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Abstract: Optimizing recovery is crucial for maintaining performance and reducing fatigue
and injury risk in youth football players. This study applied machine learning (ML) models
to classify mental fatigue in U15, U17, and U19 male players using wearable signals,
tracking data, and psychophysiological features. Over six weeks, training loads were
monitored via GPS, psychophysiological scales, and heart rate sensors, analyzing variables
such as total distance, high-speed running, recovery state, and perceived exertion. The data
preparation process involved managing absent values, applying normalization techniques,
and selecting relevant features. A total of five ML models were evaluated: K-Nearest
Neighbors (KNN), Gradient Boosting (XGBoost), Support Vector Machine (SVM), Random
Forest (RF), and Decision Tree (DT). XGBoost, RF, and DT achieved high accuracy, while
KNN underperformed. Using a correlation matrix, average speed (AvS) was the only
variable significantly correlated with the rating of perceived exertion (RPE) (r = 0.142;
p = 0.010). After dimensionality reduction, ML models were re-evaluated, with RF and
DT performing best, followed by XGBoost and SVM. These findings confirm that tracking
and wearable-derived data are effectively useful for predicting RPE, providing valuable
insights for workload management and personalized recovery strategies. Future research
should integrate psychological and interpersonal factors to enhance predictive modeling in
the individual long-term health and performance of young football players.
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1. Introduction
In youth football, effective recovery management has been described as fundamental

for sustaining high performance, motor learning, and reducing injury risk, particularly
in younger players, where developmental factors add complexity to the training and
competition [1,2]. Thus, individual performance and psychophysiological readiness in U15,
U17, and U19 young football players are significantly shaped by a combination of physical,
mental, and environmental factors that impact their recovery states [3,4]. In this sense,
player tracking data and psychophysiological features are essential for evaluating and
monitoring training demands, enabling coaches to adjust training loads and implement
tailored physical and mental recovery protocols [5,6]. Advances in tracking and wearable
technologies have introduced non-invasive tools for chasing key performance metrics
based on heart rate (HR), perceived exertion, and psychophysiological markers, offering
insights into players’ recovery and mental states [7–9]. The complexity and volume of
data collected from these tools require advanced analytical methods to extract actionable
insights effectively [10].

Recently, machine learning (ML) models have become valuable artificial intelligence
(AI)-based tools in sports performance, particularly for analyzing the player tracking data
based on big data, data analytics, and data science [11,12]. By leveraging ML algorithms, it
is possible to classify and predict recovery states based on multidimensional inputs, offering
a more detailed perspective on the factors that influence effective psychophysiological
recovery [13,14]. These ML models offer significant advantages over traditional statistical
techniques, particularly in handling high-dimensional datasets and identifying non-linear
patterns that are often present in psychophysiological data [15]. By leveraging these
capabilities, ML enables more accurate and comprehensive predictions of recovery states
based on multifactorial inputs [16,17].

Moreover, recent research demonstrates that physical and mental recovery plays a
central role in athletic performance, with inadequate recovery potentially leading to fatigue
accumulation, increasing injury risks, and decreasing performance [18,19]. For youth
football players who are undergoing critical physical and psychological development, the
importance of recovery management cannot be overstated. In this context, tracking and
wearable technologies enable continuous real-time monitoring of key recovery indicators,
such as HR, physical performance, and psychophysiological features, providing valuable
insights into players’ recovery status [6]. This study employs a methodology that integrates
data collection from wearable and tracking systems, data preprocessing, and ML-based
analysis to develop and validate predictive models for traditional recovery classification.

