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Abstract
This study explores the complex dynamics of rank-order stability by analyzing the
current-to-final rank difference (CFRD), a metric that provides a dynamic view of rank
fluctuations and their impact on the final ranking. This approach enables the identification
of critical event phases that significantly influence the final rank. Specifically, we exam-
ine how varying team sizes and performance levels shape temporal trends in CFRD dur-
ing 24-hour cycling races. A comprehensive dataset covering four consecutive years
(2019–2022) of a 24-hour cycling race on a 17.9 km repetitive driven road track, encom-
passing diverse team sizes (solo rider, or teams of 4 and 10), is used. The results indi-
cate significant interactions between time, team size, and performance F(18.04) = 1.74;
p = 0.03). As the race progresses, the final standings become progressively more pre-
dictable. Solo riders exhibit the least clarity in their final standing throughout the race. In
contrast, larger teams achieve a clearer indication of their final ranking earlier in the race.
Medium-performance teams, especially solo riders, show lower clarity in their final stand-
ing across the race duration, whereas high- and low-performance teams tend to exhibit
more predictable outcomes at earlier stages of the race. Overall, this study advances
our understanding of endurance team cycling, and offers valuable insights for strategic
decision-making and race optimization.

Introduction
Ultra-endurance team cycling races, including 24-hour events, represent a unique and
demanding domain within competitive cycling [1,2]. These events have become remarkably
popular, with growing numbers of competitions and athletes [3].

Insofar as these are not raced by solo riders, the dynamics of these races extend beyond
individual performance metrics as they hinge on the collective efforts of teams comprising
various numbers of riders. Ultra cycling team events require collaborative effort, as teams
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strive to complete as many laps as possible within a designated timeframe. This format is often
characterized by continuous relay-style cycling, with teammates taking turns after completing
laps. Given the extended event duration, additional considerations arise, including the need
for strategic breaks and designated sleep times.

Current cycling science focuses on physiological [4–6] and biomechanical [4,7–9] parame-
ters, nutrition intake [10,11], and aerodynamic improvements [4,12]. Of course, these are the
most important for improving performance and efficiency, and therefore, rank better in con-
tests. However, all performance-relevant aspects in ultra team cycling events remain under-
represented in the extant literature. For example, studies have shown that teammate attributes
influence individual performance during cycling tours [13]. In ultra-endurance team cycling
events, the role of teammates is especially crucial, as substitutions are needed to maintain a
high average speed over the entire event. Therefore, additional performance-related aspects,
besides the aforementioned conventional ones, come into play in ultra cycling.

Studies have attempted to predict lap-by-lap performance and finishing times [14], and
the differences in lap-times [15] but only for short-to-mid-distance races. A current study
examined the impact of varying speeds and positioning characteristics throughout triathlon
team relays. Findings highlight the significance of the latter stages of the race in determin-
ing final standings. [16]. Further, this study showed that positioning after the second swim
has great influence in the prediction of the final position. Another study by Kholkine et al.
[17] attempted to predict cycling race outcomes based on the rankings of other races. How-
ever, similar studies on ultra team cycling competitions are especially underrepresented
in the literature [18,19]. This may be related to the availability of the database. Few studies
use public data for (ultra-endurance) races [15,20–23]. In endurance team cycling, compe-
tition results are typically presented as lap-times per team in 24-hour races (e.g., Rad am
Ring (https://radamring.de/)). Based on this, each team’s ranking position per lap can be
derived. In view races, additional information such as the rider completing each lap is pro-
vided (e.g., Kaindorf Ultra Rad Challenge (https://www.ultraradchallenge.com/)). Hence, we
need approaches to extract meaningful insights from the available data. Therefore, central to
the study of endurance team cycling is the analysis of ranks using adequate metrics which can
contribute to a comprehensive understanding of the complex dynamics at play in this sport.
Such analyses can shed light on the factors that influence success, and strategic decisions that
teams make to achieve stability or adapt to changing circumstances during these demanding
races.

Renfree and Casado [24] explain that endurance races are complex systems and even
though physiological and psychological factors have a great influence in the race, the race
itself may be more complex than only the output of each single athlete. Consequently, they
advocate for the development of novel methodologies to thoroughly analyze race dynamics.
In line, this study proposes the current-to-final rank difference (CFRD) metric to understand
how teams perform over the duration of an endurance team cycling race. The metric offers
a dynamic perspective on rank fluctuations and their relation to the final ranking. It quan-
tifies the absolute disparity between a team’s current rank during the race and its final rank
after race completion. This metric captures a team’s progression throughout the race, focusing
on rank changes rather than the final rank itself (see Fig 1). Therefore, it allows us to detect
critical phases of the event that substantially determine the final rank. Critical phases, in this
context, refer to specific periods during the race characterized by substantial fluctuations in
rank, indicating moments where teams experience significant challenges or opportunities that
directly influence their ultimate standing in the race. To the best of our knowledge, a compa-
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Fig 1. Visualization of the absolute Current-to-final Rank Difference (CFRD) for three different team ranking scenarios (orange, blue, black). Regarding rank
stability throughout a race, high stability suggests a relative constant rank throughout the race (blue line). Then, the CFRD is low, as the start and end ranks align. High
rank instability throughout the race, however, results in high fluctuations in the CFRD (black line).

