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Bibliometric analysis

We conducted a bibliometric analysis using the Web of Science Core Collection, including all

manuscripts (excluding reviews) citing the original or revised maturity offset equation (Mirwald et

al., 2002; Moore et al., 2015). Bibliographic data were exported in BibTeX format and processed

with the bibliometrix package in R (R Core Team, 2024). The search, last updated in August

2025, served as a proxy for the use of the maturity offset equation in youth research.

In total, 2,092 articles cited these references, with the majority published in journals classified under

Sport Sciences. Some journals were assigned to multiple Web of Science research areas, resulting

in 3,113 entries overall. Table S1 summarizes the top 10 research areas, showing that applied sport

science predominates (1,151 entries; 37.0%), followed by contributions from Physiology, Pediatrics,

Public, Environmental & Occupational Health, and Hospitality, Leisure, Sport & Tourism. A the-
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matic analysis of article titles and keywords indicates that, even in journals outside Sport Sciences,

much of the research focuses on sport or exercise, highlighting the interdisciplinary application of

the maturity offset equation. To provide a visual overview of thematic emphasis, a word cloud

based on author keyword frequency was produced, where larger terms indicate higher frequency

across the citing articles (Figure S1).

Table S1: Top 10 Web of Science research areas for articles citing the maturity offset equation (n
= 3,113 entries, as some journals are identified in multiple research areas)

Rank WOS Research Area Articles (n)

% of Total (n =

3,113)

1 Sport Sciences 1151 37.0%

2 Physiology 300 9.6%

3 Pediatrics 233 7.5%

4 Public, Environmental & Occupational Health 73 2.3%

5 Nutrition & Dietetics 57 1.8%

6 Multidisciplinary Science 94 3.0%

7 Endocrinology & Metabolism 92 3.0%

8 Hospitality, Leisures, Sport & Tourism 83 2.7%

9 Environmental Sciences 78 2.5%

10 Biology 70 2.2%

A total of 348 journals cited the original or revised maturity offset equation, with 2,092 articles

included in the analysis. The majority of citations were concentrated in sport science journals, led

by the Journal of Strength and Conditioning Research (133 articles) and the Journal of Sports Sci-

ences (113). Other frequently cited journals included Pediatric Exercise Science (91), International

Journal of Environmental Research and Public Health (73), and PLOS ONE (57). The top 20 jour-

nals collectively accounted for a substantial proportion of all citations, reflecting the strong focus

of maturity offset research within applied sport science, physiology, and related interdisciplinary

fields.
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Figure S1: Word cloud of author keywords from articles citing the maturity offset equation. The
size of each term reflects its frequency across the 2,092 citing articles, with larger terms indicating
more commonly used keywords.
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Table S2: Top 20 journals citing the maturity offset equation (n = 2,092 articles; 348 journals in
total)

Rank Journal Title Articles (n)

1 Journal of Strength and Conditioning Research 133

2 Journal of Sports Sciences 113

3 Pediatric Exercise Science 91

4 International Journal of Environmental Research and Public Health 73

5 PLOS ONE 57

6 Scandinavian Journal of Medicine & Science in Sports 51

7 European Journal of Applied Physiology 48

8 Frontiers in Physiology 48

9 Medicine and Science in Sports and Exercise 47

10 Sports 40

11 International Journal of Sports Medicine 32

12 European Journal of Sport Science 31

13 International Journal of Sports Physiology and Performance 30

14 American Journal of Human Biology 29

15 Frontiers in Sports and Active Living 29

16 Journal of Human Kinetics 29

17 Journal of Science and Medicine in Sport 28

18 Journal of Sports Medicine and Physical Fitness 27

19 - 21 Applied Physiology Nutrition and Metabolism; Applied Sciences –

Basel; Children – Basel

26

Figure S2 presents a world map of manuscript frequencies citing the maturity offset equation by

corresponding author’s country. Table S2 provides absolute counts and relative percentages of the

2,092 articles. The United Kingdom emerged as the leading contributor (16.5%), followed by Brazil

(11.0%) and Spain (10.8%), indicating strong outputs from Europe and South America. North

America (Canada 7.3%; USA 6.8%) and Portugal (6.3%) also featured prominently. Collectively,
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these countries account for nearly 60% of all citations, underscoring a regional concentration of

research leadership. At the same time, smaller but consistent contributions from countries such as

Australia, Germany, Chile, and Tunisia illustrate the broader global use/citation of the maturity

offset equation.

