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Abstract

This study compared two physiological modeling approaches, the Peronnet-Thibault (P-
T) model and the Minimal Power (MP) model, to identify key parameters representing
individual physiological characteristics and to explore their applications in running training.
Model parameters were estimated using nonlinear least squares fitting, and predictive
performance was evaluated by the mean absolute error (MAE). Results from the World
Running Records (WRR) indicated that the MP model generally outperformed the P-T
model in linking running performance with physiological variables, demonstrating greater
capability in extracting physiological parameters. Further validation using the British
Runner Records (BRR) showed that the MP model achieved MAE values of 3.02% for
males and 3.47% for females, reflecting strong generalization to real running performance.
Furthermore, descriptive analyses of the relationships between MP model parameters
and running performance further support its potential value in personalized training and
performance prediction.

Keywords: running performance; Peronnet-Thibault model; Minimum Power Consump-
tion model; endurance; personalized training

1. Introduction

With the accelerated pace of life and increased health awareness, running has be-
come a common way to improve fitness and health due to its simplicity and efficiency.
Technological advances and the popularity of wearable devices have gradually made
running more specialized and data-driven, enabling the collection of physiological and
performance-related data such as heart rate, VOy4x, and cadence [1,2]. In recent years,
running performance analysis based on physiological parameters has gradually become
a hot research topic. By integrating the athlete’s physiological state, training data, re-
searchers try to reveal the relationship between physiological parameters and running
performance, to provide theoretical support for personalized training and optimization of
runners’ performance [3,4].

Over the past century, researchers have proposed a variety of models to predict
running performance. Kennelly demonstrated a relationship between time (T) and distance
(d), with T « d°/8, based on competition data from animals and humans [5]. However,
for distances between 100 m and 50 miles, the relative error can reach up to 9%. Hill [6]
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proposed the hyperbolic power model, which reveals the maximum power output that
athletes can maintain under different durations and lays a theoretical foundation for the
correlation between performance and metabolism, and Keller [7,8] introduced the optimal
control theory to simulate the speed distribution during a race through the variational
method. Ward-Smith [9], based on the first law of thermodynamics, developed an energy
consumption model from the perspective of mechanical work and energy output. This
model integrates aerobic and anaerobic energy supply mechanisms, incorporating processes
such as energy conversion, storage, heat dissipation, and resistance overcoming, to explain
energy utilization and speed changes in high-intensity competitions.

However, these models did not adequately capture the relationship between physio-
logical parameters and athletic performance, prompting the development of new models.
Daniels [10] proposed the VDOT model to quantify an athlete’s aerobic capacity and
running economy, thereby enabling the prediction of race performance across different
distances. However, it depends on precise values of maximal oxygen uptake (VOgy,x),
which limits the model’s applicability. Peronnet and Thibault proposed a model that incor-
porates physiological parameters derived from the aerobic and anaerobic energy supply
mechanisms, in order to link them with actual running performance and establish a balance
between energy input and output [11]. Alvarez-Ramirez [12] introduced additional time
scales into the P-T model to improve its predictive performance; however, this enhance-
ment involves more parameters, which increases the model’s complexity and reduces
its practicality. Emig et al. proposed a Minimum Power Consumption model to divide
metabolic phases on a time scale, analyze the relationship between maximum average
power, additional power demand and instantaneous power, and introduce an endurance
index to improve performance prediction [13]. Subsequently, Emig and co-workers [14]
validated the predictive accuracy of the model and further explored the evolution of world
records and physiological parameters to refine the models of physiological mechanisms
for running performance prediction. Physiological parameters (e.g., maximal oxygen up-
take, aerobic endurance, etc.) employed in model construction can be used to develop
personalized training programs aimed at optimizing athlete performance under varying
physiological conditions.

In this study, we first systematically compare two physiologically based models, the
Peronnet-Thibault (P-T) model and the Minimum Power Consumption (MP) model, to iden-
tify key parameters that are more representative of an individual’s physical performance
characteristics. To evaluate the applicability of the MP model to real-world running, we
fitted the model using the personal best records of British runners, and confirmed through
prediction results its effectiveness in capturing individual physiological parameters under
real conditions. In addition, the study also attempted to explore the association between the
model parameters and actual running performance, and further analyzed the distribution
characteristics of these parameters in the population and their representativeness. By
revealing the variability of physiological abilities among individuals, it aims to provide a
theoretical basis and data support for achieving personalized and scientific training.

