
De Larochelambert Q, et al. BMJ Open Sp Ex Med 2024;10:e001810. doi:10.1136/bmjsem-2023-001810   1

Open access Original research

Exploring the effect of the menstrual 
cycle or oral contraception on elite 
athletes’ training responses when 
workload is not objectively quantifiable: 
the MILS approach and findings from 
female Olympians

Quentin De Larochelambert    ,1,2,3,4 Imad Hamri,1 Tom Chassard,1 
Alice Meignié    ,1 Florent Storme,1 Marine Dupuit,1 Allison Diry,2 
Jean- François Toussaint,1,5 Pierre Yves Louis,4,6 Nicolas Coulmy,3 
Juliana da Silva Antero    1

To cite: De Larochelambert Q, 
Hamri I, Chassard T, et al.  
Exploring the effect of the 
menstrual cycle or oral 
contraception on elite athletes’ 
training responses when 
workload is not objectively 
quantifiable: the MILS 
approach and findings from 
female Olympians. BMJ Open 
Sport & Exercise Medicine 
2024;10:e001810. doi:10.1136/
bmjsem-2023-001810

 ► Additional supplemental 
material is published online 
only. To view, please visit the 
journal online (https:// doi. 
org/ 10. 1136/ bmjsem- 2023- 
001810).

Accepted 21 May 2024

For numbered affiliations see 
end of article.

Correspondence to
Dr Quentin De Larochelambert;  
 Quentin. DELAROCHELAMBERT@ 
insep. fr

© Author(s) (or their 
employer(s)) 2024. Re- use 
permitted under CC BY- NC. No 
commercial re- use. See rights 
and permissions. Published by 
BMJ.

ABSTRACT
Objectives Develop the Markov Index Load State 
(MILS) model, based on hidden Markov chains, to assess 
athletes’ workload responses and investigate the effects of 
menstrual cycle (MC)/oral contraception (OC), sex steroids 
hormones and wellness on elite athletes’ training.
Methods On a 7- month longitudinal follow- up, daily training 
(volume and perceived effort, n=2200) and wellness (reported 
sleep quality and quantity, fitness, mood, menstrual symptoms, 
n=2509) data were collected from 24 female rowers and 
skiers preparing for the Olympics. 51 MC and 54 OC full cycles 
relying on 214 salivary hormone samples were analysed. MC/
OC cycles were normalised, converted in % from 0% (first 
bleeding/pill withdrawal day) to 100% (end).
Results MILS identified three chronic workload response 
states: ‘easy’, ‘moderate’ and ‘hard’. A cyclic training response 
linked to MC or OC (95% CI) was observed, primarily related 
to progesterone level (p=8.23e- 03 and 5.72e- 03 for the easy 
and hard state, respectively). MC athletes predominantly 
exhibited the ‘easy’ state during the cycle’s first half (8%–53%), 
transitioning to the ‘hard’ state post- estimated ovulation 
(63%–96%). OC users had an increased ‘hard’ state (4%–32%) 
during pill withdrawal, transitioning to ‘easy’ (50%–60%) 
when on the pill. Wellness metrics influenced the training 
load response: better sleep quality (p=5.20e- 04), mood 
(p=8.94e- 06) and fitness (p=6.29e- 03) increased the likelihood 
of the ‘easy’ state. Menstrual symptoms increased the ‘hard’ 
state probability (p=5.92e- 02).
Conclusion The MILS model, leveraging hidden Markov 
chains, effectively analyses cumulative training load 
responses. The model identified cyclic training responses 
linked to MC/OC in elite female athletes.

INTRODUCTION
Sex hormones steroids, namely oestrogens, 
progesterone and testosterone may impact 
female athletes’ training and wellness.1 2 

These hormones fluctuate along the natural 
menstrual cycle (MC) and during hormonal 
phases of combined oral contraceptive pills 
(OC).1 3 However, studies investigating the 
effect of MC or OC on elite athletes training 
responses and wellness remain scarce4 and 
face several methodological issues.5 Many 
debates have been held to properly define the 

WHAT IS ALREADY KNOWN ON THIS TOPIC
 ⇒ Athletes’ workload quantification aims a better 
training periodisation to improve performance and 
prevent injuries.

 ⇒ Robust models capturing the stochastic responses 
of elite athletes to workload, particularly in sports 
whose load is not objectively quantifiable are cur-
rently lacking in the sports science context.

 ⇒ The menstrual cycle (MC) and hormonal contracep-
tion phases may influence the response to workload 
in female athletes.

WHAT THIS STUDY ADDS
 ⇒ We developed a novel algorithm based on robust math-
ematical methodology, that is a pioneering approach to 
identify states of fatigue responses to workload (even 
when such load is not objectively quantifiable).

 ⇒ A cyclical pattern in training responses, associated 
with the MC or oral contraception (OC), reveals an 
infradian rhythm in elite female athletes.

