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Introduction: Since its inclusion in the Tokyo 2020 Olympics, skateboarding has highlighted diverse age profiles among elite athletes. This study aims to characterize the relationship between age and performance in Street Skateboarding and examine how it has evolved with the sport’s growing professionalization.Methods: The dataset includes 2,822 performances by 498 women and 12,116 by 2,784 men from international street skateboarding competitions (2001–2024). Athlete number and gender ratios were compared between 2017 and 2024 vs 2001–2016 periods in order to assess the evolution of the competitive context, with analysis of new and returning athletes. Performance was quantified using a dynamic rank-order logit model (ROL). Moore’s exponential model and IMAP tracked the age-performance relationship, with adjusted R-squared for model fit. Peak performance ages, estimated performances, and AUC were analyzed for trends.Results: Since 2016, the number of international competitors has doubled for men (x2.13) and quadrupled for women (x4.02), narrowing the male-to-female participating ratio from 10.56 to 5.59. Records for new competitors have been consistently surpassed, particularly for women. Both Moore and IMAP models strongly explain the age-performance relationship (R2: 0.84–0.94). According to Moore and IMAP models, peak performance ages are estimated at respectively 18.12 and 16.25 for women and 22.51 et 21.34 for men. For women, age of peak performance significantly evolved toward younger ages over time, with a sharper drop from 2021 to 2024. For men, both AUC and age at peak performance increased significantly, indicating a widening of the optimum performance age range.Discussion: The inclusion of skateboarding into the Olympic programs has expanded career opportunities, lowering peak performance age for women and broadening the optimal age range for men. This study is intended to help skateboarding stakeholders estimate athletes’ potential for future Olympiads and adapt development strategies. The age at peak performance trajectory for female athletes warrants special attention.Keywords: potential estimation, youth development, young athletes, skateboarding, Olympics, performance trajectories, peak age, talent identification
1 INTRODUCTION
Since its introduction to the Olympic Games in Tokyo 2020, the two female Street Skateboarding Olympic champions have won the title at ages 14. For the men, the 2022 Street Skateboarding world champion was nearly twice the age of the bronze medalist, while the same athlete won the first two Olympic Games in men Street skateboarding, highlighting the diverse age profiles and challenging the current characterization of high-performance skateboard athletes.
Moreover, the recent introduction of skateboarding to the Olympic Games raises the question of whether the characterization of its high-level athletes has changed over time. Entry into the closed circle of Olympism has led to an increase in research and publications in the chosen sports (Millet et al., 2021). In addition, a study carried out among practitioners and professional athletes of the extreme sports introduced at the last Olympic Games, as well as industry workers, found that the resulting gain in visibility may have increased their popularity, particularly among young people, and thus their participation (Renfree et al., 2021). This inclusion would also enable them to obtain better financial support from sports organizations, gain access to sponsorship contracts and consequently enable more athletes to make a living from their practice, especially women (Renfree et al., 2021). This professionalization of sports resulted in improvements in training, nutrition, recovery practices, and performance strategies, along with the development of new technologies aimed at enhancing performance (Berthelot et al., 2015; Norton and Olds, 2001). At the same time, the democratization of sports expanded the pool of participants, allowing for a broader selection of future top athletes (Berthelot et al., 2015; Norton and Olds, 2001). Consequently, both demographic expansion and professionalization possibly impact the age profiles of skateboard athletes.
Modeling the age-performance relationship appears to be an essential first step in this characterization, since it enables us to characterize numerous physical and physiological parameters inherent in sports performance as a function of time, such as strength (Mitchell et al., 2012), maximum oxygen consumption and respiratory volume (Stanojevic et al., 2008), pulmonary capillary volume (Aguilaniu et al., 2008), and cognitive performance (Park and Reuter-Lorenz, 2009). In 1975 (Moore, 1975), Moore was the first to propose methods explaining this relationship by summing two exponential laws: one increasing (performance progression phase), the other decreasing (regression phase) with, at the intersection of these two functions, a zone of optimum performance corresponding to peak performance (career peak).
