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Age of peak performance in professional
road cycling

ABSTRACT

In this study, we investigated the relationship between age and performance in professional road cycling.
We considered 1864 male riders present in the yearly top 500 ranking of ProCyclingStats (PCS) since
1993 until 2021 with more than 700 PCS Points. We applied a data-driven approach for finding natural
clusters of the rider’s speciality (General Classification, One Day, Sprinter or All-Rounder). For each
cluster, we divided the riders into the top 50% and bottom 50% based on their total number of PCS
points. The athlete’s yearly performance was defined as the average number of points collected per race.
Age-performance models were constructed using polynomial regression and we obtained that the top
50% of the riders in each cluster have a statistically significant (p < 0.05) higher peak performance age.
Considering the best 50% of the riders, general classification riders peak at an older age than the other
rider types (p < 0.05). For those top riders, we found ages of peak performance of 26.3, 26.5, 26.2 and
27.5 years for sprinters, all-rounders, one day specialists and general classification riders, respectively.
Our findings can be used for scouting purposes, assisting coaches in designing long-term training

programs and benchmarking the athletes’ performance development.

KEYWORDS

Performance optimization; age performance modelling; machine learning; road cycling
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INTRODUCTION

Sports performance is usually studied by focusing on the athlete’s current level of performance (Lambert
& Borresen, 2010), health status (e.g. previous injuries (Maffulli et al., 2011), fatigue (Jones etal., 2017),
diet (Brotherhood, 1984), drug use (Momaya et al., 2015) or genetic endowment (Guth & Roth, 2013).
Additionally, there are also possibilities to investigate the athlete’s potential based on present values of
performance indicators. For example, age can be used to estimate an athlete’s future performance by
determining the relationship between age and performance for similar athletes (Kholkine et al., 2021;
Smith, 2003). Sports performance is typically enhanced as an athlete's age increases until a certain
threshold value, the peak performance age, after which it starts to decrease (Baltes & Baltes, 1990). The
age of peak performance is important for setting long-term goals for the athletes’ performance (Allen &

Hopkins, 2015).

Previous works have already established that different sports have very different age of peak
performance. A systematic review by Allen et al. (Allen & Hopkins, 2015) showed that the age of peak
performance can vary greatly depending on the sport type. The age of peak performance of
explosive/sprint sports varies from roughly 20 years for large event durations (order of minutes) to
approximately 27 years for short event durations (a few seconds). In endurance sports, there is a similar
relationship between the age of peak performance and the duration of the effort. For efforts between 2
and 15 minutes in swimming, the age of peak performance is around 20 years, whereas ultra-distance
cycling athletes peak at almost 39 years. This demonstrates that the age of peak performance is different

across sports and varies between different disciplines of the same sport.

In cycling, there are only few studies investigating the relationship between age and performance.
Ransdell et al. studied the US records in cycling per age group at time-trial races of maximally 40 km
from the age of 35 years, and observed a decline in the performance of record-holders in subsequent age

groups (Ransdell etal., 2009). Balmer et al. performed a controlled ramped minute power test for cyclists
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at different ages and observed an age of peak performance of 29 years (Balmer et al., 2005). Finally,
some studies looked at ultra-distance cycling (Rist et al., 2015; Zingg et al., 2013), and found an age of
peak performance of 38 to 39 years. Interestingly, to the best of our knowledge, no study has been
performed on the peak performance age of road cycling athletes and we aim to fill this gap in the
scientific literature. Instead of the controlled settings with limited number of participants that are
considered in the aforementioned studies, we aim to understand the relationships between age and

performance in road cycling in a non-controlled setting with a large number of participants.

Of all cycling disciplines, road cycling is probably the most challenging for studying the age of peak
performance. The main reason is that different types of athletes compete in road cycling races with
different objectives and focuses. For example, there are sprinters who focus on races with limited altitude
differences or climbers who focus on stages with more mountainous terrain. As a consequence, these
riders might have different physiological development and age of peak performance. Furthermore,
previous work has already shown that different types of riders already have different anthropometric
characteristics (Miller & Susa, 2018; van der Zwaard et al., 2019). Therefore, we will consider different

types of road cyclists, separately.

