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Reading notes 

Dear reader, 

This dissertation is the product of a pleasant and at times challenging but ultimately 

rewarding process. I am very grateful to have been given the opportunity to take this 

journey, during which I learned a lot, both scientifically and personally. I hope you enjoy 

reading it as much as I enjoyed writing it. 

This cumulative dissertation consists of a general introduction, five peer-reviewed pub-

lications, and a general discussion. The publications are presented in their eternity, 

including separate reference lists. For a better readability and coherence within the 

dissertation, the formatting was standardized. Additionally, all tables, figures, and 

equations were renumbered for a continuous sequence within this dissertation. 
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Abstract 

In intermittent team sports, the monitoring of external (mechanical) and internal (met-

abolic) loads imposed on the athletes during training and matches plays a crucial role 

for training and recovery prescriptions. Especially the internal load is of importance, 

since the provoked stimuli are involved in regulating the gene expression required for 

all regeneration and adaptation processes. However, internal loads are difficult to ex-

amine in team sports as they usually require respiratory gas analyses and capillary 

blood lactate measures which are impractical for daily use. The metabolic power model 

offers the opportunity to simulate metabolic power, oxygen uptake, total energy ex-

penditure, and aerobic-anaerobic supplies solely using speed and acceleration data. 

The general objective of this dissertation was to present the evidence of the metabolic 

power model in intermittent team sports as well as validate, optimize, and apply the 

model, including its prerequisites and fundamentals, accordingly. In five peer-reviewed 

publications, these individual aims were addressed step by step. 

For the first publication, a systematic review was conducted which revealed that the 

metabolic power model is methodologically valid but lacks physiological validity. Even 

though there was strong evidence of the metabolic power model underestimating total 

energy expenditure compared to measured oxygen uptake, the respective studies 

were often implemented incorrectly. This was due to the fact that they included tech-

nical activities and passive breaks which cannot be registered or were no data can be 

generated by the metabolic power model, respectively. Additionally, the anaerobic en-

ergy supply was neglected. 

The second publication addressed the detected flaws by focusing on intermittent run-

ning-based exercises that intended to primarily stress either the aerobic (continuous 

shuttle runs), anaerobic alactic (repeated accelerations), or lactic energy supply (re-

peated sprints). The 3-component model served as an established standard to validate 

the metabolic power model. The results showed large under- or overestimations in total 

energy expenditure (p ≤ .002), large underestimations in aerobic (p < .001), and large 

overestimations in anaerobic energy supply (p < .001). Additionally, the simulated ox-

ygen uptakes revealed unphysiological and vertically shifted time courses compared 

to the measured oxygen uptakes. 
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Based on the findings from the second publication, the third implemented various op-

timization strategies for improving the simulated oxygen uptake and reconsidered the 

calculation of the aerobic energy supply. With the best performing optimization model, 

which simulated oxygen uptake by machine learning strategies, it was possible to re-

duce the overall mean absolute error by approximately 45% compared to the meas-

ured oxygen uptake. Additionally, the discrepancy between the relative distribution of 

aerobic-anaerobic supplies was reduced by about 40%. Regarding total energy ex-

penditure and aerobic supply, no significant differences were detected compared to 

the 3-component model (p ≥ .126), except during the repeated sprints (p ≤ .040). Still, 

the anaerobic energy supply remained largely overestimated (p = .003). 

While the third publication focused on optimizing the metabolic power model concern-

ing the simulation of oxygen uptake, the fourth took the possible influence of different 

surfaces into account, which is also considered in the calculation basis of the metabolic 

power model. The results showed up to large metabolic differences between grass, 

tartan, and parquet, especially regarding the anaerobic energy supply. This provides a 

possible connection to the remaining overestimation of the anaerobic supply as shown 

by the third publication. 

Finally, the fifth publication addressed the valid assessment of the necessary input 

variables for the metabolic power model, namely speed and acceleration, by an inertial 

measurement unit (IMU) only tracking system operating independently of its environ-

ment. However, it was revealed that these variables cannot be validly be assessed yet 

(CCC = .71 to .92). Thus, the IMU only tracking system is currently unsuitable for the 

application of the metabolic power model. 

In conclusion, even though the conducted optimizations led to a more valid metabolic 

power model, concerning total energy expenditure and aerobic energy supply, anaer-

obic supply remains overestimated. The model’s prerequisites and fundamentals that 

were considered within this dissertation provide possible prospects for future studies. 

Until then, when implementing the metabolic power model into research and practice, 

it needs to be kept in mind what the model can and cannot actually and validly meas-

ure. 
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Zusammenfassung 

In den intermittierenden Sportspielen ist das Monitoring der äußeren (mechanischen) 

Belastungen und inneren (metabolischen) Beanspruchungen, denen die Athlet:innen 

während der Trainings und Wettkämpfe ausgesetzt sind, von entscheidender Bedeut-

samkeit hinsichtlich Trainings- und Regenerationsempfehlungen. Insbesondere die in-

neren Beanspruchungen sind hierbei zu beachten, da die ausgelösten Reize an der 

Regulierung der Genexpression, die für alle Regenerations- und Anpassungsprozesse 

erforderlich ist, beteiligt sind. Allerdings sind die inneren Beanspruchungen in den 

Sportspielen schwer zu erheben, da sie üblicherweise den Einsatz von Atemgasana-

lysen und kapillaren Blutlaktatmessungen erfordern, die für den täglichen Gebrauch 

unpraktikabel sind. Das metabolische Powermodell bietet die Möglichkeit einzig mit-

hilfe von Geschwindigkeits- und Beschleunigungsdaten, die metabolische Leistung, 

die Sauerstoffaufnahme, den Gesamtenergieverbrauch und die aerobe-anaerobe 

Energiebereitstellung zu simulieren. Das übergeordnete Ziel dieser Dissertation war 

es, die Evidenz des metabolischen Powermodells zu präsentieren und es einschließ-

lich seiner Voraussetzungen und Grundlagen entsprechend zu validieren, optimieren 

und anzuwenden. In fünf peer-reviewed Publikationen wurden die einzelnen Ziele 

adressiert. 

Für die erste Publikation wurde eine systematische Übersichtsarbeit erstellt, welche 

ergab, dass das metabolische Powermodell aus methodischer Sicht valide ist, es je-

doch an physiologischer Validität fehlt. Obwohl es eine starke Evidenz dafür gab, dass 

das metabolische Powermodell den Gesamtenergieverbrauch im Vergleich zu Unter-

suchungen mittels gemessener Sauerstoffaufnahme unterschätzt, wurden die entspre-

chenden Studien oft fehlerhaft durchgeführt. Das ist auf die Tatsache zurückzuführen, 

das technische Aktivitäten sowie passive Pausen inkludiert wurden, die vom metabo-

lischen Powermodell nicht erfasst bzw. in denen eine Daten generiert werden können. 

Darüber hinaus wurde die anaerobe Energiebereitstellung vernachlässigt. 

Die zweite Publikation berücksichtige die zuvor aufgezeigten Mängel, indem intermit-

tierende Laufbelastungen betrachtet wurden, die jeweils primär die aerobe (kontinuier-

liche Shuttles), anaerob-alaktazide (wiederholte Antritte) oder anaerob-laktazide Ener-

giebereitstellung (wiederholte Sprints) beanspruchen sollten. Dabei diente das 3-Kom-

ponenten-Modell als etablierter Standard zur Validierung des metabolischen 
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Powermodells. Die Ergebnisse zeigten große Unter- oder Überschätzungen hinsicht-

lich des Gesamtenergieverbrauchs (p ≤ ,002), große Unterschätzungen der aeroben 

(p < ,001) und große Überschätzungen der anaeroben Energiebereitstellung (p < 

,001). Außerdem zeigten die simulierten Sauerstoffaufnahmen unphysiologische und 

vertikal verschobene Verläufe verglichen mit der gemessenen Sauerstoffaufnahme. 

Basierend auf den Ergebnissen der zweiten Publikation, wurden in der dritten verschie-

dene Optimierungsansätze zur Verbesserung der simulierten Sauerstoffaufnahme 

durchgeführt. Zusätzlich wurde die Berechnung des aeroben Energieanteils überar-

beitet. Durch das am besten performende Modell, welches die Sauerstoffaufnahme 

mittels maschinellen Lernens simulierte, war es möglich, den gesamtheitlichen mittle-

ren absoluten Fehler im Vergleich zur gemessenen Sauerstoffaufnahme um etwa 45% 

zu reduzieren. Darüber hinaus wurde die Diskrepanz bezüglich der relativen Verteilung 

der aerob-anaeroben Energiebereitstellung um etwa 40% verringert. Hinsichtlich des 

Gesamtenergieverbrauchs und der aeroben Energiebereitstellung gab es keine signi-

fikanten Unterschiede zum 3-Komponenten-Modell mehr (p ≥ ,126), außer während 

der wiederholten Sprints (p ≤ ,040). Die anaerobe Energiebereitstellung blieb jedoch 

stark überschätzt (p = ,003). 

Während sich die dritte Publikation auf die Optimierung des metabolischen Powermo-

dells hinsichtlich der Simulation der Sauerstoffaufnahme fokussierte, untersuchte die 

vierte Publikation den möglichen Einfluss verschiedener Untergründe. Dieser Faktor 

wird in der Berechnungsgrundlage des metabolischen Powermodell ebenfalls berück-

sichtigt. Die Ergebnisse zeigten bis zu große metabolische Unterschiede zwischen 

Gras, Tartan und Hallenbodenparkett, die hauptsächlich in der anaeroben Energiebe-

reitstellung lagen. Dies stellt einen möglichen Zusammenhang zu der bestehenden 

Überschätzung der anaeroben Energiebereitstellung, wie sie in der dritten Publikation 

gezeigt wurde, dar. 

Schließlich hat sich die fünfte Publikation mit der validen Erhebung der für das meta-

bolische Powermodell erforderlichen Ausgangsvariablen (Geschwindigkeit und Be-

schleunigung) mittels eines umgebungsunabhängigen, ausschließlich über inertiale 

Messeinheiten (IMU) arbeitenden, Tracking-Systems befasst. Dies zeigte jedoch, dass 

die entsprechenden Variablen bisher nicht valide erfasst werden können (CCC = ,71). 
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Daher ist das IMU-System derzeit noch für die Anwendung des metabolischen Power-

modells ungeeignet. 

Zusammenfassend lässt sich sagen, dass die durchgeführten Optimierungen zu einem 

valideren metabolischen Powermodell hinsichtlich des Gesamtenergieverbrauchs und 

der aeroben Energiebereitstellung geführt haben. Die anaerobe Energiebereitstellung 

wird weiterhin überschätzt. Die in dieser Dissertation berücksichtigten Voraussetzun-

gen und Grundlagen des Models bieten mögliche Perspektiven für zukünftige Studien. 

Bis dahin sollte bei dem Einsatz des metabolischen Powermodells in Forschung und 

Praxis berücksichtigt werden, was das Modell grundsätzlich und auch valide messen 

kann und was nicht. 
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General introduction 

This chapter first presents the activity profile of team sports and gives an introduction 

into athlete monitoring. Then, the external-internal load model is described. Based on 

this, the transition to the metabolic power model is made and its prerequisites are clar-

ified. The theoretical background is visualized by an overarching model. Lastly, the 

general objective is stated and the corresponding publications of this cumulative dis-

sertation are classified into the overarching model. 

Monitoring in intermittent team sports 

Team sports, such as football or handball, are characterized by an intermittent activity 

profile, in which phases of low and (very) high intensity alternate quickly [1-3]. During 

matches, the majority of the time, up to 70%, is spent in low intensity zones including 

standing, walking, and jogging [2, 4]. These phases are predominantly carried by the 

aerobic energy pathway, which is important for the resynthesis of adenosine triphos-

phate (ATP), especially between high intensity phases [5, 6]. Even though high inten-

sity activities are of short duration (about 3 seconds), they repeatedly occur throughout 

the match (every 30-55 seconds) and contribute highly to the metabolic load [1, 7]. 

Such activities include duels, collisions, jumps, sprints, as well as changes of direction 

with fast accelerations and decelerations [2, 3]. These phases primarily rely on the 

anaerobic energy pathways, including both the alactic and lactic supply [5, 6]. Because 

of the multilayered, intermittent character of team sports, it has become of interest, to 

quantify the loads induced on the athletes. 

The beginning of athlete monitoring during training can be traced back to the late 1930s 

in Germany [8]. In the first attempts, the training load was quantified by implementing 

interval training with the heart rate as control. The athletes had to run a short distance 

until a predefined target heart rate was reached. The recovery period was also con-

trolled by the heart rate and lasted as long as it took for the target recovery heart rate 

to be reached [8]. By this, the load that the athletes endured by single training exer-

cises, was kept track on and adapted accordingly. This built the foundation of training 

load monitoring as it is known today. Over the years, different approaches were 
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presented to describe the relationship between training load and outcomes reflected 

by the physical performance. In 1975, Banister et al. [9] introduced the Fitness-Fatigue-

Model, in which the performance is seen as the interaction of fitness and fatigue as 

positive and negative responses to a training stimulus, respectively. Over time, the 

ability to resist fatigue increases, simultaneously leading to increases in physical per-

formance due to adaptation processes [10]. While the Fitness-Fatigue-Model provides 

a basic understanding of positively and negatively attributed reactions to training, it 

does not specify or differentiate between the external load and individual acute and 

chronic responses it provokes [9]. 

The internal-external load model 

Training outcomes depend on adaptation processes that are reached through exer-

cises or rather the resulting psychophysiological responses [10]. The exercises them-

selves can be described by the organization, quality, and quantity, which form the ex-

ternal (mechanical) load that is put on the athlete [11]. Commonly used measures are 

e.g., distances covered or times spent in predefined zones and in total as well as 

speed, acceleration, and deceleration variables [12, 13]. To cope with the external 

load, the athlete’s body reacts with psychophysiological responses, being the internal 

(metabolic) load [11, 12], which can be described by e.g., the heart rate, oxygen up-

take, blood lactate, and rating of perceived exertion [12, 13]. As a result, these re-

sponses lead to adaptation processes [14]. Whereas acute adaptations such as in-

creased heart and breathing rate as well as oxygen uptake, may occur on account of 

a single training exercise, chronic adaptations are gained through repetition [11, 15]. 

These include e.g., the ability to resist fatigue, gain stronger muscles and increase 

maximal oxygen uptake [15], thus resulting in an increased physical performance. 

However, maladaptations, possibly benefitting injuries, may also be a result of 

(wrongly) applied external and corresponding internal load [13]. In order to continue 

achieving positive or avoiding negative outcomes, new training goals must be set and 

the training load manipulated accordingly [11, 16], forming an everlasting cycle (Figure 

1). 
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Figure 1. The internal-external load model (adapted according to Impellizzeri et al. [11]). 

The metabolic power model 

By now, the monitoring of external and internal loads is an indispensable component 

during training and matches in intermittent team sports [13]. Since internal loads are 

co-responsible for regeneration and adaptation processes, monitoring them is of par-

ticular interest [17-19]. However, measuring them is challenging, especially in team 

sport specific settings. Typically, they involve capillary blood tests and portable respir-

atory gas analyses, which are partially invasive, poorly reproducible, and unsuitable 

for daily training and match environments [18, 20-22]. Contrary, external loads can be 

practically measured by various tracking technologies, i.e., cameras, global positioning 

systems (GPS), local positioning systems (LPS), and inertial measurement units (IMU) 

[23-25]. In 2005, di Prampero et al. [26] took advantage of this and developed a model 

which allows to extrapolate from external (mechanical) to internal (metabolic) load – 

the so-called “metabolic power model”. The usage of tracking technologies forms the 
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basis for the model. However, the mentioned technologies operate differently and have 

their own advantages and disadvantages. They must be selected carefully depending 

on the intended purpose. For optical camera tracking, multiple synchronized cameras 

are placed around the field and provide 2-dimensional coordinates for each athlete and 

even the ball. From these, distance and speed measures can be extrapolated [24, 25]. 

The athletes are not equipped with any wearable devices which makes them move 

without possible restrictions. However, athlete identification poses some challenges 

such as similar appearance of athletes, overlapping in crowded or unpredictable play-

ing situations or unstable camera movement [27]. Also, due to the large setup, with 

camera systems often being permanently installed at one venue, moving from one 

training or match venue to another is not easily managed. For this purpose, GPS de-

vices are more feasible, as they are small, lightweight, and portable [28]. Since they 

are worn in a vest between the shoulder blades, movement is only minimally restricted, 

if at all [29, 30]. GPS technology relies on satellite navigation and allows real-time 

tracking of each athlete [31, 32]. Devices require the connection of at least four satel-

lites to provide adequate data quality for calculating distance and speed which can be 

achieved through positional changes or Doppler shift [31, 32]. Since satellite reception 

is crucial, weather conditions, urban canyons, and roofed or indoor areas influence the 

devices’ validity [33-35]. For indoor use, LPS technology is a better fit. Same as with 

the GPS, athletes wear a small, lightweight device in a vest between shoulder blades 

[30]. Contrary, LPS relies on a local setup including antennas that are placed around 

the field [36, 37], also allowing real-time tracking of athletes. Similar to the camera 

setup, LPS has a lot of equipment that needs to be calibrated and makes frequent 

moving of venues less practical. Lastly, IMU devices can include accelerometers, mag-

netometers, and/ or gyroscopes to measure changed in acceleration, orientation to the 

Earth’s magnetic field, and angular rotation, respectively [23-25]. Still, IMU devices 

tend to suffer from integration drift [38] which makes usage over longer time periods 

insufficient. Thus, they are often combined with GPS or LPS technology within a single 

device [23-25]. All of the mentioned tracking technologies can provide the necessary 

data – namely speed and acceleration – that are needed as input variables for the 

metabolic power model [18]. 
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The produced raw data may suffer from natural noise, hence filtering techniques are 

used to smooth the data making them more stable and interpretable [39, 40]. There 

are generally four filter types that operate differently, i.e., low-pass, high-pass, band-

pass, and band-stop (low-high-pass) [40]. For example, a low-pass filter (e.g., Butter-

worth filter) lets low frequency signal components pass through, whereas those of high 

frequencies (defined by a cut-off) are attenuated [40]. Usually, the filter type is chosen 

by and already included in the manufacturer’s software [39]. Alternatively, the raw data 

can be exported and a desired filter applied independently [39]. Once speed and ac-

celeration data have been smoothed, they can be further processed. Regarding the 

metabolic power model, they are needed to determine the energy cost of accelerated 

running and from that the metabolic power itself [18, 26]. 

The metabolic power model is based on two underlying assumptions: (i) accelerated 

running on a flat terrain is energetically equivalent to running up a slope at constant 

speed and (ii) the relative energy cost of running is independent of the speed and 

amounts to approximately 3.6-4.0 J/kg/m. This was first presented by Minetti et al. [41] 

through the equivalent slope model. As described by di Prampero et al. [26] and 

Osgnach et al. [18], when the athlete’s body leans forward during running, it forms an 

angle with the terrain, which is smaller the greater the acceleration. When the terrain 

is tilted upwards until the athlete’s body is vertical, the equivalent slope can be seen 

(Figure 2). 

 

Figure 2. The equivalent slope model. Accelerated running on a flat terrain (A) is equivalent to running 
up a slope at constant speed (B). af = forward acceleration; COM = center of mass; g = gravita-
tional force; g’ = vectorial sum of af and g; H = horizontal; T = terrain (Osgnach et al., 2010). 
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According to Figure 2, the equivalent slope can be calculated by the following equation: 

𝐸𝑆 = tan	(90 − 𝛼)         (1) 

, where ES is the equivalent slope and 𝛼 the angle of the athlete’s body to the terrain 

[18, 26]. Additionally, for calculating the energy cost, the equivalent mass, being the 

force overload on the athlete from the acceleration itself, is needed and calculated as 

follows: 

𝐸𝑀 =	 !"
!

            (2) 

, where EM is the equivalent mass, g is the gravitational force, and g’ the vectorial sum 

of the forward acceleration and g [18, 26]. Last, the terrain needs to be considered. 

Both the preliminary work [41] as well as the calculation bases shown so far [18, 26] 

are based on treadmill measurements. However, as team sports are played on various 

surfaces, energy costs may differ. For example, it has been shown that running on 

grass is 29% more energetically demanding than running on a compact homogeneous 

terrain (e.g., treadmill) [18, 42]. Once the equivalent slope, equivalent mass and influ-

ence of the surface are known, the energy cost of accelerated running can be calcu-

lated by the following equation: 

𝐸𝐶 = (155.4𝐸𝑆# − 30.4𝐸𝑆$ − 43.3𝐸𝑆% + 46.3𝐸𝑆& + 19.5𝐸𝑆 + 3.6) ∙ 𝐸𝑀 ∙ 𝐾𝑇      (3) 

, where EC is the energy cost, ES the equivalent slope, EM the equivalent mass, KT 

the constant for terrain correction, and 3.6 the relative energy cost for running at con-

stant speed [18, 41]. Then, the instantaneous metabolic power of accelerated running 

can be calculated by multiplying the energy cost by the speed as follows: 

𝑃 = 𝐸𝐶 ∙ 𝑣             (4) 

, where P is the metabolic power, EC the energy cost, and v the speed [18]. Metabolic 

power is the amount of energy needed to maintain a constant level of ATP expressed 

in W/kg [43, 44]. From this, the total energy expenditure can be derived by converting 

metabolic power to oxygen demand, where 1 W/kg equals 2.87 mL/min/kg [45], and 
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taking an energy equivalent of 20.9 kJ/L O2 into account [45, 46]. Accordingly, the total 

energy expenditure is estimated by the time integral below the course of the metabolic 

power [46]. 

Once the metabolic power is known, it is possible to simulate the net oxygen uptake 

and subsequently differentiate between aerobic and anaerobic energy supply. Gener-

ally, oxygen uptake follows the metabolic power requirement by approximately 20 sec-

onds, because of the time delay between oxidative kinetics at muscle and upper airway 

level [43, 46]. Unlike square-wave aerobic exercises, in which metabolic power and 

oxygen uptake equalize after about three minutes [43, 46], team sports include fre-

quently occurring, short-lived, high-intensity activities. During these activities, the met-

abolic power requirement may exceed the athlete’s maximal oxygen uptake, resulting 

in clearly different time courses [43, 46]. Therefore, oxygen uptake can be simulated 

by the following equation: 

𝑉̇𝑂&𝑇'()) = ?𝐸̇' − 𝑉̇𝑂&𝑇'(+)@ ∙ A1 − 𝑒
,!"C + 𝑉̇𝑂&𝑇(+)        (5) 

, where 𝑉̇𝑂&𝑇'()) is the theoretical oxygen uptake at time t of each metabolic power 

interval, 𝑉̇𝑂&𝑇'(+) the theoretical oxygen uptake at the respective onset of each interval, 

𝐸̇ the metabolic power in equivalent oxygen uptake units, and 𝜏 a time constant [46]. 

According to the model’s assumptions, the aerobic energy supply is represented by 

the time integral below the course of the simulated oxygen uptake or the course of the 

metabolic power, if the latter is below the former. Consequently, the anaerobic energy 

supply is defined as the time integral below the course of the metabolic power while 

simultaneously being above that of the simulated oxygen uptake [46]. 

Together with the internal-external load model [11], the prerequisites and fundamentals 

of the metabolic power model form the overarching model of this dissertation (Figure 

3).
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Figure 3. The overarching model combining the external-internal load model as well as the prerequisites and fundamentals of the metabolic power model. 

 



General introduction 

 

 9 

Objective and structuring of the dissertation 

The importance of internal load tracking in intermittent team sports during training and 

matches is undeniable [17-19]. However, practical solutions for continuous measuring 

are still being investigated, developed, and optimized [46-49]. Despite being originally 

designed for running [26, 41], the metabolic power model seems to be a promising 

approach for the implementation in team sports. In five publications, this dissertation 

offers a comprehensive overview of the metabolic power model by presenting its evi-

dence as well as validate, optimize, and apply the model, including its prerequisites 

and fundamentals, accordingly. All five publications were peer-reviewed and published 

in international journals with impact factor. The first four were published in first and the 

fifth in second authorship. 

The core of the dissertation consists of three consecutive publications. The first publi-

cation is a systematic review revealing the evidence of physiological and methodolog-

ical validation as well as conceptual studies regarding the metabolic power model for 

investigating metabolic loads (i.e., total energy expenditure and aerobic-anaerobic en-

ergy supplies) in intermittent team sports. Based on these results, for the second pub-

lication, a more thorough physiological validation study was conducted, taking the de-

tected flaws into account. As this revealed insufficient validity of the metabolic power 

model, in the third publication, various optimization approaches concerning the simu-

lation of oxygen uptake were applied to obtain a more physiological and valid view on 

the energy expenditure and aerobic-anaerobic supplies in intermittent sports. 

Accompanying the first three, two further publications complete the dissertation. The 

fourth publication is a published conference abstract investigating how the playing sur-

face influences metabolic loads and how this could lead to potential further optimiza-

tions. The fifth and final publication addresses the measurement techniques, on which 

the metabolic power model is based, during handball-specific training drills and a sim-

ulated match. 

The systematic review, three original articles and the conference abstract connect with 

the overarching model at various points as seen in Figure 4.
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Figure 4. Classification of the five publications into the overarching model. 
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Publication 1: Metabolic power in team and racquet sports: a systematic review with 

best-evidence synthesis 

Team and racquet sports have an intermittent activity profile, which makes it method-

ologically challenging to examine metabolic loads [3, 43, 50]. Procedures such as the 

measurement of oxygen uptake, capillary blood lactate or creatine phosphate concen-

tration are partly invasive, difficult to apply in training and matches, and do not allow 

continuous real-time monitoring [18, 20-22, 51, 52]. The metabolic power model ena-

bles the instantaneous determination of metabolic loads through speed and accelera-

tion data provided by tracking-technologies such as GPS or LPS [26, 44]. Before in-

corporating such an innovative approach into research and practice, clarification of its 

validity is essential [45]. 

This systematic review examined the physiological and methodological validation of 

the metabolic power model and reported its evidence for estimating metabolic loads in 

intermittent team and racquet sports. Additionally, the model’s underlying concept and 

its evolutions are presented. The synthesis revealed many incorrectly implemented 

physiological validation studies resulting in evidence levels that need to be treated with 

caution. More thorough validation studies must consider what the metabolic power 

model can and cannot actually display. 

Publication 2: Validation of the metabolic power model during three intermittent run-

ning-based exercises with emphasis on aerobic and anaerobic energy supply 

As revealed by the systematic review [53], the existing physiological validation studies 

showed that the metabolic power model underestimates total energy expenditure by 

up to 52% when compared to oxygen uptake [54-57]. Unfortunately, these studies con-

tained severe flaws as they included activities such as jumps, collisions, and ball han-

dling [54, 55] as well as passive breaks [54-57], which cannot be registered or were no 

data can be generated by the metabolic power model, respectively [46]. Additionally, 

they overlooked the anaerobic energy supply. This may have led to inconclusive re-

sults concerning the model’s validity. 

This validation study took the stated flaws into account and focused on three intermit-

tent running-based exercises that intended to primarily stress either the aerobic 
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(continuous shuttle runs), anaerobic alactic (repeated accelerations), or lactic energy 

supply (repeated sprints). Total energy expenditure as well as aerobic-anaerobic sup-

plies were compared to an established standard, the 3-component or PCr-La-O2 

model [58]. Excluding the passive breaks, the results showed that total energy ex-

penditure was under- or overestimated depending on the running-based exercise (-

13.5 ± 11.8% to 352 ± 115.9%, p ≤ .002, large effect sizes). The aerobic energy supply 

was underestimated (up to -38.1 ± 11.7%, p < .001, large effect sizes), while anaerobic 

supply was overestimated (up to 1849.9 ± 831.8%, p < .001, large effect sizes) 

throughout all exercises. It was further revealed that the simulated oxygen uptakes had 

unphysiological time courses, most likely influencing the discrepancies between the 

metabolic power model and the 3-component model. This underlines the need for op-

timization approaches to obtain a more physiological and valid view on the total energy 

expenditure and aerobic-anaerobic supplies estimated by the metabolic power model. 

Publication 3: Optimization of a tracking-based approach for calculating energy ex-

penditure and aerobic-anaerobic supplies during intermittent running: improved 

simulation of oxygen uptake within the metabolic power model 

The large under- and overestimations of total energy expenditure and aerobic-anaer-

obic supplies detected in the validation study [59], might lead to misinterpretations and 

incorrect training and recovery outcomes. Therefore, optimizations need to be carried 

out, especially, concerning the simulation of oxygen uptake and calculation of aerobic 

energy supply. 

This study applied different optimization approaches including (i) the correction of the 

simulated oxygen uptake by a detected vertical shift (Offset model) [59], (ii) a new 

simulation of oxygen uptake by machine learning strategies (Mongin model) [60], and 

(iii) the reconsideration of the aerobic energy supply which also influences the anaer-

obic supply. With the Mongin model performing best, it was possible to reduce the 

overall mean absolute error (MAE) of the simulated compared to the measured oxygen 

uptake from 7.49 ± 1.13 to 4.99 ± 1.12 mL/min/kg. Consequently, the discrepancy be-

tween the relative distribution of aerobic-anaerobic supplies was reduced by approxi-

mately 40%. Total energy expenditure and aerobic supply no longer showed significant 
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differences compared to the 3-component model (p ≥ .126, trivial to large effect sizes), 

except during the repeated sprints (p ≤ .040, moderate to large effect sizes). Never-

theless, the anaerobic energy supply remained largely overestimated (p = .003, large 

effect sizes) and should continue to be treated with caution until further optimizations 

are implemented. 

Publication 4: Optimization of the metabolic power model – does the surface have an 

influence? 

While one optimization strategy was to focus on the simulation of oxygen uptake, an-

other took the surface, on which a specific team sport is played, into account. Since 

the surface is considered in the calculation basis of the metabolic power model (Figure 

3, equation 3), it may have an influence on the estimated total energy expenditure and 

aerobic-anaerobic supplies [61-63]. Besides the compact homogeneous terrain (i.e., 

treadmill) on which the original metabolic power model was established, there have 

only been specific corrections for the calculation concerning grass [18] and sand [61], 

so far. 

