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ABSTRACT

This study introduces a multi-timescale mechanical model to quantify proximity to performance limits during endurance ex-
ercise. The model represents power output using a set of rolling averages, each associated with a characteristic time constant,
and identifies the dominant component as the one approaching its historical maximum at any given time. To demonstrate this
framework, real-world data were collected from 21 male professional cyclists during an 11-day training camp. Data from the
first 10 days were used to construct individual maximal mean power (MMP) profiles across multiple time scales. On the final
day, cyclists completed a fatiguing protocol (~2000 kJ of work) followed by 3-min and 12-min maximal time trials. During
exercise, the ratio between each exponentially weighted component and its corresponding historical maximum was computed,
and the maximum ratio was used to track proximity to performance limits. At the end of the time trials, this ratio reached 98.6%
(94.3%-101%) and 101% (98.5%-103%) for the 3-min and 12-min efforts, respectively (median and interquartile range), indi-
cating convergence toward maximal performance capacity. Notably, in both trials the dominant component corresponded to a
slower time scale (~1 h), rather than to components matching the nominal duration of the efforts. These findings suggest that
performance limits emerge from the interaction of multiple time scales and are not solely dictated by the duration or intensity of
the task. This framework extends the traditional use of MMP from a post hoc descriptive tool to a real-time dynamical measure
of performance capacity.

1 | Introduction In cycling, this system is typically observed through its external

mechanical output, namely power production (W), which pro-

The human body can be conceptualized as a mechanical energy-
production system that works with variable efficiency. The ability
to sustain energy output over prolonged durations, despite fa-
tigue, overheating, or declining efficiency, is the foundation of
endurance sport performance (McCormick et al. 2015).

vides a measurable representation of performance over time
(Jobson et al. 2009). Power profiles describe how power output
varies across different exercise durations (Leo et al. 2022), using
rolling averages to capture performance fluctuations across time
scales. The highest values of these rolling averages define the
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Highlights

» A model based on rolling averages of mechanical power
output across multiple time scales is introduced to
continuously quantify the margin between current ex-
ercise intensity and historically observed performance
limits during stochastic exercise.

e Maximum performance was defined as the point at
which the maximal ratio between current and historical
responses across all considered time scales reached
100%, indicating that at least one component of the
system had reached its previously observed maximum.

e The model was evaluated using data from 21 profes-
sional cyclists performing 3- and 12-min time trials
following a prolonged fatiguing protocol designed to
induce prior accumulation of work.

o The model describes dynamic changes in performance
limits during exercise by accounting for the cumulative
effects of prior intensity and duration, allowing identi-
fication of the time scale governing progression toward
or away from their performance limit.

historical maximal mean power (MMP), which summarizes an
athlete's performance limits across durations (Pinot and
Grappe 2011; Quod et al. 2010).

Although MMP is widely used to characterize performance
retrospectively (see e.g., (Mateo-March et al. 2022; Valenzuela
et al. 2023; Valenzuela et al. 2023)), it does not provide a
mechanism to track how an athlete's current output relates to
their maximal historical capacity during exercise. Here, we
propose a multi-timescale framework to quantify the relation-
ship between current power output and historical MMP in real
time. By representing power output through a set of rolling
averages, each associated with a characteristic time constant,
the model identifies the component most closely approaching its
historical maximum at any given moment. This dominant
component is then used as an indicator of proximity to the
athlete's performance limits. This formulation extends the
traditional use of MMP from a post hoc descriptive tool to a real-
time dynamical representation of performance state during ex-
ercise (Zignoli and Whitehurst 2025).