More recently, a study (Berthelot et al., 2019) has used this model to create IMAP (Integrative Model of Age-Performance), the aim of which is to include biological aspects in the modeling of the asymmetrical relationship between age and performance, based on the biological unit represented by a cell.
The first of these models explains 91.7% of the variability in performance at the individual level and 98.5% of this variability from a species point of view (Berthelot et al., 2012), making it possible to define an age interval to which it would be preferable to belong, on the eve of a major event such as the Olympic Games, in order to maximize one’s chances of performance (Hollings et al., 2014). The application of this model to various events such as athletics (Berthelot et al., 2012; Schulz and Curnow, 1988; Marc et al., 2014), running (Schulz and Curnow, 1988; Knechtle et al., 2012a; Lepers and Cattagni, 2012), swimming (Dormehl et al., 2016; Allen et al., 2015), ultra-triathlon (Knechtle et al., 2012b; Knechtle et al., 2012c) or even sports with more difficult-to-measure performance indicators, such as tennis, baseball or golf (Schulz and Curnow, 1988; Guillaume et al., 2011), highlights these common trajectories: progression-peak-decline.
Additional methods have been explored for estimating the age of peak performance, including polynomial curve fitting, mixed models, rolling means, and various regression techniques (Allen and Hopkins, 2015). However, quadratic and other second-degree polynomial models, as previously employed (Lara et al., 2014; Simonton, 1988), tend to produce inaccurate estimates, as the relationship is consistently described as asymmetrical, with peak performance occurring relatively early in life (i.e., before mid-life) (Moore, 1975; Berthelot et al., 2019; Berthelot et al., 2012; Guillaume et al., 2011; Marck et al., 2017).
This study aims to model and characterize the relationship between age and performance in Street skateboarding by applying the previously outlined Moore and IMAP models accordingly to their proven relevance in fitting this relation discussed above and to examine its evolution since announcement of skateboarding’s inclusion in the Olympic program in 2016.
2 MATERIALS AND METHOD
2.1 Description of the dataset
2.1.1 Dataset composition
The dataset includes 2,822 performances achieved by 498 women competitors aged 8 to 39 and 12,116 performances performed by 2784 men competitors aged 8 to 47. Each performance corresponds to the final ranking of an athlete in a competition, among the 165 competitions held for female athletes and the 273 competitions held for male athletes between 2001 and the Paris 2024 Olympic Games.
2.1.2 Ethical and regulatory considerations
These data were collected by Gracenote and provided to INSEP as part of their partnership. The collection of this data complies with the General Data Protection Regulations (GDPR) established by the European Union. The study was supervised and developed by the IRMES scientific committee. Ethical approval for the study protocol was obtained from the ethics panel of the Scientific, Medical, and Training Council (CSMF) at INSEP.
2.2 Skateboarding international competitive context evolution over time
For both men and women, the ratio of the total number of athletes participating in international competitions from 2001 to 2024, relative to the total number of athletes participating from 2001 to 2016, was calculated. The ratio of female athletes to male athletes for the period 2001–2016 was compared to the ratio for the entire period from 2001 to 2024. Number of new and former athletes competing on international events each year have been calculated to reflect the evolution over time of skateboarding international competitive context. The annual number of new competitors registered since 2016 was compared to the historical peak of new competitors recorded in the years prior to this period. Mean ± standard deviations of new athletes per year between 2001–2011 and 2012–2024 were computed and distributions were compared using Wilcoxon test.
2.3 Rating model
In skateboarding, the judges evaluate the athletes’ performances (run + best tricks) according to the following criteria: difficulty and variety of tricks performed, quality of execution, use of the skatepark and the various modules, flow and consistency, repetitions. Competition format, scoring ranges, and the calculation of total scores may vary depending on the organizers and changes in regulations over time. The scores awarded are meaningful primarily within the context of the competition in which the performance takes place. An identical performance may not necessarily receive the same score in a different competition. The rating system, by contrast, evaluates an athlete’s level relative to the competitive context in which their performance occurs. The score assigned to each athlete is updated with each competition based on their ranking and the strength of their competitors. Moreover, this system allows for standardized comparisons of competitor levels as soon as the start list for a new competition is available. For a given athlete, this score measures his level at each of his competitive appearances, considering his past performances as well as the competitive context in which the day’s performance takes place.