This study investigated three different surfaces, namely grass, tartan, and parquet, 

during continuous shuttle runs and intermittent sprints regarding total energy expendi-

ture, aerobic, anaerobic alactic, and lactic energy supply. The results showed moder-

ate to large effects for both anaerobic pathways between the three surfaces, offering 

new directions for future optimizations. 

Publication 5: Evaluation of an IMU-based tracking system for monitoring physical de-

mands in German junior female and male national handball players: agreement 

with an established LPS system and application during training 

The application of the metabolic power model in team sport specific settings requires 

a valid and practicable tracking technology. For example, GPS devices are unsuitable 

for the use in roofed or indoor areas [33, 35]. In Handball, LPS devices with integrated 

IMUs are commonly used for external load measurements including speed and accel-

eration data as well as jumps, collisions, and player load [64]. Because of the large 

and time-consuming setup of these LPS+IMU tracking systems, IMU only systems 
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have been developed. This technology offers the possibility to estimate metabolic 

loads independently of the environment, for which valid speed and acceleration data 

is required (Figure 3, equations 3 and 4). 

As a first step, this study validated an IMU only system against an established 

LPS+IMU tracking system for the aforementioned variables during handball training 

sessions including standardized training drills and a simulated match. The results 

showed that the IMU system only allowed a valid assessment of variables directly 

measured by the technology, i.e., the accumulated player load (CCC = .95). Speed 

and acceleration variables, as the key inputs for the metabolic power model, could not 

be validly assessed (CCC = .71 to .92), with the exception of time spent in the low 

speed zone (CCC = .96). Thus, the IMU only tracking system is currently unsuitable 

for the application of the metabolic power model. 
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Abstract 

Background: In intermittent team and racquet sports, metabolic loads are rarely in-

vestigated as they are difficult to examine, e.g., by portable metabolic carts and lactate 

measures. However, determining the instantaneous metabolic power of intermittent 

running from acceleration and speed data is possible. Recently, this potential has 

gained more interest in research and practice due to the development of player track-

ing technologies that allow easy access to the required data. The aim of this review 

was to systematically investigate the validity and point out the evidence of this new 

approach for estimating metabolic loads in intermittent sports. To provide an in-depth 

understanding of this approach and its validity, the fundamental aspects of the under-

lying concept were also considered. 

Methods: PubMed®, Cochrane Library, Web of Science™, and BISp-surf databases 

were included in the search conducted on March 1, 2021. Studies assessing physio-

logical and methodological validation as well as conceptual studies of the metabolic 

power approach in intermittent sports players without diseases or injuries were 

deemed eligible. The quality assessment was implemented using a modified 12-item 

version of the Downs and Black checklist. Additionally, a best-evidence synthesis of 

the validation studies was performed to clarify the direction and strength of the evi-

dence. 
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Results: Of 947 studies that were identified, 31 met the eligibility criteria of which 7 

were physiological, 13 methodological validation, and 11 conceptual studies. Gold 

standards for validating the metabolic power approach were predominantly oxygen up-

take with 6 and traditional running speed analysis with 8 studies for physiological and 

methodological validation, respectively. The best-evidence synthesis showed conflict-

ing to strong and moderate to strong evidence for physiological and methodological 

validity of the approach, respectively. The conceptual studies revealed several modifi-

cations regarding the approach that need to be considered. Otherwise, incorrect im-

plementation can occur. 

Conclusions: Evidence of the physiological validity of the metabolic power approach 

ranged from conflicting to strong. However, this should be treated with caution as the 

validation studies were often partially implemented incorrectly as shown by the under-

lying concept studies. Moreover, strong evidence indicated that the approach is valid 

from a methodological perspective. Future studies must consider what the metabolic 

power approach can and cannot actually display. 

 

Key points: 

• A lack of research exists in studies concerning children, females, and team and 

racquet sports besides soccer and the application of more profound physiolog-

ical approaches for the validation and assessment of metabolic power estimated 

by acceleration and speed data is needed. 

• Previous physiological validation studies are outdated as there have been ad-

aptations concerning the metabolic power approach for estimating metabolic 

loads over recent years, and methodological validation studies revealing its su-

periority over the traditional running speed approach. 

• Distinction between walking and running, different terrains, as well as aerobic 

and anaerobic energy supply should be considered when assessing metabolic 

power in team and racquet sports. 
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Keywords: energetic demand, energy expenditure, energy supply, football, global po-

sitioning system, heart rate, internal load, local positioning system, soccer, video cam-

era system 

Introduction 

Match and training demands of athletes can be described by external and internal 

loads [1]. In particular, internal loads are important to monitor, for example, with respect 

to neuronal, cardiovascular, metabolic, and hormonal stimuli because they are in-

volved in regulating the gene expression required for all regeneration and adaptation 

processes [2-4]. In team and racquet sports, which are characterized by an intermittent 

activity profile [5, 6], cardiovascular loads are well investigated [7]. However, less is 

known about metabolic loads as they are more difficult to examine from a methodolog-

ical point of view [8]. Standard procedures to assess metabolic loads are based on 

body temperature, heart rate, oxygen uptake, and lactate measures [3]. More ad-

vanced procedures include the measurement of creatine phosphate concentration [9] 

or the use of chemical isotopes as doubly labeled water [10]. However, these proce-

dures are partially invasive and poorly reproducible [11, 12], difficult to apply during 

matches or training [3, 13], do not allow real-time monitoring [14], and do not fully and 

continuously scope the metabolic loads in intermittent sports [14]. Therefore, new 

methodological approaches to assess metabolic loads in a valid and practical manner 

for intermittent sports are needed. 

In 2005, di Prampero et al. [15] suggested a solution where it is possible to determine 

the instantaneous metabolic power of accelerated running. Metabolic power describes 

the amount of energy needed to maintain a constant ATP level [16]. The approach is 

based on the extrapolation from the external (mechanical) to the internal (metabolic) 

load, for which two assumptions must be considered: (i) accelerated running on a flat 

terrain is energetically equivalent to running up a slope at constant speed and (ii) the 

relative energy cost for running is independent of the speed and amounts to approxi-

mately 3.6-4.0 J/kg/m [17, 18]. Based on these assumptions, the relative energy cost 

for accelerated running on a flat terrain can be estimated. The subsequent 
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multiplication with the underlying speed leads to the instantaneous metabolic power in 

W/kg [19]. The original equations are as follows: 

𝐸𝐶 = (155.4𝐸𝑆# − 30.4𝐸𝑆$ − 43.3𝐸𝑆% + 46.3𝐸𝑆& + 19.5𝐸𝑆 + 3.6) ∙ 𝐸𝑀    (6) 

𝑃 = 𝐸𝐶 ∙ 𝑣               (7) 

, where EC is the energy cost, ES the equivalent slope, 3.6 the relative energy cost for 

running at constant speed, EM the equivalent mass, P the metabolic power, and v the 

speed. Knowledge of the metabolic power, calculated from acceleration and speed 

data, can be of value when investigating energetic match demands and assessing 

training loads in intermittent sports [19]. 

Even though the approach was published in 2005 [15], it has recently gained greater 

interest in research and practice. This may be caused by the development of several 

player tracking technologies, such as global (GPS) and local positioning systems 

(LPS), allowing easy [20] and accurate [21] access to the required acceleration and 

speed data [20]. However, in order to apply such an innovative metabolic approach 

into research and practice, it is necessary to clarify its validity on both a physiological 

and methodological level for which appropriate gold standards are essential [19]. A key 

aspect for validation purposes of the metabolic power approach is an in-depth under-

standing of the underlying concept, which has been described by a few narrative re-

views [8, 19]. To date, there is no systematic review of the metabolic power approach 

in intermittent sports that clarifies the validity as the most important quality criterion of 

quantitative research [22]. In general, its strength and direction are prerequisites for 

providing trustworthy, consistent, neutral, and practical-applicable evidence [22, 23]. 

Therefore, the aim of this review was to systematically investigate the validity and point 

out the evidence of the metabolic power approach for estimating metabolic loads in 

intermittent team and racquet sports. 
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Methods 

Research design and search strategy 

The Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 

statement was applied [24]. The literature search was conducted in English on March 

1, 2021, and included the following four databases: PubMed®, Cochrane Library, Web 

of Science™, and BISp-surf. The search keywords were divided into components us-

ing the PICO scheme (P = Population, I = Intervention, C = Comparisons, and O = 

Outcomes) [24]. The components were as follows: P = Intermittent sports players with-

out diseases or injuries; I = Tracking; C = Metabolic power approach by di Prampero 

et al. [15]; and O = Metabolic loads. The component for Comparisons (C) was excluded 

from the search line as it would have resulted in studies authored by di Prampero only. 

The resulting final search line was applied to all fields of the database search and was 

as follows: (team sport OR field sport OR racquet sport OR soccer OR football OR 

hockey OR rugby OR handball OR volleyball OR basketball OR lacrosse OR futsal OR 

tennis OR table tennis OR badminton) AND (tracking technology OR global positioning 

system OR local positioning system OR video camera system OR speed OR acceler-

ation OR deceleration) AND (metabolic power OR energy cost OR energy expendi-

ture). The identified entries were downloaded to a citation manager (Clarivate Analyt-

ics, EndNote X9.2, London, UK) and duplicates were removed. The remaining studies 

were transferred to a spreadsheet (Microsoft Office, Excel 2016, Redmond, USA). 

First, titles and abstracts followed by full texts were screened for eligibility criteria and 

studies deemed unsuitable were removed. Additionally, a secondary search based on 

the reference lists of the studies deemed eligible was conducted. All methodological 

procedures were executed independently by two researchers (J.B., A.S.) and in case 

of any disagreement a third (M.W.H.) made the decision. 
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Eligibility criteria 

The eligibility criteria were set and agreed on by both authors. The criteria for screening 

titles and abstracts were as follows: 

 

(i) Published in 2005 or later (as the original metabolic power approach was intro-

duced in 2005); 

(ii) Written in English; 

(iii) Not systematic review; and 

(iv) Topic on intermittent sports, metabolic power, no animals, no diseases, and no 

injuries. 

 

The criteria for full texts were as follows: 

 

(i) Written in English; 

(ii) Topic on the metabolic power approach by di Prampero et al. [15]; and 

(iii) Either a physiological or methodological validation or conceptual study. 

Quality assessment 

The quality assessment was implemented using a modified version of the Downs and 

Black checklist [20]. Briefly, 12 of the original 27 criteria were used. Original questions 

5, 8, 9, 13-15, 17, 19, and 21-27 were removed as they were not suitable regarding 

the purpose of the study. For questions 3, 7, 10-12, and 18 “not applicable” was used 

as a fourth scoring option. These modifications were conducted especially due to the 

conceptual studies often being based on a theoretical approach without the inclusion 

of subjects as well as the absence of statistical analyses. To account for the non-med-

ical purpose of the present review, further modifications were made concerning the 

terms used as “patient” was replaced with “subject,” “intervention” with “condition” and 

“treatment” with “testing,” as previously done [25]. The final quality score for a study – 

after excluding the questions marked as “not applicable” – was expressed as a per-

centage. Hence, a higher percentage shows a higher quality of a study regarding the 
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applied quality assessment procedure. The rating of the studies was as follows: low (≤ 

33.3%); moderate (33.4-66.7%); and high (≥ 66.8%) quality, as previously recom-

mended [26]. 

Data extraction 

Data of the physiological and methodological validation and conceptual studies were 

extracted based on the PICO scheme by one researcher (J.B.). Thereby, the following 

items were presented (if applicable): (i) P = Type of sport, number of participants, sex, 

age, playing level, and nationality; (ii) I = Setting of the study, tests, and matches; (iii) 

C = Aim or gold standard used for validation; and (iv) O = Main results. 

Synthesis of results 

To further clarify the results of the data extraction concerning the direction and strength 

of evidence for the validation studies, a best-evidence synthesis was performed for 

which previously defined criteria were used (Table 1) [27]. Minor modifications were 

made regarding the terms used to describe the study quality: “acceptable” was re-

placed with “moderate” and “borderline” with “low” to account for the quality ratings of 

the applied Downs and Black checklist. 

Table 1. Criteria for the best-evidence synthesisaccording to Asker et al. [27]. 

Rating Study quality Criterion 
Strong evidence ≥ 2 high-quality studies ≥ 75% consistent findings in these 

studies 
Moderate evidence 1 high-quality study and/or ≥ 2 

moderate quality studies 
≥ 75% consistent findings in these 
studies 

Limited evidence 1 moderate quality study and/or 
≥ 1 low-quality studies 

/ 

Conflicting evidence ≥ 2 studies of any quality < 75% consistent findings in these 
studies 
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Results 

Literature search 

Figure 5 shows the results of the literature search. In total, 947 studies were found. 

After the removal of 167 duplicates, the titles and abstracts of the remaining 780 stud-

ies were screened. Out of these, 670 studies were removed because they did not meet 

the eligibility criteria, leaving 110 studies for screening of the full text. By screening the 

full texts, another 79 studies were excluded based on the eligibility criteria. No further 

studies were eligible via the reference lists. Finally, 31 studies were included. Twenty 

of these studies were validation studies from which 7 and 13 used physiological [28-

34] and methodological approaches [35-47], respectively. The remaining 11 studies 

were conceptual studies [3, 8, 16, 17, 19, 48-53]. 
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Figure 5. Flowchart of the literature search including the study selection process according to the 
PRISMA guidelines. 

Quality assessment 

Table 2 presents the results of the quality assessment. The mean quality score of all 

studies was 78.6%. The corresponding scores for physiological and methodological 

validation as well as conceptual studies were 77.4, 75.6, and 82.8%, respectively. 

Questions 3, 6, 7, 8, 9, and 11 were partially “not applicable” for 4 conceptual studies 

[16, 17, 19, 50]. Questions 1, 2, 4, 10, and 12 were scored “yes” for all studies. Addi-

tionally, questions 3 and 11 were scored “yes” for all validation studies and the latter 

for all applicable conceptual studies. For all validation and applicable conceptual stud-

ies, question 8 was rated “unable to determine” and 9 “no.”
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Table 2. Quality assessment of the validation and conceptual studies using the Downs and Black checklist. 

 Study Criterion/Question Score (%) Quality 
  1 2 3 4 5 6 7 8 9 10 11 12   

Ph
ys

io
lo

gi
ca

l v
al

id
at

io
n 

Akubat et al. [28] N/A  N/A N/A N/A N/A  N/A N/A N/A N/A  N/A N/A N/A 83.3 High 
Brown et al. [29] Y Y Y Y Y Y N U N Y Y Y 75.0 High 
Buchheit et al. [30] Y Y Y Y Y Y Y U N Y Y Y 83.3 High 
Highton et al. [31] Y Y Y Y Y Y N U N Y Y Y 75.0 High 
Manzi et al. [32] Y Y Y Y Y Y N U N Y Y Y 75.0 High 
Oxendale et al. [33] Y Y Y Y Y Y N U N Y Y Y 75.0 High 
Stevens et al. [34] Y Y Y Y Y Y N U N Y Y Y 75.0 High 
             Mean: 77.4  

M
et

ho
do

lo
gi

ca
l v

al
id

at
io

n  

Castagna et al. [35] Y Y Y Y Y Y N U N Y Y Y 75.0 High 
Darbellay et al. [36] Y Y Y Y Y Y N U N Y Y Y 75.0 High 
Dubois et al. [37] Y Y Y Y Y Y Y U N Y Y Y 83.3 High 
Gaudino et al. [38] Y Y Y Y N Y N U N Y Y Y 66.7 Moderate 
Gaudino et al. [39] Y Y Y Y N Y N U N Y Y Y 66.7 Moderate 
Goto and King [40] Y Y Y Y Y N N U N Y Y Y 66.7 Moderate 
Goto and Saward [41] Y Y Y Y Y Y N U N Y Y Y 75.0 High 
Hoppe et al. [42] Y Y Y Y Y Y Y U N Y Y Y 83.3 High 
Lord et al. [43] Y Y Y Y Y Y Y U N Y Y Y 83.3 High 
Lord et al. [44] Y Y Y Y Y Y N U N Y Y Y 75.0 High 
Martinez-Gabrera and Núnez-Sánchez [45] Y Y Y Y Y Y N U N Y Y Y 75.0 High 
Polglaze et al. [46] Y Y Y Y Y Y Y U N Y Y Y 83.3 High 
Scott et al. [47] Y Y Y Y Y Y N U N Y Y Y 75.0 High 
             Mean: 75.6  
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Table 2. (continued) 
 Study Criterion/Question Score (%) Quality 

  1 2 3 4 5 6 7 8 9 10 11 12   

Co
nc

ep
tio

na
l s

tu
di

es
 

Di Prampero et al. [8] Y Y N Y Y Y N U N Y Y Y 66.7 Moderate 
Di Prampero and Osgnach [17] Y Y N/A Y Y Y N/A N/A N/A Y N/A Y 100.0 High 
Gaudino et al. [48] Y Y Y Y Y Y N U N Y Y Y 75.0 High 
Gray et al. [16] Y Y N/A Y Y N/A N/A N/A N/A Y N/A Y 100.0 High 
López-Fernández et al. [49] Y Y Y Y Y Y Y U N Y Y Y 83.3 High 
Osgnach et al. [3] Y Y Y Y Y Y N U N Y Y Y 75.0 High 
Osgnach and di Prampero [50] Y Y N Y Y N/A N/A N/A N/A Y N/A Y 85.7 High 
Polglaze and Hoppe [19] Y Y N/A Y Y N/A N/A N/A N/A Y N/A Y 100.0 High 
Ponzano and Gollin [51] Y Y Y Y Y Y N U N Y Y Y 75.0 High 
             Mean: 82.8  

              Total mean: 78.6 
N = no; N/A = not applicable; U = unable to determine; Y = yes. 

 



Publication 1 – Metabolic power in team and racquet sports: a systematic review with 

best-evidence synthesis 

 

 31 

Characteristics of the studies 

Table 3 summarizes the characteristics of the 7 physiological validation studies. Soc-

cer was the most investigated sport with 4 studies [28, 30, 32, 34] followed by rugby 

with 1 study [31]. One study included different team sports (rugby, soccer, hockey, and 

netball) [33] and 1 study investigated undefined team sports [29]. The sex of the play-

ers was not specified in 3 studies [28, 30, 34]. Males [31, 32] and both sexes [29, 33] 

were studied in 2 studies each. Regarding age, 6 studies examined adult [28, 29, 31-

34] and 1 study investigated youth players [30]. Three studies investigated amateurs 

[28, 29, 34], whereas professional [30, 32] and university players [31, 33] were exam-

ined in 2 studies, respectively. 

Table 4 presents the 13 methodological validation studies. Soccer was the primary 

investigated sport including 10 studies [35, 36, 38-45] followed by rugby with 2 studies 

[37, 47] and hockey with 1 study [46]. Concerning sex, 10 studies did not specify [36-

45], whereas 3 studies investigated males [35, 46, 47]. Adults were examined in 8 

studies [35, 37-39, 42, 45-47] and 5 studies were based on youth players [36, 40, 41, 

43, 44]. Regarding the playing level, professional players were investigated by 10 stud-

ies [35-39, 41, 42, 45-47]. Two studies addressed sub-elite players [43, 44], while 1 

study did not specify the playing level [40]. 

Table 5 shows the characteristics of the 11 conceptual studies. Three studies were 

based on theoretical analyses and thus did not include any subjects [16, 17, 19]. Two 

further studies included data sets from other studies, of which 1 study focused on track 

[8] and the other on soccer [50] with no detailed subject descriptions. Of the remaining 

6 studies, soccer was the most investigated sport including 5 studies [3, 48, 49, 52, 53] 

followed by 1 study on tennis [51]. Regarding sex, males and females were examined 

in 3 [48, 51, 52] and 2 studies [49, 53], respectively. Sex was not specified in 1 study 

[3]. Adults were studied in 4 studies [3, 48, 49, 52], while 1 study was on youth players 

[51]. The age of the subjects was not stated in 1 study [53]. All of these studies exam-

ined professional players.
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Table 3. Characteristics and synthesis of the physiological validation studies based on the PICO scheme. 

Study Population Intervention Comparison Outcome 
Akubat et al. [28] 10 competitive amateur soccer 

players of unknown sex (20±1 
years) 

2 test protocols at least 5 days 
apart: (1) lactate threshold test 
with 6 four-min stages (6, 8, 10, 
12, 14, and 16 km/h) followed 
by a ramp test until exhaustion 
(increase of 0.2 km/h every 12 
s); (2) modified version of Ball-
Sport Endurance and Sprint 
Test for 30 min, performed 
twice with 2 days apart 

Calculating iTRIMP and exam-
ine external:internal load ratios 
with GPS (5 Hz) derived meta-
bolic power and PlayerLoadTM; 
relationship between ratios and 
speed at lactate threshold and 
onset of blood lactate accumu-
lation; influence of fatigue; use 
of modified equation for meta-
bolic power analysis [3] 

Mean metabolic power ratio 
was largely correlated to speed 
at lactate threshold both in re-
covered (r=0.59) and fatigued 
(r=0.57) states; correlation to 
speed at onset of blood lactate 
accumulation was large (recov-
ered, r=0.61) and moderate (fa-
tigued, r=0.38); high metabolic 
power ratio was largely (recov-
ered, r=0.54) and small (fa-
tigued, r=0,27) correlated to 
speed at lactate threshold; cor-
relation to speed at onset of 
blood lactate accumulation was 
large (recovered, r=0.67) and 
very large (fatigued, r=0.70) 

Brown et al. [29] 27 team sport players (15 
males, 12 females; 21±2.7 
years) 

90 min exercise session on out-
door pitch divided into 6 bouts 
of 5 min of exercise (walking, 
jogging, running, 3 bouts of sim-
ulated team sport circuit) sepa-
rated by 10 min of rest 

GPS (5 Hz interpolated to 15 
Hz) derived EE compared to 
VO2 (portable metabolic cart) 
derived EE; use of modified 
equation for metabolic power 
analysis [3] 

Moderate overall (complete 90 
min session) underestimation of 
GPS derived EE (-19.0%); very 
large underestimation for team 
sport circuits (-44.0%); very 
large overestimation for walking 
(43.0%); no significant differ-
ences for jogging (7.8%) and 
running (4.8%) 
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Table 3. (continued) 

Study Population Intervention Comparison Outcome 
Buchheit et al. [30] 14 French elite youth soccer 

players of unknown sex 
(15.4±1.6 years) 

4.5 min exercise circuit includ-
ing technical actions with the 
ball (slaloms, pass and retrieve 
of a rebound wall, shot on goal) 
divided into 3 bouts of 1 min of 
exercise (at speeds of 6.5, 7.0, 
7.5 km/h) separated by 30 s of 
rest; repetition of the circuit one 
week later 

GPS (4 Hz) derived metabolic 
power compared to VO2 (porta-
ble metabolic cart) derived met-
abolic power; use of modified 
equation for metabolic power 
analysis [3] 

GPS derived metabolic power 
was 29±10% lower during exer-
cise and 85±7% lower during 
recovery; correlation between 
GPS and VO2 derived meta-
bolic power was small (r=0.24, 
exercise and recovery phase) 
to moderate (r=0.58, only exer-
cise phase); reliability of GPS 
derived metabolic power was 
moderate (CV=8.0%; 
ICC=0.57) 

Highton et al. [31] 16 male university rugby play-
ers (23.8±4.8 years) 

Repeated effort protocol to sim-
ulate physical contact including 
3 sets of 6 rounds of: 8 m run at 
14.4 km/h to collide with tackle 
bag to the ground, repositioning 
back, running backwards at 9 
km/h to starting point 

GPS (10 Hz) derived EE com-
pared to VO2 (portable meta-
bolic cart) derived EE; unknown 
equation for metabolic power 
analysis 

GPS derived EE showed a sys-
tematic underestimation (-
5.94±0.67 kcal/min; ~-45%); 
correlation between GPS and 
VO2 derived EE was moderate 
(r=0.63) 

Manzi et al. [32] 17 male professional Italian 
Serie A soccer players 
(28.2±2.2 years) 

Data from 19 championship 
matches and 2 aerobic fitness 
tests at least 24 hours apart: (1) 
long-stage treadmill test for lac-
tate profiling until exhaustion (1 
km/h every 5 min until lactate of 
4 mmol/L, then 0.5 km/h every 
30 s); (2) short-stage running 
field test on a 400 m track for 
VO2max until exhaustion (start 8 
km/h and increase of 0.5 km/h 
every min) 

Comparison of aerobic fitness 
variables (VO2max, VO2VT, 
%VO2VT, maximal aerobic 
speed, VL4) and match data in 
metabolic power categories 
(distance at high power: >20 
W/kg; very high power: >35 
W/kg; max power: >55 W/kg) 
using a video camera system 
(25 Hz); use of modified equa-
tion for metabolic power analy-
sis [3] 

Correlations between metabolic 
power categories and aerobic 
fitness variables were: large for 
VO2max (r=0.55-0.68) and 
%VO2VT (r=0.62-0.65), very 
large for VO2VT (r=0.72-0.83), 
and large to very large for max-
imal aerobic speed (r=0.52-
0.72) and VL4 (r=0.56-0.73) 
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Table 3. (continued) 

Study Population Intervention Comparison Outcome 
Oxendale et al. [33] 12 university team sport players 

(rugby, soccer, hockey, netball; 
males, 5 females; 20.8±2.7 
years) 

3 different testing protocols: (1) 
20 m shuttle fitness test with 
progressively increasing speed 
to determine VO2max; (2&3) 
multi-directional and linear cir-
cuit including 8 bouts of 60 s of 
intermittent activities (running, 
sprinting) followed by 120 s rest 

GPS (4 Hz) derived EE com-
pared to VO2 (portable meta-
bolic cart) derived EE; use of 
modified equation for metabolic 
power analysis [3] 

GPS derived EE was lower dur-
ing multi-directional (-52%) and 
linear (-34%) condition; GPS 
and VO2 derived EE was 
strongly correlated for multi-di-
rectional (r=0.89) and linear 
(r=0.95) condition 

Stevens et al. [34] 14 amateur soccer players of 
unknown sex (23±2 years) 

2 sessions separated by 30 min 
on artificial turf: (1) 10 m contin-
uous shuttle running and con-
stant running following the 
same protocol of running with 
increasing speed (0.5 km/h 
every 3 min) from 7.5 to 10 
km/h; (2) incremental protocol 
with an increase of 1 km/h per 
min until exhaustion followed 
immediately after the constant 
running 

LPS (500 Hz filtered at 10 Hz) 
derived EC compared to VO2 
(portable metabolic cart) de-
rived EC; determining addi-
tional energy cost of 180° 
change of direction compared 
to constant running; use of orig-
inal equation for metabolic 
power analysis [15] with adap-
tations concerning EC of run-
ning on flat terrain at constant 
speed and KT 

LPS derived EC was signifi-
cantly higher (6 to 11%, main 
effect: 0.34, p<0.001) in con-
stant running and lower (-13 to 
-16%, main effect: -0.94, 
p<0.001) in shuttle running 
when compared to VO2 derived 
EC 

CV = coefficient of variation; EC = energy cost; EE = energy expenditure; GPS = global positioning system; Hz = hertz; ICC = intraclass coefficient correlation; 
iTRIMP = individualized training impulse; km/h = kilometers per hour; KT = terrain constant; LPS = local positioning system; m = meters; min = minutes; 
mmol/L = millimoles per liter; s = seconds; VL4 = running speed at blood lactate concentration of 4 mmol/L; VO2 = oxygen uptake; VO2max = maximum oxygen 
uptake; VO2VT = oxygen uptake at ventilatory threshold; %VO2VT = percentage of oxygen uptake at ventilatory threshold; W/kg = watts per kilogram. 
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Table 4. Characteristics and synthesis of the methodological validation studies based on the PICO scheme. 

