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Highlights 

What are the main findings? 

• In this exploratory study, internal load (measured through maximum and average 
heart rate) provided anecdotal to moderate evidence in favor of the null model when 
switching between green and standard balls during short-format matches. 

• Maturity-related indicators and physical activity level appeared more informative 
than ball type for explaining acute cardiac responses, although the strength of evi-
dence differed across heart-rate outcomes. 

What are the implications of the main findings? 

• The transition from adapted to standard balls does not appear to increase acute car-
diovascular demand, suggesting that young players may self-regulate their intensity. 

• Training load and equipment transitions could be more effectively personalized 
based on the individual maturation profile and somatic age, rather than relying ex-
clusively on chronological age categories. 

Abstract 

Understanding internal load in youth tennis is essential for optimizing training strategies 
and ensuring healthy development. This study analyzed the influence of ball type (green 
vs. standard) on heart rate (HR) responses in 19 players (10.17 ± 1.1 years). Participants 
competed in 72 matches under a cross-over design while monitored with Wimu Pro™ 
Electronic Performance and Tracking Systems and Garmin HR bands. Data were analyzed 
using a Bayesian repeated-measures ANOVA, incorporating biological maturation and 
physical activity levels as covariates. Results indicated anecdotal evidence in favor of the 
null model for Max HR and moderate evidence in favor of the null model for Avg HR. 
These findings suggest no clear evidence of a meaningful ball-type effect on acute cardio-
vascular responses under the short-format match-play conditions studied. Individual 
characteristics, particularly maturity-related indicators and habitual physical activity, ap-
peared more informative than ball type, although their evidential support differed across 
heart-rate outcomes. Therefore, the acute physiological response appeared to be similar 
between ball conditions in this specific pilot setting, but these findings should be inter-
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preted as preliminary rather than definitive. Overall, these findings highlight the value of 
sensor-based monitoring for contextualizing internal load in youth tennis and suggest that 
equipment transitions should be guided by individual developmental and activity-related 
characteristics rather than ball type alone. 

Keywords: internal load; IMU; young players; wearable sensors; biological maturation 
 

1. Introduction 
Tennis is an intermittent sport characterized by short, high-intensity efforts followed 

by recovery periods [1]. It requires quick multidirectional movements, balance, and coor-
dination, often played over long periods on different surfaces [2,3]. In youth tennis, com-
prehending the physiological demands and environmental constraints of youth tennis is 
crucial for optimizing training protocols and designing developmentally appropriate 
competitions that foster overall athletic progression [3]. Nowadays, the concept of load in 
sports includes both internal and external components [4]. Quantifying this load is vital 
to ensure it is high enough to improve performance but not so substantial that it causes 
injuries [5]. 

In recent years, the accurate monitoring of internal and external load in youth sports 
has been fundamentally transformed by the continuous advancement of wearable sensors 
and Electronic Performance and Tracking Systems (EPTS). These technological tools allow 
for the continuous, non-invasive assessment of physiological metrics within highly eco-
logical, real-world competitive settings, effectively overcoming the logistical constraints 
of traditional laboratory testing. The critical role of sensor-based assessments in pediatric 
populations has been recently examined using perception–action technological devices in 
young athletes [6], highlighting the practical relevance of these modern tracking tools for 
accurately assessing neuromotor and performance-related variables. Previous research 
has analysed the physical demands on young athletes across various sports. In physical 
education, some authors compared internal and external load variations in 9-year-old stu-
dents [7]. In youth soccer, studied U-19 players using Wimu Pro™ (RealTrack Systems, 
Almería, Spain) inertial devices to track external variables, such as total distance, high-
intensity running, accelerations, and Player Load, alongside heart rate (HR) for internal 
load [8]. Similar studies in beach volleyball analysed physical demands in U-15 and U-19 
players during competition, measuring relative distance and acceleration/deceleration ac-
tions [9]. 

Competitive youth tennis is defined by brief high-intensity periods (4–10 s) and short 
recoveries (10–20 s) [10]. HR is one of the most common indicators used to quantify inter-
nal load in these players [11,12]. Average HR values usually range between 60% and 80% 
of maximum heart rate (max HR), although intense rallies can push this above 95% [10,11] 
in junior and adult players. However, as these authors indicate, it is important to note that 
HR can sometimes overestimate physiological strain since it does not always perfectly 
match oxygen consumption variations during recovery. Players with better aerobic fitness 
can compete at lower relative intensities, which helps them recover faster and maintain 
technical efficiency [11]. Although, it is essential to distinguish these baselines from those 
of prepubertal athletes. 9–11-year-old players typically exhibit higher heart rate responses 
compared to adults due to their developing cardiovascular systems, smaller stroke vol-
ume, and higher sympathetic nervous system activity. Consequently, measuring HR spe-
cifically in this population is vital to ensure that internal load markers accurately reflect 
the physiological strain on a developing child, which may be underestimated if adult-
derived benchmarks are applied. 
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When working with growing athletes, it is crucial to consider their biological matu-
ration, as it affects physical performance [13]. Maturity status, often calculated through 
maturity offset, represents the time before or after the Peak Height Velocity (PHV). For 9–
11-year-old players, maturity status is a more reliable predictor of performance than 
chronological age [14]. At this stage, children approach PHV, a critical period that can 
cause a temporary drop in neuromuscular performance and increased bilateral asymme-
tries due to rapid bone growth and coordination changes [14]. These changes make play-
ers more vulnerable to improper training loads, highlighting the need to monitor internal 
load [14,15]. PHV indicates the timing of maturation, representing the age of maximum 
growth speed during adolescence [16]. It is also important to evaluate the players’ sports 
participation level to understand how it relates to other physical characteristics [17,18]. 

Adapting equipment and the sporting environment to the needs of beginners is a key 
pedagogical principle for sustainable long-term development [19–22]. Material adaptation 
also has psychological benefits, allowing children to interact more efficiently with the 
game, which boosts motor learning and enjoyment [23–25]. From a biomechanical per-
spective, using adapted equipment in youth tennis helps reduce joint stress and prevent 
injuries during growth without compromising performance [26–30]. Studies show these 
adaptations improve technique, accuracy, and power, especially during early learning 
stages [27,31,32]. Coaches also value its impact on teaching and long-term participation 
[33–36]. 

In competition, low-compression balls and smaller courts lead to longer rallies and a 
more tactical game, like adult tennis [19,20,37–46]. Specifically, the green ball (25% less 
pressure than standard balls) is now mandatory for U-10 competitions by the ITF [47] and 
national federations like the RFET [48,49]. These balls are lighter and bounce more pre-
dictably, giving players more time to prepare and position themselves [31]. However, 
there is a lack of research analysing the physical demands and load on beginner players 
using these balls, especially in children aged 9–11 years, considering their biological ma-
turity status. The main objective of this study is to analyse the internal load in 9–11-year-
old tennis players, specifically examining how equipment modifications influence acute 
physiological responses to optimize training strategies and ensure healthy athletic devel-
opment. 

2. Materials and Methods 
2.1. Sample 

Nineteen players (14 boys and 5 girls) aged between 9 and 11 years (10.17 ± 1.1) 
played a total of 72 matches in an outdoor court, with an average duration of 21 min and 
56 s (± 8 min and 41 s). All players were competitive junior players, with an average of 
3.63 ± 1.45 years of tennis practice and having competed in 7.65 ± 7.36 tournaments on 
average. The analytical dataset comprised repeated ecological match-observations ob-
tained from the 19 players. Accordingly, the 72 valid match-observations represented re-
peated observations nested within players rather than independent participants. Detailed 
sample characteristics are provided in Table 1. 

Table 1. Sample description. 

 Total (n = 19) Girls (n = 5) Boys (n = 14) 
 Mean S. D. Mean S. D. Mean S. D. 
Age (years) 10.17 1.10 10.5 0.69 10.8 1.23 
Height (cm) 139.6 8.6 137.0 4.8 139.6 8.6 
Sitting height (cm) 69.96 5.46 70.9 2.51 69.27 5.46 
Maturity offset (years) −2.84 0.98 −2.24 0.87 −3.14 0.84 
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Peak height velocity (PHV) (years) 12.94 0.95 12.11 0.48 13.26 0.66 
Physical Activity Questionnaire 
(PAQ-A)  

3.49 0.57 2.82 0.49 3.77 0.33 

Experience in tennis practice 
(years) 

3.63 1.45 4.30 1.20 3.39 1.50 

Tournaments played (n) 7.65 7.36 2.4 2.51 9.8 5.34 
Weekly training hours (n) 6.0 2.9 4.8 1.64 6.4 3.17 

The players participated voluntarily, providing informed consent signed by their 
parents prior to the start of the tournament. Throughout the procedure, the ethical princi-
ples of the Declaration of Helsinki were followed, and approval of the protocol was ob-
tained from the Ethics Committee of the University of Valencia (2025-FIS-3843453). This 
investigation is part of a broader, pre-planned research project designed to comprehen-
sively evaluate the multi-dimensional load in youth competitive tennis players. To ensure 
a high level of analytical depth, the study was structured to analyze internal and external 
load variables as separate components. While a companion study focuses on external lo-
comotor demands, such as total distance and accelerations, measured via EPTS, the pre-
sent paper specifically targets the acute cardiovascular response. 