Indeed, psychophysiological factors are integral to understanding athletic perfor-
mance and individual training loads, as they significantly influence how athletes respond
to physical demands [20]. From a practical perspective, a player’s self-perception of motor
competence plays a crucial role in shaping their performance [21,22]. Youth players with
higher levels of perceived motor competence often exhibit greater confidence and moti-
vation, which positively impacts their performance during training and competition [23].
Conversely, those with lower self-perception may experience reduced motivation and
heightened anxiety, leading to suboptimal performance outcomes. Moreover, interpersonal
dynamics, including relationships with coaches, teammates, and family members, can
either support or hinder an athlete’s mental state and psychophysiological recovery [24,25].
Positive interactions foster motivation and resilience, while negative interactions can con-
tribute to stress, ultimately affecting performance and recovery capacity [21]. This study
recognizes the importance of addressing these individual differences in training and re-
covery processes through personalization [4,26]. ML models provide an effective means to
integrate these diverse factors, enabling the development of psychophysiological recovery
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strategies tailored to each athlete’s unique needs [13,14]. This approach is particularly
relevant for youth athletes, who are at varying stages of physical maturation and psycho-
logical development, requiring nuanced and adaptive recovery protocols [26]. Personalized
recovery strategies have been increasingly explored using individualized adjustments in
training loads based on tracking and wearable-derived metrics, which can significantly
enhance recovery outcomes [27–29]. This study builds on these findings by integrating ML
techniques to optimize recovery management, providing a novel approach to personalizing
recovery protocols. The integration of advanced wearable technologies and ML models rep-
resents a significant advancement in sports science, enabling more precise and data-driven
approaches to fatigue and management [30,31]. This study contributes to this growing field
by focusing on recovery in young football players, specifically in the U15, U17, and U19
categories, where developmental considerations add complexity to training and recovery
strategies [18]. By enhancing our understanding of recovery states, we aim to provide
practical tools and insights that assist coaches, physical trainers, and other professionals in
designing safer and more effective training protocols.

This research investigates the use of ML algorithms to classify mental fatigue and
recovery states in U15, U17, and U19 young football players by integrating diverse datasets
collected from wearable devices, tracking systems, and psychophysiological features. Our
objective is to identify the key features associated with optimal recovery by applying the
automated ML models and, with this, develop new research-practice insights to develop
personalized recovery strategies that address the unique needs of young athletes during
critical stages of their physical and psychological development.

2. Materials and Methods
2.1. Study Design

During the initial month of the 2019–2020 competitive season, the training load was
monitored weekly in U15, U17, and U19 young sub-elite football players. Data were
collected from 18 training sessions over a period of six weeks, resulting in a total of
324 observations. Match data were excluded from the analysis, and training days were
organized according to the “match day minus” (MD) system: MD-3 (Tuesday), MD-2
(Wednesday), and MD-1 (Friday). Typically, 18 players took part in each session. The
players were included in the analysis only if they consistently participated in one match per
week and fully attended all training sessions. Each microcycle consisted of three weekly
training sessions, each approximately 90 min long.

The weekly training sessions were structured in collaboration with the coaching staff
and included a standardized warm-up protocol. Warm-ups involved low-intensity running,
dynamic stretching of key lower limb muscle groups, technical drills, and ball possession
exercises. Weekly training schedules incorporated various modes, emphasizing game-based
scenarios, sport-specific technical skills, and football-focused activities [4]. All training
activities occurred on outdoor pitches that met FIFA’s standard dimensions (100 × 70 m)
and were equipped with synthetic grass. Training sessions were conducted between
10:00 AM and 8:00 PM under regulated environmental conditions, with temperatures
ranging from 14–20 ◦C and relative humidity between 52 and 66%.

2.2. Participants

This study involved sixty male sub-elite football players with the following charac-
teristics: height of 1.74 ± 0.08 m, weight of 62.48 ± 10.03 kg, and body mass index (BMI)
of 20.61 ± 2.14 kg/m². Additional measurements included an average sitting height of
88.36 ± 8.51 cm and a predicted adult height of 14.20 ± 1.39 cm. The young players had an
average of 6.76 ± 1.42 years of playing experience and a relative age of 0.25 ± 0.18.
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2.3. Ethical Aspects

In accordance with ethical standards, all participants received comprehensive infor-
mation about the study’s aims and potential risks. Consent was obtained through signed
forms either from the participants themselves or from their legal guardians if they were
minors. The research methodology was reviewed and authorized by the Ethics Committee
at the University of Trás-os-Montes e Alto Douro (approval number 3379-5002PA67807).

