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This study aims to model the changes in the behaviour of motor neu-
rons of the vastus lateralis in response to unilateral isometric knee ex-
tension exercise (UIKEE). For this, the phenomenological motor control
model by Fuglevand et al. (1993) has been used. Input parameters for
this model have been calibrated against data from experimental stud-
ies available in literature by using Bayesian updating. The pre-exercise
state of the motor neuron pool of the muscle describing the recruitment
behaviour as well as the contractile properties of the motor neurons have
been constructed. Data collected from a systematic review on the change
in isometric strength due to UIKEE has been modelled using Bayesian
lonigutidinal model-based meta-analysis. Using the model of the change
in isometric strength, increase in the average motor neuron discharge rate
following UIKEE has been quantified.
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help during my entire time living abroad and my PhD studies. He has played a key
role for me to keep on going and also remember to take care of myself. I would also like
to thank Frau Sorg for her guidance and help. The lessons I learned during our sessions
will stay with me for my whole life. Vielen herzlichen Dank.

My friends have helped me remember that there are things in life other than my PhD.
All of them have had their fair share of my nagging and struggles, but they were patient
and kind enough to stick around. Their support has been eminent for me to keep on going
and remember to enjoy life outside of the university. I refer to my dear friends, whom I
met in Stuttgart and in Ankara, as my extended family as we went through various stages
of our lives together. Thank you all very much for the fun times and the support.

The last but not at all the least, I was able to complete my research and dissertation
thanks to the presence, support and endless patience of my dearest mother. She dedicated
her own PhD thesis to me and I’m flattered to be able to do the same for her. Not only
is she the reason why I’m on this earth, her mere presence, understanding, tolerance and
eternal patience was of vital importance for me. I am at a loss of words to express my
gratitude for your support. I’m honored to have you as my mother.



Contents

1 Introduction 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 State of the art in muscle modelling . . . . . . . . . . . . . . . . . . . . . . 2

1.2.1 Computational models of skeletal muscle mechanics . . . . . . . . . 3
1.2.2 Computational models of motor control . . . . . . . . . . . . . . . . 5
1.2.3 Data-driven modelling in biomechanics . . . . . . . . . . . . . . . . 7

1.3 State of the art in experimental studies on isometric exercise . . . . . . . . 8
1.4 Thesis outline and research questions . . . . . . . . . . . . . . . . . . . . . 8
1.5 List of publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2 Anatomical and physiological background 13
2.1 Skeletal muscle structure and function . . . . . . . . . . . . . . . . . . . . 13

2.1.1 From the cell to organ - the hierarchical structure . . . . . . . . . . 13
2.1.2 Types of contractions . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.1.3 Knee extensors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.2 Voluntary muscle contraction . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.2.1 Motor neuron . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.2.2 The motor unit . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.2.3 Fibres of motor units . . . . . . . . . . . . . . . . . . . . . . . . . . 18
2.2.4 Twitch properties of motor units . . . . . . . . . . . . . . . . . . . 19
2.2.5 Motor unit recruitment . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.2.6 Force output . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
2.2.7 Measuring motor unit activity . . . . . . . . . . . . . . . . . . . . . 23

2.3 Adaptation mechanisms in skeletal muscles . . . . . . . . . . . . . . . . . . 26
2.3.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
2.3.2 Principles of training . . . . . . . . . . . . . . . . . . . . . . . . . . 26
2.3.3 Isometric resistance training . . . . . . . . . . . . . . . . . . . . . . 27
2.3.4 Changes caused by isometric resistance training . . . . . . . . . . . 28

2.3.4.1 Morphological changes . . . . . . . . . . . . . . . . . . . . 28
2.3.4.2 Changes related to the neuromechanical system . . . . . . 29

2.4 Summary of the ‘end of a new beginning’ . . . . . . . . . . . . . . . . . . . 30

3 Incorporating experimental data into the modelling framework 33
3.1 Bayesian inference . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
3.2 Bayes’ theorem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.2.1 Conditional probability . . . . . . . . . . . . . . . . . . . . . . . . . 36
3.2.2 The coin tossing example . . . . . . . . . . . . . . . . . . . . . . . . 37
3.2.3 Prior . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
3.2.4 Posterior . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
3.2.5 Likelihood . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

i



ii Contents

3.2.6 The denominator . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
3.3 Implementation of Bayesian inference . . . . . . . . . . . . . . . . . . . . . 40

3.3.1 The likelihood model . . . . . . . . . . . . . . . . . . . . . . . . . . 40
3.3.2 Setting up the prior set . . . . . . . . . . . . . . . . . . . . . . . . . 41
3.3.3 Rejection Sampling . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.4 How the framework is used in this thesis . . . . . . . . . . . . . . . . . . . 42
3.4.1 Scheme I: Estimation of the input parameters for the recruitment

model for vastus lateralis . . . . . . . . . . . . . . . . . . . . . . . . 43
3.4.2 Scheme II: Estimation of the contractile properties of vastus lateralis 44
3.4.3 Scheme III: Estimation of the change in discharge rate of vatus

lateralis due to UIKEE . . . . . . . . . . . . . . . . . . . . . . . . . 44

4 Modelling total force output 45
4.1 The motor neuron pool model . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.1.1 Fixed-point iteration . . . . . . . . . . . . . . . . . . . . . . . . . . 49
4.2 Computing force output . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

4.2.1 Motor unit force . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
4.2.1.1 Twitch response . . . . . . . . . . . . . . . . . . . . . . . 52
4.2.1.2 Discharge instances . . . . . . . . . . . . . . . . . . . . . . 53
4.2.1.3 Obtaining the muscle force output . . . . . . . . . . . . . 53

4.3 Notes on the use of the modelling scheme in this work . . . . . . . . . . . . 54
4.3.1 Inclusion of the variation in firing instances . . . . . . . . . . . . . 54
4.3.2 Distribution of the contractile properties . . . . . . . . . . . . . . . 56

5 Modelling isometric contraction 59
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
5.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

5.2.1 Selection of the set of input parameters . . . . . . . . . . . . . . . . 61
5.2.2 Selection of the calibration data . . . . . . . . . . . . . . . . . . . . 61
5.2.3 Computing the mean discharge rate as model output . . . . . . . . 62
5.2.4 Estimation of the total motor neuron number in vastus lateralis . . 63
5.2.5 Bayesian updating . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

5.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
5.3.1 Characteristics of the prior set of admissible input parameters . . . 65
5.3.2 Characteristics of the posterior set of admissible input parameters . 67
5.3.3 Recruitment behaviour of vastus lateralis . . . . . . . . . . . . . . . 68

5.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
5.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

6 Modelling contractile properties 75
6.1 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

6.1.1 Estimating the isometric strength of vastus lateralis . . . . . . . . . 77
6.1.2 Experimental data on contractile properties . . . . . . . . . . . . . 78
6.1.3 Constructing admissible sets of contractile properties . . . . . . . . 79
6.1.4 Prior sets for time-to-peak-force . . . . . . . . . . . . . . . . . . . . 83
6.1.5 Prior sets for the peak twitch force . . . . . . . . . . . . . . . . . . 84

6.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87



Contents iii

6.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

7 Strength gain due to isometric knee extension exercise 95
7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
7.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

7.2.1 Study selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96
7.2.2 Inclusion criteria . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96
7.2.3 Exclusion criteria . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96
7.2.4 Data collection and extraction . . . . . . . . . . . . . . . . . . . . . 97
7.2.5 Synthesis of results . . . . . . . . . . . . . . . . . . . . . . . . . . . 98
7.2.6 Risk of bias in individual studies . . . . . . . . . . . . . . . . . . . 100
7.2.7 Summary of evidence . . . . . . . . . . . . . . . . . . . . . . . . . . 100
7.2.8 Assessment of the risk of bias across studies . . . . . . . . . . . . . 102
7.2.9 Longitudinal model-based meta-analysis . . . . . . . . . . . . . . . 103

7.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104
7.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

8 Changes in discharge behaviour due to isometric exercise 111
8.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111
8.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

8.2.1 Admissible set of model input parameters . . . . . . . . . . . . . . 112
8.2.2 Prior set of model input parameters . . . . . . . . . . . . . . . . . . 113
8.2.3 Calibration points . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

8.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115
8.3.1 Size of parameter sets . . . . . . . . . . . . . . . . . . . . . . . . . 115
8.3.2 Posterior sets over trained weeks . . . . . . . . . . . . . . . . . . . 115
8.3.3 Change in mean discharge rate over trained weeks . . . . . . . . . . 116

8.4 Summart and discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

9 Discussion and Outlook 121
9.1 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121
9.2 Outlook . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

A Admissible sets for the contractile properties 127

B Systematic review and meta-analysis 129
B.1 Background information and significance . . . . . . . . . . . . . . . . . . . 129
B.2 Search strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131
B.3 Risk of bias assessment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132
B.4 Additional data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134
B.5 Descriptive visualization of collected data . . . . . . . . . . . . . . . . . . . 138

B.5.1 Spaghetti Plots . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138
B.5.2 Forest plots . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

Bibliography 147





Abstract

Movement is crucial for organisms to survive as it enables mobility. The movement
actuators of humans and animals are skeletal muscles. These muscles are controlled
voluntarily. Voluntary movement is possible when muscles are able to generate a sufficient
amount of force in a coordinated manner. In order to improve the movement capabilities,
there exist a variety of training/exercise schemes, which target different muscles or muscle
groups. The improvement in the capabilities of muscles have multiple advantages, such
as decreased risk of several diseases, e.g. cardiovascular diseases or type II diabetes, and
improved mental health.

A vast amount past and on-going studies exist, which investigate the mechanisms re-
lated to exercise-induced adaptation in muscles. However, exact mechanisms responsible
for the changes occurring in the central nervous system and skeletal muscles are not fully
understood. This is mainly due to the complexity of the physiology of voluntary control,
muscles and exercise, as well as, limitations in experimental methods.

Isometric exercise is the simplest known type of exercise as it is composed of contrac-
tions, during which the muscle length stays constant and the trained limb does not move.
This exercise type is commonly used in experimental studies to investigate the neuromech-
anical adaptation mechanisms that occur as a result of training. Practically, this exercise
regime is used in post-operative training programs after knee operations or for individuals
suffering from neuromuscular disorders to improve muscle function. Besides its ease to
execute and control in an experimental setting, this exercise is known to trigger muscle
volume increase, as well as an increase in muscle strength.

In order to observe the changes due to exercise, the current (pre-and post-exercise)
state of the muscle system needs to be investigated. To do that, the anatomy of the
central nervous system and muscles need to be understood, which was done using dissec-
tion studies of cadavers. However, fast-progressing technological advancements related to
experimental measurement apparatus and methods, enable to investigate various aspects
of active muscle movement also in-vivo.

Motor neurons are an important part of the neuromechanical system. They transmit
the voluntary input from the spinal chord to the muscle organ, which triggers the muscle
contraction. Due to their significance in executing voluntary muscle movement, invest-
igation of their behaviour has been the focus of research since early 1900s. Despite the
advances in the technology used in experimental measurements of skeletal muscles, ex-
perimental methods are limited in their ability to capture the complete behaviour of the
motor neurons. These limitations becomes significant, for example, when data on the
recruitment behaviour of the entire motor neuron pool of especially large muscles at high
force levels are needed.

In order to enhance the insight obtained by experiments and make up for the limitations
of the experimental methods, computational models of voluntary control are frequently
used. These models might investigate multiple aspects or concentrate on one aspect of
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voluntary control. This work aims to make use of the pioneering computational motor
control model suggested in Fuglevand et al. (1993) together with experimental data from
literature to fill the gaps with regards to the understanding of the recruitment behaviour of
motor neurons at high force levels and investigate changes triggered by isometric exercise.

To make a model more realistic, experimental data may be incorporated into com-
putational models. There exists a variety of approaches to integrate experimental data
into computational models. For example, data may be fed into model, making it a data-
integrated modelling scheme. Another way is to compare the model outcome with exper-
imental data. This way, the model may be modified to increase the accuracy of the model
output. One other way is to calibrate the model parameters against the experimental
data, which is known as data-driven modelling approach. This approach allows to select
the set of input parameters that describe the phenomenon being modelled, by ensuring
accurate results.

To develop a better insight into changes triggered by isometric exercise, first, the pre-
exercise state of the motor neuron pool needs to be constructed. The aim of the thesis is
to complement the computational model with experimental data in literature. Relatively
many experimental studies on the recruitment behaviour of the vastus lateralis muscle of
the knee extensors exist. Therefore, the modelling framework is constructed specifically for
the vastus lateralis muscle. Experimental data on unilateral (one-sided) isometric knee
extension training is used to investigate the changes in the motor neuron recruitment
behaviour of this muscle.In this work, experimental data is also used to select admissible
ranges for the input parameters of a phenomenological motor control by Fuglevand et
al. (1993). The model output is calibrated against experimental data to determine the
set of input parameters, which describe the recruitment behaviour during an isometric
contraction and the contractile properties of the motor neuron pool of vastus lateralis
muscle. For this purpose, the Bayesian updating framework is employed, which a data-
based decision making scheme.Even though only a few studies on the changes in the
recruitment behaviour of the motor neurons of the vastus lateralis exists, numerous studies
report data on the increase in muscle strength due to unilateral isometric knee extension
exercise. Literature data on the increase in muscle strength due this exercise type is
collected by means of a systematic literature review. The collected data is then analysed
by means of Bayesian longitudinal model-based meta-analysis, which allows to model the
evolution of muscle strength over trained weeks. Changes in the recruitment behaviour
of the motor neurons are then quantified, which would yield the increase in the muscle
strength provided by the experimental evidence.



Deutsche Zusammenfassung

Bewegung ist entscheidend für das Überleben von Organismen, da sie Mobilität
ermöglicht. Die Bewegungsaktoren von Mensch und Tier sind Skelettmuskeln. Diese Mus-
keln werden freiwillig kontrolliert, wohingegen Herz- und Glattemuskulatur unbewusst
kontrolliert werden. Freiwillige Bewegung ist möglich, wenn die Muskeln auf koordinierte
Weise eine ausreichende Kraft erzeugen können. Um die Bewegungsfähigkeiten zu
verbessern, gibt es eine Vielzahl von Trainings- / Übungsschemata, die auf verschiedene
Muskeln oder Muskelgruppen abzielen. Die Verbesserung der Fähigkeiten der Mus-
keln, d.h. die Erhöhung der Kraft, der Ausdauer oder der Beweglichkeit, hat mehrere
Vorteile, wie beispielsweise ein verringertes Risiko für verschiedene Krankheiten, wie Herz-
Kreislauf-Erkrankungen oder Typ-II-Diabetes und eine verbesserte psychische Gesund-
heit.

Es gibt eine Vielzahl von früheren und laufenden Studien, die die Mechanismen unter-
suchen und erforschen, die mit der durch körperliche Betätigung verursachten Anpassung
der Muskeln zusammenhängen. Die genauen Mechanismen, die für die Veränderungen
des Zentralnervensystems und der Skelettmuskulatur verantwortlich sind, sind jedoch bis
heute nicht vollständig bekannt. Dies ist hauptsächlich auf die Komplexität der Muskeln
und des Trainings an sich, sowie der Komplexität der Physiologie der freiwilligen Kon-
trolle zurückzuführen. Auch die Möglichkeiten experimenteller Methoden sind ethisch,
wie technologisch begrenzt.