2.2. Sample Size Considerations and Supplementary Fixed-N Bayes Factor Design Analysis 

The present study was conducted in an ecological youth tennis tournament setting, 
where recruitment was constrained by the availability of competitive 9–11-year-old play-
ers, parental consent, and the logistical requirements of sensor-based monitoring during 
real match play. Therefore, the study was conceived as a preliminary pilot investigation 
aimed at generating ecologically valid evidence on heart-rate responses under two ball 
conditions. 

To contextualize the operating characteristics of the available design, a supplemen-
tary fixed-N Bayes Factor Design Analysis was conducted. Bayes Factor Design Analysis 
is a simulation-based approach used to evaluate the expected evidential behavior of a re-
search design when Bayes factors are used as the index of evidence. Rather than estimat-
ing classical statistical power, this approach quantifies the probability that a given design 
will yield different levels of Bayesian evidence, including evidence for H0, evidence for 
H1, inconclusive evidence, or evidence in the wrong direction under a specified data-gen-
erating scenario [50,51]. 

In the present study, this analysis focused specifically on the Green–Standard com-
parison, which represented the direct post hoc test of the ball-type effect. Because this 
comparison involved two repeated ball conditions, the Bayes Factor Design Analysis was 
approximated using a Bayesian paired-test framework with the same default Cauchy 
prior used in the post hoc comparisons, r = 1/√2. Monte Carlo simulations were conducted 
under a true null ball-type effect, that is, assuming no systematic difference in heart-rate 
response between green and standard balls. 

For each simulated dataset, the Bayes factor was calculated and classified according 
to predefined evidential thresholds. BF01 > 3 was interpreted as moderate evidence for H0, 
BF01 > 10 as strong evidence for H0, BF10 > 3 as moderate evidence for H1, and values be-
tween these thresholds as inconclusive evidence. Evidence in the wrong direction was 
defined as obtaining BF10 > 3 under the simulated true null scenario. 

The results of this supplementary fixed-N design analysis are presented in Table 2. 
This analysis was used to calibrate the evidential interpretation of the Green–Standard 
paired contrast. It was not used as a classical post hoc power analysis, nor as an inferential 
substitute for the Bayesian repeated-measures model. 
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Table 2. Supplementary fixed-N Bayes Factor Design Analysis for the Green–Standard paired con-
trast under a true null ball-type effect. 

Evidential Outcome Criterion Probability (%) Interpretation 
Moderate evidence 
for H0 

BF01 > 3 73.7 
The paired contrast had a high probability of yielding moderate 
evidence for H0 under a true null ball-type effect. 

Strong evidence for 
H0 BF01 > 10 0.0 The paired contrast was not expected to yield strong evidence for 

H0 under the specified design and prior. 
Misleading moder-
ate evidence for H1 

BF10 > 3 1.5 
The probability of obtaining misleading evidence for a ball-type 
effect under H0 was low. 

Inconclusive evi-
dence 

1/3 ≤ BF10 ≤ 3 24.8 
Approximately one quarter of comparable simulations would be 
expected to remain inconclusive. 

Note. BF01 = evidence in favor of the null hypothesis over the alternative hypothesis; BF10 = evidence 
in favor of the alternative hypothesis over the null hypothesis. The analysis was approximated using 
a Bayesian paired-test framework with a default Cauchy prior, r = 1/√2, under a simulated true null 
ball-type effect. 

This analysis indicated that, under a true null ball-type effect, the available Green–
Standard paired contrast had a high probability of producing moderate evidence in favor 
of H0 and a low probability of producing moderate evidence in the wrong direction. Ac-
cordingly, the observed Bayes factors were interpreted using this simulation-based evi-
dential benchmark. 

2.3. Instruments and Data Collection 

In order to register the internal load and performance of the players Electronic Per-
formance and Tracking Systems (EPTS) and heart rate bands were used. Specifically, the 
Wimu Pro™ device (RealTrack Systems, Almería, Spain) was used, which is a hybrid 
EPTS integrating Local Positioning System (LPS) technology for indoor facilities and 
Global Navigation Satellite System (GNSS) technology for outdoor facilities as well as in-
ertial sensors (IMU) (including accelerometers, gyroscopes, magnetometers and barome-
ters) in a single unit [52], synchronized with Garmin (Garmin Ltd., Olathe, KS, USA) heart 
rate band. All data recordings were performed outdoors, using the GNSS system as a re-
ceiver with a sampling frequency of 18 Hz. The inertial sensors recorded data at a high-
resolution sampling frequency of 1000 Hz. Heart rate data was collected with a Garmin 
chest strap with 4 Hz sampling rate through Ant+ technology. 

Following data collection, a rigorous quality control protocol was applied to the 
GNSS and HR signals. First, an automatic detection algorithm within the SPRO™ soft-
ware (version 2.2.2) flagged anomalies, such as sudden signal losses. Second, a visual in-
spection of the individual HR curves was conducted by the research team to manually 
identify and exclude non-physiological spikes or persistent dropouts caused by sensor 
displacement. From the total matches played, some were excluded from the final analysis 
if they met the following criteria: (i) loss of GNSS signal for more than 10% of the match 
duration, (ii) average number of satellites connected below 8, or (iii) consistent heart rate 
signal dropouts due to sensor displacement. Consequently, from 96 matches played, a 
final total of 72 valid match-observations was reached and utilized for the analysis to en-
sure the highest data integrity. 

To control possible effects, some covariates were assessed, as the players’ level of 
physical activity through the PAQ-A scale [17], with a self-administered scale that has 
been widely used to assess the level of physical activity of schoolchildren over the previ-
ous 7 days. In addition, this scale has been validated in Spanish adolescents [18]. It consists 
of 8 items scored on a 5-point scale, with an extra item to determine any illness or situation 
that may have altered their physical activity during that week. To calculate the level of 
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activity, only the average of the other 8 items is calculated. We acknowledge that the PAQ-
C is the standard instrument for children in this age range. However, as the PAQ-A had 
been validated in Spanish and all the children were Spanish, we felt it would be more 
suitable. To mitigate potential inaccuracies in self-reporting due to the cognitive develop-
mental stage of 9-to-10-year-olds, the questionnaire was administered under the direct 
supervision of the research team. Researchers were physically present and available to the 
players to clarify any conceptual doubts and assist them in interpreting the items, ensur-
ing that the data collected accurately reflected their physical activity levels. 

On the other hand, the maturity status of the players was calculated based on the 
variables of height and sitting height, following the validated formulas [16], which were 
used to obtain the maturity offset value, presented below: 

• Girls: Maturity offset (years) = −7.709133 + (0.0042232 × (age × stature)) 
• Boys: Maturity offset (years) = −8.128741 + (0.0070346 × (age × sitting height)) 

2.4. Procedures 

A cross-over design was used for the study, with four experimental groups of four 
players each, so that all participants were exposed to both conditions, allowing compari-
sons within the same groups in different situations. Participants were allocated to these 
groups based on their skill level to ensure balanced competitive levels within each round-
robin group (see Figure 1). Due to the limited availability of official rankings in this age 
group, participants were allocated to these groups by certified coaches, based on skill level 
and years of practice. This stratification was intended to avoid mismatched pairings and 
guarantee representative physiological and locomotor demands during matches. 

The matches were played in groups in a round-robin format, with one set of four 
games with a golden point, to avoid time differences that would excessively exceed the 
duration of the competition and the break times between matches. The competition took 
place on two different days, ensuring that all participants were exposed to both condi-
tions, with two groups playing with the green ball (with 25% less pressure) and the other 
two groups playing with the standard ball, and the following week in reverse order. Each 
player played three matches per experimental condition. This ensured a sufficient volume 
of data to capture the physiological variability of each participant under both ball condi-
tions. Although the initial design targeted 16 participants, three players from the first 
week were unable to attend the second session due to external scheduling conflicts. To 
preserve the ecological validity of the competition and maintain the strict four-player 
structure required for the tournament dynamics, three replacement players with matching 
skill levels, age profiles, and competitive experience were recruited for the second week. 
Consequently, the total sample reached 19 participants, and the number of valid match-
observations ranged from 2 to 6 per participant. Due to external scheduling constraints, 
three players from the first session were unable to attend the second session. To preserve 
the ecological structure of the round-robin tournament and maintain comparable compet-
itive conditions, three replacement players with similar age, skill level, and competitive 
experience were recruited for the second session. Consequently, the final dataset included 
19 players and 72 valid match-observations. The Bayesian repeated-measures framework 
allowed all valid ecological match-observations to be retained while modelling subject-
level dependency. 
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Figure 1. Competition design. 