2. Method
2.1. The Peronnet-Thibault Model

During running, the energy required by the body is supplied by two main systems:
the aerobic system and the anaerobic system. The aerobic system supplies energy steadily
through oxidative processes, while the anaerobic system releases energy rapidly through
lactate metabolism and glycolysis during high-intensity exercise. Based on this physiologi-
cal mechanism, the Peronnet-Thibault (P-T) Model calculates the power generated by the
aerobic and anaerobic systems separately and integrates the two to obtain the total power
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output of the human body for different durations, which is used to simulate the energy
expenditure and exercise performance during running. The average power Pr in the model
is obtained based on a combination of theoretical derivation and empirical observation,
and is expressed as the sum of the average aerobic power (Py.;) and the average anaerobic
power (Pyyy), as follows:
S -z 1 (T

Pr = Pagr + Panr = [T (1 —e kzﬂ + ?/0 [BMR+B(1-eM)|at ()
where S denotes the total energy currently available for anaerobic metabolism, BMR is
the basal power, B is the difference between peak and basal power (B = Pyeqr — BMR).
Two constants are introduced to characterize the dynamics of the energy systems. k; (~30s)
characterizes the time constant of aerobic metabolism, reflecting the time scale over which
aerobic power gradually increases due to the lag between cardiopulmonary circulation
and mitochondrial oxidative reactions [15,16], while k; (~20 s) represents the time constant
of anaerobic metabolism, describing the timescale over which anaerobic energy supply
declines exponentially due to limited energy reserves and the accumulation of metabolic
by-products [11].

The time (Ta;4p) for which elite endurance athletes maintain maximum aerobic power
(MAP) is finite, usually about 420 s [17-19]. For running races with durations equal to or
less than that time, peak power (Pyq) is approximately equal to MAP, whereas for races
with durations greater than that time, Py, decreases linearly with In T as time increases [20]
and the magnitude of this decrease is expressed as E. This decline occurs because, as the
contribution of anaerobic metabolism diminishes over time, the limited capacity of the
aerobic system cannot fully compensate for the loss, resulting in a progressive reduction in
the power output. Thus, the parameter B can be expressed as

_ { MAP — BMR, T < Tyap 2
MAP — BMR + [E(h’l T—1In TMAP)]/ T > Tyap

Peronnet and Thibault proposed that it can be assumed that the total anaerobic
metabolic energy (A) can be used in its entirety for any race longer than 120 s to 150 s [11],
but shorter than Ty 4p in duration. Beyond Ty4p, the anaerobic metabolic energy (S)
gradually decays as the duration of the run continues to increase, where f = —0.233 [21]

A, T < Tmar

S = 3
{A—i—Af(lnT—lnTMAp), T > Tymap ®)

On the other hand, the actual average output power (P;) required to run at a given
speed (v) can be calculated by the formula proposed by di Prampero [22]

P, = BMR + 3.86v + 0.4BSA %« v3/BM + v3/D (4)

where BSA represents body surface area, BM represents body mass (set at 70 kg for males
and 50 kg for females, with corresponding BSA of 1.8 m? for males and 1.6 m? for females),
and D denotes running distance. Therefore, based on the energy balance between input
and output and the relationship between speed, time, and distance, the P-T model can be
concluded as

D? D?

BM+T3 T8 ®)
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Consequently, based on these three parameters (MAP, E and A), a P-T model was
constructed as shown in Equation (5). The ability of an athlete to use the anaerobic pathway
to generate energy during a brief period of high-intensity activity is represented by total
anaerobic energy (A). The higher the value of parameter A, the more explosive the athlete is
in the anaerobic environment. The maximum amount of energy that an athlete can produce
in an aerobic environment is referred to as maximum aerobic power (M AP). The magnitude
of MAP directly affects an athlete’s endurance capacity during prolonged exercise. In the
P-T model, the degree of aerobic endurance is represented by the magnitude of aerobic
energy expenditure (E). More specifically, a higher value of the parameter E indicates that
the athlete has greater aerobic endurance and is more effective in maintaining a high level
of power output throughout the competition.

Furthermore, these three parameters interact differently depending on the race dura-
tion relative to Tyyap. When T < Tj14p, the outcome is primarily determined by anaerobic
metabolism, and a larger A enhances the athlete’s capability in short-distance, high-intensity
efforts. When T > Tj4p, aerobic metabolism predominates, with a larger MAP and a
higher E improving the performance of long-distance. By considering these effects and
interactions, the P-T model bridges the gap between theory and practice.

2.2. The Minimum Power Consumption Model

The Minimum Power (MP) Model was proposed by Emig et al. [13,14,23] to eliminate
extraneous normalization parameters from the model through the lens of relative power.
The model defines relative power (p) as the ratio of actual power output (P — P) to aerobic
power reserve (P, — Py). By using velocity (v) as a parameter to quantify power, running
economy (p(v)) is then derived. The relationship between power and velocity further
simplifies the equation so that running economy can be expressed as

p(v) = P(v) = Py/ Py — Py = v/ v (6)

where the minimum velocity corresponding to the production of maximum aerobic power
(Pm) is referred to as the crossover velocity (vy;) [24]. And P, denotes the base power, and
P(v) denotes the output power at an average speed (v).

