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State transitions among groups of cyclists in cycling points races
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1Graduate School of Education and Human Development, Nagoya University, Nagoya, Japan; 2Research Center of Health Physical Fitness and
Sports, Nagoya University, Nagoya, Japan

ABSTRACT
This study analyzed the global state of groups formed by cyclists competing in three different points
races and considered the behaviour of individual cyclists in those races. We measured the time
difference between the front cyclist and the other cyclists when they crossed the centrelines of
home and back straights in order to quantify the global configuration of cyclists in terms of their
density and features of states, extracted using principal components analysis (PCA). We examined
whether the group separation and group density that characterize the cycling race can be
extracted by PCA. We interpreted the PCA results to explain the separation and density of the
group using the first and second principal components. Then, we defined the state of
configuration of the cyclists in each lap in the plane of the first and second principal components.
Subsequently, the state transition probabilities were obtained. States 1, 2, 3, and 4 corresponded
to the third, second, first, and fourth quadrants, respectively. State 1 represented a state
comprising one dense group, state 2 represented one stretched group, state 3 represented a
divided group, and state 4 represented an escape group far from a single dense group.

Highlights
. An approach to understand the collective behaviour of cycling points races through principal

component analysis was effective for quantifying the configuration of the cyclists.
. Principal component analysis of the global configuration of the cyclists in the points races

revealed the fission-fusion dynamics was characterized by two components. The density of a
group and number of groups, and transitions among four states was defined by these two
components.

. State transition probabilities indicate that the group separation states were more frequent in the
latter half of the sprint interval, and it was difficult to re-combine the separated groups into one.

. The riders and coaches need to be aware of the stretching and separation of the group, even if it
does not occur immediately before the sprint as the positioning of a cyclist in the groupwould be
important at that time.

KEYWORDS
Group formation; state
transition probability;
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Introduction

Aerodynamic drag is the dominant resistance that com-
petitors experience in cycle racing (Olds, 1998). In a
mass-start cycling race, a cyclist conserves energy by
riding closely behind another rider, in a behaviour
known as drafting. Cyclists form a paceline, make a
dense group, and take turns to be at the front, which
is called rotation. Because the lead cyclist expends
more energy than the drafting cyclists, competitors’
rotation for the front position represents an altruistic,
cooperative behaviour. Physiological constraints may
be a cause of this characteristic.

Given the physiological constraints, cyclists cooperate
altruistically, forming a group to gain the benefit of
energy conservation in cycle races. By contrast, a
cyclist can act selfishly to gain victory, by attacking
from the main group or becoming a free-rider by not
taking turns to be in front (Mignot, 2016). Selfish or
altruistic behaviour, tactics, and cyclists’ decision-
making make cycle racing complex. Breakaway, which
is an escape from the group, is a typical situation in
cycling races. Breakaway may be related to the cyclists’
ability or to energy conservation; in other words, cyclists
who prefer to sprint may attack at the end in order to
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win, whereas those who are better at sustaining high
power output such as time trial specialists or flat
terrain riders (Padilla, Mujika, Cuesta, & Goiriena, 1999)
may attack early in order to create a gap.

A large group of cyclists, called a peloton, is analo-
gous to a flock of birds or school of fish (Trenchard,
Richardson, Ratamero, & Perc, 2014) as they provide
energy conservation or protection from predators. In
collective behaviours such as flock formation, the
shape of the group transforms in complex ways,
without a clear leader or a blueprint. This phenomenon
has been verified by a model in which each individual
follows a simple rule, from which complex group
dynamics emerge (Reynolds, 1987; Vicsek & Zafeiris,
2012). In addition, it is important to elucidate group
dynamics by observing global characteristics to infer
the characteristics of individuals or their interactions
with each other (Rio & Warren, 2016). In this study, we
applied the latter approach to clarify the order of
group formation in physiologically constrained cycle
racing by observing global characteristics.

