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Abstract

Background. Managing training load and recovery in developing elite footballers is a major challenge for optimizing
performance while limiting the risk of neuromuscular fatigue. Vertical jump with countermovement (VJM) remains
a preferred indicator of neuromuscular status, but recovery kinetics after microcycles of contrasting intensity remain

insufficiently documented in young athletes.

Objectives. To examine the impact of training load and recovery time on neuromuscular performance by analyzing
the modulating effects of microcycle type, age category, and acute-to-chronic workload ratio (ACWR).

Materials and Methods. Seventy-five elite male footballers (U16-U18) participated in a six-month longitudinal
protocol including CMJ assessments before and 24 h and 48 h after moderate- and high-intensity microcycles. Linear
mixed models were used to analyze main effects and interactions.

Results. Significant effects were observed for microcycle type (F = 69.93, p < 0.001), measurement time (F = 374.48,
p <0.001), and ACWR (F =7.41, p = 0.007). High-intensity microcycles induced greater decreases in CMJ
performance at 24 h (f = -1.072, p < 0.001), followed by partial recovery at 48 h. ACWR was strongly correlated with

CM]J changes at 24 h (r = -0.766, p < 0.001).

Conclusion. A critical window of neuromuscular fatigue exists 24 h after a microcycle, modulated by training
intensity and workload context, supporting the value of systematic neuromuscular monitoring following high-

intensity microcycles.

Keywords: neuromuscular fatigue, countermovement jump, training load, acute-to-chronic workload ratio, young

footballers, recovery.

Introduction

Training load management is a major challenge in
modern soccer, where congested competition schedules force
elite players to compete in more than 60 matches per season
with limited recovery windows. Consequently, finding the
optimal balance between applying sufficient training stimuli
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to induce physiological adaptations and preventing excessive
fatigue accumulation is a central concern for coaching staff
(West et al., 2021). This issue is particularly critical for
reducing the risk of non-contact injuries, which are often
associated with acute peaks in training load or chronic
inadequate preparation (Malone et al., 2017a). Therefore,
longitudinal monitoring of neuromuscular responses to
training loads allows for the early identification of fatigue
states and the adjustment of training programs accordingly
(Evans et al., 2022). However, the temporal kinetics of
recovery and its modulation by training load intensity
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remain insufficiently documented, especially in developing
populations. Moreover, developing elite footballers
(U16-U18) exhibit specific physiological characteristics that
make training load management a complex task.

This period coincides with major biological
transformations linked to pubertal maturation, including
changes in body composition, force production capacity,
and the mechanical properties of the musculo-tendinous
system (Garcia-Santamaria et al.,, 2024; Wenger & Csapo,
2025). Although biological maturation status is a key
determinant of load tolerance, the present study relies
on chronological age as a developmental indicator. This
methodological choice is based on the logistical feasibility
of longitudinal follow-up in an applied context and the
systematic availability of this variable in soccer academies,
while recognizing that this approach does not fully capture
inter-individual maturational heterogeneity. Nevertheless,
considerable variability in maturation status at identical
chronological ages generates substantial heterogeneity in
injury susceptibility, with biologically less mature players
demonstrating increased vulnerability when exposed to
loads comparable to those of their more developmentally
advanced peers (Gundersen et al., 2022). Elite soccer
academies impose dense competition and training schedules
during this critical phase, making it imperative to implement
robust, individualized monitoring strategies to optimize the
load-adaptation-recovery continuum (Hannon et al., 2021).

The countermovement jump (CM]) test has established
itself as a reference tool for quantifying neuromuscular
performance and detecting residual fatigue in team sports
(R. Gathercole et al., 2015). Indeed, its non-invasiveness,
logistical feasibility, short administration time, and
proven sensitivity to training- and competition-induced
alterations in neuromuscular function make it particularly
suitable for the longitudinal monitoring of young athletes
(Silva et al., 2021). The CM]J evaluates the capacity of the
stretch-shortening cycle (SSC), a fundamental mechanism
underlying explosive soccer actions such as sprints, changes
of direction, and jumps (Falces-Prieto etal., 2022). Variations
in jump height reflect the functional state of peripheral
(muscle contractility, tendon elastic properties) and
central (corticospinal excitability, recruitment strategies)
components of the neuromuscular system, enabling an
integrative assessment of fatigue (Mufioz-Gracia et al.,
2025). Small to moderate reductions in CM] performance
(ES = -0.38 to -0.42) have been documented within 12 to
24 hours after matches in footballers, with a trend toward
partial recovery at 48 hours, confirming its validity as a
marker of recovery (Akyildiz et al., 2022).

However, the majority of previous studies have adopted
cross-sectional designs or focused on adult populations,
limiting the generalizability of their findings to young elite
players. The temporal dynamics of neuromuscular recovery
are a crucial parameter for rational training planning,
particularly in microcycles in which several high-intensity
sessions must be scheduled (Clemente et al., 2025). The
24- and 48-hour post-exercise windows represent critical
decision points: at 24 hours, neuromuscular fatigue generally
reaches its peak, whereas at 48 hours, partial recovery is
expected, although its magnitude remains influenced by
the initial training load (Evans et al., 2022). Understanding
precisely how microcycle intensity (moderate versus high)

modulates these recovery kinetics would make it possible
to optimize session spacing and individualize the required
recovery periods. High-load microcycles, characterized
by greater training volumes and intensities, induce more
pronounced and prolonged neuromuscular disturbances
than moderate microcycles, but precise quantitative data for
elite young footballers remain scarce (Martin-Garetxana et
al., 2024). The potential interaction between microcycle type,
recovery time, and age category has not been systematically
explored using appropriate analytical models that account
for the hierarchical structure of longitudinal data.

Integrated quantification of training load via
complementary internal and external methods is a
recommended practice in contemporary soccer (West et al.,
2021). Subjective effort perception (session-RPE) offers a
global estimate of internal load, while global positioning
systems (GPS) and accelerometry provide objective data
on external mechanical load (Benson et al., 2020). The
Acute:Chronic Workload Ratio (ACWR) has emerged as
a contextualized indicator for relating recent training load
to chronic exposure (Malone et al., 2017a). However, the
use of ACWR is the subject of substantial methodological
debate because of several fundamental limitations. First,
the inherent mathematical coupling between the numerator
and denominator (the acute workload being included in the
calculation of the chronic workload) introduces an artificial
statistical dependence that can confound associations with
outcome variables.

Secondly, the debate over the use of ratios versus
differences has highlighted that ACWR does not adequately
normalize the acute workload relative to the chronic
workload, making its interpretation ambiguous. Thirdly, the
optimal time windows for calculating acute (7 days) and
chronic (21-28 days) workloads, as well as the calculation
methods (moving averages versus exponentially weighted
moving averages), remain controversial. Several authors
have recently questioned the causal validity of ACWR
for predicting injury risk, arguing that the observed
associations may reflect methodological artifacts rather
than true prognostic relationships. Despite these critical
considerations, ACWR remains a potentially relevant
heuristic tool when integrated into a multimodal monitoring
approach, particularly when examined in conjunction with
direct measures of neuromuscular performance such as
the CMJ (Bowen et al., 2017). Despite the accumulation
of knowledge, several substantial gaps remain. First, the
majority of studies have adopted cross-sectional designs,
limiting the understanding of individual longitudinal
recovery trajectories (Wiewelhove et al., 2024).

No investigation has simultaneously examined the
influence of microcycle type (moderate versus high),
recovery time (baseline, 24 h, 48 h), and chronological age
category (U16, U17, U18) on neuromuscular performance
using appropriate statistical models that account for repeated
measures. This specific combination of factors in a controlled
longitudinal design represents a novel contribution beyond
the work of Martin-Garetxana et al. (2024), which did
not simultaneously integrate these three temporal and
developmental dimensions. Thirdly, the application of
linear mixed models, which account for the dependence
of intra-individual observations and explicitly model fixed
and random effects, remains underutilized in this field of
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research (Connolly et al., 2024). Fourthly, the time-specific
predictive ability of ACWR for 24- and 48-hour changes
in CM]J performance, as well as the magnitude of these
associations, has not been systematically quantified in elite
youth footballers despite the methodological controversies
surrounding this indicator.