To construct a running performance prediction model T (), it is necessary to know the
best time (T) a runner can run at a given power. The maximum average power (Pyqx(T))
that can be sustained for a duration T is used to quantify this information. In addition,
the instantaneous power (Pr(t)) consumed by the runner during a race of duration T is
defined. Since during the actual race the runner will become fatigued, this will result in the
instantaneous power being greater than the maximum average power, which needs to be
compensated by supplementing with additional energy, which is known as supplemental
power (Py,;(T)). Since different distances involve different energy mechanisms and differ-
ent energy systems produce energy in different ways, different amounts of supplemental
power need to be provided over different time frames. Therefore, to determine the supple-
mentary power’s, a time scale (f) should be introduced to distinguish between short and
long distances. This means that the supplementary power can be expressed as

P,T <t
Py (T) = 7
sub (T) {Psge+PlTTff,T>tc @)
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To build the model, Emig et al. [13]. proposed a relation that states that the average of
the instantaneous power is equal to the sum of the supplementary power and the maximum
average power (Ppqx(T)) over a duration T. This is expressed as

1 T
Prax(T) + Peup(T) = T/ Pr(t)dt 8)
[
On this basis, they made a key conjecture that the instantaneous power utilized at a
certain moment ¢ is equal to the maximum average power utilized for the remaining time
(T — t) [25]. It can be expressed as

Pr(t) = Puax(T — ) )
Through this relationship, Py (T) at different periods can be expressed as

Py —Pslog £, T < t

10
Pm—Pllogg,T>tc (19)

Pmax(T) = {

By solving this equation inversely and combining it with the relationship between
power and speed, the expression T(v) for the variation of time with speed can be obtained,
based on which the expression is simplified by the introduction of two new variables, the
endurance indices for long and short distances, ys = Ps/ (P — Py), and 7y; = Pi/ (P — Pyp).
Thus, the time that running can be sustained under a given power condition is expressed as

teexp| 22|, v < v
T(v) = { ¢ LZ,I,U_’"J " (11)
teexp[Z-2],0 > vy

Using the relationship between speed, distance, and time (v = d/t), we may estimate
the duration of a run at a specific distance (T(d)), that is

d 1
Nom w_, {7&671/,”] ,d > d.
Td) =19 _ 4 i (12)

_%WW:FQ%:ETd<%

The equation is expressed as the real branch W_1(z) of the Lambert W-function [26],
defined as the inverse of the function w — we® . This branch provides an analytical solution
to equations of the form y = xe*, which naturally arise in the derivation of T(d). Thus, the
selection of W_1(z) is a natural choice for obtaining a closed-form solution.

The expression T(d) denotes the Minimum Power Consumption (MP) model, which
is based on four key parameters: crossover velocity (v,;), crossover time (t.), long distance
endurance index (7;), and short distance endurance index (s). As a model of important
physiological parameters, the model provides a systematic framework for a comprehen-
sive assessment of an athlete’s competitive level. Among them, parameter vy, is a key
index to measure the aerobic metabolic capacity and endurance level of athletes; param-
eter t. refers to the time for which an athlete is able to sustain maximal aerobic power,
reflecting the aerobic endurance as well as the ability to maintain high-intensity output
during the competition. In addition, parameters y; and 7 are used to characterise athletes’
endurance at different distances. The higher ;s and lower v; correlate with better en-
durance and running performance. The model specifies long-distance running endurance
as E; = exp(1 — p/y;), whereas short-distance running endurance as E; = exp(1 — p/7s).
E; mainly measures the stability of athletes’ performance under prolonged, high-continuous
loading conditions; whereas Es focuses more on the athletes’ ability to produce output
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during short, high-intensity exercise, reflecting in particular their anaerobic metabolism
level and explosive power.

Combining these four parameters, the generalized running model can comprehen-
sively reflect the physiological characteristics of athletes in various distance running events.
The model provides a scientific and systematic assessment tool for understanding key
physiological mechanisms such as endurance and aerobic capacity, helps to analyze physi-
ological differences between individuals and supports the development of personalized
training plans.

2.3. Data Resource
In this study, we used two main data sources:

(1) World Running Records (WRR): The dataset is derived directly from the authoritative
IAAF Handbook [27], which provides us with running world records for nine different
distances ranging from the 1000-m sprint to the full marathon, with records for males
ranging from 1918 to 2023 and for females ranging from 1984 to 2023. This choice
attempts to fully cover a wide range of results in terms of short-distance explosive
power and long-distance endurance, in addition to guaranteeing the validity and
authenticity of the data.

(2) British Runners Records (BRR): To delve deeper into the performance characteristics of
the average runner, we have selected data from the BRR database from a widely used
online resource (http://www.thepowerof10.info/ (accessed on 15 March 2024)) [28].
We focus on the analysis of five representative race distances—5 km (5 K), 10 km (10 K),
10 miles (10 M), half marathon (HM) and full marathon (Mar). Based on this, we select
for runners who had raced at all five distances to construct an exhaustive dataset of
2079 UK runners. The dataset is relatively gender balanced, with 38.3% female and
61.7% male.

2.4. Calculating Model Parameters

The P-T model and the MP model rely on a set of independent parameters that are
used to characterize physiological information about an individual. These parameters
can be estimated by fitting a given set of exercise performance data derived from exercise
performed at maximum intensity. To calculate the model parameters, a nonlinear least
squares method [29] was used to fit the WRR data for a range of distances between 1000 m
and 10,000 m to minimize the difference between actual race times (T(d)) and predicted

times (T(d)). Specifically, the objective of fitting using the least squares method was to
minimize the residual sum of squares (RSS).

