 players during training and matches. PCA is a linear dimen-
sionality reduction technique, which converts a set of corre-
lated features in the high-dimensional space into a series of
uncorrelated features in the low-dimensional space.

In particular, linear dimensionality reduction using
205 Singular Value Decomposition (SVD) of the data was used

to project the data to a lower dimensional space. To detect
the best number of components the explained variance
threshold was set at 90%. The input workload features
were previously normalized between 0 and 1 to reduce

210 intra-feature variability. 0.2 vas set as minimal limit for
extracting feature PCA scores. Sklearn python library was
used for PCA analysis. Kaiser–Meyer–Olkin (KMO) Test
was used to measure the suitability of data for factor ana-
lysis. It determines the adequacy for each observed variable

215 and for the complete model. KMO estimates the proportion
of variance among the entire observed variable. Lower pro-
portion is more suitable for factor analysis. KMO values
range between 0 and 1. Value of KMO less than 0.6 is
considered inadequate.

220Scores computation
The sum of the product between PCA weight of each compo-
nent and the workload performed by a player in a specific
training permit to create n independent workload values as
shown in Equation 1:

PCA scorei ¼
Xn

f¼0

wfi � xf (1)

225where i, f, w and x refer to the PCA component, the workload
feature, the PCA weight and the workload value, respectively.

Due to the fact that, in accordance with the PCA weights
and feature values, the PCA scores could be negative, the
minimum possible value, i.e., when all the workload values

230are equal to 0, were added to all the PCA scores.
Based on the n PCA scores and the internal loads (expressed

as rating of perceived exertion—RPE), 2 metrics were com-
puted. In particular, one metric reflects the player performance
(PERF—Equation 2), while the second one is focused on work-

235load (WORK—Equation 3).

PERF ¼ PCAi þ . . .þ PCAnð Þ=n
RPE

(2)

WORK ¼ PCAi þ . . .þ PCAn

n
� RPE � duration (3)

Statistical analysis
The normality of data distribution was tested by Shapiro–
Wilks’ Normality test. Parametric or no-parametric statistical
test was selected in accordance with the result of this test.

240Spearman Rho’s correlation analysis (rs) was performed to
identify relationships among scores. In order to meet any
assumption for the correlation analysis, a repeated measure
model with autoregressive approach (for time-series analysis)
was used. An autocorrelation analysis was conducted in

245order to detect similarity between observations among the

Table 1. Descriptions of the External Load indicators.

Indicators Type Description (Unit of measure)

TD Cinematic/volume Total distance covered (m)
MS* Cinematic/intensity Maximum speed reached (even for <1 second)
N°INTACC* Mechanical/volume Number of intense accelerations >2 m/s2

N°INTDEC* Mechanical/volume Number of intense decelerations >2 m/s2

N°HSR* Cinematic/volume Number of High Intensity Running at >20 km/h
DHSR* Cinematic/volume Distance traveled at speed (>20 km/h) (m)
MP* Metabolic/intensity 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 derived, the equation developed by di
Prampero et al. (2005). established on previously studies by Minetti et al. (2002). and Osgnach et al. (2010). was
adopted. (Watt = w).

DHMP* Metabolic/volume Distance traveled in the metabolic power zone (20–35 w) (m)
DEMP* Metabolic/volume Distance traveled in the metabolic power zone (35–55 w) (m)
DMMP* Metabolic/volume Distance traveled in the metabolic power zone (>55 w) (m)
N°INTACC/
MIN

Mechanical/intensity Number of intense accelerations >2 m/s2 per minute

N°INTDEC/
MIN

Mechanical/intensity Number of intense decelerations >2 m/s2 per minute

DHSR/MIN Cinematic/intensity Distance traveled in the speed zone (>20 km/h) (m) per minute
N° HSR Cinematic/volume Number of runs at speed zone (>20 km/h) (m)

Note. Legend: TD, Total Distance; MS, Maximal Speed; N°INTACC, Number of accelerations; N°INTDEC, Number of decelerations; N°HSR, Number of High-Speed Running;
WT, Walking Time; THSR; DHSR, Distance High-Speed Running; MP, Metabolic Power; TLMP, DHMP, Distance High Metabolic Power; DEMP, Distance Elevated
Metabolic Power; DMMP, Distance Max Metabolic Power; *Intensity indicator.
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variable time series as a function of the time lag between
them. Autocorrelation is the correlation of a signal with
a delayed copy of itself as a function of delay. The analysis
of autocorrelation is a mathematical tool for finding repeat-

