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Abstract

Coaches in professional football need to estimate how many minutes a player can toler-
ate in a match before relevant fatigue occurs. This study aimed to develop a framework
to translate monitoring information into individualised, minute-based fatigue thresh-
olds. Over four seasons in an elite club, external load (total distance, high-speed running,
mechanical work) and heart rate were collected in training. Machine-learning-derived
fitness and fatigue indices were computed and combined with 7- and 28-day load vari-
ables in a Random Forest regression model predicting match minutes. The trained model
was then used to simulate four fatigue conditions by fixing the match-day fatigue index
(z-FAmatch = 0, −1, −2, −3). In an independent test season, the model showed a mean abso-
lute error of 22.5 min and R2 = 0.17 for playing time prediction, with z-FAmatch as the most
influential predictor. Simulated fatigue thresholds occurred in an ordered way (0 = 57.1,
−1 = 64.9, −2 = 84.8, −3 = 84.4) and differed across season period, playing position, overall
seasonal minutes, and return-to-play status. Integrating external load with fitness and
fatigue indices via machine learning can provide individualised estimates of when players
are likely to reach fatigue states, supporting decisions on selection, substitutions, and
return-to-play management.

Keywords: football; machine learning; training load; fitness; fatigue; return-to-play;
decision-making

1. Introduction
Whether in elite or non-professional football, coaches and performance staff routinely

face a deceptively simple but crucial question: “How many minutes does this player
have in his legs today?” A player’s match playing time is not only a reflection of tactical
choices but also of his (her) current fitness status, accumulated workload, residual fatigue,
and medical constraints [1,2]. Anticipating how long a player can sustain an acceptable
physiological and mechanical response before reaching relevant fatigue thresholds would
significantly support decisions on starting line-ups, substitution timing, rotation strategies,
and return-to-play management.
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Over the last decade, the widespread implementation of microtechnology, including
global positioning systems (GPS) and inertial measurement units (IMUs), has facilitated
the systematic quantification of external load during training and matches in professional
football [3,4]. These systems capture metrics such as total distance, distance covered at high
and very high speeds, and indices of mechanical load associated with accelerations and
decelerations. In applied practice, these metrics are frequently summarized into acute and
chronic load indicators using rolling windows (e.g., 7- and 28-day sums) to inform training
prescription, manage accumulated workloads, and, to some extent, estimate readiness
or injury risk [5–8]. However, traditional load summaries applied alone provide limited
insight into how an individual player will respond physiologically and mechanically
to a specific match. More importantly, they seldom offer a direct answer to the critical
question of how many minutes a player can maintain performance before experiencing
meaningful fatigue.

Considering the limitations associated with external load alone, a complementary
line of research has focused on internal load, particularly heart rate (HR) responses to
standardised drills or submaximal running protocols, as indicators of cardiorespiratory
fitness and training status [9–11]. On the other hand, changes in locomotor strategies during
standardised running tests have been used to quantify neuromuscular fatigue [12–15].
Furthermore, machine learning (ML) models have recently been employed to integrate
external load metrics, HR, and locomotor activity responses to derive individualised
indices of fitness (FI) and fatigue (FA) in professional football [16,17]. In this framework, FI
reflects the extent to which a player can maintain a lower-than-expected HR for a given
external load, whereas FA captures the efficiency of locomotor activity by comparing
predicted and actual PlayerLoadTM (PL) during training sessions [16,17]. These indices
have demonstrated concurrent validity against submaximal fitness tests and sensitivity
to variations in weekly load, day of the microcycle, and period of the season [14,16,17].
Nevertheless, their applications have largely remained descriptive, and they have not been
directly linked to match minute predictions that could guide concrete coaching decisions.
Indeed, to date, no studies have explored the possibility of integrating all this information
to predict how many minutes a player can tolerate performance during a match before
experiencing significant fatigue.

Also in this case, ML approaches can assist in managing the inherent complexity of
match-related fatigue processes. In applied elite football settings, ensemble tree-based
models such as Random Forests have been widely adopted for injury-risk estimation,
performance classification, and prediction of match outcomes or physical demands [18–22].
While more recent advances in deep and representation learning offer powerful mod-
elling capabilities, their application in high-performance sport is often constrained by
limited sample sizes, heterogeneous data sources, and the need for model transparency in
practitioner-led decision-making contexts. Alternative approaches such as linear models
or generalised additive models (GAMs), although interpretable, may be limited in their
ability to capture complex non-linear interactions without strong structural assumptions,
whereas gradient boosting frameworks (e.g., XGBoost, LightGBM), despite their highly
predictive performance, typically require extensive hyperparameter tuning and may reduce
model stability and interpretability in small-to-moderate applied datasets. In this context,
Random Forest models are particularly well suited, as they can accommodate non-linear
relationships, higher-order interactions, and moderate multicollinearity among predic-
tors while maintaining a degree of interpretability through feature importance metrics
and partial dependence analyses [23,24]. This balance between predictive performance
and explainability is especially relevant when models are intended to support applied
decision-making rather than purely predictive optimization.
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Within the present framework, the integration of training load, fitness indicators, and
fatigue-related variables allows the model to simulate hypothetical fatigue trajectories
across match play, providing estimates of the specific match periods at which players may
transition toward low, moderate, or severe fatigue states. Although more advanced deep
learning, causal inference, or explainable AI approaches may further enhance representation
learning and causal interpretability, the current methodological choice reflects a deliberate
trade-off between methodological robustness, data availability, and practical usability.
Future research may extend this framework by integrating representation learning or causal
modelling techniques to refine individual fatigue dynamics and mechanistic understanding.