 ⇒ The progesterone concentration is the sex- steroid 
hormone associated with the diminished adaptative 
reserve state of workload response identified by 
Markov Index Load State.

 ⇒ Wellness indicators, such as a better self- reported 
sleep quality, mood and fitness, influence positively 
the workload response while the menstrual symp-
toms influence negatively such responses.
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MC phases.6 Yet, considering the cycle as a continuum of 
hormonal fluctuations, where every single day (or time 
point) would be worth testing, has been preconised in 
medicine7 but has not yet been done in sports setting.

Studies relying on objective data measurements such 
as inertial data,8–10 which captures movement and accel-
eration, have shown significant impact of MC on training 
or competition load parameters. Yet, most sports, such 
as skiing or rowing, face the challenge of quantifying 
workload through subjective measures, making even 
more difficult to estimate the complex effect of MC or 
OC on athletes’ daily responses to training. In order 
to disentangle complex hormones- performance inter-
actions among a network of determinants, it has been 
suggested to search for specific relationship patterns 
under a complex system model.7 Hence, a longitudinal 
monitoring in situ (ie, measurements are made in the 
field, directly within the context of interest) seems to be 
the most relevant design to investigate training responses 
considering the continuum of hormonal fluctuations 
during MC (and OC).

Historically, various mathematical models like TRIMP, 
Foster, ACWR, EWMA and REDI have been employed to 
gauge workload among elite athletes.11–17 However, these 
indicators quantify the workload of a training session, or 
of a chronic or acute phase of workload,13 but cannot 
estimate the response to this load. In a real- world process 
evolving over time, the relationships between relevant 
variables evolve, requiring different inference models for 
each state of the workload responses. The possible states 
that athletes go through when adapting to training loads 
may be considered as part of a stochastic process. A hidden 
Markov model (HMM) fulfils this dynamic requirement, 
expressing trends as a latent variable.18 While HMMs 
have found applications in diverse fields,19–22 their use in 
analysing athlete workload responses remains uncharted.

This study aims to:
1. Develop and implement a model of cumulative work-

load indicators based on an HMM to estimate latent 
states representing workload responses.

2. Investigate the continuous impact of MC/OC, sex ste-
roid hormones and wellness on the workload respons-
es of elite athletes in preparation for the Olympic and 
Paralympic Games, through a longitudinal monitor-
ing in situ.

METHODS
Design of study
A longitudinal prospective study was conducted to 
follow- up daily multiparametric data of elite athletes 
through assessments on the field during their final prepa-
ration for the Summer and Winter Games.

Participants
We asked the French Federation of skiing and rowing to 
propose to participate in the study the female athletes 
in preparation to the Olympic and Paralympic Games of 
Tokyo in July 2021 and the Winter Games in February 
2022. All 16 skiers (biathlon, alpine skiing and cross- 
country skiing) and 12 rowers (out of 14), including 
3 Paralympic athletes, volunteered to this study. The a 
posteriori inclusion criterium was naturally menstruating 
women with regular cycles, defined as a cycle length 
comprised between 22 and 35 days23 and a length varia-
tion lower than 7 days during the entire study follow- up, 
without any diagnosed cycles disorders; or users of 
oral combined pills (≥3 months prior to recruitment) 
implying a phase of pill taking (active pill phase) and 
pill pause (non- active phase)23 (ie, excluding continuous 
hormonal contraception). The athletes were asked to 
fill in a preliminary questionnaire that collected general 
information (age, body mass index, training volume) and 
gynaecological history (eg, cycle regularity, contracep-
tive methods) to identify any prior contraindications to 
participate in the study.

Data collection
The longitudinal follow- up (ie, daily monitoring of 
multiparametric data) of the included participants 
started with the beginning of the Olympic season final 
preparation; rowers were included in February 2021 
and skiers in August 2021. Both follow- ups lasted up to 
7 months. During the entire follow- up time, the athletes 
were asked to complete a questionnaire every morning, 
and after every training session, using an online ques-
tionnaire created for this purpose. This questionnaire, 
as well as the entire protocol, was presented and 
explained to the athletes beforehand.1 The question-
naire included items related to the beginning/end of 
menses or the pills start/withdrawal; menstrual symp-
toms (eg, stomach cramps, mood changes, headaches, 
as listed before24), and used Likert rating scales25 26 to 
quantify reported wellness (sleep quality, fitness, mood), 
and declared sleep duration. After each training session, 
the rated perceived exertion (RPE),27 28 and the training 
volume (minutes) were collected. A researcher moni-
tored daily data of all athletes, promptly addressing 
any inconsistencies. Abnormal or suspicious data 
(eg, symptoms identified as menstrual but occurring 
non- cyclically across different MC phases, or concom-
itantly to a disease) were discussed with participants, 
and adjustments or exclusions were made if needed to 
ensure reliable data collection.