Isometrisches Training ist die einfachste bekannte Art von Training, da es aus Kontrak-
tionen besteht, bei denen die Muskellänge konstant bleibt und sich das trainierte Glied
nicht bewegt. Dieser Übungstyp wird häufig in experimentellen Studien verwendet, um die
neuromechanischen Anpassungsmechanismen zu untersuchen, die als Ergebnis des Train-
ings auftreten. In der Praxis wird dieses Trainingsprogramm in postoperativen Trainings-
programmen nach Knieoperationen oder bei Personen mit neuromuskulären Störungen zur
Verbesserung der Muskelfunktion angewendet. Neben der einfachen Ausführung und Kon-
trolle in einer experimentellen Umgebung löst diese Übung bekanntermaßen eine Erhöhung
des Muskelvolumens sowie eine Erhöhung der Muskelkraft aus.

Um die Veränderungen aufgrund des Trainings zu beobachten, muss der aktuelle Zus-
tand (vor und nach dem Training) des Muskelsystems untersucht werden. Dazu muss die
Anatomie des Zentralnervensystems und der Muskeln verstanden werden, was in früheren
Untersuchungen anhand von Dissektionsstudien an Leichen geschehen ist. Die schnell
fortschreitenden technologischen Fortschritte in Bezug auf experimentelle Messgeräte und
-methoden ermöglichen es heute jedoch, verschiedene Aspekte der aktiven Muskelbewe-
gung auch in vivo zu untersuchen.

Motoneuronen sind ein wichtiger Bestandteil des neuromechanischen Systems. Sie über-
tragen den freiwilligen Input vom Rückenmark zum Muskelorgan, was die Muskelkontrak-
tion auslöst. Aufgrund ihrer Bedeutung für die Ausführung freiwilliger Muskelbewegungen
steht die Untersuchung ihres Verhaltens seit Anfang des 20. Jahrhunderts im Mittelpunkt
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der Forschung. Trotz der technologischen Fortschritte in der experimentellen Messung der
Skelettmuskulatur, sind experimentelle Methoden in ihrer Fähigkeit auch heute noch be-
grenzt um das vollständige Verhalten der Motoneuronen zu erfassen. Diese Einschränkun-
gen werden beispielsweise dann erheblich, wenn Daten zum Rekrutierungsverhalten des
gesamten Motoneuronenpools besonders großer Muskeln bei hohen Kraftniveaus benötigt
werden.

Um die durch Experimente gewonnenen Erkenntnisse zu verbessern und die Grenzen der
experimentellen Methoden auszugleichen, werden häufig Rechenmodelle der freiwilligen
Kontrolle verwendet. Diese Modelle können mehrere Aspekte untersuchen oder sich auf
einen Aspekt der freiwilligen Kontrolle konzentrieren. Diese Arbeit zielt darauf ab, das
wegweisende Modell der rechnergestützten Motorsteuerung von Fuglevand et al. (1993)
zusammen mit experimentellen Daten aus der Literatur zu nutzen, um die Lücken im
Hinblick auf das Verständnis des Rekrutierungsverhaltens von Motoneuronen bei hohen
Kräften zu schließen und Veränderungen simulativ zu untersuchen, die durch isometrisches
Training ausgelöst werden.

Um ein Modell realistischer zu machen, können experimentelle Daten in Rechenmodelle
aufgenommen werden. Es gibt verschiedene Ansätze, um experimentelle Daten in Rechen-
modelle zu integrieren. Beispielsweise können Daten in das Modell eingespeist werden,
wodurch es zu einem datenintegrierten Modellierungsschema wird. Eine andere Möglich-
keit besteht darin, das Modellergebnis mit experimentellen Daten zu vergleichen. Auf
diese Weise kann das Modell modifiziert werden, um die Genauigkeit der Modellausgabe
zu erhöhen. Eine andere Möglichkeit besteht darin, die Modellparameter gegen die exper-
imentellen Daten zu kalibrieren, was als datengesteuerter Modellierungsansatz bekannt
ist. Dieser Ansatz ermöglicht die Auswahl eines passenden Satzes von Eingabeparamet-
ern, welche das zu modellierende Phänomen am besten beschreiben.

Um einen besseren Einblick in Veränderungen zu erhalten, die durch isometrisches
Training ausgelöst werden, muss zunächst der Zustand vor dem Training des Motoneuron-
enpools konstruiert werden. Ziel der Arbeit ist es, das Rechenmodell durch experimentelle
Daten aus der Literatur zu ergänzen. Es gibt relativ viele experimentelle Studien zum
Rekrutierungsverhalten des Musculus vastus lateralis, einer der Knieextensoren. Daher
ist der Fokus dieser Arbeit speziell für den Musculus vastus lateralis (äußerer Oberschen-
kelmuskel) konstruiert. Experimentelle Daten zum einseitigen isometrischen Knieexten-
sionstraining werden verwendet, um die Veränderungen im Rekrutierungsverhalten von
Motoneuronen dieses Muskels zu untersuchen.

In dieser Arbeit werden experimentelle Daten auch verwendet, um zulässige Bereiche
für die Eingabeparameter einer phänomenologischen Motorsteuerung von Fuglevand et al.
(1993) zu wählen. Die Ergebnisse aus der Simulation werden gegen experimentelle Daten
kalibriert, um den Satz von Eingabeparametern zu bestimmen, die das Rekrutierungsver-
halten während einer isometrischen Kontraktion und die kontraktilen Eigenschaften des
Motoneuronenpools des Musculus vastus lateralis beschreiben. Zu diesem Zweck wird das
Bayes’sche Aktualisierungsframework verwendet, bei dem es sich um ein datenbasiertes
Entscheidungsschema handelt.

Obwohl nur wenige Studien zu Veränderungen des Rekrutierungsverhaltens der Mo-
toneuronen des Vastus lateralis vorliegen, berichten zahlreiche Studien über Daten zur Zu-
nahme der Muskelkraft aufgrund einseitiger isometrischer Knieextensionsübungen. Liter-
aturdaten zur Steigerung der Muskelkraft aufgrund dieser Übungsart werden mittels einer
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systematischen Literaturrecherche erhoben. Die gesammelten Daten werden dann mittels
einer auf dem Bayes’schen Längsschnittmodell basierenden Metaanalyse analysiert, die es
ermöglicht, die Entwicklung der Muskelkraft im Laufe der Triningswochen zu modellieren.
Änderungen im Rekrutierungsverhalten der Motoneuronen werden dann quantifiziert, was
zu einer Erhöhung der Muskelkraft führen würde, die durch die experimentellen Beweise
bereitgestellt wird.
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CP contractile properties

EMG electromyophraphy

sEMG surface electromyophraphy

MAP maximum a-posteriori

MU motor unit

MUAPT motor unit action potential trains
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RF rectus femoris

RM recruitment model
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Operators

Symbol Description

conv ( · ) the convolution operator

cov ( · ) covariance

var ( · ) variance

List of symbols in Greek letters

Symbol Unit Description

αPTF
k [mN] scaling factor for PTF

α TTP
r [ms] scaling factor for TTP

Θ set of model input parameters

ΘCP initial set of normalized contractile properties

Θ̃CP prior set of contractile properties˜̃ΘCP

posterior set of contractile properties

˜̃Θ MAP

maximum a-posteriori in the set of model inputs

ΘPTF initial selection of sets for PTF

Θ̃PTF [mN] prior set for PTF˜̃ΘPTF

[mN] posterior set for PTF

ΘTTP initial set of normalized TTP

Θ̃TTP [ms] prior set of TTP˜̃ΘTTP

[ms] posterior set for TTP

τ [ms] time in milliseconds

Ωexp calibration data obtained from experimental data

Ω(Θ) set of model outputs

Ω sim model output obtained from simulations
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List of symbols in Latin letters

Symbol Unit Description

a shape parameter one in probability distirbution functions fol-
lowing alpha and beta distributions

b shape parameter two in probability distirbution functions fol-
lowing alpha and beta distributions

i element in set of time-to-peak

j element in set of peak twitch force

k element in the set of normalized contractile properties

m time step

n motor neuron number

itermax maximum number of iterations

g e [au] excitatory gain

p [%MVC] force level

ps [%MVC] force level at which an experimentl data is available

p(Θ) probability distribution function of the model input

p(D) probability distribution function of the calibration data

p(Θ |D) probability distribution function of the model input given cal-
ibration data, i.e., posterior set

p(D |Θ) probability distribution function of the calibration data given
model input

t [s] time

tend [s] end of the entire contraction

t ∗, ∆ t ∗ [s, s] fixed discharge instance and the change thereof

tmn , ∆ tmn [s, s] discharge instance of motor neuron n at the current time step
m and the change thereof

tm− 1
n [s] discharge instance of motor neuron n at the previous time

step

t ramp [s] end of ramped contraction

w [au] weight

D set of calibration data
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E 1 event 1

E 2 event 2

E expected value

E [Hz] excitatory drive

Emax [Hz] maximum excitatory drive

E N [Hz] excitatory drive to recruit motor neuron N

E II
max [Hz] second part of Emax

E target [Hz] target excitatory drive

F̂ [N] hypothetical total muscle force output

F exp [N] isometric strength of knee extensors obtained from experi-
mental data

FFull Recr [%MVC] force level when all motor neurons are recruited

F set of discharge instances obtained from simulations

I size of the prior set of time-to-peak

J size of set of normalized peak twitch force

K size of the set of normalized contractile properties

L the likelihood function

MFR [Hz] minimum discharge rate

N total number of motor neurons in the pool, i.e., size of the
pool

P(E 1) probability of event 1

P(E 1 |E 2) probability of event 1 given event 2

P(E 1 ∩ E 2) probability of event 1 and 2 occuring at the same time

P(E 2) probability of event 2

P(E 2 |E 1) probability of event 2 given event 1

P(E 2 ∩ E 1) same as P(E 1 ∩ E 2) if E 1 and E 2 are independent

PFR 1 [Hz] peak discharge rate of motor neuron 1

PFRD slope of the peak discharge rate

PFR n [Hz] peak discharge rate of motor neuron i

PFRN [Hz] peak discharge rate of motor neuron N
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R covariance matrix

RR range of recruitment

RTEn [Hz] recruitment threshold of motor neuron i

TF [mN] twitch force

TTP , TTP [-, s] (normalized) time required to reach peak twitch force,
i.e., time-to-peak





1 Introduction

1.1 Motivation

Movement is crucial for all organisms as it allows them to perform basic functions required
for survival such as running away when there is a threat, eating and so on. The movement
actuators of humans are skeletal muscles.

Physical exercise schemes have been used extensively up to date to improve movement
capabilities. Besides the improvement in movement capabilities, exercise has numerous
positive effects on the overall health. Such positive effects include, but not limited to, anti-
depressive effects in depressive disorders [209], improved blood circulation and a reduced
risk of cardiovascular diseases [232].

Exercise simultaneously improves bone health and joint mobility, thus decreases injury
risk [232]. At the muscle level, one of the most prominent effects of exercise on the muscle
function is improved muscle force output. It is therefore important to understand first
the mechanisms behind how muscle force output is generated and how it improves with
exercise.

To generate voluntary force output, signals from the brain are transmitted to the spinal
chord via upper motor neurons. Lower motor neurons transmit the signal from the upper
motor neurons on to muscles.

Since motor neurons act as the enabler to generate muscle force, we need to understand
how they behave. When their behaviour is understood, we can then investigate the
corresponding changes in their behaviour, which would yield increased force output.

Experimental studies have been used to investigate the mechanisms behind how muscles
generate force and the motor neuron behaviour. It is straightforward to measure muscle
force output and muscle strength experimentally, however, motor neuron behaviour is not
as straightforward to observe in an experimental setting.

Muscle force output is a mechanical property whereas in motor neuron behaviour,
neural aspects play a significant role. To investigate motor neuron activity, electrical
signals produced by motor neurons that initiate muscle contraction are measured. This
measurement can be performed by electromyogram (EMG).

EMG measurements can be made by placing electrodes on the surface of the muscle
over the skin. Another method is placing needle electrodes inside the muscle. Despite
the fact that both methods have their own strengths and can provide valuable insight
into neural behaviour, they both provide data for only a portion of the motor neurons
controlling a given muscle.

When experimental methods are tedious to perform or cannot provide enough insight
on the phenomenon of interest, it is common to use computational models to fill the
gaps left by experimental data [308]. The advantage of computational models is that
individual parameters of any phenomenon can be isolated and investigated individually,
which is not possible for experiments. However, experimental methods are based on real-
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life measurements in a specific setup whereas models are only an abstraction of reality.
This study makes use of a computational approach to investigate the motor neuron be-

haviour and the corresponding changes as a result of exercise. In doing so, a data-driven
modelling framework is established, by using experimental data for calibration of mod-
elling parameters. This way, advantages of experimental and modelling approaches are
combined together to establish an evidence-based framework to investigate neuromechan-
ical adaptation in muscles.

We first try to quantify the rate of discharge of electrical signals from the motor neurons
by means of a phenomenological motor control model during voluntary muscle contraction.
Force output of individual motor neurons are then quantified to obtain the total muscle
force output. The ultimate aim is to determine the change in the motor neuron discharge
rate, which would yield the expected increase in force output due to exercise.

The focus is on one type of exercise, namely isometric exercise, which is performed by
contracting the muscle at a fixed length. This form of exercise is known for being simple,
as joints remain at a fixed angle. Using data from literature on the changes in muscle force
output due to isometric exercise, specifically unilateral (performed by one limb) isometric
knee extension exercise, model parameters are calibrated. As a a result, change in the
discharge rate of motor neurons yielding the expected change in force output due to the
selected exercise form are determined.

1.2 State of the art in muscle modelling

In order to analyse the complex musculoskeletal system, one needs to develop a clear
understanding of the physical nature of the system and of the mathematical representation
of its dynamics [327]. Computational models are developed to enhance the understanding
of the musculoskeletal system. The selection of the modelling scheme depends on the
feature of the muscle that is of interest to the modeller. To illustrate, if the aim is to
model the response of the muscle to a given displacement of the muscle under a given
load, a well-established material model is required. When the focus is on the response of
the muscle to a given activation pattern, the modelling scheme needs to include a model of
motor unit recruitment. It is also possible to couple different models together to observe
multiple aspects of muscle function.

Modelling approaches can broadly be divided into two groups. The first one is known
as “phenomenological models”, also called as ”black box models” [71]. The reason why
they are considered as black box models is that such models are based on a theory that
expresses the outcomes of the phenomena being investigated mathematically [303]. The
correspondence to any real entities within the system may be completely lacking or be
present only partially. The second modelling approach appeals to biophysical models,
which include subsystems that describe the chemical, electrical, and structural entities of
the muscle [71]. These subsystems may be described using ordinary/-partial differential
equations.

The scale at which the phenomenon is modelled also plays an important role in muscle
modelling. This is due to the hierarchical structure of skeletal muscles (see Section 2.1).
Models investigating the muscle at the cellular level may contain descriptions of the cross-
bridge dynamics or the ion exchange at the cell membrane of the muscle cell or the motor
neuron. If macroscopic deformations are of interest, a continuum-mechanical setting can
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be used.
The following sections provide an overview of the literature on phenomenological models

with respect to the mechanics of isometric skeletal muscle contractions. This is followed
by an overview on models of voluntary muscle control. Note that the emphasis of the
literature review provided in this section lies on phenomenological skeletal muscle models.
Next, computational models in exercise science are presented. These models, however,
investigate the performance expectations of athletes and not non-athletes. In this study,
neuromuscular adaptation in response to one type of isometric exercise performed by
sedentary subjects, i.e., non-athletes has been investigated. Therefore, a review of ex-
perimental studies on the isometric exercise performed by sedentary subjects has been
provided. Finally, data-driven computational models in biomechanics are reviewed as
this work makes use of a driven modelling scheme.