Study Population Intervention Comparison Outcome 
Castagna et al. [35] 1200 male first division Ger-

man, English, and Spanish soc-
cer players (24.5±0.8 years) 

Data from 20 (out of 60) ran-
domly selected official matches 

Comparison of metabolic power 
and traditional running speed 
approach using a video camera 
system (25 Hz); parameters 
were distance covered at HI 
(≥16.0 km/h), HIR (≥18.0≤22.0 
km/h), VHIR (≥22.0 km/h), HI-
Acc (≥+2 m/s2), VHIAcc (≥+3 
m/s2), HIDec (≤-2 m/s2), VHI-
Dec (≤-3 m/s2), MPHI (≥20.0 
W/kg) as well as TD and AMP; 
use of modified equation for 
metabolic power analysis [3] 

High inter-match variations 
(CV>10%) for all parameters 
except TD, AMP, and MPHI; 
significant measurement bias 
(effect size=11.67) between 
MPHI and HI distances; nearly 
perfect correlation (r=0.93) be-
tween MPHI and HI; very large 
correlations between MPHI and 
TD (r=0.84), HIDec (r=0.73), 
and HIR (r=0.87) as well as be-
tween AMP and HI (r=0.73), TD 
(r=0.85), VHIDec (r=0.72), and 
HIDec (r=0.76) 

Darbellay et al. [36] 14 elite youth Swiss soccer 
players of unknown sex (17±1 
years) 

Data from 13 official matches 
and 2 SSGs 

Comparison of metabolic power 
and traditional running speed 
approach (fixed and individual 
speed zones) using a GPS (10 
Hz); e.g., high intensity zone: 
20.0-35.0 W/kg vs. 16.0-19.0 
km/h; use of modified equation 
for metabolic power analysis [3] 

Matches: significantly higher 
distance covered in intermedi-
ate and high-intensity zones for 
metabolic power compared to 
running speed methods 
(p≤0.001) and significantly 
higher (individual speed) and 
lower (fixed speed) for very 
high-intensity zones (p≤0.001); 
SSG: significantly higher dis-
tance in high and very high-in-
tensity zones for metabolic 
power compared to speed 
methods (p≤0.002) 
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Table 4. (continued) 

Study Population Intervention Comparison Outcome 
Dubois et al. [37] 14 professional French rugby 

union players of unknown sex 
(24.1±3.4 years) 

Data from 5 official matches 
during European Challenge 
Cup 

Comparison of metabolic 
power, traditional running 
speed, and heart-rate based 
approach using a GPS (5 Hz in-
terpolated to 15 Hz) and heart 
rate monitors; thresholds: >20.0 
W/kg, >14.4 km/h, and 85% of 
HRmax; use of modified equation 
for metabolic power analysis [3] 

Near perfect correlation be-
tween total distance (traditional) 
and estimated distance (meta-
bolic power) (r=0.98) and be-
tween high-speed running and 
high metabolic power distance 
(r=0.93); percental differences 
between traditional and meta-
bolic power approach during 
high-intensity running (up to 
+53%) 

Gaudino et al. [38] 26 professional English soccer 
players of unknown sex (26±5 
years) 

Data from 3 different SSGs 
(5vs5, 7vs7, 10vs10) (420 indi-
vidual observations; median of 
16 drills per player) 

Comparison of metabolic power 
and traditional running speed 
approach using a GPS (15 Hz); 
thresholds: >20.0 W/kg and 
>14.4 km/; use of modified 
equation for metabolic power 
analysis [3] 

Distance at high-metabolic 
power was significantly higher 
compared to high-speed run-
ning regardless of SSGs (99%, 
p<0.001; effect size=0.8); per-
centage of high-metabolic 
power was higher compared to 
high-speed running during all 
SSGs (p<0.001; effect 
size=1.9-2.8); differences de-
creased from 5vs5 to 10vs10 
(p<0.01; effect size=0.6-1.0) 

Gaudino et al. [39] 26 professional English soccer 
players of unknown sex (26±5 
years) 

Data from a 10-week training 
period (638 individual observa-
tions; median of 24 training ses-
sions per player) 

Comparison of metabolic power 
and traditional running speed 
approach using a GPS (15 Hz); 
thresholds: >20.0 W/kg and 
>14.4 km/h as well as 3 differ-
ent high-speed and high-meta-
bolic power categories; use of 
modified equation for metabolic 
power analysis [3] 

Distance at total high-metabolic 
power was significantly higher 
compared to total high-speed 
running (p<0.001; effect 
size=0.8); relation between 
both methods decreased as 
high-intensity distance in-
creased (R2=0.43; p<0.001) 
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Table 4. (continued) 

Study Population Intervention Comparison Outcome 
Goto and King [40] 11 youth soccer players of un-

known sex (16±0.6 years) 
3 different pitch sized SSGs 
(975, 1980, 3900 m2) and a 
match each lasting 35 min; con-
ducted 4 times during 6 weeks 

Examination of difference be-
tween metabolic power and tra-
ditional running speed ap-
proach using a GPS (5 Hz inter-
polated to 15 Hz); thresholds: 
≥20.0 W/kg and ≥15.5; use of 
modified equation for metabolic 
power analysis [3] 

Distance at high-metabolic 
power was significantly higher 
compared to high-speed run-
ning in all SSG and match 
(p<0.001; effect size=1.3-1.9); 
differences decreased with in-
crease in pitch size during 
SSGs (615%-102%), difference 
in match was 145% 

Goto and Saward 
[41] 

110 professional youth Japa-
nese soccer players from U13 
to U18 of unknown sex (12.2–
18.7 years) 

Data from 48 official league 
matches 

Examination of age-related dif-
ferences in running perfor-
mance; comparison of meta-
bolic power and traditional run-
ning speed approach using a 
GPS (5 Hz interpolated to 15 
Hz); thresholds: ≥20.0 W/kg 
and ≥14.4 km/h; use of modified 
equation for metabolic power 
analysis [3] 

Distance at high-metabolic 
power was significantly higher 
compared to high-speed run-
ning in all age-groups (p<0.01; 
effect size=0.49-0.61); percent-
age difference decreased with 
increasing age (p<0.001; effect 
size=0.63); moderate negative 
correlation between percentage 
difference and age (p<0.001; 
r=-0.45) 

Hoppe et al. [42] 12 professional German soccer 
players of unknown sex (26±3 
years) 

Data from 5 pre-season 
matches; only data of com-
pleted halves were analyzed 
(total of 61 halves) 

Examination of intraindividual 
variability of metabolic power 
using a GPS (10 Hz); compari-
son of variability of high meta-
bolic power (≥20.0 W/kg), 
speed (≥15.5 km/h), accelera-
tion (≥+3 m/s2), and decelera-
tion (≤-3 m/s2); use of modified 
equation for metabolic power 
analysis [3] 

Variability of global metabolic 
power data (EE, EC, AMP; 
CV=0.8-11.4%) was lower than 
high-intensity (high and peak 
metabolic power; CV=6.1-
50.0%); variability of high meta-
bolic power (CV=14.1±3.5%) 
was comparable to high speed 
(17.0±6.2%), acceleration 
(11.1±5.1%), and deceleration 
(11.9±4.5%) 

 



Publication 1 – Metabolic power in team and racquet sports: a systematic review with best-evidence synthesis 

 

 38 

Table 4. (continued) 

Study Population Intervention Comparison Outcome 
Lord et al. [43] 20 sub-elite youth soccer play-

ers of unknown sex (19.1±1.2 
years) 

4 competitive matches and 3 
field-based test sessions; (1) 
maximal straight-line running 
efforts: 400 m running track and 
efforts over 40, 100, and 400 m; 
(2) critical speed field test – 
straight line: 400 m running 
track and efforts over 1200, 
2400, and 3600 m continuous 
running; (3) critical speed field 
test – shuttle running: 100 m 
straight line track and maximal 
shuttle-runs over 100, 400, and 
1500 m 

Examination of validity and reli-
ability of maximal speed, maxi-
mal metabolic power, critical 
speed, and critical metabolic 
power using a GPS (15 Hz); dif-
ferences therein during 
matches versus field-based 
maximal effort running tests; 
use of original equation for met-
abolic power analysis [15] 

Validity: critical speed and criti-
cal metabolic power showed a 
good correlation (r=0.843); criti-
cal speed (p=0.066) and critical 
metabolic power (p=0.271) 
showed no difference to shuttle-
run data; 
Reliability (match): ICC was 
large (0.577) to nearly perfect 
(0.902) for speed and very large 
(0.701-0.863) for metabolic 
power data; CV was moderate 
to good for speed (3.8-5.6%) as 
well as metabolic power (3.9-
7.8%) data 

Lord et al. [44] 20 sub-elite youth soccer play-
ers of unknown sex (19.1±1.2 
years) 

Data from 26 official matches 
(416 individual match samples) 

Examination of match-to-match 
variations of match running per-
formance (distances, maximal 
maintainable speed, and meta-
bolic power) over 2-10 matches 
using a GPS (15 Hz); use of 
original equation for metabolic 
power analysis [15] 

Match-to-match variations for 
maximal speed (CV=4.9-7.0%) 
and maximal metabolic power 
(CV=4.4-9.6%) were good to 
moderate 

Martinez-Cabrera 
and Núnez- 
Sánchez [45] 

38 professional Romanian soc-
cer players of unknown sex 
(26.3±3.9 years) 

Data from 18 pre-season 
matches (over 4 years); total of 
300 individual observations; 
only data of completed halves 
were analyzed; grouped ac-
cording to playing position 

Comparison of metabolic power 
and traditional running speed 
approach (fixed speed/meta-
bolic power zones) using a GPS 
(15 Hz); e.g., 20.1-35.0 W/kg 
vs. 16.1-19.0 km/h; use of orig-
inal equation for metabolic 
power analysis [15] 

No differences were found be-
tween metabolic power and tra-
ditional running speed ap-
proach concerning high, me-
dium, and low intensities in dif-
ferent playing positions using 
absolute values only 
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Table 4. (continued) 

Study Population Intervention Comparison Outcome 
Polglaze et al. [46] 12 male elite Australian hockey 

players (25.5±4.5 years) 
Two-parted study, only 10 of 12 
participants in part 2 

(1) two field tests (series of time 
trials, 3 min all-out shuttle run-
ning) 
(2) data from two international 
hockey matches 

Comparison of critical meta-
bolic power and critical speed 
using a GPS (10 Hz) as well as 
time above 85% HRmax; use of 
original equation for metabolic 
power analysis [15] 

Correlation for critical metabolic 
power was very large in the two 
field tests (r=0.754; p=0.005); in 
matches, the correlation be-
tween time above 85% HRmax 
and critical metabolic power 
was very large (r=0.867, 
p<0.001) 

Scott et al. [47] 26 male professional American 
rugby league players (26.4±3.7 
years) 

Data from 25 official matches 
(346 individual observations); 
30-15 intermittent fitness test 
four times during season to 
identify first and second ventila-
tory threshold as well as high 
metabolic power threshold; 
grouped according to playing 
position 

Comparison of metabolic power 
approach and relative and ab-
solute speed using a GPS (5 Hz 
interpolated to 15 Hz); thresh-
olds: >20.0 W/kg, 13.0 km/h 
(MIR), and 18.7 km/h (HIR); use 
of modified equation for meta-
bolic power analysis [3] 

Strong positive relationship be-
tween absolute and relative 
measures: V1IFT and MIR 
(r=0.94), V2IFT and HIR (r=0.94), 
and HPmetVT2 and HPmetTh 
(r=0.93); HPmetVT2 was likely to 
almost certainly lower than 
HPmetTh in all playing positions 
(effect size=0.24-0.63); abso-
lute MIR and high metabolic 
thresholds may over- or under-
estimate the load depending on 
the respective fitness of the in-
dividual 

AMP = average metabolic power; CV = coefficient of variation; EC = energy cost; m = meters; EE = energy expenditure; GPS = global positioning system; HI 
= high intensity; HIAcc = high intensity acceleration; HIDec = high intensity deceleration; HIR = high intensity running; HPmetTh = absolute high metabolic power 
threshold; HPmetVT2 = relative high metabolic power threshold (power associated with VT2IFT); HRmax = maximum heart rate; Hz = hertz; ICC = intra-class 
correlation; km/h = kilometers per hour; m2 = square meters; min = minutes; MIR = moderate intensity running; MPHI = high intensity metabolic power; m/s2 
= meters per second squared; R2 = regression coefficient; SSG = small sided game; TD = total distance; V1IFT = first ventilatory threshold based on the 30-15 
intermittent fitness test; V2IFT = second ventilatory threshold based on the 30-15 intermittent fitness test; VHIAcc = very high intensity acceleration; VHIDec = 
very high intensity deceleration; VHIR = very high intensity running; W/kg = watts per kilogram. 
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Table 5. Characteristics and synthesis of the conceptual studies based on the PICO scheme. 

Study Population Intervention Comparison Outcome 
Di Prampero et al. 
[8] 

12 medium-level sprinters (from 
previous study by di Prampero 
et al. [15] and data of Usain Bolt 

Summary of theoretical aspects 
underlying the metabolic power 
approach 

Practical conclusions such as 
implementation in GPS soft-
ware, estimation of actual VO2, 
comparison of actual and esti-
mated VO2, comparison of me-
chanical accelerating power of 
medium-level sprinters and 
soccer players to Usain Bolt; 
use of original equation for met-
abolic power analysis [15] 

GPS (20 Hz) derived, actual 
VO2 consumed was close to 
VO2 determined by portable 
metabolic carts 

Di Prampero and 
Osgnach [17] 

/ Theoretical assumptions to up-
date metabolic power approach 

Extension of metabolic power 
approach by addressing (1) air 
resistance and (2) differences 
between running and walking 
periods 

Air resistance: equation for cal-
culating ES was extended by 
addition of a second equivalent 
slope equation: ESD=k*v2*g-1, 
effects of air resistance are mi-
nor and only amount of ~2% of 
total energy expenditure; 
Walking periods: new equation 
when locomotion is identified as 
walking: 
ECwvES=(ECwvLES+ΔECwv*(ES-
LES)*(HES-LES)-1)*EM, effects 
on whole match energy ex-
penditure are ~14% smaller 
than previously obtained 
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Table 5. (continued) 

Study Population Intervention Comparison Outcome 
Gaudino et al. [48] 29 professional male soccer 

players (19±1 years) 
Maximum sprint (12 m) and 
shuttle test with 180° change of 
direction (12+12 m) on different 
terrains (grass, artificial turf, 
sand) 

Energetic and biomechanical 
variations in sprints with and 
without change of direction on 
different terrains using a GPS 
(5 Hz); use of modified equation 
for metabolic power analysis [3] 

Modified equation was ex-
tended by multiplication of an 
additional constant (KT=1.45) 
for calculating EC on sand; EC 
and metabolic power were high-
est, while speed and accelera-
tion were lowest on sand 
(p<0.001); no significant differ-
ences between grass and artifi-
cial turf (p>0.5) 

Gray et al. [16] / Theoretical alternative ener-
getic approach 

Attempt to further quantify ener-
getic costs of team sports espe-
cially during collisions via a me-
chanical modelling approach 

Metabolic power approach 
shows limitations especially in 
collisions-based sports; alterna-
tive approach to derive ener-
getic demands through me-
chanical work (external work + 
internal work) which can be pre-
dicted by obtaining speed 
and/or acceleration data 

López-Fernández 
et al. [49] 

16 Spanish 2nd Division female 
soccer players (20±2 years) 

SSG on different terrains 
(ground, grass, artificial turf) 
and different pitch sizes (400, 
600, 800 m2) 

Metabolic power demands of 
SSG played on different ter-
rains using a GPS (5 Hz inter-
polated to 15 Hz); use of modi-
fied equation for metabolic 
power analysis [3] 

All metabolic variables were sig-
nificantly lower (p<0.05) on 
ground compared to all pitch 
sizes on grass and all except 
smallest pitch size on artificial 
turf 
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Table 5. (continued) 

Study Population Intervention Comparison Outcome 
Osgnach et al. [3] 399 Italian elite soccer players 

of unknown sex (27±4 years) 
Data from 56 competitive 
matches during one season 

Match performance based on 
speed, acceleration, and meta-
bolic power using a video cam-
era system (25 Hz); EC and 
metabolic power were calcu-
lated via metabolic power ap-
proach; use of original equation 
for metabolic power analysis 
[15] 

Original equation was extended 
by multiplication of a constant 
(KT = 1.29) to take different ter-
rain into account (grass vs. 
treadmill); mean EE during 
match play is 14.60±1.57 
kcal/kg 

Osgnach and di 
Prampero [50] 

Subjects from 2, then un-
published, studies: 1. soccer 
players (no further description); 
2.497 Italian outfield soccer 
players 

Theoretical approach as well as 
data from then unpublished 
studies 

Estimation of corresponding 
time course of actual VO2, aer-
obic and anaerobic energy sup-
ply as well as high and low in-
tensity energy bouts 

Equation for estimating actual 
VO2 kinetics: VO2Tn(t)=(En-
VO2Tn(0))*(1-e-t/T)+VO2Tn(0); an-
aerobic or aerobic energy sup-
ply is given when metabolic 
power requirement is greater or 
lower than actual VO2; 5-step 
procedure to identify high and 
low intensity energy bouts (ex-
cess of a defined threshold, du-
ration, peak and mean power, 
subsequent bouts, low inten-
sity) 
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Table 5. (continued) 

Study Population Intervention Comparison Outcome 
Polglaze and 
Hoppe [19] 

/ Summary of metabolic power 
approach and its limitations and 
benefits as well as future per-
spectives 

/ Metabolic power approach ad-
dresses energetic cost of 
changing speed by analyzing in-
teraction between speed and 
acceleration but it is not capable 
to estimate overall energy ex-
penditure or mechanical work; 
distinction between accelera-
tion conducted at different start-
ing speeds; validity of metabolic 
power approach: VO2 and met-
abolic power cannot simply be 
compared as VO2 shows aero-
bic, whereas metabolic power 
shows aerobic and anaerobic 
contribution; metabolic power is 
a sensible tool to quantify inten-
sity in team sports with the po-
tential to use individualized 
thresholds 

Ponzano and Gollin 
[51] 

12 nationally ranked male ten-
nis players (16±3 years) 

Data from 24 matches with 12 
matches being played on red 
clay and on hard court each 

Analysis of speed, heart rate, 
acceleration, deceleration, met-
abolic power using a GPS (15 
Hz); use of original equation for 
metabolic power analysis [15] 

Mean metabolic power was sig-
nificantly higher (p<0.05, effect 
size=0.72) on clay (3.9±0.3 
W/kg) compared to hard court 
(3.7±0.3 W/kg) 
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Table 5. (continued) 

Study Population Intervention Comparison Outcome 
Savoia et al. [52] Two-parted study: (1) 17 Italian 

professional male soccer play-
ers (24±3 years), (2) 13 out of 
the 17 players of first part of 
study (22±6 years) 

Assessment of VO2max on a 
treadmill run to exhaustion; (1) 
6 min aerobic-based steady-
state run at 10.29 km/h on a 160 
m circular course; (2) 8 min soc-
cer-specific run at varying 
speeds 

Determination of energy cost of 
running on grass as well as up-
dating and validating the meta-
bolic power equation using a 
GPS (10 Hz) 

Energy cost of running on grass 
was 4.7 J/kg/m; converting met-
abolic power algorithm to a new 
on including energy cost of run-
ning on grass: EC=30.4x4-
5.0975x3+46.3x2+17.696+4.66; 
correlation between metabolic 
power via VO2 and via GPS with 
new equation as well as via 
GPS with old equation was 0.66 
and 0.63, respectively; esti-
mates of fixed and proportion 
bias were negligible in both ap-
proaches; significant difference 
between metabolic power via 
VO2 and via GPS with old equa-
tion (p<0.001) and no difference 
between metabolic power via 
VO2 and via GPS with new 
equation (p=0.853)  

Vescovi and Falen-
chuk [53] 

28 professional female soccer 
players of unknown age 

Data from official matches Examination of impact of differ-
ent surfaces (natural vs. artifi-
cial turf) on metabolic power 
distances using a GPS (5 Hz); 
use of modified equation for 
metabolic power analysis [3] 

High-, elevated-, and maximal-
metabolic power distances 
were elevated on artificial turf 
compared to natural turf 
(p=0.004, 0.097, 0.239, respec-
tively) 

EC = energy cost; ECwvES = energy cost of walking at the actual speed and ES; ECwvLES = energy cost of walking at the actual speed and lower ES; ΔECwv 
= difference between ECw corresponding to the closest higher and lower ES functions; EE = energy expenditure; EM = equivalent mass; ES = equivalent 
slope; ESD = equivalent slope with air drag; GPS = global positioning system; HES = higher equivalent slope; Hz = hertz; J/kg/m = Joules per kilogram per 
meter; kcal/kg = calories per kilogram; km/h = kilometers per hour; KT = terrain constant; LES = lower equivalent slope; m = meters; min = minutes; SSG = 
small-sided games; VO2 = oxygen uptake; VO2max = maximum oxygen uptake; VO2Tn(0) = theoretical VO2 value at onset of metabolic power interval; VO2Tn(t) 
= theoretical VO2 value at time t of a metabolic power interval; W/kg = watts per kilogram. 
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Synthesis of physiological validation studies 

Table 3 summarizes the 7 physiological validation studies according to the PICO 

scheme. 

Of these 7 studies, the gold standard for validating tracking-based metabolic power 

was the use of oxygen uptake determined by portable metabolic carts in 6 studies [29-

34], while lactate parameters were applied in 1 study [28]. As tracking technologies, 4-

15 Hz GPS [28-31, 33], 10 Hz LPS devices [34], and a 25 Hz video camera system 

[32] were used in 5, 1, and 1 studies, respectively. 

Concerning the interventions, 4 studies used constant or shuttle running test protocols 

until exhaustion [28, 32-34]. Specific sports circuits were utilized in 5 studies [28-31, 

33], while 1 study applied official match play data [32]. 

Comparison between energy expenditure measured by oxygen uptake and GPS de-

rived metabolic power during sport circuits showed lower results for the metabolic 

power approach in 4 studies [29-31, 33]. Conversely, during walking, energy expendi-

ture was higher when measured with the metabolic power approach via GPS com-

pared to oxygen uptake as revealed in 1 study [29]. The energy cost by LPS derived 

metabolic power was higher in constant and lower in shuttle running compared to en-

ergy cost via oxygen uptake as shown in 1 study [34]. Concerning the correlation be-

tween GPS or video camera system derived metabolic power and oxygen uptake, 

moderate [30, 31] and large [32, 33] relations were found in 2 studies, respectively. 

Moreover, 1 study showed small to large relationships between GPS derived metabolic 

power and lactate parameters [28]. 

Synthesis of methodological validation studies 

Table 4 shows the summary of the 13 methodological validation studies based on the 

PICO scheme. 

The most frequently used gold standard for validating the tracking-based metabolic 

power was the traditional running speed analysis including 8 studies [35-41, 45]. Fur-

ther gold standards were the critical speed approach with 2 studies [43, 46] and the 

use of relative and absolute running speed based on first and second ventilatory 
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thresholds with 1 study [47]. Furthermore, the metabolic power approach was exam-

ined regarding intraindividual [42] and match-to-match variability [44] in 1 study each. 

As tracking technologies, 10-15 Hz GPS devices [36-47] and a 25 Hz video camera 

system [35] were used in 12 and 1 studies, respectively. 

Regarding the interventions, official matches were investigated in 10 studies [35-37, 

41-47] and small-sided games were inspected in 3 studies [36, 38, 40]. Shuttle running 

efforts were tested in 2 studies [43, 46]. Training sessions [39], modified matches [40], 

straight-line running efforts [43], intermittent fitness tests [47], and time trials [46] were 

applied in 1 study each. 

Concerning the validation of the metabolic power approach to the traditional running 

speed approach, 6 studies showed that the distance covered in high-intensity zones 

was significantly higher for GPS derived metabolic power than for running speed [36-

41]. One study found no differences between the two approaches in different intensity 

zones regarding playing positions [45]. Furthermore, 1 study showed that relative high 

metabolic threshold was likely to almost certainly be lower than absolute metabolic 

threshold during rugby matches [47]. A nearly perfect correlation between high inten-

sity running and GPS or video camera system derived high intensity metabolic power 

distances was found in 2 studies [35, 37]. Comparison to the critical speed approach 

revealed a very large correlation between critical speed and GPS derived critical met-

abolic power [46] and a very large correlation of GPS derived critical metabolic power 

between different field tests [43] in 1 study each. Two further studies discovered a 

moderate correlation of GPS derived metabolic power between different matches [42, 

44]. 

Synthesis of conceptual studies 

Table 5 shows the summary of the 11 conceptual studies based on the PICO scheme. 

Three studies addressed the metabolic power approach by extending the original 

equation based on air resistance [17], grass [3], and sand [48]. Additionally, the first 

study presented a solution to differentiate between running and walking periods [17]. 

Another study developed a new equation to estimate metabolic power following the 
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original concept of the metabolic power approach [52]. The effects of different terrains 

were investigated in 5 studies [3, 48, 49, 51, 53], while collisions were examined in 1 

study [16]. Furthermore, 1 study focused on the identification of high and low intensity 

energy bouts [50]. Finally, practical conclusions for the application of the metabolic 

power approach were given in 2 studies [8, 19]. 

The studies executing practical approaches included match data with 3 studies [3, 51, 

53] as well as sprint and shuttle tests [48], small-sided games [49], treadmill tests to 

exhaustion [52], aerobic steady-state runs [52], and soccer-specific runs [52] with 1 

study each using GPS (5-15 Hz) or a video camera system (25 Hz). 

The investigation of 1 study on the effects of air resistance on metabolic power showed 

that these effects were negligible [17]. However, the same study stated that with the 

inclusion of walking periods, the former energy expenditure was overestimated. The 

examination of different terrains, as conducted in 2 studies, showed that running on 

grass is 1.29 [3] and on sand an additional 1.45 [48] times more energetically demand-

ing compared to running on a compact homogeneous terrain (e.g., treadmill). One 

study converted the original equation into a new equation, which both showed similar 

moderate correlations with oxygen uptake. However, there was no significant differ-

ence between the new equation and oxygen uptake, while a significant difference was 

found between the old equation and oxygen uptake [52]. Concerning the influence of 

different terrains, GPS derived metabolic power was significantly higher on sand com-

pared to grass and artificial turf [48] and on clay compared to hard court [51] as well 

as significantly lower on ground compared to grass and artificial turf [49] as shown by 

1 study, respectively. Another study showed that GPS derived metabolic power dis-

tances were higher on artificial than natural turf [53]. To include the impact of collisions, 

1 study applied a mechanical work approach combining external and internal work-

loads based on speed and/or acceleration data [16]. Moreover, 1 study established an 

equation on the kinetics of oxygen uptake to detect the phases of aerobic and anaer-

obic energy supply and thereafter, following a 5-step procedure to differentiate be-

tween high and low intensity energy bouts [50]. Regarding the practical conclusions of 

the metabolic power approach, 1 study showed that GPS (20 Hz) derived oxygen 
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uptake was similar to that through portable metabolic carts [8]. However, another study 

indicated that oxygen uptake and metabolic power cannot simply be compared be-

cause oxygen uptake only represents aerobic, while metabolic power represents both 

aerobic and anaerobic contributions [19]. Finally, the same study emphasized that the 

metabolic power approach is incapable of estimating overall energy expenditure or 

mechanical workload. 

Synthesis of results 

Tables 6 and 7 show the results of the evidence assessment of the physiological and 

methodological validation studies, respectively. 

Concerning the physiological validity, there was strong evidence that energy expendi-

ture is lower when determined via GPS or LPS derived metabolic power compared to 

oxygen uptake by portable metabolic carts during intermittent running activities [29-31, 

33, 34]. The correlation of metabolic power with oxygen uptake showed conflicting ev-

idence as it ranges from small to large [30-33]. Additionally, the correlation with lactate 

parameters, which are moderate to large, disclosed moderate evidence [28]. 

In terms of the methodological validity, strong evidence was shown that energy ex-

penditure via GPS derived metabolic power is higher than that via highspeed running 

[36-41, 45]. Similarly, the correlation with high-speed running presented strong evi-

dence as it is very large to near perfect [35, 37]. Moderate evidence was revealed in 

terms of the correlation of critical metabolic power with critical speed [46] as well as 

with relative and absolute running speed [47]. There was moderate evidence concern-

ing the correlation of the metabolic power within critical metabolic power [43]. Finally, 

the correlation within metabolic power, being moderate, showed strong evidence [42, 

44]. 
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Table 6. Results of the physiological validation studies based on a best-evidence synthesis. 

Study Criterion Association Study quality Rating 
Comparison of metabolic power with (validity) 
Brown et al. [29] oxygen uptake Lower via GPS derived metabolic power High Strong evidence 
Buchheit et al. [30]  Lower via GPS derived metabolic power High  
Highton et al. [31]  Lower via GPS derived metabolic power High  
Oxendale et al. [33]  Lower via GPS derived metabolic power High  
Stevens et al. [34]  Lower via LPS derived metabolic power High  
Correlation of metabolic power with (validity) 
Buchheit et al. [30] oxygen uptake Small to moderate High Conflicting evidence 
Highton et al. [31]  Moderate High  
Manzi et al. [32]  Large High  
Oxendale et al. [33]  Large High  
Akubat et al. [28] lactate parameters Moderate to large High Moderate evidence 
Study quality was assessed using the Downs and Black checklist. 
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Table 7. Results of the methodological validation studies based on a best-evidence synthesis. 

Study Criterion Association Study quality Rating 
Comparison of metabolic power with (validity) 
Darbellay et al. [36] high-speed running Higher via GPS derived metabolic power High Strong evidence 
Dubois et al. [37]  Higher via GPS derived metabolic power High  
Gaudino et al. [38]  Higher via GPS derived metabolic power Moderate  
Gaudino et al. [39]  Higher via GPS derived metabolic power Moderate  
Goto and King [40]  Higher via GPS derived metabolic power Moderate  
Goto and Saward [41]  Higher via GPS derived metabolic power High  
Martinez-Gabrera and 
Núnez-Sánchez [45]  No differences High  

Correlation of metabolic power with (validity) 
Castagna et al. [35] high-speed running Very large – near perfect High Strong evidence 
Dubois et al. [37]  Near perfect High  
Polglaze et al. [46] critical speed Very large High Moderate evidence 
Scott et al. [47] relative and absolute speed Strong High Moderate evidence 
Correlation of metabolic power within (reliability) 
Lord et al. [43] critical metabolic power Very large High Moderate evidence 
Hoppe et al. [42] metabolic power Moderate High Strong evidence 
Lord et al. [44]  Good to moderate High  
Study quality was assessed using the Downs and Black checklist. 
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Discussion 

To the best of our knowledge, this is the first systematic review aimed to present the 

validity and evidence of the metabolic power approach that was first introduced by di 

Prampero et al. [15] in 2005 for estimating metabolic loads in intermittent team and 

racquet sports. Based on the best-evidence synthesis, the main findings were that (i) 

conflicting to strong evidence was shown concerning the physiological validity and (ii) 

moderate to strong evidence was revealed regarding the methodological validity. Ad-

ditionally, the conceptual studies showed that (iii) the distinction between walking and 

running episodes, different terrains, as well as aerobic and anaerobic energy supply 

should be considered when analyzing metabolic power in intermittent sports. 

Concerning the characteristics of the 7 physiological validation, 13 methodological val-

idation, and 11 conceptual studies, the most investigated sport was soccer. The sub-

jects were predominantly male adult professional players. For validation studies, the 

gold standards most commonly used for tracking-based metabolic power were oxygen 

uptake via portable metabolic carts and traditional running speed analysis. The track-

ing technology predominately used in these studies was GPS operating between 4 and 

15 Hz. While physiological validation mainly focused on sport specific tests, match data 

were primarily examined in methodological validation studies. Updating the original 

concept was mostly based on the distinction between running and walking episodes, 

different terrains as well as aerobic and anaerobic energy supply (Tables 3, 4, and 5). 

These characteristics show a lack of research concerning children, females, and inter-

mittent sports besides soccer and the application of more profound physiological ap-

proaches for the validation and assessment of tracking technology-based metabolic 

power is needed. This should be considered when planning and conducting future 

studies. 