Finally, the practical implications for individualized
training planning according to developmental status require
empirical documentation. To address these gaps, this study
aims to examine the impact of training load and recovery
time on neuromuscular performance, as assessed by the
CMyJ, in developing elite footballers. A longitudinal design
was adopted and analyzed using linear mixed models,
allowing the hierarchical and repeated structure of the
data to be taken into account. Specifically, the study aims
to analyze the temporal evolution of CM] performance at
baseline and 24 and 48 hours after moderate- and high-
load microcycles; to compare the kinetics of neuromuscular
recovery among the U16, U17, and U18 chronological age
categories; to examine the association between ACWR and
changes in CM] performance at different measurement time
points; and to identify predictive factors (ACWR, total load,
RPE, age, category, and microcycle type) associated with
changes in neuromuscular performance at 24 and 48 hours
after the microcycle.

Materials and Methods

This study adopted a within-subjects, repeated-
measures design. Specifically, Each player was assessed at
three time points (baseline, 24 h and 48 h post-microcycle)
in two conditions corresponding to a moderate-load
microcycle (MOD) and a high-load microcycle (HIGH),
generating six measures of neuromuscular performance
(CM]J) per participant (2 microcycles x 3 time points). The
two microcycles were conducted during the competitive
season and separated by a minimum interval of three weeks.
Furthermore, the order of exposure to MOD and HIGH
conditions was counterbalanced between participants.
Although The microcycles had a comparable structure
(4-5 sessions over 7 days) but differed intentionally in terms
of internal and external load.

In this context, HIGH microcycles corresponded to
weeks characterized by high acute load (ACWR 2> 1.3),
associated with higher volumes of total distance and
accelerations, while MOD microcycles corresponded to
acute loads between 0.8 and 1.3 of the individual chronic
load. Importantly, The classification of microcycles was
based on the weekly planning of the technical staff and
was validated a posteriori by analysis of the recorded loads.
All evaluations were carried out in a standardized training

environment. Players followed a common weekly program
within their age category.

Study Participants

Seventy-five (n = 75) elite male footballers in the
training phase were included in this study and divided
into three chronological age categories: Ul6 (n = 25;
age: 154 = 0.5 years; body mass: 63.2 + 7.8 kg; height:
172.5 + 6.3 cm), Ul7 (n = 24; age: 16.5 + 0.4 years; body
mass: 67.1 £ 8.2 kg; height: 176.2 + 5.9 cm) and U18 (n = 26;
age: 17.6 = 0.5 years; body mass: 71.3 £ 7.5 kg; height:
178.9 + 6.1 cm). All participants played for a professional
soccer club at national level and had a minimum of five
years’ structured playing experience, including organized
club training. To characterize developmental status, the
players’” biological maturation was estimated retrospectively
using the maturity offset (years from peak statural growth
velocity, PHV), calculated according to the regression
equation proposed by (Monasterio et al., 2024) integrating
chronological age and body size. This indirect approach,
widely used in applied contexts where direct assessment of
maturation is not feasible, provides a continuous estimate of
individual maturational status. Descriptive analyses revealed
a progressive increase in offset maturity with chronological
age, with mean values of 1.40 + 0.37 years in Ul6s, 2.02 +
0.42 years in U17s and 2.79 + 0.43 years in U18s, indicating
that the majority of players were in the post-PHV phase.
These results confirm the existence of differences in biological
maturation between age categories, while also highlighting
inter-individual variability within each group (Table 1).

Biological Maturation Characteristics

Descriptive analysis of biological maturation revealed a
progressive increase in maturity offset across age categories.
Mean maturity offset values were 1.40 + 0.37 years in U16
players, 2.02 + 0.42 years in U17 players, and 2.79 + 0.43 years
in U18 players, indicating that the majority of players were
post—peak height velocity. These results confirm substantial
inter-category differences in biological maturation status
within the sample.

Inclusion and Exclusion Criteria

Inclusion criteria included: (1) regular participation
in training and competitions during the study period, (2)
absence of musculoskeletal injury limiting full-intensity
practice during the three months prior to inclusion, and
(3) absence of medical contraindication to intensive
sports practice. Exclusion criteria included less than

Table 1. Biological maturation characteristics by age category (maturity offset, years from PHV)

Variable U16 (n =25) Ul7 (n=24) U18 (n =26)
Maturity offset (years from PHV), mean + SD 1.40 + 0.37 2.02 £0.42 2.79 £0.43
Median [IQR] 1.39 [1.16-1.63] 1.92 [1.72-2.31] 2.91 [2.61-3.14]
Min-Max 0.69-2.11 1.44-3.19 1.91-3.35

Note. Maturity offset (years from peak height velocity, PHV) was retrospectively estimated from chronological age and standing height
using a regression-based prediction model. Positive values indicate post-PHV maturation status. Descriptive statistics are reported per

player (baseline values only).
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90% participation in scheduled training sessions, or the
occurrence of an injury resulting in prolonged unavailability
incompatible with longitudinal follow-up.

This 90% threshold was chosen to guarantee sufficient
and homogeneous exposure to the micro-training cycles
analyzed, a necessary condition for valid interpretation of
neuromuscular responses to imposed loads. Over the entire
investigation period, the average rate of participation in
the training sessions was 93.4 + 4.1%, with no difference
between age categories. During follow-up, no participant was
excluded from the final analysis due to major injury. Players
with transient discomfort or short-term unavailability (<
7 days) returned to full training after recovery, and their
data were retained in the analyses. No partial data censoring
was applied, and all 75 participants initially recruited were
included in the final analyses.

The study was conducted in accordance with the ethical
principles of the Declaration of Helsinki and received
approval from the local institutional ethics committee.
Written informed consent was obtained from all participants,
and from their legal representatives in the case of minors. A
prior information meeting was organized with the players
and their parents to present the objectives, procedures,
expected benefits and potential risks associated with
participation. Participants were informed of their right to
withdraw from the study at any time, without justification or
consequence. A two-week familiarization period preceded
data collection in order to limit learning effects, particularly
for neuromuscular performance assessments and the use of
the perception of effort scale.

Measuring Instrument

Assessment of Neuromuscular Performance

Countermovement jump (CM]J): Neuromuscular
performance was assessed using the countermovement vertical
jump (CM]) test, widely recognized as a valid and sensitive
indicator of neuromuscular status and training-induced fatigue
in team sports athletes (R. Gathercole et al., 2015). Jumps were
performed using a Chronojump Boscosystem contact platform
(version 1.6.2, Barcelona, Spain). The validity of this tool was
demonstrated by near-perfect correlation with reference force
platforms (r = 0.99), as well as excellent intra-device reliability
(coefhicient of variation < 5%) for jump height measurement
(Pueo et al., 2020). Participants performed the test with feet
shoulder-width apart, hands on hips to eliminate upper limb
contribution. After a standardized 10-minute warm-up, three
maximal trials were performed, separated by 60 seconds of
passive recovery. The best performance (jump height in cm)
among the three trials was retained for analysis, in line with
methodological recommendations (R. Gathercole et al., 2015)
in accordance with standard protocols. Testing occurred
consistently between 09:00-11:00 to minimize circadian effects.

Quantifying Drive Load

Internal training load was quantified with the session-
rating of perceived exertion (sRPE) method, using Foster’s
modified CR-10 scale (Foster et al., 2001). Approximately 20
minutes after each session, players individually answered the
question: “How would you rate the overall difficulty of this

session?”, on a scale ranging from 0 (rest) to 10 (maximum
effort). The internal load for each session was calculated
by multiplying the RPE score by the session duration
(sRPE = RPE x duration, in arbitrary units). This method
is widely validated in footballers, with strong correlations
with physiological markers and heart rate-based methods
(Impellizzeri et al., 2020).

External training load was measured using Catapult
Sports® global positioning systems (GPS), model OptimEye
S5 (Catapult Sports, Melbourne, Australia), sampling at
10 Hz, with integrated triaxial accelerometers at 100 Hz.
The validity and reliability of this device for analyzing
locomotor demands in soccer have been widely documented
(Akyildiz et al., 2024; Kielé & Solianik, 2023). Each player
wore the same GPS unit throughout the study to limit inter-
unit variability. Variables analyzed included total distance
covered (m), number of accelerations > 2 m's and number
of high-intensity accelerations > 3 m's*. Data were processed
with proprietary OpenField™ software (Catapult Sports),
using the manufacturer’s standard filtering algorithms, in
accordance with the methodological recommendations for
the analysis of GPS data in soccer.