Consequently, there is a clear gap between the extensive volume of monitoring data
generated daily in professional football and the long-standing practical question of how
many minutes a player can realistically maintain performance before approaching rele-
vant fatigue thresholds under competitive conditions. For this reason, considering this
background, the present study has three main aims. First, we sought to develop and
evaluate a Random Forest regression model to predict match playing time at the individual
level, using a set of features combining acute (7-day) and chronic (28-day) external load
metrics (total distance, high-speed running, sprint distance, and mechanical work) with
z-scored ML-derived indices of fitness (z-FI) and fatigue (z-FA). This step is essential to
move to the second aim of the study; that is, to implement a simulation framework in
which only the match-day fatigue index (z-FAmatch) was systematically manipulated to
represent three fatigue thresholds (low, moderate, severe) while all other inputs were held
constant, allowing us to estimate the specific match minute at which each player would be
expected to reach these fatigue states. Third, we examined the ecological validity of this
approach by testing whether the predicted minutes at low, moderate, and severe fatigue
differed meaningfully across season periods, playing positions, overall seasonal match
playing time, and return-to-play conditions.

We hypothesised that: (1) the integrated ML model would achieve an acceptable
out-of-sample error in predicting match minutes; (2) the z-FAmatch would emerge as the
key predictor of playing time; and (3) the simulated fatigue-minute estimates would
show coherent and interpretable differences across season period, playing position, overall
playing time, and return-to-play status, thereby supporting the ecological validity and
practical usefulness of the proposed framework.

2. Materials and Methods
2.1. Participants

The study analysed four consecutive football seasons (2021/22, 2022/23, 2023/24, and
2024/25), including a total of sixty-eight elite male players (age: 25.3 ± 4.4 years, body
mass: 79.7 ± 6.1 kg, height: 183.9 ± 5.7 cm) from the first team of an Italian professional
football club. Players were part of the club’s main squad during at least one of the included
seasons and were routinely monitored under the club’s standard performance and medical
protocols. Data obtained from the own database of the club’s sport science department
were analysed retrospectively. Since the data were collected for performance-monitoring
purposes and subsequently anonymised before analysis, formal ethics committee approval
was not required [25]. Nevertheless, all procedures complied with the Declaration of
Helsinki, and confidentiality for both team and players was strictly preserved. All data were
de-identified prior to analysis, and no information allowing identification of individual
players is presented in this manuscript.
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2.2. External and Internal Load Data Collection

Players’ external load was recorded during 766 training sessions and 160 official
matches, yielding a total of 18681 individual player session observations. External load was
assessed using the WIMU Pro system (WIMU, Hudl, Lincoln, NE, USA), which integrates
multiple inertial sensors, including 3D gyroscopes with an 8000◦/s full-scale output range,
a three-dimensional magnetometer, a 10 Hz GPS unit, and a 20 Hz ultra-wideband system.
The validity and reliability of this system for quantifying external load in team sports
have been previously established [26,27]. Each player wore the device in a custom-fitted
vest, with the unit positioned between the scapulae in a standardised manner. From
these devices, the following metrics were extracted for each training session and match:
total distance (TD, m); high-speed running distance (D19.8, m), which is the distance
covered above 19.8 km/h; sprinting distance (D25.2, m), which is the distance covered
above 25.2 km/h; mechanical work (MW, counts), defined as the sum of accelerations
above 3.5 m/s2 and decelerations below −3.5 m/s2; and PlayerLoadTM (PL) which is
a composite metric representing the resultant of tri-axial accelerations.

Instead, internal load was assessed via HR. HR data were collected at a sampling
frequency of 4 Hz using a Garmin HR chest strap (Garmin Ltd., Olathe, KS, USA), syn-
chronized with the WIMU Pro telemetry system [27]. Session intensity was expressed as
a percentage of individual maximal HR (HRmax). HRmax was determined at the start of
each season using an incremental treadmill protocol: the test started at 8 km/h and speed
was increased by 2 km/h every 3 min until volitional exhaustion, with continuous HR
monitoring [9]. Only sessions and match observations with complete and valid GPS and
HR data were retained for analysis.

3. Data Analysis
3.1. Calculation of Acute and Chronic Load

For each player, acute and chronic external load metrics were computed using rolling
windows. The acute load was defined as the sum of the relevant variable over the preceding
7 days (TD-7, D19.8-7, D25.2-7, MW-7). The chronic load was defined as the sum over
the preceding 28 days (TD-28, D19.8-28, D25.2-28, MW-28). The rolling windows were
calculated on a per-player basis, thereby capturing individualised histories of exposure.
When data were missing within a rolling window (e.g., due to injury, illness, or squad
rotation), only observed sessions were included in the cumulative load calculation, without
imputation. As a result, acute and chronic load metrics reflect the player’s actual exposure
during the relevant period rather than nominal calendar time.

3.2. Definition of the Fitness and Fatigue Indices

The fitness and fatigue indices were derived using a ML-based approach previously
described [16,17]. Briefly, two separate Random Forest regression models were used:
one to predict HR responses to specific training drills and one to predict PL during full
training sessions.

To quantify fitness, we focused on HR responses during small-sided games routinely
used in the training process, including game simulations (with two regular goals and
goalkeepers) and possession games (possession-oriented drills without goals). For each
drill, the external load was quantified, and a Random Forest regression model was trained
to predict HR responses based on external and contextual features, following the procedures
described by Mandorino et al. [17]. The fitness index (FI) for a given drill was then defined
as the difference between the HR predicted by the model and the actual HR observed:
FI > 0 was interpreted as a favourable fitness; FI < 0 indicated a worse-than-expected
response, and it was interpreted as poorer fitness. In previous work, FI demonstrated
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concurrent validity, showing a large correlation (r ≈ 0.70) with a submaximal field-based
fitness test [17].