2 | Methods
2.1 | Training Data

The data to validate the model presented here was collected on a
cohort of 21 male professional cyclists (age 23 + 4; height
176.7 £+ 5.2 cm; body mass 66.3 + 4.4 kg), who participated in a
training camp from December 6th to 16th, 2023 and served as
study participants. Ethical approval for this study was obtained
from the Regional Health Unit Authority Ethics Committee
(code: AGBMG23). Before the training camp, all cyclists were
fully informed of the study objectives and provided written
informed consent to share their data for research purposes. All
participants were members of the same professional cycling
team, ranked among the top 25 World Tour teams by the Union

Cycliste Internationale in 2023. Each training session was
recorded using personal cycling computers (Bryton S800, Bryton
86 Inc., Taipei City, Taiwan) and power meters (Favero Assioma
Duo, Favero Electronics srl., 84 Arcade, TV, Italy) mounted on
the cyclists’ bikes. Data, including session duration and power
output (W), were collected at a sampling frequency of 1 Hz.

On the first day of the camp, participants completed a test to
assess their CP, as described in Spragg et al. (2024). The CP
values obtained from this test were used to prescribe subsequent
training sessions for each cyclist. On the final day, all cyclists
completed a structured “fatiguing” protocol (Spragg et al. 2024)
(Figure 1).

The fatiguing protocol consisted of ~2000 kJ of work, beginning
with 20 min at < 70% of individual CP, followed by five 8-min
intervals at 105%-110% of CP, interspersed with 8-min recovery
periods. During recovery, participants maintained a rating of
perceived exertion (RPE) of 2 out of 10, corresponding to “light
exertion”. Following the protocol, the cyclists performed two
maximal time trials of 3 and 12 min, separated by 40 min of
active recovery. Participants were instructed to complete the
trials at maximal effort until the end of their sustainable per-
formance capacity, while maintaining a cadence of
80-100 revolutions per minute and using a self-selected pacing
strategy. To facilitate optimal pacing, participants were
permitted to monitor real-time power output on their cycling
computers.

2.2 | Power Profiling

The MMP method (Pinot and Grappe 2011; Quod et al. 2010)
does not impose specific restrictions on the type of rolling
average used for MMP calculations, which can generally be
categorized as simple or weighted. A simple moving average
calculates the mean of a fixed number of preceding data points,
whereas a weighted moving average applies different weights to
data points based on their position in the sequence. Specifically,
the exponentially weighted moving average (EWM) uses expo-
nentially decreasing weighting factors, offering several compu-
tational advantages. Unlike a simple moving average, EWM can
be calculated using a first-order linear differential equation (Eq.
A3), which enables recursive computation, avoiding the need to
store full time windows and enabling real-time implementation
(Zignoli and Biral 2024; Zignoli and Whitehurst 2025).

As mentioned in the Supporting Information S1: Appendix A
(Eq. A3), the generic EWM model for an individual cycling
session can be expressed as follows:

fEWMy L WMy = P (1)
dt
where 7y represents the time constant corresponding to EWMj.
For practical spreadsheet-based calculations, the discrete
version of this equation is more suitable. At a generic time step
i, the equation is formulated as follows:

EWMyi+1 — EWMy;
T - -+ EWMy; = P; 2
k ti+1 — ti ki i ( )
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FIGURE 1 | Protocol executed by the cyclists on the final day of the training camp. Following a 20-min warm-up, participants completed a

“fatiguing protocol,” after which they performed a “time-trial” protocol. The time-trial protocol consisted of two maximal efforts lasting 3- and

12-min, separated by 40-min of active recovery.

Rearranging, the equation becomes:

(Pi —EWMy) - (tix1 — t))
Tk

EWMk,H_l = + EWMk,i (3)

Each EWM calculation begins with an initial value of zero (i.e.,
EWMy at i = 0). This iterative calculation is applied across all
7y values, using recent training session data. For this study, the
selected 7 values were: 12, 30, 60, 120, 180, 300, 600, 1200, 1800,
3600, 7200, and 14,400 s. Consequently, for each training ses-
sion, a set of EWM values (EWM 55, EWM 3, ... EWM;44005) Was
calculated. These time constants were log-spaced to span a wide
range of physiological time scales, from rapid fluctuations in
power output to more sustained fatigue processes. The spacing
between 1y values increase with duration, reflecting the fact that
performance dynamics evolve more rapidly at short time scales
and more gradually over longer durations, as explained in
Supporting Information S1: Appendix A. Shorter 7y values are
therefore more sensitive to rapid changes in power output,
whereas longer 7 values capture more sustained trends in
performance. The interaction between these time scales de-
termines which 7, dominates at any given moment.

