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Abstract: Maturation is a key factor in sports participation and often determines the young athletes’
characterization as a talent. However, there is no evidence of practical models for understanding
the factors that discriminate children according to maturity. Hence, this study aims to deepen the
understanding of the factors that affect maturity in 11-year-old Team Sports Athletes by utilizing
explainable artificial intelligence (XAI) models. We utilized three established machine learning (ML)
classifiers and applied the Sequential Forward Feature Selection (SFFS) algorithm to each. In this
binary classification task, the logistic regression (LR) classifier achieved a top accuracy of 96.67%
using the seven most informative factors (Sitting Height, Father’s Height, Body Fat, Weight, Height,
Left and Right-Hand Grip Strength). The SHapley Additive exPlanations (SHAP) model was instru-
mental in identifying the contribution of each factor, offering key insights into variable importance.
Independent sample t-tests on these selected factors confirmed their significance in distinguishing
between the two classes. By providing detailed and personalized insights into child development,
this integration has the potential to enhance the effectiveness of maturation prediction significantly.
These advancements could lead to a transformative approach in young athletes” pediatric growth
analysis, fostering better sports performance and developmental outcomes for children.

Keywords: children; peak height velocity; classification; feature selection; interpretation

1. Introduction

Maturation, the process of becoming an adult, involves significant changes in body
size, composition, and physical attributes, especially during childhood and puberty [1].
Youth athletes are categorized into annual age groups to minimize possible developmental
differences and create fair competition conditions. However, in that way, there is a greater
possibility for athletes of higher biological age to be considered talented since they gain
a temporary performance advantage [2]. It is well documented that as players mature,
they improve their performance, and for athletes that train and compete in the same
chronological category, the potential mismatch will be increased [3,4]. These findings
highlight the importance of reconsidering and establishing more specific and accurate
factors that identify talent selection.

One crucial aspect of maturation is Peak Height Velocity (PHV), which refers to
the period of maximum growth rate in stature. During PHYV, girls typically experience
height increases of about 8-9 cm per year, while boys see increases of about 10-11 cm
per year [5]. This peak growth period occurs at different chronological ages for boys and
girls—between 9 and 13 years for girls and 12-16 years for boys [6]. Notably, a few months
before and during PHYV, there is a rapid elongation of the arms and legs compared to the
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trunk [7], along with increases in body weight [8] and muscle mass. Furthermore, it is
important to account for the fact that body segments grow at different rates and times.
For example, the lower limbs experience accelerated growth earlier in life compared to
the trunk. Specifically, the growth spurt for lower body dimensions occurs before PHYV,
while for the upper body, it happens after the PHV period [9]. Considering these variations,
sitting height and leg length have been established as two key indicators of maturation,
individually and in proportion [9,10]. Additionally, body mass increases significantly
shortly after the growth spurt in height, presenting another benchmark of maturation.
However, body mass is often considered in terms of body composition (fat-free mass and
fat mass). An adolescent spurt tends to occur in fat-free mass, while fat mass increases more
gradually [11]. Adolescents post-PHV exhibit greater muscle power, speed, and aerobic
capacity compared to those in the pre-PHV and circa-PHYV stages [5]. However, negative
effects may also occur alongside the positive outcomes of the adolescent growth spurt. This
phenomenon, referred to as ‘adolescent awkwardness’, describes a temporary decrease in
motor control and, ultimately, in performance, due to the accelerated growth of limbs [12].
During puberty, this condition may increase the risk of injury, emphasizing the importance
of timely assessment of maturity status [13].

In addition to physiological factors, other elements such as nutrition, genetics, hor-
mones, and environmental cues can influence the maturation process and trigger various
physical and functional changes in the body [14,15]. Along with these factors, physical ac-
tivity plays a critical role in young athletes” growth, development, and health, as it enhances
morphology, physiology, and functional parameters [16]. Throughout childhood and ado-
lescence, the extent of these changes is directly influenced by the interaction between
maturation and training exposure. As a result, an athlete’s response to training load will
vary according to the development of body systems, including sexual characteristics [17].

Assessing the tempo and timing of maturity, rather than relying solely on chronological
age, is essential for determining an individual’s maturity status [18]. Due to the significant
variability in maturity among children and adolescents of the same chronological age, more
precise methods are needed to classify individuals as early or late maturers [1,19]. Several well-
established methods are used to assess child growth, including skeletal age, stage of puberty,
testicular volume, age at menarche [6], dental age [18], and predicted adult height [20].