RSS = min {2] T(d) - T(d)‘z} (13)

To analyze the distributional properties of the parameters in more detail and to
assess their validity in characterizing individual endurance levels and aerobic capacity,
we collected personal bests from BRR dataset at four different race distances (5 K, 10 K,

10 M, and HM), and fit the data to the distances using a unified nonlinear least squares
method [29].
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2.5. Error Assessment

To evaluate the predictive performance of the model, we employed three commonly
used metrics: Mean Absolute Error (MAE), Variance (Var), and Standard Deviation (Std).
MAE measures the average magnitude of the prediction errors and is defined as:

1 .
MAE = —) 0\ [yi = 5il /v (14)

where y; is the true value, y; is the predicted value, and # is the number of samples.

The Var is used to describe the degree of dispersion of the prediction error and is

defined as: 1 1
Var = — Yo (e =&)Y e =yi— U8 = . Yo e (15)
The Std is the square root of the Var and is used to indicate the magnitude of fluctua-
tions in the prediction error:

Std = v/ Var (16)

3. Results
3.1. Key Physiological Parameters for Accurate Running Performance Modeling

To verify the ability of the model to capture the key physiological parameters, we
calculated the relative error between the predicted time and the actual finish time based
on the WRR dataset (see Figure 1A,B). This study uses the magnitude of the prediction
error as an indirect measure of the accuracy of estimating physiological parameters in the
model. The smaller the error, the more the parameters extracted by the model truly reflect

the physiological characteristics of the runners, thus indicating a higher physiological
explanatory power.

Relative Error of the P-T and MP models

A Relative Error of P-T and MP models for B = s )
Male in World Running Records for Female in World Running Records
8 1
4 -
g i
4 2
24
~~ ”~
-~ i N
L 0 e 04
e 1
S -2- : £
= A A S,
-4 - ! -2
’\"\ .’J\\/_/ I
-6 A K ) Half-Marathon[P-T]
fu —— Half-Marathon[P-T] Marathon[P-T]
-8 v\) Marathon[P-T] —4 v Half-Marathon[MP]
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Figure 1. Relative errors of the male (A) and female (B) for Half-Marathon and Marathon in the
World Running Records for the P-T and MP models.

The results showed that despite some fluctuations in the prediction of half-marathon
and marathon performance by the two models, the prediction errors have decreased signif-
icantly since 2000, reflecting the continuous optimization of the models in the estimation of
physiological parameters. Specifically, for male runners (Figure 1A), the relative error of
the P-T model decreased from —2% to —0.28% for the half marathon and from —4.53% to
—1.71% for the full marathon, while the relative error of the MP model also improved from
—1.5% to 0.33% for the half marathon and from —3.23% to —0.14% for the full marathon.
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Similar trends were observed for female runners (Figure 1B). These trends suggest that
both models are effective in extracting and estimating key physiological parameters that
reflect the physiological characteristics of runners. Among them, the MP model was more
advantageous in parameter extraction.

In addition, the results indicate that prediction error decreases over time, likely due to
two factors: improvements in athletes” technical levels, training methods, tactical strategies,
and physiological adaptability, which lead to more stable performance; and the evolv-
ing physiological parameters in the model, which increasingly align with actual athletic
demands, thereby enhancing prediction accuracy.

To more clearly compare the differences in parameter estimation capabilities between
the two models, we further analyzed MAE, Var and Std, and the results are shown in
Figure 2. For male runners (Figure 2A), the MAE of the P-T model was HM 1.46% and
Mar 4.69% respectively, while the MAE of the MP model was HM 0.79% and Mar 3.08%
respectively. For female runners (Figure 2B), the MAE of the P-T model was HM 1.05% and
Mar 1.85% respectively, while the MAE of the MP model was HM 1.00% and Mar 1.42%
respectively. Since the errors of the two models on Var and Std did not show significant
differences, we calculated the 95% confidence interval and conducted the Wilcoxon signed-

rank test to examine the significance of the MAE difference. The relevant results are plotted
in Figure 3.

A B . . S
Error Evaluation Index of Different Distances for Error EVH]IIth}'l Index of Dlﬁ'?rent Distances
Male in World Running Records forﬁFeInaile in World Running Records
—_— 3.5 —— MAE[P-T]
5] — :JAAS’[I;—]T ] Var[P-T]
I ar|P- Qs
—— Std[P-T] 3.0 ;;‘:\[E&]P]
—— MAE[MP]
41 - Var[MP] Var[MP]
Std[MP] 259 ||| [ SudMP]_|
asl =
g <204
. 13
2o 1=l
£ 2- E15
= =
1 1.0 4
0.5
04
T T T T 0.0 T T I L
0 10,000 20,000 30,000 40,000 0 10,000 20,000 30,000 40,000

Distance (m) Distance (m)