Table S3: Frequency of manuscripts citing the maturity offset equation by corresponding author’s
country (n = 2,092).

Rank Country Frequency % of Total (n = 2,092)

1 UK 346 16.5%

2 Brazil 229 11.0%

3 Spain 225 10.8%

4 Canada 152 7.3%

5 USA 143 6.8%

6 Portugal 131 6.3%

7 Australia 90 4.3%

8 Germany 88 4.2%

9 Chile 67 3.2%

10 France 53 2.5%

11 Italy 50 2.4%

12 Belgium 46 2.2%

12 New Zealand 46 2.2%

14 Switzerland 40 1.9%

15 Tunisia 37 1.8%

16 Greece 35 1.7%

16 Qatar 35 1.7%

18 Poland 28 1.3%

19 Finland 22 1.1%

19 Japan 22 1.1%
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Figure S2: Worldwide geographic distribution of research citing the maturity offset equation.

Simulated Growth Data

We simulated longitudinal stature data to evaluate the accuracy of the maturity offset prediction

equation under varying maturity conditions. The simulation was based on Model 2 from Preece &

Baines (1978), which incorporates biologically plausible variation in growth timing and tempo by

assigning individuals to early, on-time, and late maturing groups. This approach reflects typical

maturity-related variability observed in youth populations and follows recommendations from pre-

vious simulation-based validation studies of age at peak height velocity (PHV) prediction methods

(Cao et al., 2018; Sayers et al., 2013; Simpkin et al., 2017).

Simulation Design

The dataset consists of 500 individuals (250 males and 250 females), with stature measured at

0.5-year intervals between ages 7.0 and 18.0 years. Each individual was randomly assigned to

one of three sex-specific maturity timing groups—early (16%), on-time (68%), or late (16%)—

approximating a normal distribution of maturity timing.

Growth trajectories were generated using a modified Preece–Baines-like logistic growth model, pa-
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rameterized by biologically informed values for initial stature, adult stature, growth tempo, and age

at PHV. Stature at each age statures at each age was computed from a sigmoidal curve centered

on the individual’s age at PHV.

Simulation Model Specification

Individual stature at age 𝑡, denoted stature𝑖𝑡, was modeled as:

stature𝑖𝑡 = 𝑠𝑡𝑎𝑡𝑢𝑟𝑒𝑖,7 + 𝑠𝑡𝑎𝑡𝑢𝑟𝑒𝑖,adult − 𝑠𝑡𝑎𝑡𝑢𝑟𝑒𝑖,7
1 + exp [−𝑘𝑖 ⋅ (𝑡 − APHV𝑖)]

Where:

• stature𝑖𝑡 is the simulated stature (cm) for individual 𝑖 at age 𝑡
• 𝑠𝑡𝑎𝑡𝑢𝑟𝑒𝑖,7 is the baseline stature at age 7, sampled from a sex-specific normal distribution

• 𝑠𝑡𝑎𝑡𝑢𝑟𝑒𝑖,adult is adult stature, sampled from a sex-specific normal distribution

• APHV𝑖 is the age at peak height velocity, sampled from a normal distribution conditional on

sex and maturity group

• 𝑘𝑖 is the growth tempo (steepness) parameter, sampled from a log-normal distribution allowing

individual variability in growth rate

This simulation follows the framework of Model 2 from the Preece–Baines growth function family

(Preece & Baines, 1978), which captures the sigmoidal growth curve with individualized timing and

tempo parameters. The true age at peak height velocity (PHV) was determined according to the

analytical approach described by Sayers et al. (2013).