In this research, we investigated group dynamics in
cycle racing by observing points races. A points race is
a type of mass-start track cycling event in which compe-
titors gain points through sprints that are held during
predetermined laps. Whereas the final finishing order
is what determines the outcome in other cycling races,
points races contain multiple opportunities to gain
points during the sprints. Therefore, we can observe
the switch from altruistic behaviour to selfish behaviour
repeatedly. Trenchard et al. (2014) observed movements
of cyclists in groups in bicycle races and identified
phases that are explained based on the ability of the
rider and drafting coefficient expressed in terms of the
distance between the riders. In other words, when the
velocity is too low to offer any drafting benefits to
most riders, the group will spread sideways, and when
the velocity is sufficiently high to offer drafting
benefits, the group assumes a single file. Through this
change from lateral spreading to a single file, it is con-
sidered that the density of the group varies from high
to low. As this example shows, the state of groups in
mass-start bicycle races can be characterized by their
density and the number of groups.

They clustered the cyclist position and identified the
phases by the k-means method. However, they analyzed
only the behaviour of one main group, which exhibited
“stretched” or “compact” phases, instead of the behav-
iour of the entire group, which included small escape
groups from the main group. Hoenigman, Bradley, and
Lim (2011) simulated the effects of cooperative and
defection strategies using an agent-based model.
Konings, Noorbergen, Parry, and Hettinga (2016)

examined the intermediate position and final ranking
in short track speed skating. Moffatt, Scarf, Passfield,
McHale, and Zhang (2014) statistically validated the pos-
itions in match sprint competitions for the winning strat-
egy. However few studies have analyzed group
formation patterns in cycling races while considering
the positions of all competitors.

Principal components analysis (PCA) is a method that
extracts characteristics of data using fewer variables
than those in the original dataset. Turk and Pentland
(1991) used PCA for face recognition and extracted fea-
tures of faces (eigenfaces) from training-image data;
individual faces were approximated as a linear combi-
nation of a fewer eigenfaces with large eigenvalues.
PCA has also been used to analyze human movement
with multiple degrees of freedom (Chau, 2001; Daffert-
shofer, Lamoth, Meijer, & Beek, 2004; Forner-Cordero,
Levin, Li, & Swinnen, 2005). Forner-Cordero et al.
(2005) showed that PCA provides a measure of multi-
joint coordination performance of the upper limb com-
pared to the commonly used relative phase analysis,
that is, the relative phase analysis can examine interlimb
coordination; however, PCA provides a fewer variables
that represent the multijoint movement pattern. Feder-
olf, Boyer, and Andriacchi (2013) applied PCA to detect
differences in gait kinematics between healthy subjects
and patients with knee osteoarthritis. PCA is a useful
approach that can provide both spatial and temporal
features of complex phenomena such as cycling races.

Based on the aforementioned facts, we hypothesized
that the state during a points race can be characterized
by the density and the number of groups, and these two
variables can be extracted using PCA. Consequently, the
state transitions defined using the results of PCA can
facilitate the quantitative understanding of the
changes that take place in race situations. The purpose
of this study was to quantify the global configuration
of cyclists during a points race, characterize the state
of groups using PCA, and understand the state tran-
sitions in the race. This will be useful information for
coaches and riders in analyzing the race, deciding
when to compete and when to save their energy, and
planning strategies for the race and performance
improvement.

Method

Subjects

We analyzed three points races held in 2016: the Japan
National Championships – Omnium men’s elite final
(R100), the Japanese National Track Championships –
men’s elite final (R120), and the Inter-College Cycling
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Championship (R160). All participants were male, and
every race included college students as they were able
to compete in the elite category. The total number of
laps for each race was 100, 120, and 160, respectively.
The three races took place at the same velodrome
(250 m per lap); therefore, the race distances were 25,
30, and 40 km, respectively. The number of participants,
average age, and average speed were 20, 20.9 ± 2.4
(mean ± SD), and 49.6 km/h (R100); 24, 20.3 ± 2.1, and
49.3 km/h (R120); and 16, 20.6 ± 1.0, and 48.5 km/h
(R160), respectively. The organizer provided informed
consent for this study. Participants agreed to video
recording, and they were informed that the video
would be analyzed for research purposes. This study
was approved by a local ethics committee and complies
with the Declaration of Helsinki.