https://doi.org/10.1371/journal.pone.0321944.g001

rable study objective was only investigated in cyclo-cross races by Bossi et al. [18]. The authors
revealed a progressively positive correlation between intermediate standings and overall rank-
ings. Renfree et al. [25] examined pacing strategies across different performance levels and
have shown differences between top and bottom finishers. A separate study examining factors
influencing race performance, and consequently, finishing positions over an extended time
span has only been conducted by Becker et al. [26]; however, the authors focused on a season
in car races.

As the dynamics of ultra cycling races extend beyond individual performance (except for
solo riders), understanding how different team sizes impact CFRD becomes imperative. Fur-
ther, different team performance levels might affect race dynamics and critical phases, thereby
determining the final rank. For example, low-performing teams may face challenges that
introduce unpredictability, thus affecting competition dynamics. To the best of our knowl-
edge, neither aspect has been considered in research on ultra-endurance team cycling races.

Here, we seek to unravel the intricacies of CFRD in ultra-endurance team cycling races,
focusing on the influence of team size and performance level. Our overarching question is
whether (a) team size (solo riders, or teams of 4 and 10; hereinafter, T1, T4, and T10) and per-
formance level over time intervals of a 24-hour cycling race affect CFRD. Subsequently, we
analyze (b) temporal differences in critical phases of the event that substantially determine the
final rank across teams and performance levels, and how (c) team sizes and (d) performance
levels influence CFRD during a 24-hour cycling race.

The current study refrains from formulating explicit hypotheses, following the exploratory
approach inspired by Bortz and Döring [27]. This decision is due to the existing, largely
unclear state of research, which does not allow for the establishment of hypotheses regarding
the mentioned questions. Additionally, this approach ensures that the exploration of further
research avenues is not unduly restricted from the outset.

PLOS One https://doi.org/10.1371/journal.pone.0321944 July 8, 2025 3/ 20

https://doi.org/10.1371/journal.pone.0321944.g001
https://doi.org/10.1371/journal.pone.0321944


ID: pone.0321944 — 2025/7/2 — page 4 — #4

PLOS One Analysis of critical event phases and the impact of team size and performance levels in 24 hour ultra cycling

Materials and methods
Race data and data collection
Data from a 24-hour cycling race performed over multiple years were publicly available and
collected from myraceresults.com (race results AG, Pfinztal, Germany) for T1, T4, and T10
from the years 2019-2023 of the Kaindorf Ultra Rad Challenge. The event under scope is a
ultra-endurance cycling event in Kaindorf, Austria. Solo riders, teams of four or ten riders
were allowed to participate with variable team sizes up to the maximal number of riders in
the respective category. The goal was to ride as many rounds of the described track as possi-
ble in 24 hours. The riders did not have to ride non-stop. Each team was limited to one rider
on track at a time. To our knowledge, there are no rules regarding how often each rider must
ride or the changing frequencies of athletes. Crucially, the riders were not obligated to switch
after completing each lap; they had the flexibility to perform multiple consecutive laps. The
races started at 8 pm and ended at 8 pm the following day. All these races took place around
mid-July (see Table 1 for detailed information), except in 2020, when the race was delayed
to early August due to the COVID-19 pandemic. The track, which was driven in rounds, is
17.9 km long, asphalted, and has an altitude difference of 185 m per lap (see Fig 2). Detailed
information about the weather can be found in Table 1.

We merged data from the four consecutive years from 2019 to 2022. This consolidation
aimed to enhance the sample size to improve the generalizability and factor size, thereby facil-
itating more robust statistical analysis. Initially, the data included information on female ath-
letes; however, owing to the small sample size, these data were excluded from the planned
analysis. Mixed teams (male/female) were also present, which were counted as male teams by
the organizer when at least one rider was male. The corresponding teams were not excluded.

Since some solo riders participated in multiple years, we addressed the potential violation
of the independence assumption by randomly selecting only one race entry per individual.
In contrast, we treated each team’s participation as an independent observation, even if the
same team name appeared across multiple years. This approach was justified by the greater
year-to-year variability in team performance compared to solo riders, driven by key factors
such as training status, team composition, strategic decisions, and rider order. These fluctu-
ations introduce substantial changes that reduce dependency between observations, thereby
supporting the assumption of independence. To ensure comparability between years, we nor-
malized the ranks (see the data preprocessing subsection). Table 2 provides an overview of the
descriptive characteristics of the race years for each team size of the final data used.