Rating scores were computed using the dynamic rank-order logit model (ROL) from Glickman and Hennesy (Glickman and Hennessy, 2015) which is especially adapted for multi-competitor games and sports as it takes into account the time-varying nature of athlete’s abilities.
This approach assumes that at each time period [image: image] competitor [image: image] has unknown ability parameter [image: image] on which its ranking [image: image] depends:
[image: image]
and which follows a stochastic process to account for temporal variation:
[image: image]
with:
• Constraint that [image: image]
• A prior distribution on initial abilities [image: image] for all [image: image].
The Gumbel distribution is particularly well-suited for Glickman and Hennessy’s dynamic ranking model for several reasons. It effectively captures the latent performance variability of individuals while preserving the relative order of competitors. Its natural connection to the logit model allows for an efficient formulation of ranking probabilities, which is crucial for modeling competitions. The Gumbel distribution’s simplicity enables concise mathematical expression and computational efficiency, making it easier to implement.
For fixed time period [image: image] the probability of a ranking is a product of multinomial logit probabilities:
[image: image]
with [image: image] the number of competitors during the competition [image: image].
The logit model is used in rankings to model the probabilities of winning or losing. It transforms differences in ability into probabilities, which is useful for predicting outcomes. The logit model is simple to manipulate and suitable for classification and prediction. This makes it easy to model rankings efficiently.
As applying a full Bayesian treatment consisting of to obtain inferences for the model through Markov chain Monte Carlo (MCMC) simulation from the posterior distribution is computationally complex and time consuming, an alternative way consisting of estimate [image: image] and [image: image] considering them as fixed and known and then successively updating the distribution of [image: image] after competition date are observed to obtain the distribution for [image: image] was implemented.
The Newton-Raphson algorithm aimed here at determining [image: image] and [image: image] such that they maximize Spearman’s correlation coefficient between competitors’ ratings and their competition rankings was applied.
To do so, female and male datasets were each divided in two parts.
• A first one including 1/3 of the total number of competitions and allowing the initialization and construction of the rating from the final rankings.
• A second one for evaluating parameters [image: image] et [image: image] at each optimization iteration [image: image].
After parameter optimization, the Spearman correlation between predicted and observed ratings is 0.563 for women and 0.603 for men.
2.4 Age-performance relationship and its evolution over time
Moore (Moore, 1975) modelled the relationship between age and performance as the sum of two exponential laws intersecting at peak performance.
[image: image]
with [image: image] the performance at age [image: image] and [image: image] the model parameters.
Based on biological consideration some refinements have been made and the IMAP modeling of the relationship is expressed by the equation:
[image: image]
with [image: image] the performance at age [image: image] et [image: image] the model parameters.
For each sex, both methods were applied to model the relation on age-specific best performances. The evolution of the relation over time was studied by applying this process to different periods: for men, data from 2001 to 2016 was firstly considered and then each next modeling adds one more year of data than the previous one, until reaching 2024. For women, the same process was applied, the only difference being that age-performance data was selected from 2006 onwards, since age data are missing until that date. The number of athletes for whom dates of birth have been recorded is 589 for men and 201 for women. The methodology (Berthelot et al., 2019) consisting of maximizing the coefficient of determination [image: image] was applied to define each optimal parameter set. The adjusted coefficient of determination [image: image] was used to compare the two modelling. The coefficient of determination is considered very weak between 0 and 0.199, weak between 0.2 and 0.399, medium between 0.4 and 0.599, strong between 0.6 and 0.799 and very strong between 0.8 and 1.For a better convergence of the model, the performance data were centered and reduced according to the considered period then we added the minimum performance normalized so that all performance is strictly greater than 0. Age data was simply centered. Ages at peak performance, estimated peak performances and AUC (Area Under the Curve) on normalized predicted performances were computed for each considered period and sex to potentially exhibit changes that may have occurred over time. Linear regression was computed on these indicators to potentially reveal significantly changes over time. The differences in values between 2016 and 2021, 2016 and 2024, 2021 and 2024, as well as the minimum and maximum values, have been highlighted for peak ages in cases where its evolution demonstrates a statistically significant linear trend (p < 0.05).