Figure 2. Mean absolute error (MAE), variance (Var), and standard deviation (Std) of the male (A)
and female (B) in the P-T and MP models at various distances for each year in the WRR data.
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Figure 3. Comparison of mean absolute errors (MAEs) between P-T and MP models for male (A)
and female (B) runners, with 95% bootstrap confidence intervals. Wilcoxon signed-rank tests were
performed to assess the statistical significance of differences (p < 0.05, indicated by *).
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The results indicate a significant difference in prediction error between the two models
for HM and Mar distances. For male marathon runners, although the MP model exhibits a
wider 95% confidence interval, it achieves a lower MAE compared to the P-T model. For
female runners, the MP model shows both a narrower confidence interval and a lower
MAE. This may be because marathon running involves a broader range of influencing
factors and greater variability, including differences in race conditions, pacing strategies,
and individual physiological and psychological responses. With the evolution of training
techniques and physiological parameters, the MP model has become increasingly aligned
with actual marathon performance, resulting in a lower MAE but a wider confidence
interval for male runners. For female runners, who began competitive participation later
and whose technical development is relatively more mature, the confidence intervals are
generally narrower overall.

3.2. Evaluating Physiological Parameters for Prediction Accuracy in Real-World

To extend the application to real-world running performance and capture the physio-
logical characteristics of individuals, we used the BRR dataset to investigate the prediction
accuracy of the model parameters in real-world scenarios. Using the same methodology,
we selected a set of individuals’ best running performances (5 K, 10 K, 10 M, HM) for fitting
and calculated the model parameters according to Equation (12). Then, these parameters
were used to predict the performance of different distance events and compared with the
actual performance to evaluate the performance of the model parameters in real scenarios,
and the results are shown in Figure 4. The results show that the relative errors of the predic-
tions are mainly concentrated in the range of 5% and show a high degree of consistency
across gender and distance events. These results fully demonstrate that the MP model
performs well in terms of prediction accuracy and stability, and can effectively extract the
physiological characteristics of individuals. However, further validation across broader
populations and conditions is necessary to confirm the generalizability of these findings.

B
Relative Error Density for Different Distances for Male in British Running Records Relative Error Density for Different Distances for Female in British Running Records

M Distance 1400 M Distance

3 5.000 3 5.000

3 10,000 3 10,000

O 16,0934 1200 0 16,0934

3 21,0975 3 21,0975
=

3 42.195 1000 42,195

Count (number of samples)
o o
= 2
S S
I I

e
=]
S

w
=]
S

0 i

—0.20

—0.15

—0.10

-0.05

0.00 0.05 0.10 0.15 0.20 —0.20 —0.15 —0.10 —0.05 0.00 0.05 0.10 0.15

AT, AT,
Figure 4. Stacked histograms showing the distribution of relative prediction errors for male (A) and
female (B) athletes at different distances in the BRR dataset, based on the Minimum Power (MP)
model. Different colors represent different race distances, as indicated in the legend. The vertical axis
represents the numbe of samples of errors within each interval (width = 0.01), and the horizontal axis
represents the relative error (ATy,).

We calculated the MAE, Var, and Std for both male and female runners to comprehen-
sively evaluate the prediction accuracy of the MP model on the British runner dataset. The
results are presented in Table 1. For male runners, the MAE of the MP model at the Mar
distance is 3.02%, whereas for female runners it is 3.47%, indicating that the MP model
achieves high accuracy in full marathon predictions.
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Table 1. Error evaluation indicators of various distances on the British runner dataset.

Gender Sample Size Distance (m) MAE Std Var

5K 1.88% 3.1% 0.09%

10K 0.92% 1.7% 0.02%

Male 1281 10M 3.19% 4.2% 0.18%

HM 0.64% 1.1% 0.01%

Mar 3.02% 4.1% 0.17%

5K 3.01% 4.3% 0.18%

10K 1.09% 2.1% 0.04%

Female 798 10M 3.18% 4.4% 0.19%

HM 0.79% 1.4% 0.02%

Mar 3.47% 4.9% 0.2%

To further compare gender differences across various distances, we calculated the 95%
confidence interval of the MAE, as shown in the Figure 5. The results demonstrate that,
overall, the predictive performance for male runners is superior to that for female runners.
However, at the 10 M, the prediction error for male runners is slightly higher than that for
female runners. Additionally, the confidence interval for female runners is generally wider,
indicating greater uncertainty in their prediction results.

MP Model Prediction MAE with 95% CI: Male vs Female

3.76%

E Male

B Female 3.46%

0, 3.40%
3.50% 330% .

3.00%

2.50%

2.00%

1.50%

1.00%

Mean Absolute Error (%)

0.50%

0.00%

® > ) 9]
Qﬂb N o 90.'\ § 9

o F N
o o N

Distance (m)

Figure 5. Gender and distance comparison of the prediction error (MAE) of the MP model and the
95% confidence interval. The figure shows the mean absolute error and its confidence interval for
male and female runners at different distances to visually compare the prediction performance of the
MP model under different gender and distance conditions.