Table 1 details the weather conditions for each year collected fromMeteostat (Meteostat,
Friedberg, Germany), and time and date (Time and Date AS, Stavanger, Norway). Notably,

Table 1. Descriptive statistics of the weather data for each year. Weather data did show 0 mm of precipitation for
any of the races.
Date Mean temperature [°C] Max temperature [°C] Min temperature [°C]
19.07.-20.07.2019 22.1 28.1 17.7
07.08.-08.08.2020 21.6 29.0 12.0
23.07.-24.07.2021 20.5 26.5 16.1
22.07.-23.07.2022 26.5 30.2 22.3
Date Mean wind speed [km/h] Max wind speed [km/h] Mean humidity [%]
19.07-20.07.2019 4.62 7.4 61.29
07.08-08.08.2020 5.03 13 57.26
23.07.-24.07.2021 4.22 5.5 66.13
22.07.-23.07.2022 5.34 7.4 53.4

https://doi.org/10.1371/journal.pone.0321944.t001
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Fig 2. Race track profile.This figure is made with the GPXprofile add on [28] in MATLAB (MathWorks Inc., Natick, Massachusetts, United States). m.s.n.m. = height
above mean sea level.

https://doi.org/10.1371/journal.pone.0321944.g002

Table 2. Descriptive statistics of the races per year and in total by different team sizes. Note that the maximum
number of laps documented is 50.
Date Team size Number of teams Mean number of

maximal laps
Mean time for first
lap [s]

19.07.-20.07.2019 1 50 28.18± 9.09 1877.46± 242.93
4 33 41.42± 7.04 1737.21± 305.79
10 16 44.38± 4.69 1711.00± 285.43

07.08.-08.08.2020 1 43 27.65± 8.42 2033.21± 225.61
4 20 42.60± 4.72 1822.80± 193.88
10 13 43.92± 4.75 1835.15± 183.11

23.07.-24.07.2021 1 56 26.57± 9.26 2096.79± 344.89
4 27 43.63± 4.71 1745.67± 197.05
10 14 43.50± 5.18 1775.71± 218.20

22.07.-23.07.2022 1 70 24.51± 9.93 2065.76± 353.80
4 19 40.26± 5.55 1804.68± 171.20
10 14 43.86± 4.28 1725.50± 197.50

Total 1 219 26.49± 9.40 2024.31± 315.54
4 146 42.04± 5.87 1769.76± 234.16
10 76 43.93± 4.74 1758.77± 226.87

https://doi.org/10.1371/journal.pone.0321944.t002

the data across different years demonstrate a high degree of similarity in terms of weather
patterns and performance.

Data preprocessing
For each team denoted as a (a = 1, 2,… ,A), where A is the total number of teams, data was
present for each lap (crossing of the finish line), denoted as l (l = 1, 2,… ,L), where L is the
total number of laps per team. This data comprises the lap times ta,l for each team a and lap l.
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Based on the sum of riding time for each team at every lap crossing (cumulative riding sum),
the rank Ra,l is given for each team a and lap l.

A maximum of 50 laps were recorded and documented in the official race results. As spe-
cific lap-by-lap data beyond the 50th lap were unavailable and could not be accurately recon-
structed, the results of the 50th lap were employed as the final race results for the few teams
surpassing the 50-lap threshold. This affected 14 of the 461 teams that were able to complete
more than 50 laps (median: 52 laps for affected teams; maximum: 54 laps completed).

Given the diverse participant numbers across multiple events, a direct comparison of ranks
was difficult. For instance, a shift of 10 ranks in a race with 100 participants might appear rel-
atively significant, whereas the same change in a race with 1000 participants could be per-
ceived as relatively minor. To address this issue, we employed the ‘sklearn’ ‘MinMaxScaler’
[29] to normalize ranks based on the total number of participants in each event. This scal-
ing procedure transformed all ranks into a standardized range between 1 (indicating the best
rank) and 100 (indicating the lowest rank), thereby facilitating a more meaningful compari-
son across events.

The Current-to-final Rank Difference (CFRD) is determined based on this as the absolute
difference between the team’s rank in the current lap and its final rank upon race completion
Ra,lfinal as follows:

CFRDa,l = ∣Ra,l – Ra,lfinal ∣

For a more intuitive understanding of the metric, please refer to Fig 1.
For every team size, denoted with i (i = 1, 4, 10), we categorized the participating teams

seperately for each year into three levels (low, medium, high) [23] based on the normalized
final ranks with the goal of obtaining three groups of performance levels for every
team size of approximately the same size. The performance levels are denoted with
j (j = 1(low), 2(medium), 3(high)).