One of the most practical and reliable methods is the predicted maturity offset, which
estimates the time before or after PHV and the age at PHV. These models are based on sex-
specific equations that require measurements of chronological age, height, weight, sitting
height, and leg length [21]. Mixed-longitudinal studies have provided deeper insights
into growth milestones, constructing height velocity charts and identifying critical growth
phases such as the onset of the adolescent growth spurt and PHV. This detailed analysis
aids in understanding growth dynamics and guiding interventions to support healthy
development in children [22].

In addition to the aforementioned points, recent advancements in artificial intelligence
(AI) have significantly impacted the prediction and analysis of maturation. Al techniques
are increasingly being used to predict adult height and assess growth patterns based on
early childhood data. For instance, Shmoish et al. [23] utilized machine learning (ML)
models, including random forest regressors, to predict adult height from early height and
weight data. Their approach achieved high prediction accuracy by incorporating features
such as sex and early childhood growth measurements. Additionally, a study by Zhang
et al. [24] highlighted the clinical application of Al in longitudinal image analysis of bone
age among Growth Hormone Deficiency (GHD) patients, showcasing how Al can aid
in more precise and individualized growth predictions. These advancements highlight
the potential of Al in revolutionizing pediatric growth analysis, providing precise and
individualized predictions that can enhance both health outcomes and maturation.

Despite the significance of age at PHV and its implications for adolescent growth, there
is a notable gap in understanding the specific factors that differentiate between children
who fall below and above the median predicted age at PHV by using Al Traditional
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predictive models often lack the precision to identify these key differentiators due to the
high variability among individuals. While limited studies have employed Al for growth
predictions, the focus on explainable Al techniques to distinguish between these two groups
is unexplored. The present study employs explainable Al (XAI) to identify key factors
that differentiate children with predicted age at PHV below the median from those above
the median. One of the main shortcomings of conventional methods is that they often
operate as ‘black boxes’, offering limited insights into the relative importance of growth
parameters. This creates a need for more interpretable models that can guide targeted
interventions. XAl adds new value by providing clear, interpretable predictions, allowing
for a deeper understanding of how various growth factors contribute to maturation. Unlike
traditional models, XAl offers transparency, making it possible to identify and differentiate
key predictors with greater accuracy and clarity [25-28]. This methodology allows for
more accurate, interpretable, and actionable insights into the growth dynamics during the
pre-adolescent period, facilitating better-targeted interventions.

Hence, our study aims to confirm whether XAl can significantly enhance predictions
of age at PHV in pre-adolescent athletes by identifying the most important growth factors.
Specifically, we aim to answer the following research questions: (i) What are the most
significant predictors that differentiate children with predicted age at PHV < median
from those with PHV > median? (ii) How can explainable machine learning models
improve our understanding of these predictors? (iii) How can this information support
pediatricians, coaches, and parents in monitoring and intervening in athlete development?
These advancements underscore the potential of XAl to revolutionize pediatric growth
analysis, providing precise and individualized predictions that can enhance both health
outcomes and sports performance.

2. Materials and Methods
2.1. Study Design

All measurements were conducted at the Laboratory of Physical Education and Sport
within the School of Physical Education and Sport Science at Democritus University of
Thrace. Each participant was assessed during a single visit, ensuring consistency by per-
forming all evaluations at the same time of day. The assessments included anthropometric
measurements, body composition, and upper and lower limb strength and power evalua-
tions. The anthropometric data collected comprised standing and sitting heights, estimated
leg length, and body weight. These measurements were used to calculate Peak Height
Velocity (PHV) using the equation developed by Mirwald et al. [18]. Specifically, by calcu-
lating the median of the Mirwald score for our sample, we divided it into children with
predicted age at PHV < median and children with predicted age at PHV > median.

Additional anthropometric parameters included body mass index (BMI) and body
composition metrics such as body fat percentage, body fat mass (kg), and lean mass (kg). To
evaluate physical performance, two specific tests were employed, isometric handgrip strength
and countermovement jump height. These tests were chosen for their relevance in assessing
upper and lower limb strength, respectively. All measurements and tests were administered
by experienced personnel to ensure accuracy and reliability. Prior to participation, parents or
legal guardians received comprehensive information about the study, both verbally and in
writing. Written informed consent was obtained from each participant’s parent or guardian.
The study received ethical approval from the Research Ethics Committee of Democritus
University of Thrace, under reference number DUTH/EHDE /36699 /257-25 February 2022.