Acute-to-chronic Workload Ratio (ACWR)

The acute-to-chronic workload ratio (ACWR) was
calculated to contextualize each player’s recent workload
versus chronic exposure. Acute workload was defined as
the current week’s total training load (sRPE) (7 days), while
chronic workload was defined as the moving average of
the previous four weeks (28 days). ACWR was calculated
according to the following formula: ACWR = acute load
/ chronic load, using a coupled rolling average, a method
commonly employed in the soccer literature (Pinelli et al.,
2025a). ACWR values were interpreted according to the
classically proposed thresholds: < 0.8 (underexposure), 0.8-
1.3 (optimal zone), 1.3-2.0 (preparation zone) and > 2.0
(increased risk zone) (Qin et al., 2025a).

Although maturity offset (years from peak growth velocity,
PHV) was estimated for descriptive purposes to characterize
the developmental profile of the sample, it was not incorporated
into the main inferential models for two reasons. Firstly, the
study was designed and scaled around the grouping strategy
applied in elite soccer academies (U16-U18 categories),
making chronological age category the most ecologically
valid decision variable for practitioners. Secondly, as maturity
offset is mathematically derived from age and body size,
it exhibits substantial overlap with chronological age and/
or age category in predominantly post-PHV samples, which
may introduce redundancy and collinearity in multivariate
models. Consequently, offset maturity was reported to
describe the sample and inform interpretation of the results,
while chronological age category was retained as the main
developmental factor in inferential analyses.

Ethical Considerations

This study was conducted in accordance with the ethical
principles outlined in the Declaration of Helsinki for research
involving human participants. All procedures were designed
to ensure the safety, well-being, and rights of the participants
throughout the study. Prior to inclusion, all players and their
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legal guardians (for minors) received detailed information
regarding the study objectives, procedures, expected benefits,
and potential risks. Written informed consent was obtained from
all participants and their legal guardians before data collection.

Participation in the study was entirely voluntary, and
participants were informed of their right to withdraw at any
time without any consequences. The collected data were
anonymized and handled confidentially in accordance with
applicable data protection regulations.

The procedures implemented (countermovement jump
testing and training load monitoring) are non-invasive and
commonly used in sports science, thus presenting minimal
risk to participants.

Statistical Analysis

All statistical analyses were performed with significance
set at p < 0.05 using SPSS software, version 27.0.1.0.
Descriptive statistics are presented as means + standard
deviation and 95% confidence intervals. The effect of
microcycle type (moderate vs. high), recovery time
(baseline, 24 h, 48 h), age category (Ul6, U17, U18) and
acute-to-chronic workload ratio (ACWR) on neuromuscular
performance (CMJ) was examined using a linear mixed
model, including a random intercept per participant to
account for intra-individual repeated measures. Degrees of
freedom were estimated using the Satterthwaite method.
In the presence of significant effects, post-hoc comparisons
were made using estimated marginal means (EMM), with
Bonferroni adjustment for multiple comparisons. Separate
multiple linear regressions were used to identify predictors
of variations in CM] performance at 24 h and 48 h post-
microcycle. Models included ACWR, total training load,
mean RPE, age category and microcycle type. Regression
coefficients, fit indices (R?, adjusted R*) and root mean
square error (RMSE) were reported. Pearson correlations
were calculated to examine associations between load
indicators and CM] performance variations. Sensitivity
analyses related to collinearity between ACWR and total
load are presented in supplementary material.

Results

The results are organized to describe the evolution of
neuromuscular performance according to microcycle type,
recovery time, and age category. The effect of moderate and
high-load microcycles is examined based on variations in
CM]J height measured at rest, then 24 and 48 hours after
training, taking into account the load context represented
by the ACWR. Comparisons between conditions allow us
to characterize the kinetics of fatigue and recovery, as well
as the differences observed between the Ul6, U17, and U18
categories. Finally, the association between training load
indicators and CM] variations is explored in order to identify
the factors most closely related to short- and medium-term
alterations in neuromuscular performance.

Effects of Training Load and Recovery
Time on CMJ Performance

Descriptive statistics for countermovement jump (CM]J)
height across experimental conditions are summarized in

Table 2. The analysis included 450 total observations with no
missing values. When examining main effects, CMJ height
increased with age category, with U18 players demonstrating
the highest mean performance (38.82 + 3.29 cm), followed
by U17 (36.27 £ 3.33 cm) and U16 players (33.30 + 3.53 cm).
Regarding recovery kinetics, CM]J performance was highest
at baseline (38.21 + 3.02 cm), decreased substantially at 24 h
post-training (34.30 £ 4.41 cm), and showed partial recovery
at 48h (35.99 £ 3.70 cm). High-load microcycles resulted in
significantly lower CM]J values (34.20 + 4.03 cm) compared
to moderate-load microcycles (38.13 + 3.04 cm), reflecting
the differential neuromuscular impact of training intensity.

Table 2. Descriptive statistics for Countermovement Jump
(CMJ) height across experimental factors

Factor Level n Me?:mi) SD 95% CI
Ule 150 33.30+3.53 [32.73,33.87]
Category uU17 144 36.27 +3.33  [35.72, 36.82]
U18 156 38.82+3.29 [38.30,39.34]
Baseline 150 38.21 +3.02 [37.72,38.70]
Timepoint 24h Post 150 34.30 £4.41 [33.59, 35.01]
48h Post 150 35.99 +3.70 [35.39, 36.58]
High 225 34.20+4.03 [33.67,34.73]
Microcycle Type
Moderate 225 38.13+3.04 [37.73,38.53]
Overall Total 450 36.16 +4.07 [35.78, 36.54]
Note. SD = Standard Deviation; CI = Confidence Interval;

n = number of observations. Data represent raw CM] height
measurements before statistical modeling. The sample size per cell
in the complete factorial design (3 Categories x 2 Microcycle Types
x 3 Timepoints) is 25 observations.

To further investigate these preliminary observations,
linear mixed models were employed to account for repeated
measures and examine the independent and interactive
effects of microcycle type, recovery timepoint, age category,
and ACWR on CM] performance. This approach allows us to
move beyond descriptive statistics and assess the statistical
significance of observed differences while controlling for
inter-individual variability.

The results of the linear mixed model analysis are
presented in Table 3 and Table 4. A significant main effect was
found for ACWR, Microcycle Type, Timepoint, and Category
(all p <.001). Crucially, a significant two-way interaction was
observed between Microcycle Type and Timepoint (F, 21455
= 138.45, p < .001). No other interactions (Microcycle Type x
Category, Timepoint x Category, or the three-way interaction)
were statistically significant (all p > .34).

Post-hoc examination of the significant interaction
(Table 3) revealed that the negative effect of a high-
load microcycle on CM]J height was most pronounced at
the 24-hour post-training timepoint (interaction term:
B = -1.07, tpuss = -13.88, p < .001), indicating a more
severe and prolonged neuromuscular fatigue compared to
a moderate-load microcycle. By 48 hours, the difference
in CMJ performance between microcycle types was no
longer significant (interaction term: = -0.08, p = .315).
Furthermore, a higher ACWR was independently associated
with lower CM] performance (p =-1.77, p =.007). The model
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included a random intercept for each participant (‘ID’) to
account for baseline inter-individual variability. Random
slopes for the Microcycle Type Timepoint interaction could
not be reliably estimated due to constraints in the data
structure and were therefore omitted from the final model
to ensure convergence and stability of the estimates.

Table 3. Analysis of fixed effects from the linear mixed
model on Countermovement Jump (CM]) height

Effect df num df den F P
ACWR 1 198.66 7412  .007
Microcycle Type 1 19147  69.930 <.001
Timepoint 2 77.29 374.481 <.001
Category 2 71.90  65.698 <.001
Microcycle Type x Timepoint 2 214.53 138.445 <.001
Microcycle Type x Category 2 124.19 0.856 427
Timepoint x Category 4 77.29 1.044  .390

Note. df_num = numerator degrees of freedom; df_den = denominator
degrees of freedom (Satterthwaite method). Significant effects (p <.05)
are highlighted in bold. The model included ACWR as a continuous
covariate, Microcycle Type (Moderate, High), Timepoint (Baseline,
24h, 48h), and Category (U16, U17, Ul8) as fixed factors, and a
random intercept for participant ID.