To construct the historic MMP profile for each cyclist, all
training sessions completed during the first 10 days of the
training camp were used. For each 7, the maximum EWM
values (EWMpmax-125s EWMpax-30s, - EWMwpax-14400s) Were
computed. The final “fatiguing” training session was then used
to calculate the exercising MMP and validate the methodology.

2.3 | Maximum Ratio Between Exercising and
Previous Maximal Mean Power

For each cyclist, during the final session of the camp (i.e., the
session not included in the calculation of EWMy5x values), the
ratio between each EWMy and its corresponding historical
maxima (EWMpyax.zk) Was computed. The maximum ratio,
denoted as follows:

EWM, EWM 3 EWM 144005
max 4)

EWMuax-12s EWMmax-30s  EWMwax-144008

represents the margin relative (%) to the best performance ach-
ieved during the first 10 days of the training camp. This formu-
lation defines a set of constraints, where each EWM component is
bounded by its historical maximum. The maximum ratio there-
fore identifies the most critical constraint at each time point. It is
important to note that, due to the differential formulation adopted
(Equations 1-3), each time constant 7y is evaluated continuously
during the exercise without requiring prior knowledge of the total
exercise duration. At each time instant, by computing the ratio
between the current power output and its corresponding histor-
ical maximum over multiple time scales (7y). The maximum of
these ratios identifies the dominant time scale at that moment.

The associated 7y therefore represents the characteristic time
scale governing the current performance state. When the
maximum ratio increases toward 100%, the athlete is
approaching maximal performance, whereas a decrease toward
0% indicates recovery or distancing from it. In this sense, 7y
reflects how rapidly the athlete is transitioning toward or away
from their performance limit and, possibly, task failure or
disengagement from exercise.

2.4 | Statistical Analysis

All MMP data were checked for normality at each time point
with the Shapiro-Wilk normality test. If normality was
confirmed, mean and standard deviation (mean (SD)) were used
to describe the MMP variables. For time series data, however,
median and inter-quartile range (IQR) were used to represent
trends graphically. Similarly, the median and IQR were
employed to describe the 7y values limiting exercise, given the
discrete nature of this variable.

The model's accuracy was evaluated by determining whether
the maximum ratio between exercising and previous MMP

European Journal of Sport Science, 2026

3 of 10

85USD17 SUOWILLOD dAERID 3|qed![dde au) Ag peuenob a1e DI VO 88N JO S3INJ J0} ARG 1T BUIIUO AB]IM UO (SUORIPUOD-PUR-SLLLBYWOD" A2 I ARRIq 1BUIIUO//SHNY) SUORIPUOD PUE S | U3 885 *[9202/50/T2] U0 A%iq18uliuo AB|Im ‘8oue|poxX3 812D Pue L3EeH Joj aInisul uolieN ‘301N Ad 62T0L 35B/200T 0T/I0pAL0D" A3 ARiq1feul|uo//Sdiy woij popeojumod ‘9 ‘9Z0¢ ‘062L9EST



reached 100% for all cyclists at the end of the 3- and 12-min
tests. The model was deemed accurate when the 100% value
fell within the IQR at the end of both tests. Paired t-tests with
Bonferroni correction were used to compare previous and
exercising MMP values at each time point.

All statistical analyses were performed using R (ver. 4.3.3) with
custom-written scripts in RStudio (ver. 2023.12.1). Statistical
significance was set at p < 0.05.