2.2. Participants

The study sample consisted of 93 male youth athletes engaged in soccer, basketball, and
volleyball. Each participant had a minimum of two years of training experience, practiced at
least three times per week, and had remained injury-free for the preceding six months. These
athletes, who were 6th-grade students during the 2023-2024 season, also competed in U12
and U13 teams in regional championships. Tables 1-3 present the subjects’ characteristics.
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Table 1. Anthropometric characteristics.
Variable Mean Value Standard Deviation
Chronological Age (y) 11.71 0.34
Height (cm) 154.61 8.34
Father’s Height (cm) 179.55 6.34
Mother’s Height (cm) 167 5.16
Sitting Height (cm) 78.38 4.58
Leg Length (cm) 76.22 443
Weight (kg) 46.87 10.5
Age at Peak Height Velocity (Mirwald) -1.75 0.61
Table 2. Body composition.
Variable Mean Value Standard Deviation
Body Mass Index 19.47 3.24
Body Fat (%) 23.33 8.47
Body Fat (kg) 11.46 591
Lean Mass (kg) 33.6 8.09
Table 3. Performance tests.
Variable Mean Value Standard Deviation
Handgrip Strength—Right Hand (n) 21.2 41
Handgrip Strength—Left Hand (n) 20.4 4.1
Countermovement Jump (cm) 21.2 4.5
Countermovement Jump—With Arm Swing (cm) 24.8 4.6

2.3. Procedures
2.3.1. Anthropometric Measurements

Participants” and their parents’ standing heights, as well as sitting heights for partici-
pants, were measured by experienced researchers in the field of pediatrics and exercise to
the nearest mm two times, and average values were recorded [29]. Lower limb length was
derived by subtracting sitting height from standing height. Weight was measured using a
Seca weight scale, with participants barefoot, to the nearest 0.1 kg [4]. Anthropometric mea-
surements were performed according to Mirwald et al. [18]. Body Mass Index (BMI) was
calculated using the formula BMI = weight (kg) /height? (m). Body composition, including
body fat mass and lean mass, was assessed using a Charder MA801 body composition
analyzer from Taiwan. Chronological age was determined by subtracting the date of birth
from the measurement date.

2.3.2. Upper Limb Strength Assessment

Isometric upper limb strength was assessed with a Charder MG 4800 medical handgrip
dynamometer. The test was performed while the participant was seated, with the shoulder
of the tested arm fully adducted and touching the side of the trunk, the elbow flexed at
90 degrees, and the forearm and wrist in a neutral position [30]. Each participant completed
a warm-up trial followed by two maximal effort trials, with the best result recorded.

2.3.3. Lower Limb Power Assessment

Lower limb power was evaluated using countermovement jumps (CM]) both without
and with arm swing (CM]Jas) on a Swift Performance EZE JUMP contact time jumping mat.
Before testing, participants underwent a standardized warm-up, including five minutes
of low-intensity running and dynamic stretching, followed by three sub-maximal jumps.
For the CM] without arm swing, participants placed their hands on their hips, performed
a squat, and then executed a maximal jump [31]. For the CM]Jas, participants began with
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elbows flexed at 90 degrees, positioned in front of the body, and moved their arms at maxi-
mum speed during the jump [32]. The best result from two maximal trials was recorded.

2.4. Outcome Variable

The dependent variable, Age at Peak Height Velocity (PHV), was calculated using
equations from Mirwald et al. [18], which predict the time (in years) that an athlete is from
reaching their PHV.

Maturity offset = —9.236 + (0.0002708 x leg length X sitting height) — (0.001663 x age x
leg length) + (0.007216 x age X sitting height) + (0.02292 x (weight/height) x 100)

By employing these standardized measurements and assessments (14 predictors), we
aim to accurately identify the key factors that differentiate between groups with PHV below
and above the median, enhancing our understanding of growth patterns at age 11.

2.5. Machine Learning Workflow

Power Analysis. A power analysis indicated that a total sample size of 88 participants
(44 per group) would be necessary to achieve at least 80% sensitivity and specificity, with a
margin of error of 0.10 [33]. Given that we have at least 46 participants in each group, our
sample size meets this requirement, ensuring sufficient statistical power for the analysis.