The goal of this study is to find the age of peak performance in road cycling using a data-driven
approach. Based on the literature in other sports, we hypothesized that the age of peak performance of
athletes will be between 25 and 30 years, with the lowest age of peak performance for the cyclists that
specialize in explosive efforts. This study provides practical insights to coaches for recruiting new
cyclists and setting development goals for their riders. Moreover, cyclists might have a better

understanding of their future prospects.
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METHODS

Experimental approach to the problem

We used a data-driven approach for investigating the relationship between the rider’s age and
performance. We defined the yearly performance of a rider as the total number of points collected from
all races in this year, divided by the total number of races entered. In road cycling, each cyclist collects
points for winning races or a stage in a multi-day race. The number of points awarded depends on how

important a race is.

We collected publicly available data from the ProCyclingStats (PCS) website!, which gathers historical
race results in professional road cycling, and we considered the male riders present in the top 500 PCS
yearly ranking as of 1993 until 2021. In the end, only riders with at least 700 total career PCS points are
included in our analyses for reasons that will be discussed further on in this section. Note that similar to
earlier studies, e.g. see (Van Erp et al., 2021) and (Miller & Susa, 2018), we considered the yearly PCS
points collected as performance measurements. Since the PCS point system has been consistent

throughout the years, this is preferred over using the official UCI point system that changed in 2016.

As shown in Figure 1, our approach consisted of three steps. First, we classified the race types into
different categories, based on the race profiles provided by PCS and solely relying on the race’s
outcome. By constructing decision trees, we distinguished between sprint, mountain, and other races.
Second, we clustered all riders into groups with different specialties based on the percentage of PCS
points acquired in different types of races. Third, we determined the relationship between age and
performance for the riders in each cluster. The details of these three steps are discussed in the remainder

of this section.

(Figure 1 somewhere here)

T www.procyclingstats.com
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Subjects

We have collected the information of 1864 male riders (mean + SD: weight: 68.87 + 7.07 kg and height:
1.80 £ 0.07 m). We only considered the professional careers from 18 years onwards. For those riders,
we determined the age at the beginning of each calendar year and the number of PCS points at the end
of that year. The career length is 12.8 + 3.8 years (mean = SD), with a total number of PCS points during

their career ranging from 701 to 39498.

The Ethical Committee for the Social Sciences and Humanities of the University of Antwerp approved
the procedures used in this study (SHW_21 118), with a waiver of the requirement for explicit informed

consent of the participants.

Classification of Race Profiles

There are two types of races in road cycling: Time trials and mass-start races. In time trials, cyclists start
at different times, whereas all riders start together in mass-start races. As the number of time trials and
variation in their race profiles is limited, we grouped all individual time trials together. On the other
hand, many mass-start races take place on different terrains. Therefore, we distinguished these races into

a flat, mountain or other race.

For classifying the race profile of mass-start stages, we trained a decision tree. In essence, a decision
tree is trained by recursively splitting the data using the features provided (Song & Lu, 2015). The
optimal split is found by evaluating a metric. In our case, we used Entropy, a measure of uncertainty
ranging from 0 to 1 in a classifier with two classes. If the Entropy is 0, the group contains only one class,
and if the Entropy is 1 it means it contains a 50/50 split. Although there are other options for our task,

we preferred decision trees as they provide the ability to interpret the decision-making process.
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We considered all 36966 races that the riders in our dataset have participated and contains the
corresponding finishing times. Of these races, 6212 contained the description of the race profile on PCS
(flat, hills or mountains). The dataset consisted of 1823 flat, 1293 mountain and 3096 hilly races. With
this data we trained two models: One for classifying a race as flat or not and another for identifying
whether a stage falls into the category of mountain races. For each model, we split the data into a training
set (70%) and a test set (30%) used for training our model and validating it’s performance, respectively.
We have applied stratified sampling to make sure that the training and test sets were similarly
proportional in each of the classes and have also added higher weights in the Entropy for the minority

classes.