Prior to a 5 min on-court warm-up, the players’ height and seated height were meas-
ured to the nearest 0.1 cm with a tape measure on a flat vertical surface. For the standing 
height, participants stood barefoot with their heels, buttocks, and upper back in contact 
with the vertical surface and tape measure. For the sitting height, participants were seated 
on the floor with their back and buttocks touching the vertical backboard. The head was 
positioned in the Frankfort plane (orbital-tragion line horizontal), and traction was ap-
plied to the mastoid processes to ensure full spinal extension before measurement. These 
metrics were subsequently used to calculate maturity offset. The Wimu Pro™ unit was 
securely placed on the upper back, positioned between the scapulae, using a custom-fit 
vest provided by the manufacturer to minimize movement artifacts. 

Lower-limb explosive capacity was assessed through Jump Height using the Coun-
termovement Jump (CMJ) test [53]. Measurements were performed using a portable force. 
Before the test, players received a standardized demonstration and performed two sub-
maximal practice trials to ensure proper technique. The protocol required participants to 
start from a standing position with their hands placed on their hips throughout the entire 
movement to eliminate the influence of arm swing and isolate lower-limb power. Upon a 
verbal signal, players performed a rapid downward countermovement to a self-selected 
depth, followed immediately by a maximal vertical thrust. Participants were instructed to 
land with their knees extended to ensure measurement accuracy. Each player performed 
three maximal trials, with a 60-s rest period between jumps to ensure full recovery. The 
highest jump (cm) was recorded and utilized as a covariate for the Bayesian model com-
parisons. 

2.5. Variables Analysed 

Dependent Variables: 

• Max HR (bpm): maximal heart rate reached during the matches. 
• Avg HR (bpm): average heart rate reached during the matches. 

The analysis focused exclusively on absolute Maximum HR (Max HR) and Average 
HR (Avg HR), not including other traditional internal load indicators (time spent in spe-
cific HR zones or percentage of estimated HRmax). This decision was based on the fact 
that predictive HRmax equations exhibit high error margins in prepubertal populations. 
Furthermore, subjective metrics such as session-RPE were omitted due to the limited cog-
nitive maturity of 9–11-year-olds to accurately interpret and anchor perceived exertion 
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scales. Heart rate variability was also excluded, as it requires strict resting protocols that 
are incompatible with the tournament environment. 

Independent Variable: 

• Ball type: green ball (25% less pressure) versus standard ball [47,48]. 

Covariates: 
Were considered as covariates the peak height velocity (PHV), estimated using the 

maturity offset equations [16]; general physical activity level, using the PAQ-A question-
naire [17,18]; years of tennis practice (Years of Practice) as an indicator of experience in 
the sport; jump height (Jump Height) as an indicator of explosive capacity; and the num-
ber of tournaments played (Tournaments). These covariates made it possible to control 
for possible effects of development, physical condition, and experience on the dependent 
variables. 

Although match duration exhibited variability, it was not included as a covariate, 
based on the fact that Max HR and Avg HR are metrics of physiological intensity rather 
than volume; in intermittent sports like tennis, these values are primarily driven by the 
duration and intensity of individual rallies and subsequent recovery periods rather than 
the total match length. Furthermore, the use of a four-game set with a golden point was 
specifically implemented to minimize extreme time differences and limit the influence of 
cumulative fatigue on cardiac parameters. 

2.6. Statistical Analysis 

The statistical procedure began with an initial exploration of the data to test the as-
sumptions of normality. To this end, the Shapiro–Wilk test was applied and the residuals 
were examined graphically using Q–Q plots; normality was assumed when the null hy-
pothesis was not rejected and no systematic patterns of deviation were observed in the 
distributions. A base-10 logarithmic transformation was explored during preliminary di-
agnostics, but the final analyses were conducted and reported in the original raw scale 
(beats per minute, bpm) to facilitate physiological interpretation [54]. Prior to model esti-
mation, multicollinearity among covariates was assessed using Variance Inflation Factors 
(VIF). All values were well below the commonly accepted threshold (VIF < 3), ranging 
between 1.20 and 1.60, indicating no evidence of multicollinearity and supporting the sta-
bility of the parameter estimates. 

Next, descriptive statistics for the within-subject dependent variable were calculated: 
mean, standard deviation and 95% credible intervals (95% CrI). The inferential analysis 
was based on a Bayesian repeated-measures ANOVA. To account for the nested structure 
of the data, repeated match-observations were modelled within players by including sub-
ject-level random effects. This specification allowed ecological match-level information to 
be retained while avoiding the interpretation of match-observations as independent par-
ticipants. The model included the Ball variable (levels: Green, Standard) as a within-sub-
ject factor [55]. 

The outcome variables were Max HR and Avg HR. The following covariates were 
included: PHV, PAQ-A, Years of Practice, Jump Height and Tournaments. Their impact 
was evaluated using a Bayesian model comparison approach, comparing alternative mod-
els against the null model based on Bayes Factors. Given the total number of possible 
combinations (64 models), only those with the strongest empirical support were retained 
according to the Bayes Factor (BF10), thereby prioritising the most empirically consistent 
structures. This approach aligns with a Bayesian model comparison framework, allowing 
identification of the most plausible models given the data. 

Statistical evidence was expressed using Bayes’ factors for opposing hypotheses (H0 
vs. H1), with BF10 interpreted as the evidence in favour of the alternative hypothesis and 
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BF01 as its inverse [55–57]. The Bayes Factor was used as a continuous measure of evidence, 
which is linked to the quantifiable predictive performance of the models, also known as 
marginal likelihood [58]. The qualitative interpretation of BF10 followed the scale pro-
posed by Lee & Wagenmakers [59], based on Jeffreys [60], which states: 

• BF < 1/100: overwhelming evidence in favour of H0; 
• 1/100–1/30: very strong evidence in favour of H0; 
• 1/30–1/10: strong evidence in favour of H0; 
• 1/10–1/3: moderate evidence in favour of H0; 
• 1/3–1: anecdotal evidence in favour of H0; 
• 1–3: anecdotal evidence in favour of H1; 
• 3–10: moderate evidence in favour of H1; 
• 10–30: strong evidence in favour of H1; 
• 30–100: very strong evidence in favour of H1; 
• BF > 100: extreme evidence in favour of H1. 

In addition, Bayesian Inclusion Factors (BF incl) were calculated, which compare the 
fit of models containing a specific effect with their counterparts that do not include that 
effect. This index reflects the extent to which the posterior probabilities of an effect being 
present change relative to the prior probabilities after observing the data [55,61]. For in-
terpretation, the standard criteria were applied: values > 3 support the inclusion of the 
effect, intermediate values (1/3, 3) are considered anecdotal, and values < 1/3 support its 
exclusion [62,63]. 

Both the BF10 and BF incl values were accompanied by the relative error (%) as an 
indicator of computational stability. In line with the methodological recommendations 
[55,64], errors of <3% were accepted, with estimates close to 0 (< 1%) being considered 
particularly robust. As an additional indicator of overall fit, the coefficient of determina-
tion (R2) was calculated, followed by a sensitivity analysis, restricting the comparison 
solely to those covariates that had shown favourable evidence for inclusion. The aim was 
to examine the robustness of the inferences under a reduced set of predictors [65]. This 
methodological strategy not only facilitates the interpretation of the results but also pro-
vides additional verification of the stability of the findings. 

Regarding the Ball within-subject factor, Bayesian post hoc tests were applied be-
tween its two levels. As there were only two conditions, the Bayesian correction for mul-
tiple comparisons [66] was not applied. The contrasts were performed using Bayesian t-
tests with a Cauchy prior distribution (0, r = 1/√2), and the resulting BF10 values were in-
terpreted in accordance with the qualitative intervals described above. The supplemen-
tary fixed-N Bayes Factor Design Analysis described in the sample-size considerations 
section was used only to calibrate the evidential interpretation of the Green–Standard 
paired contrast. In line with previous BFDA frameworks [50,51], the analysis was inter-
preted as a design-level Monte Carlo procedure aimed at estimating the expected eviden-
tial behavior of the paired contrast under a specified data-generating scenario. Specifi-
cally, it quantified the probability that the available fixed-N contrast would yield moder-
ate evidence for H0, strong evidence for H0, inconclusive evidence, or evidence in the 
wrong direction. Accordingly, this analysis was not treated as a classical power analysis 
or as an inferential substitute for the Bayesian repeated-measures model. The main infer-
ential analyses were based on Bayesian repeated-measures model comparison, Bayesian 
Inclusion Factors, and Bayesian post hoc paired comparisons. The main Bayesian analyses 
were performed using the JASP software (version 0.95.0) (JASP Team, University of Am-
sterdam, Amsterdam, The Netherlands) [67]. The supplementary fixed-N Bayes Factor 
Design Analysis was performed using Monte Carlo simulations in RStudio (Posit Soft-
ware, PBC, Boston, MA, USA). The presentation of the results followed current recom-
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mendations for reporting Bayesian analyses in applied sciences such as Physical Activity 
and Sport Sciences [55,68]. 

3. Results 
The findings are presented by outcome variable. Model comparisons and evidence 

for effect inclusion are shown in tables, along with illustrations for descriptive and infer-
ential comparisons by ball type. 