During this 24-hour period, teams may cover different numbers of laps. However, laps are
not the primary focus of a 24-hour race; rather, the objective is to cover the maximum dis-
tance possible within the 24-hour timeframe. For better comparability among teams, the use
of total riding time proved to be more effective as it remained consistent for all teams. Hence,
our approach involved organizing the information into 2-hour time intervals over the 24-hour
race period denoted as b (b = 1, 2,… ,B), where B is 12 due to the 2-hour binning. These bins
were characterized by the median normalized absolute rank difference, which was calculated
from the lap-wise data within each specific time interval.

However, data were not necessarily available to calculate median values for 2-hour time
intervals for every team, as teams might take a break of over 2 hours or terminate riding
within the 24-hour time frame. Therefore, the data for teams that terminated their ride before
the official race end were considered until the last calculable time interval. Subsequent time
intervals for the CFRD were set to 0 because the final round determined their final position,
which resulted in a stable rank for the subsequent race duration. Missing values owing to
ranks held during periods of temporary inactivity were filled with the next valid CFRD time
interval value.

Statistics and further calculations
The lowest and highest 5% of values were clipped to reduce the influence of outliers, con-
straining them within the 5th and 95th percentiles. For our statistical analysis, we employed
the Analysis of Variance (ANOVA), a robust method with ability to handle categorical and

PLOS One https://doi.org/10.1371/journal.pone.0321944 July 8, 2025 6/ 20

https://doi.org/10.1371/journal.pone.0321944


ID: pone.0321944 — 2025/7/2 — page 7 — #7

PLOS One Analysis of critical event phases and the impact of team size and performance levels in 24 hour ultra cycling

repeated measures data, as present in our study. Its utility lies in its capacity to efficiently com-
pare means across multiple groups, controlling for Type I error and offering interpretable
insights into both the presence and magnitude of group differences [30,31]. To examine varia-
tions among various team sizes and performance levels (considered between-subjects factors)
throughout a 24-hour race (treated as a within-subjects factor), a mixed ANOVA was con-
ducted (for a detailed explanation of how the statistical model operates and calculates effect
sizes and error terms, please refer to [32]). Due to the non-fulfillment of assumptions such as
homoscedasticity and comparable covariances, a nonparametric version was employed uti-
lizing the R package nparLD, reporting ANOVA-type statistics [33]. It is important to note
that, for the test, the denominator degrees of freedom were set to infinity. As a result, only
the numerator degrees of freedom (df) of the central F distribution and the corresponding
p-value are reported.

Next, we explored the simple main effects of team size and performance level segregated
by other factors in the presence of interactions. We opted for a Welch ANOVA owing to its
increased robustness in handling unequal variances among groups. Subsequently, post hoc
tests were conducted considering the potential alpha error accumulation, and pairwise com-
parisons were performed using the Games-Howell method. Both analyses were performed
using the Python library pingouin [34].

Finally, to analyze the simple main effects of the within-subjects factor time, repeated mea-
sures ANOVA with Greenhouse-Geisser correction was applied if sphericity was violated. The
assumption of normality was checked using Shapiro-Wilk tests and Q-Q plots, and normal-
ity can be assumed. Post-hoc analyses were conducted using paired t-tests with Bonferroni
correction, which was also facilitated by the Python library pingouin [34].

As further exploratory analysis, we investigated the lap time variations between the dif-
ferent team sizes and performance level. Lap time variations were quantified by calculating
the absolute time difference between consecutive laps, then aggregating the median values
for each team or solo rider. Given the non-normal distribution of the data, statistical com-
parisons were performed using the Mann-Whitney U test with Bonferroni correction, imple-
mented via the SciPy Python library, to assess significant differences. [35].

The significance level for all analyses was set to 0.05. Visualizations were performed in
Python using Seaborn [36].

Results
Fig 3 shows the median lap-time for each time interval, team size, and performance level. A
clear trend of increasing lap times over the course of the race is evident. Notably, the time
interval between 6 and 12 hours (corresponding to 12 AM to 8 AM local time) exhibits an ini-
tial, temporary increase in lap times for most team sizes and performance levels, potentially
due to rest periods and a reduction in riding speed.