HOW THIS STUDY MIGHT AFFECT RESEARCH, PRACTICE OR 
POLICY

 ⇒ The developed model offers a novel perspective for studying ath-
letes’ workload responses, considering complex parameters such 
as the MC and OC.

 ⇒ Sport staff can use the algorithm to optimise and anticipate train-
ing responses paving the way for more personalised training 
programmes.

 ⇒ Considering athletes’ hormonal cycles and wellness in training pe-
riodisation might be informative, especially when planning heavy 
training loads at critical moments.
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Sex hormones measurements
The first athletes to start the longitudinal follow- up in 
February 2021 were the rowers in preparation for the 
Summer Olympics and Paralympics Games. Fasting 
salivary samples for hormones including 17ß-estra-
diol, progesterone and free testosterone were collected 
immediately on waking (at 07:47±01:13) on days 8, 14 
and 24±2 of the MC for the natural MC. The first cycle 
among MC group was used to individually determine 
the exact days of hormone sample testing. Then, this 
sampling was repeated over the subsequent 4 months of 
follow- up, to capture the largest differences in hormone 
levels between the mid and late follicular phases and to 
identify increased progesterone levels during the mid- 
luteal phase. Hence, we aimed 12 hormonal tests in the 
MC group per athlete. In the OC group the regimen was 
similar but only for two full cycles, aiming six tests at total 
per OC athlete.

The skiers commenced the follow- up in August 2021 
during their final preparation for the Winter Games. 
Fasting salivary hormone samples were collected under 
similar conditions of rowers, that is, just after waking up 
(08:48±00:40), but following a different regimen: on days 
3, 8 and every 2 days thereafter for MC group. This was 
done to obtain a more precise definition of hormonal 
fluctuations across a cycle, following the observed consis-
tency in hormone dynamics collected among rowers 
across different cycles. Hence, we aimed 12 hormonal 
tests in the MC group per athlete. In the OC group five 
hormonal tests equally spaced during a 28 days period 
were performed.

The salivary samples were analysed through the lumi-
nescence Immunoassay method by a commercial lab and 
followed their procedures of storage and transportation. 
More details are provided in online supplemental file.

Cycles’ continuum
The first day of the cycle was determined as the first 
bleeding day in the MC group or the first day of pills 
pause in the OC group.

To consider the cycles a continuum phenomenon we 
transformed the cycle length into a proportion of advance-
ment in the cycle to consider the cycles’ continuum.7 Let 

 T =
{

t1, ..., tn
}
  be the set of times available for cycle  i  , we 

calculate the normalised time  t
′
i = ti

tn   with  ti   on the  ith  day 
and on the last day of the cycle. The same procedure was 
done for the OC cycles, ranging from day 1 to day 28.

To locate the phases of OC pills in the continuum anal-
ysis they were represented as the non- active pill phase and 
active pill phase29 and it is was not expected to observe 
large hormonal fluctuations between the active and non- 
active pill’s phases.

To locate the schematic subphases used in previous 
studies30 within this cycles’ continuum, the follicular 
(preovulatory) and luteal (postovulatory) phases were 
schematically divided in three subphases: early, mid and 
late, as detailed previously.1 An estimate, hence, not a 
validation of the MC group ovulation relied on a linear 

regression model based on the cycle length of more than 
30 000 women with confirmed ovulation.31

The early follicular phase corresponds to the days of 
menstrual bleeding when hormone levels are theoret-
ically expected to be at their lowest. The mid- follicular 
phase occurs between menstruation and the late follic-
ular phase when oestrogen levels are expected to peak. 
The mid- luteal phase is characterised by peaks in both 
oestrogen and progesterone levels, which diminish 
during the premenstrual phase. The early luteal phase 
encompasses the days between estimated ovulation and 
the mid- luteal phase.

These hormones dynamics distribution were analysed to 
properly characterise such schematic phases’ estimation 
within our cycles’ continuum for both groups. We there-
fore carried out an additional analysis by calculating the 
quantiles of order 0.25, 0.5 and 0.75 of the levels of each 
hormone according to the estimated phases of the cycle. 
To identify whether these hormones differed depending 
on the calendar- based phases in MC and active/inactive 
pills’ phases in OC, we performed a Kruskall- Wallis test. 
If the test was significant, we performed a post hoc test 
with a Bonferoni adjustment to identify the differences 
between each phase. The significance threshold was set 
at 0.05.

Markov Index Load State
In order to develop a cumulative load indicator repre-
senting a proxy for the athletes’ response to the workload 
we created the Markov Index Load State model (MILS). 
This is an area- divided cumulative load indicator based 
on hidden Markov chain (HMM). MILS is a mathemat-
ical algorithm allowing to identify the athletes’ responses 
to workload. This response is classified into three states. 
The algorithm is based on probabilities of transitioning 
between these three states each day following the work-
load regimen. The mathematical theory of the MILS 
algorithm is detailed in online supplemental materials.