1.2.1 Computational models of skeletal muscle mechanics

Phenomenological models are developed in conjunction with experimental data, either
conducted specifically for the study at hand or using data from other studies or a com-
bination of both. One fundamental phenomenological model is the Hill’s model, which
describes muscle force output using a rheological model [139]. The model is composed of
three rheological elements: two springs and one contractile element. One spring is seri-
ally connected to the contractile element and the second spring is connected to the other
two elements in parallel. This way, the total force output is composed of two additive
parts, one describing the active force output and the other the passive force output. The
active force output is modelled as a combination of the force-length, force-velocity and
a viscoelastic response of the element to a given traction, e.g.[79, 113, 255, 286]. Due
to its phenomonogical nature, this model can only describe the mechanical properties of
muscles, but not how the contraction is generated [285]. However, it is a fundamental
model, since it provides insight into the mechanical aspects of the active force output in
a simple setting.

Hill’s model is being developed further up to this date, e.g., [119, 127, 328] and is
commonly integrated within a continuum-mechanical setting. Sharifimajd & St̊alhand
[286] suggest a thermodynamically consistent model of the skeletal muscle. They replace
the contractile element of Hill’s model by a friction clutch to mimic the slipping of the
actin filament against myosin under a given load. The reason for this is to formulate
the element based on mechanical properties and not as a ”black box”. Authors of this
study use an additive decomposition of the stress, despite modelling large deformations.
They claim that this does not introduce the problem regarding the principle of objectivity
as the model is described for a 1D setting and not a 3D setting. Although the authors
provide a solution to this problem, they also hint that verification of muscle models in a
3D setting is not possible. This is a strong statement, because numerous experimental
studies on the macroscopic behaviour of skeletal muscles do exist and they investigate the
passive as well as the active states.

Various authors have modified the rheological muscle models, e.g.by more detailed
continuum-mechanical models. Such a model is suggested by Ehret et al. [79]. In this
study, authors make use of a constitutive material model of muscle tissue based on a
transversely isotropic hyperelastic material model. The active state is motivated by the
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change of fibre length, which is prescribed by a weight parameter in the generalized
invariant. This weight is additively decomposed into an active and passive part. An
active contraction occurs when the active part of the weight parameter is larger than
zero. However, the active force output, at the end, is reduced to a simplified form of the
model of the force output as already suggested by previously Fuglevand et al. [104]. The
active part of the weight was later coupled to an electrical source term that describes the
action potential in Böl et al. [29].

One other example of the integration of Hill’s model in a continuum-mechanical set-
ting is described in the study by Göktepe et al. [113]. On top of a phenomenological
description of the active force motivated by Hill’s model, Göktepe et al. [113] make use of
a micromechanically motivated active strain. The active strain evolves with the intracel-
lular calcium ion concentration. Therefore, the suggested modelling framework couples
phenomenological and biophysical descriptions of muscle contraction.

Based on experiments performed on isolated tibialis anterior muscles of rats, Ramı́rez
et al. [255] used the generic form of the force output of the contractile element based on
Hill’s model. They additionally introduce a force-voltage relationship, which describes
the influence of electrical stimulation on the force output. They also include the effect of
the concentration of various ions in the muscle cell as the contraction proceeds without
focusing on any specific ion. This allows to take the effect of fatigue-related force decrease
at the force plateau into account. Combining these components multiplicatively provides
the total force output. Results of the simulations fit well with the experimental data.
Being relatively simple to implement, the model, however, does not take into account the
differences related to motor neuron types and it assumes a single motor neuron type for
all contractions.

To model the active force output realistically, passive force output of the skeletal muscle
should also be included in models, since the passive force output is significant when the
muscle operates at a long length. In a continuum-mechanical setting, passive force output
is included using representations of the experimentally measured force-length curve of the
muscle. This curve can be modelled using piecewise functions, which describe the J-
like curve of biological tissue response. Blemker et al. [25] utilized this framework to
investigate the causes of non-uniform strains in biceps brachii muscle. Various activation
levels are modelled by a scaling parameter ranging from 0 to 1. Röhrle & Pullan [268]
used a similar framework to investigate human mastication, using a detailed geometry of
the masseter muscles including the fibre directions. These models allow to inquire insight
into the influence of fibre direction and the distribution of stress, strain, and hence muscle
force, during muscle contraction.

In order to understand the mechanism of muscle contraction at the molecular level
and to interpret the results of mechanical, thermodynamic, and biochemical experiments
on skeletal muscle, Huxley-type models are used [327]. These models are based on the
work by Hodgkin & Huxley [140], for which the authors won a Nobel prize in Physiology
or Medicine in 1963. Using non-linear equations, the model describes the mechanism of
the generation and propagation of action potentials in the giant squid axon. The model
describes the cell membrane as an electrical circuit. Potassium, sodium current as well as
a “leakage current” caused by other ions are expressed in terms of the cell’s resting and
equilibrium potential of each ion. The authors were able to capture the experimentally
measured action potential curve using the model. The development of a multi-scale,
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chemo-electro-mechanical model of muscle contraction using components of the Hodgkin-
Huxley model will be illustrated in this section. Further examples of biophysical modelling
frameworks are not elaborated on as such models are out of scope of the current work.

Shorten et al. [289] employ a mechanistic description of the force response of skeletal
muscle to applied electric fields based on the biological mechanisms that link cell excit-
ation to contraction. They combine and modify multiple models of cellular dynamics,
initially developed for cardiac muscle. Utilizing the model suggested in Shorten et al.
[289], Heidlauf & Röhrle [132] propose a detailed model of the excitation-contraction
coupling mechanism based on the work by [274]. To do that, a half-sacromere model is
used, which is composed of five sub-models of membrane electrophysiology, calcium re-
lease from the sarcoplasmic reticulum, calcium dynamics, cross-bridge and fatigue. The
wholesome model of the excitation-contraction coupling is constructed in a continuum-
mechanical setting, which allowed for the 3D analysis of the tissue during contraction.
Motor neuron recruitment behaviour is modelled following Fuglevand et al. [104]. Con-
stitutive models for the tissue behavior were used as suggested in Röhrle & Pullan [268].
This framework was later enhanced in [133] as a chemo-electro-mechanical model by in-
cluding the force-length and force-velocity response of the sarcomere. The differences
between fibres spanning the entire fascicle and the ones terminated inside the fascicle
were compared to fusiform or unipennate muscles.

1.2.2 Computational models of motor control

With regards to the investigation of skeletal muscle contraction, one other way is to include
principles of motor control within a modelling framework. Computational motor control
models allow, among other options, to describe the rate coding behaviour of motor neurons
at various levels of contraction and to model the electromyographical (EMG) signals. This
can be done by incorporating the complete feedback loop of the central nervous system,
by including reflex mechanisms. It is also possible to investigate the feedback loop only
partially.

Based on Hatze [127], Hatze [128] suggests a model of motor control using ordinary
differential equations describing the dynamics of excitation-contraction coupling. The
rate of change of length is dependent, among other factors, on the fibre arrangement,
i.e., pennation of the muscle. The model accounts for the orderly recruitment of motor
neurons, which requires a variable number of active motor neurons according to level of
activation. The history of the activation of motor neurons is also modelled, by introducing
a semi-active state, which refers to motor neurons that were activated previously and
were later deactivated [128]. EMG data from each muscle of the quadriceps during a
ballistic maximum effort contraction is collected. The outcomes are used to define the
input parameters. The modelling scheme correctly describes the lag time between the
excitation and the contraction, but not entirely the force output of the muscle group.

In an early model by Christakos [51], the motor neuron population of a muscle and
the corresponding muscle force output for contraction levels up to 70% MVC is modelled.
The aim of this study is to investigate the tremor, i.e., fluctuations, in the force output.
The model consists of individual motor neurons acting as parallel systems, which mimic
how the neuromuscular system utilizes the contribution of the motor neurons to generate
force or electrical signal and hence the power spectrum of tremor is investigated. A
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closed feedback loop of the central nervous system is not included in the model. The first
dorsal interrosseus muscle of the hand has been used to demonstrate the capabilities of
the model. The recruitment threshold is defined by means of a critical mean firing rate.
The mean firing rate of a motor neuron is modelled to increase linearly according to the
difference between the force at which the motor neuron is recruited and the target force
output.

The range of the values for the contractile properties (here, peak twitch force and time
to peak twitch force) of motor neurons are borrowed from the experimental study by
Milner-Brown et al. [220]. The distribution of the contractile properties are defined in
relation to the force level for the recruitment of a given motor neuron. The impulse
response of the system is defined as a function of the contractile properties and implicitly
of the mean firing rate of the motor neuron. The force output of a motor neuron is
computed by superimposing the impulse response with the twitch response and summed
up linearly to obtain the total muscle force.

When the histograms for the mean firing rate of the active motor neurons given in
Milner-Brown et al. [220] are investigated, an exponential distribution is observed. This
would point to a high proportion of type I motor neurons, since type I motor neurons
fire faster than type II motor neurons, cf. the onion skin principle [62]. Milner-Brown
et al. [220] found that the 80% of the first interrosseus muscle is comprised of type II
fibres. Although the experimental data on the contractile properties of this muscle is
incorporated in the model, the output for the firing rate cannot capture the rate coding
behaviour of the motor neurons of this muscle.

Shadmehr & Arbib [284] suggested a modelling framework of voluntary control and
studied the force-stiffness curve of a single joint system, by improving Feldman’s model
from 1966. Feldman’s model on motor control show that muscle force is a function of the
muscle length and the neural command received by the muscle. This neural command
may be composed of the spindle feedback, Golgi tendon pathways or the amount of effer-
ent input. Feldman showed that stiffness of muscles during contraction does not follow
Hooke’s law, i.e., a muscle is not a linear spring. To maintain a given joint angle, stiffness
of co-contracting muscles (as a function of joint angle) needs to display non-linear beha-
viour in order to reach equilibrium when the external load changes. Shadmehr & Arbib
[284] improved this model to include the behaviour of the system for low force levels by
including the stretch reflex.

The steady-state, isometric input-output relationship of the motor neuron pool is mod-
elled by Heckman & Binder [130]. Reflex circuitry is not included in the model. The
effective synaptic input at the motor neuron soma is used in conjunction with the firing
rate-injected current function to determine mechanical output. The motor neuron con-
tractile properties were assigned according to experimental data on cat gastrocnemius
muscle. The model was tested using 100 motor neurons, less than the size of the motor
neuron pool experimentally measured for the muscle, thus the force output was scaled to
obtain a realistic total force output. The model was later used to investigate age-related
neuromuscular changes, e.g., [318].

Contrary to the detailed description of the synaptic input-output relationship in Heck-
man & Binder [130], Fuglevand et al. [104] suggested a modelling framework to model
the isometric force output by reducing the synaptic input to a common excitatory drive.
They model the discharge instances, the twitch response of motor neurons and the res-
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ulting EMG signal for an isometric contraction. The model captures the rate coding
behaviour of motor neurons. The number of active motor neuron for a given level of force
is variable. There is no limit for the size of the motor neuron pool that can be modelled
using the framework in Fuglevand et al. [104] as the motor neuron pool size is an independ-
ent variable. The model is still being used extensively to generate discharge instances of
the motor neuron pool, e.g., [93, 95, 124, 137, 144, 154, 165, 245, 324]. The model itself is
capable of integrating and investigating various experimentally observed aspects of motor
unit recruitment behavior, see e.g., [72, 156, 224, 301]. Further, individual parts of the
model have been utilised within other modelling approaches, e.g., to drive biophysically
based three-dimensional, multi-scale chemo-electro-mechanical skeletal muscle models as
in Heidlauf & Röhrle [132, 133] or Röhrle et al. [267].

A more recent model by Cisi & Kohn [52] propose a closed loop model of the spinal
chord circuitry. Three types of motor neurons (slow twitch, fast fatiguing and fatigue
resistant) are modelled. The model generates a motor unit potential and a motor unit
twitch following a conduction delay. Summation of the motor unit twitch yields the total
force whereas the superposition of the motor unit action potential simulates EMG. The
populations of interneurons and stochastic processes associated with the descending tracts
provide the inputs for the motor neuron pool. The reflex mechanisms are also modelled by
incorporating external nerve stimulation. The soma and the dendritic tree are modelled in
detail using a system of ordinary differential equations describing the membrane potential
and conductance. The motor neuron twitch is modelled in arbitrary units, therefore, the
model’s capability to predict force output is only possible by comparing the rate of force
development and not the absolute force output.

Contessa et al. [56] propose a model of motor control in which they drive the gain
function scaling the twitch response of motor neurons by means of the firing rate of motor
neurons. A non-linear function for the firing rate is suggested, which composed of four
constants and is a function of the recruitment rate of motor neurons. The constants are
calibrated against experimental data on the first dorsal interrosseus muscle of the hand
and the vastus lateralis. Firing instances and the recruitment threshold of motor neurons
are modelled following Fuglevand et al. [104].

1.2.3 Data-driven modelling in biomechanics

Developments in computational intelligence have expanded the capabilities of empirical
modelling. Data-driven modelling is the field that encompasses these new approaches and
is based on analysing the data about a system without explicit knowledge of the physical
behaviour of the system [3].

One approach in data-driven modelling is Bayesian updating. Based on the Bayes’ the-
orem, which briefly describes the probability of an event given some evidence, Bayesian
updating provides a (model-invariant) framework that can be used to estimate the para-
meters of any model. The framework allows to include information from multiple data
sources for model calibration, even if the data exhibits inter-subject variability and/or
experimental uncertainty.

Bayesian updating has previously been applied modelling sensorimotor learning [173],
carbon dioxide storage [234] and in fisheries science [73]. It has also been recently applied
to model the mechanical behaviour of passive structures in muscles (e.g., fibres [28],
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tendons [162]), aortal mechanics [283].

1.3 State of the art in experimental studies on isometric
exercise

Training our muscular system in an effective and controlled way may lead to increased
mobility [57], fosters faster recovery from injuries or surgical interventions through spe-
cialised and, thus, more efficient and subject-specific training/rehabilitation programs
[251, 313]. An effective exercise plan potentially lead to performance enhancement in
(professional) athletes [229]. Exercise induces changes in skeletal muscles. These changes
have been investigated by means of experimental studies for a long period of time. Here,
the focus is on isometric exercise, therefore, we narrow the state-of-the art on exercise
studies to studies on (unilateral) isometric exercise. Readers interested in experimental
studies on dynamic exercise can refer to systematic reviews by e.g., [179, 269, 280, 281].

Studies, in which the training is isometric and unilateral, provide a natural way to study
the influence of training by comparing the trained limb with the contralateral limb. There
exists a number of studies on unilateral training of the upper extremities e.g., [54, 55, 60,
75, 78, 136, 148, 161, 168, 170, 188, 202, 214, 218, 257, 302] and the lower extremities
e.g., [6, 19, 37, 65, 325] as well as the hand e.g., [43, 47, 59, 60, 76, 206, 241, 326].

Most unilateral isometric knee extension exercise (UIKEE) studies focus on neuromech-
anical changes by analysing EMG data e.g., [12–14, 46, 81, 110, 193, 263, 319, 320],
morphological changes through monitoring muscle mass/cross-sectional area/volume e.g.,
[12, 13, 110, 155, 182, 193], comparison of the training effect of UIKEE with non-isometric
modes of training e.g., [30, 101, 102, 155, 190, 239, 273], changes in co-activation of the
synergistic muscles, e.g., [46, 306], cross-education, e.g., [193, 320], comparison of extern-
ally stimulated and voluntary exercises on the training outcome, e.g., [16, 126, 180, 222],
specificity of the joint angle and it’s influence at the trained as well as non-trained angles,
e.g., [14, 319, 320] and metabolic changes, e.g., [118, 172, 193].