Main interaction effects between team-size, performance level and time (a)
Time, team size, and performance exhibit a statistically significant interaction (a), F(18.04)
= 1.72, p = 0.03. An overview of the mean CFRD seperately for each team size and perfor-
mance level over the time intervals of the events is visualized in Fig 4. The mean CFRD over
the course of the 24-hour races, categorized by team size (distinct lines for performance level),
is shown in Fig 6 and categorized by performance level (distinct lines for team size) in Fig 7.
Visually, CFRD decreases for all team sizes and performance levels throughout the race. A
statistical analysis of the differences between the time intervals for each team size and perfor-
mance level is shown in Fig 5. We observe distinct patterns for the time interval differences
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Fig 3. Median lap-times [s] for each time interval by different team sizes and performance level.

https://doi.org/10.1371/journal.pone.0321944.g003

Fig 4. Heatmap of the mean Current-to-final Rank Differences (CFRD) separate for each team size and performance
level across the time intervals of the events.

https://doi.org/10.1371/journal.pone.0321944.g004
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Fig 5. This figure presents Cohen’s d effect size for pairwise comparisons of the time intervals, segregated by team size and their corresponding performance levels.
Only statistically significant pairwise effects (p < 0.05) are illustrated. A high Cohen’s d value indicates a substantial effect, emphasizing significant differences between
the respective time intervals. The upper triangles are omitted to enhance visual clarity.

https://doi.org/10.1371/journal.pone.0321944.g005
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across various teams and performance configurations. Based on the interaction effect between
all factors, the following results are separated by the factors.

Simple main effects of the within-subjects factor time (b)
In summary, T10 shows the fewest differences between time intervals. For the medium per-
formance level, no significant differences across time intervals are observed. In medium- and
low-performance teams, only the first time interval (0–2 hours) differs from approximately
half of all time intervals throughout the 24-hour period.

In contrast, T1 exhibits the most differences between time intervals. Across all three per-
formance levels, only the initial time intervals show no significant differences in CFRD,
specifically from 0–2 to 4–6 hours for low-performance teams and from 0–2 to 6–8 hours for
medium- and high-performance teams. Beyond this early phase, subsequent time intervals
frequently show significant differences from one another throughout the race. This indicates
that CFRD remains relatively stable during the initial phase but then progressively declines,
leading to significant differences compared to earlier time intervals. Notably, for the medium
performance level, the effect sizes for the differences of the final time interval (22–24 hours)
are higher than those observed in both low- and high-performance levels.

In high-performance T4 teams, significant differences are mainly observed between the
first time interval (0–2 hours) and later time intervals from 8–10 to 20–22 hours, as well
as between the final interval (22–24 hours) and earlier intervals from 0–2 to 18–20 hours,
excluding the 14–16 hour interval. In contrast, low- and medium-performance T4 teams also
exhibit differences between the initial and concluding phases, though fewer than in T1 teams.
Additionally, effect sizes are smaller for low-performance T4 teams. Across all performance
levels in T4, the early race time intervals do not significantly differ from each other in terms
of CFRD. For low-performance teams, no differences are observed between 0–2 and 10–12
hours. In medium-performance teams, no differences occur between 0–2 and 2–4 hours,
while in high-performance teams, no differences are found between 0–2 and 6–8 hours.

Simple main effects between-subjects factor team size (c)
Separate Welch ANOVAs for each performance level (low, medium, and high) and the time
intervals during the 24-hour race reveal significant differences across team sizes. Post-hoc
tests are employed for significant Welch ANOVAs, emphasizing the specific time intervals
during the race where significant differences between team sizes are observed (see Fig 6).

At the high-performance level, no significant differences in CFRD are observed among
team sizes during the initial 0–2 hour interval. However, from that point until the race’s con-
clusion, T1 consistently maintains a significantly higher CFRD compared to T10. Addition-
ally, from the 2–4 hour interval through the 14–16 hour interval, T1 exhibits a higher CFRD
than T4. In the 10–12 hour interval, as well as from 16–18 to 20–22 hours, T4 demonstrates a
higher CFRD compared to T10.

At the medium-performance level, T1 significantly differs from T10 from the start of the
race up to the 16–18 hour interval, consistently displaying a higher CFRD. Furthermore, from
the 2–4 hour interval through the 20–22 hour interval, T1 also maintains a higher CFRD
compared to T4.

At the low-performance level, differences between team sizes are less pronounced through-
out the race. In the early stages (0–2 to 8–10 hour intervals), T1 exhibits a significantly higher
CFRD than T10. Similarly, during the 2–4 and 4–6 hour intervals, T1 has a higher CFRD
compared to T4. Notably, in the 4–6 hour interval, all team sizes differ from each other.
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Fig 6. Mean Current-to-final Rank Difference (CFRD) for each performance level and team size over the time intervals
of the 24-hour cycling races. Error bars represent 95% confidence intervals. The boxes at the lower end of the plots rep-
resent significant pairwise differences (p < 0.05) revealed during post-hoc analysis. To clarify, when referring to ”T1-T10”
as presented in the legend, a significant pairwise difference between T1 (solo riders) and T10 (teams of ten) is indicated.
Similarly, ”T4” denotes teams of four.

https://doi.org/10.1371/journal.pone.0321944.g006
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Beyond this point, differences between team sizes diminish. For a comprehensive breakdown,
please refer to Fig 6.