Model features
Observed variable
The observed variable of the model is the workload  C  . Let 

 Ii
(
t
)
  and  Di

(
t
)
  be the RPE and the training duration of 

the individual  i  at time  t  . We quantified the daily workload, 
meaning the training or competition load by the RPEsession 
(defined as RPE×training duration)14 for each individual  i   
and each day  t   defined by  Ci

(
t
)
 :

 Ci(t) = Ii(t) · Di(t)  

with  Ii
(
t
)
  and  Di

(
t
)
  the RPE and the duration of the 

D- Day training.
The distribution of these two parameters being vari-

able according to the individual’s perception, readiness 
and training programme, we normalised the workload 
for each individual  i  :

 
C

′
i
(
t
)

=
Ci
(
t
)
−µ

(
Ci
)

σ
(
Ci
)
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with  µ
(
Ci
)
  and  σ

(
Ci
)
  being respectively the mean and 

the SD of all workloads  C   for individual  i  .

Calculation of state probabilities
At each time t, each individual displays a probability 
of being in each of the three state of training load 
response. The sum of the probabilities is equal to 1. 
Each day a probability for a given athlete to be in each 
of these hidden states is calculated considering their 
previous state (hence, their total cumulative pathway) 
using the forward backward algorithm32 33 based on the 
transition matrix, the emission matrix and the initial 
probability vector previously estimated. The expectation- 
maximisation algorithm is used to estimate the model 
parameters.34

Number of hidden states
The selection of the number of hidden states in a 
hidden Markov chain model is complex,35 especially 
when the states are concretely interpretable. Indeed, the 
usual criteria such as Akaike information criterion and 
Bayesian information criterion tend to select the model 
with many of hidden states.36 We have chosen to estimate 
three hidden states in the MILS algorithm to be able to 
identify a highest (hard) and lowest (easy) level and an 
intermediate state, in order to have interpretable states of 
physiological states as in General Adaptation Syndrome 
model.37 We consider  S =

{
S1, S2, S3

}
  the  N = 3  states of 

the model.

Relationship to the studied variables
Fitness questionnaire/hormonal variables
For each wellness variable (ie, sleep quantity, quality, 
mood, fitness and symptoms) we used three mixed linear 
models for each state to account for inter- individual vari-
ability.

To estimate the association among the hormonal 
variables (ie, 17ß-estradiol, progesterone and free testos-
terone) and the MILS, we adjusted the models by cycle 
phases, as hormone levels are cycles’ phase- dependent. 
We added a random effect related to the cycle phase to 
isolate the influence of each hormone.

The fixed coefficient indicates if the hidden state posi-
tively or negatively correlates with the explained variable. 
A t- test was used to test if the coefficient is different from 
0. We set the type I error rate at 0.1 (*), 0.05 (**) and 
0.01 (***).

Workload responses during the MC or OC
For each of the states  S1  and  S3 , a non- parametric Loess 
regression38 was performed to explain the progress of 
the cycle (cycles’ continuum) as a function of the hidden 
state. We then calculated the average value estimated by 
the model at each instant of the cycle and as its CI.

In the OC group, only the cycles under the most 
common type of pill was used for this analysis for more 
homogeneity.

RESULTS
Participants
After 7 months of longitudinal daily monitoring, four 
athletes were excluded: one has stopped the pills during 
the study and three with natural cycles presented at least 
one irregular cycle during the follow- up. Then, data of 
24 athletes, 24.6±5.21 years old (12 skiers; 12 rowers (3 
Paralympic)) followed for 7.1 months±2.6 on average 
were analysed. A total of 105 full cycles were studied 
including 51 naturally menstruating and 54 cycles under 
combined contraceptive pills for 21 days with a 7- day 
break. Regarding the OC group, there were six mono-
phasic, two biphasic and two triphasic pill types. Hence, 
only monophasic pills were used for the workload 
responses analyses across the OC cycles. At total, 2509 
wellness questionnaires and 2200 training and compe-
tition data were collected. The compliance rate, related 
with double questionnaires everyday was of 0.54 (ranging 
from 0.17 to 0.92), indicating that all athletes answered 
these questionnaires, on average, every 2 days for about 
7 months (or at least one questionnaire everyday), which 
we consider to be a high compliance rate. The missing 
answers to the questionnaires were mostly due to random 
forgetfulness. Therefore, we consider that the data are 
missing at random and therefore do not interfere with 
the reliability of the results of the study. A total of 214 
hormonal salivary samples were performed and validated 
by the commercial laboratory.

MILS model features
For a detailed theoretical background on the HMM used 
in this study, refer to online supplemental materials.

Hidden state
We estimated the initial probability vector 

 
π
(
1
)

=
[

0.32 0 0.68
]
 
 containing the probabilities of 

being in each state at time  t1 . Gaussian conditional density 
means are estimated by −0.74, –0.01, 0.79 and the SD are 
estimated by 0.52, 0.75, 1.1 for states  S1 ,  S2  and  S3 , respec-
tively.