Besides the complex nature of muscle adaptation and limitations of experimental meth-
ods, small sample size of experimental studies pose a difficulty in drawing definitive con-
clusions on the outcome of a given training intervention. To overcome the limitation of
small sample sizes of individual studies, systematic review studies are used frequently.
Carlson et al. [45], Inder et al. [149] and Owen et al. [238] have investigated the implica-
tions of isometric training on the management of blood pressure by means of systematic
review and meta-analyses. Munn et al. [226] and Bohm et al. [27] include isometric exer-
cise on various muscles/muscle groups in their systematic reviews together with dynamic
modes of training. They concentrated on the strength gain in the contralateral limb and
the impact of the exercise on tendon stiffness, respectively. By pooling studies on the
training of large muscles, Oranchuk et al. [237] focused on the longitudinal adaptation
due to isometric exercise, but did not distinguish between uni-/bilateral training.

1.4 Thesis outline and research questions

The aim of this study is to investigate one adaptation mechanism in skeletal muscles in
response to resistance exercise, namely the change in the discharge rate of motor neurons,
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using a data-driven modelling approach. A modelling framework composed of four sections
has been established. The framework has been set up with a focus on unilateral isometric
knee extension exercise (UIKEE). This choice has been made on the basis of the simplicity
of this exercise. It is easy to perform, also for sedentary subjects, since the muscle length
remains constant. Furthermore, its effect on the muscle strength is straightforward to
measure within a laboratory setting. Therefore ample data on the change in strength due
to UIKEE is available in literature.

A number of mechanisms are responsible for the adaptation in muscles to exercise. One
of these mechanisms is the neuromechanical adaptation. Neuromechanical adaptation has
multiple components. In order to reduce the complexity of the problem, only one aspect
of neuromechanical adaptation has been selected. Specifically, the change in the discharge
rate of the motor neurons of the exercised muscle has been investigated and quantified.
Chapter 2 provides detailed information on the physiology of muscles, exercise as well as
exercise related adaptation mechanisms.

The suggested framework is muscle-specific. Since the exercise type has been selected as
UIKEE, the focus lies on the muscles of the knee extensors. Knee extensors are composed
of four muscles (see Chapter 2, Section 2.1.3). Among those, the vastus lateralis has been
selected for further investigation, since it is a monoarticular muscle and ample data on
its neuromechanical behaviour exists.

The framework treats the configuration of the vastus lateralis before and during/after
the exercise period, which have been referred to as pre-and post-exercise states, respect-
ively. The force output of the motor neurons of the vastus lateralis has been modelled
during these states. Note that only the isometric force output has been considered in
this study, therefore force output refers to the isometric force output in the following. To
model the force output, the motor neuron recruitment model introduced by Fuglevand
et al. [104] has been chosen.

Calibration of model parameters for each section of the modelling framework has been
performed using Bayesian updating, which relies on Bayesian statistics. Therefore, an
overview of Bayesian statistics and specifically Bayesian updating has been provided in
Chapter 3. The Bayesian updating scheme treats models as a black-box. It requires an
estimate of the range of values the model input may take. Furthermore, it requires the
model output to be dictated.

Chapter 4 introduces the capabilities as well as the limitations of the motor control
model by Fuglevand et al. [104] in detail.

The modelling framework in this study is composed of four separate modelling schemes.
Each of these schemes build up on each other, ultimately to quantify the change in the
discharge rate of the motor neurons of vastus lateralis due to UIKEE. First two schemes
of the framework (in Chapter 5 and Chapter 6) deal with model parameters that are
required to compute the total force output of vastus lateralis in the pre-exercise state. To
compute the total force output, the discharge instances and the twitch properties of the
motor neurons are required. Why and how these components are used to compute the
force output has been explained in Chapter 2, Section 2.2.6.

To determine the parameter set for the discharge instance of the motor neurons at the
pre-exercise state, two components are required. These are the discharge instances and
the twitch properties of the motor neurons. Why and how these components are used to
compute the force output is provided in Chapter 2, Section 2.2.6.
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To set up the pre-exercise state of the muscle, model parameters that describe the
discharge instances of vastus lateralis are first required. The input parameters of the
motor neuron recruitment model responsible for generating the discharge instances are
determined in Chapter 5. As stated earlier, the input parameters are calibrated against
experimental data using Bayesian updating. The calibration has been performed against
available experimental data on the mean discharge rate of vastus lateralis. Data collected
from healthy, young subjects are used for this purpose.

In Chapter 6, twitch properties of the motor neurons at the pre-exercise state are
determined. Possible configurations of how the twitch properties are distributed for each
motor neuron have been generated based on experimental data on human muscles. Using
the set of input parameters determined in Chapter 5 and the motor neuron recrutiment
model, the force output is computed for each configuration of the twitch properties. The
force output obtained as a result of the model runs provide us the necessary model outputs.
To determine the configuration of twitch properties that are specific to vastus lateralis,
the model output is calibrated against the force output of vastus lateralis that has been
measured experimentally. The set, which yields the most accurate force output has been
selected by Bayesian updating.

Upon the completion of Chapter 5 and Chapter 6, we have now obtained the pre-exercise
state of the motor neurons. The next step is to determine their post-exercise state. As
stated earlier, there exist ample data on the change in muscle strength in response to
UIKEE. The change in strength due to UIKEE has been used as calibration data to
determine the post-exercise state, which makes up the third scheme of the modelling
framework. A systematic approach has been employed to gather data from literature on
the change in strength due to UIKEE. This data has then been modelled longitudinally
over trained weeks. How the data have been collected and the set-up the longitudinal
model of the strength change are provided in Chapter 7. Note that the work presented
in this chapter is a collaborative effort among the author of this dissertation, Ms. Svenja
Seide from the University of Heidelberg, Mr. Ismail Bayram and Prof. Hayri Ertan from
Technical University of Eskişehir, Dr. Leonardo Gizzi and Prof. Oliver Röhrle from the
University of Stuttgart.

The last scheme of the modelling framework deals with the change in the discharge
rate of the motor neurons of vastus laterlis during the post-exercise state. Using the
longitudinal model of the change strength from Chapter 7 as calibration data, parameters
of the motor neuron recruitment model have been determined. Using these parameters,
we were able to quantify the change in the discharge rate of vastus lateralis, such that
the muscle can generate force over trained weeks as predicted in the longitudinal model
of the strength change.

Finally, the results obtained from all modelling schemes employed in this study have
been discussed in Chapter 9. The novelties of the schemes as well as their limitations
have been explored. Suggestions for the implications for future research have been also
presented.

Below is a list of the research questions we tried to answer in each modelling scheme
and their aims:

Aim 1: We aim to provide methods and schemes to model the force output of the
motor units of vastus lateralis in the pre-exercise state. Particularly, we focus on the
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following reasch objectives.

Research Question 1 (Chapter 5): What is the optimal parameter set to describe
the discharge instances of the pre-exercise state for the motor unit pool of the vastus
lateralis?

Research Question 2 (Chapter 6): What are the contractile properties of the motor
units of vastus lateralis?

Aim 2: We aim to build a time-dependent model predicting the change in isometric
strength of knee extensors due to unilateral isometric exercise exploiting experimental
data from literature.

Research Question 3a (Chapter 7): Based on which criteria should the experimental
studies be chosen to obtain a homogeneous data set that focuses only on unilateral
isometric exercises?

Research Question 3b(Chapter 7): How can the data set be modelled longitudinally?

Aim 3: We aim to quantify the influence of unilateral isometric knee extension exercise
on the discharge rate of the motor neurons of the vastus lateralis.

Research Question 4 (Chapter 8): How much should the discharge rate of motor
neurons in vastus laterlis should increase to attain the gain in isometric strength,
which has been modelled in Scheme 3, i.e., due to unilateral isometric knee extension
exercise?
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Conference proceedings

1. Saini, H.; Altan, E.; Ramasamy, E.; Klotz, T.; Gizzi, L.; Röhrle, O.: Predicting
skeletal muscle force from motor-unit activity using a 3D finite element model.
Proceedings in Applied MAthematics and Mechanics (2018), e201800035
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2 Anatomical and physiological
background

2.1 Skeletal muscle structure and function

2.1.1 From the cell to organ - the hierarchical structure

Figure 2.1: The hierarchical skeletal muscle
structure, adapted from [236].

Muscles have tendinous origins and inser-
tions. These attach to bones at either end.
Between the insertions is the muscle belly,
which is composed of thousands of indi-
vidual muscle fibers [44]. A three-level net-
work of collageneous connective tissue sur-
rounds the muscle. The outermost tissue
covering the entire muscle is known as the
epimysium. Fascicles, composed of mul-
tiple muscle fibres, are surrounded by the
perimysium. Lastly, endomysium envel-
opes individual muscle fibres [87]. Each of
connective tissue layer is interconnected to
the next one [44] (see Fig. 2.1).

Muscle fibres are also known as myofib-
rils. Myofibrils are units responsible for
the contraction and relaxation of the fibre.
They are aligned in parallel to each other
and run through the entire muscle length
[316]. Myofibrils are separated from each
other by mitochondria, sarcoplasmic re-
ticulum (SR) and transverse tubular sys-
tems (T-tubules). The cell membrane sar-
colemma encloses these units and is an
excitable membrane [87, 204]. T-tubules
are aligned transversely to the long axis of
fibres whereas the SR is an axial system of
tubules and vesicles, which acts as a signal-transducing apparatus that triggers contrac-
tion together with the T-tubular system [87].

Skeletal muscles have a striated structure. This striation is caused by the dark and
light bands of the myofibrils, namely the A-band (A referring to anisotropic) and I-band
(I referring to isotropic). A-bands contain thin and I-bands contain the thick filaments
[204].

13
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Thin filament has a high composition of actin, but also contains tropomyosin and
troponin proteins. Each thin filament is composed of two helical strands of fibrous actin
that have two-stranded and globular proteins, tropomyosin and troponin respectively,
attached to them. Tropomyosin and troponin are also known as regulatory proteins as
they facilitate the interaction of actin and myosin [87].

Thick filament is composed of myosin and other myosin-binding proteins. Myosin mo-
lecule is a long, helical structure and ends with two globular heads. Each globular head
contains an adenosine triphosphate (ATP) binding site, an actin-binding site and another
site for hydrolyzing ATP [87].

2.1.2 Types of contractions

There are two main modes of muscle contraction, which are dynamic and static modes
(see Fig. 2.2). During dynamic contractions, the muscle lengthens (eccentric contraction)
or shortens (concentric contraction), i.e., the distance between the distal and proximal
ends of the muscle changes. Such contractions moves a given joint by changing the joint
angle.

During a static contraction, the overall length of the muscle and its tendons do not
change [87]. The static contraction mode is also described as isometric, where “iso” means
constant and “metric” means length in Greek [87] At the sarcomere level, true isometric
state is attained after the contractile structures have extended the elastic components of
the sarcomere to an equilibrium state [129].

In isometric contraction against an external resistance, the external torque can easily
be measured and is equal to the resisting force multiplied by the lever of this force in
relation to the axis chosen. To illustrate, knee extension strength might thus be defined
as the maximum external torque of the quadriceps muscles [121].

2.1.3 Knee extensors

Quadriceps femoris (Quadriceps extensor) includes four muscles on the front of the thigh
(see Fig. 2.3). It is the great extensor muscle of the leg and forms a large fleshy mass
that covers the front and sides of the femur. It is subdivided into separate portions. The
portion occupying the middle of the thigh taking its name from its straight course, is the
Rectus femoris. The other three are connected to the body of the femur. The portion on
the lateral side of the femur is known as the Vastus lateralis, the one covering the medial
side is the Vastus medialis and the one in the front is the Vastus intermedius [115]. The
Quadriceps tendon inserts into the proximal aspect of patella (the kneecap). It continues
distally past the patella as the patellar tendon [192].

The study by Handsfield et al. [125] shows that the vastus lateralis for 24 young, healthy
subjects has the highest volume within the knee extensor muscles followed by vastus
medalis, vastus intermedius and rectus femoris. This order has also been reported in the
same way in the study by Ward et al. [314], but the measurements have been taken from
cadavers.

All four muscles of the quadriceps contribute to the force output during knee extension.
Due to the differences in their physiological cross-sectional area (PCSA) and line of action,
contribution of each muscle to the overall force output is uneven. As it is not possible
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Figure 2.2: Dynamic and static modes of contraction. Concentric and eccentric contractions
belong to the dynamic mode of contraction, whereas the isometric contraction is a static mode
(adapted from [236]).

to measure the force output of a living subject, in-vivo, the contribution of each muscle
cannot be measured directly. There exist some methods to estimate the contribution of
each muscle, by using electromyography (EMG) data based on the activity level of each
muscle and by using PCSA of each muscle. To illustrate, Elias et al. [80] reports that the
force output of Vastus lateralis takes up 38% of the total knee extensor force output.

2.2 Voluntary muscle contraction

2.2.1 Motor neuron

Motor neurons are neuronal cells, which are located in the central nervous system. They
can be divided into two types depending on the identity of the target they innervate.
One type is the upper motor neurons that originate from the cerebral cortex in the brain
and lower motor neurons. The second type describes the lower motor neurons, which are
located in the brain stem and the spinal chord [296]. This study is concerned with alpha-
motor neurons, therefore, only clusters and structures related to alpha-motor neurons are
described in the following.

Spinal motor neurons are located in the ventral horn of the spinal cord (see Fig. 2.6
(b)). They control skeletal muscles. They form the ultimate component of the neuronal
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(a) (b)

Figure 2.3: (a) Muscles of the frontal upper part of the lower limb, i.e., the quadricpes femoris
(adapted from [115]). (b) Cross-section MRI scan of the upper limb. Knee extensors are marked
with the abbreviation of the respective muscle, where RF: rectus femoris, VI: vastus intermedius,
VL: vastus lateralis, VM: vastus medialis (from [15], with permission).

circuitry as there exists no alternative way to transfer commands from the processing
centres in the CNS to the effector (skeletal) muscles in the periphery (within a distance
from the centre). Axons of motor neurons can extend several meters in mammals, which
makes them the longest known cell type.

Lower motor neurons are classified into three groups according to the type of target
they innervate, namely branchial, visceral, and somatic motor neurons. Somatic motor
neurons exclusively control skeletal muscles and are further categorized into three types
according to muscle fibre type they innervate. These are alpha, beta and gamma motor
neurons (see Fig. 2.4 for an overview) [296].

Figure 2.4: Types of motor neurons

Skeletal muscles contain extrafusal fibers, which are responsible for generating the force
output, and muscle spindles and they provide proprioceptive information on the position
and the state of extension of the muscle (see Fig. 2.5). Alpha-(alternatively, α) motor
neurons innervate extrafusal fibres. These have large cell bodies and well-characterized
neuromuscular endings (see Fig. 2.6 (a)) . They receive direct monosynaptic input from
sensory neurons, which minimizes the delay of the response of the spinal reflex circuitry
[296].
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Figure 2.5: Types of somatic motor neur-
ons and the fibres they control. Here abbrevi-
ations denote, MN: motor neuron, MS: muscle
spindle, OC: outer capsule, EF: extrafusal
muscle fibres, IF: intrafusal fibres [from [296],
open access under the Creative Commons At-
tribution License.]

Somatic motor neurons form functional groups, which connect to a unique muscle target.
These groups are known as motor neuron pools [296]. The size of the motor neuron pool
of a muscle denotes the total number of motor neurons innervating the muscle. This
number may go up to several hundreds and is muscle-specific. Although each motor neuron
innervates one type of muscle fibre, the motor neurons in a pool innervates different fibre
types.

(a) (b)

Figure 2.6: (a) The structure of a motor neuron (from tchol.org/, labels are added). (b) The
motor unit [(minimally) adapted with permission from [44]].

2.2.2 The motor unit

As cited in Clark [53], the motor unit as a term has first been introduced in Sherrington
[287]. It was defined as follows:

The term ‘motor-unit’ includes, together with the muscle-fibres innervated by the unit,
the whole axon of the motor neuron from its hillock in the perikaryon down to its terminals
in the muscle.
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Alternatively, the motor unit is composed of an alpha-motor neuron together with the
bunch of muscle fibres it innervates [53, 68, 187, 293]. An action potential travelling
from the soma of the α-motoneuron, along its axon reaches its terminal branches. These
branches are connected to a muscle fibre at the neuromuscular junction [293] (see Fig. 2.6
(b)).