Var, Std, and confidence interval analyses further indicated that, although the predic-
tive accuracy of the MP model varied across distances, both Var and Std remained relatively
low. Moreover, the differences between the upper and lower bounds of the 95% confidence
intervals were small, demonstrating the model’s stable and robust predictive performance.
These results suggest that the physiological parameters of MP model are highly applicable
in practical settings, effectively capturing runners’ physiological characteristics and pro-
viding strong support for individualized training programs. Notably, confidence intervals
for female athletes were generally wider than those for male athletes, reflecting greater
variability in prediction performance between genders.
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3.3. Analyzing the Impact of Physiological Parameters on Running Performance

This section was based on BRR data from 5 km (5 K) to half-marathon (HM) races
and aimed to systematically analyze the correlation between running performance and
various parameters. Figure 6 shows the probability densities of vy, ., E;, and d., and the
BRR dataset for males and females.
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Figure 6. Probability density distributions of the physiological parameters v, (A), t. (B), E; (C), and
dc (D) in the BRR dataset. Grey and pink colors represent male and female athletes, respectively.

It is worth noting that male and female athletes exhibited clear differences in several
endurance-related metrics. The time to maintain maximal aerobic power (f.) averaged
444 s for males, compared to 377 s for females, a difference consistent with males’ ability to
sustain higher levels of aerobic capacity for longer periods [30]. The crossover velocity (v;;)
to maintain maximal aerobic power averaged 317 m/min for males, which was significantly
higher than the 274 m/min for females, a difference consistent with males’ greater pacing
capacity during high-intensity exercise [31]. At the same time, the mean crossover distance
(d;) of males was 2346 m, which was significantly higher than that of females (1725 m),
further verifying the advantage of males in prolonged aerobic power maintenance. Finally,
the mean long distance endurance (E;) of males was 6.8, slightly higher than that of
females (6.7), which may be attributable to the effects of long-term endurance training [32].
These findings indicate that the model parameters not only capture performance differences
between genders but also possess clear physiological significance related to endurance
levels and aerobic capabilities.
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The parameters v, and d. exhibit a normal distribution, suggesting not only their

balanced presence in the population but also their fundamental role in influencing running

performance. In contrast, the distributions of E; and t. are right-skewed, indicating that

most runners concentrate in the higher range, which reflects a generally strong ability

to sustain maximum aerobic power. This skewness may also point to inter-individual

variability in endurance capacity. In addition, based on the relationship among vy, t., and

d¢, under the condition that dc is relatively fixed, v, and . have an inverse relationship.

This indicates that faster runners reach their endurance limit in a shorter time, while

slower runners can maintain it for a longer period, thereby reflecting the differences in

various running strategies and physiological characteristics. Overall, these results reflect the

consistency between the model parameters and their underlying physiological implications,

suggesting that MP parameters can be effectively utilized to guide training strategies and

performance optimization.

To further analyze the relationship between marathon performance and endurance

(E;), crossover velocity (v;;), and crossover time (t.), and to reveal the role of physiological

traits in the MP model of running performance, the present study plotted the distribution

of each parameter concerning running performance based on Equation (14).

£ _ Tact 0.1

f, 1_ 4219

TactOm

(17)

As shown in Figure 7, the dashed line is plotted according to Equation (17), and the

dotted line indicates the theoretical marathon running performance (Tj;) corresponding to

the combination of long-distance endurance level (E;) and crossover velocity (v;;) under

the condition of fixed crossover time (t, = 420 s). The corresponding values are labelled

on the left side of each curve, and the scatter in the figure indicates the measurements of

actual runners.

‘ f\‘l“aralhun Performance vs MP Parameters for Male in British Running Records

g 3 3 H
2 2 3

EmEe ms

Endurance E;
» =

'S

2:40

3

&5

400

Te (seconds)

mof | 300

is 4.0 45

50 55 6.0 65 7.0
Velocity vp, [m/s]

Mx}(ruthnn Performance vs MP Parameters for Female in British Running Records

o

Endurance £/

-

»

3 & &

4.0 45 50 55
Velocity v, [m/s]

6.0

300

Te (seconds)

250

u

Figure 7. The relationship between the MP model parameters and the Marathon results of male (A)
and female (B) athletes in the BRR dataset.

4. Discussion
4.1. From World Records to Real-World Data

In this study, we first compared the parameter estimation capabilities of the two models
through world record data to evaluate the differences in their predictive performance. The
relevant conclusions are consistent with the existing studies [11,23], supporting that the
MP model has better physiological explanatory power in terms of gender and different race
distances. The results (Figure 3) show that the prediction error of the MP model is higher
than the P-T model in some cases. Specifically, for female runners, the P-T model performed
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better at 1500 m and 3000 m. At the 5000 m, the models showed minimal differences, with
the P-T model performing slightly better.