Building on the results of the mixed model analysis,
estimated marginal means were calculated to visualize the
temporal evolution of CM]J performance across microcycle
types and age categories. These estimates provide a
clearer understanding of the magnitude and direction
of neuromuscular fatigue and recovery, and facilitate
interpretation of practical differences between conditions.

Temporal Evolution of Neuromuscular Performance as
a Function of Age, Training Load, and Microcycle Type

Estimated marginal means demonstrated a progressive
increase in CM]J performance across age categories, with U16

players exhibiting the lowest values and U18 players the highest
across all conditions. Within each age category, moderate-
load microcycles consistently yielded higher estimated
marginal mean values compared to high-load microcycles at
all measurement timepoints. At 24 hours post-training, the
difference between moderate- and high-load conditions was
most pronounced across all age groups (U16: A =5.15 cm; U17:
A = 5.14 cm; Ul8: A = 5.15 cm). For high-load microcycles,
the lowest CMJ values were observed at 24 hours post-training
(U16: 28.72 + 0.42 cm; U17: 31.84 £ 0.43 cm; U18: 34.50 +
0.42 cm), followed by partial recovery at 48 hours and near-
complete recovery at baseline. Standard errors remained
consistent across conditions (SE = 0.42), indicating stable
precision of the estimated values throughout the model. The
significant main effect of age category observed in the model
should be interpreted with caution, as the classification was
based on chronological age and may, at least in part, reflect
underlying inter-individual differences in biological maturation
status rather than the effect of chronological age per se.

Building on the patterns observed in the estimated
marginal means, multiple linear regression models were
developed to predict CM] changes at 24 and 48 hours post-
microcycle. This approach allows us to quantify the relative
contributions of ACWR, training load, perceived exertion,
age category, and microcycle type to neuromuscular
performance recovery, moving beyond descriptive
observations to predictive analysis.

Prediction of CMJ Recovery at 24 and 48
h Following Training Microcycles

The multiple linear regression model predicting CM]
changes at 24 hours post-microcycle (M,) explained 65.6%
of the variance (R? = 0.656, adjusted R*> = 0.651), with a root
mean square error of 1.659 cm. The model demonstrated
strong predictive capacity (R = 0.81), indicating that the
combination of ACWR, training load, RPE, age, category,
and microcycle type accounted for a substantial proportion
of neuromuscular performance changes at this timepoint.
For CMJ changes at 48 hours post-microcycle, the null

Table 4. Parameter estimates for key fixed effects from the linear mixed model

Parameter Estimate(f}) SE df t p
Intercept 38.372 0.847 214.95 45.316 <.001
ACWR -1.771 0.651 198.66 -2.722 .007
Microcycle Type (High vs. Ref.) -1.504 0.180 191.47 -8.362 <.001
Timepoint (24h vs. Baseline) -1.870 0.092 72.96 -20.393 <.001
Timepoint (48h vs. Baseline) -0.180 0.091 7791 -1.985 .051
Category (U16 vs. Ref.) -2.826 0.281 71.89 -10.057 <.001
Category (U17 vs. Ref.) 0.131 0.284 71.91 0.460 .647
Microcycle Type (High) x Timepoint (24 h) -1.072 0.077 214.53 -13.881 <.001
Microcycle Type (High) x Timepoint (48 h) -0.078 0.077 214.53 -1.006 315

Legend. SE = Standard Error; df = denominator degrees of freedom. Factors were sum-coded. The Intercept represents the estimated grand
mean of CMJ height (cm). The reference levels (Ref.) for the contrasts are the overall means across factor levels. For clarity, only parameters
for significant main effects and the significant interaction are shown; non-significant higher-order interaction terms (involving Category)
are omitted. The estimates for Microcycle Type and Timepoint represent the deviation of the «High» level and the post-training timepoints
from the grand mean, respectively. The negative estimate for the interaction term (Microcycle Type (High) x Timepoint (24 h)) indicates
a greater decrease in CM] performance 24 hours after a high-load microcycle.
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Table 5. Estimated marginal means of countermovement jump height according to age category, microcycle type, and

recovery timepoint
Category Microcycle  Timepoint EMM (cm) SE 95% CI Lower 95% CI Upper

Ule HIGH 24h 28.72 0.422 27.89 29.55
MOD 24h 33.87 0.422 33.04 34.70
HIGH 48h 31.55 0.422 30.73 32.38
MOD 48h 34.72 0.422 33.89 35.55
HIGH Baseline 35.12 0.422 34.29 35.95
MOD Baseline 35.84 0.422 35.01 36.67

uU17 HIGH 24h 31.84 0.427 31.00 32.67
MOD 24h 36.98 0.431 36.14 37.83
HIGH 48h 34.39 0.427 33.55 35.23
MOD 48h 37.56 0.431 36.71 38.40
HIGH Baseline 38.04 0.427 37.20 38.88
MOD Baseline 38.76 0.431 37.92 39.60

U18 HIGH 24h 34.50 0.417 33.69 35.32
MOD 24h 39.65 0.414 38.84 40.46
HIGH 48h 37.16 0.417 36.34 37.98
MOD 48h 40.32 0.414 39.51 41.14
HIGH Baseline 40.30 0.417 39.48 41.12
MOD Baseline 41.02 0.414 40.21 41.83

Legend. EMM = estimated marginal means; SE = standard error; CI = confidence interval; MOD = moderate-load microcycle; HIGH
= high-load microcycle. Estimated marginal means were adjusted for acute:chronic workload ratio as covariate. U16, U17, and U18
represent age categories of elite youth soccer players. All values are expressed in centimeters.

model (M,) explained no variance, whereas the full model
(M;) accounted for 36.7% of the variance (R* = 0.367,
adjusted R* = 0.357, RMSE = 1.672 cm). The moderate
predictive capacity observed at 48 hours (R = 0.61) suggests
greater inter-individual variability in recovery patterns
compared with the 24-hour timepoint, with predictor
variables explaining a smaller proportion of differences
in neuromuscular performance restoration. Due to the
conceptual collinearity between chronological age and age
category, the results of the regression models are presented
based on the model including age category as the primary
developmental indicator.

Table 6. Model fit indices for multiple linear regression
models predicting countermovement jump changes at 24h
and 48h post-microcycle

Outcome  Model R R*  Adjusted R*> RMSE
ACMJ_24h M, 0.810  0.656 0.651 1.659
ACMJ_48 h Mo 0.000  0.000 0.000 2.086
ACM]J_48 h M, 0.606  0.367 0.357 1.672

Legend. ACMJ_24h = change in countermovement jump height
from baseline to 24 hours post-microcycle; ACMJ_48h = change
in countermovement jump height from baseline to 48 hours post-
microcycle; Mo = null model (intercept only); M; = full model
including acute:chronic workload ratio, training load (arbitrary
units), mean rating of perceived exertion, chronological age,
age category, and microcycle type as predictors; R = multiple
correlation coefficient; R* = coeflicient of determination; Adjusted
R* = adjusted coefficient of determination; RMSE = root mean
square error (expressed in centimeters).

To further ensure the robustness of these predictive findings,
a sensitivity analysis was conducted by including chronological
age as a proxy covariate for biological maturation. This step
verifies whether the main effects identified in the regression
models remain consistent when accounting for inter-individual
differences in developmental status.

Sensitivity Analysis: Inclusion of Age as a Proxy
Covariate for Biological Maturation

To address concerns regarding the integration of
biological maturation in our models, a sensitivity analysis
was performed by including chronological age as a proxy
covariate for maturation in the linear mixed models for CM]
recovery at 24 and 48 hours. This approach allows us to verify
whether the main effects observed for microcycle intensity,
ACWR, and age category remain robust when accounting
for individual variability related to maturation.

To extend the evaluation of recovery dynamics beyond
sensitivity analyses, we next examined the differential
predictive ability of regression models for CM]J changes at
24 and 48 hours post-microcycle. This approach enables a
quantitative assessment of how the combination of ACWR,
training load, RPE, age, category, and microcycle type
explains variance in neuromuscular performance, and
highlights the relative contribution of each predictor over
time.