Motor units are categorized according to the size of their axons as well as its cross-
sectional area and the number of fibres they innervate. Smaller motor units are composed
of motor neurons with smaller axon diameter. They innervate less number of muscle
fibres, which are smaller in size, in comparison to large motor units.

The number of fibres a motor unit innervates is known as the innervation ratio. Data
from humans are quite difficult to obtain, as the measurement of the innervation ratio
requires counting the motor neurons and the innervated muscle fibres [276]. It is estimated
in human bodies the innervation ratio may go up to the order of thousands depending on
the muscle.

2.2.3 Fibres of motor units

The first systematic description of the differences in fibre types is often attributed to the
work of Louis-Antoin Ranvier, suggesting that mammalian muscles differ in speeds of
contraction [276, 290]. Histological and biochemical analyses of biopsy samples of skeletal
muscles help to identify differences in morphological, contractile, and metabolic properties
of muscle fibres [330].

Myofibrillar proteins of sarcomeres of striated muscles are known to show wide molecular
heterogeneity, so that they may exist in several 1isoforms. They are also known to be
interchangeable, which means that the isoforms may convert to each other.

One such myofibrillar protein is myosin, which is characterised according to its myosin
heavy chain (MHC) isoform content. MHC is mainly responsible for power generation and
velocity of muscle shortening [278, 297]. In adult human skeletal muscles mainly three
isoforms of MHC exist. These are namely MHC-I, MHC-IIA and MHC-IIX (sometimes
also referred to as MHC-2D)[278]. Fibres are categorized according to the MHC type they
posses.

Different fibre types have a wide variation between their contractile properties [297].
Furthermore, their morphological characteristics are also different. To illustrate, type I
fibres contract slower, are smaller in cross-sectional area, recruited earlier and are more
fatigue-resistant than type II fibres. How the contractile properties, e.g., contraction
speed, force output, and morphological characteristics compare according to fibre type
are outlined in Table 2.1.

It is known that each motor neuron innervates multiple fibres, which are all of the same
type. Using this information, motor neuron type can be determined based on the fibres
they innervate. One common method is histochemical staining for glycogen of the muscle
sample and stimulating individual, isolated motor neurons repetitively. Glycogen depleted
fibres belong to the stimulated motor neurons. After identifying the active motor fibres,
it is possible to identify their characteristics. Being of invasive nature, these methods,
however, cannot be directly applied to investigate human skeletal muscles [276].

1Isoform is defined as “any of two or more functionally similar proteins that have a similar but not an
identical amino acid sequence” [217]
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Figure 2.7: Photomicrograph image of a muscle biopsy cross section stained for myofibrillar
ATPase. The sample is obtained from the middle portion of vastus lateralis. Type I fibres are
marked with dark grey, type IIa with light grey and type IIx with an “intermediate” hue of grey
[from Aagaard et al. [2], with permission].

Table 2.1: Comparison of the fatigue resistance, speed of contraction, force output and the
time it takes the fibre to reach the maximum force output (time-to-peak force) of the pure fibre
types (type I, IIa, IIx).

Fatigue resistance type I > type IIa > type IIx

Contraction speed type I < type IIa < type IIx

Force output type I < type IIa < type IIx

Time-to-peak force type I > type IIa > type IIx

Size type IIx > type IIa > type I

Recruitment order

(first to last)
type I , type IIa , type IIx

2.2.4 Twitch properties of motor units

Force generating capabilities of individual motor units are significant for the estimation of
the force output of the entire muscle [41]. To estimate the motor unit force, information
on the motor unit’s discharge instances as well as its twitch response is required.

When the potential difference across the plasma membrane is depolarized beyond a
given threshold, fibres and motor neurons generate action potentials. This process follows
the “all or none” rule, since increase in the stimulus does not change the shape of the
action potential (see Fig. 2.12) [163].

The force-time response of a motor unit to a single presynaptic action potential is
called a twitch (see Fig. 2.8) [87, 141, 187]. It is the simplest case of the measurement of
mechanical and electrical recruitment of a motor unit.

The twitch response of a motor unit can be modelled as a “second-order damped sys-
tem” [104]. For this, two components of the twitch response are required, which are the
the peak twitch force time required to reach that peak twitch force, a.k.a. time-to-peak.
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Depending on its type, the twitch response of motor units can have a relatively long
time to peak force (a slow twitch, see Fig. 2.8 (a)) or a short time to peak tension (a
fast twitch, see Fig. 2.8 (b)). The peak twitch force and the time-to-peak are inversely
proportional, i.e., a slow twitch response generated less force than a fast twitch force
[276].

(a) Twitch response of type I motor neuron. (b) Twitch response of a type II motor
neuron.

Figure 2.8: The twitch response of type I and type II motor neuron. Here, PTF denotes the
peak twitch force and TTP time required to reach the peak twitch force. Note that PTF I <
PTF II and TTP I > TTP II.

Different motor units vary greatly in force generating capacity. A given motor unit
pool may contain motor units that can produce a wide range of peak twitch force. The
difference/ratio between the highest and lowest peak twitch force of motor neurons of
human muscles are thought be 100-fold or more [83, 216]. However, data on the peak
twitch force is sparser in comparison to the data available on the time-to-peak.

When the data on the time-to-peak is assessed, the range of values measured for a given
muscle is of 4-5 fold [83]. Mean values measured from a number of human muscles range
from 45 to 80 ms (see Fig. 2.9).

2.2.5 Motor unit recruitment

The orderly recruitment of motor units is regarded as one of the most robust principles
of neurophysiology [82, 83]. The first observations regarding this principle was made by
Denny-Brown & Pennybacker [69] when they observed that ”. . . a particular voluntary
movement appears to begin always with discharge of the same motor unit. More intense
contraction is secured by the addition of more and more units added in a particular
sequence. . . . The early motor units in normal gradual voluntary contraction are always in
our experience small ones. . . . The larger and more powerful motor units, each controlling
many more muscle fibres, enter contraction late.”

This suggests that during a given contraction, the force output is increased as more
motor units are recruited following a fixed sequence, namely from te smallest motor unit
to the largest. Henneman [135] suggests that this order was dictated by the surface area
of the soma and dendrites of the motor neurons. Knowing that type I motor units are
smaller in size than type II motor units, motor units recruited at the beginning of any
contraction are of type I. This principle is known as “(Henneman’s) size principle” and is
defined in Henneman [135] as:
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Figure 2.9: Mean (depicted in black) and standard deviation (depicted in grey) of the time-
to-peak data reported in experimental studies. Here, VL: vastus lateralis, S: soleus, FDI: first
distal intermedius, TA: tibialis anterior, Th: thenar, TE: toe extensors, TB: triceps brachii,
GM: gastrocnemius caput mediale, GL: gastrocnemius caput laterale, ND: nasal distalators, P:
platysma.

The amount of excitatory input required to discharge a motoneuron, the energy it transmits
as impulses, the number of fibres it supplies, the contractile properties of the motor unit
it innervates, its mean rate of firing and even its rate of protein synthesis are all closely
correlated with its size. This set of experimental facts and interrelations has been called
the size principle.

Figure 2.10: Representation of the size principle. Each bubble represents one motor unit and
the size of the bubbles, the size of the motor unit. Recruited motor units are colored in gray
[adapted from [100]].
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2.2.6 Force output

An action potential travels from the soma of the α motor neuron, along its axon to its
terminal branches. Each of the terminal branches of motor neurons are connected to a
fibre [293] When the action potential reaches the neuromuscular junction, motor neurons
release the neurotransmitter, acetylcholine. When acetylcholine binds to the acetylcholine
receptors on the muscle fibre, an action potential propagates along the muscle fiberm
starting from the middle and progressing in both directions. This initates the motor unit,
and hence, muscle contraction [293].

Excitation-contraction coupling describes the process, when a neural activation signal
triggers the release of calcium by the sarcoplasmic reticulum [196]. This initiates the
muscle contraction as it causes sarcomeres to shorten [23, 196].

Excitation-contraction coupling follows these steps:

1. An action potential travels along the muscle fibre, T tubules, and then the sarco-
plasmic reticulum (SR).

2. The voltage-gated calcium channels2 open. This causes the release of calcium
through the ryanodine calcium-release channel in the SR.

3. Calcium increases in the cytosol and then binds to troponin.

4. Calcium bound to troponin yields a conformational change of the troponin-
tropomyosin complex. This change exposes the actin-binding site to myosin.

5. Myosin binds to actin. This binding is caused by the hydrolysis of ATP and provides
the energy for the movement by releasing ADP and phosphate.

6. Myosin detaches itself from actin to bind to another molecule of ATP.

7. Calcium is taken back to the SR by the ATPase pump.

8. Decreased cytosolic calcium concentration causes the troponin-tropomyosin complex
to glide back and cover the myosin-binding site. The muscle then relaxes [23].

A single action potential coming from the α-motoneuron generates the motor unit
potential. After a delay caused by the excitation-contraction coupling, the motor unit
produces a single twitch. Twitch response of motor units are already discussed in Section
2.2.4 (see Fig. 2.8).

Successive trains of stimuli delivered to a motoneuron causes the twitches to summate.
This summation, however, is not linear (see Fig. 2.11). The difference in the force output
due to a train of stimuli versus the twitch force produced by a single pulse is a function
of rate of stimulation and the history of the stimulation [137, 293]. Summation of the
individual motor unit force output yields the total force output of the muscle.

Upon maximal voluntary contraction of a muscle under isometric conditions (see Section
2.1.2), its isometric strength can be determined. This quantity is called as a maximum
voluntary contraction (MVC), which is defined in Gandevia et al. [106] as a voluntary
contraction that a subject believes to be maximal while providing continuous feedback
and encouragement.

2Voltage-gated ion channels are a class of transmembrane proteins. They are activated in response to
changes in electrical potential difference across the cell membrane when it opens [256]
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Figure 2.11: Summation of
twitches depicting the force gen-
erated by a single motor unit.
Black line depicts the motor unit
force, grey upright lines denote
the firing instances of the motor
unit and the gray curves depict
individual twitch response of the
motor unit.

2.2.7 Measuring motor unit activity

When the potential difference across the plasma membrane is depolarized beyond a given
threshold, fibres and motor neurons generate action potentials [163]. “The currents as-
sociated with the muscle fibre action potential cause changes in the potential difference
within the muscle that can be measured with electrodes” [87]. The reading of this poten-
tial difference is known as an electromyogram (EMG). It represents the electrical activity
in muscle fibres in response to the activation received from the motor neurons [87].

It is not possible to place electrodes inside the muscle fibre, on either ends of the fibre,
to measure the potential difference of the fibre membrane. Instead, during a (surface)
EMG recording, electrodes are placed outside the muscle, on the skin.3 Therefore the
measurements obtained from an EMG recording describe the extracellular field potentials
associated with the currents that underlie muscle fibre action potentials [87].

The motor unit action potential is the summation of the extracellular potentials of
the muscle fibre action potentials of a motor unit. The shape of the wave is dictated
by the inherent properties of the motor unit as well as the spatial relationships between
the electrode and individual muscle fibres [163]. Multiple motor unit action potentials
recorded within a small time interval is known as a motor unit action potential train.

As more motor units are recruited during a contraction, the amplitude of the EMG
signal increases [131]. This increase is attributed to an increase in the number of recruited
motor units as well as their discharge rate, which determine the electrical activity in a
muscle. These two factors also determine the muscle force. Therefore, a direct relationship
between EMG and exerted force is expected [216].

On the other hand, a direct association with motor unit activity and the surface EMG
signal would not be accurate as the EMG signal amplitude is further influenced by indi-
vidual fibre potential, MU discharge synchronization4 and fatigue. Therefore, the resulting
EMG signal at a given force level only provides a global measure for the muscle activity
[131].

The interpretation of the EMG signals is challenging, mainly due the shape of the
surface-detected motor unit action potential trains. Their shapes are determined by
the number and anatomical characteristics of the muscle fibres, contraction intensity,
properties of the electrodes [131].

3Electrodes may also be olaced inside the muscle, which is known as “intramuscular EMG”. However,
here the focus is on surface EMG.

4Synchronization describes the simultaneous firing of different motor units
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Figure 2.12: Representative scheme of EMG decomposition [from De Luca et al. [61] with
permission].

Surface electromyogram

Electrodes used for the surface EMG and the motor units are separated by biological
tissue, which can be considered as a passive volume conductor. The properties of the
volume conductor has a major influence on the features that are detected in the surface
EMG signals. As the distance between the travelling wave of the motor unit potential
and the electrode increases, the contribution of the wave rapidly decreases. As a result,
motor units that are closer to the electrodes dominate the measured EMG signal [293].

Motor units are arranged in increasing size from deeper to the superficial portion of the
muscle. Therefore, smaller/slower motor units lie deeper in the muscle and larger/faster
motor units lie closer to the superficial portion of the muscle. Owing to the size principle,
the majority of the motor units recruited early in the contraction would therefore be
located deeper in the muscle. Therefore, EMG signal recorded from a given portion of
the muscle would not necessarily be representative of the entire muscle, but is rather
dominated by larger/faster motor units [293].

Changes in the neural activity of skeletal muscles are commonly quantified through
surface EMG [117]. However, the amplitude of the EMG (surface or intramuscular de-
pending on the method) measured after strength training is known to show contradictory
results (see the data on the changes in EMG signal output after unilateral isometric knee
extension exercise in Fig. 2.15) [65, 78]. This discrepancy in the EMG data is said to
occur due to shifts in the location of electrodes, altered extracellular volume and/or os-
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molarity5, changes in subcutaneous fat and skin temperature, as well as differences in
phase cancellation following weeks of training [1, 117].

The raw EMG signal obtained during an experimental measurement, is composed of
superposed motor unit action potentials detected from multiple motor units. To obtain
individual motor unit action potential trains, the raw signal needs to be seperated [97,
216].

Measuring twitch properties of motor units

Contractile properties of individual motor units can be measured either by artificially
activating motor axons or during voluntary contraction by means of spike-triggered aver-
aging [91]. However, experimental measurements of the single twitch of individual motor
units can still be most accurately measured through selective, invasive electrodes (e.g., in-
tramuscular EMG). Therefore measuring the properties of the twitch response of the
entire motor unit pool of skeletal muscles poses a challenge [89].

During an intramuscular EMG recording, needle or wire electrodes are inserted into
the contracting muscle record. These are able to record individual motor unit action
potentials. Depending on the type and location of the electrode used, the recorded action
potentials can be the result of the activity of a small (1–3), moderate (15–20) or large (>
20) number of muscle fibres [215].

Spike-triggered averaging is a method to study the contractile properties of motor units.
The method was first introduced by Buchthal and Schmalbruch in 1970 to measure the
time course of the force response during a single twitch for seven different muscles [50].

The action potentials from a single motor unit firing at a low frequency is detected by an
intramuscular needle electrode [50]. These action potentials are used as the spike triggers.
When there is no synchronized firing of other motor units, the random background force
fluctuation will be averaged to zero and the force signal associated with the triggering
motor unit can thus be extracted. This commonly requires averaging of up to several
hundred spikes Chan et al. [50].

The technique can be applied at low firing frequencies, thus at low levels of voluntary
contractions. Furthermore, the contractions are non-physiological as the subjects are
asked to maintain a constant firing rate of the measured motor unit using special feedback
techniques [216].

The spike-triggered averaging technique is, however, significant, since it is the only
method, which can be used to examine the twitch properties of single motor units activated
during voluntary recruitment. This further allows to correlate the twitch properties of the
motor units with their recruitment and derecruitment thresholds Chan et al. [50], Merletti
et al. [216]. Later in this thesis (see Chapter 6), data on the contractile properties of motor
units obtained as a result of spike-triggered averaging are used to determine the contracile
properties of the entire motor unit pool of vastus lateralis.