Data Preprocessing. In this study, the issue of missing data, confined to continuous
variables and constituting no more than 5.5% of the dataset, was addressed by using the
mean strategy. To ensure consistency across all phases, the normalization of data was
carried out using StandardScaler library, which standardizes features by eliminating the
meaning and scaling them to have unit variance. This preprocessing step was crucial
during both the feature selection (FS) phase and the ML model training phase.

Feature Selection. For FS, we utilized Sequential Forward Feature Selection (SFFS)
combined with 10-fold Stratified Cross-Validation. SFFS is a powerful ML technique that
iteratively builds a feature subset by adding one feature at a time, with each iteration
selecting the feature that optimally enhances the model’s performance. The use of stratified
cross-validation ensures balanced class distributions, which is particularly important for
imbalanced datasets. The SFFS approach offers several advantages, as follows: it improves
predictive accuracy while maintaining robustness, identifies the most relevant variables
step-by-step, potentially reducing model complexity and overfitting, and tailors the se-
lected feature subset to the specific problem at hand, enhancing model generalization
and interpretability.

ML Learning Process. In our binary classification task, we employed three advanced
ML algorithms, Random Forest (RF), Logistic Regression (LK), and Neural Networks (NNs).
This multi-algorithmic approach was chosen for several reasons. It allows us to assess
the robustness of our models by comparing results across different algorithms, mitigates
algorithmic biases inherent to any single method, and provides insights into the sensitivity
of the task to different features. Given the absence of a gold standard for selecting the
best ML algorithm for this task, employing multiple algorithms enhances the credibility
and generalizability of our findings. The FS process was conducted separately for each
classifier to account for their unique interactions with the features’ predictive power. To
ensure robust model performance and minimize overfitting, we implemented a 10-fold
stratified cross-validation strategy. Furthermore, hyperparameter tuning was performed
through 10-fold stratified cross-validation within the training set to fine-tune the models for
optimal configurations. This thorough approach enabled us to extract meaningful insights
and achieve high predictive accuracy in our complex task, demonstrating the versatility
and adaptability of these ML techniques.

Performance Metrics. To rigorously assess the testing performance of our ML models,
we employed a comprehensive suite of metrics such as the accuracy, which represents the
proportion of true results (both true positives and true negatives) among the total cases
examined; the precision, which is calculated as the proportion of true positive identifications
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out of all positive identifications made by the model, reflecting the reliability of positive
predictions; the recall (Sensitivity), measuring the model’s capability to identify all relevant
instances, indicated by the proportion of actual positives correctly identified; the F1-score,
which provides a harmonic mean of precision and recall, offering a single metric that
considers both aspects of performance; the area under the receiver operating characteristic
(roc) curve, which demonstrates the degree or measure of separability of the classes, and
the mean normalized confusion matrix, which provides us the distribution of error within
the classes.

ML Model Explainability. To interpret the model’s output and understand the contri-
bution of each feature, we employed the SHapley Additive exPlanations (SHAP) model.
SHAP values provide a unified measure of feature importance by attributing the prediction
made by the model to individual features. This model is based on Game Theory and
enhances our understanding of the intricate relationships within the data, revealing how
different features influence the likelihood of outcomes.

All code for ML model development, training, and evaluation was written in Python,
with the Scikit-learn library (https://scikit-learn.org/, accessed on 30 July 2024) serving as
the primary tool for implementing ML algorithms and techniques.

2.6. Statistical Analysis

The statistical analysis was conducted using the IBM SPSS statistical package, version 29.
Descriptive statistics were calculated to summarize the data. The Kolmogorov-Smirnov
test was applied to assess the normality of the chronological age, BMI and age at PHV
based on Mirwald and the employed selected variables based on the SFFS FS algorithm.
All the employed variables present normal distributions. To compare the differences in the
continuous predictors between groups ‘predicted age at PHV < median’ and ‘predicted
age at PHV > median’, an independent sample -test was utilized. In order to estimate the
effect size, Cohen’s d was also calculated.

3. Results
3.1. Descriptive Statistics

Table 4 presents the descriptive statistics of the subjects, categorized based on whether
their predicted age at peak height velocity (PHV) is below or above the median (—1.7665).
This median value represents the midpoint of the sample, dividing the participants into
two groups for comparison purposes. For subjects with predicted age at PHV < median
(n = 47), the mean chronological age was 11.68 years (SD = 0.29), and the mean body mass
index (BMI) was 18.30 (SD = 2.66). The mean age at PHV Mirwald value for this group was
—2.24 (SD = 0.34). In contrast, subjects with predicting age at PHV > median (n = 46) had a
mean chronological age of 11.89 years (SD = 0.25), a mean BMI of 20.68 (SD = 3.37), and a
mean age at PHV Mirwald value of —1.26 (SD = 0.41).