Building on the results from the regression models,
further analyses including ANOVA and bivariate correlations
were conducted to clarify the relationships between training
load variables and CM]J changes. These analyses provide
insight into the time-dependent effects of workload metrics,
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Table 7. Sensitivity analysis: inclusion of age as a proxy covariate for biological maturation in linear mixed models for CM]J
at 24 h and 48 h post-microcycle

Timepoint Variable Coefficient (Coef.)  p-value Interpretation

Microcycle MOD vs HIGH 3.839 <0.001 i\i/[gondig?:ztnelfigcotcydes result in better recovery >
ACWR -4.284 <0.001  High ACWR reduces CMJ - significant effect

24h Category U17 vs U16 4.646 <0.001  U17 recover better than U16 - significant effect
Category U18 vs U16 8.780 <0.001  U18 recover even better > significant effect
Age -1.449 0.147  Not significant > age does not alter main conclusions
Microcycle MOD vs HIGH 4.066 <0.001  Microcycle effect maintained
ACWR -0.047 0.960  ACWR no longer significant > same pattern as original

48h Category U17 vs U16 4.097 0.001  Age effect maintained
Category U18 vs U16 8.004 0.000  Age effect maintained
Age -1.167 0.235  Not significant > robust

Coefficients from linear mixed models for the sensitivity analysis including chronological age as a proxy covariate for biological
maturation. Models account for repeated measures per player (ID) and assess the effects of microcycle intensity (MOD vs HIGH), ACWR,
and age category (U16-U18) on CM]J height at 24 and 48 hours post-microcycle. Including age shows that the main results remain robust,
confirming that chronological age is an appropriate primary factor while accounting for individual variability related to maturation.

Table 8. ANOVA for the linear regression models predicting ACM]J_24h and ACM]J_48h

Outcome Source SS df MS F P
Regression 2324 7 331.98 120.60 <.001
ACMJ_24h Residual 1216 442 2.75 — —
Total 3540 449 — — —
Regression 717.9 7 102.55 36.67 <.001
ACMJ_48h Residual 1236.0 442 2.80 — —
Total 1953.8 449 — — —

Note. Les deux modeles M, incluent ACWR, Training_Load_AU, RPE_mean, Age, Category et Microcycle_Type.

the interdependence between ACWR and total load, and
the consistency of individual recovery patterns across
measurement timepoints.

Differential Predictive Ability of
Neuromuscular Recovery Models

The ANOVA for the regression model predicting CM]
changes at 24 hours post-microcycle revealed that the
tull model was statistically significant (F (7.442)=120.60,
p<.001), with the regression sum of squares accounting for
2324.0 cm? of the total variance (3540.0 cm?). The mean
square for the regression (331.98) substantially exceeded
the residual mean square (2.75), indicating a strong overall
model fit. For CM] changes at 48 hours post-microcycle, the

When entered independently, ACWR remained a
significant negative predictor of ACMJ_24h (B = -2.79,
SE = 0.64, p < .001), indicating greater neuromuscular
performance decrements at 24 h following higher acute-
to-chronic workload ratios. In contrast, total training
load entered alone was not associated with ACM]J_24h
(B =-0.00013, SE = 0.00044, p = .767). Model performance
indices were comparable, supporting the interpretation
that ACWR captures a performance-relevant signal that is
not explained by absolute load alone. Detailed results are
presented in Table 8.

Table 9. Sensitivity analyses addressing collinearity
between ACWR and total training load for ACM]_24h

regression model was also statistically significant (F = _Model Primary predictor L2t 12 £ p
36.67, p<.001), with a regression sum of squares of 717.9 cm? ACWR (no Training

A —-2.786 £ 0.63 -4.36 <.001
out of a total variance of 1953.8 cm?. Notably, the F-ratio for Load) ? <
the 24-hour model was approximately 3.3 times higher than Training Load (no
that observed at 48 hours, reflecting a markedly stronger B ACWR;g —0.00013 £ 0.00044 -0.30 767

predictive contribution of the independent variables at the
earlier recovery timepoint. Residual mean squares were
comparable between models (2.75 vs. 2.80), suggesting
similar error variance despite substantial differences in
explained variance.

Note. ACMJ_24h = CMJ_24h — CM]J_baseline. Les deux modéles
ont été ajustés pour l'age, la catégorie dage, le type de microcycle et
RPE_mean. TCACWR et la charge totale ont été inclus séparément
afin de répondre a la colinéarité entre ces indicateurs.
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Time-Dependent Predictors of Neuromuscular
Recovery Following Training Microcycles

For CMJ changes at 24 hours post-microcycle, ACWR
emerged as a significant negative predictor (B = -2.78,
B =-0.29, t = -4.34, p < .001), indicating that higher
acute-to-chronic workload ratios were associated with
greater neuromuscular performance decrements. Age
also demonstrated a significant negative effect (B = —1.15,
B =-0.36, t = —3.30, p = .001). In contrast, neither training
load (B = —0.000, p = .966) nor RPE (B = 0.21, p = .331)
significantly predicted CM] changes at this timepoint. Age
category exerted a significant influence, with U17 (B = 1.44,
t=3.41,p<.001)and U18 (B=3.00,t=4.02, p <.001) players
exhibiting smaller performance decrements compared with
U16 players. Microcycle type was also a significant predictor
(B =3.33,t=7.03, p <.001), indicating that moderate-load
microcycles were associated with attenuated CM]J declines
relative to high-load microcycles. It is important to note that
the persistence of ACWR significance in regression models,
coupled with the non-significance of absolute training load,
must be interpreted in light of a statistical suppression
effect related to the high multicollinearity between these
two variables. Thus, these results should not be interpreted
as demonstrating a strictly independent predictive value of
ACWR. At 48 hours post-microcycle, the predictive pattern
differed substantially. ACWR (B = -0.07, p = .911), training
load (B =-0.000, p =.295), and RPE (B =0.33, p =.132) were
no longer significant predictors. Age remained significantly
associated with CMJ changes (B =-0.82, B =—-0.35,t=-2.33,
p = .021). Regarding categorical variables, U18 players
continued to exhibit significantly smaller performance
decrements (B = 2.12, t = 2.81, p = .005), as did players
exposed to moderate-load microcycles (B = 2.53, t = 5.30,

p <.001). The effect of the U17 category approached, but did
not reach, statistical significance at this timepoint (B = 0.83,
t=1.95,p =.052).

Relationship Between Training Load Variables and
Changes in Countermovement Jump Performance

All bivariate correlations reached statistical significance
(p < .001). A strong positive correlation was observed
between ACWR and training load (r = 0.81, 95% CI [0.77,
0.84]). ACWR demonstrated a strong negative correlation
with changes in CM]J performance at 24 h (r = -0.77, 95%
CI [-0.80, —0.73]) and a moderate negative correlation at 48
h (r=-0.53,95% CI [-0.60, —0.46]). Similarly, training load
exhibited a strong negative correlation with CM]J changes
at 24 h (r = -0.69, 95% CI [-0.74, —0.64]) and a moderate
negative correlation at 48 h (r = -0.52, 95% CI [-0.59,
—0.45]). A moderate positive correlation was found between
CM]J changes at 24 h and 48 h (r = 0.65, 95% CI [0.60, 0.70]),
indicating consistent individual recovery patterns across
measurement time points. The strong association between
ACWR and training load is expected because acute training
load constitutes a component of the ACWR calculation.
Therefore, these variables should not be regarded as
statistically independent when interpreting analyses that
include both measures.

Discussion

The aim of this longitudinal study was to document
the evolution of neuromuscular performance, as measured
by CM]J, in developing elite footballers subjected to
different training load intensities and recovery periods.