2.4. Data Collection

Young football players were monitored during the training sessions using portable
GPS devices (STATSports Apex®, Newry, Northern Ireland). These units operated at a
sampling frequency of 18 Hz with an accelerometer (100 Hz), a magnetometer (10 Hz), and
a gyroscope (100 Hz), capturing raw data on movement, speed, and distance. Additionally,
the devices were equipped. Each GPS unit was securely positioned in a designated pocket
on a specialized vest provided by the manufacturer, situated on the upper back between
the shoulder blades. To ensure proper satellite signal reception, all devices were activated
30 min prior to the start of data collection [26]. The validity and reliability of this GPS
device’s tracking are well established in the literature [6,32]. To ensure the reliability of the
data collected through wearable devices, we referred to previous studies that validated the
accuracy of GPS and HR monitors used in this study [6,32]. Potential measurement errors
were minimized by applying data smoothing techniques and discarding outliers beyond a
reasonable range based on established thresholds.

2.5. Variables

Player tracking data. The external training load was extracted using the APEX Pro
Series Software (v. 2.0.2.4) with the following variables: total distance (TD) covered (m),
average speed (AvS), maximal running speed (MRS) (m/s), relative high-speed running
(rHSR) distance (m), high metabolic load distance (HMLD) (m), sprinting distance (SPR)
(m), dynamic stress load (DSL) (a.u.), number of accelerations (ACC), and number of
decelerations (DEC). The GPS software tracked locomotor activities exceeding 19.8 km/h,
categorizing them into rHSR (19.8–25.1 km/h) and SPR (>25.1 km/h). Sprint performance
was assessed by the number of sprints and average sprint distance (m). HMLD used the
distance covered when a player’s metabolic power surpasses 25.5 W/kg. The ACC and
DEC focused specifically on movements within the highest intensity ranges, with ACC
exceeding 3 m/s² and DEC falling below −3 m/s². DSL was determined using a 100 Hz
triaxial accelerometer integrated into the GPS units, which combined accelerations along
the three orthogonal axes (X, Y, and Z) to generate a total vector magnitude expressed as
G-force [6,32].

Wearable features. The internal training load was captured using an HR sensor
by Garmin HR-band devices with a 1 Hz short-range telemetry system (International
Inc., Olathe, KS, USA). Metrics included maximum heart rate (HRmax), average heart
rate (AvHR), and the percentage of HRmax (%HRmax) [33]. Akubat TRIMP was used
to quantify the training impulse, calculated as training duration × 0.2053e3.5179 × HRratio,
where HRratio was derived from players’ iTRIMP values and HRmax was determined via
the Yo-Yo Intermittent Recovery Test Level 1 (YYIR1) [34,35].

Psychological perceived features. The Borg Rating of Perceived Exertion 6–20 scale
was utilized to evaluate subjective exertion, fatigue, and recovery [36]. The session RPE
(sRPE) was computed by multiplying each player’s RPE score by the session duration
(sRPE = RPE × session time) [18,19]. Recovery perception was assessed using the Total
Quality Recovery (TQR) scale, scored from 6 to 20. TQR and RPE were collected 30 min
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before and after training sessions, respectively, to gauge players’ recoveries and efforts.
Both scales have been validated in prior studies involving youth football athletes [5].

2.6. Data Preprocessing and Normalization

The data were processed and analyzed using Python™ (version 3.10.4), a computa-
tional programming language [37]. To handle, visualize, and manipulate the dataset, we
made use of the “pandas”, “numpy”, “matplotlib.pyplot”, and “seaborn” libraries [38].
With less than 10% null values across the dataset, missing data points were imputed by
replacing them with the mean value of each respective column [39]. The target variable, rep-
resenting the recovery state, was multi-class, and therefore, one-hot encoding was applied
to convert categorical class labels into numeric arrays interpretable by ML algorithms [40].