250 ing patterns, such as the presence of a periodic signal
obscured by noise or identifying the missing fundamental
frequency in a signal implied by its harmonic frequencies. In
statistics, the autocorrelation of a real or complex random
process is the Pearson correlation (r) between values of the

255 process at different times, as a function of the two times or
of the time lag. Two-way analysis of variance for repeated
measures on two factors (two-way ANOVA RM) based on
a linear mixed model was used to detect difference among
MD and role. The first aim of this analysis is to detect

260 interaction among MD and role. The interaction indicate
different response of role in MDs. Moreover, difference
among roles and among MDs were investigated. The analysis
was conducted by Python 3.8 programming language.

Results

265Three main components were detected by PCA (KMO = 0.82).
These components explained the 93.3% of the total variance
among the multidimensional workloads space. The absolute
values of the weights for each workload in each PCA compo-
nent are provided in Figure 1. Based on these analyses, it is

270possible to define a name that describes the components as
follows: i) volume metabolic related component, ii) intensity
mechanical stimuli component, and iii) intensity metabolic/
mechanical component.

The low Spearman Rho’s correlation coefficients detected
275between PCA components indicate that these parameters

were independent of each other and consequently provide
different workload information. Similarly, also the two
cumulative scores (i.e., PREF and WORK) were low corre-
lated (rs = −0.20) indicating that performance and workload

280scores were independent. Moreover, PERF showed
a moderate correlation with “Intensity mechanical stimuli”

Figure 1. Absolute value for each workload feature in each PCA component. The higher the value the higher is the influence of a specific workload value on the PCA
score computation.
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component (rs = 0.46), while WORK with “Volume meta-
bolic related” and “Intensity metabolic/mechanical” compo-
nents (rs = 0.63 and rs = 0.34, respectively) indicating that

285 these components were the ones that most influence the
cumulative scores.

The autocorrelation analysis showed a weekly micro-
cycle in all the scores. Actually, a positive autocorrelation
was detected every 7 days and multiple of seven indicating

290 that a similar pattern was repeated every 7 days. Moreover,
a negative autocorrelation was found every 3–4 days denot-
ing that an inverse trend was performed in the middle of
the training microcycle. These results were in line with the
structure of the soccer training weekly microcycle (train-

295 ing–recovery balance).
Two-way ANOVA RM showed a statistical difference

among MD and playing position for the three PCA compo-
nents and PERF (Table 2). Even if there were differences in
both MD and playing position, the trend of these scores

300 among MD were similar in each playing position.
Differently, a statistical interaction was detected for WORK
(Table 2) showing a different trend among playing position
in different MDs.

Discussion

305The main aim of this study was to create two Scores that allow
to detect both individuals’ physical performance and global TL
(i.e., PERF and WORK scores, respectively) by using external
and internal load indicators. The scores permit to analyze the
microcycle workload by considering a singular indicator

310avoiding to control several indicators provided by MEMS
devices facilitating the understanding of the workload beha-
vior especially for the technical staff. Based on the two com-
puted score we found a statistical difference among MDs and
playing position. The scores showed a similar MD pattern for

315each playing position. While a statistical interaction was found
for WORK score showing a different trend among playing
position in different MDs.

To calculate scores, three main components, that permits to
assess different characteristics of the training workloads, have

320been obtained by PCA as: i) volume metabolic related compo-
nent, ii) intensity mechanical stimuli component, and iii)
intensity metabolic/mechanical component. The combination
of these components and the internal load (RPE) allows us to
compute the two scores in accordance with the aim of this

325study. The performance score (i.e., PERF) is computed as the
ratio between external and internal load (EL/IL) (Derbidge

Table 2. Descriptive statistics is reported as mean and interquartile range. The interquartile range is provided between brackets reporting the first and third
interquartile values. Moreover, satistical analysis of each score splitted by role and GD.