Table 4. Descriptive statistics of the employed subjects (mean + SD).

Predicted Age at Predicted Age at . p
PHV < Median (n = 47) PHV > Median (n = 46) Sig. (p-Value) Cohen’s d
Chronological Age 11.68 £ 0.29 11.71 £ 0.34 0.17 0.34
BMI 18.30 + 2.66 20.68 £ 3.37 <0.001 3.03
PHV Based on Mirwald —2.24+0.34 —1.26 £ 041 <0.001 0.37

3.2. Testing Performance

Table 5 presents a summary of the testing performance metrics in this binary task,
including the averaged accuracy, recall, precision, F1-score and area under the ROC curve
for the employed ML classifiers. The aforementioned metrics were derived by individually
applying the employed FS algorithm to each ML classifier. The LR classifier demonstrated
the best performance compared to the others, achieving an accuracy of 96.67%, a recall of
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98.00%, a precision of 96.33%, an F1-score of 97.09% and an area under the ROC curve of
99.00%. On the other hand, the RF classifier exhibited the lowest performance metrics, with
an accuracy of 94.44% and an area under the ROC curve of 96.25%.

Table 5. Testing performance of the employed ML classifiers.

Classifiers  Accuracy (%)

Recall (%) Precision (%)  F1-Score (%) ROC AUC (%) Num. of Selected Features

RF 94.44 93.50 95.83 94.33 96.25 2
LR 96.67 98.00 96.33 97.09 99.00 7
NN 96.67 95.50 98.33 96.55 98.00 5

Average Confusion Matrix

Class 0

True label

Class 1

Figure 1 depicts the normalized confusion matrixes of the employed classifiers. Specif-
ically, the LR classifier achieved 0.98 sensitivity and 0.95 specificity in this binary task.
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Figure 1. Confusion matrixes for the employed ML classifiers: (a) RF, (b) LR and (c) NN classifier.
3.3. Feature Selection

Table 6 displays the most informative factors that were identified for the binary
classification task of distinguishing children with predicted age at PHV < median from
children with predicting age at PHV > median for the top-performing LR classifier.
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Table 6. The most informative factors are based on the SFFS FS technique for the LR classifier.

Feature Type of Variable
Sitting Height (cm) Numeric
Father’s Height (cm) Numeric
Body Fat (kg) Numeric
Weight (kg) Numeric
Height (cm) Numeric
HGS (L) Numeric
HGS (R) Numeric

3.4. Interpretation

To interpret the model output of the best-performing ML classifier (LR model) and
understand the contribution of each factor, the SHAP model was used. SHAP values
provide a unified measure of feature importance by attributing the prediction made by the
model to individual features. Figure 2a,b illustrate the SHAP analysis results. Figure 2a
shows the mean SHAP value for each feature, which represents the average impact on
the model output magnitude for both classes (PHV < median and PHV > median class).
This figure highlights that ‘Sitting Height (cm)” and “Weight (kg)” are the most influential
features, followed by ‘Height (cm)’, ‘Body Fat (kg)’, 'HGS (R)’, 'HGS (L)', and ‘Father’s
Height (cm)’. These features exhibit the highest SHAP values, indicating their significant
contribution to the model’s predictions.

High

SHAP value (impact on model output)

Figure 2. SHAP analysis for binary classification task using LR model. This figure presents the
LR classifier model’s output, (a) the mean SHAP values for feature importance and (b) the SHAP
summary plot for feature impact.