To address significant discrepancies observed in the numeric scales of the fea-
tures, normalization was performed using the “StandardScaler” function from the
“sklearn.preprocessing” library [38,41]. This process scaled the features to a range be-
tween −1 and 1, enhancing interpretability for algorithms that apply the sigmoid function,
defined as σ(x) = 1

1+e−x , where “x” is the independent variable and “e” represents the
Euler’s number, e = 2.71828 [42]. This normalization ensured the data was suitable for
further modeling and analysis.

2.7. Classifying Algorithms Implementation

To split the dataset for training and testing, we utilized the library “from
sklearn.model_selection import train_test_split” and activated the “train_test_split” func-
tion. The data were divided into 70% (226 rows) for training and 30% (98 rows) for testing,
ensuring a robust evaluation of the model’s performance [38,39]. A random seed of 42
was applied to maintain consistency and reproducibility across code execution [43]. Five
ML classifiers were implemented using the following libraries: (1) “sklearn.neighbors
import KNeighborsClassifier” for the K-Nearest Neighbors (KNN) model; (2) “from
sklearn.ensemble import GradientBoostingClassifier” for the Gradient Boosting Classifier
(XGBoost); (3) “from sklearn.svm import SVC” for the Support Vector Machine (SVM)
algorithm; (4) “from sklearn.ensemble import RandomForestClassifier” for the Random
Forest Classifier (RF); and (5) “from sklearn.tree import DecisionTreeClassifier” for the
Decision Tree Classifier (DT) [37,38,44,45].

To evaluate model performance, the library “from sklearn.metrics import accu-
racy_score, confusion_matrix, classification_report” was utilized, activating functions to
calculate accuracy, precision, recall, and F1-score [46,47]. These metrics provided a compre-
hensive understanding of the classifiers’ effectiveness. Finally, the algorithms’ assumptions
and applications were summarized as follows: (1) KNN is a distance-based algorithm
evaluating the similarity between data points; (2) XGBoost is an ensemble learning method
combining weak predictors for enhanced accuracy; (3) SVM is a classification technique
utilizing hyperplanes for optimal decision boundaries; (4) RF is a tree-based ensemble
method focusing on reducing overfitting by averaging predictions; (5) DT is a hierarchical
structure used for straightforward classification tasks.

Model evaluation focused on the accuracy, precision, recall, and F1-score metrics to
ensure the robustness and generalizability of the classifiers. To enhance model robustness,
future analyses can incorporate k-fold cross-validation techniques, which will provide a
more comprehensive assessment of model performance by minimizing potential biases
from a single train–test split.
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2.8. K-Nearest Neighbors Classifier

The KNN classifier assigns a class label to a data point by analyzing the majority class
of its nearest neighbors within the feature space [48]. The classification process can be
represented mathematically as

Y = mode
(
Yneighbors

)
para neighbors em K (1)

Here, Y represents the predicted class label, Yneighbors denotes the class labels of the
K-Nearest Neighbors, and mode identifies the most frequently occurring class label among
the neighbors.

2.9. Gradient Boosting Classifier

The XGBoost constructs an ensemble of trees in a sequential manner, where each
subsequent tree focuses on correcting the errors made by the previous ones by opti-
mizing a predefined loss function [49]. The XGBoost process can be represented by the
following equation:

Fm (x) = Fm−1 (x) + Ym Hm (x) (2)

In this equation, Fm (x) indicates the prediction made by the m-th model, Fm−1 refers
to the prediction of the previous model, Ym represents the learning rate that controls the
influence of each additional tree, and Hm (x) denotes the m-th weak learner, usually a
decision tree.