This means that regardless of the state probabilities of 
time  t − 1 , the greater the load of day  Ci  , the greater the 
probability of being in S3 state. Conversely, the smaller 
 Ci  , the greater the probability of being in S1 state. State 
S2 appears as an intermediate state between S1 and S3. 
The S1 state is associated with a low cumulative load 
suggesting an appropriated adaptative reserve state, while 
the S3 state is associated with a higher cumulative load 
suggesting a state with diminished adaptative reserve or 
RPE fatigue related. The S2 state appears as an interme-
diate area of increased workload to which the body may 
adapt. Knowing the emission probabilities, we renamed 
the states as: (S1) ‘easy’, (S2) ‘moderate’, (S3) ‘hard’.

The transition matrix 

 

A=




0.82 0.07 0.11

0.05 0.92 0.03

0.13 0.04 0.83



 

 is 

shown in figure 1. For example, the probability of going 
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from ‘easy’ state to ‘moderate’ state from time  t   to time 
 t + 1  is 7.31%, while the probability of going to ‘hard’ 
state is 10.63%.

Individual examples
Figure 2 displays an outcome from the MILS algorithm 
for four athletes. It presents the RPEsession over the 
follow- up time and represents the results of the MILS 

algorithm for each individual. For each day, we obtain, 
for each individual a probability  P

(
S1
)
  of being in ‘easy’ 

state, a probability  P
(
S2
)
  of being in ‘moderate’ state 

and a probability  P
(
S3
)
  of being in ‘hard’ state, with 

 
∑3

i=1 P
(
Si
)

= 1 .

Relationship to the studied variables
Fitness questionnaire
We found that the ‘easy’ state was positively and signifi-
cantly correlated with sleep quality (p=5.20e- 04), but not 
sleep duration, mood (p=8.94e- 06) and fitness (p=6.29e- 03) 
(figure 3) and negatively correlated with the menstrual 
symptoms (p=3.87e- 02). That is, the better the athletes 
evaluated their sleep quality, mood and fitness, and the less 
they declared menstrual symptoms, the higher the proba-
bility to be in the ‘easy’ state. The ‘hard’ state is negatively 
and significantly correlated with sleep quality (p=1.22e- 06), 
mood (p=5.73e- 02), fitness (p=2.63e- 03) and is posi-
tively correlated with the number of menstrual symptoms 
(p=5.92e- 02). The ‘moderate’ state is negatively and signifi-
cantly correlated with the mood (p=5.73e- 02).

Hormonal variations
The ‘easy’ state is significantly and negatively asso-
ciated with the progesterone levels considering it 
isolated from the cycle phases (p=8.23e- 03), and the 
‘hard’ state is positively correlated with progesterone 
(p=5.72e- 03). That is, the greater the progesterone 

Figure 1 A transition matrix of the Markov Index Load 
State algorithm showing the three states identified: red—
hard, orange—moderate and green—easy. The percentages 
between the states represent the probability of passing from 
a state  Si   of workload response to a state  Si   from an instant 
 t   to an instant  t + 1  without considering the transmission 
probabilities.

Figure 2 Individual example of the workload quantified through RPEsession, represented each day by a blue column and 
the result of the Markov Index Load State (MILS) algorithm representing the three states of workload response, easy (green), 
moderate (orange) and hard (red) along the follow- up time. For each individual, the graph above represents the charge  C   for 
the day  t  . The figure below shows the probabilities of being in each state on each day  t  . Each day, the sum of the probabilities 
equals 1 in the MILS model.
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level, the lower the probability for an athlete to be in 
the ‘easy’ state and the higher the probability to be in 
the ‘hard’ state (figure 4). No significant correlations 
between MILS and free testosterone or 17ß-estradiol 
levels were found.

Workload responses through the cycles’ continuum
We observe an inverse cyclicity between the ‘easy’ and 
‘hard’ state across the MC continuum (figure 5). The 
gap between the 95% CIs reveals that the ‘easy’ state 
is significantly higher in the first half of the cycle from 
8% to 53% of the cycle, corresponding to the schematic 

Figure 3 Estimate of the parameters of the mixed model to explain the variables of the daily questionnaire by the states of 
the Markov Index Load State (MILS) (easy, moderate, hard). The higher the estimate (in gold), the more the variable is positively 
related to the MILS. The lower the estimate (in blue), the more the variable is negatively related to the state of the MILS studied. 
ns, no significant; *p<0.1; **p<0.05; ***p<0.01.

Figure 4 Estimate of the parameters of the mixed model 
to explain hormone levels by the states of the Markov 
Index Load State (MILS) (easy, moderate, hard). The higher 
the estimate, the more the hormonal variable is positively 
correlated to the MILS. The lower the estimate, the more the 
hormonal variable is negatively related to the MILS. ns, no 
significant; *p<0.1; **p<0.05; ***p<0.01.