Model Parameters

Simulated parameter values were drawn as follows:
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Table S4: Simulation parameters used for growth data generation

Parameter Females Males

𝑠𝑡𝑎𝑡𝑢𝑟𝑒𝑖,7

(cm)

N(124, 32) N(126, 32)

𝑠𝑡𝑎𝑡𝑢𝑟𝑒𝑖,adult

(cm)

N(165, 62) N(176, 62)

Growth rate

𝑘𝑖

log -normal(log(1.0), 0.152) Same for both sexes

Age at PHV

APHV𝑖

(years).

Early: N(10.5, 0.42) On-time:

N(11.8, 0.42) Late: N(13.0, 0.42)
Early: N(12.5, 0.42) On-time:

N(14.0, 0.42) Late: N(15.2, 0.42)

Data Generation

Individuals were assigned sex and maturity groups with approximate proportions of 16% early,

68% on-time, and 16% late maturers per sex, reflecting empirical distributions in pediatric growth

research (Malina et al., 2004).

Repeated stature measurements were simulated every 6 months between ages 7 and 18 years, re-

sulting in dense longitudinal data for each individual. True age at PHV values were recorded and

used as the reference standard for evaluating estimation accuracy.

The resulting dataset, which mirrors realistic adolescent growth patterns and inter-individual vari-

ability in maturation, was used to assess the performance of the maturity offset equation across sex

and maturity timing groups.

The generated simulation data is displayed in Figure S3, and the distribution of age at PHV is

shown in Figure S4.
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Figure S3: Simulated stature growth trajectories of individuals in the study dataset.
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Figure S4: Distribution of true age at peak height velocity (PHV) by maturity status group in the
simulated dataset.
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Real-world data

We analyzed repeated measures collected annually between 1997 and 2010 from children aged 7 to

16 years at a public federal school in Florianópolis, Santa Catarina, Brazil (Galvão et al., 2025). The

dataset included 3,568 observations (girls: 𝑛 = 1, 925; boys: 𝑛 = 1, 643) from 589 students (girls:

𝑛 = 290; boys: 𝑛 = 297). Measurements were collected by trained physical education teachers

under standardized conditions, with retrospective access approved by the local ethics committee

(protocol 80129124.0.0000.0121).

Model Error Metrics

To evaluate the accuracy of predicted values (e.g., predicted age at PHV), we used two commonly

reported error metrics: Mean Absolute Error (MAE) and Root Mean Square Error (RMSE).

The MAE measures the average magnitude of the errors between predicted and true PHV, disre-

garding their direction, given as:

MAE = 1
𝑛

𝑛
∑
𝑖=1

| ̂𝑦𝑖 − 𝑦𝑖|

Where, ̂𝑦𝑖 is the predicted PHV value for observation 𝑖, 𝑦𝑖 is the true PHV value for observation 𝑖,
𝑛 is the total number of observations, and | ⋅ | denotes the absolute value.

The RMSE also quantifies prediction error but gives more weight to larger errors by squaring the

residuals before averaging:

RMSE = √ 1
𝑛

𝑛
∑
𝑖=1

( ̂𝑦𝑖 − 𝑦𝑖)
2

MAE provides a straightforward indication of average error magnitude, while RMSE reflects both

the variance and magnitude of prediction errors. RMSE is more sensitive to outliers than MAE,

which can be particularly relevant when evaluating the consistency of model predictions across a

diverse sample. Both MAE and RMSE are reported in the same units as the outcome (years).

Lower values of both metrics indicate better predictive accuracy.
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Classification performance was assessed using confusion matrices comparing predicted versus true

or observed maturity status (early, on-time, late) and developmental status (>2 yr pre-PHV, 1–2 yr

pre-PHV, circa-PHV ±1 yr, 1–2 yr post-PHV, >2 yr post-PHV), categorized based on age at PHV

relative to sex-specific distributions as described earlier. Confusion matrices were used to estimate

overall accuracy, as well as class-specific metrics—precision and recall (sensitivity)—to assess the

model’s ability to correctly identify each group.