Figure 2b provides a detailed scatter plot of SHAP values for individual predictions.
Each dot represents a sample, and the color indicates the feature value (with red repre-
senting high values and blue representing low values). The horizontal axis shows the
SHAP value, depicting the impact on the model output. This figure further emphasizes
the importance of ‘Sitting Height (cm)” and “Weight (kg)’ as the features with the most
substantial impact on the model output across different samples. Additionally, it shows
the distribution of SHAP values, indicating how changes in feature values influence the
predictions. For ‘Sitting Height (cm)’, higher values (indicated by red dots) push the model
towards predicting PHV > median class, as evidenced by positive SHAP values. This
suggests that individuals with greater sitting height are more likely to be classified into
PHYV > median class. Similarly, ‘Weight (kg)” and ‘Height (cm)” follow the same pattern,
with higher weights and heights (also shown in red) driving the predictions towards
PHYV > median class. The SHAP values for ‘Weight (kg)” and ‘Height’ show a positive
correlation with the model output for the PHV > median class, meaning that as weight
and height increase, the likelihood of being classified into the PHV > median class also
increases. ‘Body Fat (kg)” also contributes significantly to the model’s prediction. Higher
‘Body Fat (kg)’ (red dots) results in negative SHAP values, indicating a higher probability
of being classified as PHV < median class. The feature "HGS (L)’, while still impactful,
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shows a less pronounced but similar trend, where greater heights push the model towards
PHYV > median class, and the feature ‘"HGS (R)’ shows a less pronounced but similar trend
where greater heights push the model towards PHV < median class. Finally, the feature
‘Father’s Height (cm)” presents a neutral contribution.

To summarize, the positive SHAP values for these features (Sitting Height (cm),
Weight (kg), Height (cm) and Body Fat (kg)) indicate their strong influence in favoring
PHYV > median class predictions. The clustering of red dots (high feature values) on the pos-
itive side of the SHAP value axis underscores how higher measurements in these features
consistently lead to a higher likelihood of the model predicting PHV > median class.

3.5. Statistical Analysis

Table 7 depicts the results of the independent ¢-test statistical analysis of the most
informative factors selected. Specifically, the results indicate significant differences be-
tween participants with predicted age at peak height velocity (PHV) less than or equal
to the median and those with predicted age at PHV greater than the median in several
anthropometric and physical characteristics. Specifically, participants with predicted age
at PHV > median exhibited higher sitting height (81.87 & 3.07 cm vs. 74.98 £ 2.97 cm,
p <0.001, d = 3.02), father’s height (181.08 &+ 6.36 cm vs. 178.05 £ 5.72 cm, p < 0.05,
d = 6.05), height (160.68 + 5.71 cm vs. 148.67 + 5.88 cm, p < 0.001, d = 5.79), body fat
(13.47 £ 6.27 kg vs. 9.50 £ 4.86 kg, p < 0.001, d = 5.60), and weight (53.44 £ 9.47 kg vs.
40.45 £ 6.89 kg, p < 0.001, d = 8.27). Additionally, handgrip strength was significantly
greater in the predicted age at PHV > median group for both the left hand (22.11 +4.14 N
vs. 18.78 £3.45N, p < 0.001, d = 3.81) and the right hand (23.04 £ 3.98 N vs. 19.57 + 3.57 N,
p <0.001, d =3.78).

Table 7. Results of the statistical analysis.

Predicted Age at PHV < Median  Predicted Age at PHV > Median Sig.

(Mean + SD) (Mean + SD) (p-Value) Cohen’s d
Sitting Height (cm) 74.98 £+ 2.97 81.87 + 3.07 <0.001 3.02
Father’s Height (cm) 178.05 £5.72 181.08 £ 6.36 <0.05 6.05
Height (cm) 148.67 +5.88 160.68 +5.71 <0.001 5.79
Body Fat (kg) 9.50 + 4.86 13.47 £ 6.27 <0.001 5.60
Weight (kg) 40.45 £ 6.89 53.44 +9.47 <0.001 8.27
HGS_L (N) 18.78 4 3.45 2211+ 4.14 <0.001 3.81
HGS_R (N) 19.57 £ 3.57 23.04 + 3.98 <0.001 3.78

Significant differences (p-value) < 0.05.

4. Discussion

This work aims to develop a methodology that leverages XAI techniques to identify
the key factors influencing peak height velocity in pre-adolescent team sports athletes.
We employed three well-known classifiers and applied an SFFS algorithm to each. In
this binary classification task, the LR classifier achieved the highest accuracy of 96.67%
with the seven most informative factors. The SHAP method was crucial in determining
the significance of each factor in the model’s output, providing valuable insights into the
contributions of different variables. To validate our findings, we conducted independent
t-tests on the selected informative factors, confirming their importance in distinguishing
between the two classes. This comprehensive approach underscores the potential use
of explainable machine learning techniques in uncovering critical determinants for the
prediction of age at peak height velocity.