To construct the decision trees, we extracted several features from the race result that might indicate the
race type. Specifically, we considered the average speed of the winner, the number of groups finishing
the race, the number of riders in the 1%, 2" and 3 group, and the standard deviation of the time

difference between the first ride and the top 10 and top 15 riders (relative finish time).

Clustering Riders

As mentioned previously, the large variation in physiological characteristics of cyclists makes it
worthwhile to investigate different subgroups of cyclists separately. Therefore, we used the K-means
algorithm to find natural clusters of road cyclists. Note that each rider will be placed uniquely into one

of the clusters.

In this method, for a specific number of clusters K, random starting points are selected as centroids for
each cluster. Hereafter, the position of the centroids as well as the size of the cluster is optimized through

iterative calculations (Steinley, 2006). One disadvantage of K-means is that the number of clusters must
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be defined beforehand, which means several K values need to be examined before selecting the best

value.

As input for the algorithm, we used the fraction of PCS points acquired through their career in the
following categories: one day races, mountain races, flat races, Individual Time Trial (ITT) races and
General Classification (GC). To calculate the fraction of the mountainous and flat races, we used the
output from our race profile classification algorithm. Using the fractional points from different race
categories makes it harder to cluster riders with a low number of points. Therefore, we introduced a
cutoff level in the number of points and only considered riders that have a total number of points above

this threshold. Note that this also removed riders with short career lengths from our analyses.

First, we created models for every combination of K ranging from 1 to 14 and for cutoff levels ranging
from 0 to 2000 with an increment of 100. Typically, the choice of K is made by analysing the change in

the SSE (Sum Squared Error), calculated by Z{ilzpeci(p —m;)?, where K represents the number of

clusters, C is the set of objects in a cluster, and m is the cluster’s centroid. To find the cutoff number of
PCS points, we found the maximum curvature point in the graph of the SSE (Sum Squared Error) gained
by a cutoff against the different cutoff levels. Using the Kneed algorithm (Satopaa et al., 2011), we
obtained a cutoff value of 700 PCS points. Afterwards, we found the number of ideal clusters by
observing the SSE plot against the number of clusters, using the Kneed algorithm to find the maximal
curvature point and perform a silhouette analysis. The silhouette analysis consists of calculating the
silhouette coefficient, a value between -1 and 1, which is a measure for the distance of a data point to
the centroid of its cluster and its closest neighbouring cluster. A negative value is a sign the cluster might
assigned the wrong way, 0 that there is no significance in the distance between clusters and 1 that the
clusters are well apart from each other. A positive coefficient indicates that it is closer to its centroid

rather than the neighbouring one (Rousseeuw, 1987).
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Age-Performance Modelling

We were interested in finding the age of peak performance of road cyclists. In this context, the absolute
number of PCS points per race entered that a rider obtained is irrelevant. Instead, it is the average number
of points per race relative to the personal maximum obtained in a single year that specifies the
development of an athlete. Therefore, we considered relative performance as the dependent variable. To
obtain this relative performance for each cyclist, we first selected the maximal value for the number of
points per races entered that the rider obtained in a single year. Hereafter, the relative performance for
each year is obtained by comparing the yearly performance, i.e., the number of points divided by the
total number of races entered, with this maximal value. Hence, during the cyclist’s career, the relative

performance runs between 0 and 1, with the value 1 indicating the age of peak performance.

Since the main aim for modelling the relationship between age and performance is to determine the peak
performance age, we must be careful with the riders in our dataset that did not finish their careers yet.
Especially for riders that have been professional for a relatively short time, there is a reasonable
possibility that they will improve their maximal number of PCS points in future years. Therefore, we

removed all riders who participated in at least one race in 2021, i.e., the final year present in our dataset.