Figure 5 Mean and estimated CIs of the Markov Index 
Load State (MILS) ‘hard’ and ‘easy’ states of workload 
responses across the menstrual cycle continuum normalised 
among athletes according to the percentage of the cycle 
advancement. The dotted lines represent the schematic 
subphases division of early, mid and late follicular and luteal 
phases.
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division of the mid and late follicular phases. The ‘hard’ 
state is higher from 63% up to 96% of the cycle dura-
tion corresponding to the mid and late luteal phase. The 
beginning of the cycles (0%–8%), associated with the 
menstruation phase and the end (96%–100%) associated 
with the premenstrual phase, do not show significant 
differences between both states.

In the OC group, only the six athletes using mono-
phasic pills were analysed. Across the hormonal phases 
associated with the pills withdrawal we observed a cycli-
cality between the ‘easy’ and ‘hard’ state (figure 6). The 
‘easy’ state is higher from 50% up to 92%, in the middle 
of the pill active phase. The ‘hard’ state is higher from 
4% to 32%, correspondingly mostly to the phase of non- 
active pill.

The description of the hormonal milieu observed 
according to each schematic phase is detailed in online 
supplemental files.

DISCUSSION
We developed MILS, the first model capable of measuring 
the workload and the athlete’s cumulated response to this 
load. This model is particularly useful to monitor training 
load among athletes in sports where objective measure-
ments are not available, and to investigate complex and 
latent variables such as hormonal fluctuations. This is the 
first study based on this model that provides evidence of 
an infradian rhythm based on a cyclic response to training 
workload associated with the MC or with hormonal 
contraception use. Such cyclicity was most driven by the 
progesterone concentration. We also found that athletes’ 
wellness influences the training load response, inde-
pendently of the cycle phase, with greater probability to 
be in the easy state when reporting better sleep quality, 
mood and fitness. Declared menstrual symptoms and low 

wellness evaluation increase the probability of an athlete 
to be in the hard state.

MILS model
The MILS mathematical features, allows to categorise 
the workload response into multiple hidden states and 
therefore provide an enhanced approach for studying 
complex variables. The response to the workload better 
addresses the complexity associated with variables 
inherent to performance.39 The International Civil Avia-
tion Organisation defines fatigue as ‘a physiological state 
of reduced mental or physical performance capability 
resulting from sleep loss or extended wakefulness, circa-
dian phase, or workload (mental and/or physical activity) 
that can impair a crew member’s alertness and ability 
to safely operate an aircraft or perform safety related 
duties’.40 The MILS algorithm allows to take into account 
proxies of cumulated fatigue that are RPE- related, and 
categorised into states linked to the workload responses. 
The model distinguished a hard state associated with 
increased fatigue and an opposite easy state, reflecting a 
lower cumulated fatigue. An intermediate state was also 
identified allowing to quantify the transitions between 
these three different states across the follow- up. The 
three hidden states identified by the MILS algorithm may 
be interpreted as: (a) the ‘easy’ state qualifying a state 
with greater margins of adaptation in which the athlete 
may possibly better adapt to increased workload, (b) a 
‘moderate’ state in which the adaptive capacities persist, 
suggesting that the athlete absorbs the workload and 
continues to adapt to it and (c) a ‘hard’ state in which the 
load is higher than the adaptative capacity of the athlete.

This categorisation allows to consider the complexity of 
the workload response, in contrast with previous models 
such as REDI17 or EWMA.16 The advantage of REDI lies 
in its robustness to missing data by replacing for the 
missing day, the value of the REDI of the day before.17 
Yet, the MILS response to missing data seems more 
correct, propagating the latent state distribution using 
only the transition matrix across the missing days with 
emission probabilities set in an equiprobable manner. 
This also allows a fairer comparison between MC/OC 
phases across different training periods. In summary, we 
estimate the most likely workload response probabilities 
based only on the transitions between state passages. Like 
Foster’s model, we are based on variables of perceived 
effort and duration.10 These variables have already shown 
their usefulness for quantifying the intensity of a session 
by comparing it to the time spent in the different heart 
rate zones,14 which is easier than gathering heart rate data 
from the TRIMP model available.11 In addition, Foster’s 
model makes it possible to quantify the load of a training 
session or a competition, but the methods proposed to 
relate the indicators of monotony, stress and fitness with 
fatigue are not robust enough.14 All the models proposed 
so far are descriptive and calculate mean and SD of the 
training load. Thus, they are good models to quantify the 
cumulative load, but not to estimate the response to this 

Figure 6 Mean and estimated CIs of the Markov Index 
Load State (MILS) ‘hard’ and ‘easy’ states of workload 
responses across the hormonal cycle continuum normalised 
among athletes according to the percentage of the cycle 
advancement. The dotted lines represent the schematic 
subphases division of non- active pill and active pill.