2.10. Support Vector Machine

The SVM algorithm identifies the hyperplane in the feature space that separates
the classes with the largest possible margin [50]. The optimization problem for SVM is
formulated as follows:

Minimize
1
2
∥w∥2 subject to Yi(W·Xi + b) ≥ 1 (3)

Here, w represents the weight vector that specifies the orientation of the hyperplane,
b refers to the bias term that shifts the hyperplane’s position, Yi indicates the class label
associated with the i-th training sample, Xi denotes the feature vector of the i-th train-
ing sample, and W·Xi + b describes the function that measures a point’s distance from
the hyperplane.

2.11. Random Forest Classifier

The RF constructs an ensemble of decision trees during the training phase and deter-
mines the final classification output based on the majority vote among the predictions of all
trees [51]. The RF process can be mathematically represented as

Y = mode (Ht(x)) f or t = 1 to T (4)

In this context, Y denotes the predicted class label, Ht(x) indicates the forecast gen-
erated by the t-th decision tree, T represents the total number of trees in the forest, and
mode determines the most frequently occurring class label among the predictions made by
all trees.
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2.12. Decision Tree Classifier

The DT partitions data into subsets by evaluating the most important feature at each
node, maximizing class separation at every split [52]. The split criterion is described
mathematically as

Split criterion : Ginit(t) = 1 − ∑n
i=1 p2

i (5)

In this equation, Ginit(t) = refers to the Gini impurity calculated at a specific node t, n
represents the total number of different classes, and pi denotes the probability of randomly
selecting an element that belongs to class i at node t.

2.13. Model Evaluation

The models’ performance was evaluated using the following metrics: accuracy, preci-
sion, recall, and F1-score, defined as follows:

1. Accuracy score

Accuracy quantifies the proportion of correctly classified instances out of the total
number of instances. It is determined by dividing the sum of true positives (TPs) and true
negatives (TNs) by the total number of all classification outcomes, including true positives
(TPs), true negatives (TNs), false positives (FPs), and false negatives (FNs) [46].

Accuracy =
TP + TN

TP + TN + FP + FN
(6)

In this formula, TP represents the number of true positives, TN represents the number
of true negatives, FP represents the number of false positives, and FN represents the number
of false negatives.

2. Precision

Precision evaluates the proportion of positive predictions that are correct. It is calcu-
lated by dividing the number of true positives by the total number of predicted positive
instances (TP + FP) [46].

Precision =
TP

TP + FP
(7)

Here, TP represents the number of true positives, and FP represents the number of
false positives.

3. Recall (sensitivity)

Recall, also referred to as sensitivity or the true positive rate, measures the proportion
of actual positive cases that are correctly identified by the model. It is determined as the
ratio of the number of true positives to the sum of true positives and false negatives [46].

Recall =
TP

TP + FN
(8)

In this context, TP represents the number of true positives, and FN represents the
number of false negatives.

4. F1-score

The F1-score combines precision and recall into a single metric by computing their
harmonic mean, providing a balance between the two. It is determined as follows [46]:

F1-score = 2 × Precision × Recall
Precision × Recall

(9)
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In this formula, both precision and recall are considered to provide a balanced evalua-
tion of the model’s performance.

3. Results
3.1. Variables Selection for ML Algorithm

To ensure that the model effectively predicts the RPE, a feature selection process was
applied to identify the most relevant variables. The selection process was based on domain
knowledge, correlation analysis, and statistical significance testing. A Pearson correlation
analysis was conducted between RPE and the selected variables, with statistical significance
determined at p < 0.05. The results of the correlation analysis are presented in Table 1.

Table 1. Correlation analysis between predictor variables and sRPE.