Precision, defined as the proportion of individuals predicted in a given group who truly belong to

that group, is calculated as:

Precision = True Positives
True Positives + False Positives

Sensitivity (recall), defined as the proportion of true group members correctly identified, is calcu-

lated as:

Sensitivity = True Positives
True Positives + False Negatives

These metrics complement overall accuracy by highlighting the model’s performance across groups,

especially since misclassification can have different practical implications in youth sports. By in-

cluding both maturity status and developmental status, we provide a more detailed assessment of

prediction accuracy across the full range of growth and maturation.

Confusion matrices summarizing the classification of participants into maturity status and devel-

opmental status groups based on predicted versus true age at PHV are presented in Tables S2–S5.

From a practical perspective, misclassification assigns a child or adolescent athlete to the wrong

maturity or developmental group, which may have implications for training, monitoring, or talent

identification.

For the maturity status classification (early, on-time, late), most on-time individuals were correctly

classified in both girls and boys, while early and late maturers were often misclassified as on-

time. In girls (Table S2), 2,818 on-time individuals were correctly identified, whereas 570 early

and 552 late individuals were assigned to the on-time category. In boys (Table S3), 2,782 on-
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time individuals were correctly classified, but a substantial number of early and late maturers

were systematically misclassified into the on-time group. These confusion matrices (Tables S2–S3)

highlight that misclassification primarily affects individuals at the extremes of maturity, whereas

average maturers are classified with high accuracy.

Table S5: Confusion matrix showing the classification of girls into maturity status groups based on
predicted versus true age at PHV.

True / Predicted Early On-time Late

Early 216 570 134

On-time 573 2818 519

Late 121 552 247

Table S6: Confusion matrix showing the classification of boys into maturity status groups based
on predicted versus true age at PHV.

True / Predicted Early On-time Late

Early 147 744 29

On-time 612 2782 511

Late 148 400 372

For the developmental status classification (>2 yr pre-PHV, 1–2 yr pre-PHV, circa-PHV ±1 yr,

1–2 yr post-PHV, >2 yr post-PHV), misclassification was concentrated in categories near PHV. In

girls (Table S4), individuals >2 years pre-PHV (n = 1475) and >2 years post-PHV (n = 1949)

were classified with accuracy, whereas intermediate groups (1–2 years pre-PHV, circa-PHV, 1–2

years post-PHV) showed substantial misclassification across adjacent stages. In boys (Table S5),

extreme categories (>2 years pre-PHV, n = 2567; >2 years post-PHV, n = 956) were accurately

classified, but individuals around PHV were often misclassified (e.g., circa-PHV, n = 665 correctly

classified but 334 misclassified).
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Table S7: Confusion matrix showing the classification of girls into developmental status groups
based on predicted versus true age at PHV.

True/ Predicted

>2yr

pre-PHV

1–2yr

pre-PHV

circa-PHV

(±1yr)

1–2yr

post-PHV

>2yr

post-PHV

>2yr pre-PHV 1475 35 0 0 0

1–2yr pre-PHV 277 208 15 0 0

circa-PHV

(±1yr)

38 279 636 46 1

1–2yr

post-PHV

0 0 204 226 70

>2yr post-PHV 0 0 32 259 1949

Table S8: Confusion matrix showing the classification of boys into developmental status groups
based on predicted versus true age at PHV.

True/ Predicted

>2yr

pre-PHV

1–2yr

pre-PHV

circa-PHV

(±1yr)

1–2yr

post-PHV

>2yr

post-PHV

>2yr pre-PHV 2567 37 0 0 0

1–2yr pre-PHV 251 240 9 0 0

circa-PHV

(±1yr)

23 248 665 63 1

1–2yr

post-PHV

0 0 127 274 99

>2yr post-PHV 0 0 17 173 956
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