Simple main effects between-subjects factor performance (d)
Separate Welch ANOVAs for each team size and time intervals reveal significant differences
among the low, medium, and high performance levels. Post-hoc tests emphasize the specific
time intervals during the race where the performance levels significantly differ (see Fig 7).
Overvall it is noticeable that most differences between the performance level are observed
for T1.

For T1, notable disparities emerge between the high and medium performance levels from
the race start up to the 20–22 hour interval, with the medium level consistently exhibiting a
higher CFRD than the high-performance level. In the initial three time intervals (0–2 to 4–6
hours), the low and high performance levels also differ, with lower-performing teams showing
a higher CFRD during this phase. However, after the 4–6 hour interval, the gap between low
and high performance levels diminishes, and their CFRD values no longer differ significantly.
From the 8–10 hour interval until the race concludes, significant differences persist between
the low and medium performance levels, with medium-performing teams maintaining a
higher CFRD.

For T4, significant differences between the medium and high performance levels are
observed from the start of the race until the 10–12 hour interval, except for the 6–8 hour
interval. During this period, the medium-performance teams consistently show a higher
CFRD. Additionally, at the 2–4 and 4–6 hour intervals, the low and high performance levels
also differ, with lower-performing teams exhibiting a higher CFRD.

For T10, differences between performance levels are less frequent. Significant dispari-
ties emerge primarily in the middle of the race, where medium-performance teams show a
higher CFRD than high-performance teams, specifically in the 10–12, 14–16, and 18–20 hour
intervals, continuing until the race’s conclusion. For a detailed breakdown, please refer to
Fig 7.

Further exploratory results
Within each team size, lap time variations differ across performance levels, with higher-
performing teams generally exhibiting lower pace variations (see Fig 8). A comparison
of team sizes within each performance level reveals that T1 differs significantly from T4
(U=1901.00, p < 0.001) and T10 (U=1296.50, p < 0.001) in lap time variations at the high-
performance level. Similarly, T1 shows differences from T4 (U=1984.00, p < 0.001) and
T10 (U=1096.00, p < 0.001) at the low-performance level, as well as from T10 (U=1067.50,
p < 0.001) at the medium-performance level. However, lap time variations within each perfor-
mance level do not differ significantly between T4 and T10 (p > 0.05).

Discussion
This study addressed the impact of elapsed time, team size, and performance level on CFRD,
enhancing the understanding of how these factors interact during extended cycling events.
Specifically, we find a substantial interaction effect among team size, performance level, and
time on CFRD (a). This suggests that the dynamics of how these variables influence CFRD
throughout a race are interrelated rather than being independent.

A higher CFRD suggests that the ongoing phase of the race provides limited insight into
the final ranking. Conversely, a lower CFRD implies that during a race, the final ranking is
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Fig 7. Mean Current-to-final Rank Difference (CFRD) for each team size and performance level over the time intervals
of the 24-hour cycling race. Error bars represent 95% confidence intervals. The boxes at the lower end of the plots represent
significant pairwise differences (p < 0.05) revealed during post-hoc analysis.

https://doi.org/10.1371/journal.pone.0321944.g007
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Fig 8. This figure illustrates the median absolute lap time differences for each team size and performance level. Sig-
nificant differences between performance levels within each team size are indicated. The upper limit of the y-axis has been
adjusted to enhance visual clarity.

https://doi.org/10.1371/journal.pone.0321944.g008

already relatively predictable. Hence, the consistently decreasing CFRD observed across all
team sizes and performance levels in 24-hour races suggests enhanced predictability of final
rank outcomes as the race unfolds, indicating a tendency for final ranks to converge more
closely to the final ranking throughout the event. This aligns with another study of triathlon
team relays that showed that especially the latter phases of an endurance competition is rele-
vant for the final positioning of the race [16]. Similarly, previous research has shown that the
predictive power of final results increases as competition states get closer to the race conclu-
sion [37].

However, depending on the team size and performance level, unique temporal patterns
are found, which can be described as critical phases of the event that substantially deter-
mine the final rank (b). For T1, apart from the initial phase, the entire race duration is assozi-
ated with changes in the CFRD, as it gradually decreases over time. However, the final phase
plays a particularly crucial role in reducing CFRD, with this effect being most pronounced
for medium-performance teams, as reflected by their higher effect sizes. Consequently, the
final standings—especially for medium-performance teams—are significantly shaped by the
concluding time intervals. Although the effects of group size and performance level were not
examined in previous research, related studies highlight that team relays are often decided in
the latter stages of the race [16].