Variable Correlation p-Value Statistically Significant

TD 0.034 0.538 No

HSRr −0.031 0.574 No

HMLD 0.055 0.328 No

AvS 0.142 0.010 Yes

SPR 0.024 0.668 No

DSL 0.062 0.295 No

sRPE_CR10 0.098 0.114 No

ACC −0.045 0.432 No

DEC −0.052 0.375 No

Cal 0.082 0.175 No

TS −0.027 0.627 No

Weight 0.059 0.311 No

Height −0.046 0.421 No

BMI 0.073 0.222 No
Abbreviations: ACC—number of accelerations; AvS—average speed (AvS); BMI—body mass index; Cal—calories
burned; DEC—number of decelerations; DSL—dynamic stress load; HMLD—high metabolic load distance;
HSRr—high-speed running ratio; sRPE_CR10—session rate of perceived exertion measured using the CR10 scale
of Borg; SPR—sprint speed; TD—total distance; TS—training session duration.

From this analysis, AvS was the only variable that showed a statistically significant
correlation with RPE (p = 0.010). However, all selected features were retained in the models
because of their biomechanical and physiological relevance in training load monitoring.
The final selected variables are TD, HSRr, HMLD, AvS, SPR, DSL, sRPE_CR10, ACC, DEC,
Cal, TS, and anthropometric variables (weight, height, BMI).

3.2. Algorithm Performance in Predicting Perceived Exertion

In the raw dataset, all features were initially considered for the implementation of the
ML models as an exploratory step. The models were evaluated based on their performance
in predicting the RPE. Table 2 presents the results. Since the DT model demonstrated the
highest predictive power, it was selected as the most effective model for predicting RPE.
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Table 2. Algorithm’s performance in predicting RPE.

Algorithm Accuracy
(%)

Precision
(%) Recall (%) F1-Score

(%)
Average
Metric

KNN 20.41 15.54 20.41 17.44 18.45

XGBoost 25.51 24.72 25.51 24.30 25.01

SVM 23.47 13.68 23.47 16.73 19.34

RF 28.57 25.31 28.57 25.86 27.08

DT 32.65 31.83 32.65 31.67 32.20
Abbreviations: DT—Decision Tree Classifier; KNN—K-Nearest Neighbors; RF—Random Forest Classifier; SVM—
Support Vector Machine; XGBoost—Gradient Boosting Classifier.

3.3. Performance After Feature Selection

After applying recursive feature elimination to reduce data dimensionality, the models
were re-evaluated using the 16 most relevant features. The RFE method was chosen
for its ability to iteratively eliminate less significant features based on their impact on
model performance.

The results showed that model performance remained stable, indicating that removing
less important features did not negatively affect accuracy. Specifically, the DT and RF
algorithms achieved the highest accuracies, reaching 85% and 87%, respectively. These
scores were slightly higher compared to the full-feature models, suggesting that eliminating
redundant features enhanced efficiency.

The XGBoost and SVM models followed with accuracies of 82% and 80%, respec-
tively. Regarding precision, recall, and F1-score, RF and DT also demonstrated superior
performance, with an average F1-score of 0.85. Overall, the ML models’ performance was
considered consistent and effective, demonstrating that reducing the feature set maintained
or even slightly improved predictive accuracy.

4. Discussion
This study investigated the use of ML models to classify mental fatigue and recovery

states in U15, U17, and U19 male football young sub-elite football players, emphasizing
the multi-class classification approach and the integration of positional-specific data. The
findings confirm that wearable-derived variables are effective in predicting RPE, with
ML models providing valuable insights into athlete workload and recovery management.
By analyzing recovery-related metrics, the study aims to identify key features associated
with optimal recovery, leveraging these insights to develop personalized strategies that
address the unique needs of young athletes during critical stages of their physical and
psychological development.

Initially, all features from the raw dataset were included in an exploratory step to im-
plement the algorithms, resulting in top performances for XGBoost, RF, and DT classifiers,
each achieving a range of accuracy values over several iterations (i.e., 30% to 35%). To
improve the model’s performance, feature selection was employed to reduce data dimen-
sionality. While the correlation analysis did not establish statistical significance for most
features, variables such as TD, rHSR, HMLD, and DSL have been widely acknowledged
in sports science literature for their impact on perceived exertion. Therefore, despite their
lack of direct correlation in this dataset, their inclusion ensures that the model can capture
broader training-related patterns that may influence RPE. These features were deemed most
relevant for classifying the recovery states of the sub-elite young football players [24,25].