The rules of points races

A points race is a mass-start race that is won according to
the accumulated points earned by cyclists during the
sprints and by completing the laps in the main group.
Five, three, two, and one point(s) are awarded to the
first, second, third, and fourth cyclists in each sprint,
respectively. A cyclist gains 20 points for gaining a lap
on the main group. If competitors are equal on points,
their positions in the final sprint determine their stand-
ing. In the three races observed, sprints were held
every 10 laps. The points race R100 was held for an
event in Omnium; after a change in the rules, the
points in the final sprint were doubled.

Experimental setup and distribution vector
definition

As shown in Figure1A,we recorded the racesusinga video
camera (Sony HDR-PJ450, 30 fps) from a seat in the main
stands, which lay along an extension of the centreline
joining the track’s two main straights. The camera was
set to shoot both the home and back straights. We
measured the time when the front end of each cycle
crossed the homestretch and backstretch on each lap.
The position of each rider was represented by the time
gap from the front rider. The “front rider” here is the one
who is considered to be at the forefront. For example,
although a rider who escapes from the main group and
completes a lap ahead of them runs the longest distance
in the race, this rider will be at the end of the group after
declaration by a referee for gaining a lap. On the contrary,
the rider at the forefrontof themaingroup is the front rider
in the race. The time gap between the front rider and the
other riders is measured not by the elapsed time of the
same distance, but by the time difference when crossing
the centreline, taking into account the referee’s declara-
tion of a lap ahead or behind. This makes it possible to
treat the riders who took a lap ahead or behind as if they
were in the same group.

The procedures carried out to identify the configur-
ation of cyclists and to quantify the movement of the
groups were as follows. First, the time after the first
cyclist crossed the centreline was divided into 1-s
windows and the number of cyclists in each window
was counted. The cyclist distribution vector xij (Figure
1B) was obtained as the number of riders in consecutive

Figure 1. Schematics of measurement (A). Definition of distribution vector (B). A video camera was located on the extension of the
centre line between the main straights, and the time difference between the front rider and all riders was measured when the front of
the wheel reached both the home and back stretches. We defined a distribution vector to quantify rider configuration. The number of
riders per second was counted. The first window comprised the 1 s after the first rider crossed the centre line, and the subsequent
windows were defined every 1 s. The distribution vector was composed of these regions.
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1-s windows (i indicates the i-th measuring point.; i = 1
for the first measuring point at back straight, j = 0 for
the first 1-s window after the lead cyclist). Because the
maximum time gap from the leader to the cyclist in
last place was less than 53 s, we defined 53 periods of
1 s (0≤ j≤ 52), such that the dimension of the distri-
bution vector was 53. However, the maximum time
gap of 53 s is the time difference of the elapsed time
for the same lap.

Principal components analysis

Becausewemeasured the time gap from the lead cyclist at
eachhomestretchandbackstretch, thenumberof samples
taken was 200, 240, and 320 for R100, R120, and R160,
respectively. We arranged all distribution vectors for the
three races into one 760 × 53 matrix and performed PCA.
The calculation was performed using the statistical soft-
ware R (R Development Core Team, 2005).

Figure 2. State transitions and overviews of observed races of R100 (A), R120 (B), and R160 (C) and enlarged view of dotted square in B
(E). In (A), (B) and (C), the four states (D) that are defined by quadrants of PC1 and PC2 for each lap. The top row shows state transition
and the bottom row represent the distribution vector. Deeper colour indicates more cyclists. The numbers in panel E show the number
of cyclists.
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Results

Overview of the three races

The distribution vectors measured at each centreline
from the start to finish of the three races are shown at
the bottom of Figure 2. The horizontal axis is the
elapsed laps in units of 0.5 laps, and the vertical axis is
the number of riders in each 1-s period. Dark colours indi-
cate dense groups, light colours indicate sparse groups,
and white indicates no rider. For example, as shown in
Figure 2E, between laps 21 and 23, there were three
riders in the first 2 s, no riders for 5 s, and 21 riders
between 5 and 9 s. A lap with no white area in the distri-
bution vector indicates one gathered group, and a lap
with a white area in the distribution vector indicates sep-
arated groups. A pattern in which cyclists transitioned

repeatedly from one group to two or more separate
groups was observed. In the top rows of Figures 2A, B
and C, the state transitions are shown. As will be
described in the next section, the state was defined to
represent the schematics of Figure 2D.