3 RESULTS
3.1 Skateboarding international competitive context evolution
Since 2016, the number of athletes taking part in international competitions has multiplied by 2.13 among men (1310 vs 2784 athletes) and by 4.02 among women (124 vs 498 athletes) reducing the ratio between the number of male and female athletes from 10.56 to 5.59 (Figure 1).
[image: Figure 1]FIGURE 1 | Annual percentages and numbers of total and new versus experienced athletes taking part in skateboarding international competitions.
For male athletes, the record for the highest number of new competitors in a single year prior to 2016 was set in 2013, with 284 new athletes. Since, this record was surpassed once, in 2017, with a peak of 348 new male athletes (Figure 1). For female athletes, the highest number of new competitors prior to 2016 was 25, recorded in 2012. Since 2016, this record has been exceeded five times, in 2017, 2018, 2019, 2021, and 2023, with the highest number, 87 athletes, being set in 2023. (Figure 1).
For women, a low number of new athletes per year was observed from 2001 to 2011 (3.73 ± 3.07), while the number of new athletes per year tends to be higher during the period from 2012 to 2024 (35.15 ± 30.1). For men, the same trend is observed, although with different orders of magnitude, averaging 21.27 ± 24.55 new athletes per year from 2001 to 2011, compared to 196.15 ± 87.68 from 2012 to 2024. For both sex, Wilcoxon test indicated that 2001–2011 and 2012–2024 distributions of new athletes per year are significantly different.
3.2 Age-performance relationship
For both men and women, the models fitted to the full data set provide a very strong explanation of the age-performance relationship ([image: image] between 0.9 and 0.94; Figure 2).
[image: Figure 2]FIGURE 2 | Men and women age-performance relationship models by Moore (red) and IMAP (black) using R with data from 2001 to 2024 Olympic Games. Two-point sizes are displayed. The larger points represent age-specific performance records for all athletes combined, used to fit the models, with each athlete who set an age-specific record assigned a different color. Some athletes have multiple age-specific performance records. The smaller points represent the age-specific performance records of individual athletes who have established a record at a given age. These smaller points are not included in the model fitting but serve to highlight the profiles and historical of athletes who have set these age-specific performance records.
The Moore and IMAP models estimate that women reach their peak performance at ages 18.12 and 16.25 respectively. For men, the estimated peak ages are 22.51 and 21.34 respectively.
3.3 Age-performance relationship and its evolution over time
3.3.1 Moore and IMAP performances
For women, Moore and IMAP models were able to strongly explain the age-performance relationship (R2 equal to 0.77 for both models) in 2016. Since 2017, this relationship is very strongly explained by the adjustment of these models (R2 by year between 0.87 and 0.91). For men, for all the adjustments made, the coefficients of determination by year are between 0.84 and 0.94, meaning that the Moore and IMAP models explain the age-performance relationship very strongly (Table 1).
TABLE 1 | Estimated peak performances, peak ages and AUC evolution for men and women.
[image: Table 1]3.3.2 Peak performances, peak ages and AUC evolution
3.3.2.1 Peak ages
For women, for both the Moore and IMAP models, the evolution of estimated peak ages over time follows a significant decreasing linear relationship (Table 1).
Table 2 shows the difference in years between the estimated peak ages for women at the beginnings and end of each considered period for both models. Last column displays the difference between maximum and minimum peak values recorded during the period 2016–2024.
TABLE 2 | Peak age differences by period and maximum difference.
[image: Table 2]Between 2021 and 2024, the age at peak decreased by 3.34 years according to both models, whereas between 2016 and 2021 the decrease fluctuated between 1.85 and 2.68. The maximum gaps between peak ages are 6.75 years for Moore (extremas: 2017 and 2022) and 7.08 years for IMAP (extremas: 2018 and 2022). The gaps measured between 2016 and 2024 are 5.19 and 6.02 years.