GD role

volume
metabolic
relatedb

intensity
mechanical
stimulia,b

intensity
metabolic

mechanicala,b PERFb WORKint

2 CB 1.89 [1.65, 2.06] 0.45 [0.34, 0.57] 0.55 [0.26, 0.75] 0.2 [0.14, 0.23] 496.9 [366.07, 587.84]
2 CM 2.22 [2.02, 2.37] 0.42 [0.32, 0.5] 0.31 [0.2, 0.39] 0.2 [0.13, 0.19] 577.02 [404.7, 805.29]
2 ES 1.87 [1.57, 2.21] 0.4 [0.3, 0.54] 0.56 [0.32, 0.76] 0.21 [0.15, 0.25] 445.11 [335.47, 519.92]
2 FB 1.84 [1.69, 2.03] 0.45 [0.27, 0.55] 0.6 [0.4, 0.83] 0.17 [0.14, 0.18] 531.9 [432.67, 611.1]
2 S 1.87 [1.41, 2.28] 0.43 [0.27, 0.49] 0.47 [0.31, 0.65] 0.16 [0.12, 0.2] 529.01 [439.12, 625.9]
2 WM 2.02 [1.63, 2.35] 0.48 [0.31, 0.64] 0.4 [0.22, 0.46] 0.2 [0.13, 0.27] 500.69 [345.28, 668.44]
3 CB 1.85 [1.72, 2.03] 0.64 [0.42, 0.81] 0.34 [0.19, 0.47] 0.18 [0.15, 0.21] 577.87 [447.15, 734.34]
3 CM 1.94 [1.66, 2.22] 0.69 [0.62, 0.83] 0.24 [0.12, 0.34] 0.24 [0.2, 0.25] 474.66 [376.43, 601.01]
3 ES 1.91 [1.67, 2.18] 0.71 [0.46, 0.98] 0.24 [0.13, 0.31] 0.21 [0.15, 0.23] 531.83 [405.89, 618.1]
3 FB 1.73 [1.45, 2.02] 0.51 [0.29, 0.7] 0.32 [0.22, 0.38] 0.15 [0.12, 0.18] 583.55 [396.68, 735.71]
3 S 1.82 [1.71, 1.91] 0.68 [0.49, 0.83] 0.22 [0.09, 0.35] 0.17 [0.15, 0.19] 563.78 [445.95, 645.27]
3 WM 1.86 [1.61, 2.17] 0.8 [0.53, 1.09] 0.22 [0.09, 0.28] 0.27 [0.18, 0.35] 429.1 [341.36, 522.77]
4 CB 2.31 [1.93, 2.8] 0.4 [0.09, 0.62] 0.36 [0.23, 0.49] 0.19 [0.14, 0.2] 603.9 [475.49, 735.39]
4 CM 2.27 [2.06, 2.64] 0.5 [0.33, 0.6] 0.24 [0.08, 0.4] 0.2 [0.19, 0.22] 524.59 [455.51, 569.88]
4 ES 2.31 [2.1, 2.64] 0.4 [0.16, 0.58] 0.28 [0.13, 0.33] 0.2 [0.16, 0.24] 498.32 [381.39, 566.63]
4 FB 2.43 [2.1, 2.75] 0.47 [0.23, 0.68] 0.28 [0.12, 0.46] 0.16 [0.14, 0.18] 680.49 [576.93, 783.85]
4 S 2.45 [2.16, 2.91] 0.39 [0.2, 0.62] 0.2 [0.1, 0.26] 0.18 [0.17, 0.2] 550.29 [476.38, 628.33]
4 WM 2.33 [2.09, 2.73] 0.44 [0.29, 0.55] 0.24 [0.08, 0.42] 0.25 [0.19, 0.29] 447.98 [274.26, 622.62]
5 CB 1.58 [1.24, 1.86] 0.51 [0.31, 0.64] 0.32 [0.26, 0.4] 0.18 [0.14, 0.22] 399.02 [285.59, 497.03]
5 CM 2.06 [1.99, 2.28] 0.65 [0.52, 0.73] 0.12 [0.06, 0.13] 0.26 [0.22, 0.3] 379.68 [314.67, 391.52]
5 ES 1.94 [1.39, 2.51] 0.48 [0.41, 0.65] 0.19 [0.08, 0.26] 0.23 [0.15, 0.3] 354.02 [217.44, 436.17]
5 FB 1.67 [1.37, 1.88] 0.3 [0.25, 0.41] 0.32 [0.25, 0.39] 0.17 [0.12, 0.18] 391.23 [267.87, 507.56]
5 S 1.58 [1.43, 1.88] 0.39 [0.33, 0.43] 0.17 [0.08, 0.25] 0.2 [0.16, 0.22] 289.18 [205.45, 330.5]
5 WM 1.63 [1.5, 1.84] 0.44 [0.27, 0.59] 0.25 [0.16, 0.35] 0.3 [0.22, 0.41] 239.11 [172.58, 308.03]
−1 CB 0.41 [0.22, 0.5] 0.42 [0.19, 0.58] 0.12 [0.07, 0.14] 0.17 [0.13, 0.2] 38.67 [19.85, 46.92]
−1 CM 0.44 [0.4, 0.48] 0.74 [0.48, 0.87] 0.09 [0.05, 0.11] 0.32 [0.22, 0.37] 37.32 [26.55, 48.92]
−1 ES 0.59 [0.37, 0.69] 0.4 [0.27, 0.44] 0.22 [0.14, 0.26] 0.24 [0.15, 0.26] 45.04 [31.66, 57.26]
−1 FB 0.41 [0.28, 0.53] 0.28 [0.15, 0.33] 0.11 [0.04, 0.13] 0.23 [0.11, 0.27] 20.7 [12.52, 25.61]
−1 S 0.36 [0.22, 0.54] 0.41 [0.15, 0.68] 0.15 [0.05, 0.25] 0.24 [0.09, 0.31] 26.15 [12.54, 39.42]
−1 WM 0.21 [0.11, 0.3] 0.31 [0.16, 0.46] 0.06 [0.03, 0.08] 0.15 [0.06, 0.23] 16.61 [13.6, 18.01]
0 CB 1.97 [1.77, 2.29] 0.18 [0.07, 0.25] 0.34 [0.19, 0.48] 0.1 [0.09, 0.11] 647.08 [499.49, 901.32]
0 CM 1.61 [1.35, 1.69] 0.12 [0.05, 0.17] 0.19 [0.04, 0.26] 0.12 [0.11, 0.13] 282.11 [115.05, 348.49]
0 ES 2.09 [1.62, 2.48] 0.13 [0.06, 0.2] 0.14 [0.06, 0.19] 0.13 [0.12, 0.15] 419.07 [195.31, 568.62]
0 FB 2 [1.88, 2.22] 0.13 [0.06, 0.19] 0.24 [0.11, 0.35] 0.11 [0.11, 0.13] 516.86 [434.42, 699.47]
0 S 2.29 [2.16, 2.6] 0.14 [0.09, 0.19] 0.11 [0.04, 0.15] 0.1 [0.09, 0.11] 625.62 [551.77, 728]
0 WM 2.06 [1.84, 2.33] 0.1 [0.04, 0.13] 0.22 [0.14, 0.23] 0.18 [0.14, 0.2] 349.43 [242.69, 419.54]