Table 10. Standardized and unstandardized regression coeflicients for predictors of countermovement jump changes at 24

h and 48 h post-microcycle

Predictor B SE B t p
Intercept 13.582 5.367 — 2.531 .012
ACWR -2.784 0.641 -0.286 -4.343 <.001
Training Load (AU) -0.000 0.000 -0.004 -0.043 .966
zréﬁi‘;:h"f RPE_mean 0.212 0.218 0.077 0.973 331
Category (U17) 1.444 0.423 — 3414 <.001
Category (U18) 3.004 0.747 — 4.018 <.001
Microcycle (MOD) 3.327 0.473 — 7.034 <.001
Intercept 7.625 5.410 — 1.409 159
ACWR -0.072 0.646 -0.010 -0.112 911
Training Load (AU) -0.000 0.000 -0.124 -1.049 295
zréﬁi‘:;h(’f RPE_mean 0.331 0219 0.162 1.507 132
Category (U17) 0.832 0.426 — 1.952 .052
Category (U18) 2.116 0.753 — 2.809 .005
Microcycle (MOD) 2.529 0.477 — 5.304 <.001

Legend. B = unstandardized regression coefficient; SE = standard error; p = standardized regression coeflicient; t = t-statisticc ACWR =
acute:chronic workload ratio; AU = arbitrary units; RPE = rating of perceived exertion; MOD = moderate-load microcycle; ACMJ_24h
= change in countermovement jump height from baseline to 24 hours post-microcycle; ACMJ_48h = change in countermovement jump
height from baseline to 48 hours post-microcycle. Reference categories: U16 for age category; HIGH for microcycle type. Standardized
coeflicients () are reported only for continuous predictors. Significance level set at p < .05.
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Table 11. Pearson correlation coeflicients between Acute
Chronic workload ratio, training load, and changes in
countermovement jump performance at 24h and 48h
post-microcycle

Variables Pearrsons 95% CI
ACWR - Training Load o 07 < 001 [0.772, 0.837]
(AU)

ACWR - ACMJ_24h 450 -0.766 <.001 [-0.802,—0.725]
ACWR - ACM]J_48h 450 -0.534 <.001 [-0.597,-0.464]
Training Load -

ACMJ_24h 450 -0.693 <.001 [-0.739, -0.642]
Training Load -

ACM]J._48h 450 -0.523 <.001 [-0.587,-0.453]
ACM]J_24h - ACMJ_48h 450  0.654 <.001 [0.597, 0.704]

Note. ACWR = acute:chronic workload ratio; AU = arbitrary
units; ACMJ_24h = change in countermovement jump height
from baseline to 24 h post-microcycle; ACMJ_48h = change
in countermovement jump height from baseline to 48 h post-
microcycle; CI = confidence interval; n = sample size. Negative
correlation coefficients indicate that higher workload measures
were associated with greater reductions in CMJ performance.

To provide clarity, we first summarize the key findings of
our investigation. Three major findings emerged: (1) the
identification of a critical window of neuromuscular fatigue
at 24 h post-training, evidenced by a significant interaction
between microcycle intensity and recovery time (F, 51453 =
138.445, p < .001); (2) the predominant predictive role of
ACWR in CM] performance alterations at 24 h ( = -0.286,
p < .001), but not at 48 h (B = -0.010, p = .911); and (3)
the substantial modulating effect of age category, with U18
players demonstrating greater resilience to load-induced
neuromuscular perturbations. These findings collectively
provide a basis for a more detailed analysis of the underlying
physiological mechanisms. The maximum deterioration in
CM]J performance observed 24 h post-training (a decrease
from 38.21 cm to 34.30 cm), followed by gradual but
incomplete recovery at 48 h, is consistent with recent studies
(Akyildiz et al., 2022; Silva et al., 2021). This observation
highlights a critical decision point at which reductions in
CM] performance reflect an integrated alteration of the
neuromuscular system, potentially involving dysfunction
of the stretch-shortening cycle, central fatigue, and/or
metabolic disturbances, although these mechanisms cannot
be distinguished in the absence of direct mechanistic
measurements. Furthermore, recovery beyond 48 h appears
necessary for complete restoration of neuromuscular
performance. Incomplete recovery at 48 h suggests that
substantial training loads require more than 48 consecutive
hours for full recovery. Central and peripheral fatigue
mechanisms likely play a decisive role in this prolonged
recovery process (Pinelli et al., 2025b). Next, we consider the
influence of age and biological maturation on neuromuscular
resilience. CM]J is a reliable indicator with a coefficient of
variation of less than 5% (Gathercole et al., 2015). Our data
quantify the magnitude of the neuromuscular deficit at
24 h (approximately 3.9 cm on average) and confirm that
recovery remains incomplete at 48 h, supporting the use of

CM] as a monitoring tool with sufficient temporal sensitivity
to guide training decisions. Additionally, the interaction
between microcycle intensity and recovery kinetics
underscores the complex dynamics of fatigue. The significant
interaction between microcycle intensity and recovery
kinetics (B = -1.072, p < .001) represents one of the major
contributions of this study. Although our investigation relies
on observational CM] measures, the use of sophisticated
statistical models allows the identification of key modulators
of neuromuscular recovery. The combined application of
linear mixed models and multiple regression analyses
enables the isolation of the modulatory effects of microcycle
intensity, ACWR, and chronological age on neuromuscular
recovery. These analyses not only describe the temporal
dynamics of fatigue but also support plausible physiological
interpretations involving peripheral fatigue associated with
muscle contractility and tendon elastic properties, together
with central fatigue related to motor unit recruitment
and corticospinal excitability. Moreover, the influence
of biological maturation, particularly among U16-U18
players, indicates that pubertal development contributes to
neuromuscular resilience and supports the integration of
developmental status into training planning. Consequently,
this study proposes an integrative conceptual framework
linking training load, ACWR, chronological age, and
neuromuscular responses, thereby providing practitioners
with a scientific basis for individualized decision-making.
Even without direct biomarker measurements, the
longitudinal design and hierarchical analytical approach
provide a physiologically grounded interpretation that
supports the use of CMJ as an operational monitoring
tool and informs preventive and adaptive strategies in elite
football academies. High-load microcycles produced mean
reductions in CM] performance of approximately 5.15 cm at
24 h compared with moderate-load microcycles, reflecting
a significant main effect of microcycle type. This effect did
not differ across age categories, as indicated by the absence
of a significant Category x Microcycle x Time interaction (p
> .34). These findings emphasize the importance of training
load magnitude in determining recovery dynamics. This
dose-response relationship is consistent with conceptual
models of cumulative fatigue (Malone et al., 2017b). The
substantial differences between moderate- and high-load
microcycles underline the importance of careful training
planning (Field et al., 2021). The significant interaction
turther indicates that training load intensity determines not
only the magnitude but also the duration of neuromuscular
disruption, with direct implications for the scheduling
of high-intensity training sessions. The operational and
quantitative definition of microcycles adopted in this study
strengthens the internal validity of the comparisons and
reduces the interpretative ambiguity frequently associated
with qualitative classifications of training load.

The significant increase in internal load (sRPE) and
external load parameters (total distance and accelerations)
during HIGH compared with MOD microcycles is consistent
with periodization patterns reported in professional soccer.
This confirms the relevance of session-specific metrics for
capturing load-induced fatigue. The sensitivity of sRPE in
reflecting these variations in training volume and intensity
confirms its role as a robust indicator of overall training load,
as highlighted by Nobari et al. (2022), who observed similar
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fluctuations between preparation and competition periods.
Thecleardifferentiationinhigh-intensityacceleration metrics
(>2 m-s? and >3 m-s?) is particularly relevant. Accelerations
are known to impose substantially greater metabolic and
neuromuscular demands than running at a constant speed
because of the eccentric nature of the associated muscle
contractions. Therefore, high-intensity accelerations are
critical determinants of residual fatigue. These findings
corroborate those of Gualtieri et al. (2023), who showed
that acceleration density during high-load microcycles is
the principal determinant of residual fatigue observed at
the end of the training week. Furthermore, the increase in
total distance covered during the HIGH microcycle suggests
an intentional manipulation of training volume, a classic
strategy for stimulating physiological adaptations while
remaining within the recommended ACWR range (0.8-
1.3), in line with the recommendations of Qin et al. (2025b).
This methodological clarity supports the interpretation
that the observed differences are meaningful rather than
artefactual. We now shift our focus to the predictive utility
of ACWR. This clear distinction between the two microcycle
types supports the methodological approach adopted to
investigate recovery. As demonstrated by Moran-Navarro et
al. (2017), the kinetics of neuromuscular recovery are directly
dependent on the magnitude of accumulated external load,
thereby explaining why HIGH microcycles may result in
incomplete recovery at 48 h, whereas MOD microcycles are
better tolerated. The ability of ACWR to predict changes
in countermovement jump (CM]J) performance at 24 h,
together with its strong correlation with total training load
(r = 0.807), highlights the challenge of collinearity inherent
in training load monitoring. As suggested by Gabbett et
al. (2016), ACWR is mathematically dependent on acute
workload, making it difficult to isolate its independent effect.
Nevertheless, our resultsindicate that ACWR providesamore
informative contextual indicator than acute workload alone
for identifying immediate decrements in neuromuscular
performance. This finding is consistent with Stapleton et
al. (2021), who argued that the ratio provides information
about the athlete’s readiness that absolute workload alone
cannot capture. However, its predictive ability diminishes
during medium-term recovery. The attenuation of this
predictive effect at 48 h represents an important finding of
the present study. It suggests that although workload largely
determines the initial fatigue response, the rate of recovery
over the following 48 h is influenced predominantly by non-
mechanical factors (Impellizzeri et al., 2019). Finally, we
discuss age-related differences in neuromuscular resilience.
Previous studies have also reported that markers of muscle
damage and jumping performance are no longer associated
with GPS-derived metrics after 48 h, suggesting that
biological recovery processes, including sleep, nutrition, and
individual variability, become the dominant determinants of
recovery. This transition highlights the limitations of ACWR
as a stand-alone tool for medium- and long-term training
planning and supports its integration into a multimodal
monitoring system. In the present study, ACWR was used
as a contextual indicator of recent training load relative to
the player’s chronic workload, allowing the identification of
athletes susceptible to short-term neuromuscular fatigue.
Our findings demonstrate a significant association between
ACWR and CM] decrements at 24 h after the microcycle,