Principal components analysis

A summary of the results of PCA for the distribution
vector of the three races is presented in Supplementary
Table 1. The results of PCA for R100, R120, and R160,
which were performed using the data of each race, are
also presented in Supplemental Table 1.

Figure 3A shows the first (PC1) and second (PC2) prin-
cipal components of PCA for R100, R120, and R160 and
Figure 3B shows PC1 and PC2 of the three races,

Figure 3. PC1 and PC2 of PCA using the data of each R100, R120 and R160 respectively (A: upper row), PC1 and PC2 of PCA using the
data of all three races (B: middle row), and state transition probabilities (C: bottom row). The columns indicate, from left, R100, R120,
and R160, respectively. The ellipses in the four corners of the upper left square are schematic diagrams of each state. The third quad-
rant of PC1 and PC2 plane was defined as state 1, and state 2, state 3, and state 4 correspond to second, first, and fourth quadrants.
Comparing Panel A, which used PCA data from each race, and Panel B, which used data from three races, shows no significant differ-
ence. It is presumed that this is because the characteristics common to the three races was extracted by PCA. In panel C, the size of the
circle and the thickness of the arrow indicate the probability. Arrows with probability below 0.05 are excluded to avoid complexity.
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respectively, using the data of all three races. Comparing
Figures 3A and 3B, it can be seen that there is no signifi-
cant difference in the distribution of PC1 and PC2
between PCA using the data of all three races and of
individual races. This result suggests that there are
common characteristics in the three races. Therefore,
we examined the characteristics expressed by PC1 and
PC2, which were analyzed using the data of all three
races. The results show that the eigenvalues of the first
and second principal component were 20.4 and 9.32,
and the cumulative variance explained was 54% for
the first two principal components. As we obtained
only approximately 25% of the explained variance
from the third to the fifth component, we used the
first and second principal components to analyze the
deterministic characteristics of the configuration of
cyclists in the points races (Rein, 2012).

Corresponding PC1 and PC2 to the configuration of the
riders, we defined four states according to quadrants
defined by the PC1 and PC2 planes. The schematics of
each state are shown on the left of Figure 3A. The third
quadrant (PC1 < 0, PC2 < 0) in the lower left was defined
as state 1, which corresponded to one dense group
configuration. In the same way, the states 2, 3, and 4 rep-
resent one stretched group, a divided group and an
escapegroup far froma singledense group corresponding
to the second quadrant (PC1 < 0, PC2≥ 0) in upper left,
first quadrant (PC1≥ 0, PC2≥ 0) in upper right, and
fourth quadrant (PC1≥ 0, PC2 < 0) in lower right, respect-
ively. As a group stretched and separated, the statemoved
clockwiseon the PC1-PC2plane from the third quadrant to
the first quadrant via the second quadrant.

As seen in the upper part of Figure 2, the points race
proceeds while the number of groups and the density
within the group also change simultaneously. It is there-
fore considered that these characteristics can be
extracted by PC1 and PC2. In other words, PC1 represents
the number of groups, and PC2 represents the density of
the main group, which has the most riders. When PC1 is
negative, the number of groups is one, and when it is
positive, the group is divided into two or more. When
PC2 is negative, the main group is dense and the riders
are spread laterally, and when PC2 is positive, the main
group is stretched in a lengthwise manner. As hypoth-
esized, we were able to extract two variables from the
global configuration of cyclists using PCA. Therefore,
the situation of the points race could be characterized
using the density and number of groups.

State transition probability

Figure 3C presents the state transition diagram between
the four states in the three races.

Every race had transitions that omitted one or more
states, such as transitioning from state 1 to 3; that is,
the race continued by either maintaining the same
state or transitioning to the next state.