3.1. Max HR (bpm) 

Table 3 shows that the model with the highest relative support for Max HR included 
PHV as the only covariate (BF10 = 22.321), followed by the model including PHV and Years 
of Practice (BF10 = 14.662), and the model including Years of Practice alone (BF10 = 11.996). 
A fourth competitive model included PHV, PAQ-A, and Years of Practice (BF10 = 10.694). 
Overall, the BF10 values for the top-ranked models indicated moderate to strong evidence 
in favour of these models relative to the null model. The relative error for the best-sup-
ported model (PHV) was 1.590%. The model-averaged coefficient of determination was 
R2 = 0.458 (CrI95% = [0.275, 0.597]). A sensitivity analysis including covariates with BFincl 
> 1 (PHV, PAQ-A, and Jump Height) showed a moderate R2 of 0.452 [0.264, 0.594], main-
taining model fit even with lower complexity (Table 3). 

Table 3. Selection of the top five Bayesians models with random effects per subject for predicting 
Max HR. 

 P(M) P(M|Data) BFM BF10 Error % 
Null model including subject-
level random effects 

0.016 0.007 0.428 1.000   

(PHV) 0.016 0.151 11.170 22.321 1.590 
PHV + Years of Practice 0.016 0.099 6.916 14.662 1.584 
Years of Practice 0.016 0.081 5.548 11.996 1.262 
PHV + PAQ-A + Years of 
Practice 0.016 0.072 4.899 10.694 1.840 

Note: P(M) = Prior model probability (probability of the model before observing the data); 
P(M|data) = Posterior model probability (probability of the model after observing the data); BFM = 
Posterior model odds; BF10 = Bayes Factor quantifying the evidence for the specific model relative 
to the null model; error % = relative computational error of the estimate. 

The effect inclusion analysis in Table 4 showed strong evidence in favour of PAQ-A 
(BFincl = 15.842; P(incl|data) = 0.941) and moderate evidence in favour of PHV (BFincl = 
4.985; P(incl|data) = 0.833). Jump Height showed only anecdotal evidence for inclusion 
(BFincl = 1.451), whereas Ball, Years of Practice, and Tournaments presented BFincl values 
below 1, indicating that the data did not support their inclusion in the model. The model-
averaged posterior summary indicated a stable intercept (M = 178.019, SD = 2.014; 95% CrI 
[173.749, 182.023]). The effects of PHV (M = 4.667, 95% CrI [0.108, 8.933]) and PAQ-A (M 
= 11.695, 95% CrI [2.389, 20.925]) showed credible intervals that excluded zero, indicating 
evidence of positive effects on Max HR. In contrast, the remaining predictors presented 
95% CrIs that included zero, reflecting greater uncertainty regarding their specific contri-
butions. 
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Table 4. Inclusion evidence and credible intervals from the model-averaged posterior summary in 
the Bayesian repeated-measures ANOVA for Max HR predictors. 

 Mean 95%|CrI Posterior P(Incl|Data) P(Excl|Data) BFincl 

Ball Green −1.55 [−4.143, 1.036] 0.325 0.675 0.481 
Stand. 1.41 [−1.125, 3.944] 

PHV 4.67 [0.108, 8.933] 0.833 0.167 4.985 
PAQ-A 11.70 [2.389, 20.925] 0.941 0.059 15.842 
Jump Height −1.35 [−2.966, 0.274] 0.592 0.408 1.451 
Years of Practice 0.65 [−2.112, 3.416] 0.349 0.651 0.535 
Tournaments −0.07 [−0.603, 0.469] 0.314 0.686 0.458 
Note: 95% CrI = 95% Credible Interval (the range within which the true parameter value falls with 
a 95% probability). P(incl|data) = Posterior inclusion probability (the probability that the predictor 
is included in the model after observing the data). P(excl|data) = Posterior exclusion probability. 
BFincl = Bayesian Inclusion Factor (quantifies the evidence for including a predictor over excluding 
it). 

Regarding the “Ball” factor, descriptive means per condition were (Figure 2): Green 
(M = 176.3, SD = 15.92, 95% CrI = [170.8, 181.9]) and Standard (M = 179.7, SD = 14.58, 95% 
CrI = [174.6, 184.8]). The post hoc comparison showed a BF10,U = 0.364, which represents 
anecdotal evidence in favor of the null hypothesis. In short, the data are approximately 
2.7 times more likely under the null hypothesis than under the alternative hypothesis. 

 

Figure 2. Descriptive analysis of Max HR according to game ball. 

3.2. Avg HR (bpm) 

The comparison between the null and alternative models in Table 5 showed that the 
model with the most support included the covariates PHV (BF10 = 1.641), followed by PHV 
+ Years of Practice (BF10 = 1.412) and Years of Practice (BF10 = 1.171). Overall, BF10 values 
were close to 1, indicating only anecdotal evidence in favor of models with predictor var-
iables. The relative error for models with BF10 > 1 was less than 1%. The model-averaged 
coefficient of determination was R2 = 0.382 (CrI95% = [0.241, 0.528]). Accordingly, the sen-
sitivity analysis showed an R2 = 0.382 (CrI 95% = [0.231, 0.526]), when including only the 
PAQ-A covariate, which was the only one with BFincl > 1 (Table 5). Since both coefficients 
are similar, the more complex model can be considered robust. 
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Table 5. Selection of the top five Bayesians models with random effects per subject for predicting 
Avg HR (bpm). 

 P(M) P(M|Data) BFM  BF10  Error % 
Null model including subject-
level random effects 

0.016 0.044 2.888 1.000   

(PHV) 0.016 0.072 4.883 1.641 0.927 
(PHV) + Years of Practice 0.016 0.062 4.157 1.412 0.480 
Years of Practice 0.016 0.051 3.409 1.171 1.362 
(PHV) + PAQ-A + Years of 
Practice 0.016 0.041 2.700 0.937 0.571 

Note: P(M) = Prior model probability (probability of the model before observing the data); 
P(M|data) = Posterior model probability (probability of the model after observing the data); BFM = 
Posterior model odds; BF10 = Bayes Factor quantifying the evidence for the specific model relative 
to the null model; error % = relative computational error of the estimate. 

The effect inclusion analysis in Table 6 showed anecdotal evidence in favour of PAQ-
A (BFincl = 2.159; P(incl|data) = 0.683), while PHV presented evidence close to neutrality 
(BFincl = 0.918; P(incl|data) = 0.479). The remaining predictors, including Ball, Jump Height, 
Years of Practice, and Tournaments, showed BFincl l values below 1, indicating evidence 
against their inclusion in the model. The model-averaged posterior summary indicated a 
stable intercept (M = 147.120, SD = 1.968; 95% CrI = [142.999, 150.771]). Although PAQ-A 
showed a positive mean effect and PHV a smaller positive effect, their 95% credible inter-
vals included zero (PAQ-A: [−1.249, 14.113]; PHV: [−1.872, 6.278]), indicating substantial 
uncertainty regarding their contribution. Similarly, the remaining predictors showed 
mean effects close to zero, with wide credible intervals including zero, further supporting 
the lack of consistent evidence for their influence on Avg HR. 

Table 6. Inclusion evidence and credible intervals from the model-averaged posterior summary in 
the Bayesian repeated-measures ANOVA for Avg HR predictors. 

 Mean|95% CrI P(Incl|Data) P(Excl|Data) BFincl 

Ball 
Green −1.099 [−3.625, 1.303] 

0.271 0.729 0.372 
Stand. 1.099 [−1.386, 3.590] 

(PHV) 2.111 [−1.872, 6.278] 0.479 0.521 0.918 
PAQ-A 6.184 [−1.249, 14.113] 0.683 0.317 2.159 
Jump Height −0.551 [−2.096, 0.884] 0.394 0.606 0.650 
Years of Practice −0.709 [−3.248, 1.745] 0.375 0.625 0.600 
Tournaments 0.079 [−0.468, 0.507] 0.341 0.659 0.517 
Note: 95% CrI = 95% Credible Interval (the range within which the true parameter value falls with 
a 95% probability). P(incl|data) = Posterior inclusion probability (the probability that the predictor 
is included in the model after observing the data). P(excl|data) = Posterior exclusion probability. 
BF_{incl} = Bayesian Inclusion Factor (quantifies the evidence for including a predictor over exclud-
ing it). 

Figure 3 shows mean values and overlapping credible intervals when comparing 
Avg HR by ball type: Green (M = 145.8, SD = 13.33; 95% CrI = [141.2, 150.5]) and Standard 
(M = 148.4, SD = 14.38; 95% CrI = [143.4, 153.4]). Pairwise comparisons between conditions 
resulted in a BF10,U = 0.278, indicating moderate evidence in favor of the null hypothesis. 
In practical terms, the data are approximately 3.6 times more likely to support the absence 
of differences between ball types than the alternative. 
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Figure 3. Descriptive analysis of Avg HR according to game ball. 