This difference may be attributed to the difference in modelling concepts between the
two models: the MP model focuses more on maximizing the physiological function of run-
ners and emphasizes the optimization of physiological parameters to enhance endurance
performance, whereas the P-T model mainly focuses on the quantification of energy expen-
diture during running. Female athletes’ d. is concentrated mainly within the 2000-2500 m
range, where d. = vy, X t.. At distances close to d; (2000 m), performance depends on both
vy, and t., with a notable anaerobic contribution. Because the MP model relies on relatively
stable physiological parameters, it more accurately captures this aerobic—anaerobic balance,
leading to superior predictions. In contrast, at shorter (1500 m) or longer (3000 m) distances,
performance is more strongly affected by competition strategies, instantaneous energy
expenditure, and variability in anaerobic metabolism. These dynamic processes align more
closely with the P-T model’s strengths, giving it an advantage. At 5000 m and beyond,
aerobic energy supply becomes dominant and stabilizes, thereby minimizing performance
differences between the two models.

Furthermore, women performed better than men in Mar prediction, which might be
related to their later start in participating in elite competition, referring specifically to a
shorter history of engagement at the elite level, as well as to improvements brought about
by training methods and technical advancements [33,34].

In further analysis, we evaluate the MP model’s ability to describe physiological
parameters in real-world scenarios more comprehensively. Overall, the MP model has a
relatively high fitting accuracy for items at different distances, and the prediction errors
are mostly concentrated within £5%, demonstrating good stability and consistency. The
results indicates that the physiological parameters relied on by the MP model can not
only effectively capture the changes in sports performance, but also stably reflect the
physiological demand characteristics of athletes in different events. Therefore, this set
of physiological parameters has strong practical applicability and the ability to express
physiological information, providing a solid foundation for scientific and personalized
training and performance prediction.

Although the prediction error of the MP model on the BRR dataset is slightly higher, its
performance on the WRR dataset is still excellent, especially showing high accuracy when
predicting the achievements of world-class athletes. The primary reason for the higher
prediction errors in the BRR dataset lies in the combination of its data characteristics and
individual variability. The BRR dataset exclusively includes each athlete’s personal best per-
formances, which aligns with the model’s principles. However, athletes exhibit significant
variations in physical attributes, training habits, and specialized capabilities. Furthermore,
different race distances demand distinct requirements for endurance, speed, technique, and
strength. Athletes typically undergo specialized training for specific distances, achieving
peak performance at those distances while potentially performing relatively weaker at
others. This performance variability stemming from individual differences and specialized
training causes substantial fluctuations in an athlete’s BRR data across different distances,
thereby increasing prediction errors. In contrast, the WRR data extracts the best annual
performances at each distance, better reflecting the physiological characteristics of human
physical limits, resulting in relatively smaller errors.

These results also indicates that the MP model can effectively capture the influence of
athletes” physiological parameters on training and competition performance. Although
the BRR dataset contains more individual differences and external variables, resulting
in prediction errors, the MP model can still capture the physiological information of
runners very well. This indicates that physiological parameters play a crucial role in
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the development and expression of running performance. It can not only improve the
prediction accuracy of the performance of high-level athletes, but also provide a solid
theoretical basis for the performance analysis in the real world.

4.2. Differences in Physiological Parameters on Running Performance

We find some interesting phenomena from Figure 7. From the perspective of cross-
sectional analysis, even though some runners possess strong endurance, they are unable to
maintain a sufficiently fast pace due to insulfficient crossover velocity (v;;), which limits the
overall competitive performance; while certain runners with higher v,, also have difficulty
in sustaining high-intensity output for a long period if they lack sufficient endurance
support. This phenomenon stems from the fact that as running speed increases, the energy
supply mechanism gradually transforms from aerobic to anaerobic metabolism [25,35,36].
If a runner exceeds the aerobic threshold prematurely, leading to early lactate accumulation
and fatigue, the duration of his high-intensity exercise will be drastically shortened, thus
affecting the overall performance [37,38]. Longitudinal analyses further showed that
under the same conditions of v, runners with lower endurance still struggled to achieve
better performance, which highlighted the key role of endurance in maintaining high-
intensity output [39,40]. Therefore, in addition to increasing the threshold of v,,, emphasis
should be placed on improving the time to maintain aerobic power and enhancing the
individual’s ability to sustain a high level of performance during a race through systematic
and targeted endurance training [41]. Such training modalities may include tempo runs,
VOomay intervals, and threshold pace run, which are well-known methods for improving
aerobic power maintenance and endurance capacity [42,43].