https://dx.doi.org/10.1136/bmjsem-2023-001810
https://dx.doi.org/10.1136/bmjsem-2023-001810
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load. Beyond the simple load quantification of current 
models, which follow a hierarchy from low to high 
load levels, MILS calculates the probability of response 
(states) to the workload. Thus, it is possible for an athlete 
to be in the ‘easy’ state and, depending on the circum-
stances (eg, higher load, low fitness, luteal phase) move 
directly to a ‘hard’ state. For the population studied, this 
probability was estimated at 10.63%. Inversely, the proba-
bility to move from a ‘hard’ state to ‘easy’ state (eg, lower 
load, better sleep quality, follicular phase), without going 
through a mandatory ‘moderate’ state, was 13.26%. These 
transitions between states are more complex because it 
estimates the physiological responses to the applied load. 
MILS is the first unsupervised parameter- based inference 
model optimised specifically for a sample via likelihood. 
Therefore, the estimated parameters and the results are 
specific to the population studied. By estimating a latent 
variable using an emission and transition matrix, this 
model is therefore the first to quantify the response to 
load. Moreover, the Markov chains have already shown 
their effectiveness in modelling the alternation between 
an active and an inactive state.41

Infradian rhythm
Previous studies have highlighted the need of robust 
research to investigate the influence of MC among 
athletes.23 42 The recommendations rely primarily on 
methods to properly classify and distinguish each cycle 
phase designed to capture the most different hormonal 
milieu.3 Although extremely necessary, especially to 
identify anovulatory cycles, or luteal insufficiency3 such 
methods are mostly designed for testing single time 
points in the cycle. Here, we used a method to consider 
each athletes’ cycles under a continuum lenses to capture 
its dynamics. The MC and the OC phases were concep-
tualised as a nonlinear function of time43 and modelled 
using a continuous ‘cycle day’ variable, such as previously 
recommended.7 28

The demonstrated cyclicity shows the relevance of 
understanding the hormonal transitions through a 
physiological perspective to understand the continuous 
succession of states, rather than only isolating specific 
time points. Among the MC group, we observed that 
the transition from the predominant ‘easy’ state to the 
predominant ‘hard’ state occurs nearly together with the 
transition from the follicular to luteal phase, that is, prior 
to and after an estimated ovulation.

Also, the largest differences occur between the most 
different hormonal milieux3 7(ie, mid- follicular phase 
vs mid- luteal phase), where most studies have observed 
an impact of the MC on performance proxies.4 30 Finally, 
such differences are equivalently mirrored from follic-
ular to luteal phase, with an observed continuity from the 
premenstrual phase to menstrual phase, reinforcing the 
robustness of the model.

The circadian rhythm44 and temperature (ie, associated 
with a seasons rhythm)45 have been shown to influ-
ence performance. A recent study has shown evidence 

that the woman’s ovarian cycle is driven by an internal 
circamonthly timing system.46 The dynamics found here 
highlight a cyclicity characterising an infradian rhythm 
affecting female elite athlete responses to workload. 
The results showed a significant relation between the 
progesterone and the workload responses states, where 
progesterone, mostly predominant on mid- luteal phase is 
positively correlated with the ‘hard’ state and negatively 
correlated with the ‘easy’ state. Previous studies have 
shown an impaired postexercise recovery during the 
mid- luteal phase with an impaired ventilatory efficiency.2 
Correspondingly, other studies have shown greater work-
load capacity during football competitions, measured 
through inertial devices during late follicular phase 
in comparison with mid- luteal and early luteal phases, 
but without further distinction in between phases.8 We 
showed similar results based on daily measurements in the 
field. The cyclic dynamics evidenced here are associated 
with better workload responses on the follicular phase, 
that is, the first half of the MC in comparison with the 
luteal phase.

Yet it is not possible to draw any causal relation between 
the response changes according to the cycle phases and 
sex hormones fluctuations. The mechanisms underlying 
are complex, may be much larger than just the hormones 
fluctuations and may present an asynchronous nature of 
cycle pathways.

Interestingly, we also observed a cyclicity among 
the OC group (monophasic pills only), that a simple 
hormonal/non- hormonal phase division could not 
capture.29 However, it is important to exercise caution in 
interpreting these findings due to the small sample size 
of this subgroup. This finding, although significant, they 
rely on a very small group, and any interpretation should 
be taken with extreme caution. One potential explana-
tion for this unexpected cyclicity could be attributed to 
residual endogenous hormone production despite the 
exogenous administration of hormones to suppress ovula-
tion. It could also be related to an internal circamonthly 
timing system46 despite of the OC use. Nonetheless, the 
relationship between these cyclical patterns and exog-
enous hormone levels remains largely unexplained, 
underscoring the need for further research involving 
larger cohorts of individuals.