4. Discussion 
The main objective of this preliminary pilot study was to analyse the internal load in 

9–11-year-old tennis players and determine how equipment modifications influence their 
acute physiological response. The primary findings indicate an absence of a credible effect 
of ball type (green vs. standard) on internal load, with the data providing anecdotal to 
moderate evidence in favor of the null model, measured through maximum heart rate 
(Max HR) and average heart rate (HR avg). Instead, individual characteristics, particularly 
maturity-related status and habitual physical activity, appeared more informative than 
ball type, although the strength of evidence differed across heart-rate outcomes. Although 
the literature emphasizes the importance of adapting equipment to improve technique 
and prolong rallies, our preliminary results show a lack of evidence for including the 
“Ball” factor in the explanatory models for internal load. Max HR averages were similar 
between the green ball (176.3 bpm) and the standard ball (179.7 bpm), with a Bayes factor 
(BF10,U = 0.364) supporting the null hypothesis. This suggests that, within the context of 
short round-robin matches, the acute cardiovascular load is similar regardless of ball com-
pression. This could be because perceived effort and the intensity of intermittent play re-
main constant despite variations in ball speed. However, it is important to note that our 
study assessed acute heart rate responses and did not directly measure cumulative fa-
tigue, recovery kinetics, perceived exertion, or blood lactate. Therefore, while cardiovas-
cular demand appears stable, broader fatigue-related or neuromuscular effects cannot be 
entirely excluded. 

The supplementary fixed-N Bayes Factor Design Analysis provides a simulation-
based benchmark for interpreting the Green–Standard paired contrast. Under a true null 
ball-type effect, the available paired contrast showed a high probability of yielding mod-
erate evidence in favor of H0 and a low probability of yielding moderate evidence in the 
wrong direction. This benchmark is consistent with the observed post hoc Bayes factors, 
which provided anecdotal evidence for Max HR and moderate evidence for Avg HR in 
favor of H0. Therefore, the ball-type findings should be interpreted as calibrated evidence 
against a clear acute cardiovascular effect under the present ecological match-play condi-
tions, rather than as definitive proof of equivalence between ball conditions. 

A relevant contribution of this exploratory work is that individual characteristics ap-
peared more informative than ball compression for explaining heart-rate variability., sur-
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passing the type of material used. This result is consistent with literature indicating that 
players with a higher biological age (post-PHV) achieve better results in almost all varia-
bles of speed, agility, and explosive power compared to their pre-PHV peers [69]. Specif-
ically, it has been documented that players with a more advanced maturity status present 
a 16% to 27% advantage in vertical jump and a 5% to 8% advantage in linear speed and 
change in direction [69]. Our data suggest that players closer to their PHV record reduced 
active time and a lower work-to-rest ratio [70]. This seemingly contradictory phenomenon 
is explained by the profound morphological and neural adaptations occurring during the 
biological transition: increased muscle mass, stride length, and force-generating capacity 
allow for greater movement economy [69,71]. Therefore, the physical load perceived on 
the court depends more on the biomechanical efficiency of the developing athlete than on 
the physical properties of the ball [14,72]. 

The observed absence of a credible effect on HR between green and standard balls 
challenges the pedagogical assumption that adapted equipment inherently reduces cardi-
ovascular load in prepubertal players. Although low-compression balls facilitate longer 
exchanges and greater participation, 9–11-year-old players seem to apply a self-regulation 
mechanism for effort [25,31]. It is plausible that young tennis players unconsciously adjust 
their movement intensity to the affordances offered by the equipment to maintain a sus-
tainable and competitive effort level [70]. This behaviour is typical of the intermittent na-
ture of tennis, where total load is a product of both the duration and intensity of high-
intensity efforts. In this context, studies have shown that fatigue critically affects technical 
precision (up to 81%) and kinematic efficiency before affecting average cardiac parameters 
[1,73]. In fact, fatigue induces variability in motor control and reduces the efficiency of the 
kinetic chain in the serve, affecting ball speed and trunk stability [73,74]. 

A critical finding was the positive influence of PAQ-A and PHV on Max HR. The 
model with the most relative support for max HR included PHV and physical activity 
level, with clear evidence in favor of their inclusion (BFincl = 15.842 for PAQ-A and 4.985 
for PHV). The positive relationship between PHV and internal load reinforces the idea 
that physiological analysis at these ages must be linked to maturity status rather than 
chronological age. Since children at this stage are approaching their peak height velocity, 
their vulnerability to training loads increases due to neuromuscular and coordination 
changes [71]. 

The Bayesian models developed in this study reached model-averaged coefficients of 
determination of R2 = 0.458 for Max HR and R2 = 0.382 for Avg HR. These results indicate 
that while biological maturation and physical activity levels are strong predictors, approx-
imately 54% to 62% of the heart rate variability remains unexplained by the included co-
variates. This finding suggests that internal load in 9–11-year-old tennis is a multi-factorial 
phenomenon influenced by variables beyond individual characteristics, emphasizing the 
need to interpret these exploratory data cautiously given the modest sample size. Factors 
such as ambient temperature and humidity, which are critical for understanding environ-
mental physiological demands, as well as situational variables like match outcome, emo-
tional stress, or the tactical level of the opponent, likely account for the remaining vari-
ance. 

From a professional and ethical perspective, our findings highlight the need for train-
ing program designs to transcend chronological age. Coaches must understand that phys-
iological stress and load responsiveness are intrinsically linked to individual development 
and the child’s active lifestyle. This individualized approach is strongly supported by re-
cent advancements in sports technology. The application of wearable and perception-ac-
tion technological devices in youth sports provides meaningful, objective data on perfor-
mance variables that transcend standard age categories [6]. By adopting such sensor-
based assessment tools, practitioners can effectively tailor training and monitor loads ac-
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cording to the athlete’s specific biological profile rather than relying exclusively on stand-
ardized chronological brackets. 

The transition from the green ball to the standard ball should not be a bureaucratic 
event based on the athlete’s birthday, but a process guided by their biological profile and 
technical-tactical mastery. Using Maturity Offset allows coaches to identify periods of ad-
olescent awkwardness, where disproportionate growth alters motor coordination and 
joint stiffness, increasing injury risk [13,14]. During these phases, using green balls allows 
the player to continue developing tactical intelligence and efficacy without overloading a 
neuromuscular system that is undergoing full restructuring [70,75]. Likewise, the Youth 
Physical Development (YPD) Model suggests that while strength and speed are trainable 
at all stages, the transition to more demanding materials should align with the natural 
increase in post-PHV androgenic hormone levels, which provide the structural support 
needed to handle higher-pressure balls without compromising hitting mechanics [71]. 

Limitations and Future Research Lines 

Despite the contributions of this study, several limitations must be acknowledged. 
First, several specific limitations regarding the sample must be acknowledged. First, the 
unequal sex distribution within our cohort may limit the generalizability of the findings 
across genders. Second, biological maturation was estimated indirectly using the Maturity 
Offset method rather than direct skeletal age assessments due to lack of instrumentation. 
Given these constraints, the small participant sample size and the nested nature of the 
match observations, the findings of this study should be interpreted as exploratory. Future 
research should aim to replicate these models using larger, sex-balanced cohorts and di-
rect maturational assessments. 

The generalizability of the findings is also constrained by the competitive format 
used. The matches followed a round-robin structure consisting of a single 4-game set with 
a “golden point”. While this format was chosen to control duration and ensure representa-
tive demands, the physiological responses might differ in standard competitive formats. 
An additional methodological limitation is the replacement of three participants between 
testing sessions to maintain the organizational structure of the tournament. While neces-
sary for ecological validity, this substitution disrupted the perfect repeated-measures 
structure and resulted in an unbalanced dataset, although our Bayesian analytical frame-
work effectively mitigated the loss of statistical power. 

Furthermore, regarding the assessment of physical activity, the PAQ-A questionnaire 
was originally validated for adolescents. Although it is widely used in school settings, its 
application in 9-to-10-year-old children may present challenges in self-reporting accuracy 
due to the cognitive developmental stage of this specific age group. This was minimized 
through the presence of two authors during the questionnaire filling for answering 
doubts. 

The Bayesian models developed in this study yielded moderate model-averaged co-
efficients of determination. This emphasizes that internal load in Under-10 tennis is a 
highly complex, multi-factorial phenomenon. Unmeasured factors such as environmental 
conditions (temperature and humidity) and situational variables (match outcome, oppo-
nent’s tactical level) likely account for this remaining variance, highlighting the need for 
future explanatory models to integrate these dimensions. 

Additionally, internal load was monitored exclusively through heart rate. Although 
it is considered a gold standard, future research should incorporate HR variability to eval-
uate autonomic recovery, as well as Rating of Perceived Exertion scales adapted for chil-
dren to capture the psychological dimension of fatigue; or recovery kinetics and lactate. 
Finally, the study focused on a specific age range; expanding future research toward ear-
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lier stages (red/orange balls) or later phases would provide a longitudinal perspective on 
how biomechanical efficiency and maturation mitigate the impact of standard equipment. 