To investigate the dependencies between age and relative performance, we applied an approach
developed to study the same dependency in marathon running (Leeuw et al., 2018). The core of this
method is polynomial regression, where the performance is modelled as an n"-degree polynomial in
age. The main advantage of this approach is that we can model the non-trivial details of the relationships
between age and performance. In this approach, cross-validation is applied to minimize the risk of
overfitting. For every polynomial degree n, a polynomial model is fitted on the training set. Hereafter,

the mean squared error on the test set was determined. Finally, the polynomial degree with the smallest
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value on the test set was selected. The final model was then obtained by fitting a polynomial of this

degree on the entire dataset.

Before applying this method to our setting, we had to make a small adjustment to the original method.
Namely, in our case, the range of different ages is rather limited. There are approximately twenty distinct
values with the precise value depending on which cluster of riders is considered. Moreover, the number
of cyclists is rather small to perform too detailed analyses. More specifically, there are situations in
which selecting the polynomial degree n that minimizes the error leads to overfitting. Alternatively, we
select the most accurate polynomial model of degree 3 or lower. For all analyses performed in this study,
these models appropriately describe the relationships between age and performance as the errors are

within 5% of the minimal error value obtained for more complex models.

For each cluster, we modelled the relationship between age and performance for the best and bottom
50% per cent of the riders. Here, these subsets are determined by ranking the riders according to the
total number of PCS points during their career. Due to a relatively small number of riders in each cluster
(ranging from 159 for sprinters to 501 for all-rounders), we did not consider smaller subsets. For each
of the subsets, data of a random selection of 30% of the riders was used as a test set for error estimation
and assessing the generalizability. The other 70% was used to optimize the model’s polynomial degree

by applying 10-fold cross-validation.

Statistical Analysis

The stage profile classification was evaluated by the accuracy, which is defined by the sum of true
positive and true negative decisions divided by the total number of cases. Moreover, we considered the
confusion matrix with the true positive, true negative, false positive and false negative rates (Fawcett,

2006).
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As our age-performance models were based on data of multiple riders and therefore included multiple
values for the performance at the same age, we performed a Lack-of-fit F test to assess the statistical
significance of our age-performance models (Brook & Arnold, 1985). Hereby, we tested the null
hypothesis that there is no lack of fit, i.e., the error of a model is a consequence of the data variance at
every age. Therefore, only if the p-value is smaller than a significance threshold we have statistical
evidence that there is a lack of fit. Here, our models were considered statistically significant, i.e., there

was no sufficient evidence there is lack of fit, if p > 0.05.

The confidence intervals of our age-performance models were determined by using the confidence
intervals around the predicted values of the relative performance for each age (Dalpiaz, 2016).
Moreover, the confidence intervals of the peak performance ages are the 95% confidence intervals of
the age-performance models of the maxima age. By dividing the difference between the upper and lower
limit of the 95% confidence intervals by 3.92, we determined the standard deviations of the peak
performance age. These values were used for performing an independent t-test to compare the ages of

peak performance. We considered the differences to be significant if p < 0.05.

Finally, effect sizes were determined via Cohen's d, including the 95% confidence intervals. Effect sizes
were considered to be negligible (|d| < 0.20), small (0.20 < |d| < 0.50), medium (0.50 < |d| < 0.80) or

large (|d| > 0.80) (Cohen, 1992).
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RESULTS

In this section, we will present the results for all the steps described in the methodology section:

Classification of Race Profiles, Rider Clustering and Age-Performance Modelling.

(Figure 2 somewhere here)

Classification of Race Profiles

We constructed separate models for classifying the sprint and mountain races. The decision trees are
shown in Figure 2. The accuracy of the models was 0.74 for the sprint races and 0.86 for mountain races.
We have also created a confusion matrix for each model (see figure, Supplemental Digital Content 1,

which illustrates the confusion matrix for both models).