3 | Results

The MMP values derived from the maximal EWM across
various 7 values are presented in Table 1 in aggregated form.
Normality of distribution was confirmed for all time averages
(p < 0.001). Paired t-tests comparing the exercising and previous
MMP revealed statistically significant differences only for
EWMuax at Ty and T3qs.

Figure 2 illustrates the oscillations in the maximum ratio be-
tween the exercising and previous MMP, alongside absolute
power output values. The corresponding 7 values associated
with the EWM closest to the previous limit are also shown. The
maximum ratio between the exercise intensity and prior MMP
after the time-trial protocols were: 98.6% (94.3, 101%) for the 3-
min effort and 101% (98.5, 103%) for the 12-min effort.

4 | Discussion

We introduced a new mechanical model with the aim to track
progress toward performance limits during prolonged stochastic
cycling exercise. As shown in Figure 2, the maximum ratio
between the exercise intensity and prior MMP was approxi-
mately 100% at the end of the time-trials: 98.6% (94.3, 101%) for
the 3-min effort and 101% (98.5, 103%) for the 12-min effort.
In both time trials, maximum performance was consistently

associated with the depletion of a slow time-scale component
(~1 h), rather than components corresponding to the nominal
duration of the efforts. This suggests that performance limits are
determined by exercise history rather than the intensity or
duration alone. We suggest that proximity to maximum per-
formance in cycling can be inferred by continuously computing
rolling averages of mechanical power output and identifying the
dominant component, that is, the component that is
approaching its historical maximum at any given moment.

Currently, the most widely adopted models for predicting
proximity to maximum performance are the Wy, model (Skiba
et al. 2012) and their variations (Clarke and Skiba 2013; Skiba
et al. 2014; Skiba and Clarke 2021). These models are directly
derived from the critical power (CP) framework (Monod and
Scherrer 1965; Moritani et al. 1981), which estimates W’ (i.e.,
the work performed above the CP threshold (Jones and Van-
hatalo 2017)) and the CP itself (i.e., the threshold distinguishing
heavy from severe exercise intensities (Jones et al. 2010)).
Whereas Wy, models attempt to describe the body's energy-
production capacity, they do so only within the non-
sustainable intensity domain. However, determining W' recov-
ery kinetics experimentally often involve tests to “exhaustion”
(Bartram et al. 2018; Bourgois et al. 2023; Caen et al. 2021). This
practice contradicts the fundamental premise of Wy, models,
which do not predict “exhaustion” at W’ depletion but instead
indicate the point where power output should drop below CP to
prevent “exhaustion”. Therefore, given our experimental set-
tings, a direct comparison with Wy, models is not straightfor-
ward, as the two approaches rely on different modeling
assumptions and target different aspects of performance.

In Wy, models, it was proposed that during constant workload
exercise above CP, W' is depleted at a rate proportional to the
difference between power output and CP, whereas W' recovery
follows a single exponential function (Skiba et al. 2012). This
modeling approach assumes that the human body maintains
constant efficiency in mechanical energy production. However,
not all Joules are created equally. Recent evidence suggests that

TABLE 1 | Aggregated maximum power output values (n = 21, median and inter-quartile range) for the exponentially weighted moving average

(previous EWMpax.1k) across different time constraints (T: 12 s, 30 s, ... 14,400 s).

Time (s) Previous EWMpax (W) Exercising EWMpax (W)
Tias 12 798 (85) 566 (168)°
T30s 30 571 (64) 464 (118)
Toos 60 477 (37) 437 (108)
T120s 120 424 (21) 404 (98)
T180s 180 400 (25) 388 (94)
3008 300 378 (26) 364 (88)
Te00s 600 332 (21) 313 (75)
T12005 1200 287 (18) 272 (64)
T1800s 1800 268 (17) 257 (61)
T3600s 3600 240 (16) 233 (55)
T7200s 7200 203 (16) 194 (47)
144008 14,400 153 (13) 147 (36)

“Significantly different than previous EWMpyax.x (p < 0.001).
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FIGURE 2 | Power output during the fatiguing protocol (TOP graph, in watts, black line) used to compute the ratio between exercising and

previous maximal mean power (in %, blue line). The interquartile range is represented by the gray band. The limiting time characteristic (7) is
depicted in the BOTTOM graph (log-transformed y-axis) with the interquartile range highlighted in purple. Data include all cyclists (n = 21).
Vertical dashed lines indicate the average times of exhaustion following the first and second bouts.