The first main finding of this study was that the physiological validity of the metabolic 

power approach showed conflicting to strong evidence (Table 6). However, all studies 

were high quality (Table 2). Strong evidence was shown that supposedly GPS or LPS 

derived metabolic power underestimates energy expenditure during team sport spe-

cific test protocols compared to that derived via oxygen uptake, especially concerning 
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multidirectional activities [29-31, 33, 34]. In contrast, Brown et al. [29] disclosed an 

overestimation of GPS derived energy expenditure via metabolic power during walking 

episodes. However, the original and modified approaches by di Prampero et al. [15] 

and Osgnach et al. [3], respectively, were simply incapable of distinguishing between 

walking and running episodes. Regarding the update in 2018 [17], this limitation has 

been solved. Furthermore, certain studies tried validating activities that could not be 

registered by tracking devices (e.g., collisions, running with the ball, running backward 

or sideways) [30, 31]. Therefore, the resulting lower energy expenditure of GPS or LPS 

derived metabolic power is reasonable. When considering the correlation between the 

metabolic power approach and oxygen uptake, conflicting evidence was shown varying 

from small to large correlations. This indicates the inconsistency of the results regard-

ing the validation of the metabolic power approach against oxygen uptake, especially 

considering that, in intermittent running, oxygen uptake only discloses aerobic energy 

supply, whereas metabolic power contains both aerobic and anaerobic energy supply 

[19]. Additionally, the inclusion of energy expenditure during passive resting periods 

when comparing oxygen uptake to the metabolic power approach is inappropriate [50, 

54]. As the estimation of energy expenditure via tracking-based metabolic power is 

based on acceleration and speed, no data can be received during passive resting pe-

riods, where oxygen uptake is still elevated to balance the oxygen uptake deficit [50]. 

A further physiological validation study included the use of lactate parameters [28]. The 

correlation with metabolic power was moderate to large showing moderate evidence. 

However, as there was only one study including lactate parameters, oxygen uptake is 

still most often used when physiologically validating the metabolic power approach, 

regardless of its limitations when used during intermittent running. Overall, the studies 

showed that previous physiological validations are outdated as there have been adap-

tations concerning the metabolic power approach. Additionally, the implementation of 

the validation was often inappropriate due to the inclusion of, e.g., collisions or resting 

periods. 

The second main finding was that moderate to strong evidence was revealed regarding 

the methodological validation of the metabolic power approach (Table 7). Three 
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studies were of moderate quality, whereas the remaining studies were of high quality 

(Table 2). Strong evidence was shown that distances covered at high metabolic power 

are greater compared to high-speed running during matches or training. However, 

there were inconsistencies regarding the calculated threshold of high-speed running 

when comparing with an energetic equivalent metabolic power threshold. While the 

actual equivalent to 20 W/kg for constant speed running is 15.5 km/h [19], most studies 

used 14.4 km/h as a threshold [37-39, 41]. Consequently, the discrepancy between 

the two approaches regarding distances covered above these thresholds is likely 

greater than reported. This indicates that the identification of high-speed running alone 

does not show the full extent of the contribution to energy expenditure or rather the 

intensity of matches or training. Indeed, activities such as accelerations during lower 

speed largely contribute to high metabolic power and are important to monitor [19]. 

This shows the advantage of the metabolic power over the traditional running speed 

approach. Additionally, the correlation between highspeed running and high metabolic 

power was reported as very large to near perfect [35, 37] and thus showed strong 

evidence. This result was also shown in the correlation between critical speed and 

critical metabolic power as the relationship was very large [46]. Because there was 

only one study utilizing these parameters, the evidence was moderate. Concerning the 

reliability of the metabolic power approach, there was moderate evidence that the ap-

proach is very largely correlated within critical metabolic power [43] and good to mod-

erately correlated within metabolic power itself [42, 44], which is a prerequisite for the 

validity of the approach. Collectively, there is strong evidence that the metabolic power 

approach is valid from this perspective and, regarding the traditional running speed 

approach, a superior method to monitor metabolic loads during matches and training 

in intermittent sports. 

The last main finding was that the differences between walking and running episodes, 

different terrains, as well as between aerobic and anaerobic energy supply should be 

noted in terms of validation purposes as shown by the conceptual studies (Table 5). 

As revealed by a physiological validation study discussed above [29], the original met-

abolic power approach seemed to overestimate energy expenditure in terms of walking 
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episodes compared to energy expenditure via oxygen uptake. However, contrary to 

walking, in running due to the flight phase between steps, part of the kinetic energy 

from each step is absorbed by active muscles and tendons and retained as mechanical 

energy for the next step [55]. Hence, the relative energy cost of running but not walking 

is independent of speed [18]. Therefore, an additional equation was established to 

account for walking episodes [17]. Another factor addressed in the conceptual studies 

is the influence of the underlying terrain. Depending on the surface, the estimated en-

ergy expenditure differs [48, 49, 51, 53]. To increase comparability between studies on 

different terrains, the original metabolic power equation was extended by individual 

factors regarding the different surfaces. However, only specific correction factors for 

grass and sand have been developed to date [3, 48]. In this context, the consideration 

of real surface adjustments based on Clegg hammer measurements to obtain more 

precision about surface rigidity is logical [56]. Lastly, an adaptation of the metabolic 

power approach was conducted regarding the separation of aerobic and anaerobic 

energy supply [50]. When maximum oxygen uptake is known, net oxygen uptake can 

be simulated as there is a known time delay of approximately 20 s between the oxygen 

uptake kinetics at the muscle and upper airway. Then, the metabolic origin can be 

distinguished as either aerobic or anaerobic when metabolic power is lower or higher 

than the simulated actual oxygen uptake, respectively [50]. In intermittent sports, dif-

ferent ways of energy supply are implicated [57, 58]. Therefore, the knowledge of en-

ergy expenditure derived from aerobic or anaerobic supply can provide a more relevant 

overview of the metabolic load. In addition to these conceptual aspects, the validity of 

the tracking technology as well as the impact of the sampling rate and filtering tech-

niques to assess and process the required acceleration data should be considered 

when discussing the validity of the metabolic power approach. In fact, an important 

prerequisite is to assess valid acceleration data and reduce the noise without losing 

information for which no established procedures exist yet [42, 54]. 

Overall, the metabolic power approach has recently evolved. In particular, the differ-

entiation between walking and running episodes needs to be considered when using 

the metabolic power approach to, e.g., track matches where characteristically, walking 
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episodes are present between running bouts. Furthermore, to guarantee objectivity 

and comparability, correction factors for more surfaces, such as clay or various indoor 

floorings, must be determined. Moreover, it is rational that different footwear [59] and 

physical capacities [60] have an impact on metabolic power that has not yet been in-

vestigated. 

This systematic review has a few potential limitations. In line with all systematic re-

views, selection bias regarding included studies cannot be completely precluded even 

though objectivity was improved as all studies were independently rated by two re-

searchers. Additionally, because of the heterogeneity of the included studies, mean-

ingful quantitative analyses such as a meta-analysis could not be implemented. How-

ever, as a compromise and strength of this systematic review, a best-evidence synthe-

sis was conducted. 

Conclusions 

In conclusion, this review shows that several validation studies for the metabolic power 

approach have been conducted over the last few years. However, especially the phys-

iological validation studies were often partially implemented incorrectly as shown by 

the in-depth analysis of the underlying concept. Therefore, the described evidence lev-

els should be treated with caution. Nevertheless, the approach is valid from a method-

ological point of view. Based on these findings and the modification of the concept 

during recent years, there is a need for further physiological validation studies. There-

fore, it must be considered what the metabolic power approach can and cannot actually 

display. Moreover, there is a need to differentiate the approach in a sport, sub-group, 

and terrain specific manner as there are different metabolic demands and capacities. 
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Abbreviations: ATP = adenosine triphosphate; EC = energy cost; EM = equivalent 

mass; ES = equivalent slope; GPS = global positioning system; LPS = local positioning 

system; P = metabolic power; PRISMA = preferred reporting items for systematic re-

views and meta-analyses. 
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Abstract 

Introduction: In intermittent sports, available internal load measurements like capillary 

blood techniques and portable respiratory gas analyzers are considered as gold stand-

ards in controlled laboratory environments, but are impractical for daily use in training 

and matches. A newer approach, the metabolic power model, allows to extrapolate 

from speed and acceleration data to the metabolic power, simulated oxygen uptake 

and aerobic and anaerobic energy supply. The aim of this study was to validate the 

metabolic power model against the established 3-component model to allow direct 

comparison of variables including energy expenditure and supplies during intermittent 

running-based exercises. 

Methods: Twelve male athletes (24 ± 3 years) performed three different running-based 

exercises consisting of continuous shuttle runs and repeated accelerations and sprints 

with change of direction. Each exercise condition intended to primarily stress the aer-

obic, anaerobic alactic, and lactic energy supply. One-way repeated measures ANOVA 

or Friedman test and corresponding effect sizes were applied for statistical analyses. 

Additionally, absolute and relative biases and Bland-Altman plots were generated. 
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Results: For total energy expenditure, there were statistically significant differences 

(p ≤ .002, d ≥ .882, large effect sizes) and biases of -13.5 ± 11.8% for the continuous 

shuttle runs and up to 352.2 ± 115.9% for repeated accelerations and sprints. Con-

cerning aerobic energy supply, there were statistically significant differences (p < .001, 

d ≥ 1.937, large effect sizes) and biases of up to -38.1 ± 11.7%. For the aerobic energy 

supply, there were statistically significant differences (p < .001, d ≥ 5.465, large effect 

sizes) and biases of up to 1,894.9 ± 831.8%. 

Discussion: In conclusion, the metabolic power model significantly under- or overes-

timates total energy expenditure and supplies with large effect sizes during intermittent 

running-based exercises. Future studies should optimize the model before it can be 

used on a daily basis for scientific and practical purposes. 

 

Keywords: energy cost, energy equivalent, external load, global positioning system, 

oxygen uptake kinetics, PCr-La-O2 model 

Introduction 

In intermittent sports, monitoring of external and internal loads has become an indis-

pensable part of training and matches [1]. Whereas the external load is defined as the 

conducted physical work of exercises, the internal load represents the resulting psy-

chophysiological response, which is involved in the regulation of the gene expression 

and thus adaptation processes with respect to performance and health outcomes [2-

4]. It is well accepted that external loads such as total distances covered or times spent 

in different speed and acceleration categories can be measured in a valid and practical 

manner by tracking technologies including global and local positioning systems [5, 6]. 

However, more complex activities like changes of direction, jumps, collisions, and tech-

nical skills (e.g., ball handling) are still a challenge when tracking external loads [7, 8], 

mainly due to the measurement principle of tracking technologies and their data pro-

cessing approaches only allowing to quantify the x-/y-coordinates and derived varia-

bles of the center of mass in a valid manner [9]. Importantly, with respect to internal 

(metabolic) load measurements such as capillary blood techniques and portable 
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respiratory gas analyzers, which are still considered as gold standards in controlled 

laboratory environments, the available technological approaches may not be the best 

choices to investigate acute responses or long-term adaptations in intermittent sports. 

This is because they are partially invasive, poorly reproducible, and unsuitable for the 

use in daily training processes and competitive matches [4, 10-12]. Thus, new techno-

logical solutions for investigating internal (metabolic) loads in intermittent sports are 

worth to develop. 

A newer approach is the metabolic power model, which extrapolates from external 

(mechanical) to internal (metabolic) load [4, 13]. This requires two basic assumptions: 

(i) the energy cost of accelerated running on a flat terrain is equivalent to running uphill 

at a constant speed and (ii) the relative energy cost for running is independent of speed 

and amounts to approximately 3.6-4.0 J/kg/m [14, 15]. Through tracking technologies, 

the necessary inputs, namely speed and acceleration, can be validly and practicably 

accessed [6, 16]. Then, the energy cost and, when multiplied by speed, instantaneous 

metabolic power can be estimated, whereby the latter is the amount of energy needed 

(displayed in W/kg) to maintain a constant ATP level [17]. Additionally, once metabolic 

power is given, net oxygen uptake can be simulated by a physiological model and 

exponential function taking the time delay of approximately 20 s of the oxidative kinet-

ics between the muscle and upper airway level into account. Then, it is possible to 

distinguish between aerobic and anaerobic energy supply, depending on the time 

courses of metabolic power and simulated oxygen uptake [18]. Overall, the potential 

of the metabolic power model to investigate metabolic loads in intermittent sports is 

promising, especially since it offers instantaneous metabolic data during the entire 

training or match including the identification of crucial high-intensity activities (e.g., ac-

celerations) [4]. Such knowledge may help to optimize exercise-induced adaptation 

processes concerning performance and health outcomes. However, further research 

is necessary before a routine implementation of the metabolic power model into sci-

ence and practice can be considered. 

During the last years, several validation studies on the metabolic power model in inter-

mittent sports were conducted and summarized within a recently published systematic 
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review [19]. The included studies mostly investigated professional male soccer players 

during official matches [20-23], small-sided games [24-26], sport-specific circuits [27-

29], and constant and shuttle running exercises [22, 27, 29, 30]. The metabolic power 

model was validated against established gold standards for measuring metabolic 

loads, mostly oxygen uptake collected by portable respiratory gas analyzers [28, 29, 

31, 32]. By the systematic review, strong evidence was shown that the energy expendi-

ture during team-sport-specific circuits including activities such as multidirectional run-

ning, jumps, collisions, and technical skills assessed by the metabolic power model is 

29-52% lower when compared to oxygen uptake [19]. However, in many of the re-

viewed validation studies, activities were conducted, which cannot be registered by the 

metabolic power model due to the measurement approach by tracking technologies, 

in particular, jumps, collisions, and technical skills such as ball handling [28, 32]. Addi-

tionally, many studies included passive breaks [27-29, 31, 32], in which no data was 

generated by tracking technologies, whereas oxygen uptake was still elevated [18]. 

Furthermore, it is important to consider that oxygen uptake only discloses aerobic en-

ergy supply during intermittent exercises, whereas metabolic power contains both aer-

obic as well as anaerobic alactic and lactic energy supply [17], which was unfortunately 

overlooked. Taken together, there is strong evidence for an underestimated energy 

expenditure by the metabolic power model; however, the inaccurate inclusion of certain 

activities, e.g., collisions or ball handling, and passive breaks as well as the exclusion 

of anaerobic energy supply should be considered [19]. Consequently, there is a need 

for further validation studies eliminating these flaws, which may also allow an optimi-

zation of the model in the future. 

The aim of this study was to validate the metabolic power model against an established 

approach of aerobic as well as anaerobic alactic and lactic energy supply to allow direct 

comparison of variables including energy expenditure and supplies during intermittent 

running-based exercises. 
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Methods 

Participants 

Twelve male trained athletes (24 ± 3 years; 185.0 ± 9.1 cm; 81.2 ± 11.1 kg) partici-

pated. They were recruited from the sports students of the local university. The recruit-

ment period started on June 20th 2022 and ended on August 12th 2022. The most 

played intermittent sport was soccer (n = 7), followed by field and ice hockey (n = 2), 

handball (n = 1), volleyball (n = 1), and tennis (n = 1). Maximum oxygen uptake and 

heart rate were 64.8 ± 4.9 mL/kg/min and 195 ± 12 1/min, respectively. Inclusion crite-

ria were males with an age of 18–30, who participated three to four times per week in 

their intermittent sport. Exclusion criteria were acute or chronic diseases and injuries 

(i.e., respiratory infections or musculoskeletal issues) speaking against maximum test-

ing. The activity level of the athletes was defined according to the Participant Classifi-

cation Framework [33]. All athletes signed a written informed consent. The study was 

approved by the Local Ethics Committee (2022.02.23_eb_136) and conducted in ac-

cordance to the Declaration of Helsinki. 

Study design 

This cross-sectional study was performed outdoors on a regular tartan track. The time 

period of testing ran from July 19th to September 13th 2022, with a temperature of 

26.8 ± 5.7°C, wind speed of 0.6 ± 0.3 m/s, and air humidity of 50.7 ± 18.5%. The ath-

letes had to participate on four days, separated by one week each. On the first day, 

body height and mass were collected using a stadiometer (HR001, Tanita Europe BV, 

Amsterdam, Netherlands) and a digital scale (BC-601, Tanita Europe BV, Amsterdam, 

Netherlands), respectively. Additionally, oxygen uptake was measured for 10 min in a 

seated position to account for resting oxygen uptake [34]. Afterward, the athletes per-

formed an interval shuttle run test until exhaustion to determine maximum oxygen up-

take. This test was chosen, because it allows a valid and reliable assessment of max-

imum oxygen uptake in a sport-specific manner [35, 36]. The test was conducted as 

described in detail elsewhere [36]. During the test, oxygen uptake was directly meas-

ured breath-by-breath by a portable respiratory gas analyzer (Cortex Medical, 
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MetaMax 3B, Leipzig, Germany). To clarify exhaustion, athletes had to reach two out 

of the following three criteria [37, 38]: (i) ≥ 95% of age-predicted maximum heart rate 

(220-age), (ii) blood lactate ≥ 8 mmol/L, and (iii) rating of perceived exertion ≥ 19, which 

was achieved in all included athletes. On the second, third, and fourth day, three dif-

ferent running-based exercises were conducted in randomized order. Before each ex-

ercise, a 10 min standardized warm-up was performed. The warm-up consisted of a 

series of progressively increasing ABC running exercises (e.g., ankle drill, high knee 

skip, butt kicker) and five submaximal accelerations at the end to prepare for the sub-

sequent exercises. During the three exercises, the metabolic power model [13] and, 

as an established comparative standard, the 3-component model (also called PCr-La-

O2 model) [39] were applied simultaneously. For validity purposes, the following vari-

ables from both models were used: (i) total energy expenditure (WTOT) as the sum of 

(ii) aerobic (WAER) and (iii) anaerobic energy supply (WANA). Since the metabolic power 

model cannot distinguish between both anaerobic pathways yet, WANA was considered 

as the sum of the alactic and lactic supply. Furthermore, to guarantee better compari-

son between both models and to control for the possible bias caused by elevated ox-

ygen uptake during passive breaks in intermittent exercises, the corresponding aerobic 

supply between each effort was also calculated and subtracted from total aerobic sup-

ply. For descriptive purposes, the respective values when including the breaks are still 

given, however, in the further course of the study, only the values when excluding the 

breaks are taken into account to allow comparison. Additionally, as the only directly 

comparable variable of both models, the accumulated measured (3-component model) 

and simulated oxygen uptakes (metabolic power model) were compared. In all cases, 

net oxygen uptake was considered. Finally, to give more insight into the differences of 

the three running-based exercises, external, namely speed, acceleration, and deceler-

ation as well as internal load variables, namely metabolic power, heart rate, blood lac-

tate, and rating of perceived exertion were also displayed. 

  



Publication 2 – Validation of the metabolic power model during three intermittent 

running-based exercises with emphasis on aerobic and anaerobic energy supply 

 

 68 

Running-based exercises 

To question, if the potential biases concerning the metabolic power model are depend-

ent on the type of energy supply, three running-based exercises were performed. Each 

exercise condition intended to primarily stress either the aerobic, anaerobic alactic or 

lactic energy supply. The three exercises were labeled as “continuous shuttle runs”, 

“repeated accelerations with change of direction”, and “repeated sprints with change 

of direction” (Figure 6), respectively. For the latter, the established repeated-sprint abil-

ity test by Rampinini et al. [40] was applied. The repeated sprints consisted of 3 × 4 × 

20 + 20 m with a 180° change of direction and a 20 s or 3 min recovery after each 

sprint or after the fourth and eight sprint, respectively. In accordance with this, the con-

tinuous shuttle runs were carried out over 20 m with a constant speed at 8 km/h for 10 

min. Concerning the repeated accelerations, the duration of the effort was chosen rel-

atively short, given that anaerobic alactic energy supply can only be delivered for about 

3–15 s during maximum load [41]. Additionally, it is known that half time and full resyn-

thesis of phosphocreatine is about 30 s and 2-4 min, respectively [42]. Hence, recovery 

time was considered in this range. Based on these associations, the repeated accel-

erations consisted of 6 × 5 + 5 m runs with a 180° change of direction and 2 min re-

coveries. To ensure a time-normalized comparison, the number of repetitions for the 

sprints and accelerations was chosen as reported to achieve approximately the same 

duration of 10 min as for the continuous shuttle runs.
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Figure 6. Design of the three running-based exercises. Min = minute; RPE = rating of perceived exertion. 
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Metabolic power model 

Regarding the metabolic power model, a 20 Hz global positioning system (exelio srl, 

GPEXE LT, Udine, Italy) was worn in a vest between the shoulder blades. The typical 

error of the device was reported as 2.3% for speed and up to 5.6% for acceleration 

measures [16]. Both variables are used as the calculation basis for the metabolic power 

model [4, 13] and the error rates are within those for commonly used metabolic carts 

ranging from 1.1%–13.3% for oxygen uptake, with 1.6% for the MetaMax 3B used in 

this study [43]. The device was activated at least 5 min before each session to ensure 

optimal signal reception. During the data collection, the mean number of connected 

satellites and horizontal dilution of precision were 9 ± 1 and 1.0 ± 0.1, respectively, 

indicating ideal measurement conditions [44]. The global positioning system provided 

the speed, from which the proprietary software then calculated the acceleration, met-

abolic power (Equations 8, 9), and simulated net oxygen uptake (Equation 10). The 

metabolic power was estimated via multiplying the energy cost by speed. The calcula-

tion details can be found in the original publications [4, 18]; briefly, the used equations 

were as follows: 

𝐸𝐶 = (155.4𝐸𝑆# − 30.4𝐸𝑆$ − 43.3𝐸𝑆% + 46.3𝐸𝑆& + 19.5𝐸𝑆 + 3.6) ∙ 𝐸𝑀    (8) 

, where EC is the energy cost in J/kg/m, ES the equivalent slope gathered from the 

angle 𝛼 of the athlete’s body to the surface [=tan(90-	𝛼)], 3.6 the relative energy cost 

for running at constant speed in J/kg/m, and EM the equivalent mass as the force 

overload on the athlete from the acceleration (=g′/g). 

𝑃 = 𝐸𝐶 ∙ 𝑣              (9) 

, where P is the metabolic power in W/kg, EC is the energy cost in J/kg/m, and v the 

speed in m/s. 

𝑉̇𝑂&𝑇'()) = ?𝐸̇' − 𝑉̇𝑂&𝑇'(+)@ ∙ A1 − 𝑒
,!"C + 𝑉̇𝑂&𝑇(+)      (10) 
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, where 𝑉̇𝑂&𝑇'()) is the theoretical oxygen uptake at time t of each metabolic power 

interval, 𝑉̇𝑂&𝑇'(+) the theoretical oxygen uptake at the respective onset of each interval, 

𝐸̇ the metabolic power inequivalent oxygen uptake units, and 𝜏 the time constant. The 

maximum oxygen uptake, measured during the interval shuttle run test, was used as 

a cut-off criterion for the simulated oxygen uptake [18]. The aerobic energy supply was 

computed as the time integral below the course of the simulated oxygen uptake while 

simultaneously being below the course of the metabolic power [18]. Correspondingly, 

the anaerobic energy supply was calculated from the time integral below the course of 

the metabolic power, but above simulated oxygen uptake [18] (Figure 7). For these 

estimations, a fixed energy equivalent of 20.9 kJ/L O2 was assumed. 

 

Figure 7. Metabolic power model: calculation of the aerobic and anaerobic energy supply. 
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3-component model 

Concerning the 3-component model, oxygen uptake was measured breath-by-breath 

using a portable respiratory gas analyzer (Cortex Medical, MetaMax 3B, Leipzig, Ger-

many), which was calibrated prior to each data collection according to the manufactur-

ers’ instructions. The relative error of the MetaMax 3B for measuring oxygen uptake 

was reported as 1.6 ± 1.9% [43]. For data processing, a moving average of ten breaths 

was applied, as reported before [45, 46]. The method to distinguish between the three 

main energy supplies was carried out as described by Beneke et al. [39], which has 

been applied before [34, 47, 48]. For all exercises, the net aerobic energy supply was 

calculated by multiplying the duration of the exercise by the resting oxygen uptake and 

subtracting the product from the product of accumulated oxygen uptake and the energy 

equivalent of oxygen [34, 39] (Figure 8). The anaerobic alactic energy supply was es-

timated from the fast component of excess post-exercise oxygen consumption, for 

which oxygen uptake was measured after every exercise for an additional 7 min in a 

seated position [34]. The post-exercise oxygen consumption was fitted by a biexpo-

nential function shown in Figure 3 [39]. The fast component was then defined until the 

predefined cut-off at 2 𝜏- was reached. Finally, the corresponding time integral was 

multiplied by the energy equivalent of oxygen [34, 39]. Regarding the energy equiva-

lents, individual values based on the highest respiratory exchange ratio during each 

exercise were used as introduced by Zuntz and Schumburg [49]. Additionally, to guar-

antee closer comparison, a fixed value of 20.9 kJ/L O2, as assumed by the metabolic 

power model, was applied. To determine the anaerobic lactic energy supply, 20 𝜇l ca-

pillary blood samples were taken from the right earlobe before and during the 1st, 3rd, 

5th, and 7th minute after each exercise. The samples were collected in EDTA-coated 

capillaries, added into tubes with 1 ml hemolysis solution, and then analyzed by an 

electro-enzymatic analyzer (EKF-diagnostics, Biosen C_line Sport, Cardiff, United 

Kingdom) for the lactate concentration. Then, the Δ lactate was calculated by subtract-

ing resting lactate from the highest post-exercise lactate. From the Δ lactate, the an-

aerobic lactic energy supply was computed, considering 1 mmol/L to be equivalent to 

3 ml O2/kg [34, 50]. 
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Figure 8. 3-component model: calculation of the aerobic, anaerobic alactic, and lactic energy sup-

ply.	𝑽̇𝑶𝟐(𝒕) is the oxygen uptake at time t, a is the amplitude of the fast component, b is the 
amplitude of the slow component, 𝝉𝒂 and 𝝉𝒃 are the corresponding time constants, and c is the 
resting oxygen uptake. 

Statistical analysis 

For statistical analysis, all data were presented as means ± standard deviations and 

checked for normal distribution by the Shapiro-Wilk and variance homogeneity by 

Levene’s test. Depending on the results for each variable individually, if normal distri-

bution and variance homogeneity were given, a one-way repeated measures ANOVA 

and otherwise Friedman test was applied to compare global differences in means. The 

level of statistical significance was set to p < .05. Corresponding global effect sizes 

were calculated using generalized eta-squared (𝑛!&) or Kendalls’ W, being interpreted 

as small (≥. 01; <. 3), moderate (≥ .059; < .5), and large (≥ .138; ≥ .5), respectively [51]. 

According to normal distribution and variance homogeneity, post-hoc differences in 

means were computed using t-test or Wilcoxon test, taking Bonferroni correction into 

account. For pairwise effect sizes, Cohen’s d was calculated and interpreted as fol-

lows: < .2 trivial, ≥ .2 small, ≥ .5 moderate, and ≥ .8 large [51]. Finally, absolute and 
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relative biases (percentage differences between both models) and Bland-Altman plots 

with 95% limits of agreement were generated to display systematic differences and 

heteroscedasticities between measurements of both models. 

Results 

Figure 9 shows the relative energy supplies based on the 3-component model of the 

three running-based exercises including and excluding the passive breaks. Regarding 

the continuous shuttle runs, aerobic supply was highest at 98.8%. When excluding the 

breaks from the other two exercises, aerobic supply was highest with 65.8%, followed 

by alactic with 20.2% and lactic supply with 14.0% for the repeated accelerations. The 

repeated sprints showed that aerobic supply was highest with 61.3%, followed by lactic 

with 35.0% and alactic supply with 3.8%. 

 

Figure 9. Relative energy supplies based on the 3-component model of the three running-based exer-
cises. 
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Table 8 presents the differences in external and internal load measures during the 

three running-based exercises. For all variables, there were statistically significant dif-

ferences (p ≤ .034, d ≥ .502, moderate to large). Exceptions were pre-exercise lactate 

and peak rating of perceived exertion for all differences (p ≥ .249, d ≤ .297, trivial to 

small) and between continuous shuttle runs and repeated accelerations (p = .797, d = 

.082, trivial), respectively.
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Table 8. Differences in external and internal load measures during the three running-based exercises. 