Note. In particular, the two-way ANOVA statistical difference is reported as: adifference among role; bdifference among GD; intinteraction between role and GD.
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et al., 2022). The use of this ratio to understand physical
performance (i.e., athlete’s fitness status) is supported by the
works carried out by Gabbett et al. (2017) and Impellizzeri

330 et al. framework (2019). Accordingly, some studies have
implemented the EL/IL ratio to understand how an athlete
responds to the administered load. For example, Derbidge
et al. proposed three different ratios to assess the players’
loads (i.e., total distance/HR exertion [HRe], player load/

335 HRe, and equivalent distance/HRe) (Derbidge et al., 2022).
Unlike previous studies, we selected the EL indicators not
arbitrarily, but by a data-driven approach that permits creating
more holistic and not human-biased external load indicators.

Concerning the attempt to calculate a global TL indicator,
340 the WORK score has been computed considering EL, IL (i.e.,

based on RPE), and duration. The rationale behind the imple-
mentation of this score can be understood considering the TL
framework (including both EL and IL) and can be operationa-
lized following the exposure/dose—response function theory

345 (i.e., a concept common in epidemiology that describes the
relationship between the amounts of a factor/agent [i.e., dose]
and the responses [e.g., risk of an outcome] (Checkoway et al.,
2004; F. M. Impellizzeri et al., 2023; Kriebel et al., 2007)). In
sports context, the theoretical dose—response function is

350 explained by the parabola (or “inverted U” shape) where the
performance improves with increases in TL up until
a maximum level is reached, and outside this point, further
increases in TL consequence in a worsening of performance
(overreaching and overtraining). Actually, WORK score is