5Osmolarity is “the number of ionic species in molarity that has a characteristic range depending on the
species examined” [105].



26 Chapter 2: Anatomical and physiological background

2.3 Adaptation mechanisms in skeletal muscles

2.3.1 Overview

Properties of skeletal muscles are known to alter when there is a change in the level of
muscle activity [196]. Muscle activity can be increased in a sustained/chronic manner
by means of exercise with an aim to improve muscle function. There exist a variety of
exercise types, each causing different properties of muscles to change, i.e., adapt.

Exercise can most generally be categorised into resistance and endurance type of ex-
ercise. Resistance exercise, also known as strength training, is composed of movements
exerted against an obstacle. In resistance training, contractions are exerted against a
high-resistance, but for a small number of repetitions, e.g., 8–12 times [228, 276]. Endur-
ance exercise, as the name suggests, aims to improve the endurance of the trained muscle.
Some common examples for endurance training are swimming, marathon running and
cycling. Contrary to resistance exercise, contractions of the trained muscle are exerted
against a low-resistance with a higher number of repetitions [277].

This thesis investigates the changes set forth due to resistance training, therefore,
changes caused by endurance exercise will not elaborated. The reader is referred to
an early review by Holloszy & Booth [143] on the biochemical changes caused by endur-
ance training and the comprehensive review by Joyner & Coyle [157], which explains the
key factors in the performance output due to endurance exercise and the mechanisms
responsible for the improvement in muscle function.

2.3.2 Principles of training

The following sections will outline basic principles of training, introduce isometric training
and the corresponding changes in muscle properties when isometric training is . The
modelling schemes suggested in this thesis in the following chapters aim to investigate the
changes caused by a specific type of isometric resistance training. Therefore, although
changes caused by resistance training due to both dynamic and static modes of resistance
training will be introduced, the focus will lie on isometric resistance training,

Overload and reversibility

According to the principle of overload, the level of training must exceed what the sys-
tem (e.g., cardiovascular system) or tissue (e.g., skeletal muscle) is accustomed to for the
particular exercise to be effective. It is therefore important to increase the training load
progressively to observe the desired improvement in muscle function. For this, the intens-
ity, duration and the frequency of the training sessions should be systematically improved.
When the overload is removed, i.e., training is stopped, the system/tissue returns to it
initial state in time, which is described by the principle of reversibility [252].

Training specificty/task specifity

The form of training is known to be highly influential to induce changes observed in
the muscle. This is due to a phenomenon known as training, or in some cases, task
specifity. Adaptations in the trained muscle(s) is most evident when the training form
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and the measurement overlaps as the training effect is specific to the muscle involved in
the activity as well as, but not limited to, the contraction type [107, 225, 252]. This is
thought to be caused by the neuromuscular system optimizing the primarily the practiced
movement Bawa [18].

Among one of the many experimental studies, training specificity is shown in Bandy
& Hanten [14]. In this study, three subject groups were trained with UIKEE at three
different knee angles. Increase in isometric strength is measured from 15–105 degrees of
the knee. Highest increase in isometric strength is observed at the knee angle the subject
groups trained at.

Isometric exercise trains the isometric voluntary contraction. In isometric exercise, the
training form and the training output are the same. This allows to further simplify the
complex nature of exercise one step further.

Cross-education

The term contralateral is used to describe the opposite side of a body part. When a
muscle/muscle group is trained unilaterally, the muscle(s) contralateral to trained side
is untrained. Even though the contralateral muscle(s) do(es) not take part in unilateral
training, changes observed in the trained muscle(s) are also evident, though at a lesser
extent, in the contralateral muscle(s). This phenomenon is known as ”cross-educaton”
[107, 252].

2.3.3 Isometric resistance training

Figure 2.13: Experimental setup
of unilateral isometric knee exten-
sion exercise. The subject is seated
with a hip angle of °100 and a knee
angle of °60 (from [275]).

The muscle being trained during a resistance exer-
cise bout may contract eccentrically, concentrically or
isometrically (see Section 2.1.2). Resistance training
with eccentric or concentric contractions are referred
to as dynamic training and bouts composed of isomet-
ric contractions are known as static training.

In comparison to dynamic exercises, static exercises
are simpler to execute. The reason is that isomet-
ric contraction is known to be the simplest form of
muscle activity in which the muscle is activated, but
the length stays constant [82]. It is also easy to con-
trol in an experimental setting, since the complexity
introduced by movement of the body part (e.g., range
of motion, speed of movement) are not present [117].

Common reasons for training isometrically include
maintaining muscle functionality during rehabilitation
process (e.g., post-operation, recovering from an in-
jury) [5]. Since the trained muscle(s) do not move or
change length, the exercise intensity is quantified in
terms of the percent maximum voluntary contraction level. Being simple to perform and
effective in inducing neural changes in the trained muscle, it is important to incorporate
isometric exercise into the therapy process of neuromuscular disorders [196].

It is further important to describe whether or not both limbs are involved in the training,
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which describes the laterality of the training. If both limbs are trained, the training is
bi-lateral, whereas, the training is unilateral when one of the limbs is being trained and
the other/contralateral limb remains in a resting state.

One type of unilateral isometric exercise is the unilateral isometric knee extension exer-
cise (UIKEE). As the name suggests, the knee extensors (see Section 2.1.3) of the subject
are trained unilaterally at a seated position (see Fig. 2.13).

2.3.4 Changes caused by isometric resistance training

2.3.4.1 Morphological changes

One common change observed in muscle properties due to exercise are the morphological
changes. Morphological changes are related to the muscle size (cross-sectional area and
volume), commonly referred to as hypertrophy. Hypertrophy is the increase in fibre
diameter, which translate into increase muscle girth and volume. It is attributed to
increased myofibril amount of the fibres of the trained muscle.

The exact mechanism behind hypertrophy is not well understood [228]. The overload
due to exercise is thought to trigger the signalling pathway for the difference between
protein synthesis and anabolism to be on the positive side, i.e., synthesis rate being
higher than anabolism rate [228, 252]. Satellite cells, which are undifferentiated cells
playing a key role in postnatal growth and repair of the muscle, are commonly referred
as the trigger mechanism for hypertrophy [213, 252]. Although the matter is still under
debate, the study by McCarthy et al. [213] compared the change in muscle mass of satellite
cell depleted mice against a control group after hypertrophy was triggered by means of
synergist ablasion (removal of the gastrocnemius and soleus muscles causing functional
overload of the remaining plantaris muscle [167]). They showed that in adult mice that
satellite cells are not necessary for hypertrophy, but are needed for fibre formation and
regeneration.

Figure 2.14: Qualitative description of the overall strength improvement due to resistance
training caused by changes in neuromechanical system and hypertrophy over the course of
time(adapted from [252]). Note that the contribution of hypertrophy becomes prominent later
than the contribution of neuromechanical changes.
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2.3.4.2 Changes related to the neuromechanical system

Muscle strength is known to increase without the presence hypertrophy (see Fig. 2.14).
The cause of the strength increase without accompanying hypertrophy is attributed to
neural adaptation mechanisms [326]. Neural adaptation includes decreased recruitment
threshold, increase rate of firing and increased synchronised firing of the motor neurons of
the trained muscle. It further includes increased activation of the agonists accompanied
by a decrease in the activation of the antagonist muscles [177]. Nevertheless, a wholesome
understanding of the adaptations of the neuromechanical system is still not present [117].

Voluntary activation

EMG measurements are widely used to study the adaptations of the neuromuscular sys-
tem to resistance training. Time-course of the changes are also investigated by means
of EMG [98]. However, limitations in the experimental methods combined with con-
tradictory results on changes in the EMG, the exact physiological mechanisms behind
neuromuscular adaptation in response to exercise is still unclear [78]. The data obtained
from experimental studies on UIKEE is an example of such contradictory changes in EMG
(see Fig. 2.15). When the change in EMG amplitude with respect to its baseline value
is plotted over the course of trained week, a trend cannot be observed. Although most
studies by Balshaw et al. [12], Kubo et al. [181], Weir et al. [320] show an increased EMG
amplitude, studies by Rich & Cafarelli [263] and Garfinkel & Cafarelli [110] show a neg-
ative change. Furthermore, the study by Kubo et al. [181] has found a very high rate of
increase in EMG amplitude compared to the rest of the studies.

Figure 2.15: Change in EMG amplitude with respect to the baseline value over weeks for
UIKEE studies. The abbreviations denote which muscle the data are obtained from, where RF:
rectus femoris, VL: vastus lateralis, VM: vastus medialis and (R) and (L) denote right limb and
left limb respectively.
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Molecular changes in motor neurons

Molecular mechanism that cause changes in the biophysical properties of motoneurons
due to voluntary activity include changes in the dendrite structure, protein synthesis,
axonal transport, neuromuscular propagation and some biophysical properties, which will
influence how these cells behave during voluntary recruitment [89, 108]. These changes
have been studied for rodents and rats by means of experiments as well as models for
endurance exercise [107–109]. Such detailed investigations at the cellular level, however,
are not available for isometric exercise.

Chronic activity is shown to cause changes in the intrinsic properties of the motor neur-
ons, however, a casual relation between the cellular adaptations and increased performance
has not been established yet [89]. This is attributed to limitations in the experimental
methods combined with contradictory results on changes in the EMG [48, 65, 78, 159, 326].

Average motor unit firing rate

Changes in the average firing rate are reflected on the total force output (see Section 2.2.6).
It is suggested that the firing rate of motor units may increase either due to recruitment
of previously inactive motor units or the readily recruited motor units firing faster [117].
Recruitment threshold is measured to decrease for motor units after dynamic exercise by
Keen et al. [164], Van Cutsem et al. [310]) and isometric exercise by Del Vecchio et al.
[66]. These data are still prone to the limitations of the EMG measurements.

2.4 Summary of the ‘end of a new beginning’

Skeletal muscles alter their properties following long-term, consistent exercise via volumet-
ric muscle growth preceeded and accompanied by neural changes, i.e., neural adaptation.
Neural adaptation has multiple components.

One of the common ways to investigate neural adaptation is to investigate EMG data.
However, as presented in Fig. 2.15, this data does not follow a trend. Furthermore,
although EMG measurements provide us with valuable insight into a limited portion
of the motor neuron pool, it is still not possible to obtain detailed information on the
contractile properties of the entire motor neuron pool, especially for large muscles.

Since isometric exercise is composed of isometric contractions, it is known as the
simplest form of exercise. The force output and the change thereof is straightforward
to measure and ample data on it is available in literature. Making use of a systematic
review on a selected type of isometric exercise, we collect data available on the change in
isometric strength in knee extensors following unilateral isometric knee extension exercise.
We then model the time course of the change in isometric force output of vastus lateralis.

Our focus lies on the changes in the neural behaviour of the muscle in response to
the selected exercise type and not merely the change in the isometric force output. As
outlined previously in this and the preceding chapter, neural adaptation is a complex
phenomenon. It is not possible to investigate all aspects of neural adaptation at once due
to its inherent complexity.

In an attempt to further narrow the topic down, we focus on a single aspect of neural
adaptation, namely the change in the discharge behaviour of the motor neuron pool. To
investigate the change in the discharge behaviour, we make use of a computational model
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of the motor neuron recruitement. Using the phenomological motor neuron recruitment
model, we set up the pre-exercise state of the muscle. The phenomenological model is
brought closer to reality in light of experimental data. In Fig. 2.9 we present an overview
of the data available on the time-to-peak force. A selection of this data is used to set up
the pre-exercise state of the discharge behaviour of vastus lateralis.

Having discussed the limitations on the meaurement of twitch properties of muscles in
this chapter, it is clear that the force output of single motor neurons during a single twitch
is streneous to measure and data on a large number of motor neurons of the same muscle
do not exist. In light of this, we determine the twitch force of individual motor neurons
using the computational recruitment model along with the total muscle force output of
vastus lateralis obtained from experimental data.

This has allowed us to create the pre-exercise state of the motor neuron pool (discharge
behaviour and contractile properties). The total force output of the muscle can thus
be computed based on the force output of individual motor neurons in the pool. By
calibrating the total muscle force output obtained from simulations against the model of
the time course of the change in the isometric force output, we determine the change in
discharge behaviour of the motor neurons, which yields the expected change in the force.

To sum up, we make an effort to make use of the strengths of computational and experi-
mental approaches in order to enhance the information available on the neural adaptation
in skeletal muscles. We focus on a single and simple form of exercise and a single muscle
in a muscle group. However, the methodology followed in this dissertation can be applied
and extended to other muscle and exercise types. Details on the methodology have been
provided in the following chapters.





3 Incorporating experimental data into
the modelling framework

Statistical inference is a logical framework in which the beliefs about a given cause of a
problem are tested against what is already known about the problem, e.g.frequently in
terms of data. As the field of statistical inference has developed, two schools of thought
have emerged. They differ mainly in their approach towards the definition of the probab-
ility of an event. The distinction between the two schools has first been made by Kendall
[166] as “frequentists” and “non-frequentists”, the latter referring to the Bayesians. The
Frequentist school were developed in the first half of the 20th century whereas the Bayesian
school stems from the work of Reverend Thomas Bayes1 dating back to 18th century [272].

Kendall [166] asserts that the frequentist treats the probability of an event to occur
as an “unknown constant” whereas the non-frequentist does the opposite. They treat
probability not as a constant, but it is rather allowed to vary according to the state of
the knowledge about an event.

One other difference between the two schools lie in how they regard data. In the
frequentist approach, the sample data are assumed to be the result of an infinite number
of reruns of the same experiment. Data are assumed to be random and drawn from a
sample of fixed population distribution. Conclusions drawn using this approach are based
on the assumption that the event occurs with a given probability. The noise attributed
to the data are thought to originate from sampling variation, which is caused by the fact
that each sample is somewhat different from each other and is not an exact representation
of the population [186].

The Bayesian approach, however, treats data as the known and fixed part of the system.
They do not consider the reruns of an experiment to specify a probability of the occurrence
of the event. Probability in Bayesian sense is rather a measure of certainty of a particular
belief for an event to take place. It is not regarded as a measure of the underlying laws
of the cause and effect. Therefore, the events do not need to be repeatable. Probability,

1Thomas Bayes is thought to live between 1701-1761. The exact year of his birth is not clear. Bayes
entered the University of Edinburg in 1719 to study divinity. He is thought to have recieved math-
ematical training prior his university education. He became a Presbyterian minister Bellhouse [21].

Bayes’ first published work was a book entitled Divine Benevolence dating back to 1731. In this
book, he tries to answer the motivating source of God’s actions in the world and attributes this to
God’s goodness or benevolence Bellhouse [21].

Bayes himself wrote papers on various topics, however, he did not make these public due to his
modesty. The paper on which his popularity rests regarding what is currently known as the Bayes’
theorem today, focuses on a solution to the following problem: ”Given the number of times in which
an unknown event has happened and failed: Required the chance that the probability of its happening
in a single trial lies somewhere between any two degrees of probability that can be named.” [223].

Richard Price started working on the paper after being approached by Bayes’ relatives to examine
his unpublished works. The paper is prepared to be published by a friend of his, Richard Price, who
is 22 years Bayes’ junior. It was published two years posthumously [21].

33



34 Chapter 3: Incorporating experimental data into the modelling framework

thus, describes how likely an event is to take place and can be “updated” in light of new
data. This is due to the fact that probabilities are assumed to represent only the current
state of belief for a given event [186].

Finally, the two schools of thought differ in their approach towards model paramet-
ers. Frequentists view model parameters as a fixed part of the system. However, in
the Bayesian approach, the parameters of the system are thought to vary. This allows
Bayesians to treat model parameters as tools to make inferences about a situation [186].