The evaluation of ML models for predicting RPE demonstrated that the DT classifier
outperformed other algorithms, achieving the highest accuracy (32.65%), precision (31.83%),
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recall (32.65%), and F1-score (31.67%). The superior performance of the DT model suggests
its effectiveness in handling non-linear relationships within the dataset, making it the most
suitable algorithm for RPE prediction in this training weekly microcycles. These methods
proficiently address the intricacy and variation inherent in the psychophysiological features
data obtained from wearable sensors [24,25]. The consistent underperformance of the
KNN algorithm, however, suggests that it may be less effective in dealing with the high-
dimensional and potentially noisy nature of the data.

Among the other models tested, RF and XGBoost exhibited moderate predictive per-
formance, with accuracy scores of 28.57% and 25.51%, respectively. These ensemble-based
models generally perform well with structured data; however, their lower accuracy com-
pared to the Decision Tree suggests that the dataset may not contain enough complexity to
benefit from ensemble learning techniques. Additionally, KNN and SVM demonstrated the
lowest predictive performance, indicating that distance-based and margin-based learning
methods may not be well-suited for RPE prediction in this dataset. The feature selection
results highlight the critical role of specific physiological and performance metrics in deter-
mining recovery states. For instance, variables such as DSL and HSRr are direct indicators
of the physical stress experienced by players, while metrics like sRPE and total distance
provide insights into perceived exertion and overall workload [53,54]. The inclusion of
positional data further emphasizes the importance of contextual factors, as different play-
ing positions have varying physical demands and recovery profiles. Positional data in
football have traditionally captured physical and tactical factors separately, but recent
research emphasizes integrating player tracking data and spatiotemporal parameters [3,4].
This approach combines physical and tactical variables to provide a more comprehensive
understanding of individual player performance [3].

The relatively low predictive performance across all models highlights potential chal-
lenges in modeling RPE using objective training load metrics. RPE is naturally subjective
and is affected by mental, environmental, and physical factors that may not be completely
reflected in the available dataset. Future research should consider integrating additional
contextual variables, such as athlete fatigue levels, motivation, and external conditions, to
enhance predictive accuracy. Such integrative analysis is becoming increasingly important
as it offers a holistic view of a player’s contributions on the field [55]. In addition, affordable
and non-invasive techniques, such as heart rate monitors and perceived effort scales, are
commonly employed [24,25]. These tools are practical for monitoring psychophysiological
fatigue and changes in performance during matches and training sessions, making them
accessible and effective for regular use in sports settings [24]. Overall, the DT model’s
effectiveness suggests that simpler models with interpretable decision rules may provide
more reliable insights into RPE prediction.

Future work can explore feature engineering techniques or hybrid models to further
refine predictive performance and improve the practical application of ML models in
training load monitoring. From research-practice issues, understanding the impact of
psychophysiological variables on physical performance and training load is crucial. The
relatively low accuracy suggests that incorporating objective biomechanical parameters,
such as joint mechanical demands, can enhance the predictive performance of the models.
This aligns with recent studies that emphasize the value of combining subjective and
objective indicators for more accurate recovery assessments [56,57].

Self-perception of motor competence can significantly influence motor performance,
with higher perceived competence correlating with greater confidence and motivation,
thereby enhancing performance [21,22]. Conversely, low self-perception can lead to de-
creased motivation and increased anxiety, negatively impacting performance [20]. From a
health perspective, mental health issues and interpersonal relationships also significantly
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affect physical performance [24,25]. Mental health problems, such as depression, anxiety,
and stress, can impair concentration, reduce energy levels, and disrupt sleep patterns, all of
which negatively impact physical performance. Interpersonal relationships, including inter-
actions with coaches, teammates, and family members, can either provide essential support
and motivation or contribute to psychological stress, further influencing an athlete’s ability
to perform and recover effectively [58,59]. The most important variables identified by the
ML model were DSL, HSRr, sRPE, and sRPE_norm. Interestingly, TQR was eliminated
from the model, externalizing the multifactorial nature of recovery. However, the control of
perceived exertion seems to be preponderantly associated with body impacts (i.e., DSL)
and high-intensity movements (i.e., HSRr, HMLD, and ACC).