Variables 
Continuous shuttle 

runs 
mean ± SD 

Repeated accelera-
tions with COD 

mean ± SD 

Repeated sprints 
with COD 

mean ± SD 
Global 
p-value 

C vs. RA 
p-value 

C vs. RS 
p-value 

RA vs. RS 
p-value 

Vpeak (m/s)# 3.50 ± 0.34 5.29 ± 0.55 7.19 ± 0.41 <.001 large <.001 large <.001 large <.001 large 
ACCpeak (m/s2)* 2.31 ± 0.29 4.02 ± 0.24 4.25 ± 0.29 <.001 large <.001 large <.001 large .015 large 
DECpeak (m/s2)# -2.07 ± 0.27 -3.09 ± 0.21 -4.94 ± 0.22 <.001 large <.001 large .003 large <.001 large 
Pmetpeak (W/kg)* 31.51 ± 5.72 75.33 ± 8.66 95.16 ± 11.74 <.001 large <.001 large <.001 large <.001 large 
HRpeak (1/min)* 149 ± 10 135 ± 9 180 ± 9 <.001 large <.001 large <.001 large <.001 large 
Lapre (mmol/L)* 1.62 ± 0.28 1.70 ± 0.35 1.60 ± 0.30 .490 small .249 small .881 trivial .352 small 
Lapeak (mmol/L)# 1.74 ± 0.26 2.07 ± 0.42 13.73 ± 2.70 <.001 large .013 large <.001 large <.001 large 
ΔLa (mmol/L)# 0.12 ± 0.27 0.37 ± 0.22 12.13 ± 2.68 <.001 large .021 large <.001 large <.001 large 
RPEpeak (6-20)# 11 ± 2 11 ± 2 18 ± 1 <.001 large .797 trivial .002 large .002 large 

M
PM

 VO2peak (mL/min/kg)* 28.9 ± 3.7 18.8 ± 2.5 52.2 ± 4.1 <.001 large <.001 large <.001 large <.001 large 
VO2mean (mL/min/kg)# 23.9 ± 2.7 4.9 ± 0.9 19.2 ± 1.2 <.001 large <.001 large <.001 large .003 large 
VO2accumulated (L)# 19.5 ± 3.6 4.2 ± 1.2 16.6 ± 2.6 <.001 large <.001 large <.001 large <.001 large 

3-
CM

 VO2peak (mL/min/kg)* 36.1 ± 2.5 26.1 ± 5.2 62.5 ± 9.4 <.001 large <.001 large <.001 large <.001 large 
VO2mean (mL/min/kg)* 28.3 ± 2.0 10.8 ± 2.1 31.9 ± 1.9 <.001 large <.001 large .003 large <.001 large 
VO2accumulated (L)# 23.1 ± 3.6 9.0 ± 3.0 24.8 ± 3.1 <.001 large <.001 large .034 moderate <.001 large 

Means, standard deviations, p-values, and interpretations of the effect sizes are shown. * = analyzed by one-way repeated measures ANOVA and t-test; # = 
analyzed by Friedman and Wilcoxon test; 3-CM = 3-component model; ACC = acceleration; C = continuous shuttle runs; COD = change of direction; DEC = 
deceleration; HR = heart rate; La = lactate; MPM = metabolic power model; Pmet = metabolic power; RA = repeated accelerations with change of direction; 
RPE = rating of perceived exertion; RS = repeated sprints with change of direction; SD = standard deviation; V = speed; VO2 = net oxygen consumption; 
∆La = net lactate concentration (Lapeak - Lapre). 
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Table 9 displays the differences in the total energy expenditure and energy supplies 

during the three running-based exercises. Figure 10 shows the corresponding Bland-

Altman plots displaying the systematic differences and heteroscedasticities between 

measurements of both models. Regarding total energy expenditure, there were statis-

tically significant differences (p ≤ .002, d ≥ .882, large). The mean relative biases for 

the metabolic power model were -13.5 ± 11.8%, 352.2 ± 115.9%, and 75.0 ± 17.0% for 

the continuous shuttle runs, repeated accelerations, and repeated sprints, respectively. 

Concerning the aerobic energy supply, there were statistically significant differences 

(p < .001, d ≥ 1.937, large). The mean relative biases for the metabolic power model 

were -32.6 ± 10.3%, -38.1 ± 11.7%, and -23.2 ± 6.6% for the continuous shuttle runs, 

repeated accelerations, and repeated sprints, respectively. Also, for the anaerobic en-

ergy supply, there were statistically significant differences (p < .001, d ≥ 5.465, large). 

The mean relative biases for the metabolic power model were 1,849.9 ± 831.8%, 

1,171.3 ± 514.1%, and 238.9 ± 75.8% for the continuous shuttle runs, repeated accel-

erations, and repeated sprints, respectively. Comparison between the usage of indi-

vidual and fixed energy equivalents for the 3-component model showed statistically 

significant differences (p ≤ .031, d ≤ .102, trivial).
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Table 9. Differences in total energy expenditure and energy supplies of the three running-based exercises using the metabolic power model and the 3-component 
model (individual and fixed energy equivalent). 

Running-based 
exercises Variables 

Metabolic power 
model 

mean ± SD 

3-component model Global 
p-value 

MPM 
vs. ind 
p-value 

MPM 
vs. fix 

p-value 
ind vs. fix 
p-value ind 

mean ± SD 
fix 

mean ± SD 

Continuous 
shuttle runs 

WTOT (kJ)* 421.1 ± 77.2 491.7 ± 75.6 488.7 ± 76.1 .002 large .002 large .002 large .011 trivial 
WAER (kJ)* 324.4 ± 61.8 486.0 ± 75.2 483.0 ± 75.7 <.001 large <.001 large <.001 large .011 trivial 
WANA (kJ)# 96.7 ± 16.8 5.7 ± 2.1 5.6 ± 2.1 <.001 large <.001 large <.001 large .031 trivial 

Re
pe

at
ed

 a
cc

el
er

a-
tio

ns
 w

ith
 C

O
D  Incl. 

breaks 

WTOT (kJ)# 92.6 ± 25.4 195.5 ± 64.0 193.4 ± 63.3 <.001 large <.001 large <.001 large <.001 trivial 
WAER (kJ)# 41.8 ± 15.1 190.9 ± 62.5 188.8 ± 61.8 <.001 large <.001 large <.001 large <.001 trivial 
WANA (kJ)# 50.8 ± 11.4 4.6 ± 1.9 4.6 ± 1.9 <.001 large <.001 large <.001 large .002 trivial 

Excl. 
breaks 

WTOT (kJ)# 55.9 ± 12.7 13.1 ± 3.8 12.9 ± 3.7 <.001 large <.001 large <.001 large .002 trivial 
WAER (kJ)# 5.1 ± 1.3 8.5 ± 2.0 8.4 ± 2.0 <.001 large <.001 large <.001 large .003 trivial 
WANA (kJ)# 50.8 ± 11.4 4.6 ± 1.9 4.6 ± 1.9 <.001 large <.001 large <.001 large .002 trivial 

Re
pe

at
ed

 s
pr

in
ts

 
wi

th
 C

O
D

 Incl. 
breaks 

WTOT (kJ)* 376.1 ± 62.1 593.1 ± 75.1 586.6 ± 74.2 <.001 large <.001 large <.001 large <.001 trivial 
WAER (kJ)* 152.7 ± 26.5 524.1 ± 65.4 518.3 ± 64.7 <.001 large <.001 large <.001 large <.001 trivial 
WANA (kJ)* 223.4 ± 37.1 69.0 ± 14.9 68.3 ± 14.7 <.001 large <.001 large <.001 large <.001 trivial 

Excl. 
breaks 

WTOT (kJ)* 305.2 ± 49.0 176.6 ± 22.4 174.7 ± 22.1 <.001 large <.001 large <.001 large <.001 trivial 
WAER (kJ)* 81.8 ± 12.2 107.6 ± 11.5 106.4 ± 11.4 <.001 large <.001 large <.001 large <.001 trivial 
WANA (kJ)* 223.4 ± 37.1 69.0 ± 14.9 68.3 ± 14.7 <.001 large <.001 large <.001 large <.001 trivial 

Means, standard deviations, p-values, and interpretations of effect sizes (superscripted) are shown. * = analyzed by one-way repeated measures ANOVA 
and t-test; # = analyzed by Friedman and Wilcoxon test; COD = change of direction; fix = fixed energy equivalent; ind = individual energy equivalent; MPM = 
metabolic power model; WAER = aerobic energy supply; WANA = anaerobic alactic and lactic energy supply; WTOT = total energy expenditure. 
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Figure 10. Bland-Altman plots of the total energy expenditure, aerobic, and anaerobic energy supply of the three running-based exercises. SD = standard 
deviation. 
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Regarding accumulated oxygen uptake, statistically significant differences of p ≤ .001 

(d ≥ 1.002, large) were detected for all three running-based exercises. Figure 11 shows 

the corresponding Bland-Altman plots as well as sample courses of the simulated and 

measured oxygen uptakes of the three exercises. The mean relative biases for the 

metabolic power model were -15.2 ± 11.6%, -53.0 ± 5.8%, and -33.4 ± 3.8% for the 

continuous shuttle runs, repeated accelerations, and repeated sprints, respectively. 
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Figure 11. Bland-Altman plots of the accumulated oxygen uptakes and sample courses of the simulated 
(metabolic power model) and measured oxygen uptakes (3-component model) of the three run-
ning-based exercises. 3-CM = 3-component model; MPM = metabolic power model; SD = stand-
ard deviation. 
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Discussion 

As far as we know, this is the first study to validate the metabolic power model against 

the established 3-component model allowing direct comparison of variables including 

total energy expenditure and aerobic and anaerobic supply during three intermittent 

running-based exercises. The main findings were that the metabolic power model sig-

nificantly under- or overestimates (i) total energy expenditure and (ii) energy supplies 

with large effect sizes, particularly in intermittent exercises. 

In preparation for validating the metabolic power model, we generated three different 

running-based exercises intended to primarily focus on one of the three main energy 

supplies. As seen in Table 8, the effects on the external and internal loads are mostly 

statistically significantly different from each other, confirming our intention. In line with 

this, and based on the 3-component model, the energy supplies during the three run-

ning-based exercises clearly differ (Figure 9). This is especially true when excluding 

the passive breaks between efforts. Even though the aerobic energy supply still has 

the highest contribution in all three exercises (≥ 61.3%), the intended activation of the 

two anaerobic pathways is given, with contributions of 20.2% for the anaerobic alactic 

and 35.0% for the lactic energy supply regarding the repeated accelerations and re-

peated sprints, respectively. Additionally, we investigated the influence of using an in-

dividual or fixed energy equivalent of oxygen for the 3-component model. However, 

while our results showed significant differences, the effects were trivial (Table 9). 

Therefore, individualized energy equivalents might be neglected, in favor of the fixed 

energy equivalent of 20.9 kJ/L O2, which is already implemented in the metabolic 

power model [18]. Furthermore, our data revealed a large influence regarding the in-

clusion or exclusion of the passive breaks (Table 9). This supports our research design 

to control the resulting bias and allowed us to specify if the potential bias concerning 

the metabolic power model is dependent on the type of energy supply. In this context, 

however, it is worth mentioning that a modified “intermittent” 3-component model has 

been developed taking the elevated oxygen uptake used to replenish phosphocreatine 

during passive breaks into account [52]. Although this intermittent model might offer a 

promising approach, we decided to use the established 3-component model for two 
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reasons. Firstly, it has been applied more often and is clearly better evaluated in the 

scientific literature yet [53, 54]. Especially, a recent study showed a superior reliability 

in terms of aerobic (CV = 3.62% vs. 6.04%) and anaerobic energy supply (CV = 7.49% 

vs. 8.95%) [55]. Secondly, since previous validation studies neglected the different ap-

proaches of the 3-component model and metabolic power model during passive breaks 

(elevated oxygen uptake vs. no data generation) [28, 29, 31, 32], we intended to control 

for this possible bias, which is not possible in the intermittent 3-component model, 

without modifying its basic assumptions and calculations. However, for the readers and 

future research, the differences between both 3-component models and the metabolic 

power model during the repeated acceleration and sprint exercises including the ele-

vated oxygen uptake during the passive breaks can be found in the supplementary 

material (Supplementary Table 1). 

Our first main finding showed that the metabolic power model significantly under- or 

overestimates the total energy expenditure with large effect sizes during continuous 

shuttle runs (-13.5 ± 11.8%), repeated accelerations (352.2 ± 115.9%), and sprints 

(75.0 ± 17.0%) (Table 9, Figure 10). This partly confirms findings from previous studies, 

where e.g., energy expenditure was up to 66% lower during team-sport-specific circuits 

when measured with the metabolic power model compared to that derived through 

portable respiratory gas analyzers [31, 56]. However, it is important to notice that these 

circuits included activities, which are unable to be tracked by the metabolic power 

model, such as jumps, collision, or technical skills such as ball handling. Ulupinar et al. 

[57] investigated 18 male university league soccer players during two different re-

peated sprint protocols, also using the 3-component model. In this study, absolute total 

energy expenditures of 586.3 ± 60.8 kJ and 595.6 ± 57.5 kJ for 10 × 40 m and 20 × 20 

m sprints were reported, respectively. These values support our results of the repeated 

sprints, but only when including the passive breaks (586.6 ± 74.2 kJ). Without the 

breaks, values were significantly lower due to the aerobic energy supply (174.7 ± 22.1 

kJ) (Table 9). Regarding the metabolic power model and its specific calculations, some 

aspects need to be considered that may explain the observed differences between the 

two models. Firstly, the model assumes that the relative energy cost is independent of 
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speed [4, 13, 15]. This, however, can only be accepted to a limited extent, as it has 

been shown that energy cost during shuttle running is approximately 30-50% higher 

compared to constant speed running and this discrepancy increases with increasing 

speed [30]. Secondly, the equivalent slope model, on which the calculations are based, 

has only been developed up to a slope of .45° [15] corresponding to an acceleration of 

4.5 m/s2 [4]. Any slopes above this threshold must be extrapolated; however, mean 

peak accelerations in our study were up to 4.25 m/s2 (Table 8) and thus still within the 

range of the equivalent slope model. Lastly, the ability of global positioning devices to 

validly record accelerations, the use of respective filtering techniques for speed and 

acceleration data, and the influence of different surfaces and footwear must be taken 

into account [19]. The specific reasons for the significant under- or overestimation of 

the metabolic power model in terms of total energy expenditure cannot be definitively 

identified here, but the calculation aspects listed may have an influence on the results, 

requiring more research. 

Our second main finding showed that the aerobic energy supply is significantly under- 

but anaerobic energy supply overestimated by the metabolic power model with large 

effect sizes regardless of the exercise condition (Table 9, Figure 10). This is especially 

true regarding the anaerobic energy supply with biases of up to 1,849.9 ± 831.8%. To 

the best of our knowledge, there are currently no other studies that have investigated 

the energy supplies by the metabolic power model in intermittent sports. However, as 

the estimation of the aerobic and anaerobic energy supply results from the time 

courses of simulated oxygen uptake and metabolic power by that model, the accumu-

lated oxygen uptakes and respective kinetics of the measured (3-component model) 

and simulated oxygen uptakes (metabolic power model) were compared (Figure 11), 

which may explain the differences. The metabolic power model revealed relative bi-

ases of up to -53.0 ± 5.8% for the accumulated oxygen uptake. While the bias was 

lowest during the continuous shuttle runs and therefore mainly aerobic energy supply, 

biases increased when the anaerobic energy supplies were more heavily stressed 

(Figure 11). Concerning the continuous shuttle runs, the simulated oxygen uptake 

shows a rather physiological progression (Figure 11), as described before [58]. 
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Regarding the repeated accelerations and sprints with change of direction, the simu-

lated oxygen uptake does not follow a physiological time course, especially during the 

offset periods, where too steep descends can be seen, as opposed to a typical course 

[41]. During the onset periods, there are slightly delayed responses combined with too 

steep ascends (Figure 11). These observations indicate that the increasing bias may 

be due to the less physiological time courses of the simulated oxygen uptake. Addi-

tionally, the metabolic power model assumes that the aerobic supply is the proportion 

below the simulated oxygen uptake, but only if it is simultaneously below the metabolic 

power [18]. While this may be appropriate for estimating the energy expenditure of 

running only, the overall energy expenditure of exercises (i.e., of the entire body) may 

require to take the total proportion below the simulated oxygen uptake independent of 

the time course of metabolic power into account. Therefore, the simulation of oxygen 

uptake and calculation of aerobic supply by the metabolic power model should be re-

considered and potentially adapted accordingly. This in turn may positively influence 

the estimation of the aerobic and anaerobic supplies in future studies. 

From a practical point of view, the metabolic power model may be considered as a 

promising new approach to investigate metabolic loads in intermittent sports during 

training and matches when it is further optimized by future studies. At this time, its use 

should be treated with caution, because our results show large effect sizes and biases 

compared to the established 3-component model (Table 9, Figure 10). These out-

comes indicate that the metabolic power model may be systematically flawed for cer-

tain exercises, especially those requiring high anaerobic energy supply. For practical 

applications, this is a problem due to the fact that many activities being associated with 

the playing success such as maximum accelerations and sprints require a high anaer-

obic supply in intermittent sports [59] and the amount of anaerobic supply also affects 

the time required to recover after training and matches [60, 61]. This issue might lead 

to misinterpretation of the actual metabolic load during competitions and consequently 

incorrect training and recovery prescriptions. A further practical challenge is that the 

model is incapable to differentiate between anaerobic alactic and lactic energy supply 

[18] as well as to validly capture elevated oxygen uptake during passive breaks being 
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crucial for the replenishment of phosphocreatine yet (Figure 11). Since energy systems 

shift rapidly during intermittent sports, more research is required to optimize the meta-

bolic power model for allowing more specific training and recovery prescriptions. In this 

context, one further possibility may be to incorporate heart rate for improving the sim-

ulation of oxygen uptake [62] or blood lactate data to possibly help differentiate be-

tween anaerobic alactic and lactic energy supply [4] during passive breaks into the 

model’s estimates. Although the assessment of these data is not always allowed and 

accepted by the athletes during competitive matches, it may be worth considering for 

training purposes where the assessment could be taken into account, requiring more 

research. 

While our study clearly increased the knowledge on the metabolic power in intermittent 

sports, few limitations exist. Firstly, we only investigated male trained athletes partici-

pating three to four times per week in their intermittent sport. Thus, our results cannot 

be generalized to females and children or other subpopulations with different physical 

prerequisites or activity levels for which future studies, taking these characteristics into 

account, are required. Secondly, although we noted weather conditions (i.e., tempera-

ture, wind speed, air humidity), we did not investigate how they might have affected 

our results. Thirdly, regarding the interval shuttle run test to assess maximum oxygen 

uptake, we considered three established criteria to clarify exhaustion. However, the 

validity of these and further criteria (e.g., respiratory exchange ratio) is still controver-

sially discussed [63]. Fourthly, we were only able to correct the passive breaks for the 

aerobic but not the anaerobic energy supply, which may have an influence regarding 

the discrepancies of the reported anaerobic energy supplies between the two models. 

Lastly, though not directedly related to the weakness of our study, we used the 3-

component model as an established standard in exercise science to validate the met-

abolic power model, which, however, also has flaws: Contrary to the metabolic power 

model, the 3-component model only allowed us to analyze the total exercise, not each 

individual effort, which would have enabled an even better comparison. Moreover, 

while the reliability of the 3-component model has been reported for the aerobic (CV = 

3.62%), anaerobic alactic (CV = 14.85%), and anaerobic lactic (CV = 11.43%) 
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contribution [55], its validity is still under discussion and there are no corresponding 

statistical indices available yet. A main reason is that there is no established method 

to directedly and independently access both anaerobic supplies [64], which is also in-

dicated by physiological discrepancies. For example, concerning the anaerobic alactic 

supply, it is questionable, how the mathematical fitting of the fast component of the 

excess post-exercise oxygen consumption should be conducted [65]. Furthermore, it 

is unknown, if there is an independence of the lactate removal from the blood during 

this post-exercise period [54, 64]. Regarding the anaerobic lactic supply, repeated in-

vasive lactate analyses need to be carried out, for which reproducibility of the absolute 

values is questionable [66] and it is also still uncertain, whether the commonly used 

oxygen lactate equivalent of 3 ml O2/kg is appropriate for all individuals [50, 67]. Note-

worthy, and as mentioned above, a modified “intermittent” 3-component model has 

been developed during the last years providing a promising comparative alternative 

[52]. As explained before, we decided to use the established 3-component model. For 

interested readers and future research, we present the differences between the two 3-

component-models and the metabolic power model in the supporting information (Sup-

plementary Table S1). Although, the comparison of the two 3-component models 

showed statistically significant differences, the comparison of both models to the met-

abolic power model showed the same statistical outcomes with large effect sizes. 

Taken together, all these findings underline the lasting need to optimize both 3-com-

ponent models and the metabolic power model for assessing metabolic loads during 

intermittent exercises [68]. 

Conclusions 

In conclusion, this study showed that the metabolic power model significantly under- 

or overestimates total energy expenditure and energy supplies with large effect sizes 

during intermittent running-based exercises. The reason may be due to the calculation 

of metabolic power and simulated oxygen uptake themself as well as the unphysiolog-

ical time courses of simulated oxygen uptake in particular. Future studies should opti-

mize these points with a special focus on the improvement of the simulated oxygen 
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uptake kinetics. Until these issues can be fixed, the use of the metabolic power model 

should be handled with caution, especially in scientific and practical purposes as it 

might lead to misinterpretation of the data and thus incorrect training and recovery 

prescriptions. 

  



Publication 2 – Validation of the metabolic power model during three intermittent 

running-based exercises with emphasis on aerobic and anaerobic energy supply 

 

 89 

Supplementary material: The supplementary material for this article can be found 

online at: https://www.frontiersin.org/articles/10.3389/fspor.2025.1583313/full#supple-

mentary-material 

Author contributions: Conceptualization: J.B. and M.W.H.; data curation: J.B.; formal 

analysis: J.B.; investigation: J.B.; methodology: J.B. and M.W.H.; project administra-

tion: J.B.; resources: J.B.; software: J.B.; supervision: M.W.H.; visualization: J.B.; writ-

ing – original draft: J.B.; writing – review & editing: M.W.H. Both authors read and 

approved the final manuscript. 

Acknowledgements: The authors would like to thank Christin Ambaum and Hanna 

Klode for their help regarding data collection and Dr. Martina Clauß and Dr. Christian 

Saal for their input in data analysis. 

Data availability statement: The original contributions presented in the study are in-

cluded in the article/Supplementary Material, further inquiries can be directed to the 

corresponding author. 

Funding: The author(s) declare that financial support was received for the research 

and/or publication of this article. Open Access funding provided by the Open Access 

Publishing Fund of Philipps-Universität Marburg. 

Institutional review board statement: The studies involving humans were approved 

by Ethics Committee of Leipzig University. The studies were conducted in accordance 

with the local legislation and institutional requirements. 

Informed consent: The participants provided their written informed consent to partic-

ipate in this study. 

Conflict of interest: The authors declare that the research was conducted in the ab-

sence of any commercial or financial relationships that could be construed as a poten-

tial conflict of interest. 

  



Publication 2 – Validation of the metabolic power model during three intermittent 

running-based exercises with emphasis on aerobic and anaerobic energy supply 

 

 90 

References 

1. Miguel M, Oliveira R, Loureiro N, Garcia-Rubio J, Ibanez SJ. Load measures in training/match 
monitoring in soccer: a systematic review. Int J Environ Res Public Health (2021) 18(5):2721. doi: 
10.3390/ijerph18052721 

2. Flück M. [Molecular-biological basis of muscular performance and fitness]. Schweiz Z Sportmed 
Sporttraum (2006) 54(2):43-49.  

3. Impellizzeri FM, Marcora SM, Coutts AJ. Internal and external training load: 15 years on. Int J 

Sports Physiol Perform (2019) 14(2):270-273. doi: 10.1123/ijspp.2018-0935 
4. Osgnach C, Poser S, Bernardini R, Rinaldo R, di Prampero PE. Energy cost and metabolic power 

in elite soccer: a new match analysis approach. Med Sci Sports Exerc (2010) 42(1):170-178. doi: 
10.1249/MSS.0b013e3181ae5cfd 

5. Pino-Ortega J, Olivia-Lozano JM, Gantois P, Nakamura FY, Rico-González M. Comparison of 
the validity and reliability of local positioning systems against other tracking technologies in team 
sports: a systematic review. Proc Inst Mech Eng P J Sport Eng Technol (2022) 236(2):73-82. doi: 
10.1177/1754337120988236 

6. Scott MT, Scott TJ, Kelly VG. The validity and reliability of global positioning systems in team 
sport: a brief review. J Strength Cond Res (2016) 30(5):1470-1490. doi: 
10.1519/JSC.0000000000001221 

7. Blauberger P, Marzilger R, Lames M. Validation of player and ball tracking with a local positioning 
system. Sensors (2021) 21(4):1465. doi: 10.3390/s21041465 

8. Nikolaidis PT, Clemente FM, van der Linden CMI, Rosemann T, Knechtle B. Validity and reliability 
of 10-Hz global positioning system to assess in-line movement and change of direction. Front 
Physiol (2018) 9:228. doi: 10.3389/fphys.2018.00228 

9. Hoppe MW, Baumgart C, Polglaze T, Freiwald J. Validity and reliability of GPS and LPS for 
measuring distances covered and sprint mechanical properties in team sports. PLoS One (2018) 
13(2):e0192708. doi: 10.1371/journal.pone.0192708 

10. Manchado-Gobatto FB, Marostegan AB, Rasteiro FM, Cirino C, Cruz JP, Moreno MA, et al. New 
insights into mechanical, metabolic and muscle oxygenation signals during and after high-
intensity tethered running. Sci Rep (2020) 10(1):6336. doi: 10.1038/s41598-020-63297-w 

11. Meyer T, Davison RC, Kindermann W. Ambulatory gas exchange measurements - current status 

and future options. Int J Sports Med (2005) 26 Suppl 1:S19-27. doi: 10.1055/s-2004-830507 
12. Schwesig R, Koke A, Jungermann P, Fischer D, Noack F, Becker S, et al. [Intraobserver reliability 

of the handball-specific complex test (HBKT)]. Sportverletz Sportschaden (2014) 28(3):146-154. 
doi: 10.1055/s-0034-1366540 



Publication 2 – Validation of the metabolic power model during three intermittent 

running-based exercises with emphasis on aerobic and anaerobic energy supply 

 

 91 

13. di Prampero PE, Fusi S, Sepulcri L, Morin JB, Belli A, Antonutto G. Sprint running: a new energetic 
approach. J Exp Biol (2005) 208(Pt 14):2809-2816. doi: 10.1242/jeb.01700 

14. di Prampero PE, Osgnach C. Metabolic power in team sports - part 1: an update. Int J Sports 
Med (2018) 39(8):581-587. doi: 10.1055/a-0592-7660 

15. Minetti AE, Moia C, Roi GS, Susta D, Ferretti G. Energy cost of walking and running at extreme 
uphill and downhill slopes. J Appl Physiol (1985) (2002) 93(3):1039-1046. doi: 

10.1152/japplphysiol.01177.2001 
16. Nagahara R, Botter A, Rejc E, Koido M, Shimizu T, Samozino P, et al. Concurrent validity of GPS 

for deriving mechanical properties of pprint acceleration. Int J Sports Physiol Perform (2017) 
12(1):129-132. doi: 10.1123/ijspp.2015-0566 

17. Polglaze T, Hoppe MW. Metabolic power: a step in the right direction for team sports. Int J Sports 
Physiol Perform (2019) 14(3):407-411. doi: 10.1123/ijspp.2018-0661 

18. Osgnach C, di Prampero PE. Metabolic power in team sports - part 2: aerobic and anaerobic 
energy yields. Int J Sports Med (2018) 39(8):588-595. doi: 10.1055/a-0592-7219 

19. Brochhagen J, Hoppe MW. Metabolic power in team and racquet sports: a systematic review with 
best-evidence synthesis. Sports Med Open (2022) 8(1):133. doi: 10.1186/s40798-022-00525-9 

20. Castagna C, Varley M, Póvoas SCA, D'Ottavio S. Evaluation of the match external load in soccer: 
methods comparison. Int J Sports Physiol Perform (2017) 12(4):490-495. doi: 
10.1123/ijspp.2016-0160 

21. Hoppe MW, Baumgart C, Slomka M, Polglaze T, Freiwald J. Variability of metabolic power data 
in elite soccer players during pre-season matches. J Hum Kinet (2017) 58:233-245. doi: 
10.1515/hukin-2017-0083 

22. Manzi V, Impellizzeri F, Castagna C. Aerobic fitness ecological validity in elite soccer players: a 
metabolic power approach. J Strength Cond Res (2014) 28(4):914-919. doi: 
10.1519/jsc.0000000000000239 

23. Martínez-Cabrera FI, Núñez-Sánchez FJ. The use of metabolic power to assess physical 
demands in soccer: how does it differ from the traditional approach through speed running? J 
Sports Med Phys Fitness (2018) 58(10):1403-1411. doi: 10.23736/s0022-4707.17.07563-6 

24. Darbellay J, Meylan CMP, Malatesta D. Monitoring matches and small-sided games in elite young 

soccer players. Int J Sports Med (2020) 41(12):832-838. doi: 10.1055/a-1165-1916 
25. Gaudino P, Iaia FM, Alberti G, Hawkins RD, Strudwick AJ, Gregson W. Systematic bias between 

running speed and metabolic power data in elite soccer players: influence of drill type. Int J Sports 
Med (2014) 35(6):489-493. doi: 10.1055/s-0033-1355418 

26. Goto H, King JA. High-intensity demands of 6-a-side small-sided games and 11-a-side matches 
in youth soccer players. Pediatr Exerc Sci (2019) 31(1):85-90. doi: 10.1123/pes.2018-0122 



Publication 2 – Validation of the metabolic power model during three intermittent 

running-based exercises with emphasis on aerobic and anaerobic energy supply 

 

 92 

27. Akubat I, Id SB, Sagarra ML, Abt G. The validity of external:internal training load ratios in rested 
and fatigued soccer players. Sports (2018) 6(2):44. doi: 10.3390/sports6020044 

28. Buchheit M, Manouvrier C, Cassirame J, Morin JB. Monitoring locomotor load in soccer: is 
metabolic power, powerful? Int J Sports Med (2015) 36(14):1149-1155. doi: 10.1055/s-0035-
1555927 

29. Oxendale CL, Highton J, Twist C. Energy expenditure, metabolic power and high speed activity 

during linear and multi-directional running. J Sci Med Sport (2017) 20(10):957-961. doi: 
10.1016/j.jsams.2017.03.013 

30. Stevens TG, De Ruiter CJ, Van Maurik D, Van Lierop CJ, Savelsbergh GJ, Beek PJ. Measured 
and estimated energy cost of constant and shuttle running in soccer players. Med Sci Sports 
Exerc (2015) 47(6):1219-1224. doi: 10.1249/mss.0000000000000515 

31. Brown DM, Dwyer DB, Robertson SJ, Gastin PB. Metabolic power method: underestimation of 
energy expenditure in field-sport movements using a global positioning system tracking system. 
Int J Sports Physiol Perform (2016) 11(8):1067-1073. doi: 10.1123/ijspp.2016-0021 

32. Highton J, Mullen T, Norris J, Oxendale C, Twist C. The unsuitability of energy expenditure 
derived from microtechnology for assessing internal load in collision-based activities. Int J Sports 
Physiol Perform (2017) 12(2):264-267. doi: 10.1123/ijspp.2016-0069 

33. McKay AKA, Stellingwerff T, Smith ES, Martin DT, Mujika I, Goosey-Tolfrey VL, et al. Defining 
training and performance caliber: a Participant Classification Framework. Int J Sports Physiol 
Perform (2022) 17(2):317-331. doi: 10.1123/ijspp.2021-0451 

34. Milioni F, Leite JVM, Beneke R, de Poli RAB, Papoti M, Zagatto AM. Table tennis playing styles 
require specific energy systems demands. PLoS One (2018) 13(7):e0199985. doi: 
10.1371/journal.pone.0199985 

35. Lemmink KA, Visscher C. The relationship between the interval shuttle run test and maximal 
oxygen uptake in soccer players. J Hum Mov Stud (2003) 45(3):219-232.  