5. Conclusions 
The preliminary findings of this exploratory study suggest that, under the specific 

conditions of this study, the acute physiological response in 9–11-year-old tennis players 
measured through internal load, appears to be similar regardless of the compression of 
the ball used (green vs. standard). The Bayesian analysis provided evidence consistent 
with the absence of a meaningful difference in heart rate in this experimental setting, sug-
gesting that players in developmental stages may possess self-regulation mechanisms that 
allow them to adapt their movement intensity to the mechanical properties of the equip-
ment, maintaining a stable and functional level of cardiovascular stress. Therefore, the 
transition from low-compression balls to standard balls does not appear to represent, by 
itself, an increased risk of excessive metabolic fatigue in this age group during short com-
petitive matches. 

However, this study highlights that the design of training loads and competitive pro-
gression should ideally go beyond the athletes’ chronological age. Identifying PHV and 
previous physical activity levels as the most robust predictors of cardiac response in our 
models suggests that these variables are more informative predictors of internal load than 
the equipment itself. Consequently, sensor-based monitoring in youth tennis gains its true 
clinical and sporting value when internal load data are normalized according to the indi-
vidual maturation profile, allowing for early detection of periods of coordination vulner-
ability or adolescent awkwardness. 

Finally, this work reinforces the importance of integrating active lifestyle habits as a 
foundation for on-court performance. High levels of general physical activity not only led 
to a greater capacity for effort during competition but also appeared to act as a protective 
factor against elevated cardiovascular strain. In terms of practical application, and pend-
ing validation in larger cohorts, it is recommended that coaches and federations treat the 
transition of materials as a flexible and personalized process, guided by the player’s so-
matic maturity and mechanical efficiency, thus ensuring the healthy, long-term develop-
ment of the young tennis player. 

Author Contributions: Conceptualization, A.P.-P., J.M.G.-E., M.C., J.F.G., M.R.-C. and R.M.-G.; 
methodology, A.P.-P., J.M.G.-E., M.C., J.F.G., M.R.-C. and R.M.-G.; software, A.P.-P., J.M.G.-E., 
M.R.-C., and R.M.-G.; formal analysis, A.P.-P., J.M.G.-E., M.R.-C. and R.M.-G.; investigation, A.P.-
P., J.M.G.-E., M.R.-C., and R.M.-G.; data curation, A.P.-P., J.M.G.-E. and M.R.-C.; writing—original 
draft preparation, A.P.-P., J.M.G.-E., M.C., J.F.G., M.R.-C. and R.M.-G.; writing—review and editing, 
A.P.-P., J.M.G.-E., M.C., J.F.G., M.R.-C. and R.M.-G.; visualization, J.M.G.-E.; supervision, M.C., 
J.F.G. and R.M.-G.; project administration, R.M.-G.; funding acquisition, A.P.-P. and R.M.-G. All 
authors have read and agreed to the published version of the manuscript. 

Funding: This research was funded by the Generalitat Valenciana through the grants to Emergent 
Research Groups program (reference: CIGE/2023/127). Additionally, author A.P.-P. was supported 
by a predoctoral grant (reference CIACIF/2024/507) funded by the Generalitat Valenciana. 

Institutional Review Board Statement: The study was conducted in accordance with the Declara-
tion of Helsinki and approved by the Ethics Committee of the University of Valencia (2025-FIS-
3843453). 

Informed Consent Statement: Informed consent was obtained from all subjects and their par-
ents/tutors involved in the study. 



Sensors 2026, 26, 4521 17 of 20 
 

https://doi.org/10.3390/s26144521 

Data Availability Statement: The data presented in this study are available on request from the 
corresponding author. The data are not publicly available due to privacy and ethical restrictions, as 
the study involved the physiological monitoring of minors and was conducted under the confiden-
tiality protocols. 

Conflicts of Interest: The authors declare no conflicts of interest. The funders had no role in the 
design of the study; in the collection, analyses, or interpretation of data; in the writing of the manu-
script; or in the decision to publish the results. 

Abbreviations 
The following abbreviations are used in this manuscript: 

Max/Avg HR Maximal Heart Rate/Average Heart Rate 
PHV Peak Height Velocity 
U19, U12 Players under the indicated age (under 19-year-old, under 12…) 
RFET Real Federación Española de Tenis 
ITF International Tennis Federation 
BF Bayes Factor 
BFincl Bayes inclusion factors 
CrI Credible interval 
cnt Count 
s Seconds 

References 
1. Kovacs, M.S. Tennis Physiology. Sports Med. 2007, 37, 189–198. https://doi.org/10.2165/00007256-200737030-00001. 
2. Sibte, N. Strength and Conditioning for Tennis. In Strength and Conditioning for Sports Performance; Jeffreys, I., Moody, J., Eds.; 

Routledge: New York, NY, USA, 2021; p. 13. 
3. Torres-Luque, G.; Sánchez-Pay, A.; Belmonte, M.J.B.; Ramón, M.M. Functional Aspects of Competitive Tennis. J. Hum. Sport 

Exerc. 2011, 6, 528–539. https://doi.org/10.4100/jhse.2011.63.07. 
4. Impellizzeri, F.M.; Marcora, S.M.; Coutts, A.J. Internal and External Training Load: 15 Years On. Int. J. Sports Physiol. Perform. 

2019, 14, 270–273. https://doi.org/10.1123/ijspp.2018-0935. 
5. Soligard, T.; Schwellnus, M.; Alonso, J.M.; Bahr, R.; Clarsen, B.; Dijkstra, H.P.; Gabbett, T.; Gleeson, M.; Hägglund, M.; 

Hutchinson, M.R.; et al. How Much Is Too Much? (Part 1) International Olympic Committee Consensus Statement on Load in 
Sport and Risk of Injury. Br. J. Sports Med. 2016, 50, 1030–1041. https://doi.org/10.1136/bjsports-2016-096581. 

6. Mancini, N.; Moscatelli, F.; Di Padova, M.; Mancini, S.; Basta, A.; Guerriero, M.A.; Di Pace, A.; Limone, P.; Colella, D.; Grosu, 
V.T.; et al. The Relationship between Reaction Time and Agility Performance in Young Athletes: A Study Using Perception–
Action Technological Devices. J. Phys. Educ. Sport 2024, 24, 2205–2215. 

7. Sierra-Ríos, J.V.; Clemente, F.M.; Teoldo, I.; González-Víllora, S. Internal and External Load Variations in Young Students: Com-
parisons between Small-Sided Games and Small-Sided Games Combined with Strength Training during Physical Education 
Classes. Int. J. Environ. Res. Public Health 2021, 18, 1926. https://doi.org/10.3390/ijerph18041926. 

8. Gómez-Carmona, C.D.; Gamonales-Puerto, J.M.; Feu, S.; Ibáñez, S.J. Estudio de La Carga Interna y Externa a Través de 
Diferentes Instrumentos. Un Estudio de Casos En Fútbol Formativo. Sport. Sci. J. Sch. Sport Phys. Educ. Psychomot. 2019, 5, 444–
468. https://doi.org/10.17979/sportis.2019.5.3.5464. 

9. Marzano-Felisatti, J.M.; Martínez-Gallego, R.; Pino-Ortega, J.; García-de-Alcaraz, A.; Priego-Quesada, J.I.; Guzmán Luján, J.F. 
Analysing Physical Performance Indicators Measured with Electronic Performance Tracking Systems in Men’s Beach Volleyball 
Formative Stages. Sensors 2024, 24, 7524. https://doi.org/10.3390/s24237524. 

10. Fernandez, J.; Mendez-Villanueva, A.; Pluim, B.M. Intensity of Tennis Match Play. Br. J. Sports Med. 2006, 40, 387–391. 
https://doi.org/10.1136/bjsm.2005.023168. 

11. Baiget, E.; Fernández-Fernández, J.; Iglesias, X.; Rodríguez, F.A. Tennis Play Intensity Distribution and Relation with Aerobic 
Fitness in Competitive Players. PLoS ONE 2015, 10, e0131304. https://doi.org/10.1371/journal.pone.0131304. 

12. Moreira, A.; Gomes, R.V.; Capitani, C.D.; Lopes, C.R.; Santos, A.R.; Aoki, M.S. Training Intensity Distribution in Young Tennis 
Players. Int. J. Sports Sci. Coach. 2016, 11, 880–886. https://doi.org/10.1177/1747954116676115. 



Sensors 2026, 26, 4521 18 of 20 
 

https://doi.org/10.3390/s26144521 

13. Fernandez-Fernandez, J.; Canós-Portalés, J.; Martínez-Gallego, R.; Corbi, F.; Baiget, E. Effects of Different Maturity Status on 
Change of Direction Performance of Youth Tennis Players. Biol. Sport 2023, 40, 867–876. https://doi.org/10.5114/bi-
olsport.2023.121324. 

14. Lopez-Valenciano, A.; Ayala, F.; De Ste Croix, M.B.A.; Barbado, D.; Moreno-Perez, V.; Sanz-Rivas, D.; Fernandez-Fernandez, J. 
The Association Between Chronological Age and Maturity Status on Lower Body Clinical Measurements and Asymmetries in 
Elite Youth Tennis Players. Sports Health 2023, 15, 250–259. https://doi.org/10.1177/19417381221083319. 