W’ recovery kinetics depend on prior exercise intensity (Caen
et al. 2019) and follow a multi-exponential pattern (Chorley
et al. 2022). However, because of model limitations, (Caen
et al. 2021; Chorley et al. 2022) were unable to test recovery
behaviors beyond two exponentials, as parameter collinearity
made optimization ill-conditioned (Chorley et al. 2022). To our
knowledge, a differential version of a multi-exponential Wy,
model has yet to be developed, restricting applicability to step-
input scenarios (see Supporting Information S1: Appendix A).

The model presented here suggests that energy production ca-
pacity is depleted and recovered in an exponential manner, as
described using EWMs (Supporting Information S1: Appendix
A). From a systems perspective, the model can be interpreted as
a set of first-order dynamical states constrained by their his-
torical maxima. Performance limits are reached when at least

one of these constraints becomes active. Unlike previous solu-
tions, this model pre-selects multiple exponentials, enabling the
identification of the dominant one—the component that dic-
tates the system's progression toward performance limits.
Mathematically, this approach provides an enhanced descrip-
tion of observed performance dynamics and can capture the
complexity of performance output across multiple time scales.
Furthermore, this approach does not require parameter esti-
mation of recovery Xkinetics or predefined physiological
assumptions.

It has been proposed that the fast exponential of W’ recovery
kinetics (r < 20-300 s) may be consistent with physiological
processes operating on similar time scales, such as phospho-
creatine (PCr) resynthesis, whereas the slow exponential
(t ~ 300-600 s) may be associated with lactate clearance
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5of 10

85USD17 SUOWILLOD dAERID 3|qed![dde au) Ag peuenob a1e DI VO 88N JO S3INJ J0} ARG 1T BUIIUO AB]IM UO (SUORIPUOD-PUR-SLLLBYWOD" A2 I ARRIq 1BUIIUO//SHNY) SUORIPUOD PUE S | U3 885 *[9202/50/T2] U0 A%iq18uliuo AB|Im ‘8oue|poxX3 812D Pue L3EeH Joj aInisul uolieN ‘301N Ad 62T0L 35B/200T 0T/I0pAL0D" A3 ARiq1feul|uo//Sdiy woij popeojumod ‘9 ‘9Z0¢ ‘062L9EST



processes (Menzies et al. 2010). (Chorley et al. 2022) observed
that W’ recovery slowed after consecutive exercise bouts, with
the second bout demonstrating slower W’ recovery. However,
numerous studies on W’ recovery (Caen et al. 2021; Felippe
et al. 2020; Ferguson et al. 2010) suggest a consensus that very
slow recovery processes may be linked to strong aerobic
engagement and an elevated aerobic baseline. Even more slowly
evolving metabolic processes could be associated with the
restoration of acid-base homeostasis, recovery of muscle func-
tion and impairment of Ca®' release/sensitivity (Felippe
et al. 2020; Ferguson et al. 2010) following prolonged exercise.