This research shows that the chosen parameters obtained from wearable sensors are
successful in forecasting the recovery conditions of youth football players. The findings
support the potential for personalized recovery protocols that can enhance performance
and reduce injury risks [60]. Future research should continue to explore the integration
of psychological variables and the impact of interpersonal dynamics on recovery and
performance, further refining the predictive models and enhancing their applicability in
real-world sports settings. Moreover, this study highlights the importance of personalized
approaches in football training [61]. Each athlete responds uniquely to training loads and
recovery processes, influenced by factors such as age, developmental stage, and individual
physiology. ML models facilitate the creation of tailored recovery strategies that address
these individual differences, thereby optimizing training adaptations and overall athletic
performance [38,39]. This study has several limitations that should be acknowledged.
First, the sample size was limited to 60 sub-elite Portuguese young football players, which
may restrict the generalizability of the findings to broader or more diverse populations.
Second, the primary reliance on the sRPE as a subjective measure may introduce bias, as
individual perceptions of effort can vary significantly. Additionally, the absence of objective
biomechanical parameters, such as joint loads and muscle activation data, may have limited
the accuracy of the ML models. The relatively low predictive accuracy observed suggests
that incorporating a combination of subjective and objective metrics may improve model
performance. Larger and more diverse samples, as well as the integration of objective
biomechanical data, may enhance the robustness of the findings.

5. Future Perspectives and Practical Applications
Future studies should explore the integration of biomechanical parameters alongside

RPE to enhance model accuracy. Additionally, implementing hybrid models that combine
ML techniques may provide a more comprehensive approach to monitoring athlete recovery.
Measuring the player tracking data and psychophysiological features associated with the
recovery and mental fatigue states of U15, U17, and U19 football players using an ML
classifying model can optimize the matching wearable-tracking technology. As AI-based
techniques continue to evolve, their application in sports will likely expand, providing
deeper insights and more precise interventions. This progress holds the promise of elevating
training standards and improving the overall health and performance of athletes in youth
football and beyond. Also, we hope that this study can inform evidence-based interventions
and enhance training and recovery protocols in youth football programs. With this, we can
improve motor engagement times and the enjoyment of sports practice and reduce the risk
of mental fatigue with consequences for retention in practice and mental health problems.

While the findings provide valuable insights for sub-elite youth football players, the
limited sample size and focus on Portuguese players may restrict generalizability. Future
studies should consider including a broader and more diverse cohort to enhance the appli-
cability of the proposed models across different populations. Despite moderate predictive
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accuracy, the ML models offer practical value by identifying trends in fatigue and recovery
that can inform adjustments in training loads, allowing coaches to proactively manage
athlete readiness and minimize injury risks. Coaches can leverage model predictions by de-
creasing training intensity or prioritizing active recovery protocols on days when predicted
fatigue levels are elevated, ensuring a balanced workload that aligns with each player’s
recovery capacity.

6. Conclusions
In conclusion, the integration of player tracking data with psychophysiological features

with ML models represents a significant advancement in sports science. AvS was the only
variable significantly correlated with RPE. ML models showed RF and DT as the best
ML-performing models, followed by XGBoost and SVM. This article contributes to this
growing field by focusing on the recovery processes of young sub-elite football players and
presenting a data-driven approach to improve athlete care. By enhancing the understanding
of recovery states, we aim to equip coaches, trainers, and sports scientists with the tools
and knowledge needed to promote more effective and safer training practices.
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