whereas this relationship was no longer evident at 48 h. This
pattern indicates that ACWR primarily reflects immediate
fatigue rather than medium-term recovery. Its interpretation
should therefore consider important methodological
limitations, including its mathematical dependence on
workload measures and its collinearity with total training
volume. Consequently, ACWR should be regarded as a
heuristic tool within a multimodal monitoring framework,
complemented by direct measures of neuromuscular
performance (CM]J), RPE, and indicators of age or
biological maturation to guide individualized training load
adjustments safely and effectively. Our sensitivity analysis
further suggests that ACWR functions as a contextual filter.
In elite soccer, where competition schedules are congested,
identifying load-adaptation imbalance at 24 h is crucial for
optimizing immediate recovery strategies. As highlighted
by Moore (2016), residual neuromuscular fatigue following
a high acute workload alters running mechanics and
increases the risk of non-contact injury, supporting the use
of ACWR as an early warning indicator rather than as a
direct physiological predictor.

Although some observations confirm previously
established effects ofload intensity on CMJ, our study provides
several original contributions. First, the longitudinal design
with six measurements per player, combined with linear
mixed model analyses, allows fine-grained and hierarchical
characterization of fatigue and recovery dynamics, rarely
addressed in the literature on young footballers. Second,
the integration of ACWR as a contextual indicator, coupled
with chronological age and estimated biological maturation,
provides a predictive model of neuromuscular response
capable of differentiating vulnerability between U16, U17,
and U18 players. Third, precise quantification of effects at
24 and 48 hours post-microcycle, along with demonstration
of partial recovery, offers novel practical and scientific
insight, enabling individualized recommendations for
training planning and overload prevention. Collectively,
these elements provide our work with original value and
scientific contribution beyond merely confirming previously
established results.

Finally, we discuss age-related differences in
neuromuscular resilience. U18 players consistently
demonstrated superior CM] performance (38.82 *
3.29 cm) compared with U17 (36.27 + 3.33 cm) and U16
(33.30 £ 3.53 cm) players. Although chronological age was
a significant predictor (B = -0.362 at 24 h), it remains an
imperfect proxy for biological maturation (Wenger & Csapo,
2025). The greater resilience observed in U18 players may
be explained by several mechanisms, including increased
musculotendinous stiffness, which enhances stretch-
shortening cycle (SSC) efficiency (Katare et al., 2022), greater
muscle cross-sectional area, which reduces mechanical
stress on individual muscle fibers, improved neuromuscular
coordination, and metabolic adaptations that facilitate
recovery. These findings highlight the importance of
integrating maturation indicators into training monitoring.
Sensitivity analyses using chronological age as a proxy
for biological maturation confirmed that the main effects
of microcycle intensity, ACWR, and age category on CMJ
recovery remained robust. Although chronological age itself
was not a significant independent predictor in all models,
the results support the theoretical importance of considering
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biological maturation, particularly in players aged
U16-U18. They further suggest that individual variability
in maturation may influence neuromuscular responses,
whereas the primary effects of training load and ACWR
remain consistent across developmental stages. Biologically
less mature athletes have been shown to be at greater risk
of injury when exposed to training loads comparable to
those experienced by their more mature peers (Birat et al.,
2018). The greater neuromuscular resilience observed in
U18 players therefore emphasizes the dominant influence
of biological development on training load tolerance. As
demonstrated by Birat et al. (2018), differences in maturation
status within the same chronological age category can
substantially influence creatine kinase responses and CM]
performance following maximal exercise. The greater muscle
mass and increased musculotendinous stiftness associated
with pubertal maturation may act as protective factors
against structural damage induced by repeated accelerations.
Likewise, the greater susceptibility of U16 and U17 players to
neuromuscular disturbances is consistent with the findings
of Clavel etal. (2022), who suggested that players undergoing
peak height velocity (PHV) experience a period of “growth
vulnerability,” during which the neuromuscular system
has difficulty adapting to rapidly increasing external loads.
Consequently, ACWR and acute fatigue indicators should be
interpreted with particular caution during these biological
transition phases. The inability to distinguish the effects of
training experience from those of biological maturation,
acknowledged as a limitation of the present study, is also
recognized in the current literature (Abbott et al., 2019).
Abbott et al. (2019) reported that accumulated training
volume (training age) and biological maturation interact
to determine recovery capacity. Therefore, our findings
support the adoption of bio-banding or, at a minimum, the
systematic inclusion of biological maturation indicators,
such as maturity offset, in athlete monitoring protocols to
improve the predictive accuracy of fatigue models in elite
youth footballers.

Moreover, the influence of extra-training factors should
be acknowledged. Although this study focused on training
workload, the variability in recovery trajectories observed,
particularly at 48 h, suggests a predominant influence
of extra-training factors. As pointed out by Nobari et al.
(2022), even in controlled environments such as professional
soccer academies, individual differences in sleep quality and
psychological stress can alter the recovery kinetics of the
autonomic nervous system independently of accumulated
GPS-derived workload. Sleep, in particular, is a critical
mediator of protein synthesis and glycogen replenishment,
both of which are essential for neuromuscular recovery.
Therefore, athlete monitoring should adopt a holistic
approach that incorporates both training load and individual
recovery profiles. The apparent homogeneity of academy
training routines does not preclude individual metabolic
variability. Silva et al. (2021) demonstrated that nutritional
and hydration status directly influence the clearance of muscle
damage markers, such as creatine kinase, which may explain
why some players recover their CM] performance within
48 h whereas others remain in a state of residual fatigue.
Furthermore, the qualitative characteristics of training
sessions, such as eccentric versus metabolically dominant
content, introduce variability that global workload indicators

(e.g., sRPE or total distance) may not adequately capture.
Gualtieri et al. (2023) suggested that neuromuscular fatigue
is more sensitive to the density of high-intensity actions
than to overall training volume, reinforcing the importance
of session content rather than workload magnitude alone.
Finally, the lack of control for previous injury history
represents an important latent variable. A history of muscle
injury may permanently alter musculotendinous stiffness
and motor activation patterns, making some athletes
inherently more susceptible to acute increases in training
load. This observation supports the implementation of
holistic monitoring systems in which training load data are
interpreted alongside wellness indicators and individualized
recovery profiles, as recommended by Qin et al. (2025a), to
improve clinical decision-making. Based on these findings,
several practical recommendations can be proposed. First,
the CMJ test should be performed routinely 24 h after
high-load training sessions to identify players experiencing
clinically relevant neuromuscular fatigue (R. J. Gathercole et
al., 2015). Second, our correlational analyses suggest that an
ACWR exceeding 2.0 is associated with greater reductions
in CMJ performance. Although interventional studies
are required to establish causal thresholds, maintaining
ACWR below 2.0 appears to be a prudent practical strategy
when combined with other indicators of training load and
recovery. Third, at least 48 h of recovery should be scheduled
following high-load microcycles, whereas recovery periods
of up to 72 h may be more appropriate for Ul6 and U17
players (Field et al., 2021). Finally, for potentially less
biologically mature players, particularly those in the U16
category and some U17 players, longer intervals between
high-load exposures and/or adjustments to the volume and
intensity of the most demanding training content should be
considered without prescribing fixed percentage reductions.
Numerical recommendations (e.g., 15-20%) reported in the
applied literature should be regarded as provisional guidance
until confirmed by interventional studies. Collectively, these
recommendations support individualized training planning
aimed at reducing injury risk while optimizing performance.