(Figure 3 somewhere around here)

Clustering Riders

The SSE for the different number of clusters is displayed in Figure 3. By using the Kneed algorithm, we
found that the maximal curvature point of the graph was at K=4. Based on a detailed silhouette analysis
(see figure, Supplemental Digital Content 2, which illustrates the full silhouette analysis), there could
be either 2 or 4 clusters. In both cases, the average values of the silhouette coefficients are high, and the
coefficient value for all the clusters is above average. However, there are fewer points with a negative
coefficient for K=4. Therefore, we have decided to select K=4. Note that the final SSE of the clustering

model is therefore 56.71.
(Figure 4 somewhere here)

In Figure 4, we plotted a heatmap with the centroid value for each feature used. Additionally, we show
the average silhouette coefficient in Table 1. Based on this information, we can define different types of

riders. The first cluster has a large fraction of points in one day (OD) races and corresponds to riders
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that focus on OD races. The riders in the second cluster do not collect the most nor the least number of
points for the different race types, and have the most evenly distribution for the number of points won
in the different categories. Therefore, we named this cluster All Rounders. The third cluster has a large
fraction of GC points and can be considered riders who focus on winning multi-stage races. Finally, the

fourth cluster is the sprinter cluster, as it has the highest sprinter ratio.

(Table 1 somewhere around here)

Age-Performance Modelling

We constructed age-performance models for all clusters. The results of the Lack-of-fit F tests are shown
in Table 2. In all cases, the p-values are larger than 0.05, and therefore there is insufficient statistical
evidence that there is lack of fit in the models. Hence, the models properly describe the relationships

between age and performance.

(Table 2 somewhere around here)

The age-performance models are displayed in Figure 5. Apart from some small differences, the models
are similar for all clusters. We observed a similar development for the bottom and best 50 per cent of
riders in each cluster until roughly 23 years. For higher ages, we found a larger increase in the
performance of the best 50 per cent of the riders compared to the bottom 50 per cent until the age of
peak performance is reached. The degree of decrease in performance after reaching the peak

performance age is again similar for both the best and bottom 50 per cent of the riders.

(Figure 5 somewhere around here)

In Table 3, we show the ages of peak performance. The age of peak performance of the best 50 per cent

of the riders is higher compared to the bottom 50 per cent. If we considered the best 50 per cent of riders
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311  ineach cluster, we found that the GC riders peak at the highest age. The sprinters, all-rounders and one

312  day specialists peak roughly a year before GC riders (p < 0.05).

313  (Table 3 somewhere around here)



314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

Age of peak performance in professional road cycling 15

DISCUSSION

Classification of Race Profiles

To the best of our knowledge, this is the first study that uses a data-driven approach to classify road
cycling races automatically into different categories. Therefore, our approach gives new and relevant

insights into the important characteristics of different race types.

The most important features for the sprint race classifier were the number of separate groups finishing
the race, the winner’s average speed, and the number of riders finishing in the first group. These features
corresponded to how sprint races usually pan out: As the cumulative elevation gain is relatively low, it
is usually a faster race, but also the peloton tends to break apart less and typically, a bunch arrival is
seen (Mignot, 2015). The most important features for the mountain race classifier were the standard
deviation of the relative time from the top 15 riders, the number of separate groups finishing the race,
and the winner’s average speed. This agrees with the typical outcome of a race on mountainous terrain:
It is a slower race where the peloton breaks apart more frequently and has a bigger time gap between

the riders (Mignot, 2015).

Although both classifiers do not classify all races well, we believe this is a consequence of the
subjectiveness of how a particular race is classified. A recent example is Tour of Flanders 2020; it is
classified as flat on PCS, while it is easy to argue it is not a flat/sprint race. After manually reviewing

the misclassified cases, we observed that most of these cases are related to such situations.