To estimate fatigue, we used a second Random Forest regression model to predict
PL at the session level based on external load and contextual features, as reported by
Mandorino et al. [16]. For each training session, the model generated a predicted PL, which
was compared with the observed PL. The fatigue index (FA) was defined as: FA > 0, the
player experienced lower mechanical cost than expected, interpreted as efficient locomotion
(favourable fatigue status); FA < 0, the player generated higher mechanical cost than
anticipated, interpreted as reduced locomotor efficiency and a potential state of fatigue [28].
Previous studies have shown that FA is sensitive to the period of the season, day of the
week and cumulative load from the prior week, typically decreasing following periods of
higher weekly load [16].

To account for individual variability, both FI and FA values were standardised within
each player across the season. Specifically, for each player, FI and FA were transformed into
z-scores using that player’s mean and standard deviation. We calculated weekly fitness
index (z-FI), fatigue index assessed on match-day minus 1 (z-FAtraining) and fatigue index
assessed on the match-day (z-FAmatch).

3.3. ML Model Development

One of the primary objectives of this study was to develop an ML model capable of
predicting the number of minutes a player would play in a match, based on their acute
and chronic external loads and their fitness and fatigue indices. For each player–match
observation, a feature vector was constructed, including:

• Acute external load: TD-7, D19.8-7, D25.2-7, MW-7.
• Chronic external load: TD-28, D19.8-28, D25.2-28, MW-28.
• Fitness and fatigue indices: z-FI (MD–3), z-FAtraining (MD–1), z-FAmatch (MD).

The target variable was the actual number of minutes played by the player in that
match (1–90 min).

3.4. Algorithm Selection

We selected Random Forest regression to model the relationship between the predictor
variables and match minutes. Random Forest is an ensemble method that constructs
a collection of decision trees and averages their predictions. In the context of this study,
its key advantages include: the ability to model non-linear relationships and higher-order
interactions between load metrics and FI/FA indices [21,29]; robustness of different feature
scales and moderate multicollinearity, which are typical in monitoring data; and relative
interpretability through feature importance estimates, which provide insight into the
relative contribution of each predictor.

3.5. Hyperparameter Tuning and Cross-Validation

To avoid information leakage between seasons and to approximate real-world deploy-
ment, the complete dataset was partitioned by season as follows:

• Training/validation set: seasons 2021/2022 and 2022/2023.
• Independent test set: season 2023/2024.

Within the training/validation set, hyperparameter tuning was performed using
GroupKFold cross-validation, with the season as the grouping factor. This ensured that, for
any given fold, data from one season were used for validation while the remaining season
formed the training set, preserving temporal and contextual structure. Consequently, no
adjacent match-days from the same season were split across folds, preventing within-season
information leakage. A grid search was conducted over a predefined range of Random
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Forest hyperparameters (e.g., number of trees, maximum tree depth, minimum samples
per split, and minimum samples per leaf). The hyperparameter grid is reported in Table 1.
Models were compared using the negative mean absolute error (MAE) as the scoring
function, with the best configuration defined as the one achieving the lowest average MAE
across cross-validation folds.

Table 1. Hyperparameter grid used for Random Forest tuning.

Hyperparameter Tested Values

Number of estimators 50, 100, 300, 600, 1000, 1500

Maximum depth 3, 5, 8, 12, 16, 20, 25

Minimum samples split 2, 5, 10, 15

Minimum samples leaf 2, 4, 6

Maximum features square root, base-2 logarithm

3.6. Model Evaluation

After hyperparameter tuning, the best Random Forest configuration was refitted on
the full training/validation dataset (seasons 2021/2022 and 2022/2023). Performance was
then assessed on the independent test season (2023/2024) to obtain an unbiased estimate
of out-of-sample generalisation. Three standard regression metrics were computed on the
test set:

• Mean absolute error (MAE): average absolute error difference between predicted and
actual minutes, expressed in minutes.

• Root mean squared error (RMSE): square root of the mean squared prediction error,
more sensitive to larger errors than MAE.

• Coefficient of determination (R2): proportion of variance in the target variable ex-
plained by the model.

In addition, the final model was subjected to feature importance analysis to quantify
the relative contribution of each predictor to the prediction of match minutes.

3.7. Simulation Framework

Beyond predicting actual match minutes, we sought to use the trained model to es-
timate the match minute at which different fatigue thresholds would be reached, under
hypothetical variations in match-day fatigue. To this end, a simulation framework was
constructed using data from the 2023/2024 and 2024/2025 seasons. For each player–match
observation in these seasons, the feature vector was defined as before (acute and chronic
load, z-FI, z-FAtraining, z-FAmatch). The key idea was to manipulate only one predictor,
z-FAmatch, while holding all other variables constant at their observed values. Given
that z-FAmatch was standardised within the player, we defined three values correspond-
ing to a progressive increase in the fatigue status: z-FAmatch = 0: baseline, no fatigue;
z-FAmatch = −1: low fatigue; z-FAmatch = −2: moderate fatigue; z-FAmatch = −3: severe
fatigue. The selected z-FAmatch values (0, −1, −2, −3) correspond to standardized de-
viations from each player’s individual mean fatigue state. A value of 0 represents the
player’s typical match-day fatigue level, whereas −1, −2, and −3 correspond to progres-
sively larger deviations of one, two, and three standard deviations below the individual
mean, respectively.

For each match, the trained Random Forest model was used to generate three predic-
tions of playing time, corresponding to these three hypothetical fatigue conditions. This
allowed us to estimate the specific match minute at which each player would be expected to
reach low, moderate, or severe fatigue under the same load and context but with differing
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match-day fatigue profiles. In theoretical terms, higher predicted minutes at a given fatigue
threshold indicate a greater capacity to delay fatigue during the game. All steps of the
data-processing and modelling workflow, from raw data collection to the simulation of
fatigue minutes, are summarised in Figure 1.