In this thesis, the Bayesian approach is followed as it is more suitable to tackle challenges
related to skeletal muscle modelling. First of all, as experimental methods are developed
and a high volume of studies continue to be conducted, new and more enhanced data
will emerge in the future. Treating data as an updateable quantity is, therefore, one
reason why Bayesian inference is a valid approach to follow regarding muscle modelling.
Specifically for experiments performed on human subjects, a random sampling of the data
are not feasible since number of subjects is usually limited (e.g., 10-20 subjects).

Secondly, exact input parameters of the motor neuron model (introduce in Chapter 4)
that describe the vastus lateralis muscle is currently unknown. Force output of this muscle,
however, can be estimated based on experimental data. Using Bayesian updating, the
force output computed from simulations are calibrated against the experimental data on
the force output. This then allows us to estimate the input parameters for the recruitment
model. Hence, we make use of a quantity that can be retrieved from experimental data,
i.e., force output, to estimate the unknown model input parameters.

The following sections provide further information on Bayesian inference (Section 5.2.1)
including some of its application domains, the Bayes’ theorem (Section 3.2) and out-
line of the implementation of the method adopted in this thesis (Section 3.3). Note
that as the Frequentist approach is not followed in this study, the reader is referred to
e.g., Kolmogorov [171] for further information on this approach.

3.1 Bayesian inference

Calibration is defined as adjusting model input parameters in order to increase their
accuracy with respect to experimental data. Bayesian inference is also known as Bayesian
calibration, since it allows to calibrate input parameters against data. The method makes
use of a basic law of probability, which is known as Bayes theorem (see Section 3.2). This
probability rule combines what we already know about an event with new information to
provide an updated belief about that event [73].

The procedure begins with formulating the uncertainty about the values of the model
input parameter values. These values make up the “prior probability distribution” (see
Section 3.2.3). First, the model is run using the model with the input parameters specified
in the prior distribution, to obtain the corresponding model outputs. The prior parameter
distribution is then updated by means of Bayes Theorem, which yields the posterior
distribution of the parameters. The update can also be referred to as the calibration
against experimental data (see Fig. 3.1 for a visual overview of the model) [312].

One advantage of Bayesian inference is that the method makes it possible to take what
is already known about a topic, e.g., available data, and extrapolate backwards to make
probabilistic statements regarding the model parameters [186]. The method allows to
update the parameters as more/new data becomes available [20]. Furthermore, it applies
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Figure 3.1: Scheme describing the Bayes’ theorem, adapted from Doll & Jacquemin [73].

to models of any type or size as the method is indifferent to the inherent structure of the
model [312]. Bayesian inference is applied to many areas of research including but not
restricted to carbon dioxide storage (e.g., [234]), fisheries science ([73]) and psychology
([90]).

Besides being used as a method for model calibration, it is thought that humans also
perform “near-optimal” Bayesian inference when they conduct a variety of tasks [200].
One example is the central nervous system, which is thought to make use of probabilistic
models during sensorimotor learning 2. In an experimental study by Körding & Wolpert
[173], subjects were expected to point to a visual target in a virtual reality set-up. The
visual feedback of their index finger is displaced laterally with shift of 1 ± 0.5 cm. These
trials made up the prior distribution. After training with 1 000 trials, the subjects were
able to point to 0.97 ± 0.06 cm to the left of the target. This showed that they learned
the shift imposed by the setup based on previous experience.

3.2 Bayes’ theorem

Bayesian inference make use of a basic law of probability, known as Bayes theorem (see
Section 3.2.1). This probability rule combines what we already know about an event with
new information to provide an updated belief about that event [73].

Bayes’ theorem is composed of four main parts, which are: the posterior (the updated
belief, which is sought for), the prior (the current belief/knowledge about the event before

2Sensorimotor learning is the improvement in the performance of sensory-guided motor behaviour
through repetitions of the task being practised [178].
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taking evidence into consideration), the likelihood (how well the parameters describe the
data) and a normalizing constant. The essence of the theorem is visualized as:

posterior ∝ prior x likelihood, (3.1)

This description summarizes how the beliefs, expressed through the prior, are modi-
fied/updated by considering the available data by using the likelihood (also see Fig. 3.1)
[189, 259].

In the following sections of the present study, proof of Bayes’ theorem using axioms
of conditional probability, variables appearing in the theorem and the implementation of
the framework as well as an overview of how the framework is applied to three modelling
schemes are introduced.

3.2.1 Conditional probability

Some axioms of probability and their consequences leading to Bayes’ theorem are included
as follows:

Conditional probability describes the probability of the occurrence of one event, E 1,
given the condition that another event, E 2, occurs, denoted by P(E 1 |E 2). In simpler
words, P(E 1 |E 2) is the measure of the degree of the modeller’s belief in E 1 knowing that
E 2 is true [189]. This can be expressed as:

P(E 1 |E 2) =
P(E 1 ∩ E 2)

P(E 2)
. (3.2)

Here, P(E 1 ∩ E 2) refers to the probability of E 1 and E 2 occurring simultaneously,
P(E 1) and P(E 2) are the probabilities of E 1 and E 2 occuring on their own. Rearranging
Eqn. (3.2), P (E 1 ∩ E 2) can be expressed as

P(E 1 ∩ E 2) = P(E 1 |E 2) P(E 2). (3.3)

Events E 1 and E 2 being independent from each other implies that

P(E 1 ∩ E 2) = P(E 2 ∩ E 1). (3.4)

Furthermore, Eqn. (3.3) can be written as

P(E 2 ∩ E 1) = P(E 2 |E 1) P(E 1). (3.5)

Therefore using the equality in Eqn. (3.4), and the fact that E 1 and E 2 are independent,
the following can be obtained
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P(E 1 |E 2) P(E 2) = P(E 2 |E 1) P(E 1). (3.6)

Rearranging Eqn. (3.6) for P(E 1 |E 2), one obtains

P(E 1 |E 2) =
P(E 2 |E 1) P(E 1)

P(E 2)
, (3.7)

which is the formal definition of the Bayes’ theorem [292].
In this thesis, Bayesian inference is used to calibrate model input parameters against

experimental data. Section 3.4 gives an overview of how Bayesian inference is applied to
three parts of this work.

The parameters of Eqn. (3.7) is replaced as follows: Events, E 1 and E 2, are replaced
by the vector of input parameters, Θ, and the available experimental data, D. The aim
is to determine input parameters for a given model, so that the model output describes
the experimental data at hand as accurate as possible. Therefore Eqn. (3.7) becomes

p(Θ |D) =
p(D |Θ) p(Θ)

p(D)
, (3.8)

where p(Θ) the joint prior probability distribution function (PDF) of the model para-
meters Θ, p(D) the prior probability of the data, D used as the normalization constant
and p(Θ |D) is the conditional PDF of D for a given Θ, i.e., the posterior distribution.

3.2.2 The coin tossing example

A typical example used to illustrate Bayesian inference is coin tossing3. By tossing a
coin, a head (H) or (T ) can be obtained, thus Θ = {H, T}. Whether the coin is fair,
i.e., equal probability of getting a head (H) or a tail (T ) (p(H) = p(T ) = 0.5) or biased
towards heads/tails (p(H) 6= p(T )) is unknown4. A coin is flipped a number of times and
the outcome is reported after each flip as H or T , which makes up the data on related to
the bias. Using the coin tossing example, it is possible to illustrate the core of Bayesian
inference, which lies in synthesizing prior knowledge on the problem and the new data to
make a more informed decision [73]. The concepts in Section 3.2.2, are concretised using
this example.

3Coin tossing is also known as ”capita aut navia”. The so-called game has been used since Ancient
Romans to let luck/God decide on the outcome of an event, e.g., deciding on which team takes which
half of the stadium in football games [309].

4Georges-Louis Leclerc in 1700, Karl Pearson in 1900 and John Kerrich during his imprisonment in
World War II, did actually toss coins for 4040, 24 000 and 10 000 times and obtained 50,693 %, 50,05
%, 50,67 % heads respectively. On a long-run, the possibility of obtaining a head or a tail is equally
possible [309]. Thus, B ≈ 0.5
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Figure 3.2: Posterior left : two posteriors distributions (p(ω|D1) and p(ω|D2)) obtained using
different data sets, D 1 and D 2. Uncertainty in p(ω|D1) is less than p(ω|D1) (adapted from
[186]), right : Posterior distribution of parameter Θ and the point estimators, namely the mode,
median and mean (adapted from [186]).

3.2.3 Prior

Prior sets are constructed by the modeller and are known to reflect the current knowledge
of the modeller on the problem [186, 312]. The “current knowledge” is also referred to the
subjective beliefs regarding the problem at hand. This an aspect of Bayesian inference
that is highly criticized by the Frequentists as it introduces subjectivity to the problem
[186]. However, the a-priori knowledge does not have to be comprised merely of beliefs
about the problem at hand, but can be based on observations or literature [312].

Priors play an important role for determining the posterior, since the posterior distri-
bution can only be obtained within the range of prior. Therefore, if the prior range is not
defined correctly, then the posterior obtained as a result will also be faulty. Therefore,
in this thesis, prior sets for the modelling schemes are set-up using samples of the input
parameters instead of probability density functions. The sample space of input paramet-
ers are determined based on current knowledge on skeletal muscle physiology as well as
experimental data available in literature. An overview of the selection of priors for each
modelling scheme is outlined in Section 3.4.

3.2.4 Posterior

As mentioned earlier, the aim of Bayesian inference is to obtain the posterior probability
distribution, p(Θ |D), or posterior in short. The posterior summarizes the uncertainty
over the value of a parameter. When the width of the distribution is narrow, the estimate
of the value of the parameter is more certain (see Fig. 3.2, left). To obtain narrower, thus
more accurate posterior distributions, more data should be collected [186].

Maximum a-posteriori There are three point estimators in Bayesian statistics,
which are namely the posterior mean, posterior median and the maximum a-posteriori.
The posterior mean is the expected value of the posterior distribution, whereas, the pos-
terior median is the mid-point of the posterior distribution, such that ˜50% of the prob-
ability of posterior values lie on either side of the posterior median. The maximum a-
posteriori (MAP) denotes the parameter value that is referred to as the “posterior mode”
(see Fig. 3.2, right) [186]. The MAP is expressed as:
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ΘMAP = argmax
Θ

p(Θ |D) (3.9)

Although it is possible to provide full posterior distribution of a parameter, it is often
required to provide ”point estimates” [186]. In this study, the MAP is used as a given
model input that describes the current state of the VL muscle.

3.2.5 Likelihood

The probability of generating the data at hand (D) for the parameters in Θ is described by
the likelihood function [186]. The function plays an important part in Bayesian statistics,
as it encapsulates the information the data are able to convey related to the Θ [292].

Likelihood function substitutes p(D |Θ) and is commonly expressed as L(Θ |D). It
is not a probability, since in Bayesian inference, data are fixed and the parameters of
the model is varied. The reason why this quantity is referred to as a likelihood rather
than a probability is explained by using the coin tossing example (see Section 3.2.2) as in
Lambert [186] as follows:

Suppose that the coin is tossed twice. The outcome of this specific case is thus D =
{HT, TH}, which describes obtaining first a head or a tale in the tosses. To compute
the posterior p(Θ |D), one needs to compute p(Θ |D). Knowing that tossing events are
independent from each other, p(Θ |D) can be expressed as:

p(Θ |D) = p(HT ∪ TH |Θ)

= p(HT |Θ) + p(TH |Θ)

= p(H |Θ) p(T |Θ) + p(T |Θ) p(H |Θ)

(3.10)

Knowing that p(H |Θ) + p(T |Θ)
!

= 1 and assigning p(H |Θ) = θ and p(T |Θ) =
1 − θ, Eqn. (3.10) becomes:

p(Θ |D) = p(H |Θ) p(T |Θ) + p(T |Θ) p(H |Θ)

= θ (1 − θ) + (1 − θ) θ

= 2 θ(1 − θ).

(3.11)

Integrating Eqn. (3.11) yields∫ 1

0

2 θ(1 − θ) dθ =
1

3
, (3.12)

which is not equal to 1, thus p(Θ |D) cannot be denoted as a probability.
Therefore to emphasize the fact that likelihood expresses how likely a parameter (set)

Θ can be obtained when the data are held fixed, it is expressed as:

L(Θ |D) = p(Θ |D), (3.13)

which becomes L(Θ |D) = p(D |Θ) using the notation in Section 3.8.
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3.2.6 The denominator

The denominator in Eqn. (3.8) is referred to as the predictive distribution [189], nor-
malising constant [315] or simply as ’the denominator’ [186]. Note that p(D) does not
depend on Θ, which is why this quantity is disregarded in Eqn. (3.1). Even though it is
disregarded in this thesis, the quantity will be briefly introduced.

The denominator has the following form:

p(D) =

∫
Θ

p(D |Θ) p(Θ) d Θ =

∫
Θ

L(Θ |D) p(Θ) d Θ. (3.14)

This integral may or may not have a closed-form solution.
Bayesian model selection and averaging are practices concerned with selecting the right

statistical model to represent data. As the denominator represents the predictive distri-
bution of the models being considered, it becomes significant when these methods are
being used [315].

3.3 Implementation of Bayesian inference

After having introduced the components of the Bayes’ theorem, the details related to the
implementation of the theorem, cf. Bayesian inference, is covered in this section. In short,
the implementation involves applying Monte-Carlo sampling to determine the properties
of the posterior set of the model input parameters. After choosing the likelihood model,
it is possible to obtain the posterior set of model parameters by using rejection sampling.

3.3.1 The likelihood model

A model to estimate the likelihood function L(Θ |D) should be selected. The selection
is made based on how the error related to the experimental data are distributed. Owing
to the “Central Limit Theorem” 5, it is generally acceptable to assume an observation to
be normally distributed [189]. Assuming that the measurement error of the experimental
data are normally distributed, a Gaussian likelihood model is used. The derivation of the
model is shown below.

Probability density function of a univariate Normal/Gaussian distribution for parameter
x has the following form:

p(x; µ, σ2) =
1√

2 π σ
exp

[
− (x − µ)2

2σ2

]
, (3.15)

where µ and σ denote the mean and the standard deviation of x. Note that σ2 = var,
where var denotes the variance.

In Eqn. (3.15), the factor
√

2π σ does not depend on x and can be regarded as a

5The Central Limit Theorem briefly states that if a random variable can be expressed as a sum of a
large number of approximately independent components, none of which being much bigger than the
other, the sum would be normally distributed [189].
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normalization constant that ensures∫ ∞
−∞

p(x; µ, σ2) =
1√

2π σ

∫ ∞
−∞

exp

[
− (x − µ)2

2σ2

]
= 1. (3.16)

The input parameters Θ in this thesis, are multi-variate, i.e., Θ = ω1, ω2, . . . ωn,
where n denotes the number of input parameters. Therefore probability density function
of a multi-variate Normal/Gaussian distribution needs to be introduced. For a parameter
vector X with n different components, i.e., X = {X1, X2, . . . Xn}, the multi-variate
Gaussian distribution has the following form:

p(X; µ, R) =
1

(2 π)n/2
√

det R
exp

[
X − µ)T R−1 (X − µ)

]
, (3.17)

where µ denotes the vector of the mean values and R the covariance matrix.
Assuming that the measurement error, ε, of the data, D, is normally distributed,

i.e., ε ∼ N(0, ε),, based on Eqn. (3.17), the following likelihood model is used:

L(Θ |D) = exp[−0.5 (D − Ω(Θ))T R−1 (D − Ω(Θ))], (3.18)

where Ω(Θ) denotes the output of the model for given Θ and R is the (co)variance matrix
of measurement errors of the data. In this work, R is a diagonal matrix, i.e., R = ε I,
since experimental data points are treated as independent from each other6. Also note
that the size of the matrix depends on the number of data points available.