Associating recovery kinetics with specific physiological mech-
anisms oversimplifies the complex and multifactorial nature of
fatigue (Abbiss and Laursen 2005; Marcora 2008; Noakes
et al. 2005; Tripp et al. 2024). As suggested by (Ferguson
et al. 2010) and (Felippe et al. 2020), W’ recovery is influenced
not solely by peripheral or central factors, but by the interaction
between the two. In addition, reports of W’ recovery kinetics
have shown considerable variability (see e.g. (Bartram
et al. 2018)) and individuality (Welburn et al. 2026), similar to
lactate recovery kinetics (see e.g. (Beneke et al. 2005; Haase
et al. 2025; Menzies et al. 2010; Porter and Langley 2025)). With
these limitations in mind, we adapted Gastin's (Gastin 2001;
Gastin and Suppiah 2026) conceptual diagram for all-out exer-
cise bouts to represent relative energy system contributions
during stochastic exercise. During stochastic exercise, different
physiological systems dominate performance and biomarker
expression at different time scales, because: A) Energy systems
have distinct kinetics, B) regulatory systems have different
response times, and C) fatigue accumulates through multiple

interacting mechanisms. Therefore, a dominant time exists for
each biomarker because their signal-to-noise ratio is likely to
peak within that time-window. Therefore, in our adaptations,
the x-axis does not represent exercise duration at constant in-
tensity but rather the time-characteristics of the dominant
exponential (i.e., the MMP closest to the historical maximum),
and the different metabolic pathways associated (Figure 3).
Importantly, this diagram should not be interpreted as indi-
cating discrete “all-or-nothing” mechanisms but rather as
reflecting the interplay of multiple pathways contributing to
energy production. Indeed, energy metabolism, encompassing
both anaerobic and aerobic components, operates as a dynamic
interplay of coordinated fluxes rather than discrete systems
(Martinez-Reyes and Chandel 2017). These fluxes are influ-
enced by systemic factors, such as the autonomic nervous sys-
tem, and local factors, including substrate availability and
metabolic capacity (Hargreaves and Spriet 2020).

The diagram in Figure 3 provides a framework for interpreting
this model features and generating hypotheses for future
research. A key finding of this study is that the dominant time
scale governing performance limits shifts depending on prior
load, with prolonged exercise favoring slower components. Re-
sults indicate that performance limits at the end of both time
trials were not driven by the depletion of exponentials corre-
sponding to the trial durations (i.e., 3 and 12 min). Instead, at
the limits of the performance, the dominant exponential
component was much slower (~1 h, Figure 2). This suggests that
in a fresh state, shorter (faster) exponentials would likely govern
maximum performance during 3- and 12-min time trials. Ac-
cording to this model, a fresh state would favor glycolytic/

100

ATP-PCr

IN o ®
S S S

% Contribution to total energy supply
N
=)

Aerobic

Glycolysis

12 30 60 120 180 300 600

EWM < (sec)

FIGURE 3 | Adapted from Gastin (Gastin 2001): Relative contributions of energy systems to total energy supply, mapped against the kinetic

characteristics () of the dominant exponentially weighted moving average (EWM), corresponding to the maximal mean power (MMP) closest to
its historical maximum. ATP-PCr refers to the alactic component of the anaerobic energy system. This diagram offers an interpretation of the
proposed model and the behavior of the dominant biomarkers by time-window. If the dominant t is very short (< 10 s) we expect the
phosphagen system and the neural drive/excitation-contraction coupling to be the dominant process, and we would observe somewhat elevated
PCr depletion rate and ATP turnover. If the dominant t is short (10-80 s) we expect anaerobic glycolysis to be the dominant energetic process,
and we would observe rapid pH disturbance, elevated blood lactate appearance rate, elevated ventilation and heart rate. If the dominant 7 is long
(1-10 min) we expect the aerobic metabolism to be the dominant process, and we would observe the appearance of a slow VO, component, drift
in heart rate, steady state lactate. If the dominant t is very long (10-60 min) we expect the aerobic metabolism, the thermoregulation, the central
fatigue and the substrate availability to be the dominant limiting systems, alongside the appearance of a drift in heart rate compared to power,
and possible rise in core temperature. We expect these biomarkers to become increasingly visible as the ratio of exercising maximal mean power
approaches its historical maxima.
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anaerobic pathways, leading to high lactate responses and rapid
PCr recovery. Conversely, in a fatigued state, the same time
trials would rely more on aerobic pathways, marked by oxygen
drift, elevated heart rate, and reduced efficiency (Stevenson
et al. 2022). In essence, this model suggests a potential shift
toward a greater fractional aerobic contribution to total energy
turnover in a fatigued state, despite similar power and duration.
Although experimental data are needed to validate this, recent
research on exercise “durability” support this hypothesis,
showing reduced anaerobic metabolism following prolonged
cycling (Gallo et al. 2024; @rtenblad et al. 2024).