355 calculated in accordance with TL theory as the product of
Duration (i.e., time) and Intensity (i.e., calculated as EL indi-
cators reduced by PCA and RPE for internal load). Several
studies have monitored the training/match load in soccer
considering EL, IL, or both EL and IL (integrated approach)

360 as suggested by Impellizzeri framework (F. Impellizzeri et al.,
2019; F. M. Impellizzeri et al., 2023). Noteworthy, no study has
ever implemented a formula to obtain a global load that
includes both EL (by selecting load indicators with complex
analysis such as PCA) and IL. Moreover, many studies have

365 used indicators derived from GPS or Inertial devices consider-
ing them as EL. Actually, in order to obtain the “external load,”
the values detected by a given indicator (e.g., Total distance)
has to be multiplied with match/training duration, as sug-
gested by the TL framework carried out by F. Impellizzeri et

370 al. (2019). However, since none of these external load indica-
tors has been multiplied by the duration of a given exercise or
of the entire training session/competition, it does not seem
possible to be able to refer to the “TL concept” (i.e., EL). In fact,
Coyne et al. (2022), have recommended using the training

375 impulse (the product of training volume and intensity factors)
for IL and EL calculation, rather than a singular volume or
intensity factor. This approach allows comparing “apples with
apples” avoiding methodological differences among studies
which could make comparisons difficult inducing possible

380 misleading interpretation (Coyne et al., 2022). The use of
a data driven approach, i.e., PCA, is paramount to reduce the
large amount of available indicators as more than one indica-
tor should be considered to obtain a complete and appropriate
view of the physical performance of the soccer players taking

385 into consideration all the components of the EL (i.e.,

metabolic, speed-related and accelerations-related). Indeed,
authors (F. Impellizzeri et al., 2019; F. M. Impellizzeri et al.,
2023; Pillitteri et al., 2023b) highlighted that a lack of a “gold
standard” to determine intensity in soccer makes explaining

390the intensity concept difficult and, consequently, making it
difficult to select appropriate indicators to assess the soccer
physical performance. In this way, practitioners should con-
sider together different EL and IL indicators during the mon-
itoring process because each of them explains a partial

395component of soccer physical performance. PCA selection
allows the detection of EL indicators more appropriately than
a subjective approach. Actually, our analysis shows a low cor-
relation between PCA components that are independent of
each other and consequently provide different information.

400Consequently, the two cumulative Scores (i.e., PREF and
WORK) are low correlated (r = −0.20) indicating that perfor-
mance and workload scores provide different information
despite common measures of exposure (e.g., acute and chronic
TL and their ratio) lack conceptual and compu‐tational valid-

405ity (F. Impellizzeri et al., 2019).
In this study, PERF and WORK scores were used to evalu-

ate the typical soccer physical performance and the microcycle
workload considering also the different playing position. The
timeseries analysis of the scores showed a weekly microcycle

410structure (i.e., a positive autocorrelation was detected every 7
days and multiple of 7 indicating that a similar pattern is
repeated every 7 days). These results are in line with the struc-
ture of the soccer training weekly microcycle (training–recov-
ery balance) (Kenttä & Hassmén, 1998; Nédélec et al., 2012;

415Selmi et al., 2022). For example, Oliva-Lozano et al. (2023),
found a significant difference in load variability within the
microcycle depending on the training day. Actually, previous
studies have also showed that the TL decreases as the
training day is closest (e.g., greater workload in −4MD or

420−3MD compared to −2MD or −1MD) (Clemente et al., 2019;
Martín-García et al., 2018). However, to the best of the
authors’ knowledge, only Oliva-Lozano et al. (2023), have
analyzed the load variability within the microcycle considering
EL key indicators through PCA showing the lowest variability

425of all training days observed in −1MD (due to tapering strate-
gies adopted by coaches) while the highest in +1MD (Fessi
et al., 2016). These results are corroborated by the current
study that found the highest EL (based on scores) in MD + 3
and MD + 4 and the lowest one in MD-1.