 

Figure 1. Data analysis framework used to predict the specific match minute at which a player is
expected to reach the baseline, low, moderate or severe levels of fatigue. TD-7: acute total distance
calculated in the last 7 days. TD-28: chronic total distance calculated in the last 28 days. D19.8-7: acute
distance above 19.8 km/h calculated in the last 7 days. D19.8-28: chronic distance above 19.8 km/h
calculated in the last 28 days. D25.2-7: acute distance above 25.2 km/h calculated in the last 7 days.
D25.2-28: chronic distance above 25.2 km/h calculated in the last 28 days. MW-7: acute mechanical
work calculated in the last 7 days. MW-28: chronic mechanical work calculated in the last 28 days.
z-FI: fitness index. z-FAtraining: fatigue index calculated on match-day minus 1. z-FAmatch: fatigue
index calculated in the match. ML: machine learning.

4. Statistical Analysis
The primary aim of the statistical analysis was to evaluate the ecological validity of the

proposed framework; that is, to test whether the predicted minutes to low, moderate and
severe fatigue were sensitive and coherent with respect to real-world contextual factors,
such as period of the season, playing position, overall playing time during the season, and
return-to-play status. Because each athlete contributed multiple observations across train-
ing sessions and matches, all analyses were conducted using linear mixed-effects models
with random intercepts for player identity, accounting for within-player dependency.

To examine overall differences in predicted minutes across fatigue conditions (low,
moderate, severe), a mixed-effects model was fitted with fatigue condition as a fixed effect
and player as a random effect. All pairwise contrasts between fatigue conditions were
evaluated using repeated-measures comparisons adjusted for the within-player structure.
Pairwise tests were conducted using paired t-tests with Bonferroni-corrected p-values, and
effect sizes were expressed as Hedges’ g.

To assess whether differences in predicted fatigue-related minutes were consistent
across meaningful subgroups, we fitted additional mixed-effects models including fatigue
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condition (within-player) and one between-subject factor at a time: season period, playing
position, overall playing time during the season, and return-to-play status.

For the season period, four subgroups were defined: pre-season—June and July; first
part—August, September, October; second part—November, December, January, February;
and third part—March, April, May.

For the playing position, players were categorised as: centre-backs, full-backs, mid-
fielders, wingers, and forwards.

For overall playing time during the season, players were divided into: low playing
time: <500 min; medium playing time: 500–1500 min; high playing time: >1500 min.

For return-to-play status, players were grouped based on the time elapsed since their
return to full training after an injury: early return to play: ≤15 days since return; mid-term
return to play: >15 and ≤30 days; long-term return to play: >30 days.

In each model, fatigue condition and the between-subject variable were entered as
fixed effects, with player as a random intercept. Estimated marginal means (EMM) and 95%
confidence intervals (CI) were computed for each level of the factors. Post hoc pairwise
comparisons between levels of each between-subject factor were performed separately
within each fatigue condition, using between-subject t-tests with Bonferroni adjustment
and reporting Hedges’ g effect size. Values of 0.20, 0.50, and 0.80 were interpreted as
indicative of small, medium, and large effects, respectively [30]. Across all analyses,
statistical significance was set at p < 0.05. All statistical procedures were implemented in
Anaconda (Version 3.9.12, Anaconda Inc., New York, NY, USA) using Python (version 3.13)
libraries, as statsmodels and pingouin.

5. Results
5.1. Model Performance and Feature Importance

The Random Forest regression model (number of estimators: 100; max depth: 5;
minimum samples split: 5; minimum samples leaf: 2; max features: square root) trained on
seasons 2021/2022 and 2022/2023 and tested on season 2023/2024 achieved the following
performance metrics in the independent test set: MAE = 22.53 min; RMSE = 27.43 min;
R2 = 0.17. After feature importance analysis, the z-FAmatch was identified as the strongest
predictor. The feature importance analysis was presented in Figure 2.

Figure 2. Feature importance analysis of the Random Forest regression model predicting match
minutes. The y-axis reports the input variables included in the model, while the x-axis represents the
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normalized importance score derived from permutation-based feature importance. TD-7: acute total
distance calculated in the last 7 days. TD-28: chronic total distance calculated in the last 28 days.
D19.8-7: acute distance above 19.8 km/h calculated in the last 7 days. D19.8-28: chronic distance
above 19.8 km/h calculated in the last 28 days. D25.2-7: acute distance above 25.2 km/h calculated
in the last 7 days. D25.2-28: chronic distance above 25.2 km/h calculated in the last 28 days. MW-7:
acute mechanical work calculated in the last 7 days. MW-28: chronic mechanical work calculated in
the last 28 days. z-FI: fitness index. z-FAtraining: fatigue index calculated on match-day minus 1.

5.2. Difference Across Fatigue Conditions

The mixed-effects model examining differences across the fatigue conditions indicated
that low (β = 7.82, p < 0.01), moderate (β = 27.74, p < 0.01), and severe (β = 27.26, p < 0.01)
fatigue statuses were associated with significantly longer predicted playing time compared
with the baseline condition. Estimated marginal means confirmed significant differences
between low and both moderate and severe fatigue conditions: baseline (EMM = 57.12
[95% CI: 55.55–58.70]), low fatigue (EMM = 64.94 [95% CI: 63.37–66.52]), moderate fatigue
(EMM = 84.86 [95% CI: 83.29–86.44]), severe fatigue (EMM = 84.39 [95% CI: 82.82–85.96]).
All pairwise comparisons across fatigue conditions are reported in Table 2.

Table 2. Pairwise comparisons across fatigue conditions (baseline, low, moderate, severe): differences
in predicted minutes, Bonferroni-adjusted p-values, and Hedges’ g.