Conclusions

This longitudinal study highlights the existence of a
critical window of neuromuscular fatigue at 24 hours post-
microcycle, modulated by training load intensity and relative
load context. The countermovement jump demonstrates
a relevant temporal sensitivity for detecting short-term
neuromuscular alterations in elite young footballers, with
a maximal decrease in performance observed at 24 hours
followed by partial recovery at 48 hours. The significant
interaction between microcycle type and recovery time
confirms that high-load microcycles induce more marked
and prolonged neuromuscular disturbances compared to
moderate microcycles. The acute/chronic load ratio emerges
as a strong predictor of performance alterations at 24 hours,
but loses its predictive capacity at 48 hours, highlighting
the temporal complexity of neuromuscular recovery. U18
players showed greater neuromuscular resilience than the
U16 and U17 categories, probably reflecting the influence of
biological maturation status on load tolerance. These results
underline the need for systematic monitoring of CMJ 24
hours after high-load microcycles, and for individualized
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management according to developmental status. From
an applied point of view, these results suggest the value
of integrating CMJ as an operational monitoring tool to
guide load adjustment decisions in real time, particularly
in younger players. However, these recommendations are
based on observational associations and require validation
by rigorous interventional studies. Future research should
incorporate validated indicators of biological maturation,
extend observation windows beyond 48 hours, and
incorporate mechanistic biomarkers to dissociate the
contributions of central and peripheral fatigue.

Strengths, Limitations and Prospects

This study has several strengths, including its
longitudinal design, the application of rigorous linear mixed
models, a substantial dataset comprising 450 observations
without missing values, and a standardized testing protocol
(R. Gathercole et al., 2015). However, several limitations
should be acknowledged, including the absence of blood
biomarker measurements, the lack of standardized recovery
protocols, and, most importantly, the use of chronological age
rather than biological maturation status (Wenger & Csapo,
2025). Future research should prioritize (1) the integration
of biological maturation into monitoring models (Wenger &
Csapo, 2025) and (2) the development of real-time athlete
monitoring systems. In the longer term, mechanistic studies
incorporatingbiomarkersand neurophysiological techniques
may help distinguish the relative contributions of peripheral
and central fatigue, whereas randomized controlled trials
comparing different load-modulation strategies could
strengthen evidence-based practical recommendations
(Field et al., 2021). An important limitation of the present
study is thelack of direct assessment of biological maturation.
Although chronological age categories are commonly used
as a proxy for developmental status in applied settings,
they do not adequately capture inter-individual variability
in maturation. Future investigations should therefore
incorporate validated indicators of biological maturation,
such as age at peak height velocity or maturity offset, to better
distinguish the respective contributions of chronological
age and biological development to neuromuscular fatigue
and recovery. Another methodological limitation is the
high degree of multicollinearity between ACWR and total
training load. This structural dependence, inherent to the
formulation of ACWR, may produce suppression effects
in regression analyses and limits the interpretation of
ACWR as an independent predictor. Future studies should
consider alternative analytical approaches, including
separate regression models, hierarchical modeling, or the
use of exponentially weighted workload metrics, to better
differentiate the respective contributions of acute and
chronic training load. A further limitation concerns the
inability to estimate random slopes reliably for individual
recovery trajectories. Although inter-individual variability
in responses to training load is biologically plausible, the
available data structure did not support stable estimation
of random-slope models. Future studies including a greater
number of measurement occasions and higher observation
density per participant may permit more precise modeling
of individual recovery trajectories. An additional limitation
relates to the absence of explicit measurement and control

of several potentially important confounding variables,
including sleep quality, nutritional and hydration status,
specific training session characteristics, match exposure
during the microcycle, and previous injury history. Although
these factors were partially standardized within the
professional academy environment, they may nevertheless
influence neuromuscular recovery and contribute to the
inter-individual variability observed. Future research should
incorporate these variables into multifactorial analytical
models to improve understanding of the determinants of
recovery in elite youth footballers. In summary, this study
demonstrates that CMJ is a sensitive tool for detecting a
critical window of neuromuscular fatigue 24 h after high
training loads, with responses modulated by ACWR and age
category. Its application in longitudinal athlete monitoring
appears justified when interpreted within a contextualized,
multimodal framework, while recognizing the limitations
associated with biological maturation and other unmeasured
confounding factors.
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Recovery Time on Neuromuscular Performance in Elite Youth Soccer Players

BTOMU. BeprykanpHmit cTrpubok i3 koHTppyxom (VJM) samyiraerbcsi MpiOpUTETHUM ITOKa3HMKOM HEPBOBO-M 5130BOrO CTaHY,
OJHAK KiHeTMKa BifIHOB/IEHHA MiC/IA MiKPOLMK/IiB KOHTPACTHOI iHTEHCMBHOCTI y IOHMX CIIOPTCMEHIB JJOCi HeJOCTaTHHO BYBYEHA.

Mera. JlocmianTy BIUINB TPeHYBaIbHOTO HABAaHTA)KEHHsI Ta 4aCy BiTHOB/IEHHS Ha HEPBOBO-M s30BY IIPal[e3AaTHICTD IIUIIXOM
aHaIi3y MOMY/IIO0YOTO BIJIMBY TUITY MiKPOLIMK/IY, BIKOBOI KaTeropii Ta CIiBBifIHOIIEHHS FOCTPOTO /1 XpPOHIYHOIO TPEHYBAIbHOTO
HaBanTaxeHHsa (ACWR).

Marepianu Ta MeTogu. Y IECTUMICAYHOMY JIOHTITIOHOMY JOCTI/PKEHH] B3N yYacThb 75 emiTHUX GyTOONiCTiB Y0m0Bidoi
crari (U16-U18). ITpoToxon nepepbadas owiHIOBaHH: cTpubKa 3 KOHTppyxoM (CM]) 1o, a Takox depes 24 rog i 48 rop micrs mi-
KPOLMK/IiB IIOMipHOI Ta BUCOKOI iHTeHCMBHOCTI. J]/1s1 aHanisy OCHOBHMX edeKTiB i B3aeMOpiil BUKOPUCTOBYBaIM JIiHiliHi 3MimaHi
MOJIEeTTi.

Pesynbratu. Buspneno cratuctuyno sHauymi edextu iy mikpouukny (F = 69.93, p < 0.001), yacy sumipiopanus (F =
374.48,p <0.001) Ta ACWR (F =7.41, p = 0.007). MiKpoLuK/y BUCOKOI iHTEHCMBHOCTI CPUYMHSIIN OiIbII BUPaXKEHe 3HVDKEHHS
nokasHukis CMJ uepes 24 rop (B = -1.072, p < 0.001), mic/st yoro yepes 48 rof criocrepiraocs 4acTKoBe BifHOB/IeHH:. BcTaHOB-
JIEHO CHIbHUI Koperanirtamit 38’130k Mbk ACWR i 3mMiHaMu nokasuukis CM] yepes 24 rog (r = -0.766, p < 0.001).

BucHoBok. Yepes 24 rop mic/st MIKPOLIMKITY ICHY€ KPUTIYHE «BIKHO» HEPBOBO-M sI30BOI BTOMI, sIKE MOJY/IFOETHCSI IHTEHCUB-
HICTIO TPEHYBa/IbHOIO HaBaHTA)KEHHA Ta KOHTEKCTOM TPEHYBA/IbHOIO HAaBAHTAXKEHHS, LI0 MiITBEPIKYE JOLI/IbHICTh CUCTEMA-
TUYHOTO MOHITOPMHTY HEPBOBO-M SI30BOTO CTAHY IIiC/IA MiKPOLIMKIIIB BUCOKOI iIHTEHCMBHOCTI.

Kno4oBi croBa: HepBoBO-M’s130Ba BTOMa, CTPUOOK i3 KOHTPPYXOM, TPeHyBa/IbHe HABAHTA)KEHH:, CIIiBBiJIHOLIIEHHS FOCTPO-
IO i XPOHIYHOTO TPEHYBa/JIbHOTO HABAHTAXKEHHS, IOHI (byT60niCTM, BiTHOBJIEHHS.
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