430One of the novel findings of our study was the investigation
of the microcycle structure (i.e., MD system) load based on the
new scores computed considering also playing position.
Literature shows a different load for each playing position
during training and competition (DiSalvo et al., 2006, 2013;

435Pillitteri, Giustino, et al., 2023c; Rampinini et al., 2007b). In the
same way, we have found a statistical difference among MD
and among playing positions for the three PCA components
and PERF score, but they follow the same training microcycle
structure. Conversely, Nobari et al. (2023), reported that the

440weekly TL changed throughout the season, although no sig-
nificant differences were observed between playing positions.
These results disagree with our finding and despite the trend of
these scores across MDs was similar in each playing position,
a statistical interaction was detected for WORK score showing
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445 a different trend among playing positions in different MDs
(i.e., each playing position follows a well-defined WORK’s
microcycle). The study of TL is complex, and the conclusion
should be contextualized to the sample examined. Several
variables can contribute to determine the external and internal

450 load such as, training status, methodology, level of competition
and training typology. Indeed, studies should deeply provide
specific information about training (e.g., training type, recov-
ery strategies, athlete fitness status) to better understand the
athlete’s physiological and perception responses to training

455 (i.e., internal load) as shown by previous studies on RPE
(Lupo et al., 2016).

Conclusion

This study aimed to create two scores from external and inter-
nal load indicators to assess both individuals’ physical perfor-

460 mance (i.e., PERF score) and global training workload (i.e.,
WORK score). PCA has provided three different characteristics
of the training external workloads (i.e., i) volume metabolic
related component, ii) intensity mechanical stimuli component,
and iii) intensity metabolic/mechanical component). The com-

465 bination of these components and the internal load (RPE)
allows us to compute the two scores. The Performance score
(i.e., PERF) is computed as the ratio between external and
internal load (EL/IL), while the Work score has been computed
considering EL, IL (i.e., based on RPE), and duration.

470 Moreover, a weekly microcycle structure has been provided
through the timeseries analysis showing that a pattern is
repeated every 7 days for both scores. Also, by analyzing the
scores across MDs, a similar result in each playing position have
been found, although the WORK score shows a different trend

475 among playing positions in different MDs (i.e., each playing
position present a well-defined WORK’s microcycle).

This paper would like to propose an innovative approach to
assess both the players’ physical performance and TL by using
a machine learning approach that permits to reduce a large

480 dataset considering the main external load indicators in an
objective way. The main strength of this work is the use of the
Performance and Workload scores to monitor training and
soccer matches by including the main external load indicators,
the players’ physiological responses (i.e., internal load) and dura-

485 tion. Our approach allows to assess the overall training/match
load and players’ performance considering only two indicators
against numerous indicators that could be redundant and
selected on the basis of the subjective choices of the practitioners.
This study presents some limitations. Data has been collected in

490 young male professional soccer players with a number of both
training and matches observed within August and February.
Accordingly, care should be taken when generalizing these find-
ings due to the relatively limited number of observations in the
total sample. Despite several external load indicators have been

495 included in our analysis, the variables related to speed and
acceleration as well as metabolic power were set on absolute
thresholds (e.g., distance >20 Km/h for high-speed running),
and other metric with different thresholds could have been
included. In this regard, future studies may consider the addition

500 of individualized zones based on maximum speed or maximum
acceleration capacities. Several external (environmental) and

internal factors (psychological, stress, sleep, fatigue) could affect
the physical performance during matches and training. For
example, the tactical requirements of coaches (e.g., 1-4-3-3 vs

505−1-3-5-2 system) determine different external load responses.
Future studies should include a larger sample, including other
levels of competition, tactical requirement, as well as other sports
to strength the power of PCA analysis. Although the Score
aiming to synthetized both physical performance and training

510load useful for coaches, given the fundamental contribution
(with unique and specific meaning and information) provided
by each external and internal load indicators, the monitoring
process should include both Scores and both external and inter-
nal load indicators for more in-depth analysis.

515Practical application

The machine learning approach conducted in this study pro-
vides valuable information on training/match load and players
physical performance and relative playing position in the
microcycle structure (i.e., MD system) based on the two com-

520puted scores. As a matter of fact, in order to describe the
players’ physical performance and workload during training
and matches two scores have been computed from EL and IL
data. Actually, the approach used in this work allows practi-
tioners to better identify the workloads performed by players

525during training microcycle or official match along with player’s
performance. Since practitioners should consider together dif-
ferent EL and IL indicators during the monitoring process
because each of them explains a partial component of soccer
physical performance, PCA analysis allows the detection of EL

530indicators more appropriately than a subjective approach. In
detail, this approach permits to detect relevant information
from load and performance. Therefore, it is possible to under-
stand the differences between training and official matches or
between MDs, considering also each player’s playing position.

535In this way, practitioners could prescribe the training drill in
the microcycle considering the results provided by two scores.
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