Pairwise Comparison Difference p-Adjusted Hedges’ g

Baseline vs. low fatigue 7.820 0.001 −1.207

Baseline vs. moderate fatigue 27.739 0.001 −4.572

Baseline vs. severe fatigue 27.267 0.001 −4.547

Low fatigue vs. moderate fatigue 19.919 0.001 −4.128

Low fatigue vs. severe fatigue 19.447 0.001 −4.107

Moderate fatigue vs. severe fatigue −0.472 0.001 0.117

5.3. Influence of Season Period

Across all fatigue conditions, the predicted minutes at which players would reach
the baseline, low, moderate, and severe fatigue differed meaningfully by season period.
Compared with pre-season, the first, second, and third parts of the season were associated
with progressively higher predicted minutes: baseline (first part: β = 9.54, p < 0.01; second
part: β = 7.25, p < 0.01; third part: β = 9.79, p < 0.01), low fatigue (first part: β = 6.08,
p < 0.01; second part: β = 6.59, p < 0.01; third part: β = 7.65, p < 0.01), moderate fatigue (first
part: β = 7.59, p < 0.01; second part: β = 6.38, p < 0.01; third part: β = 8.85, p < 0.01), severe
fatigue (first part: β = 7.23, p < 0.01; second part: β = 6.03, p < 0.01; third part: β = 8.33,
p < 0.01). Estimated marginal means and 95% CIs for each season period and fatigue level
are provided in Table 3, while detailed pairwise comparisons and effect sizes (Hedges’ g)
between season periods are shown in Table 4.

Table 3. Estimated marginal means (EMM) and 95% confidence intervals (CI) for predicted minutes
across season period, playing position, overall playing time, and return-to-play condition, shown
separately for baseline, low, moderate and severe fatigue conditions.

Factor Fatigue Group EMM CI 95%

Season period Baseline Pre-season 49.504 46.685, 52.323

First part 59.053 56.720, 61.386

Second part 56.754 54.396, 59.112
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Table 3. Cont.

Factor Fatigue Group EMM CI 95%

Third part 59.296 56.810, 61.781

Low Pre-season 58.894 56.893, 60.895

First part 64.979 63.361, 66.597

Second part 65.489 63.852, 67.126

Third part 66.552 64.813, 68.290

Moderate Pre-season 78.002 76.217, 79.786

First part 85.598 84.262, 89.933

Second part 84.384 83.027, 85.741

Third part 86.860 85.382, 88.337

Severe Pre-season 77.862 76.076, 79.648

First part 85.096 83.724, 86.468

Second part 83.900 82.508, 85.292

Third part 86.195 84.693, 87.698

Playing position Baseline Centre-back 60.197 55.478, 64.916

Winger 52.064 47.117, 57.012

Midfielder 58.644 54.784, 62.504

Forward 56.068 50.970, 61.167

Full-back 60.016 53.467, 66.565

Low Centre-back 68.464 65.419, 71.509

Winger 61.069 57.897, 64.241

Midfielder 65.358 62.868, 67.847

Forward 63.224 59.920, 66.529

Full-back 65.471 61.262, 69.679

Moderate Centre-back 86.089 83.591, 88.587

Winger 79.921 77.349, 82.494

Midfielder 86.122 84.079, 88.164

Forward 84.630 81.904, 87.356

Full-back 86.612 83.194, 90.029

Severe Centre-back 85.374 83.009, 87.740
Winger 79.689 77.256, 82.121

Midfielder 85.552 83.618, 87.486

Forward 84.102 81.518, 86.687

Full-back 86.174 82.941, 89.407

Overall playing time Baseline Low 55.893 53.583, 58.203

Medium 58.982 56.563, 61.402

High 59.829 57.275, 62.382

Low Low 63.449 61.846, 65.051

Medium 66.491 64.803, 68.180

High 66.607 64.816, 68.397
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Table 3. Cont.

Factor Fatigue Group EMM CI 95%

Moderate Low 83.587 81.940, 85.234

Medium 86.441 84.707, 88.174

High 85.827 83.989, 87.665

Severe Low 83.106 81.821, 84.391

Medium 85.707 84.328, 87.087

High 85.142 83.648, 86.635

Return-to-play condition Baseline Early 46.373 43.832, 48.914

Mid-term 55.125 52.507, 57.744

Long-term 60.003 57.795, 62.211

Low Early 57.464 55.655, 59.273

Mid-term 63.359 61.488, 65.231

Long-term 66.542 65.001, 68.082

Moderate Early 77.357 75.713, 79.000

Mid-term 82.844 81.130, 84.557

Long-term 86.483 85.148, 87.818

Severe Early 77.065 75.416, 78.714

Mid-term 82.384 80.670, 84.097

Long-term 85.942 84.577, 87.307

Table 4. Pairwise comparisons across season period, playing position, overall playing time, and
return-to-play condition.

Factor Fatigue Pairwise Comparison Difference p-Adjusted Hedges’ g

Season period Baseline Pre-season vs. First part 9.633 0.001 −0.765

Pre-season vs. Second part 6.840 0.001 −0.503

Pre-season vs. Second part 8.856 0.001 −0.723

First part vs. Second part −2.794 0.001 0.204

First part vs. Third part −0.777 1.000 0.060

Second part vs. Third part 2.016 0.104 −0.146

Low Pre-season vs. First part 6.068 0.001 −0.674

Pre-season vs. Second part 6.343 0.001 −0.642

Pre-season vs. Second part 7.130 0.001 −0.766

First part vs. Second part 0.275 1.000 −0.028

First part vs. Third part 1.062 0.510 −0.110

Second part vs. Third part 0.787 1.000 −0.076

Moderate Pre-season vs. First part 7.477 0.001 −0.803

Pre-season vs. Second part 6.136 0.001 −0.669

Pre-season vs. Second part 8.476 0.001 −0.894

First part vs. Second part −1.341 0.058 0.139

First part vs. Third part 0.999 0.665 −0.101
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Table 4. Cont.