36. Lemmink KA, Visscher C, Lambert MI, Lamberts RP. The interval shuttle run test for intermittent 
sport players: evaluation of reliability. J Strength Cond Res (2004) 18(4):821-827. doi: 
10.1519/13993.1 

37. Hoppe MW, Baumgart C, Sperlich B, Ibrahim H, Jansen C, Willis SJ, et al. Comparison between 

three different endurance tests in professional soccer players. J Strength Cond Res (2013) 
27(1):31-37. doi: 10.1519/JSC.0b013e31824e1711 

38. Peterman JE, Arena R, Myers J, Harber MP, Bonikowske AR, Squires RW, et al. Reference 
standards for peak rating of perceived exertion during cardiopulmonary exercise testing: data 
from FRIEND. Med Sci Sports Exerc (2023) 55(1):74-79. doi: 10.1249/MSS.0000000000003023 

39. Beneke R, Pollmann C, Bleif I, Leithauser RM, Hutler M. How anaerobic is the Wingate Anaerobic 
Test for humans? Eur J Appl Physiol (2002) 87(4-5):388-392. doi: 10.1007/s00421-002-0622-4 



Publication 2 – Validation of the metabolic power model during three intermittent 

running-based exercises with emphasis on aerobic and anaerobic energy supply 

 

 93 

40. Rampinini E, Bishop D, Marcora SM, Ferrari Bravo D, Sassi R, Impellizzeri FM. Validity of simple 
field tests as indicators of match-related physical performance in top-level professional soccer 
players. Int J Sports Med (2007) 28(3):228-235. doi: 10.1055/s-2006-924340 

41. Kenney WL, Wilmore JH, Costill DL. Physiology of sport and exercise. 7th ed. Champaign, IL: 
Human Kinetics (2020). 

42. Henriksson J, Sahlin K. Metabolism during exercise - energy expenditure and hormonal changes. 

In: Kjær M, Krogsgaard M, Magnusson P, Engebretsen L, Roos H, Takala T, et al., editors. 
Textbook of sports medicine. Malden, MA: Blackwell Science (2003). p. 30-48. 

43. Van Hooren B, Souren T, Bongers BC. Accuracy of respiratory gas variables, substrate, and 
energy use from 15 CPET systems during simulated and human exercise. Scand J Med Sci 
Sports (2024) 34(1):e14490. doi: 10.1111/sms.14490 

44. Malone JJ, Lovell R, Varley MC, Coutts AJ. Unpacking the black box: applications and 
considerations for using GPS devices in sport. Int J Sports Physiol Perform (2017) 12(Suppl 
2):S218-S226. doi: 10.1123/ijspp.2016-0236 

45. Nolte S, Rein R, Quittmann OJ. Data processing strategies to determine maximum oxygen 
uptake: a systematic scoping review and experimental comparison with guidelines for reporting. 
Sports Med (2023) 53(12):2463-2475. doi: 10.1007/s40279-023-01903-3 

46. Robergs RA, Dwyer D, Astorino T. Recommendations for improved data processing from expired 
gas analysis indirect calorimetry. Sports Med (2010) 40(2):95-111. doi: 10.2165/11319670-
000000000-00000 

47. Milioni F, Zagatto AM, Barbieri RA, Andrade VL, Dos Santos JW, Gobatto CA, et al. Energy 
systems contribution in the running-based anaerobic sprint test. Int J Sports Med (2017) 
38(3):226-232. doi: 10.1055/s-0042-117722 

48. Zagatto AM, Leite JV, Papoti M, Beneke R. Energetics of table tennis and table tennis-specific 
exercise testing. Int J Sports Physiol Perform (2016) 11(8):1012-1017. doi: 10.1123/ijspp.2015-
0746 

49. Zuntz N, Schumburg W. Studien zu einer Physiologie des Marsches. Berlin: Hirschwald (1901). 
50. di Prampero PE, Ferretti G. The energetics of anaerobic muscle metabolism: a reappraisal of 

older and recent concepts. Respir Physiol (1999) 118(2-3):103-115. doi: 10.1016/s0034-

5687(99)00083-3 
51. Cohen J. Statistical power analysis for the behavioral sciences. 2nd ed. Hillsdale NJ: Erlbaum 

(1988). 
52. Latzel R, Hoos O, Stier S, Kaufmann S, Fresz V, Reim D, et al. Energetic profile of the Basketball 

Exercise Simulation Test in junior elite players. Int J Sports Physiol Perform (2018) 13(6):810-
815. doi: 10.1123/ijspp.2017-0174 



Publication 2 – Validation of the metabolic power model during three intermittent 

running-based exercises with emphasis on aerobic and anaerobic energy supply 

 

 94 

53. Rios M, Reis VM, Soares S, Moreira-Gonçalves D, Fernandes RJ. Pros and cons of two methods 
of anaerobic alactic energy assessment in a high-intensity CrossFit® workout. Oxygen (2022) 
2(4):621-627. doi: 10.3390/oxygen2040042 

54. Sousa A, Figueiredo P, Zamparo P, Vilas-Boas JP, Fernandes RJ. Anaerobic alactic energy 
assessment in middle distance swimming. Eur J Appl Physiol (2013) 113(8):2153-2158. doi: 
10.1007/s00421-013-2646-3 

55. Kaufmann S, Latzel R, Beneke R, Hoos O. Reliability of the 3-component model of aerobic, 
anaerobic lactic, and anaerobic alactic energy distribution (PCr-LA-O2) for energetic profiling of 
continuous and intermittent exercise. Int J Sports Physiol Perform (2022) 17(11):1642-1648. doi: 
10.1123/ijspp.2022-0115 

56. Fuchs P, Luteberget LS, Fuchs PX, Wagner H. Comparative analysis of the indirect calorimetry 
and the metabolic power method to calculate energy expenditure in team handball. Appl Sci 
(2022) 12(1):163.  

57. Ulupinar S, Ozbay S, Gencoglu C, Franchini E, Kishali NF, Ince I. Effects of sprint distance and 
repetition number on energy system contributions in soccer players. J Exerc Sci Fit (2021) 
19(3):182-188. doi: 10.1016/j.jesf.2021.03.003 

58. Xu F, Rhodes EC. Oxygen uptake kinetics during exercise. Sports Med (1999) 27(5):313-327. 
doi: 10.2165/00007256-199927050-00003 

59. Spencer M, Bishop D, Dawson B, Goodman C. Physiological and metabolic responses of 
repeated-sprint activities:specific to field-based team sports. Sports Med (2005) 35(12):1025-
1044. doi: 10.2165/00007256-200535120-00003 

60. Nedelec M, McCall A, Carling C, Legall F, Berthoin S, Dupont G. The influence of soccer playing 
actions on the recovery kinetics after a soccer match. J Strength Cond Res (2014) 28(6):1517-
1523. doi: 10.1519/JSC.0000000000000293 

61. Tomlin DL, Wenger HA. The relationship between aerobic fitness and recovery from high intensity 
intermittent exercise. Sports Med (2001) 31(1):1-11. doi: 10.2165/00007256-200131010-00001 

62. Nakayama A, Iwata T, Sakuma H, Kashino K, Tomoike H. Predicting heart rate at the anaerobic 
threshold using a machine learning model based on a large-scale population dataset. J Clin Med 
(2024) 14(1). doi: 10.3390/jcm14010021 

63. Schaun GZ. The maximal oxygen uptake verification phase: a light at the end of the tunnel? 
Sports Med Open (2017) 3(1):44. doi: 10.1186/s40798-017-0112-1 

64. Gastin PB. Energy system interaction and relative contribution during maximal exercise. Sports 
Med (2001) 31(10):725-741. doi: 10.2165/00007256-200131100-00003 

65. Özyener F, Rossiter HB, Ward SA, Whipp BJ. Influence of exercise intensity on the on- and off-
transient kinetics of pulmonary oxygen uptake in humans. J Physiol (2001) 533(Pt 3):891-902. 
doi: 10.1111/j.1469-7793.2001.t01-1-00891.x 



Publication 2 – Validation of the metabolic power model during three intermittent 

running-based exercises with emphasis on aerobic and anaerobic energy supply 

 

 95 

66. Morton RH, Stannard SR, Kay B. Low reproducibility of many lactate markers during incremental 
cycle exercise. Br J Sports Med (2012) 46(1):64-69. doi: 10.1136/bjsm.2010.076380 

67. Hill DW, Mihalek JM. Calculation of a conversion factor for estimating the glycolytic contribution 
in exercise from post-exercise blood lactate concentration. Front Physiol (2023) 14:1283327. doi: 
10.3389/fphys.2023.1283327 

68.    Girard O, Mendez-Villanueva A, Bishop D. Repeated-sprint ability - part I: factors  contributing to  

           fatigue. Sports Med (2011) 41(8):673-694. doi: 10.2165/11590550-000000000-00000 

 



Publication 3 – Optimization of a tracking-based approach for calculating energy 

expenditure and aerobic-anaerobic supplies during intermittent running: improved 

simulation of oxygen uptake within the metabolic power model 

 

 96 

Publication 3 – Optimization of a tracking-based approach 
for calculating energy expenditure and aerobic-anaerobic 
supplies during intermittent running: improved simula-
tion of oxygen uptake within the metabolic power model 

Joana Brochhagen 1, Tjorven Schnack 2,3, Christian Baumgart 4, Matthias W. Hoppe 1 

 
1 Exercise Science, Institute of Sport Science and Motology, Marburg University, Mar-

burg, Germany 
2 Department of Sport and Human Movement Science, Centre for Sport Science and 

University Sports, University of Vienna, Vienna, Austria 
3 Vienna Doctoral School of Pharmaceutical, Nutritional and Sport Sciences, University 

of Vienna, Vienna, Austria 
4 Department of Movement and Training Science, University of Wuppertal, Wuppertal, 

Germany 

 

Sensors 2025, Volume 25, Issue 24, Pages 7568 

Impact factor: 3.5 

Abstract 

In intermittent sports, tracking technologies are commonly used to monitor external 

and internal loads. The metabolic power model solely uses speed and acceleration 

data to simulate metabolic power, oxygen uptake, energy expenditure, and aerobic-

anaerobic supplies. This study aimed to improve the simulation of oxygen uptake within 

the metabolic power model, thereby increasing its validity to estimate metabolic loads 

during intermittent running. Twelve male athletes (24 ± 3 years) performed different 

intermittent running-based exercises. These data were previously collected and used 

for secondary analysis within this study. The simulation of oxygen uptake was opti-

mized by different approaches: (i) formerly detected bias (Offset model), (ii) data-driven 
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modeling using differential evolution (Mongin model), and (iii) correction of the aerobic 

supply calculation. The simulations were compared to the measured oxygen uptake 

via a portable respiratory gas analyzer and the resulting metabolic loads to those de-

rived by the established 3-component model. For statistical analysis, one-way re-

peated measures ANOVA or Friedman test with corresponding effect sizes were ap-

plied. Overall, the Mongin model demonstrated the best predictive accuracy 

(MAE = 4.99 ± 1.12 mL/min/kg) compared to measured oxygen uptake and, combined 

with the corrected calculation, total energy expenditure and aerobic supply did not sig-

nificantly differ to the standard (p ≥ .056, trivial to large effect sizes). In conclusion, our 

optimizations reduce discrepancies of the tracking-based metabolic power model re-

garding total energy expenditure and aerobic supply compared to the established 3-

component model. 

 

Highlights: 

What are the main findings? 

• Optimization of the simulated oxygen uptake alone still resulted in both large 

overestimations and underestimations of total energy expenditure and aerobic–

anaerobic energy supplies. 

• Only when combined with the corrected calculation of the aerobic energy sup-

ply, no statistically significant differences were found for total energy expendi-

ture and aerobic supply, except during repeated sprints. 

What is the implication of the main finding? 

• The anaerobic energy supply is still largely overestimated, thus the calculation 

of the metabolic power itself should be reconsidered. 

• Even more precise results concerning the distinction between aerobic–anaero-

bic energy supplies could be achieved by including physiological data, namely 

heart rate, into the simulation of oxygen uptake. 
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Introduction 

The monitoring of external and internal loads during the entire training process is fun-

damental for optimizing adaptation processes in intermittent sports [1, 2]. Over the last 

decades, access to external loads such as speed and acceleration during training and 

competition has become standard by tracking technologies, e.g., global and local po-

sitioning systems [3, 4]. Of note, such technologies also allow to estimate internal loads 

with respect to energy metabolism, which usually requires invasive capillary blood 

techniques and non-practical respiratory gas analyses [5]. One mathematical approach 

using these advances is the metabolic power model. The model calculates metabolic 

loads, i.e., energy expenditure and aerobic-anaerobic supplies, using only speed and 

acceleration data via an equivalent slope approach of acceleration and energy costs 

[5, 6]. Even though the potential of the metabolic power model is promising, its validity 

for intermittent running is still debatable [7]. 

Past validation studies showed that the metabolic power model underestimates the 

energy expenditure in intermittent activities when compared to measured oxygen up-

take during team-sport-specific circuits by up to 52% [8-10]. However, in addition to 

different running exercises, these circuits also included activities such as collisions [9], 

ball handling [8], or running backward or sideways [9], which cannot be registered by 

the metabolic power model. Importantly, intermittent activities are characterized by 

passive breaks, which the mentioned studies also included in their calculations. The 

metabolic power model, however, relies on speed and acceleration data, which cannot 

be generated during these breaks, whereas oxygen uptake is still elevated [5]. Further-

more, measuring oxygen uptake only provides the aerobic energy supply, whereas 

both aerobic and anaerobic energy supplies are given by the metabolic power model. 

The distinction between both energy supply pathways is based on the simulation of 

oxygen uptake in relation to metabolic power within the model [11]. A recent, more 
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thorough validation study [12] took these flaws into account by comparing aerobic–

anaerobic energy supplies provided by the metabolic power model to those calculated 

by an established comparative standard, which is the 3-component model, also known 

as the PCr-La-O2 model [13], during different running-based exercises. This study re-

vealed that the simulated oxygen uptake by the metabolic power model shows verti-

cally shifted and non-physiological time courses compared to the measured oxygen 

uptake, resulting in largely underestimated aerobic and simultaneously largely overes-

timated anaerobic energy supply by the model. Thus, and due to its potential in the 

field of exercise science and physiology, an optimization of the tracking-based meta-

bolic power model is warranted. 

In fact, to obtain a more physiological and valid view on the energy expenditure and 

distribution of aerobic-anaerobic energy supplies in intermittent sports by the metabolic 

power model, there is a need to optimize, in particular, the simulated oxygen uptake. 

For this, different approaches can be implemented. First, the detected vertical shift [12] 

can be taken into account by correcting the simulated oxygen uptake by the Δ oxygen 

uptake per minute gathered through the comparison to the measured oxygen uptake. 

This way, however, the general time course of the simulated oxygen uptake remains 

unchanged. Since this time course was considered un-physiological [12], another ap-

proach may be a completely new simulation of oxygen uptake. This can be achieved 

by, e.g., machine learning, which has been shown by previous studies [14, 15]. Lastly, 

the calculation of the aerobic energy supply, also impacting the calculation basis of the 

anaerobic contribution, needs to be reconsidered. In this context, it is worth mentioning 

that the metabolic power model was originally designed for calculating the energy ex-

penditure of running only [6, 16], but may have to be corrected when taking that of the 

whole body, as indicated by capillary blood lactate or respiratory gas measures, into 

account. 

This study aimed to improve the simulation of oxygen uptake within the metabolic 

power model, thereby increasing the validity of the model to estimate energy expendi-

ture and aerobic–anaerobic supplies during intermittent running. 
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Methods 

Study design 

The data collection for this study was already completed as part of a former validation 

study [12]. That study explains the following methodological procedures in more detail. 

The validation study compared the energy supplies and total energy expenditure pro-

vided by the metabolic power model and the 3-component model during three intermit-

tent running-based exercises. The present study employed a secondary analysis of 

the previously published datasets to implement innovative optimization procedures to 

improve the simulation of oxygen uptake within the metabolic power model, thereby 

increasing its validity in estimating metabolic loads during intermittent running. Conse-

quently, there is no duplication of the already published data. 

Briefly, to optimize the metabolic power model, all measurements were performed out-

doors on a regular tartan track on four days separated by one week each. On the first 

day, resting oxygen uptake was determined by measuring oxygen uptake in a seated 

position for 10 min [17]. Then, to validly and reliably measure maximum oxygen uptake 

in a sport-specific manner [18, 19], an interval shuttle run test (ISRT) was performed 

as described before until individual exhaustion [19]. The measured maximum oxygen 

uptake was later used as a cut-off for the simulation of oxygen uptake during intermit-

tent running. On the second, third, and fourth day, three running-based exercises, in-

tended to primarily stress either the aerobic, anaerobic alactic, or anaerobic lactic en-

ergy supply, were performed in a randomized order using a Latin square counterbal-

ancing design. The exercises were preceded by a 10-min standardized warm-up and 

were as follows: (i) continuous shuttle runs, 20 + 20 m at 8 km/h for 10 min; (ii) repeated 

accelerations, 6 × 5 + 5 m with 180° change of direction with 2-min recoveries between 

accelerations; and (iii) repeated sprints, 3 × 4 × 20 + 20 m with 180° change of direction 

with 20-s recoveries between sprints and 3-min recoveries between sets. During the 

ISRT and three exercises, oxygen uptake was measured breath-by-breath by a porta-

ble respiratory gas analyzer (Cortex Medical, MetaMax 3B, Leipzig, Germany) until 
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seven minutes post-exercise and resting oxygen uptake was subtracted. Capillary 

blood lactate was also captured until seven minutes post-exercise and analyzed by an 

electro-enzymatic analyzer (EKF-diagnostics, Biosen C_line Sport, Cardiff, UK). Re-

garding the three running-based exercises, the metabolic power model and the 3-com-

ponent model were applied simultaneously. For the former, the necessary data – 

namely speed and acceleration – was collected by a 20 Hz global positioning system 

(exelio srl, GPEXE LT, Udine, Italy). Thereby, simulated and measured oxygen uptake, 

as well as total energy expenditure, aerobic, and anaerobic energy supplies were pro-

vided, as described in detail before [11, 13]. Regarding the optimization approaches 

described below, the simulations of oxygen uptake were compared to the measured 

oxygen uptake via the portable respiratory gas analyzer and the resulting metabolic 

loads to those derived by the 3-component model. The relative error of the used port-

able respiratory gas analyzer, reliability (CV) of the lactate analyzer, and typical error 

of the global positioning system for speed and acceleration measures are reported as 

1.6% [20], 1.3% [21], 2.3%, and 5.6% [22], respectively. 

Participants 

Twelve male athletes (24 ± 3 years; 185.0 ± 9.1 cm; 81.2 ± 11.1 kg) participated. The 

sample size was chosen based on previous similar validation studies including 10 to 

14 participants [9, 10, 23, 24]. All participants were sports students from the local uni-

versity. Inclusion criteria were males with an age of 18 to 30, who participated three to 

four times per week in an intermittent team sport. Exclusion criteria were acute or 

chronic diseases and injuries speaking against maximum testing. All participants 

signed a written informed consent. The study was approved by the Ethics Committee 

of Leipzig University (2202.02.23_eb136) and conducted in accordance with the Dec-

laration of Helsinki. 
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Metabolic power model 

The used global positioning system provided the speed and acceleration data to cal-

culate metabolic power (equations 11 and 12) and subsequently simulate net oxygen 

uptake (equation 13) with the following equations [5, 11]: 

𝐸𝐶 = (155.4𝐸𝑆# − 30.4𝐸𝑆$ − 43.3𝐸𝑆% + 46.3𝐸𝑆& + 19.5𝐸𝑆 + 3.6) ∙ 𝐸𝑀 (11) 

𝑃 = 𝐸𝐶 ∙ 𝑣            (12) 

𝑉̇𝑂&𝑇'()) = ?𝐸̇' − 𝑉̇𝑂&𝑇'(+)@ ∙ A1 − 𝑒
,!"C + 𝑉̇𝑂&𝑇(+)       (13) 

, where EC is the energy cost, ES is the equivalent slope, 3.6 is the relative energy 

cost for running at constant speed, EM is the equivalent mass, P is the metabolic power 

in W/kg, v is the speed, 𝑉̇𝑂&𝑇'()) is the theoretical oxygen uptake at time t, 𝑉̇𝑂&𝑇'(+) is 

the theoretical oxygen uptake at the respective onset of each interval, 𝐸̇ is the meta-

bolic power in equivalent oxygen uptake units, and 𝜏 is a time constant. To prevent the 

simulated oxygen uptake from rising to unphysiologically high levels, the net maximum 

oxygen uptake measured during the ISRT was used as a cut-off. The model assumes 

that the aerobic energy supply is the time integral below the course of the simulated 

oxygen uptake or the course of the metabolic power, if it is below the course of the 

simulated oxygen uptake. The anaerobic supply is defined as the time integral below 

the course of the metabolic power, but above the simulated oxygen uptake [11]. 

3-component model 

The 3-component model distinguishes between aerobic, anaerobic alactic, and anaer-

obic lactic energy supply. The calculations were carried out as described before [13]. 

Briefly, for the net aerobic energy supply, the resting oxygen uptake, adjusted for the 

duration of the exercise, was subtracted from the measured oxygen uptake during the 

exercise [13, 17]. For the anaerobic alactic energy supply, oxygen uptake was meas-

ured for an additional 7 min after each exercise [17]. Then, the alactic energy supply 
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was calculated from the excess post-exercise oxygen consumption, which was fitted 

by a bi-exponential function and cut-off at 2 𝜏- to account for the fast component. 

Again, resting oxygen uptake was subtracted from the oxygen uptake during the fast 

component [13, 17]. The anaerobic lactic energy supply was determined by the Δ lac-

tate for which capillary blood samples were taken from the earlobe before and during 

the 1st, 3rd, 5th, and 7th minute after each exercise. Then, resting lactate was subtracted 

from the highest post-exercise lactate. For the lactic energy supply, 1 mmol/L was con-

sidered equivalent to 3 mL O2/kg [17, 25]. 

Optimization approaches 

The optimization of the metabolic power model regarding the simulation of the oxygen 

uptake, and thus aerobic and anaerobic energy contributions, was conducted by three 

different approaches. 

First, based on the former validation study [12], the discrepancies of the time courses 

between measured and simulated oxygen uptake were taken into account. The mean 

systematic bias of the accumulated oxygen uptake across all participants and all run-

ning-based exercises was .49 L/min. Therefore, the oxygen uptake simulated by the 

metabolic power model was initially optimized by exactly this measured offset for each 

participant and exercise (Offset model). 

Second, a more data-driven approach was considered (Mongin model). It has been 

shown that the relationship between mechanical power and oxygen uptake can be 

modeled by the following equation [26]: 

𝑉̇𝑂&" (𝑡) =
.
/
	 ⋅ 𝑃(𝑡) − 0̇2&()),0̇2&'

/
      (14) 

, where 𝑉̇𝑂&(𝑡) is the oxygen uptake over time,	𝑉̇𝑂&" (𝑡) is its time derivative, 𝑉̇𝑂&+ is the 

oxygen uptake at rest, K is the proportionality between power and oxygen uptake, 𝜏 is 

the time constant, and P(t) is the produced power. For this study, the metabolic power, 

instead of the mechanical power, was used. Since equation 14 is a differential equa-

tion, it was solved numerically for 𝑉̇𝑂&(𝑡) using the SciPy implementation of the Runge-
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Kutta-Fehlberg method RK45 [27, 28]. Differential evolution was used as an optimiza-

tion algorithm to fit 𝑉̇𝑂&(𝑡), K, and 𝜏 to given pairs of power and oxygen uptake [28, 

29]. The control variables of this algorithm were the number of iterations and population 

size, which were set to 200 and 20, respectively. These values were considered to be 

adequate, as higher values did not lead to better results. The goodness of fit was quan-

tified using the coefficient of determination R2. To prevent overfitting, the prediction 

accuracy was assessed in a leave-one-out cross-validation procedure at participant-

level: using differential evolution, the optimal values for 𝑉̇𝑂&(𝑡), K, and 𝜏 were found 

for the data of all but one participant. Then, these parameter values were employed in 

equation 14 to estimate the oxygen uptake of the leftover participant. This process was 

repeated for each participant. Overall values for 𝑉̇𝑂&(𝑡), K, and 𝜏 were 0.51 ± 0.03 

L/min, 0.21 ± 0.01 (L/min)/(W/kg), and 664.2 ± 35.1 s, respectively. 

Lastly, and on top of the two former optimization approaches, the calculation of the 

aerobic energy supply itself was considered. In contrast to the metabolic power 

model’s assumptions, the complete integral below the course of the simulated oxygen 

uptake— independent of the time course of metabolic power—was considered (cor-

rected aerobic calculation) (Figure 12). This was due to the original assumption that 

the model’s calculations may not be appropriate for estimating the overall energy ex-

penditure of exercises (i.e., of the whole body) but rather that of running only, which 

may not be conclusive enough for training and match analyses [12]. 
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Figure 12. Calculation of the aerobic and anaerobic energy supply by the metabolic power model dis-
playing the corrected aerobic calculation (original + added proportions). 

Statistical analysis 

Initially, to quantify prediction accuracy of the simulated oxygen uptake to the meas-

ured oxygen uptake, root mean square errors (RMSEs) and mean absolute errors 

(MAEs) were calculated. For further statistical analysis, data of the energy expenditure 

and supplies for each running-based exercise were expressed as means ± standard 

deviations. Normal distribution and variance homogeneity were assessed using 

Shapiro-Wilk’s and Levene’s test, respectively. Statistical significance was set to p < 

.05. If both normality and variance homogeneity were given, one-way repeated 

measures ANOVA was applied; or else, the Friedman test was used to compare global 

differences in means. This was decided for each variable individually. Global effect 

sizes were calculated accordingly, either as generalized eta-squared or Kendall’s W 

and interpreted as small (≥ .01; < .3), moderate (≥ .059; < .5), or large (≥ .138; ≥ .5), 

respectively. Post hoc pairwise comparisons in means were conducted using t-tests or 
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Wilcoxon tests, depending on the normal distribution and variance homogeneity, with 

Bonferroni correction applied. Pairwise effect sizes were expressed as Cohen’s d and 

interpreted as trivial (< .2), small (≥ .2), moderate (≥ .5), or large (≥ .8). 

Results 

Simulation of oxygen uptake compared to measured oxygen uptake 

Table 10 displays the prediction accuracy of the simulated oxygen uptake by the met-

abolic power model as well as by the optimized Offset and Mongin model compared to 

the measured oxygen uptake. For the continuous shuttle runs, the Offset model had 

the lowest RMSE (4.19 ± 1.82 mL/min/kg) and MAE (3.60 + 1.92 mL/min/kg). For the 

repeated accelerations, the Offset and Mongin model achieved similar results with 

RMSEs of 4.71 ± 0.98 and 4.71 ± 1.04 mL/min/kg and MAEs of 3.82 ± 0.76 and 3.88 

± 0.83 mL/min/kg. For the repeated sprints, the Mongin model showed the lowest 

RMSE (8.37 ± 1.71 mL/min/kg) and MAE (6.58 ± 1.65 mL/min/kg). For the overall as-

sessment, the Mongin model performed best with an RMSE of 6.05 ± 1.10 and MAE 

of 4.99 ± 1.12 mL/min/kg. For visualization, Figure 13 shows examples of the meas-

ured and three simulated oxygen uptake curves (metabolic power vs. Offset vs. Mongin 

model) for two randomly selected participants performing the three running-based ex-

ercises.
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Table 10. Prediction accuracy of the simulated oxygen uptake by the metabolic power model, the optimized Offset, and Mongin model compared to the measured 
oxygen uptake. 

Exercise 

MPM 
mean ± SD 

Offset 
mean ± SD 

Mongin 
mean ± SD 

RMSE 
(mL/min/kg) 

MAE 
(mL/min/kg) 

RMSE 
(mL/min/kg) 

MAE 
(mL/min/kg) 

RMSE 
(mL/min/kg) 

MAE 
(mL/min/kg) 

Continuous shuttle runs 5.42 ± 2.59 4.87 ± 2.71 4.19 ± 1.82 3.60 ± 1.92 5.05 ± 2.30 4.51 ± 2.42 
Repeated accelerations with COD 6.91 ± 1.54 5.88 ± 1.48 4.71 ± 0.98 3.82 ± 0.76 4.71 ± 1.04 3.88 ± 0.83 
Repeated sprints with COD 13.49 ± 1.08 11.71 ± 0.91 10.24 ± 0.92 8.32 ± 0.77 8.37 ± 1.71 6.58 ± 1.65 
Overall 8.61 ± 1.13 7.49 ± 1.13 6.38 ± 0.70 5.25 ± 0.70 6.05 ± 1.10 4.99 ± 1.12 
Means and standard deviations are shown. COD = change of direction; MAE = mean absolute error; MPM = metabolic power model; RMSE = root mean 
square error. 
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Figure 13. Sample courses of the measured oxygen uptake compared to the simulated oxygen uptakes by the metabolic power, Offset, and Mongin model. 
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Simulation of energy expenditure and aerobic supplies compared to those derived by 

the 3-component model 

Table 11 presents the differences in total energy expenditure and aerobic–anaerobic 

supplies during the three running-based exercises of the 3-component and original 

metabolic power model as well as optimized Offset and Mongin model. The corrected 

calculations regarding aerobic energy supply within the metabolic power model are 

also included. For the continuous shuttle runs, there were no statistically significant 

differences for the corrected aerobic supply and corrected total energy expenditure 

between the 3-component model and both the Offset and Mongin model (p ≥ .840; 

trivial to moderate), as well as the 3-component model and all three metabolic power, 

Offset, and Mongin model (p ≥ .067; small to large), respectively. For the repeated 

accelerations, there were no statistically significant differences between the corrected 

aerobic supply and the corrected total energy expenditure between the 3-component 

and both Offset and Mongin model (p ≥ .097; trivial to moderate). For the overall per-

spective, there were no statistically significant differences for the corrected aerobic 

supply and corrected total energy expenditure between the 3-component and both Off-

set and Mongin model (p ≥ .056; small to large), as well as the 3-component and Mon-

gin model (p = .384; moderate), respectively. All other variables showed statistically 

significant differences (p ≤ .040; small to large). Additionally, Figure 14 shows the rel-

ative energy supplies concerning the overall perspective for the 3-component and met-

abolic power model, as well as the Offset and Mongin model, including the corrected 

aerobic calculation.
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Table 11. Differences in total energy expenditure and energy supplies of the three running-based exercises using the 3-component and metabolic power model 
as well as the optimized Offset and Mongin model. 