Menses are usually highlighted by the athletes as a 
performance impairing phase.47 48 In accordance, we 
show a strong relation between the presence of menstrual 
symptoms and the ‘hard’ states, reinforcing the docu-
mented experience of athletes. However, we have not 
observed a significantly greater probability to be in the 
‘hard’ state during menses, suggesting that difficulties 
faced in training during menses may be more symptom- 
related, than attributable to hormones fluctuation. In 
addition, previous studies have also shown that menstrual 
symptoms impact the athletes reported wellness.1 Here, 
we highlight that a reported lower sleep quality, lower 
mood, fitness and greater symptoms are associated with a 
greater probability to be in the ‘hard’ state, independently 
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of the cycle phase they are in. These are commonly used 
measures in elite athletes monitoring46 that can be easily 
integrated in training settings to evaluate readiness in 
light of the current results. In addition, these results 
suggest that considering the athletes’ cycles and wellness 
in training periodisation may be informative, especially 
when planning heavy training loads in critical moments.

Limits and strengths
We acknowledge an important limit regarding our 
restrained sample size. Studies including larger groups of 
athletes would help diminish the influence of individual 
variability and provide more robust results. However, 
all rowers and skiers in preparation to the Games and 
fulfilling the requirement of the study were included, 
excepting two athletes. Hence, they are representative of 
female rowers and skiers at the Olympic level, where the 
impact of hormonal phases may be more relevant.

We also acknowledge the impossibility in the current 
study to ensure ovulatory cycles and absence of luteal 
phase deficiency among every cycle included in the MC 
group, since we could not perform ovulatory tests or 
hormonal tests in every cycle, which may affect results in 
MC research.23 But we monitored the cycles’ regularity 
over 7 months and confirmed our capacity to detect 
distinct hormonal milieus across the MC. Hence, it is 
reasonable to suppose that if the inclusion of anovulatory 
or cycle with luteal phase deficiency occurred, this may 
have contributed to an increased variability and larger 
CIs, rather than change the direction of the results.

It is worth noting that our primary objective was not 
to delineate distinct phases for comparison, but rather 
to conceptualise the MC as a continuous spectrum and 
investigate potential infradian rhythms. From both 
physiological and mathematical perspectives, treating 
physiological phenomena as continuous variables 
rather than categorical ones offers a more comprehen-
sive understanding.49 For instance, even when precisely 
defining the onset of menses, variations may gradually 
occur from day 1 to consecutive days, underscoring the 
dynamic nature of the cycle. Despite these consider-
ations, we opted to schematically display the common 
phases into this continuum analysis to facilitate compa-
rability with previous studies. Additionally, incorporating 
information on hormone variations across the cycle 
demonstrates that each schematic subphase aligns with 
expected hormone levels.

Another limit is that hormonal testing was based on 
salivary samples instead of serum samples that are gold- 
standard.23 Nonetheless, previous studies have suggested 
a high correlation between salivary and serum levels of 
progesterone and 17ß-estradiol.47 48

The strengths of this paper rely on repeated measures 
with multi- daily assessments directly within the context of 
interest, a robust approach to cycle research.7

Our study shows that MILS is a useful proxy to charac-
terise the responses to training load and is closely related 

to fatigue RPE- related. It would be interesting to explore 
other fields of elite sport such as injury and performance.

CONCLUSION
We developed MILS, an algorithmic model for estimating 
workload response among elite athletes that captured 
three distinct states of training responses: the ‘easy’, the 
‘moderate’ and the ‘hard’ state related with the athletes’ 
adaptative response to workload. This model allowed to 
highlight an infradiam rhythm with a cyclic response, in 
both MC and OC users. Among MC the athletes present 
greater probability to display adaptative responses to 
workload during the first half of the cycle (follicular 
phase), and greater probability to be in the ‘hard’ state in 
the second half (luteal phase). Among monophasic OC 
users, they display greater probability to be in the ‘hard’ 
state during the pills withdraw and greater probability to 
be in the ‘easy’ state during the pills taking. Such cyclicity 
was mainly associated with the progesterone levels. Inde-
pendently of the MC or OC, a better wellness indicator, 
with greater sleep quality, better mood and fitness, and 
less menstrual symptoms is associated with greater proba-
bility to be in the ‘easy’ state.

Patient and public involvement
This study was designed to answer the coach and athletes’ 
questions regarding the effect of the MC or the contra-
ceptive hormones in their training monitoring. We 
cocreated the protocol in order to adapt to their training 
set. At the end of the follow- up every athlete received a 
report and explanations regarding their personal data 
and the coaches received a report of their group of 
athletes.

Statement on equity, diversity and inclusion
Our research team is composed of female and male 
researchers from a single country, ranging from university 
students to senior experts. The study focused exclusively 
on female elite and Paralympic athletes given our specific 
aim of examining the relationship between the MC and 
athletic performance. The results are therefore general-
isable to this population.
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