Initially, the SFFS FS technique identified sitting height, weight, height, body fat,
handgrip strength (both left and right), and father’s height as the most informative factors
for predicting age at peak height velocity (PHV). These selected factors align well with
the existing literature on growth and maturation during adolescence. Malina et al. [34]
highlighted that anthropometric characteristics like height and weight are significantly
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influenced by age and maturation, particularly during the rapid growth phases in adoles-
cence. Kalcikova and Pridalova [35] further support the importance of body composition
indicators, noting the marked differences in body fat mass pre- and post-PHV. Handgrip
strength, as noted by Loyd et al. [36], becomes a crucial performance indicator during
puberty due to both neural and muscular changes. Father’s height, a predictor of future
body size, is also corroborated by Lolli et al. [37] as a useful metric in athletic populations.
Thus, the selection of these factors by the FS technique is well-supported by the literature,
emphasizing their relevance in estimating PHV.

SHAP analysis provided insights into how each feature contributed to the model’s
predictions. Sitting height and weight were the most influential, with higher values strongly
pushing the model towards predicting PHV > median class. This observation is consistent
with those in the literature, stating that during the PHV period, there is a significant increase
in height and weight [34]. The SHAP values for body fat showed a negative correlation with
PHYV > median class predictions, aligning with findings by Kalcikova and Pridalova [35]
that body fat percentage decreases during this growth phase. The less pronounced but still
significant contributions of handgrip strength also fit well with the findings of Loyd et al. [36],
who noted the non-linear strength gains during puberty. Father’s height’s neutral contribution,
although included, may reflect the complex interplay of genetic and environmental factors in
growth. Overall, the SHAP interpretation confirms the literature’s findings, highlighting the
critical role of these features in growth and maturation during adolescence.

Furthermore, the statistical analysis results reinforce the significance of the selected
factors in distinguishing between different PHV groups. Participants with predicted
age PHV > median had significantly higher sitting height, weight, height, body fat, and
handgrip strength. These differences, supported by p-values and effect sizes, mirror the
documented trends in the literature. The significant differences in sitting height and weight
are in line with the findings of Malina et al. [34], who described substantial growth in these
parameters during adolescence. The higher body fat in the predicted age at PHV > median
group, despite a general trend of decreasing body fat percentage, may indicate varying
individual growth patterns, as noted by Kalcikova and Pridalova [35]. The increased
handgrip strength in the predicted age at PHV > median group aligns with the accelerated
strength gains during puberty discussed by Loyd et al. [36]. Lastly, the taller father’s height
in the predicted age at PHV > median group supports the genetic influence on growth,
as noted by Lolli et al. [37]. Thus, the statistical results corroborate those in the literature,
validating the Al-identified factors’ relevance and importance in predicting age at PHV.

In addition, genetic factors are well-established as the most significant contributors to
final height, but the secular trend of growth is strongly influenced by environmental fac-
tors [38]. There is a strong correlation between access to healthcare, nutritional status, and
stature [39]. Additionally, education, income, and social status are influential factors that
interact throughout the growth period, contributing to population growth trends [40,41].
In the same vein, Arntsen et al. provided evidence that when poverty decreased and health-
care and nutrition improved, overall growth and adult height increased. A remarkable
finding was that mean body height increased by 3.4 cm over 47 years (for individuals born
between 1930 and 1977) [42], while an even larger increase of 10.8 cm was observed over a
period of 122 years. This demonstrates that environmental factors can significantly influ-
ence stature over time, alongside genetics. In populations where socioeconomic conditions,
such as in the United States, improved substantially, notable secular increases in height
were observed. In contrast, only small increases in stature were recorded in Europe between
1760 and 1830, likely due to modest improvements in nutrition and healthcare during that
period [43]. As mentioned earlier, maturation can vary between peers and different body
parts [12]. Our findings align with those of previous research, confirming that trunk growth
occurs later than growth in lower body extremities [44], making sitting height an important
tool for identifying individual differences. Heritability has been established as one of the
most influential factors for variables like stature [45]. In agreement with the results of
Su et al., this study also demonstrates that a father’s height significantly contributes to the
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son’s height, particularly in the case of taller sons [46]. In conclusion, the key parameters
identified using Al models are supported by various studies, confirming their integral role
in accurately predicting maturity.