Exercise Variables 3-CM 
mean ± SD 

MPM 
mean ± SD 

Offset 
mean ± SD 

Mongin 
mean ± SD 

Global 
p-value 

3-CM vs. 
MPM 

3-CM vs. 
Offset 

3-CM vs. 
Mongin 

Co
nt

in
uo

us
 

sh
ut

tle
 ru

ns
 WANA (kJ)b 5.6 ± 2.1 92.1 ± 16.0 46.8 ± 13.3 72.0 ± 42.7 <.001large .003large .003large .003large 

WAER (kJ)a 483.0 ± 75.7 313.0 ± 59.4 258.2 ± 63.4 333.0 ± 44.6 <.001large <.001large <.001large <.001large 
WAER_COR (kJ)a  390.7 ± 71.4 489.2 ± 71.3 442.1 ± 42.1 <.001large <.001large 1.000trivial .840moderate 
WTOT (kJ)a 488.7 ± 76.1 405.1 ± 74.0 405.1 ± 74.0 405.1 ± 74.0 <.001large .002large .002large .002large 
WTOT_COR (kJ)a  482.7 ± 86.5 536.0 ± 82.7 514.1 ± 60.3 .009small 1.000large .067moderate 1.000small 

Re
pe

at
ed

  
ac

ce
le

ra
tio

ns
 

wi
th

 C
O

D
 

WANA (kJ)b 4.6 ± 1.9 46.8 ± 10.5 40.2 ± 9.8 43.4 ± 11.8 <.001large .003large .003large .003large 
WAER (kJ)a 188.8 ± 61.8 40.1 ± 14.3 46.8 ± 15.1 43.6 ± 13.3 <.001large .003large .003large .003large 
WAER_COR (kJ)a  84.1 ± 24.2 185.8 ± 23.8 177.1 ± 13.8 <.001large .003large 1.000trivial 1.000small 
WTOT (kJ)a 193.4 ± 63.3 86.9 ± 23.9 86.9 ± 23.9 86.9 ± 23.9 <.001large .003large .003large .003large 
WTOT_COR (kJ)a  130.9 ± 34.3 226.0 ± 33.2 220.5 ± 22.8 <.001large .003large .097moderate .463moderate 

Re
pe

at
ed

 
sp

rin
ts

 w
ith

   
 

CO
D 

WANA (kJ)a 68.3 ± 14.7 218.6 ± 38.7 202.7 ± 38.5 223.0 ± 49.9 <.001large .003large .003large .003large 
WAER (kJ)b 518.3 ± 64.7 144.7 ± 25.1 160.6 ± 25.5 140.3 ± 14.6 <.001large .003large .003large .003large 
WAER_COR (kJ)a  331.2 ± 52.1 435.5 ± 51.9 400.8 ± 24.5 <.001large <.001large <.001large <.001large 
WTOT (kJ)a 586.6 ± 74.2 363.3 ± 61.6 363.3 ± 61.6 363.3 ± 61.6 <.001large <.001large <.001large <.001large 
WTOT_COR (kJ)a  549.8 ± 89.7 638.2 ± 89.1 623.8 ± 59.3 <.001large .027 small .002moderate .040moderate 
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Table 11. (continued) 

Exercise Variables 3-CM 
mean ± SD 

MPM 
mean ± SD 

Offset 
mean ± SD 

Mongin 
mean ± SD 

Global 
p-value 

3-CM vs. 
MPM 

3-CM vs. 
Offset 

3-CM vs. 
Mongin 

O
ve

ra
ll 

WANA (kJ)b 78.5 ± 16.8 357.5 ± 59.3 289.7 ± 56.3 338.4 ± 100.0 <.001large .003 large .003 large .003 large 
WAER (kJ)b 1190.2 ± 185.9 497.8 ± 91.2 565.6 ± 95.7 516.9 ± 60.6 <.001large .003 large .003 large .003 large 
WAER_COR (kJ)b  806.0 ± 138.0 1110.6 ± 137.5 1020.0 ± 63.3 <.001large .003 large .056 small .126 large 
WTOT (kJ)b 1268.7 ± 196.5 855.3 ± 148.0 855.3 ± 148.0 855.3 ± 148.0 <.001large .003 large .003 large .003 large 
WTOT_COR (kJ)b  1163.5 ± 195.8 1400.3 ± 191.3 1358.4 ± 123.2 <.001large .006moderate .006moderate .384moderate 

Means, standard deviations, p-values, and interpretations of effect sizes (superscripted) are shown. 3-CM = 3-componenten model; COD = change of direc-
tion; MPM = metabolic power model; WAER = aerobic energy supply; WAER_COR = corrected aerobic calculation; WANA = anaerobic energy supply; WTOT = 
total energy expenditure; WTOT_COR = total energy expenditure with WAER_COR. aanalyzed by one-way repeated measures ANOVA and t-test. banalyzed by 
Friedman and Wilcoxon test. 
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Figure 14. Relative aerobic and anaerobic energy supplies of the 3-component, metabolic power, Off-
set, and Mongin model for the overall assessment (n=12). 3-CM = 3-component model; COR = 
corrected aerobic calculation; MPM = metabolic power model. 

Discussion 

This study aimed to improve the simulation of oxygen uptake within the tracking-based 

metabolic power model, thereby increasing the validity of the model to estimate energy 

expenditure and aerobic-anaerobic supplies during intermittent running. The main find-

ings were that (i) the two optimization approaches show better prediction accuracies 

of the simulated oxygen uptake compared to the original metabolic power model, but 

(ii) continue to largely underestimate or overestimate energy supplies; however, (iii) 

when combined with the modified interpretation of the calculation of aerobic energy 

supply, there were no longer statistically significant differences in aerobic energy sup-

plies and total energy expenditures during the continuous shuttle runs, repeated 
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accelerations, and overall assessment for the Mongin model, whereas anaerobic en-

ergy supplies still remain overestimated. 

Regarding our first main finding, the quantification of the prediction accuracy for the 

simulation of oxygen uptake showed better results for the two optimization approaches 

than for the original metabolic power model (Table 10). For the overall assessment, 

the Mongin model achieved the best results with an MAE of 4.99 ± 1.12 mL/min/kg, 

performing better than the Offset model and the metabolic power model with 5.25 ± 

0.70 and 7.49 ± 1.13 mL/min/kg, respectively. One of only two available previous stud-

ies using machine learning approaches considered heart and breathing rate, as well 

as speed and acceleration data, as inputs for deep learning models to simulate oxygen 

uptake, showing a best MAE of 3.70 mL/min/kg [15]. This result is comparable to the 

MAEs of our Offset model with 3.60 ± 1.92 and 3.82 ± 0.76 mL/min/kg for the continu-

ous shuttle runs and repeated accelerations, respectively. Sheridan et al. [15] had their 

participants perform an intermittent team sport-specific circuit including walking, jog-

ging, sprinting, changes of direction, jumps, and tackles lasting 45 s with a 15 s break, 

which was repeated five times. In contrast, the running-based exercises of the present 

study solely focused on running activities without jumps or tackles due to the inability 

of the metabolic power model to track those activities. Therefore, a direct comparison 

to the overall assessment of the three running-based exercises would be more fitting, 

showing that the results by Sheridan et al. [15] outperformed the Mongin model. How-

ever, in this context, it is important to notice that Sheridan et al. [15] not only used 

speed and acceleration as in our study, but also physiological data, namely heart and 

breathing rate, to simulate oxygen uptake. This may be a reason for the discrepancies 

between both outcomes. In another study, participants were tested for steady state 

conditions at four different walking and running speeds for three minutes each [14]. 

Oxygen uptake was measured by a portable gas analyzer and simulated by machine 

learning models using heart rate, step speed, and step duration data as input. When 

only using heart rate, the MAE was 2.52 mL/min/kg and combined with speed and 

acceleration data, it was 1.36 mL/min/kg, showing better results than the study by 
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Sheridan et al. [15]. However, the discrepancies may be due to the consistent speed 

and non-intermittent character of the tests. Nevertheless, both studies showed better 

results when not only mechanical but also physiological data were included, which is 

not possible using the metabolic power model alone. Therefore, better results concern-

ing the simulation of oxygen uptake may be achieved if biosignals, e.g., the heart rate, 

were also taken into account. The implementation into practice would be easily acces-

sible as heart rate monitors are often worn alongside global or local positioning sys-

tems, especially during training. Thus, future studies should include heart rate data, 

which in turn can be helpful for a more precise distinction between energy supply path-

ways within the metabolic power model. 

Our second main finding showed that the optimization of the simulation of oxygen up-

take alone did not lead to significant improvements concerning the estimation of energy 

supplies (Table 11). For all comparisons and variables within each exercise, there were 

statistically significant differences (p ≤ .003) with large effect sizes. Still, Figure 13 

shows that the optimized approaches clearly follow more physiological time courses 

[30] compared to the metabolic power model, especially concerning the too steep de-

scends during the repeated accelerations and sprints. Nevertheless, a potential reduc-

tion in discrepancies is conceivable, especially when considering the previously dis-

cussed MAEs of the two optimized models. However, as the original metabolic power 

model assumes that the metabolic power reflects the total energy expenditure, a cor-

rection of the simulation of oxygen uptake can only lead to a redistribution of aerobic-

anaerobic energy supply. Even though this improves the relative distribution of sup-

plies (Figure 14), absolute total energy expenditure remains unchanged and thus 

largely underestimated (Table 11). Therefore, the calculation of the aerobic energy 

supply by the metabolic power model must be taken into account. 

In fact, the latter requirement is shown in our third main finding, where the aerobic 

energy supply is calculated based on the complete integral below the time course of 

the simulated oxygen uptake independent of the course of the metabolic power. This 

corrected calculation combined with the optimized simulations of oxygen uptake 
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(Offset and Mongin model) resulted in the differences in aerobic energy supply and 

total energy expenditure no longer being statistically significant (p ≥ .056; trivial to large 

effect sizes), with the exception of the repeated sprints (p ≤ .040; moderate to large 

effects sizes) and total energy expenditure in the overall assessment for the Offset 

model (p = .006; moderate effect size) (Table 11). In this regard, the Mongin model 

generally performed better than the Offset model. The optimization of the simulated 

oxygen uptake was an essential first step, as for the original simulation by the meta-

bolic power model, there were still statistically significant differences for all variables 

during all exercises (p ≤ .027; small to large effect sizes), with the exception of total 

energy expenditure during the continuous shuttle runs (p = 1.000; large effect size). 

Originally, the metabolic power model assumes the proportions below the time course 

of the simulated oxygen uptake while simultaneously being above the course of the 

metabolic power to serve as the oxygen debt paid and thus not being part of the aerobic 

energy supply [11]. However, as seen in Table 11, including that proportion into the 

calculation of the aerobic energy supply leads to more plausible results in comparison 

to the 3-component model. This indicates that, when estimating the overall energy ex-

penditure of an exercise (i.e., of the whole body) – not that of running only, for which 

the metabolic power model was originally developed [6, 16] – the corrected calculation 

is a clearly better fit. The improvements concerning the distribution of the aerobic and 

anaerobic energy supply in the overall assessment are also visible in Figure 14. Even 

though the percentage distribution of the aerobic and anaerobic energy supply sug-

gests that the Offset model is closer to that of the 3-component model, the absolute 

data is more decisive for validation purposes. However, even though our approaches 

lead to more valid results concerning the aerobic energy supply and thus total energy 

expenditure, the anaerobic energy supply is still largely overestimated compared to the 

3-component model – as particularly seen during the repeated sprints (Table 11, Fig-

ure 14). Since the metabolic power model defines the anaerobic energy supply by the 

time course of the metabolic power when above that of the simulated oxygen uptake, 

future studies should focus on the calculation of the metabolic power itself. Particularly 
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given that the calculations within the metabolic power model are based on the assump-

tion that the relative energy cost is independent of speed [5, 6, 16], which, however, 

cannot be generalized. The assumption was made for constant running, whereas the 

energy costs of shuttle running are up to 50% larger and increase with increasing 

speed [9], providing a further framework to optimize the entire metabolic power model. 

From a practical point of view, more research is required to clarify whether our ob-

served differences in kJ are practically meaningful in real-world load monitoring. 

Even though our study showed significant improvements concerning the discrepancies 

of the metabolic power model compared to the 3-component model, few limitations 

should be acknowledged. First, we only included twelve male intermittent team sport 

athletes during controlled conditions rather than in real match-play context. While the 

sample size may have had an impact on the statistical power, we applied a repeated 

measure design and collected 48 datasets, including ISRT, in total. Furthermore, our 

results cannot necessarily be applied to other subpopulations concerning different 

sexes, ages, and performance levels. This, however, is an opportunity for future stud-

ies to gain a broader understanding of different demographics. Second, we used the 

3-component model as an established comparative standard in exercise science which 

has its own limitations. While its reliability in calculating aerobic-anaerobic energy sup-

plies has been investigated (CV = 3.62-14.85%) [31], its validity is still being discussed. 

Regarding the aerobic and anaerobic alactic energy supply, both rely on the measure-

ments by metabolic carts. Depending on the used device, accuracy in measuring, e.g., 

oxygen uptake (1.1-13.3%) and total energy expenditure (0.59-12.1%), can vary sig-

nificantly [20]. The relative errors of the Metamax3B used in this study were 1.6% and 

2.3% for oxygen uptake and total energy expenditure, respectively [20]. Additionally, 

the anaerobic alactic supply is based on the fast component of the excess post-exer-

cise oxygen consumption. It is still questionable how the mathematical fitting of this 

phase should be conducted [32]. As for the anaerobic lactic supply, a lactate equivalent 

of 3 mL O2/kg is widely used and accepted but it is still not clear if its use is suitable for 

all individuals equally [25, 33]. Lastly, the metabolic power model depends on external 
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(mechanical) load measures to perform metabolic calculations. For this, valid meas-

urements of the necessary variables, namely speed and acceleration, need to be pro-

vided. Generally, global positioning systems with higher sampling rates perform better 

compared to those with lower sampling rates, but are still outperformed by radar or 

laser technologies for acceleration measures [22]. The typical errors for the GPEXE 

used in our study were reported as 2.3% for speed and up to 5.6% for acceleration 

measures [22], being within the error rates of common metabolic cart devices. 

Conclusions 

In conclusion, our results show that both optimization approaches in combination with 

the corrected calculation of the aerobic energy supply reduce discrepancies of the 

tracking-based metabolic power model for estimating energy expenditure and aerobic-

anaerobic supplies during intermittent running compared to the established 3-compo-

nent model. However, the anaerobic energy supply is still largely overestimated and 

should be treated with caution. Future research should further improve the model by 

integrating heart rate data and reconsidering the calculation of the metabolic power 

model itself, e.g., filtering techniques for speed and acceleration, equivalent slope ap-

proach, and energy cost of constant running. 
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Abbreviations: ISRT = interval shuttle run test; MAE = mean absolute error; RMSE = 

root mean square error. 
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The so-called “metabolic power model” has gained more interest for the investigation 

of metabolic loads such as energy expenditure and supplies in intermittent sports dur-

ing the last decade. Noteworthy is however, that the surface on which the particular 

sport is performed may have an influence on metabolic loads, which has not been fully 

considered in the model yet. Thus, and to allow for a potential optimization of the 

model, this study aimed to investigate three different surfaces regarding metabolic 

loads during continuous and intermittent running-based exercises. 8 trained male team 

sport athletes (22 ± 2 years; 23.3 ± 2.4 kg/m2) performed continuous shuttle runs (20 

+ 20 m at 8 km/h) and intermittent sprints (3 × 4 × 20 + 20 m at maximal effort) on 

grass, tartan, and parquet, in randomized order and separated by a week each. Both 

exercises lasted 10 minutes and intended to differently stress the aerobic-anaerobic 

energy supply. For metabolic loads, oxygen uptake and blood lactate were measured 

pre- and until 7 minutes post-exercise from which total energy expenditure as well as 

aerobic and anaerobic (alactic and lactic) energy supplies were calculated using the 

established PCr-La-O2 model. Additionally, sprint times, heart rate, and rating of per-

ceived exertion were measured. For statistical analysis, either a one-factor repeated 

ANOVA or Friedman test and corresponding effect sizes were computed. Large effect 

sizes (d ≥ .828) were found for anaerobic alactic energy supply between grass and 

parquet (p ≤ .050) as well as tartan and parquet (p ≤ .087) during shuttle runs and 
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sprints. Moderate effect sizes (d ≥ .633) were detected for anaerobic lactic energy sup-

ply between grass and tartan (p ≤ .195) during both exercises, and between grass and 

parquet (p = .181) during shuttle runs only. Up to small effect sizes (d ≤ .472) were 

observed for all other metabolic load data (p ≥ .100), including total energy expendi-

ture. Up to moderate effect sizes (d ≤ .642) were shown for the additionally measured 

sprint times, heart rate, and rating of perceived exertion (p ≥ .011). This study shows 

up to large metabolic differences between the three investigated surfaces, being pri-

marily present in the anaerobic energy supply. These findings might be helpful to opti-

mize the metabolic power model, requiring more research. 
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Abstract 

Indoor tracking systems of varying technological complexity are commonly used to 

quantify physical demands in team-handball. However, there is a lack of research con-

cerning IMU based tracking systems. Therefore, the aim of this study was to evaluate 

a recent IMU tracking system in team-handball. The evaluation steps included the ex-

amination of (i) the agreement between an established LPS+IMU and the IMU tracking 

system, (ii) the correlation structure of investigated variables, and (iii) differences be-

tween training drills using the IMU system. A total of 34 handball players from the fe-

male U18 and male U21 national teams of the German Handball Federation partici-

pated in the study. Three training sessions including seven training drills and one 
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simulated match were recorded using an established LPS+IMU and the recent IMU 

tracking system. Results showed that (i) the accumulated player load and time spent 

in the low speed zone presented substantial agreements (CCC > .95), (ii) the accumu-

lated player load was highly correlated with total distance and time spent in very low, 

low, and very high speed zones (r ≥ .61), and (iii) accumulated player loads were high-

est in training drills covering the entire court. In German junior female and male national 

handball players, the recent IMU tracking system only allowed a valid assessment of 

variables that were directly assessed by the measurement technology, i.e., the accu-

mulated player load. However, the player load indicated more the volume than the 

intensity of training and matches, which should be considered by coaches and scien-

tists when monitoring physical demands in junior handball players. 

 

Keywords: team sport games; inertial measurement unit; local positioning system; 

monitoring; training 

Introduction 

For an evaluation of new technologies in sports science under externally valid condi-

tions, knowledge of the respective sport is obligatory [1]. In this context, team handball 

is a physically and technically-tactically demanding contact sport [2]. It is characterized 

by the individual performance of players [3] and the overall tactical behavior of the 

team [2]. To design and optimize training drills and adaptation processes aimed at 

enhancing physical performance and preventing particularly overuse injuries in hand-

ball, it is essential to quantify the intensity and volume of key sport-specific activities 

such as running, jumping, throwing, rapid changes of direction, and physical contacts 

during training sessions and matches [3]. The quantification should enable coaches to 

compare competition and training demands and to distinguish between high-intensity 

phases of training drills based on running speed and acceleration. Indoor tracking sys-

tems are suitable for this purpose; although, they differ in their technological design 

and thus also in their provided variables [3-5]. 
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Local positioning systems (LPSs) combined with inertial measurement units (IMUs) are 

considered the state-of-the-art tracking technology in team handball [6]. The technol-

ogy allows the precise estimation of the player and the ball position from which instan-

taneous speed and acceleration can be calculated [6]. The integration of IMU data 

enables the quantification of additional metrics, such as the jump count, impacts, and 

the player load, which are not captured by the LPS alone. Moreover, these metrics can 

provide valuable insights in team handball by capturing position-specific events, such 

as the number of impacts sustained by pivots [3]. Since the 2019/2020 season, com-

bined LPS+IMU tracking systems have been permanently installed in all arenas of the 

first Handball division in Germany. Notably, the LPS+IMU tracking system requires the 

manual positioning of reference antennas and system calibration, which are time-con-

suming and require human resources that are often unavailable. This limitation hinders 

its practical use for training applications [7]. Alternatively, coaches and scientists can 

use recently developed IMU only tracking systems, which are more practical, have the 

same sensor size, and do not require antennas [8]. However, IMU tracking systems 

and their generated variables have been less frequently validated [9]. In team handball, 

the IMU technology is potentially appropriate to identify and quantify sport-specific 

movements such as throwing [10], jumping, and running activities [11]. Attempts have 

also been made to estimate horizontal acceleration [12] or instantaneous distance and 

running speed [13]. However, this remains challenging due to the inherent IMU sensor 

drift [9]. Usually, when using IMU tracking systems, the player load [14], the number of 

jumps [15], and also the number of high intensity events [16] are used to quantify phys-

ical demands in team handball. Literature regarding the validity of measuring jumps in 

handball using back-worn IMU technology is quite rare [17]. In contrast, the player load 

and its variations are well studied [18]. For instance, the player load, which reflects the 

accelerations of all axes measured by the IMU, shows moderate to high correlations 

with the RPE and the session RPE (r = .4 to .8) [19-22], high correlations with total 

distance covered (r = .7 to .98) [20, 23], increases with the number of collisions, and 

includes information on horizontal acceleration and deceleration (r2 = 5 to 10%) [24]. 
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Furthermore, the accumulated player load above 2G correlates with high metabolic 

load distance (r = .8) [25]. 

Current IMU tracking systems offer comparable variables (e.g., time spent in speed 

zones) to LSP+IMU tracking systems. However, they are rarely used in team handball, 

for example to compare different training exercises. In one study, semi-professional 

female handball players wore IMU sensors during different drills. It was found that a 

higher player load and a greater number of high intensity events (acceleration and 

change of direction events > 2.5 m/s) occurred during 3 vs. 3 compared to 6 vs. 6 drills 

[16]. Knowledge of the load during these drills could assist coaches in planning training 

sessions with appropriate intensity and volume. However, it can be noted that there is 

a lack of evaluation studies, particularly in relation to the speed and acceleration-re-

lated variables provided by IMU tracking systems [9] under external valid conditions. 

Therefore, the aim of this study was to evaluate a recent IMU tracking system for meas-

uring total distance, the accumulated player load, the number of high intensity accel-

erations, time spent in speed zones, and the number of jumps in German junior na-

tional handball players. The evaluation steps included the examination of (i) the agree-

ment between an established LPS+IMU and the IMU tracking system, (ii) the correla-

tion structure of investigated variables, and (iii) differences between training drills using 

the IMU tracking system. Considering the literature body provided, we hypothesized 

that the agreement between metrics measured by an IMU and an LPS+IMU tracking 

system would be heterogeneous. 

Methods 

Participants 

A total of 34 handball players from the female U18 (n = 19; age: 17 ± 0.7 years, body 

height: 175 ± 9 cm, body mass: 69 ± 10 kg) and male U21 (n = 15; age: 20 ± 0.4 years, 

body height: 190 ± 4 cm, body mass: 92 ± 9 kg) national teams of the German Handball 

Federation (DHB) participated in the study. According to McKay et al. [26], players 
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were classified as elite/international athletes (tier 4). Players were nominated on 02 

June 2022 by the respective national coaches of the DHB and recruited for the study 

between 22 and 29 June 2022. Legal guardians were informed by the DHB as part of 

the nomination process and gave their written consent for athletes to participate in the 

study and performance diagnostics. All players were informed of the study aim, the 

procedures, and provided written informed consent on the day of the study. Further-

more, all players had to be free of acute musculoskeletal injuries and infections. This 

study was conducted following the principles of the Declaration of Helsinki, and ap-

proved by the ethics committee of the Leipzig University, Leipzig, Germany (protocol 

code: 2022.06.09_eb_159; approval date: 21 June 2022). 

Experimental approach 

In total, data from three training sessions (U18 female: two sessions in June 2022 and 

U21 male: one session in January 2023) were collected. All sessions were conducted 

in an indoor sports hall with a standard handball court. Two training sessions consisted 

of seven different training drills and a standardized warm-up for both teams and were 

performed in the morning. An additional training session included a simulated match 

(2 x 30 min) for the U18 female team in the afternoon. The standardized warm-up was 

conducted according to the DHB guidelines [27] at the beginning of all training ses-

sions. All seven training drills had a match-based character with a 6-0 defense system 

and were conducted over eight minutes with two minutes of passive recovery in be-

tween to allow comparisons without time normalization. The training drills were part of 

the routine training practice [28] and varied in court size, the area played, the number 

of teams, the number of players per team, and the number of assisting players. The 

three training sessions were recorded using an established LPS+IMU (Kinexon Per-

form LPS) and a recent IMU (Kinexon Perform IMU) tracking system. For both systems, 

sensors were placed between the shoulder blades of players in a thigh-fitting elastic 

shirt from the manufacturer. The LPS+IMU sensor was placed above the IMU sensor 
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with the aim of minimizing the lever arm, which allowed simultaneous data recording 

and comparisons. 

LPS and IMU tracking systems 

The LPS+IMU tracking system (Kinexon Perform LPS, Version 4) collected 2D posi-

tional and 3D IMU (accelerometer, gyroscope, and magnetometer) data at 20 and 100 

Hz, respectively. To briefly explain the measurement principle, 12 antennas were po-

sitioned around the playing field connected to one base station. A sensor (30 x 40 x 7 

mm, 15 g) worn by athletes transmitted time signals via radio technology to the anten-

nas and via a wide local area network to the base station. The used technology had 

been described in detail elsewhere [29, 30] and shown acceptable validity and reliabil-

ity for distance covered, speed, and acceleration [6]. 

The IMU tracking system (Kinexon Perform IMU, 100 Hz, Version 4) collected 3D IMU 

(accelerometer, gyroscope, and magnetometer) data only, which were locally pro-

cessed via unknown algorithms by the manufacturer software to estimate distance cov-

ered along with time spent in particular speed zones [31]. The method to calculate the 

accumulated acceleration load had been described in detail elsewhere [15]. 

Training drills 

Figure 15 shows the seven training drills. Briefly, in the first drill (2 vs. 2+2), two attack-

ing players including a pivot played against two defending players on the half court (20 

x 20 m) in the small central area (7.60 and 6.45 m from the 6-m and the 9-m line to 

sidelines, respectively). The attacking team had two assisting players, serving as pass 

receivers and passers only. In the second (4 vs. 3+2) and the third training drill (4 vs. 

4+2), four attacking players including a pivot played against three or four defending 

players, respectively, on the half court in the large central area (4.00 and 1.80 m from 

the 6-m and the 9-m line to sidelines, respectively). In both training drills, the attacking 

team had two assisting players. In the fourth (4 vs. 3 vs. 3) and the fifth training drill (4 

vs. 4 vs. 4), four attacking players including a pivot played against three or four 
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defending players, respectively, on the full court (40 x 40 m) in the large central area. 

Both training drills were played with three teams, whereby after the end of an attack, 

the defending team was the new attacking team and played against the waiting de-

fending team on the other courtside. The former attacking team stayed on the same 

courtside and acted as a new waiting defending team. In terms of the 4 vs. 3 vs. 3 drill, 

pivots only played in the attacking team and were otherwise off the court behind the 

sideline. In the sixth (6 vs. 5) and the seventh training drill (6 vs. 6), six attacking players 

played against five or six defending players, respectively, on the half court. 
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Figure 15. The seven training drills with different numbers of players and sizes of the court. 
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Statistical analysis 

Statistics were done using R 4.3.0 and included three following steps of analysis: (i) 

the agreement between the LPS+IMU and the IMU tracking system, (ii) correlation 

structure of the investigated variables using LPS+IMU data, and (iii) differences among 

the seven training drills using the IMU tracking system. To investigate the agreement 

of both tracking technologies, the following variables were considered: (i) total distance 

covered, (ii) time spent in different speed zones (very low: < 4 km/h, low: 4 to < 10 

km/h, medium: 10 to < 16 km/h, high: 16 to < 22 km/h, and very high: ≥ 22 km/h), (iii) 

the accumulated player load, (iv) the number of high intensity accelerations (accumu-

lated player load ≥ 3.6 m/s2 for ≥ 1 s), and (v) the number of performed jumps. These 

variables were chosen, because they were provided by both systems and represented 

common speed- and acceleration-related characteristics used in team sports such as 

handball [3]. A detailed description of the variables can be found elsewhere [15]. The 

statistical agreement of the two tracking systems was quantified using the Lin's con-

cordance coefficient (CCC), which combines both precision and accuracy and provides 

a comprehensive assessment of the agreement [32]. Additionally, confidence intervals 

(95% CIs) for the paired mean differences and Cohen´s d were provided. Cohen´s d 

for paired means was interpreted as follows: |d| < .2 “negligible”, |d| < .5 “small”, |d| < 

.8 “medium”, and otherwise “large” [33]. Paired values were independently analyzed 

for the groups: the warm-up, training drills, and the simulated match. Outliers were 

defined as relative errors outside the lower (< .05) and the upper bound (> .95) of the 

sample probabilities. The CCC values were interpreted as follows: perfect (≥ .99), sub-

stantial (.95 to .99), moderate (.90 to .95), and low (≤ .90) [34]. To explore the correla-

tion structure of the investigated variables, LPS+IMU data of the three sessions were 

used. Moreover, we included two variables, i.e., the number of accelerations and the 

number of decelerations, which were not available in the IMU tracking system, to obtain 

additional information on training intensity. The Spearman’s rank correlation coefficient 

was calculated using the median at the subject level. Correlation coefficients were in-

terpreted as follows: very small (< .1), small (.1 to .3), moderate (.3 to .5), and large 
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(> .5) [33]. Subsequently, rows and columns of the correlation matrix were clustered 

(Ward’s method, hierarchical cluster) based on the similarity of their values [35]. The 

best number of clusters was determined by the silhouette method. Based on steps (i) 

and (ii), variables were chosen for analysis in terms of (iii) the aim, in which differences 

among the different training drills were examined using the IMU tracking system only. 