15. Villafaina, S.; Crespo, M.; Martínez-Gallego, R.; Fuentes-García, J.P. Heart Rate Variability in Elite International ITF Junior Davis 
Cup Tennis Players. Biology 2022, 12, 17. https://doi.org/10.3390/biology12010017. 

16. Kozieł, S.M.; Malina, R.M. Modified Maturity Offset Prediction Equations: Validation in Independent Longitudinal Samples of 
Boys and Girls. Sports Med. 2018, 48, 221–236. https://doi.org/10.1007/s40279-017-0750-y. 

17. Kowalski, K.C.; Crocker, P.R.E.; Kowalski, N.P. Convergent Validity of the Physical Activity Questionnaire for Adolescents. 
Pediatr. Exerc. Sci. 1997, 9, 342–352. https://doi.org/10.1123/pes.9.4.342. 

18. Martínez-Gómez, D.; Martínez-de-Haro, V.; Pozo, T.; Welk, G.J.; Villagra, A.; Calle, M.E.; Marcos, A.; Veiga, O.L. Fiabilidad y 
Validez Del Cuestionario de Actividad Física PAQ-A En Adolescentes Españoles. Rev. Esp. Salud Publica 2009, 83, 427–439. 

19. Limpens, V.; Buszard, T.; Shoemaker, E.; Savelsbergh, G.J.P.; Reid, M. Scaling Constraints in Junior Tennis: The Influence of Net 
Height on Skilled Players’ Match-Play Performance. Res. Q. Exerc. Sport 2018, 89, 1–10. 
https://doi.org/10.1080/02701367.2017.1413230. 

20. Kachel, K.; Buszard, T.; Reid, M. The Effect of Ball Compression on the Match-Play Characteristics of Elite Junior Tennis Players. 
J. Sports Sci. 2015, 33, 320–326. https://doi.org/10.1080/02640414.2014.942683. 

21. Buszard, T.; Farrow, D.; Reid, M.; Masters, R.S.W. Scaling Sporting Equipment for Children Promotes Implicit Processes during 
Performance. Conscious. Cogn. 2014, 30, 247–255. https://doi.org/10.1016/j.concog.2014.07.004. 

22. Farrow, D.; Reid, M. The Effect of Equipment Scaling on the Skill Acquisition of Beginning Tennis Players. J. Sports Sci. 2010, 
28, 723–732. https://doi.org/10.1080/02640411003770238. 

23. Chapelle, L.; Tassignon, B.; Aerenhouts, D.; Zinzen, E. Influence of Scaling on Match Play Characteristics in Youth Tennis: A 
Systematic Review. Int. J. Sports Sci. Coach. 2023, 18, 1726–1734. 

24. Buszard, T.; Reid, M.; Masters, R.; Farrow, D. Scaling the Equipment and Play Area in Children’s Sport to Improve Motor Skill 
Acquisition: A Systematic Review. Sports Med. 2016, 46, 829–843. 

25. Piquer-Piquer, A.; Crespo, M.; Ramón-Llin, J.; Guzmán, J.F.; Martínez-Gallego, R. Exploring the Impact of Equipment Modifi-
cations on Novice Tennis Players: A Scoping Review. Front. Psychol. 2025, 16, 1536427. 
https://doi.org/10.3389/fpsyg.2025.1536427. 

26. Buszard, T.; Garofolini, A.; Whiteside, D.; Farrow, D.; Reid, M. Children’s Coordination of the “Sweet Spot” When Striking a 
Forehand Is Shaped by the Equipment Used. Sci. Rep. 2020, 10, 21003. https://doi.org/10.1038/s41598-020-77627-5. 

27. Buszard, T.; Garofolini, A.; Reid, M.; Farrow, D.; Oppici, L.; Whiteside, D. Scaling Sports Equipment for Children Promotes 
Functional Movement Variability. Sci. Rep. 2020, 10, 3111. https://doi.org/10.1038/s41598-020-59475-5. 

28. Broadbent, N.; Buszard, T.; Farrow, D.; Reid, M. Scaling Junior Sport Competition: A Body-Scaling Approach? J. Sports Sci. 2021, 
39, 2746–2754. https://doi.org/10.1080/02640414.2021.1956217. 

29. Fadier, M.; Touzard, P.; Lecomte, C.; Bideau, B.; Cantin, N.; Martin, C. Do Serve Distance and Net Height Modify Serve Biome-
chanics in Young Tennis Players? Int. J. Sports Sci. Coach. 2023, 18, 1513–1520. https://doi.org/10.1177/17479541221114106. 

30. Touzard, P.; Lecomte, C.; Bideau, B.; Kulpa, R.; Fourel, L.; Fadier, M.; Cantin, N.; Martin, C. There Is No Rush to Upgrade the 
Tennis Racket in Young Intermediate Competitive Players: The Effects of Scaling Racket on Serve Biomechanics and Perfor-
mance. Front. Psychol. 2023, 14, 1104146. https://doi.org/10.3389/fpsyg.2023.1104146. 

31. Larson, E.J.; Guggenheimer, J.D. The Effects of Scaling Tennis Equipment on the Forehand Groundstroke Performance of Chil-
dren. J. Sports Sci. Med. 2013, 12, 323–331. 

32. Prodan, R.; Grosu, E.-F. Specific Skills Development Using Appropriate Tools in the Tennis Game. Gymnasium 2017, 18, 43–54. 
https://doi.org/10.29081/gsjesh.2017.18.2.03. 

33. Buszard, T.; Oppici, L.; Westerbeek, H.; Farrow, D. Implementation of a Modified Sport Programme to Increase Participation: 
Key Stakeholder Perspectives. J. Sports Sci. 2020, 38, 945–952. https://doi.org/10.1080/02640414.2020.1737370. 

34. Martínez-Gallego, R.; Jones, T.; Crespo, M. Impact of the ITF Tennis Play and Stay Campaign on 10-and-under Tennis: The 
Views of Top National Federation Experts. ITF Coach. Sport Sci. Rev. 2022, 30, 37–41. https://doi.org/10.52383/itfcoach-
ing.v30i86.321. 



Sensors 2026, 26, 4521 19 of 20 
 

https://doi.org/10.3390/s26144521 

35. Corrêa Cortela, C.; Fuentes García, J.P.; Davis Higuera, M.; Campos Aburachid, L.M. The Transition Process towards the Yellow 
Ball in Tennis Teaching. ITF Coach. Sport Sci. Rev. 2019, 27, 31–33. https://doi.org/10.52383/itfcoaching.v27i79.82. 

36. Davies, K. Perceptions of Coaches of a Scaled Tennis Equipment Program. ITF Coach. Sport Sci. Rev. 2019, 77, 26–29. 
37. Schmidhofer, S.; Leser, R.; Ebert, M. A Comparison between the Structure in Elite Tennis and Kids Tennis on Scaled Courts 

(Tennis 10s). Int. J. Perform. Anal. Sport 2014, 14, 829–840. https://doi.org/10.1080/24748668.2014.11868761. 
38. Giménez-Egido, J.M.; Fernández-García, A.I.; Castellanos, A. Análisis Del Golpeo de Fondo En Jóvenes Jugadores de Tenis En 

Una Competición Modificada Mediante Sensores Inteligentes. JUMP 2020, 1, 39–44. https://doi.org/10.17561/jump.n1.4. 
39. Gimenez-Egido, J.M.; Ortega-Toro, E.; Palao, J.M.; Torres-Luque, G. Effect of Scaling Equipment on U-10 Players Tennis Serve 

during Match-Play: A Nonlinear Pedagogical Approach. Chaos Solitons Fractals 2020, 139, 110011. 
https://doi.org/10.1016/j.chaos.2020.110011. 

40. Gimenez-Egido, J.M.; Ortega-Toro, E.; Palao, J.M.; Verdú-Conesa, I.; Torres-Luque, G. Effect of Modification Rules in Competi-
tion on Technical–Tactical Action in Young Tennis Players (Under-10). Front. Psychol. 2020, 10, 2789. 
https://doi.org/10.3389/fpsyg.2019.02789. 

41. Timmerman, E.; De Water, J.; Kachel, K.; Reid, M.; Farrow, D.; Savelsbergh, G. The Effect of Equipment Scaling on Children’s 
Sport Performance: The Case for Tennis. J. Sports Sci. 2015, 33, 1093–1100. https://doi.org/10.1080/02640414.2014.986498. 

42. Bayer, D.; Ebert, M.; Leser, R. A Comparison of the Playing Structure in Elite Kids Tennis on Two Different Scaled Courts. Int. 
J. Perform. Anal. Sport 2017, 17, 34–43. https://doi.org/10.1080/24748668.2017.1303977. 

43. Fitzpatrick, A.; Davids, K.; Stone, J.A. Effects of Scaling Task Constraints on Emergent Behaviours in Children’s Racquet Sports 
Performance. Hum. Mov. Sci. 2018, 58, 80–87. https://doi.org/10.1016/j.humov.2018.01.007. 