The evolution of the age at peak performance does not show any significant trend for men (Table 1).
3.3.2.2 Peak performances and AUC
Peak performances and AUC evolution do not reveal any significant trend for women. For men, the increase in peak performances and AUC are linearly significant for both models (Table 1).
3.3.2.3 Shape evolution
Figure 3 enables to visualize the evolution of the shape of the performance distribution according to age between 2016 and 2024. The changes in performance trends for women reflect an improvement in the youth categories (elevation of the curve on its left segment). For Moore and IMAP, the performance levels estimated at ages 11 to 20 during the period 2006–2024 are higher than the performance levels estimated at these same ages during the period 2006–2016. The estimated performance levels stabilize at age 21. Subsequently, from ages 22 to 35 for Moore and 22 to 33 for IMAP, performance levels are higher during the 2006–2016 period. For men, the shape of the distribution does not differ between periods. Estimates of performance levels at each age are higher in the 2001–2024 period than in the 2016–2024 period.
[image: Figure 3]FIGURE 3 | Moore and IMAP age-performances curves and peak performances from 2016 to 2024 Olympic Games.
4 DISCUSSION
This study shows a decrease in the age at peak performance in female Street skateboard athletes as well as a widening of the optimal performance age zone in their male counterparts since the announcement of skateboarding’s inclusion in the Olympic program in 2016.
4.1 Expansion of career opportunities
Comparing the annual numbers of new athletes competing internationally since 2016 with the maxima previously recorded, corroborates Renfree et al. (2021) conclusions regarding the expansion of career opportunities offered by the inclusion of skateboarding in the Olympic Games. For male skateboarders, the past 8 years have seen as many new entrants into the international circuit as in the prior 15 years, with a peak in new participants in 2017, the year following skateboarding’s Olympic inclusion announcement. This effect is even more pronounced for female skateboarders, with over three times as many athletes beginning their international careers in the past 8 years compared to 2001–2016. Moreover, the annual record for new athletes set prior to 2016 has been surpassed 5 times over the 2016–2024 period, with a peak in 2023, aligning with community perceptions that Olympic inclusion has enabled female athletes to receive comparable support to their male counterparts, thus fostering skateboarding as a viable professional path (Renfree et al., 2021; D’Orazio, 2021). While gender parity in participation has not yet been fully achieved, the male-to-female participation ratio in international competitions since 2001 has strongly decreased, from 10.56 to 5.59 over the past 8 years. The difference between the average number of new athletes per year over the 2012–2024 period compared to the 2001–2011 period may suggest that skateboarding’s entry into the 2014 Youth Olympic Games program may also have played a role in the increase in the number of new athletes and the development of competition circuits.
4.2 Quantifying skateboarding performance
To explore the relationship between age and performance in skateboarding, a reliable quantification of performance is needed. Unlike disciplines such as track and field, swimming, or weightlifting, where performance is unequivocally measurable, skateboarding’s scoring systems are influenced by multiple subjective factors. Moreover, implementing consistent scoring protocols across competitions remains challenging, and existing data lacks the historical depth required for a robust longitudinal analysis of age-performance trends prior to skateboarding’s Olympic inclusion. However, the rating system employed in this study (Glickman and Hennessy, 2015) facilitates a quantifiable assessment of each athlete’s competitive level by accounting for past results and opponent quality. This system allows for consistent performance measurement across sports with end-of-competition rankings. Both the Moore and IMAP models demonstrate strong explanatory power, accounting for 90%–94% of performance variability among male and female street skateboarders over the studied period (2001–2024), with post-2017 values remaining above 86%.