In R100, the proportion of states 1 and 2 accounted
for more than 60% of the total; cyclists were not separ-
ated in more than 60% of race R100. The state tran-
sition probability was 0.2 from state 3 to 2 and 0.08
from state 3 to 4. According to Figure 2A, the escape
and main groups were clearly separated from the
start to the 20th lap and from the 90th lap to the
finish, but the group was combined for most of the
rest of the race.

In R120, the proportions of states 2 and 3 were 0.3
and 0.28, respectively. The recurrence probability of
state 3 in R120 was larger than that in the other races,
which suggests that the group tended to remain more
separated. The state transition probability from state 3
to 2 was 0.13, which was the same as that from state 3
to 4. As shown in Figure 2B, cyclists formed one dense
group from the beginning of the race until the 20th
lap, in the middle of the race, between laps 60 and 70,
and immediately after sprints. However, the cyclists
split into a front group and a main group for the rest
of the race.

The cumulative proportion of states 3 and 4 in R160
was 0.67. That is, the groups were separated for 67%
of the race, and the most frequent configuration was
that in which an escape group was chased by a dense
main group. The state transition probability from state
3 to 2 was 0.13, and 0.25 from state 3 to 4. According
to Figure 2C, the escape group typically opened a time
gap of more than 10 s from the main group, as seen
between laps 40 and 50.

Figure 4A shows the state transition probabilities
of all three races. Figure 4B shows the state transition
probabilities of data of all three races for each of the
first, second, third, and fourth quarters of the 10 laps
between the sprint intervals. In the first half of each
10 laps (first and second quarter), the transition prob-
ability from state 3 to 2 was larger than from state 2
to 3. However, in the last half of each 10 laps (third
and fourth quarter), the transition probability from
state 2 to 3 was larger than from state 3 to 2. In
addition, in the latter half of the 10th lap, the recur-
rence probability of state 3 and the proportion of
state 4 increased. In other words, in the last half of
each 10 laps, it was difficult to re-combine the separ-
ated groups into one. This suggests that in the last
half of each 10 laps, the riders who comprised the
main group could not gain points, and therefore
they would have to conserve their energy for the
next lap.
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Discussion

We analyzed points races with the hypothesis that PCA
can extract the number and density of groups that
characterize the states of the points race. As a result, it
was presumed that a positive or negative value of PC1
explains whether the group is separated, and similarly,
a positive or negative value of PC2 was used to deter-
mine the density of the main group. In long races or
ones in which the difference in the ability between ath-
letes was presumed to be large, PC1 tended to be posi-
tive and PC2 tended to be negative, which implied that
the groups were separated, the main group was spread
laterally, and the density was high. In addition, when the
10 laps between the sprints were divided into 4 equal
parts and the state transition probabilities were calcu-
lated for each part, it was found that compared to the
first half, the recurrence probability of state 3 and rate
of state 4 in the last half of the 10 laps transitions from
state 2 to 3, had a recurrence probability of state 3,
and the rate of state 4 increased.

We also focused on the ratio of each state to the com-
plete race duration in the three races, especially the fre-
quency of states 1 or 2. These states formed 61%, 48%,
and 33% of R100, R120, and R160, respectively. We
also focused on the state transition probability from
state 3 in every race, as shown in Figure 3C. In R100,

the transition probability from state 3 to 2 was larger
than that of state 3 to 4; the transition probabilities
from state 3 to 2 and state 3 to 4 were equivalent in
R120; finally, the transition probability from state 3 to
2 was smaller than that of state 3 to 4 in R160.

Differences in race distance and the physiological
ability of participants should affect the state transitions
of group configuration in races. According to a simu-
lation analysis of road racing, adoption of a cooperative
strategy by a strong rider is beneficial for them as well as
for their teammates (Hoenigman et al., 2011). The ratio
of state 4 was high in R160 because it was presumed
that the non-cooperative behaviour of the other riders
caused the strong rider to escape while the cooperative
behaviour of the other riders helped in retaining the
strong rider in the main group. We believe this is
related to two features of cycling races and points
races. First, in cycling races, cyclists form groups and
take turns in the lead to save energy; second, points
races have multiple sprints, which are opportunities to
gain points. The interaction between the athlete and
the environment influences their decisions and pacing
behaviour (Hettinga, Konings, & Pepping, 2017).