T10 shows the fewest differences between time intervals regarding the CFRD and if present
only a few for medium- and low-performance teams. This can be interpreted to mean that the
final race standing is relatively clear from the beginning of the race, hence the final ranking
of the teams is already determined to a large extent at the initial race phase. For T4, the pat-
terns of CFRD changes across time intervals vary the most between performance levels. Apart
from the initial and concluding phases of the 24-hour race, CFRD remains relatively stable
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for high-performance T4 teams. In contrast, low- and medium-performance T4 teams also
exhibit differences between the initial and concluding phases, though fewer than in T1 teams.

The findings may be attributed to escalating fatigue [38]. Numerous studies [38–40] have
examined fatigue and physiological parameters in ultra-endurance races, showing that the
critical role of fatigue emerges around the 5-hour mark in races. Over the course of 24 hours,
fatigue sets in, affecting both the physical and mental capacities of the cyclists. Teams of dif-
ferent sizes may experience varying rates of fatigue, affecting their overall performance and
rank progression. Note that in this study’s case, the minimum break time for every team rider
in T4, based on an average lap speed of 40.28 km/h, results in a total of 80:30 minutes resting
time while maintaining a consistent speed and lap-wise exchange rhythm. Even with relatively
high-intensity exertion during each subject’s effort over one lap, studies indicate that with this
break duration, the impact of fatigue should be minimal [2,41]. For T10, the breaks for each
subject are even longer, further diminishing the influence of individual subject fatigue over
a 24-hour period. Given the reduced significance of fatigue in determining race outcomes,
individual lap speed becomes more crucial and a ranking close to the final rank is established
early on.

Based on these considerations, in T1, where riders cannot switch, the impact of fatigue
becomes a greater determinant of the final race results. This is because fatigue seems to inten-
sify during the concluding time intervals of the race, also indicated by the increasing lap-
times. This results in fatigue-related differentiation in athletes, with a constant and a relatively
late pronounced decline in CFRD as observed by the medium performance level. Consider-
ing the impact of fatigue on final race results for T1 teams, strategic planning should focus on
managing fatigue, especially during the concluding time intervals of the race. Teams may con-
sider adjusting pacing strategies during the later stages of the race to mitigate the impact of
fatigue on lap times.

Regarding the nocturnal period an effect on median lap times is observed. However, the
temporal characteristics of the CFRD do not show a direct correlation to this nocturnal effect.
One potential explanation is that the approach to breaks during the night may have been sim-
ilar across performance levels. Specifically, the median lap times show a marked increase in
lap times for low-performance teams across all team sizes, while the increase is compara-
tively smaller for high-performance teams. This suggests that low-performance teams may
have taken more frequent breaks during the night, while high-performance teams potentially
continued with fewer interruptions. The differential performance among high-performance
teams during the nighttime may be attributed to variations in individual chronotypes, which
can result in divergent performance patterns during nocturnal hours compared to daylight
hours [42,43].

The results show significant differences among T1, T4, and T10 team sizes at different per-
formance levels (c). In medium and high-performance teams, T1 consistently differs from T4
and T10 across the race duration, with very few exceptions, maintaining the highest CFRD
until the race concludes. This is also reflected in the lap time variations, where T1 teams show
significantly greater variations compared to T4 and T10 teams. As a result, for T1, the final
outcome remains the least certain throughout the race when comparing the team sizes.

Slightly diverging characteristics are found for the low-performance level, where differ-
ences between team sizes are less pronounced throughout the race. In the early stages T1
exhibits a significantly higher CFRD than T4 and T10. Beyond the 4–6 hour interval differ-
ences between team sizes diminish. This may be explained by the significance of individual
performance in determining the final ranking, which is lower for T4 and T10 teams owing to
the shared workload. By contrast, minor fluctuations in individual performance for T1 can
trigger significant rank changes and amplify the disparity between the current and final ranks.
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Despite the flexibility of T4 and T10 in switching riders, the fewer and less pronounced dif-
ferences in CFRD among low-performance teams of sizes T1, T4, and T10 throughout the
race may hint at specific characteristics associated with low-performance races that are seem-
ingly independent of team size. However, further research is essential to delve deeper into this
matter and provide more clarity.

The results show that the performance level within the different team sizes significantly
influences the CFRD over the 24-hour race (d). After the initial quarter of the race, the
medium performance level offers the least predictive insight into the final ranking for T1
across the time intervals. In contrast, the final results are more discernible for teams with
high and low performance levels. Studies show that athletes with higher performance levels
tend to choose a pace that they can maintain over a long period of time, with less variation
in ultra-endurance events [21–23]. This may explain why higher-performing teams tend to
exhibit more predictable outcomes over the course of a 24-hour race. Similarly, studies show
that people with lower performance levels are less able to assess their actual performance,
and therefore, overestimate or underestimate themselves [21,44]. Pace variations may also be
attributed to nutrition [11,45] and nutrition intake [46], substantially affecting performance
during prolonged physical activities. Insufficient intake of carbohydrates could lead to not-
finishing a race [46] and insufficient protein-intake is associated with central fatigue, lead-
ing to decreased psychological performance [47]. Notably, nutrition errors are more preva-
lent among low-performing athletes [48]. High performance riders have a better understand-
ing of their nutritional needs [49] and therefore, in theory, prevent performance loss based
on lack of nutrients. This mirrors with our results, where the CFRD is more stable for high
performance athletes.