Factor Fatigue Pairwise Comparison Difference p-Adjusted Hedges’ g

Second part vs. Third part 2.340 0.001 −0.239

Severe Pre-season vs. First part 7.136 0.001 −0.794

Pre-season vs. Second part 5.817 0.001 −0.658

Pre-season vs. Second part 7.980 0.001 −0.877

First part vs. Second part −1.319 0.051 0.142

First part vs. Third part 0.845 0.969 −0.089

Second part vs. Third part 2.164 0.002 −0.230

Playing position Baseline Centre-back vs. Winger −6.874 0.001 0.588

Centre-back vs. Midfielder −1.966 0.234 0.142

Centre-back vs. Forward −6.369 0.001 0.458

Centre-back vs. Full-back 4.554 0.001 −0.346

Winger vs. Midfielder 4.908 0.001 −0.389

Winger vs. Forward 0.505 1.000 −0.043

Winger vs. Full-back 11.428 0.001 −1.045

Midfielder vs. Forward −4.403 0.001 0.308

Midfielder vs. Full-back 6.520 0.001 −0.473

Forward vs. Full-back 10.923 0.001 −0.789

Low Centre-back vs. Winger −6.233 0.001 0.702

Centre-back vs. Midfielder −2.727 0.001 0.259

Centre-back vs. Forward −6.121 0.001 0.598

Centre-back vs. Full-back 1.020 1.000 −0.102

Winger vs. Midfielder 3.506 0.001 −0.377

Winger vs. Forward 0.113 1.000 −0.014

Winger vs. Full-back 7.253 0.001 −0.942

Midfielder vs. Forward −3.394 0.001 0.329

Midfielder vs. Full-back 3.747 0.001 −0.370

Forward vs. Full-back 7.141 0.001 −0.766

Moderate Centre-back vs. Winger −6.772 0.001 0.720

Centre-back vs. Midfielder 0.286 1.000 −0.031

Centre-back vs. Forward −2.756 0.007 0.285

Centre-back vs. Full-back 1.590 0.420 −0.168

Winger vs. Midfielder 7.057 0.001 −0.769

Winger vs. Forward 4.015 0.001 −0.425

Winger vs. Full-back 8.362 0.001 −0.905

Midfielder vs. Forward −3.042 0.001 0.326

Midfielder vs. Full-back 1.304 0.677 −0.142

Forward vs. Full-back 4.347 0.001 −0.455

Severe Centre-back vs. Winger −6.292 0.001 0.689

Centre-back vs. Midfielder 0.411 1.000 −0.046
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Table 4. Cont.

Factor Fatigue Pairwise Comparison Difference p-Adjusted Hedges’ g

Centre-back vs. Forward −2.612 0.008 0.280

Centre-back vs. Full-back 1.673 0.265 −0.184

Winger vs. Midfielder 6.704 0.001 −0.756

Winger vs. Forward 3.680 0.001 −0.399

Winger vs. Full-back 7.965 0.001 −0.884

Midfielder vs. Forward −3.024 0.001 0.338

Midfielder vs. Full-back 1.261 0.665 −0.143

Forward vs. Full-back 4.285 0.001 −0.464

Overall playing time Baseline Low vs. Medium 3.413 0.001 −0.248

Low vs. High 4.586 0.001 −0.353

Medium vs. High 1.173 0.403 −0.087

Low Low vs. Medium 2.988 0.001 −0.299

Low vs. High 3.816 0.001 −0.404

Medium vs. High 0.827 0.457 −0.083

Moderate Low vs. Medium 2.662 0.001 −0.268

Low vs. High 1.786 0.002 −0.186

Medium vs. High −0.876 0.362 0.090

Severe Low vs. Medium 2.479 0.001 −0.258

Low vs. High 1.698 0.002 −0.184

Medium vs. High −0.781 0.452 0.084

Return-to-play condition Baseline Early vs. Mid-term 9.124 0.001 −0.752

Early vs. Long-term 13.713 0.001 −1.074

Mid-term vs. Long-term 4.589 0.001 −0.357

Low Early vs. Mid-term 6.015 0.001 −0.657

Early vs. Long-term 8.954 0.001 −0.945

Mid-term vs. Long-term 2.939 0.001 −0.308

Moderate Early vs. Mid-term 5.645 0.001 −0.599

Early vs. Long-term 9.090 0.001 −0.985

Mid-term vs. Long-term 3.445 0.001 −0.367

Severe Early vs. Mid-term 5.496 0.001 −0.604

Early vs. Long-term 8.862 0.001 −0.999

Mid-term vs. Long-term 3.366 0.001 −0.373

5.4. Differences Between Playing Positions

The mixed-effects model including playing position demonstrated that wingers exhib-
ited significantly lower predicted minutes to fatigue than centre-backs across all fatigue
conditions: baseline (winger: β = −8.13, p = 0.02; midfielder: β = −1.55, p = 0.61; forward:
β = −4.13, p = 0.24; full-back: β = −0.18, p = 0.96), low fatigue (winger: β = −7.39, p < 0.01;
midfielder: β = −3.11, p = 0.12; forward: β = −5.24, p = 0.02; full-back: β = −2.99, p = 0.26),
moderate fatigue (winger: β = −6.17, p < 0.01; midfielder: β = −3.19, p = 0.98; forward:
β = −1.46, p = 0.44; full-back: β = 0.52, p = 0.81), severe fatigue (winger: β = −5.68, p > 0.01;
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midfielder: β = 0.18, p = 0.91; forward: β = −1.27, p = 0.47; full-back: β = 0.80, p = 0.70).
Estimated marginal means for each position and fatigue condition are reported in Table 3,
and all pairwise comparisons between positions (including effect sizes) are provided in
Table 4.