Despite the equations for predicting age at PHV and predicted adult height being
well-documented and widely used, individual variability can impact the accuracy of these
predictions. Therefore, incorporating additional methods could provide a more robust
estimation of the peak height velocity period. A potential limitation is the reliance on
participants’ honesty regarding their training sessions. Any discrepancies could affect body
weight and composition measurements, as inactivity is directly correlated with increases
in body weight and body fat. This reliance on self-reported data introduces an element of
uncertainty that must be considered when interpreting the results. Furthermore, genes are
considered one of the most important factors influencing growth and maturation; however, the
environment in which a child is born and raised plays a significant role in determining whether
they will reach their potential growth [9]. These factors need to be assessed longitudinally,
making it difficult to control for variability between subjects. Dietary behavior is another
potential limitation in studies that include body composition parameters [47]. A related factor
is hydration, which is critical for daily performance, as approximately 70% of the human
body is composed of fluids and hydration levels can influence body composition values [48].
Research has shown an association between hydration, weight status, and BMI in children
and adolescents [49], making hydration a potential limitation in self-reported data.

In addition, our power analysis indicated that a similar number of subjects was
necessary to ensure the study’s statistical validity and the robustness of its findings.

To summarize, this study will help coaches and sports specialists to identify talented
players more accurately and not overestimate or underestimate an athlete’s current perfor-
mance. Specifically, athletes that are biologically older experience accelerations in stature
development and physical fitness characteristics earlier in their life [50]. Moore et al. have
mentioned that early-matured males can perform better in sports like soccer, since they are
bigger in body size and produce more muscle strength power [51]. In that case, chronologi-
cal age can be a misleading factor. In addition, the magnitude of maturation differences
between individuals of the same chronological group tends to be greater at the national
selection level than at the club level [52]. As a result, the findings of the study can be
used in the future for talent selection to avoid disadvantages to late-maturing children and
adolescents, who have a small chance of reaching the elite level, although their potential
peak performance may exceed that of early matured athletes [53].

For future research, the reassessment of the participants at one year or even later to
validate the predictions and measure the actual age at peak height velocity would be of
importance. This follow-up will allow the comparison of the predicted values with real-
world data, enhancing the accuracy and reliability of the current findings. Continuously
monitoring the participants’ growth patterns and adjusting the predictive models accord-
ingly would help refine our understanding of PHV and its determinants. This longitudinal
approach will also help identify any long-term effects of training exposure on growth and
body composition, providing more comprehensive insights into adolescent development.
By focusing on longitudinal data collection, future work will contribute to more accurate and
individualized growth predictions, ultimately benefiting both health and sports performance
outcomes. In addition to the longitudinal approach, future research could focus on expanding
the sample to include athletes from other sports, such as swimming, tennis, and handball,
which are also popular among children. Collecting data from a broader geographical area
would strengthen the applicability of the findings and provide a more representative view of
the characteristics of 11-year-old athletes in Greece. It is also important to consider female
populations in future studies, allowing for comparisons between boys and girls.

5. Conclusions

The findings of this study underscore the robustness and reliability of the methodology
used in the present study, which utilizes XAl techniques to identify critical determinants



Sports 2024, 12, 287

12 of 14

References

of PHYV in children aged 11. By focusing on the key factors that differentiate children
with predicted age at PHV below and above the median, this approach highlights the
potential of combining advanced XAI models with traditional growth assessment methods.
This integration offers precise and individualized insights into child development, paving
the way for more effective interventions in physical performance, health monitoring and
growth management. Specifically, predicting PHV can be useful for preventing injuries and
improving talent selection. During adolescence, limbs grow at a faster rate, which can lead
to delays and regressions in motor control, increasing the risk of injury. Supporting this
idea, research has shown that injured adolescent athletes often experience rapid growth
compared to their non-injured counterparts. On the other hand, talent identification is con-
sidered crucial for promoting long-term athletic development. However, more physically
advanced youth athletes within the same chronological age group are often incorrectly
identified as more talented, which reflects a temporary advantage in performance but
does not necessarily indicate long-term superior athletic potential. Using this information,
youth strength and conditioning trainers and coaches will be better equipped to prescribe
the appropriate ‘dose’ of physical activity, adjusting factors such as frequency, intensity,
and duration of exercise, whether during on-court sessions or in the weight room, to
maximize maturation outcomes. For instance, during periods of accelerated growth, it is
more effective to focus on technique and quality of movement rather than the quantity
or volume of training. Rapid physical changes also affect the training load an individual
can tolerate. Professionals should progress gradually, increasing training frequency or
maintaining/decreasing exposure when appropriate. Furthermore, youth strength and
conditioning trainers and coaches can make more informed decisions about when to in-
troduce specific training elements. These advancements hold promise for revolutionizing
pediatric growth analysis, ultimately contributing to improved outcomes for children’s
health and development.
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