44. Fitzpatrick, A.; Davids, K.; Stone, J.A. Effects of Lawn Tennis Association Mini Tennis as Task Constraints on Children’s Match-
Play Characteristics. J. Sports Sci. 2017, 35, 2204–2210. https://doi.org/10.1080/02640414.2016.1261179. 

45. Kilit, B.; Arslan, E.; Soylu, Y.; Lane, A.M. Does Playing Tennis with a Low-Compression Ball Effect Psychophysiological Re-
sponses and Match Characteristics in Recreational Adult Players? Sports 2024, 12, 80. https://doi.org/10.3390/sports12030080. 

46. Sánchez-Alcaraz, B.J. Analysis of the Temporary Aspects and Actions of the Game in Performance Junior Players and the Dif-
ferences When Playing with Adapted Material. ITF Coach. Sport Sci. Rev. 2013, 21, 40–42. 

47. International Tennis Federation ITF Rules of Tennis. Available online: https://www.itftennis.com/media/7221/2026-rules-of-ten-
nis-english.pdf (accessed on 12 July 2026).  

48. RFET; CEAT Reglamento Técnico de Competición 2025. Available online: https://www.rfet.es/es/rfet-transparencia-reglamen-
tos-deportivos.html (accessed on 12 July 2026). 

49. Sanz Rivas, D.; Fernández Fernández, J.; Ruiz-Cotorro Santos, Á.; Ruiz-Cotorro Sagastizabal, Á.; Segura, X.; Jiménez Almendros, 
L.; Crespo, M.; Martínez Gallego, R. Tenis X Etapas. Plan de Desarrollo Del Jugador de Tenis; Sanz, D., Soler, J., Eds.; Real Federación 
Española de Tenis: Madrid, Spain, 2019. 

50. Stefan, A.M.; Gronau, Q.F.; Schönbrodt, F.D.; Wagenmakers, E.J. A Tutorial on Bayes Factor Design Analysis Using an Informed 
Prior. Behav. Res. Methods 2019, 51, 1042–1058. https://doi.org/10.3758/S13428-018-01189-8. 

51. Schönbrodt, F.D.; Wagenmakers, E.J. Bayes Factor Design Analysis: Planning for Compelling Evidence. Psychon. Bull. Rev. 2017, 
25, 128–142. https://doi.org/10.3758/S13423-017-1230-Y. 

52. Kim, M.; Park, C.; Yoon, J. The Design of GNSS/IMU Loosely-Coupled Integration Filter for Wearable EPTS of Football Players. 
Sensors 2023, 23, 749. https://doi.org/10.3390/s23041749. 

53. Bosco, C.; Luhtanen, P.; Komi, P.V. A Simple Method for Measurement of Mechanical Power in Jumping. Eur. J. Appl. Physiol. 
Occup. Physiol. 1983, 50, 273–282. https://doi.org/10.1007/BF00422166. 

54. Hopkins, W.G.; Marshall, S.W.; Batterham, A.M.; Hanin, J. Progressive Statistics for Studies in Sports Medicine and Exercise 
Science. Med. Sci. Sports Exerc. 2009, 41, 3–12. https://doi.org/10.1249/MSS.0b013e31818cb278. 

55. van Doorn, J.; van den Bergh, D.; Böhm, U.; Dablander, F.; Derks, K.; Draws, T.; Etz, A.; Evans, N.J.; Gronau, Q.F.; Haaf, J.M.; et 
al. The JASP Guidelines for Conducting and Reporting a Bayesian Analysis. Psychon. Bull. Rev. 2021, 28, 813–826. 
https://doi.org/10.3758/s13423-020-01798-5. 

56. Berger, J.O. Bayesian Model Selection and Hypothesis Testing. In Proceedings of the Eighth Valencia International Meeting, Valencia, 
Spain, 2–6 June 2006; Bernardo, J.M., Dawid, A.P., Bayarri, M.J., Berger, J.O., Heckerman, D., Smith, A.F.M., West, M., Eds.; 
Oxford University Press: Valencia, Spain, 2006; pp. 635–670. 

57. Gallistel, C.R. The Importance of Proving the Null. Psychol. Rev. 2009, 116, 439–453. https://doi.org/10.1037/a0015251. 
58. Etz, A.; Gronau, Q.F.; Dablander, F.; Edelsbrunner, P.A.; Baribault, B. How to Become a Bayesian in Eight Easy Steps: An An-

notated Reading List. Psychon. Bull. Rev. 2018, 25, 219–234. https://doi.org/10.3758/s13423-017-1317-5. 



Sensors 2026, 26, 4521 20 of 20 
 

https://doi.org/10.3390/s26144521 

59. Lee, M.D.; Wagenmakers, E.J. Bayesian Cognitive Modeling: A Practical Course; Cambridge University Press: Cambridge, UK, 2013. 
60. Jeffreys, H. Theory of Probability; 3rd ed.; Oxford University Press: Oxford, UK, 1961. 
61. Rouder, J.N.; Morey, R.D.; Speckman, P.L.; Province, J.M. Default Bayes Factors for ANOVA Designs. J. Math. Psychol. 2012, 56, 

356–374. https://doi.org/10.1016/j.jmp.2012.08.001. 
62. Jarosz, A.F.; Wiley, J. What Are the Odds? A Practical Guide to Computing and Reporting Bayes Factors. J. Probl. Solving 2014, 

7, 2. https://doi.org/10.7771/1932-6246.1167. 
63. Wetzels, R.; Matzke, D.; Lee, M.D.; Rouder, J.N.; Iverson, G.J.; Wagenmakers, E.-J. Statistical Evidence in Experimental Psychol-

ogy. Perspect. Psychol. Sci. 2011, 6, 291–298. https://doi.org/10.1177/1745691611406923. 
64. van den Bergh, D.; Wagenmakers, E.J.; Aust, F. Bayesian Repeated-Measures Analysis of Variance: An Updated Methodology 

Implemented in JASP. Adv. Methods Pract. Psychol. Sci. 2023, 6, 1–11. https://doi.org/10.1177/25152459231168024. 
65. Fernández, C.; Ley, E.; Steel, M.F.J. Model Uncertainty in Cross-country Growth Regressions. J. Appl. Econom. 2001, 16, 563–576. 

https://doi.org/10.1002/jae.623. 
66. Westfall, P. A Bayesian Perspective on the Bonferroni Adjustment. Biometrika 1997, 84, 419–427. https://doi.org/10.1093/bi-

omet/84.2.419. 
67. JASP Team. JASP, version 0.95.0; JASP: Amsterdam, The Netherlands, 2024. 
68. Kruschke, J.K. Bayesian Analysis Reporting Guidelines. Nat. Hum. Behav. 2021, 5, 1282–1291. https://doi.org/10.1038/s41562-021-

01177-7. 
69. Sinkovic, F.; Novak, D.; Foretic, N.; Zemková, E. The Effects of Biological Age on Speed-Explosive Properties in Young Tennis 

Players. J. Funct. Morphol. Kinesiol. 2023, 8, 48. https://doi.org/10.3390/jfmk8020048. 
70. Rodríguez-Campos, M.; Piquer-Piquer, A.; Giménez-Egido, J.M.; Ramón-Llin, J.; Francisco Guzmán, J.; Sánchez-Alcaraz, B.; 

Vuckovic, G.; Martínez-Gallego, R. Effects of Ball Type and Maturity Status on U10 Tennis Players Competition Load. Front. 
Psychol. 2026, 17, 1719947. https://doi.org/10.3389/fpsyg.2026.1719947. 

71. Lloyd, R.S.; Oliver, J.L. The Youth Physical Development Model: A New Approach to Long-Term Athletic Development. 
Strength Cond. J. 2012, 34, 61–72. https://doi.org/10.1519/SSC.0b013e31825760ea. 

72. Mirwald, R.L.; G Baxter-jones, A.D.; Bailey, D.A.; Beunen, G.P.; Baxter-jones, D.G.; Bailey, D.A.; Beunen, G.P. Physical Fitness 
and Performance. Med. Sci. Sports Exerc. 2002, 34, 689–694. 

73. Lambrich, J.; Muehlbauer, T. Effects of Fatigue on Physiological, Physical Fitness, and Stroke Performance Related Parameters 
in Healthy Tennis Players: A Systematic Review and Meta-Analysis. Front. Sports Act. Living 2025, 7, 1578914. 
https://doi.org/10.3389/fspor.2025.1578914. 

74. Bilić, Z.; Očić, M.; Dukarić, V.; Petrinović, L.; Barbaros, P. Effects of Physiological Load on Kinematic Variables Related to Tennis 
Serve Performance. Sports 2025, 13, 197. https://doi.org/10.3390/sports13070197. 

75. Gimenez-Egido, J.M.; Carvalho, J.; Araújo, D.; Ortega-Toro, E. Perceived Self-Efficacy by Under-10 Tennis Players When Scaling 
the Equipment and Play Area. Psychol. Sport Exerc. 2023, 67, 102407. https://doi.org/10.1016/j.psychsport.2023.102407. 

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-
thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to 
people or property resulting from any ideas, methods, instructions or products referred to in the content. 