5.5. Influence of Overall Playing Time

When players were categorised according to their overall playing time during the
season, the mixed-effects model revealed significant differences compared with the low-
playing-time group. Players with a medium and high playing time were predicted to
reach fatigue thresholds later in the match: baseline (medium playing time: β = 3.09,
p < 0.01; high playing time: β = 3.94, p < 0.01), low fatigue (medium playing time: β = 3.04,
p < 0.01; high playing time: β = 3.16, p < 0.01), moderate fatigue (medium playing time:
β = 2.85, p < 0.01; high playing time: β = 2.24, p < 0.01), severe fatigue (medium playing
time: β = 2.60, p < 0.01; high playing time: β = 2.04, p < 0.01). EMM values and CIs are
shown in Table 3, and pairwise comparisons with Hedges’ g are presented in Table 4.

5.6. Influence of Return-to-Play Status

Finally, when return-to-play status was included in the model, players classified as
having a recent return to play (≤15 days) showed substantially lower predicted minutes for
all fatigue levels compared with those with mid- and long-term return-to-play durations:
baseline (mid-term return-to-play: β = 8.75, p < 0.01; long-term return-to-play: β = 13.63,
p < 0.01), low fatigue (mid-term return-to-play: β = 5.89, p < 0.02; long-term return-to-play:
β = 9.07, p < 0.01), moderate fatigue (mid-term return-to-play: β = 5.49, p < 0.01; long-term
return-to-play: β = 9.13, p < 0.01), severe fatigue (mid-term return-to-play: β = 5.32, p < 0.01;
long-term return-to-play: β = 8.87, p < 0.01). EMM values and CIs for each return-to-play
group and fatigue condition are reported in Table 3 and detailed pairwise comparisons
with Hedges’ g are presented in Table 4.

6. Discussion
The study aimed to answer a long-standing practical question in professional football,

“how many minutes does this player have in his legs today?”, by developing an ML-
based framework to (1) predict individual match playing time from routinely collected
monitoring data; (2) simulate the match minute at which players are expected to reach low,
moderate, or severe fatigue; and (3) to evaluate the ecological validity of this approach.
Using four consecutive seasons of data from an elite Italian club, we integrated acute and
chronic external load metrics with individualised fitness and fatigue indices. The principal
findings were: (1) the predictive model achieved an out-of-sample MAE of 22.53 min,
an RMSE of 27.43 min, and an R2 of 0.17; (2) z-FAmatch emerged as the most important
predictor; and (3) the simulation framework, which systematically manipulated only z-
FAmatch while keeping all other predictors constant, revealed coherent and practically
meaningful differences in predicted fatigue-related minutes across fatigue conditions,
season periods, playing positions, overall playing time, and return-to play status, with
small-to-large effect sizes.

The Random Forest regression model explained 17% of the variance in match playing
time, with an average absolute error of 22.53 min. Although this coefficient of determination
may appear modest, playing time represents a highly multifactorial and partially exogenous
outcome. Beyond players’ physical status, match participation is strongly influenced by
tactical considerations, opponent characteristics, match location, scoreline and game state,
squad rotation strategies, and coaching decisions, as well as by unpredictable events
such as injuries or red cards [31–33]. Importantly, many of these determinants are not
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captured within the current predictor set and are not directly observable through physical
or physiological monitoring alone. As a consequence, a substantial proportion of variance
in playing time remains structurally unexplained, and low-to-moderate R2 values are
expected when modelling such decision-driven outcomes. Within this context, achieving
an average prediction error of approximately one quarter of a full match can be considered
practically meaningful.

A key conceptual aspect of this study is that we did not only use the model to predict
a single value of playing time per match, but also to generate four distinct “threshold-
related” minutes: baseline condition (z-FAmatch = 0), which represents a neutral reference
point on the fatigue index; and low, moderate, and severe conditions (z-FAmatch = −1,
−2, −3), which represent progressively more extreme values on the same scale, moving
one, two, and three standard deviations away from the neutral level. In practice, these
four conditions can be interpreted as successive points along a fatigue continuum, with
the baseline as the earliest “change point”, and low, moderate, and severe indicating
progressively more demanding states that would be reached later in the match. Consistent
with this interpretation, the pairwise comparisons in Table 2 show a clear and ordered
pattern of predicted minutes: the low condition occurs on average ~7.8 min later than
the baseline, while the moderate and severe conditions occur ~27.7 and ~27.3 min later
than the baseline, respectively. Taken together, these results suggest that a first meaningful
change point (baseline) is expected around the 57th minute of play, while advanced fatigue
states are expected about 20 min later, with very little difference between moderate and
severe conditions. From a physiological perspective, this is consistent with the idea that
fatigue builds progressively: a relatively long transition from neutral to clearly fatigued
states, followed by a plateau at a high fatigue where the distinction between “moderate”
and “severe” becomes less meaningful [34,35]. Another important aspect to discuss is that
the feature importance analysis revealed that z-FAmatch was the most influential predictor
of playing time. Despite external load history (7- and 28-day windows) and fitness status
remaining important, the model suggests that the acute, context-specific expression of
fatigue captured by z-FAmatch is crucial in estimating the ability of the player to cope with
the match from a mechanical point of view.

A central aim of the study was to test whether the four simulated conditions behaved
in ways that are ecologically plausible across key contextual factors known to influence
match fatigue: season period, playing position, overall playing time, and return-to-play
status. When the season period was considered, baseline predicted minutes were lowest in
pre-season and higher in all subsequent parts of the season. For example, baseline EMM
increased from 49.5 min in pre-season to 59.1 min in the first part, 56.8 min in the second
part, and 59.3 min in the third part of the season. This pattern was mirrored and amplified
for the three fatigue thresholds (Table 3), and confirmed by the pairwise comparisons,
which showed medium-to-large effects (g = −0.50 to −0.89; Table 4). Hence, as the season
progresses, all four conditions (baseline, low, moderate, severe) shift to later minutes,
indicating that players are expected to delay the onset of both early and advanced fatigue
states. These changes align well with evidence that suggests that match-specific fitness
improves during the competitive period: with more matches and training stimuli, players
become better able to tolerate the physical demands of competition [14,32,36] and to “push
fatigue further to the right” on the time axis.