Because the first quarter of the 10 laps happened
immediately after the sprint, and state 4 tended to be
more frequent in the fourth quarter, it was presumed
that a new order was formed in the first quarter of the

Figure 4. The state transition probabilities in all three races (A) and the state transition probability in 2.5 laps, which were obtained by
dividing 10 laps between sprints into four equal parts. Comparing the transition probabilities between state 2 and state 3 in the first
half of ten 10 laps (first and second quarter) and the last half (third and fourth quarter), there were more transitions to state 3 in the
last half. In addition, the recurrence probabilities in state 3 and the ratio of state 4 increased as it went to the latter periods.
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10 laps. When the latter half of the 10 laps was in state 3
or 4, it was presumed that the state tended to continue,
and the sprint lap was competed in the same state. In
other words, it was not easy to combine groups that
were separated from each other. In a points race, in
addition to focusing only immediately before the
sprint, the riders must also pay attention to positioning
during the second and third quarters during which the
group separates. It is important to determine if the
group will separate, so that the riders can decide to be
in the intended one. According to Trenchard et al.
(2014), the group separates when the rider is unable to
maintain the same speed as those of the entire group
even if they benefit from drafting. Therefore, if the
rider does not intend to belong to the latter group, it
is necessary that they position themselves ahead of
such a group.

In this study, we have extracted the features of self-
organization using PCA to examine the collective behav-
iour of cyclists in a race. The interactions among the
cyclists could not be depicted; therefore, we were
unable to infer their intentions. The effect of the local
behaviour of an individual on group formation may be
verified by simulations such as an agent-based model.
However, we have validated that PCA is an effective
approach for understanding the dynamics of a cycling
race; as it is able to explain the collective behaviour
based on the global features of time evolution using
positional data.

We used the first and second principal components to
identify global patterns in points races. At the minimum,
the third to fifth principal components explained 25% of
the variance. PCA can detect residual components as
well as the main features. Therefore, some main features
and residual components, which often contain random-
ness and stochasticity, were ignored and this is one of
the limitations of this study (Daffertshofer et al., 2004).
Additionally, PCA is not the only methodology for under-
standing the dynamics of a cycling race, and other meth-
odologies should be examined.

In recent years, measuring technologies have been
developed and are provided to spectators in various
sports. In cycle racing, data based on positioning infor-
mation is provided for Tour de France spectators
(Kataoka & Gray, 2019). Being able to quantitatively
grasp the overall situation of the race will be beneficial
to the spectators as well as to the coaches and cyclists.

Conclusion

In this study, we analyzed three points races by quanti-
fying the configuration of the cyclists using the density
of rider groups and extracting features using principal

components analysis. It was verified whether the
number of groups was one or many, and the density
of the group was employed to characterize the state of
the group in the points race, which was represented
by the first and second components of principal com-
ponents analysis. The state transition probabilities
obtained from the states defined by the four quadrants
which consisted of these two components differed
depending on the race situation, such as repetition
between a dense group and sparse group or one
group and multiple groups. These states also passed
through a stretched state, where it was sparse, which
suggested the importance of the behaviour of riders in
a transient state in the stretched group phase.

We divided the 10 laps between the sprints into four
equal periods and the state transition probabilities were
calculated for these four periods. The latter 10 laps had
more transitions to a divided group with respect to the
transition between a stretch group and a divided
group. In addition, in the latter half, there was a ten-
dency for the recursion probability of a divided group
and the proportion of an escape group far from single
dense group to increase. This suggests the importance
of positioning each rider at the time when the group
separates, not only before the sprints. The results of
this study will be useful for coaches and riders in analyz-
ing the race, deciding when to compete and when to
save their energy, and planning strategies for the race
and performance improvement.
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