Clustering Riders
The clustering algorithm provides 4 different clusters related to the different types of riders. These
clusters are also what is often observed in the cycling sports — Certain riders focus on flat and sprint

races, others have a big focus on winning GC races and typically are good at mountain races, some riders
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have a bigger focus on one day, and finally, all-rounders have multiple skills. The main advantage of
our clustering method is that it allows for a data-based categorization of riders as opposed to dividing

cyclists into different groups based on subjective criteria.

Age-Performance Modelling

We have found that the age of peak performance in professional road cycling is around 27 years, with
riders that focus on explosive efforts having a slightly lower peak-performance age. Note that this is
close to the age of peaks in important physiological characteristics, such as VO2 max (Kim et al., 2016)
and pulmonary functions (Schoenberg et al., 1978). Therefore, the results of our study suggest that the
physiological measures are dominant performance indicators in professional road cycling and are more

relevant than other factors, such as a rider’s experience.

This age of peak performance for the best 50% of riders of roughly 27 years was higher than the results
in most explosive/sprint sports (e.g. swimming, athletic events such as sprints, hurdles) and middle-
distance running events (Allen & Hopkins, 2015). Compared to other cycle sports, we have found a
similar age of peak performance of 27.6 in Triathlon (Malcata et al., 2014). However, in cyclocross and
ultra-distance cycling events, the age of peak performance is higher with 30.2 (Anderson, 2014) and 38
(Abou Shoak et al., 2013), respectively. Moreover, other endurance events have a higher age of peak
performance. For example, the peak-performance age in marathon running is around 29-30 (Hunter et

al., 2011).

A difference in the distribution of the age of peak of the top and bottom 50% riders was observed. The
bottom 50% tend to have a flatter curve and peak at an earlier stage. It is possible to argue that other
factors next to physiological aspects are of more importance for the bottom 50% riders compared to top
50% riders. For example, athletes with lower performance might abandon the sport earlier in their career,
less mental capacity and motivation to repeat their best performance year to year, or be relegated to a

supporting role.
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Considering the top 50% of the riders in each cluster, we have found that the performance increase
before reaching peak-performance age is steeper than the decrease at later ages. This is in agreement
with previous studies in 25 other Olympic sports (Berthelot et al., 2012). Moreover, we have noticed a

difference amongst different clusters, with the highest peak performance age for GC riders.

Limitations
The strength of our approach is that the results are based on a large number of cyclists. However, there
are also some limitations that are inherent to using large datasets for retrieving relevant information for

sport and exercise sciences. (Passfield & Hopker, 2016)

In our study, we observed there was a lot of variation among the cyclists, and therefore there was
relatively large uncertainty in the ages of peak performance. This indicates that it is worthwhile to
investigate the dependency between age and performance on an individual level. For example, in future

work, personalized models can be constructed based on the athlete’s past and current performance.

Moreover, further improvements can be made in each step of our approach. The inclusion of other
possibly relevant features for the model’s classification of stage profiles and clustering of riders might
improve the accuracies of our models. Adding features from the course profile (e.g. cumulative elevation
gain) might improve our stage profile classification. The clustering of riders could be further developed
by introducing features related to the relative number of points to other riders or creating separate
clusters for top and bottom riders. Finally, more advanced algorithms can be applied for both the

clustering algorithm and race profile classifier.

CONCLUSION

In summary, we created an approach for clustering road cycling riders and classifying races. With the
aid of these approaches, we were able to model the non-trivial relationships between age and
professional road cycling performance for different types of riders. We found ages of peak performance
of 26.3, 26.5, 26.2 and 27.5 years for sprinters, all-rounders, one day specialists and general

classification riders, respectively.
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The age-performance models can have direct application in recruitment and for scouting purposes.
Moreover, there are applications in the design of long-term training programs as it establishes until
which age a rider is expected to improve. For the athletes, these models can be used as a point of
reference to understand where they are located on the development curve compared to their peers.
Another application of our study is the use of the race profile classification for optimising the race
program of each road cyclist. By improving further the race profile classification (i.e. with more
advanced algorithms and richer features), it is possible to label future races. Hereby, teams can improve
their chances of being successful by matching the race profiles with the strengths of a cyclist (de Leeuw

et al., 2020).
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Figure Captions:

Figure 1. Overview of our approach for studying the relationship between age and performance in
professional road cycling. First, we trained a race profile classifier to determine the race type of all races
in our data collection. Hereafter, we combined the classified race profiles with the race results to extract
the number of points gained in mountain and flat races and cluster the riders into four different
categories. Finally, we considered the top and the bottom 50% of the riders in each cluster and construct

the age-performance models.

Figure 2. The decision tree sprint (a) and mountain (b) classifiers for race profiles based on result
features. A decision tree classifier is read by following each of the criteria. If the criterium is true, the
path is followed to the left and if it is false, it is followed to the right. The decisive features for sprint
races are the number of separate groups finishing the race, the average speed of the winner for the whole
race and the number of riders in the first group. For mountain races, the main features are the standard
deviation of the relative time (the time difference with respect to the winner) from the top 15 riders, the

number of separate groups finishing the race, and the winner’s average speed.

Figure 3. The Summed Squared Error (SSE) decrease for the different number of clusters. The upper
bound corresponds to taking into account all the athletes, and the bottom bound corresponds to taking
athletes with at least 2000 total PCS points. The final selected cutoff level of 700 was selected after
analysing the SSE loss against different cutoff levels. We observe that the ideal number of clusters is

between 2 and 5.

Figure 4. This heatmap represents the centroid of each cluster. Each value indicates the fraction of the

total number of PCS points gained by an athlete in General Classifications (GC), One Day (OD) races,
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mountain races, flat races and individual time trials (ITT). The names of the clusters are based on how

the feature values are distributed in a cluster.

Figure 5. Age-performance models for the different clusters. We display the performance, i.e., the total
number of points per race entered, with respect to the personal maximum value. We show the
relationships for the best and bottom 50 per cent of each cluster with the shaded areas denoting the 95%

confidence intervals.
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548  Table 1. Average silhouette coefficient per cluster. Here, a score of O corresponds to indifferent clusters
549  and the larger the value of the silhouette score, the more distinct the clusters are from each other. Our

550  cluster are well-defined as all scores are substantially larger than 0.

Rider Type Average Silhouette Coefficient

551
55 Sprinter 0.354
GC 0.454
All Rounder 0.281

One Day 0.337
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553  Table 2. P-values for the Lack-of-fit F tests for the age-performance models. In all cases p > 0.05, which
554  implies there is no significant evidence for lack of fit and therefore the models are considered statistically

555  significant.

556 Rider Type | Bottom 50 per cent Best 50 per cent
Sprinter 0.17 0.39
GC 0.81 0.52
All Rounder 0.97 0.71
One Day 0.50 0.72
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Table 3. Age of peak performance in years for the bottom and best 50 per cent of cyclists in the different

clusters. The best 50 per cent of the riders in each cluster have a statistically significant (p < 0.05) higher

age of peak performance than the bottom 50 per cent.

Age (years) of peak performance (95% CI) Cohen’s d
Rider Type P-Value Effect size
Bottom 50 per cent Best 50 per cent (95% CI)
Sprinter 25.4 (20.9-29.9) 26.3 (22.8-30.0) | P<0.01 | 0.43(0.12-0.75) Small
GC 26.1 (23.2-28.6) 27.5(24.3-30.6) | P<0.01 | 0.94 (0.75-1.13) Large
All Rounder 25.2 (21.9-28.5) 26.5(23.8-29.1) | P<0.01 | 0.86 (0.68-1.04) Large
One Day 24.8 (20.9-28.9) 26.2 (23.5-28.7) | P<0.01 | 0.82(0.59-1.05) Large
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