Playing position also modulated the predicted minutes in a coherent way. At base-
line, centre-backs recorded the highest predicted minutes (60.2 min), while the wingers
showed the lowest values (52.1 min), with a medium effect size for their contrast (g = 0.59).
Midfielders, forwards, and full-backs lie in between these extremes (Table 3). Across the
low, moderate, and severe conditions, this hierarchy persisted, and the effect sizes between
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centre-backs and wingers were consistently medium across all four conditions (g = 0.59
to 0.72; Table 4). This is consistent with positional demands: wide players typically per-
form more high-speed running, repeated sprints, and sharp changes of direction which
accelerate fatigue, whereas centre-backs often cover lower high-speed distances and spend
more time in structured positional play [37–39]. This suggests that the model captures
position-specific profiles of tolerance to fatigue and that the four simulated thresholds
provide a consistent, position-sensitive description of how long players can be expected to
sustain increasing levels of fatigue.

Grouping players by overall playing time during the season revealed a graded pattern
in predicted minutes. At baseline, players with low seasonal exposure had the lowest pre-
dicted minutes (55.9 min), while medium- and high-playing-time groups showed slightly
higher values (59.0 and 59.8 min). In this case, the difference between low and medium
or high were statistically significant but small (g up to −0.35; Table 4). A similar pattern
was observed across the different simulated thresholds. These findings suggest that accu-
mulating greater match exposure—both in terms of total playing minutes and number of
matches throughout the season—may confer an advantage in coping with match demands.
Although starters and non-starters may be exposed to comparable weekly training load
volumes through different training strategies, match play provides a level of specificity that
cannot be fully replicated in training. Consequently, players who consistently participate
in matches appear better able to tolerate match-specific demands and delay the onset of the
critical fatigue threshold [40,41].

To further investigate the ecological validity of the approach, the influence of return-
to-play status was considered. At baseline, players in the early RTP category (≤15 days
since return) had markedly lower predicted minutes (46.4 min) than those in the mid-term
(55.1 min) and long-term (60.0 min) categories. The contrasts were associated with large
effects (g = −0.75 and −1.07). Effect size between early and long return-to-play remained
medium-to-large across all fatigue conditions (g = −0.60 to −0.99), indicating that players
soon after return are predicted to reach each fatigue level considerably earlier than those
further advanced in the return-to-play process. Overall, these results suggest that the
framework is sensitive to time since return-to-play: as weeks pass after the player’s return,
the expected minutes to baseline, low, moderate, and severe fatigue all shift to later in the
match. This is coherent with the idea that clearance to return is only the first step, and that
full competitive tolerance develops gradually with increasing exposure to training and
matches [42,43].

7. Practical Applications and Future Directions
From an applied perspective, the proposed framework offers several potential benefits:

(1) by linking complex monitoring data to an intuitive metric (the estimated minute at
which different fatigue thresholds are likely to be reached), the framework transforms
abstract indices into a language that resonates with coaches; (2) the approach could be used
to estimate how changes in cumulative load or progression through return-to-play might
shift expected fatigue-onset minutes as presented in Figure 3; (3) finally, the framework
encourages a cultural shift in monitoring practices, from retrospective description (“what
happened last week?”) to forward-looking, scenario-based reasoning (“under the current
load and fatigue context, what is likely to happen in the next match?”). This predictive
mindset is more aligned with the strategic nature of high-performance decision-making.
The current approach can be strengthened in the future by adopting advanced modelling
approaches, integrating additional indicators (e.g., subjective wellness scores), and linking
fatigue-related minutes with technical–tactical performance indicators.
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Figure 3. Estimated marginal means (EMM) and 95% confidence intervals of the outcome variable
across fatigue levels (baseline, low fatigue, moderate fatigue, severe fatigue) stratified by (a) season
period, (b) playing position, (c) overall playing time, and (d) return-to-play condition.

8. Methodological Considerations and Limitations
Different limitations need to be addressed in the current study: the FI and FA indices

are themselves outputs of underlying ML models built from HR and PL predictions. This
layered architecture may give rise to concerns about error propagation and interpretability.
However, the final Random Forest model was evaluated on a fully independent test season,
meaning that all upstream uncertainties were inherently integrated into the out-of-sample
performance metrics. Therefore, the reported MAE, RMSE and R2 already reflect the
combined effects of prediction error from the FI/FA models and the match-minute model
itself. In addition, the study was conducted in a single club and involved male professional
players only. Therefore, the external validity of the model to other contexts cannot be
assumed. Finally the model did not include contextual variables such as opponent quality,
match location, and other events (e.g., red cards), all of which can strongly influence both
substitution decisions and physical output, introducing exogenous sources of variability
that may add uncontrollable noise to the model and limit the interpretability of playing
time-related estimates.

9. Conclusions
This study proposed and evaluated a novel ML-based framework that combines

acute and chronic external load metrics with individualized fitness and fatigue indices to
address a very practical question in elite football: “how many minutes does the player
have in his legs?” By systematically manipulating z-FAmatch in a simulation framework, we
estimated the match minute at which players are expected to reach low, moderate or severe
fatigue. These predicted fatigue-related minutes behaved in ecologically coherent ways
across season period, playing position, overall playing time, and return-to-play status, with
small-to-large effect sizes.
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