This model has inherent limitations, primarily its reliance on
historical data for predictions. In competitive settings, actual
performance may surpass predicted capacities if prior data fail to
capture peak efforts. If an athlete exceeds previously recorded
maxima, ratios may transiently exceed 100%, indicating the need

to update the historical profile. Additionally, the model does not
account for environmental factors such as temperature and hu-
midity (Valenzuela et al. 2022), internal factors such as metabolic
capacity and substrate availability, hydration status, motivation,
or sleep quality. Also, this model only takes into accounts the best
efforts irrespective of bike position, for example time-trial/aero-
dynamic versus standard (Fintelman et al. 2014; Kordi et al. 2019).
Another limitation is the exclusive use of absolute power values to
construct the MMP profile; incorporating a weight-adjusted
metric (e.g., W/kg) could enhance prediction accuracy. Despite
the model's high accuracy in predicting performance limits, real-
world outdoor data collection presents challenges (measurement
noise and device variability may influence EWM estimates,
particularly at shorter time scales). Synchronizing efforts across
cyclists may have introduced minor inaccuracies in the aggre-
gated estimates. Perhaps the greatest limitation is theoretical.
Although this model aids in interpreting the physiological effects
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of prolonged exercise (Maunder et al. 2021), it remains a me-
chanical model. It does not directly simulate physiological pro-
cesses but rather their observable manifestations by means of a
mechanical output.

Although the session protocol employed in this validation study
was unique, we believe that the findings are generalizable and
applicable across various session protocols. Two additional
practical  applications are provided in  Supporting
Information S1: Appendix B to illustrate real-world use cases
(see Figures 4 and 5 in the Supporting Information S1: Ap-
pendix). Also, although this methodology was validated in a
cycling context, it is broadly applicable to other forms of
continuous exercise, such as running, swimming, rowing, and
even team sports (Cassirame et al. 2022). The model's compu-
tational efficiency, achieved through the discrete formulation of
ordinary differential equations (Equation 3), facilitates real-time

applications on lightweight hardware, such as cycling com-
puters or running watches. For example, the model has been
deployed on a Garmin Connect IQ app and is used to monitor
their MMP ratios in real time (apps.garmin.com) (Zignoli and
Whitehurst 2025). Furthermore, the model has demonstrated
potential in optimizing pacing strategy (Zignoli and Biral 2024)
and prescribing training sessions, enabling rapid simulations of
virtual sessions to evaluate sustainability based on an ath-
lete's MMP.

In conclusion, this work introduces a multi-timescale dynamical
framework in which proximity to maximum performance
emerges from the interaction between current power output and
historically observed limits. By identifying the dominant time
scale governing performance at each moment, the model pro-
vides new insight into how prior load shapes endurance ca-
pacity. We propose that: (1) Margins to performance limits can
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https://apps.garmin.com/apps/c9a93545-7db0-4a1b-b955-21db19edbf9d?tid=2

be tracked with the dominant component of the MMP, and (2)
performance limits are influenced not only by effort intensity
and duration but also by the cumulative effects of prior intensity
variations. This framework enables the assessment of whether
an athlete is transitioning toward or away from their perfor-
mance limits and at what rate their remaining performance
capacity is depleting or recovering.
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