Furthermore, this study assessed the effects of long-distance endurance index (E;),
crossover velocity (v;,), and crossover time (f;) on running performance by analysing the
performance of runners of different genders across a wide range of running distances
(see Figure 6). The results showed significant differences in the distribution of v;, and ¢,
between male and female runners: male runners tended to concentrate their v;, at a higher
value, whereas females concentrated at a lower value. This difference may be related to
differences in the composition of muscle fiber types between the sexes [44]. Males typically
have a higher proportion of fast muscle fibers [45,46], which are capable of generating
greater muscle contraction and explosiveness in a short period, helping to maintain higher
exercise speeds [47,48]; in addition, males also show a greater ability to maintain MAP
for a longer duration compared with females. In comparison, women have a higher
proportion of slow muscle fibers with good fatigue resistance and higher mitochondrial
density, which makes them more suitable for aerobic endurance exercise of low to moderate
intensity and longer duration [48,49]. However, at near-maximal intensity output, females
have a relatively weaker sustaining capacity, which may be limited by factors such as
cardiorespiratory fitness, oxygen-carrying capacity of the blood, and efficiency of muscle
oxygen metabolism [50-52]. Furthermore, muscle fiber composition is influenced not only
by sex but also modulated by training history, age, and genetic factors [32,53]. Long-term
specialized training alters the proportion of muscle fiber types; aging affects the quantity
and function of fast-twitch fibers; and genetic factors exert a fundamental influence on
muscle fiber distribution. These physiological differences and inter-individual variations
partially explain the characteristic distribution of running performance across genders.

Moreover, physiological studies have indicated that females have certain advantages
in terms of fatigue resistance, fat oxidation efficiency, and hormone regulation during
prolonged exercise [30,54]. For example, women are more inclined to utilize fat as an
energy source, thereby conserving glycogen and delaying fatigue, and therefore often
perform better in endurance events [55,56]. However, the average endurance of male
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runners was slightly higher than that of the females, ostensibly suggesting a slight male
advantage in delaying fatigue and maintaining athletic performance. This may be due to the
fact that the results were derived from the personal bests of a large number of runners. The
sample size of males was significantly larger than that of females, which may have resulted
in biased statistical results for high-level male runners. Therefore, gender differences in
endurance may be more complex and need further analysis in conjunction with a more
balanced sample and multiple physiological indicators, such as maximal oxygen uptake
(VO2max), lactate clearance rate, and muscle fiber composition.

4.3. Personalized Training Based on Physiological Parameters

As shown in Figure 7, the measured data points in the scatterplot reveal several key
phenomena:

(1) Runners with lower crossover speeds tend to perform poorly at the same en-
durance level;

(2) Runners with insufficient endurance levels also have difficulty in achieving the desired
performance at the same crossover speed;

(38) Evenif the values of parameter E; and v,, are similar, they deviate from the theoretical
performance if the ¢, is shorter.

These results suggest that E;, v, and ¢, are the core variables determining the perfor-
mance of running, and they interact with each other, and the absence of any one of them
may lead to the limitation of athletic performance.

This relationship reveals a core principle: the pathway to improved athletic perfor-
mance is not homogenized, but depends on targeted strengthening of the individual’s
weakest physiological link. For example, an athlete with a high v, but a low t, will have a
strong start but a significant deceleration in the back end. Traditional uniform intensity
training may not be effective in improving their shortcomings. An assessment based on this
model would explicitly design high-intensity interval training to improve lactate tolerance
(to improve t.), rather than continuing to increase aerobic power training (to improve
vy) [57], which is already a strength. Similarly, athletes in long-distance events with sig-
nificantly lower E; values should focus on strengthening their aerobic base endurance
training [58,59].

4.4. Limitations and Future Work

Although the MP model constructed in this study holds significant reference value for
capturing physiological parameter characteristics, it still has certain limitations. First, the
model does not account for key environmental factors such as weather and altitude, which
may affect prediction accuracy. Second, the training dataset exhibits gender imbalance,
potentially limiting the model’s adaptability to individuals of different sexes. Furthermore,
while this approach reflects physiological potential under ideal conditions, it inadequately
accounts for dynamic changes in current physical condition, training levels, and other
physiological factors. Due to data constraints, this study analyzes only peak performances
across various distances. Future research can focus on physiological parameters themselves,
moving beyond their role as mere predictive tools. This involves integrating environmental
factors, constructing gender-balanced high-quality datasets, and incorporating samples
from the top 10% of performers. Such approaches will deepen exploration of the model’s
applicability in terms of stability and average performance, thereby enhancing its respon-
siveness and adaptability to individual variations.
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5. Conclusions

Physiological parameters are key indicators of an individual’s physical condition
and exercise capacity, and can reveal the physiological responses of athletes under dif-
ferent exercise intensities. Through the study of these parameters, we can better under-
stand the physiological characteristics of athletes, so as to optimize training plans and
competition strategies.

First, this paper compares the performance of the P-T model and the MP model in
reflecting the physiological characteristics of runners based on WRR. The results show
that the physiological parameters of the MP model can more effectively characterize the
physiological characteristics of athletes. To further verify the physiological interpretability
of the parameters in the MP model in the real world, we used the BRR dataset. It was found
that the physiological parameters of the MP model could accurately reveal the physiological
characteristics in the real-world running, which helped to better understand the endurance
level and maximum aerobic capacity of individuals.

Further analysis revealed that the physiological parameters of the MP model offer
valuable guidance for training. Specifically, v, can be used to determine the optimal
intensity for speed and endurance training; f. can inform the design and monitoring
of high-intensity interval training; and E; can support the development of strategies to
improve fatigue resistance, refine training techniques, and enhance energy management.
Additionally, intervention studies and longitudinal tracking could validate and further
optimize these parameter-driven training programs.
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