4.3 Current age-performance relationship
Gender-based analysis reveals that female athletes currently achieve peak performance at a younger age than male athletes. This difference is estimated at 5.09 years by the IMAP model and 4.39 years by the Moore model, similar in magnitude to the 4.3-year gap observed between male and female artistic gymnasts at the London 2012 Olympics, the sport with the largest gendered age gap in peak performance (Longo et al., 2016). Female street skateboarders tend to reach their peak at younger ages compared to athletes across all Olympic sports in London 2012 (Longo et al., 2016). Their peak ages (18.12 years for Moore and 16.25 years for IMAP) are the closest to those seen in artistic gymnastics (19.4 years) and rhythmic gymnastics (21 years). Whereas for men, peak ages estimated respectively at 22.51 and 21.34 years according to Moore and IMAP are also the closest to sports classified in the group with the lowest peak ages: BMX cycling (23.2 years), diving (23.5 years), artistic gymnastics (23.7 years), weightlifting (24.5 years), pool swimming (24.6 years), boxing (24.8 years), middle distance athletics (25 years) (Longo et al., 2016).
4.4 Two Olympiads of age-performance relationship evolution
For male athletes, the peak age has remained stable, while the area under the curve (AUC) and peak performance have shown a linear increase. As rating is a variable that may experience inflation over time, age-specific performance records have been normalized relative to the periods studied. Thus, these increases do not necessarily indicate a rise in performance levels. Instead, it suggests a widening of the optimal performance age range, with more age-specific records approaching the all-ages performance record set in 2014. However, it remains essential to acknowledge that this trend is significantly influenced by a single athlete who continues to set age-specific performance records even after reaching the overall performance record. This highlights a limitation of population-based modeling and underscores the relevance of applying individual-level approaches, as suggested by Delarochelambert et al. (De Larochelambert et al., 2023). For women, the all-ages performance record continues to be broken regularly. Therefore the observed stability of AUC and peak performance over time indicates that the gap between the all-ages record and the age-specific records remains constant. The age zone of optimum performance is not becoming denser.
In contrast to their male counterparts, the age at peak performance for female athletes has shown a linear decline since 2016, with differences of 5.19 and 6.02 years between 2016 and 2024 according to Moore and IMAP. The extremas, recorded in 2017 and 2022 for Moore and in 2018 and 2022 for IMAP, reveal even larger differences of 6.75 and 7.08 years, reflecting increased participation following skateboarding’s Olympic inclusion, particularly among younger athletes (Renfree et al., 2021; D’Orazio, 2021). Due to the relatively low density of female competitors initially, new entrants have been able to set records soon after joining the circuit. Similar to the findings for men, the analysis of Figure 2 for women highlights the importance of considering the optimal performance age from an individual perspective (De Larochelambert et al., 2023) or according to career start age. Indeed, 3 of the 8 athletes who set age-specific performance records beyond Moore’s estimated peak age began their careers at an older age than the latter. The same applies to 4 out of 9 athletes for the IMAP peak age.
4.5 What about the future?
For women, the evolution over the coming years seems rather unpredictable. Indeed, on one hand, of the 6 athletes with age-specific performance records before Moore’s estimated peak age, 4 have not yet reached this estimated peak age. In the scenario where these athletes set new performance records in the coming years at ages above the estimated peak ages, the latter would tend to increase. On the other hand, the estimated peak age is 4 years higher for IMAP and 2 years higher for Moore than the all-ages performance record. If ever new age-specific performance records are set between the age of the all-ages record and the estimated peak ages, the latter could keep declining.
Moreover, as the pool of female athletes has been freshly renewed by the inclusion of skateboarding in the Olympic Games, consideration must be given to potential disparities in national skateboarding development policies and support for young athletes according to geographical area (Huebner and Perperoglou, 2019). Athletes from countries that are not currently leading in skateboarding may experience a more gradual progression, emphasizing structured learning and skill development as recommended in other disciplines (Boccia et al., 2017). This trajectory could lead them to achieve peak performance at later ages, thereby challenging the current trend toward early peak ages.
5 CONCLUSION
The inclusion of skateboarding in the Olympic Games program has led to an increase in international career opportunities, resulting in a decrease in the age at peak performance for female athletes and a widening of the optimal age range for male athletes. The characterization of the age-performance relationship established in this study is intended to enable skateboarding stakeholders to estimate which athletes are most likely to reach their best level at each of the next Olympiads, and to establish/adapt their young athlete development policy accordingly. Particular attention must be paid, however, to the evolution of age at peak performance of female athletes, whose future may not be predictable yet.
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