A potential explanation for the greater uncertainty observed in medium-performance
teams compared to their high- and low-performing counterparts could be increased variabil-
ity in pacing strategies, a higher susceptibility to pacing errors, and more pronounced fluctu-
ations in fatigue management. While high-performance teams likely maintain consistent pac-
ing and effective energy distribution, and low-performance teams may operate at a lower but
steadier level, medium-performance teams might experience greater inconsistencies, which
result in a higher CFRD for the medium-performance athletes.

In T4 and T10, differences between medium- and high-performance levels emerge at
specific time intervals during the race, with medium-performance teams exhibiting slightly
higher CFRD values. However, compared to T1, the overall differences in CFRD between per-
formance levels remain relatively minor throughout the race. This is further supported by the
finding of the exploratory analysis, where lap time variations within each performance level
do not differ significantly between T4 and T10. One possible explanation is that teams of mul-
tiple riders can compensate for individual lap time inconsistencies, leading to more stable
and predictable performance outcomes. Furthermore, in teams with more members, strate-
gic adjustments and workload distribution may play a more significant role in maintaining
performance consistency. This collective adaptation could contribute to reducing CFRD dif-
ferences across performance levels, as fluctuations in individual pacing are more effectively
balanced within the team.

This study has certain limitations. First, data from different years were combined to ensure
adequate sample size. Although races in different years appear relatively similar at a descrip-
tive level, some differences may exist, which may affect the CFRD. Next, a few T4 and T10
high-performance teams completed more than 50 laps each. However, our data were lim-
ited to no more than 50 laps, introducing a potential bias for high-performance teams in the
final time interval, as not all ridden laps were considered. Further, we recognized the pres-
ence of T10 with fewer than 10 riders, a factor that was not controlled for in our analysis.
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Other variables, such as crashes, may have occurred and influenced specific years; however,
owing to data constraints, these events could not be thoroughly documented and analyzed.
Furthermore, the calculation of 2-hour time intervals through binning might lead to a loss of
information, given the discrete nature of the interval set.

It is important to note that this analysis primarily focuses on differences in CFRD related
to each team. While variations in CFRD may also be influenced by other teams’ behavior,
intra-team dynamics, such as a significant change in ranking due to a break, tend to lead to
larger variations compared to inter-team factors. Future research can explore the impacts of
specific team strategies, such as sleeping time and rider switches, on CFRD and rank stability
within such races. Investigating how team characteristics influence these dynamics, especially
with heterogeneous performance levels among team members, can provide valuable insights.
Next, a more in-depth analysis can be conducted on the factors contributing to stability or
instability in team rankings over the course of a race. Furthermore, considering the reported
gender differences [3] offers promising research opportunities. Another compelling research
avenue is comparative analyses of alternative race formats, such as 12-hour races, or entirely
different race types like mountain bike 24-hour races. This can offer valuable insights into the
unique dynamics of 24-hour cycling races and how they differ from other endurance events,
contributing to a richer understanding of strategic and performance considerations across
various race formats. Additionally, in contrast to our inferential statistical approach, mathe-
matical analysis could serve as a valuable method for future research [50], particularly since
mathematical simulations have already yielded promising insights in sports science [51].

Conclusion
In ultra-endurance cycling races, lap-wise rank changes, determined by team lap times, often
represent one of the most accessible data points for analysis. The proposed CFRD method-
ology emerges as a valuable tool for examining key race phases and the intricate interplay
between team size and performance level. This study advances our understanding of CFRD
in the context of 24-hour cycling races, with particular emphasis on the roles of elapsed
time, team size, and performance level. The findings demonstrate a complex interconnection
between these factors. As the race progresses, the final standings become progressively more
predictable, with critical race phases exerting a pronounced influence on ultimate rankings.
Solo riders exhibit the greatest variability in lap times and the least clarity in their final stand-
ing throughout the race. In contrast, larger teams achieve a clearer indication of their final
ranking earlier in the race. Medium-performance teams, especially solo riders, show lower
clarity in their final standing across the race duration, whereas high- and low-performance
teams tend to exhibit more predictable outcomes at earlier stages of the race. The nuanced
patterns observed offer valuable insights for both scholars and practitioners, enhancing the
understanding of the complex dynamics inherent in ultra-endurance team cycling events.
The findings advance insights into endurance team cycling, offering actionable knowledge for
strategic decision-making and optimizing race performance.
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