Data from assisting players in the training drills were excluded. To test the differences 

among the seven training drills, three linear mixed models with athletes as random 

effects were fitted and compared. Then, 95% CIs for all regressions models were com-

puted using a bootstrap approximation. 

Results 

Agreement of both tracking systems 

Table 12 summarizes the agreement between the LPS+IMU and IMU tracking systems 

during the warm-up, training drills, and the simulated match. There were no statistically 

significant differences for total distance (p = .10, d = .05), time spent in the high (p = 

.06, d = .12) and the very high speed zone (p = .13, d = .03), the accumulated player 

load (p = .21, d = -.03), and the number of high intensity accelerations (p = .13, d = 

.05). The CCC ranged from .23 to .96. A substantial agreement was found for time 

spent in the low-speed zone (CCC = .96) and the accumulated player load (CCC = 

.95). A moderate agreement was observed for total distance covered (CCC = .93) and 

the number of high-intensity accelerations (CCC = .92), while a low agreement was 

found for time spent in very low (CCC = .82), medium (CCC = .82), high (CCC = .72), 

and very high speed zones (CCC = .71), as well as the number of jumps (CCC = .23). 
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Table 12. Agreement of the LPS+IMU and IMU tracking systems for monitoring physical demands during the warm-up, training drills, and the simulated match. 

Variable n Obs. IMU 
mean ± SD 

LPS+IMU 
mean ± SD p-value Cohen’s 

d 
95% 

CImean difference 
CCC 95% 

CICCC 

Total distance covered (m) 18 148 744 ± 715 709 ± 689 .10 .05 −7.6 to 77.2 .93 .90 to .95 
Time spent in the very low (<4 km/h) 
speed zone (s) 13 109 671 ± 480 572 ± 375 < .001 .21 51.7 to 145.3 .82 .75 to .86 
Time spent in the low (4 to <10 km/h) 
speed zone (s) 13 109 211 ± 176 198 ± 171 <.01 .07 4.3 to 21.2 .96 .95 to .98 
Time spent in the medium (10 to <16 km/h) 
speed zone (s) 13 99 51 ± 69 62 ± 83 .01 −.13 −19.7 to −1.8 .82 .75 to .87 
Time spent in the high (16 to <22 km/h) 
speed zone (s) 13 97 16 ± 37 11 ± 22 .06 .12 −0.2 to 9.1 .72 .64 to .79 
Time spent in the very high (≥22 km/h) 
speed zone (s) 13 89 0.9 ± 4.8 0.4 ± 2.1 .13 .03 −0.1 to 1.0 .71 .69 to .73 

Accumulated player load (a.u.) 18 148 93 ± 82 96 ± 82 .21 −.03 −7.0 to 1.5 .95 .93 to .96 
Number of high intensity 
accelerations 18 141 12.3 ± 16.3 11.6 ± 13.9 .13 .05 −0.2 to 1.8 .92 .89 to .94 

Number of jumps 18 132 3.8 ± 3.3 7.8 ± 9.5 < .001 −.5 −5.5 to −2.5 .23 .14 to .31 
Variables without units are counts. a.u. = arbitrary units; CCC = Lin’s concordance coefficient; 95% CImean difference = confidence interval related to the estima-
tor; n = number of subjects; Obs. = number of observations; SD = standard deviation. 
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Correlation structure of investigated variables 

Figure 16 shows the ordered correlation matrix based on a cluster analysis using data 

from the LPS+IMU tracking system. Determining the best number of clusters resulted 

in a two-cluster solution. The variables were grouped based on similarity in their cor-

relations, using hierarchical clustering with the Ward’s method [35]. The first cluster 

consisted of the accumulated player load, total distance, and time spent in very low, 

low, and very high speed zones, whereas the second cluster included the number of 

accelerations, time spent in medium and high speed zones, the number of jumps, high 

intensity accelerations, and decelerations.  

The following results were based on two IMU generated variables with high CCC val-

ues, namely the accumulated player load (CCC = .95) and the number of high-intensity 

accelerations (CCC = .92). The accumulated player load showed high correlations with 

total distance covered (r = .83) and time spent in low (r = .70), very low (r = .75), and 

very high (r = .61) speed zones within the first cluster. However, despite its high CCC, 

the number of high-intensity accelerations exhibited only low correlations (r ≤ .29) with 

the number of accelerations and decelerations, time spent in medium and high-speed 

zones, and the number of jumps within the second cluster. 
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Figure 16. Ordered correlation structure based on two clusters for the investigated variables from the LPS+IMU tracking system. The heatmap color gradient 
reflects correlation strengths between variables, ranging from -0.17 (blue) to 1.0 (red). The white color corresponds to the midpoint of this range, 
approximately 0.4, rather than zero. 
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Differences among training drills 

Based on the CCC outcomes, as an estimation for the agreement and also due to the 

results from the correlation structure, revealing that the number of high intensity accel-

erations showed a non-significant relationship with the other LPS+IMU variables (r < 

.32), only the accumulated player load of the IMU tracking system was used to com-

pare the different training drills. Table 13 shows the descriptive statistics of the accu-

mulated player load depending on the different training drills. 

Table 13. Mean and standard deviation of the accumulated player load measured with the IMU tracking 
system depending on the different training drills by the team. 

Training drills 
Accumulated player load (a.u.) 

mean ± SD 
U18 female U21 male 

2 vs. 2+2 45.8 ± 12.6 52.7 ± 10.8 
4 vs. 3+2 32.2 ± 10.3 50.4 ± 11.2 
4 vs. 4+2 44.6 ± 8.1 41.3 ± 16.3 
4 vs. 3 vs. 3 59.9 ± 13.4 73.2 ± 17.6 
4 vs. 4 vs. 4 50.8 ± 15.8 79.3 ± 17.6 
6 vs. 5 45.3 ± 9.9 38.3 ± 13.0 
6 vs. 6 39.1 ± 16.7 41.1 ± 18.3 
a.u. = arbitrary units; SD = standard deviation. 

Figure 17 shows characteristics of the IMU tracking system based on the accumulated 

player load depending on different training drills and both teams. Table 14 shows the 

summary output of the linear mixed models according to the accumulated player load. 

Adding the team significantly improved the fit of the model 3 compared to model 2 

(𝓍2(1) = 4.95, p = .02). The model's intercept, corresponding to type = 6 vs. 6 and team 

= U18 female, was at β = 36.6 a.u. Training drills on the full court (types 4 vs. 3 vs. 3 

and 4 vs. 4 vs. 4) induced a significantly higher accumulated player load with an esti-

mated effect of 25.9 and 24.9 a.u. This corresponded to an estimated load of 62.5 a.u. 

(36.6 + 25.9) for the 4 vs. 3 vs. 3 condition in the reference group (U18 female). Minor 

effects were found for team differences with larger values for the U21 male team by 
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8.3 a.u. and higher values in 2 vs. 2+2 of 8.7 a.u. compared to the reference level. 

Other formats (e.g., 4 vs. 3+2, 4 vs. 4+2, 6 vs. 5) showed no significant differences 

from the baseline. 

 

Figure 17. Characteristics of the IMU tracking system based on the accumulated player load depending 
on different training drills and both teams. 
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Table 14. Summary of three linear mixed models to predict the accumulated player load with the type 
of training drills and the team.Model 1 serves as a null model. Model 3 differs from Model 2 by 
including the team. 

 Accumulated player load 

 
Model 1 

Value ~1 + 
(1|type) 

Model 2 
Value ~ type + 

(1|Name) 

Model 3 
Value ~ type + team + 

(1|Name) 
Effect Estimate 95% CI Estimate 95% CI Estimate 95% CI 
Fixed Effects (type) 
Intercept 50.5 43.3 to 58.3 41.1 35.5 to 46.4 36.6*** 29.9 to 43.4 
2 vs. 2+2    8.8 2.3 to 15.4 8.7* 1.7 to 16.1 
4 vs. 3+2   1.8 −5.1 to 8.9 1.7 −4.9 to 8.3 
4 vs. 4+2   0.9 −5.7 to 7.9 0.8 −5.6 to 7.6 
4 vs. 3 vs. 3   25.8 19.7 to 32.7 25.9*** 19.7 to 32.8 
4 vs. 4 vs. 4   24.9 18.7 to 31.1 24.9*** 18.4 to 31.6 
6 vs. 5   −0.7 −7.3 to 5.8 −0.7 −6.8 to 5.3 
U21 male     8.3* 1.5 to 15.1 
Random Effect 
Residual 242.6  153.5  153.2  
Type 104.4      
Name   83.0  66.8  
AIC 1564.5  1516.7  1513.7  
BIC 1574.2  1545.6  1545.9  
R2 

(cond./marg.) 0.3/0.0  0.57 / 0.34  0.57 / 0.39  

AIC = Akaike information criterion; BIC = Bayesian information criterion; name = player id (subject 
level); type = training drills (group level); value = accumulated player load. Significance codes: ‘***’ 
< .001; ‘**’ < .01; ‘*’ < .05. 

Discussion 

The aim of this study was to evaluate a recent IMU tracking system for measuring total 

distance, the accumulated player load, the number of high intensity accelerations, time 

spent in particular speed zones, and the number of jumps in German junior national 

handball players. The evaluation steps included the examination of (i) the agreement 

between an established LPS+IMU and the IMU tracking system, (ii) the correlation 
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structure of investigated variables, and (iii) differences among training drills using the 

IMU tracking system. 

Our main findings showed (i) substantial agreements (CCC = .95 to .99) between the 

established LPS+IMU and the recent IMU tracking system for time spent in the low 

speed zone and the accumulated player load, (ii) large correlations of the accumulated 

player load with total distance covered (r = .83) and time spent in very low (r = .75), 

low (r = .70), and very high speed zones (r = .61), and (iii) the highest accumulated 

player load in full court training drills (p < .001). 

Regarding the first main finding, substantial agreements of the established LPS+IMU 

and the recent IMU tracking system were only found in two variables: time spent in the 

low speed zone and the accumulated player load (Table 12). Earlier studies had shown 

that IMU tracking systems tended to overestimate average speed and acceleration 

during high speed running compared to timing gates [12] and differed in estimating 

average speed against a video based reference system with a CCC value of .80 [13], 

which supports our findings (Table 12). A possible explanation could be the IMU drift 

which is a known issue caused by the integration of sensor noise and bias over time, 

resulting in the progressive accumulation of errors in the position and orientation esti-

mates [9]. The accumulated player load showed a high level of agreement, as ex-

pected, since this metric was generated by the IMUs in both systems. The high level 

of agreement in the time spent in low-speed zones also seemed reasonable, consid-

ering the nature of the IMU drift: noise tends to increase with higher and abrupt 

changes in acceleration, making errors more likely during rapid movement changes. 

However, in our study, the observed non-significant bias in time spent in the very high 

speed zone should be interpreted with caution. In our dataset, only 8 out of 96 obser-

vations reached the threshold of ≥ 22 km/h. Hence, in 81 observations, both systems 

recorded zero seconds, which might explain the non-significant paired mean differ-

ences, requiring more research to be clarified. Considering the findings collectively, 

only the accumulated player load and time spent in the low-speed zone can currently 

be regarded as valid variables derived from the IMU tracking system. 
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The second main finding was that the accumulated player load showed strong corre-

lations with total distance and time spent in different speed zones at the limits (very 

low, low, and very high), forming the first cluster with them (Table 13). Other studies 

had also reported a large correlation between the player load and total distance cov-

ered [19, 20, 23, 25] as well as low speed activities and high speed running [36], which 

supports our results. The cluster can be explained by the fact that acceleration de-

creases with increasing running speed [37], whereby the highest acceleration occurs 

in medium to high running speed of ~7 to 14 km/h [38]. Thus, due to the mathematical 

foundation of the player load (i.e., the summation of all rates of change in acceleration), 

the accumulated player load may be a preferred variable for monitoring running activ-

ities with low accelerations during training. Furthermore, the accumulated player load 

seems to be suitable to estimate the overall subjective perception, but it does not help 

determine “fine-structured loading” [21]. In contrast, variables from an IMU tracking 

system, such as the number of high-intensity accelerations, should be interpreted with 

caution due to their weak correlation with acceleration and deceleration counts ob-

tained from the established LPS+IMU tracking system (Figure 16). Overall, these 

points suggest that the accumulated player load only reflects running activities with 

comparatively low proportions of high accelerations. Further studies are required to 

clarify the biomechanical and physiological meaning of the player load. 

Regarding the third main finding, we found significantly higher accumulated player 

loads in training drills when covering the entire court (Figure 17). The results are partly 

in line with previous studies where it has been reported that the total distance covered 

increased with increasing court sizes, while handball specific activities such as the 

number of team actions, passes, jumps, and change of directions did not increase [28]. 

Also, the total distance, the player load, and high intensity events increased with a 

decreasing number of players as it occurred in 3 vs. 3 or 2 vs. 2 training drills [16, 39], 

indicating the high intensity nature of small-sided games. However, in our study, the 

significant differences between 6 vs. 6 and 2 vs. 2+2 on the half court drills can be 

neglected due to the small effects indicated by the confidence interval (1.7 to 16.1) of 
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the estimate of 8.7 a.u. (Table 14). An estimated accumulated player load of 70.8 a.u. 

over 8 min for the 4 vs. 3 vs. 3 condition in male U21 players appears realistic when 

compared to approximately 250 a.u. accumulated during a 60-min match in the Ger-

man men’s Bundesliga [15]. These estimates can serve as a basis for prescribing train-

ing volume. Thus, and considering our previous main finding, the accumulated player 

load does not seem to be suitable for measuring the intensity of training drills in junior 

national team handball, which needs to be evaluated by further studies taking estab-

lished intensity measures into account. 

Although our study enhances the understanding of a recent IMU tracking system and 

its application in German junior national handball players, some limitations should be 

noted. First, our results regarding the agreement are not based on interchangeable 

repeated measures, which could have an influence on the estimators. To overcome 

this problem, an adapted concordance correlation coefficient for repeated measures 

might be useful [40]. However, we used the original CCC [32] due to the convergence 

warnings when calculating the CCC for repeated measures. Second, we tested the 

IMU tracking system under field conditions as we monitored training sessions. A stand-

ardized laboratory-based approach may provide further insights into the validity of the 

IMU tracking system, paving the way for additional validation studies. With regard to 

the elite sample, generalizability cannot be assumed, but the values could serve as a 

guide or a benchmark. A larger sample would also allow for a distinction to be made 

among the playing positions, which was not possible here. Third, due to the continu-

ously ongoing technological process, all tracking systems are regularly optimized and 

updated by the manufacturer. In this context, we evaluated both systems without add-

ing the latest software updates and hardware, which were available at the time of sub-

mission. However, we are confident that our results reflect the status quo of the sys-

tems during the mentioned time period of the data collection, meaning that further stud-

ies to evaluate the technological development of the tracking systems investigated in 

this study are needed. 
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Conclusions 

In German junior female and male national handball players, the recent IMU tracking 

system provides reliable measurements only for directly assessed variables, such as 

the accumulated player load. However, while the accumulated player load strongly 

correlates with total distance covered and time spent in low-speed zones, it primarily 

reflects running activities with relatively few high accelerations. Consequently, the ac-

cumulated player load alone is insufficient for assessing the frequency and magnitude 

of accelerations and decelerations, which are crucial for optimizing handball training 

due to the rapid changes in speed and direction that frequently occur in team handball. 

Coaches and sports scientists should take this limitation into account when using IMU-

derived metrics to monitor physical demands in junior national handball players. Future 

research should focus on the validation of IMU generated high-intensity measures. 
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General discussion 

The general objective of this dissertation was to present the evidence of the metabolic 

power model in intermittent team sports as well as validate, optimize, and apply the 

model, including its prerequisites and fundamentals, accordingly. In five peer-reviewed 

publications, these individual aims were addressed step by step. 

The first publication, a systematic review, revealed that the metabolic power model is 

valid from a methodological point of view, showing moderate to strong evidence of 

superior performance compared to high-speed running and critical speed approaches. 

Physiologically, there was strong evidence of the metabolic power model being inferior 

in detecting metabolic loads compared to oxygen uptake as well as conflicting to mod-

erate evidence concerning the correlation to oxygen uptake and lactate. However, re-

garding the physiological validity, the corresponding studies were often implemented 

incorrectly [1]. For the second publication, a more thorough physiological validation 

was conducted showing significant under- and overestimations of total energy expendi-

ture and aerobic-anaerobic supplies (p ≤ .002, large effect sizes) as well as unphysio-

logical time courses of the simulated oxygen uptake by the metabolic power model [2]. 

Consequently, the third publication applied different optimization strategies, with the 

Mongin model performing best. By improving the simulation of oxygen uptake and cor-

recting the calculation of aerobic energy supply, discrepancies to the established 3-

component model concerning total energy expenditure and aerobic supply were re-

duced (p ≥ .126, trivial to large effect sizes), with the exception of the repeated sprints 

(p ≤ .040, moderate to large effect sizes). The anaerobic energy supply remained over-

estimated (p = .003, large effect sizes). Furthermore, the discrepancy between the 

relative distribution of aerobic-anaerobic supplies was reduced by approximately 40% 

[3]. The fourth publication addressed the influence of the surface (Figure 3), as a con-

stant regarding the calculation of the energy cost (equation 3). There were up to large 

metabolic differences between grass, tartan, and parquet. This is especially true for 

the anaerobic energy supply (moderate to large effect sizes) [4], which provides a pos-

sible connection to its remaining overestimation shown in the third publication [3] and 

thus further optimization. The fifth publication focused on the measurement of speed 

and acceleration as input variables for the metabolic power model (equations 3 and 4), 
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using an IMU only tracking system that operates independently of its environment. The 

evaluation showed that the frequency and magnitude of these inputs cannot sufficiently 

be assessed on its own yet (CCC = .71 to .92) [5]. Overall, this dissertation revealed 

that optimizations achieved a more valid metabolic power model regarding the estima-

tion of total energy expenditure and aerobic energy supplies during continuous shuttle 

runs and repeated accelerations. Still, the anaerobic energy supply remains overesti-

mated and should be treated with caution. However, taking the surface into account 

may partly improve this factor. Also, for application purposes, even though IMU only 

systems are promising, they are not suitable for the use of the metabolic power model, 

as they cannot validly measure the necessary input variables yet. 

Clearly, the five publications reveal the promising potential of the metabolic power 

model to estimate metabolic loads in team sports. However, there are some general 

methodological limitations that need to be discussed. Of the specific limitations which 

have already been discussed in the individual publications [1-3], the critical questioning 

of the 3-component model was the foremost [2, 3]. While it is an established standard 

in exercise science and can distinguish between all three energetic pathways, it cannot 

be classified as the gold standard for each pathway. The 3-component model uses 

indirect calorimetry to estimate aerobic energy supply or total energy expenditure if the 

exercise is in a steady-state oxidative condition [6]. Opposed to direct calorimetry, 

where the body’s heat production is taken into account, indirect calorimetry relies on 

respiratory gas exchange. For this, the most accurate and often seen as a reference 

method may be the Douglas bag, which, however, does not generate real-time breath-

by-breath measures [6]. Thus, rapid changes in exercise intensity cannot be deter-

mined. Therefore, computerized stationary or portable respiratory gas analyzers offer 

a more practical access to the aerobic energy supply [6]. Concerning both anaerobic 

pathways, the most accurate procedure to determine phosphocreatine and lactate (gly-

cogen) concentrations may be through direct invasive surgical muscle biopsy [7-10]. 

However, although the procedure is considered relatively safe, it causes e.g., damage 

to the muscle tissue as well as soreness and stiffness at the injection site for days 

afterward [7]. Additionally, it only represents the phosphocreatine and lactate concen-

trations of one specific muscle region, not the whole body. Considering these 
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limitations, the 3-component model, which indirectly estimates the anaerobic alactic 

and lactic supplies using the fast component of the excess of post-exercise oxygen 

consumption and capillary blood lactate, respectively, poses a more accessible ap-

proach [6, 11]. 

The limitations or sensitizations identified in the publications were not only directed 

toward the 3-component model but also toward the metabolic power model itself – at 

all levels (Figure 3). With regard to the final output, energy expenditure, an issue with 

the model is that it cannot record team sport-specific activities such as jumps, colli-

sions, and ball handling due to the measurement principles of tracking technologies 

like GPS and LPS [12-14]. However, for what the metabolic power model can actually 

represent, it relies on the accuracy of these tracking technologies as well as the filtering 

techniques used on the relevant data, namely speed and acceleration [15]. This affects 

all subsequent assumptions and estimations – starting with the metabolic power cal-

culation based on the equivalent slope model. 

The model assumes that (i) accelerated running on a flat terrain is energetically equiv-

alent to running up a slope at constant speed and (ii) the relative energy cost of running 

is independent of the speed and amounts to approximately 3.6-4.0 J/kg/m [16, 17]. 

However, the first assumption was only tested for slopes up until .45° equaling 4.5 m/s2 

[17, 18]. Accelerations exceeding this limit are being interpolated following the calcu-

lations of the equivalent slope model [18]. Even though the majority of accelerations 

during training and matches in team sports may not surpass this limit, there are situa-

tions where it may occur more frequently. A recent study showed that during training 

drills consisting of different sprint conditions peak accelerations of up to 7.09 ± 1.25 

m/s2 (30 m chasing run) can be reached [19]. Indeed, even the drill with the lowest 

peak acceleration (30 m linear sprint with preceding 15 m bounding run) surpassed the 

aforementioned limit of the equivalent slope model with 5.62 ± 0.83 m/s2 [19]. During 

matches, accelerations are mostly reported in categories with the highest often being 

about > 3 m/s2 [15], thus not revealing the necessary information regarding the limit of 

the equivalent slope model. However, there is one study detecting accelerations above 

6 m/s2 during netball matches [20]. Although only about 1% of the total distance cov-

ered fell into this category, it shows that accelerations of more than 4.5 m/s2 occur in 
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team sports. A general issue in the studies investigating accelerations during team 

sport matches is the lack of reporting filtering techniques, which, as stated before, can 

greatly influence the data quality, weakening transparency and comparability [15]. Still, 

the occurrence of accelerations greater than 4.5 m/s2 is evident and simply assuming 

the same calculations regarding the equivalent energy cost above this value is ques-

tionable. Apart from these preliminary investigations, the biomechanical equivalence 

of running on a flat terrain and running up a slope is worth to be put into perspective. 

An alternative approach compared the aforementioned investigation to running on a 

flat terrain against an equivalent horizontal force [21]. The study showed that the alter-

native approach led to significantly lower energy costs compared to the equivalent 

slope model (p < .05). Just like the first basic assumption of the metabolic power model, 

the second one can also be questioned. The relative energy cost cannot generally be 

considered independent of speed. Team sports are characterized by intermittent ac-

tivities [22-24], during which the energy cost is up to 50% higher compared to constant 

running, increasing with speed [25]. 

Keeping this in mind, the actual calculation of the metabolic power is another factor 

worth to be discussed. As revealed by the systematic review [1], validation [2], and 

optimization study [3], the anaerobic energy supply, which is partly based on the time 

course of the metabolic power, is largely overestimated. The reported peak metabolic 

power values of up to 95.16 ± 11.74 W/kg [2], could theoretically be achieved by the 

active muscles. The rate of ATP turnover during brief intense dynamic exercises has 

been reported to be 300-400 mmol/min [26]. Taking 30.5 kJ/mol of free energy re-

leased during ATP hydrolysis into account [6], this equals peaks of approximately 200 

W/kg of active muscles. However, the time required for ATP resynthesis via phospho-

creatine breakdown and glycolysis also needs to be considered. Therefore, while the 

metabolic power during a single sprint effort considering instantaneous ATP turnover 

may be possible, upholding this over multiple repeated sprints without complete ATP 

resynthesis seems unrealistic. In the second publication [2], this was taken into ac-

count regarding the passive breaks between the repeated accelerations (2 minutes) 

and sprints (20 seconds or 3 minutes after the 4th and 8th sprint) to, at least partly, 

enable ATP resynthesis. 
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Even though there are still methodological limitations concerning the general assump-

tions and final outputs (i.e., energy expenditure and supplies) of the metabolic power 

model, it has promising potential in the field of exercise science and physiology. For 

this, however, further optimizations of the model need to be carried out. Despite im-

proving the simulated oxygen uptake, leading to more valid results concerning the total 

energy expenditure and aerobic supply, anaerobic supply is still largely overestimated 

[3]. This should be a focus in future research concentrating particularly on optimiza-

tions on the next higher levels – the calculation of the metabolic power itself and its 

prerequisites (Figure 3). 

As stated above, reconsidering the filtering techniques for speed and acceleration data 

and both assumptions gathered from the equivalent slope model, could improve the 

metabolic power estimates. In this context, the alternative approach using horizontal 

opposed to vertical forces should be investigated more thoroughly [21]. In that study, 

only forward and uphill forces representing accelerations were considered. Compari-

sons between backward and downhill forces, thus representing decelerations, are still 

pending. 

A subsequent focus could then be the differentiation between anaerobic alactic and 

lactic energy supply, which the metabolic power model is unable to do, as of yet [27]. 

First insights are presented in a recent study developing a bioenergetic model based 

on metabolic power data to estimate aerobic, anaerobic alactic, and lactic energy sup-

ply by an exponential, bi-exponential, and log-normal function, respectively, during sin-

gle sprint running [28]. For this approach, it was assumed that all three energetic path-

ways operate independently, which is physiologically incorrect [29, 30]. Nevertheless, 

these ideas may be helpful for the development of further approaches. 

Another important consideration for more physiologically valid outcomes may be the 

inclusion of heart rate data to simulate oxygen uptake as shown by previous studies 

[31, 32]. In fact, first trials were conducted using the same data sets from this disser-

tation and implementing different machine learning models while additionally including 

heart rate data [33]. Specifically, random forest, long short-term memory, and gated 

recurrent units models were applied while the data (i.e., heart rate, speed, acceleration, 

and metabolic power) previously underwent optional feature engineering. The random 
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forest model performed best with an RMSE of 0.39 L/min [33], which is an improvement 

to that of the metabolic power model and Mongin model with RMSEs of about 0.68 and 

0.48 L/min [3], respectively, and equal to that by Shohrukhi [32]. These first results are 

promising and should be investigated more thoroughly. Especially, regarding the pos-

sibility to not only simulate oxygen uptake but also heart rate. This may be beneficial 

for the future in team sport player tracking. 

Current developments concerning markerless motion capture or newer innovations us-

ing artificial intelligence such as broadcast tracking are becoming more present [34-

36]. An advantage of these systems is the needlessness of wearables such as GPS or 

heart rate monitors. Therefore, it would be beneficial if variables like oxygen uptake 

and heart rate could be validly simulated using mechanical data. However, especially 

the artificial intelligence-supported systems are not sufficiently accurate yet [35]. Until 

then, the focus should also remain on wearable-based tracking. As discussed in the 

fifth publication of this dissertation [5], IMU only tracking systems offer more practicality 

for indoor sports compared to LPS due to considerably less equipment, thus saving 

time and resources. However, the IMU system cannot validly be used for the imple-

mentation of the metabolic power model yet, because of its inaccuracy to report speed 

and acceleration data [5]. Still, since the IMU offers 3D data (accelerometer, gyro-

scope, and magnetometer), this information may possibly be used to address more 

fundamental limitations of the metabolic power model. The combined LPS+IMU is able 

to detect the frequency and magnitude of jumps, collisions, and even passes and shots 

[37], which are the activities, the metabolic power model does not account for. If and 

how these additional insights may be considered within the metabolic power model 

remains challenging. Especially knowing that the model already overestimates anaer-

obic energy supply [3] and the addressed activities are, in fact, highly anaerobic [6, 

38]. This needs to be kept in mind when attempting to further improve the metabolic 

power model. 
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Conclusions 

In five peer-reviewed publications, this dissertation provided a comprehensive over-

view of the metabolic power model, its capabilities, limitations, and outlook. While the 

model can be considered valid on a methodological level, physiologically there are still 

limitations that need to be considered. Especially, regarding the estimation of energy 

expenditure and aerobic-anaerobic supplies, the model showed large over- and under-

estimations. Through the optimization of the oxygen uptake simulation by different ap-

proaches, also including machine learning strategies, and different interpretation of the 

aerobic calculation, a more valid metabolic power model was achieved. This is true for 

the total energy expenditure and aerobic energy supply during intermittent running-

based exercises compared to the established 3-component model. Because the an-

aerobic energy supply remains overestimated, the implementation of the model should 

be approached with caution. In line with the overarching model (Figure 3), future stud-

ies should improve the metabolic power model by focusing on (i) tracking technologies 

like IMUs, (ii) filtering techniques for speed and acceleration data; (iii) the equivalent 

slope model for higher accelerations and decelerations and its transformation into a 

horizontal force model, (iv) the energy cost of constant and intermittent running, (v) 

different surfaces, and (vi) simulation of oxygen uptake including physiological data. 

Until then, when implementing the metabolic power model into research and practice, 

it needs to be kept in mind what the model can and cannot actually and validly meas-

ure. 
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