3.3.2 Setting up the prior set

Prior set for the model inputs are not composed of PDFs in this thesis, but are generated
from samples. A pattern, which is applied throughout this thesis, is as follows:

(1) Decide on how each parameter is distributed, i.e., whether it takes a single value
or multiple values following a distribution.

(2) For parameters taking a single value, create a uniform distribution within a selected
range for the values each parameter is likely to take. For input parameters following
a given distribution, select a range for the values of the shape factors needed to
create the distribution.

(3) Based on (2) and physiological knowledge, create sampling sets for each parameter,
i.e., define the limits or the necessary constants to describe the distribution of the

6Proof of R = ε2 I: The covariance matrix of a bi-variate distribution of a random vector of variables
X = (X1, X2) has the form

R(X1, X2) =

[
var(X1) cov(X1, X2)

cov(X2, X1) var(X2)

]
(3.19)

If X1 and X2 are independent from each other, then cov(X1, X2) = 0. Hence, the non-diagonal
terms vanish and the covariance matrix becomes diagonal, i.e., R(X1, X2) = var(Xi) δi,j . Also note
that var(Xi) = X1 since X1 ∼ N(0, X1)
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values the parameter can take.

(4) Compute all possible combinations of the individual sampling sets created in (3).
These combinations make up the prior sets.

How this pattern is applied to the model schemes is briefly introduced in the overview in
Section 3.4 and also further in Chapter 5, Chapter 6 and Chapter 8.

After setting up the prior set, rejection sampling is performed to generate the posterior
set.

3.3.3 Rejection Sampling

Monte-Carlo sampling is the practice of estimating the properties of a distribution from
random samples taken from the distribution [259]. Analogously, in Bayesian inference,
to obtain the posterior distribution of the problems at hand, samples from the prior
distribution are taken.

For this, first weights need to be introduced. It is possible to assign weights to each
sample by using ΘMAP (see Section 3.2.4 and Eqn. (3.20)). Normalizing p(Θ |D) with
ΘMAP yields the weight for each sample. Therefore, weight for an arbitatry sample m
(wm) has the following form:

w i =
p(D |Θ i)

max(p(D |Θ i))
, (3.20)

where Θ i is the model input parameter(s) for sample i. Note that the weights describe
the importance of each realization [234].

After assigning weights to each sample, the posterior distribution is estimated using
a rejection sampling algorithm. In this algorithm, the weight of a sample is compared
against a random value drawn from a uniform distribution. If the weight is less than the
random value, the sample is taken into the posterior set. Using a uniform distribution
allows to obtain a higher number of samples having the higher likelihood for representing
the data at hand.

Following is a summary of the rejection-sampling algorithm:

1. Setup the priors for Θ

2. Compute the weight, w i (see Eqn. (3.20)), for each Θ i, for i = 1, . . . , n, where n
corresponds to the size of the prior

3. Generate u = {u 1, u 2, . . . un} from uniform (0, 1)

4. If um ≤ wm, accept Θm (see Fig. 3.3); otherwise, repeat Steps 1-4.

3.4 How the framework is used in this thesis

The aim of this present study is to investigate the changes in the discharge behaviour
of the motor neuron pool of vastus lateralis muscle in response to isometric exercise.
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(a) Random variables generated from a
uniform distribution, U(0, 1)

(b) Weights of samples (in black) and ran-
dom variables from (a) (in blue). Encircled
dots are accepted samples.

Figure 3.3: Rejection sampling of an arbitrary function f(x) for x i, where i = 1, . . . n, against
a fictitious data set.

A similar pattern is applied in three parts of the modelling scheme presented in this
study in order to determine the pre- and post-exercise state of the muscle. This pattern
is composed of gathering experimental data from literature on a given property of the
muscle and selecting the right set of parameters describing the property given the data
using Bayesian inference techniques, i.e., rejection sampling as described in Section 3.3.3.
This way, the limitations/“imperfections” of experimental methods are not completely
disregarded, but used as a basis for the estimations. Experimental data are used to
calibrate the models, as well as to determine prior sets for the parameters.

Note that, for the notation, the initial selection of the set of input parameters have
been denoted by Θ. For all schemes, parameters in Θ has been filtered according to
a physiological range. Thus, prior sets of model input parameters have been obtained.
These sets are denoted by Θ̃ and they contain less number of elements than Θ. Using
Θ̃, prior set of model outputs, simulations have been performed to obtain the prior set of
model outputs, c.f. Ω sim(Θ̃). By calibrating Ω sim(Θ̃) against experimental data yields the

posterior set of model inputs, ˜̃Θ, as well as the posterior set of model outputs Ω sim( ˜̃Θ).

The MAP set in ˜̃Θ has been used as the set of parameters that depict vastus lateralis.

3.4.1 Scheme I: Estimation of the input parameters for the
recruitment model for vastus lateralis

The first part of the modelling scheme is related to the the input parameters of the motor
neuron pool model (see Chapter 4) describing the pre-exercise of the pool. For this,
data on the (mean) discharge rate of the motor neurons measured using various EMG
methods during isometric contraction are collected from literature. Prior sets for the
input parameters are created using discrete values.

The prior sets are first created within a wide range and then narrowed by using inform-
ation on the force level upon which recruitment of motor neurons are known to end. This
way, the priors are not purely random, but are informed by the available knowledge on
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motor unit recruitment.
Using the discharge rate of vastus lateralis measured in a number of studies, the in-

put parameters of the motor neuron pool model describing the pre-exercise state of the
discharge behaviour of vastus lateralis are estimated via Bayesian updating. The MAP
parameters make up the parameter set describing the discharge behavior of vastus lateralis
muscle during an isometric contraction. These are then used in the modelling schemes II
and III, which are described in the following.

3.4.2 Scheme II: Estimation of the contractile properties of vastus
lateralis

Twitch properties (the time-to-peak-force, TTP , and peak twitch force, PTF ) of the
motor neuron pool of a given muscle can only be obtained for a very small portion of
the pool [94]. Furthermore, corresponding data for vastus lateralis muscle is lacking (see
Table 6.2). In the second part of the modelling scheme, the twitch properties of the motor
neuron pool of vastus lateralis are estimated.

It is known that TTP and PTF are coupled to each other (see Section 2.2.4). In
setting up the prior set, PTF is first treated as an unknown. Experimental data gathered
for multiple muscles from a number of experimental studies (see Table 6.2) are used to
construct the prior set for the TTP . Using the isometric strength of vastus lateralis and
the discharge instances at this force level, the prior set for PTF is constructed for each
case of TTP .

The model output in this scheme is the isometric force output of the vastus lateralis.
Force output of the motor unit pool at force levels 10 to 100 % MVC at each 10 %
MVC is computed for the prior set of twitch properties. The model is then calibrated
against the experimentally measured force output of vastus lateralis. The MAP of the
twitch properties then define the corresponding values for the twitch properties of vastus
lateralis (details in Chapter 6).

3.4.3 Scheme III: Estimation of the change in discharge rate of
vatus lateralis due to UIKEE

The third part and final part of the modelling scheme suggested in this thesis is concerned
with the order of magnitude of the change in the discharge rate of vastus lateralis to obtain
strength gain triggered by unilateral isometric knee extension exercise. For this, first, the
strength gain of the knee extensors over the course of weeks is modelled by using a Bayesian
longitudinal model-based meta-analysis, BLMBMA (see Chapter 7). The strength gain
computed using the model at each progressing week are used as calibration points.

Input parameters of the motor neuron pool model, which would describe the post-
exercise state of the pool (i.e., parameters that would produce higher discharge rate), are
selected. The change in the isometric force as well as the mean discharge rate for each
parameter set are computed. Using the force output as the main model output, the model
is calibrated against the time-course of strength gain obtained using BLMBMA. The
discharge rate of the parameter sets in the posterior set describes the expected change in
the discharge rate needed to attain the isometric strength increase due to UIKEE (details
in Chapter 8).



4 Modelling total force output

Fuglevand et al. [104] have proposed a scheme to model the motor unit recruitment
mechanism in skeletal motor unitscles. The significance of the model in literature is
already discussed in Chapter 1. For a given motor unit pool, the scheme models the
discharge instances of motor units, computes the motor unit force, as well as the total
muscle force output. The modelling scheme is composed of a “motor neuron pool model”,
“isometric force model for motor units” and a final model for the “simulation of the surface
EMG”.

“Motor neuron pool model” and the form of the twitch force as suggested in the “iso-
metric force model for motor units” are used in this work. Details and capabilities of
these models are explained in this chapter (in Section 4.1 and Section 4.2 respectively)
by using mainly the set of input parameters suggested in Fuglevand et al. [104]. How
the modelling scheme has been used in Chapter 5 and Chapter 6 in order to model the
discharge instances and the contractile properties of the motor neurons of vastus lateralis
muscle are explained in Section 4.3.

4.1 The motor neuron pool model

The motor neuron pool model captures the recruitment behaviour of a motor neuron pool
during an isometric contraction. The model generates the discharge instances of each
motor unit in the pool at various force levels.

The excitatory drive E(t) describes the effective synaptic current received by motor
neurons. The target excitatory drive, E target, is the drive, which is necessary to simulate
an isometric contraction.

The profile of the excitatory drive needs to be defined by the user. Here, a ramped
contraction is used. Excitatory drive increases linearly during a ramp phase, where t ramp

denotes the end of the ramp, and is kept constant from this point on until the contraction
ends, which is denoted by tend (see Fig. 4.1). Therefore, the excitatory drive has the
following form:

E(t) =

{
E target · t t ≤ t ramp

E target t ramp < t ≤ tend.
(4.1)

In order to compute E target for a given contraction, further parameters of the model need
to be introduced.

Motor neuron i fires an action potential when E(t) exceeds its recruitment threshold,
RTE i, i.e., E(t) ≥ RTE i. The recruitment threshold for motor unit i is defined by

45
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Figure 4.1: Excitatory drive function E(t) for a ramped isometric contraction. The drive
increases linearly until t ramp and is kept constant until tend.

RTE i = exp

[
lnRR

N
i

]
, (4.2)

where RR refers to the range of recruitment threshold of the motor unit pool in arbitrary
units and N denotes to the size of the motor neuron pool, i.e., total number of motor
units in the pool.

The instantaneous firing rate, which in return defines when a motor unit fires, is given
for each motor unit i by

FR i(t) = ge (E(t) − RTE i )+ + MFR, (4.3)

where (x)+ := (x + |x|) / 2 denotes the Macaulay brackets, ge the gain of the excitatory
drive, E(t) the excitatory drive, RTE i the recruitment threshold of motor unit i, and
MFR the mean value of the minimum firing rate of the motor units. Note that MFR is
assigned the same value for all motor neurons.

Firing instances determine the inter-spike intervals, i.e., the inter-spike interval for a
specific firing instance j and motor unit i is given by:

ISI j
i = tmn − tm− 1

n . (4.4)

Substituting the inverse of Eqn. (4.4), which is equivalent to the instantaneous firing
rate of the jth firing of motor unit i, into (4.3), one obtains

1

tmn − tm− 1
n

= ge (E(tmn ) − RTE i )+ + MFR. (4.5)

Rearranging Eqn. (4.5) yields the firing instance,
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tmn = tm− 1
n +

1

ge (E(tmn ) − RTE i )+ + MFR

= tm− 1
n + ∆ tm− 1

n ,

(4.6)

which is solved by means of fixed-point iteration in Section 4.1.1.
To simulate a maximum voluntary contraction (MVC), the upper limit of E target needs

to be determined, c.f. Emax. During an MVC, all motor neurons discharge at their peak
discharge rate. It is worth to note that the last recruited motor neuron, motor neuron N
discharges at a slowest rate compared to the rest of the motor neurons. Therefore, the
peak firing rate of motor neuron N (PFRN) becomes the limiting factor.

Thus, left-hand side of Eqn. (4.3) is replaced with PFRN to obtain Emax:

PFRN = ge (Emax − RTEN )+ + MFRN . (4.7)

Rearranging Eqn. (4.7) for Emax yields:

Emax = RTEN +
PFRN − MFRN

ge
. (4.8)

Rate coding and motor unit recruitment are both responsible for the increase in force
during a voluntary contraction. Up to the force level at which all motor units in the
motor unit pool are recruited, both rate coding and motor unit recruitment cause a force
increase. Beyond this force level, increase in force is merely due to rate coding as there
are no additional motor units that can be recruited within the pool [77].

The additive components of Eqn. (4.8) describes this phenomenon and are referred to
as E N and ∆E N

max. Thus Eqn. (4.8) can be written as

Emax = E N + ∆E N
max. (4.9)

From a physiological point of view, E N denotes the upper limit of the excitation for
recruiting additional motor units (see Fig. 4.2), while ∆E N

max contributes to the force
increase due to a mere increase in firing frequency (see Fig. 4.3). Note that E target is
defined in proportion of Emax as

E target = p/100 · Emax, (4.10)

where p denotes the level of force to be simulated.
The force level, at which the largest motor unit (motor unit N) starts firing, is denoted

by FFull Recr. This is a muscle-specific quantity and based on the definitions in Eqn. (4.9)
and Eqn. (4.10) can be quantified as:

FFull Recr =
E N

Emax

· 100 =
RTEN

Emax

· 100 . (4.11)
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Figure 4.2: Number of recruited motor units for an increasing target excitatory drive E target

and the corresponding force level in brackets. Note that all motor units are recruited after
E target ≥ EN or Force ≥ FFull Rec. The plot is obtained by running the motor neuron pool
model with parameters in Table 4.1.

Figure 4.3: The mean discharge rate of the motor neuron pool for an increasing target excitatory
drive E target and the corresponding force level in brackets. Note the change in the slope of the
curve after full recruitment is reached, i.e., E target ≥ EN or Force≥ FFull Rec. The grey line
emphasizes the change in the slope of the curve after this point. The plot is obtained by running
the motor neuron pool model with parameters in Table 4.1.
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(a) (b)

Figure 4.4: Profiles for (a) the recruitment threshold and (b) the peak firing rate of the motor
unit pool.

The peak firing rate differs from motor neuron to motor neuron following

PFR i = PFR 1 − PFRD
RTE i

RTEN

(4.12)

with PFRD denoting the difference between the peak firing rate of the first and last
motor unit.

4.1.1 Fixed-point iteration

The discharge instances for each motor unit at any force level is computed by solving
Eqn. (4.6). To solve this equation, the fixed-point iteration scheme is used. First, the
definition of a fixed point will be provided and the iterative scheme will explained. The
application of the scheme to the problem at hand will then be described.

“A fixed point for a function is a number at which the value of the function does not
change when the function is applied” [36]. Thus, a number m is a fixed point for a given
function g if g(m) = m. Geometrically, fixed points of g correspond to the intersection(s)
of the function with the curve/line y = x (see Fig. 4.5). Alternatively, if g has a fixed
point at m, then the function defined by f(x ) = x − g(x) is zero/has a root at m.

The root of the function f(x ) can be determined by means of fixed-point itera-
tion. This requires setting an initial guess for m, as m0. The iteration continues until
f(m i) = m i − g(m i− 1) is less than or equal to a pre-defined tolerance. If the number
of iterations exceeds the maximum number of pre-defined iterations, convergence could
not be achieved.

Analogous to f(m i) = m i − g(m i− 1), Eqn. (4.6) can be written as f(tmn ) = tmn −
g(tm− 1

n ). Here g(tm− 1
n ), corresponds to the right-hand side of Eqn. (4.6), i.e., tm− 1

n +
∆ tm− 1

n . Therefore, to obtain the discharge instances at a given excitation level, the root
of the equation

f(tmn ) = tmn −
(
tm− 1
n + ∆ tm− 1

n

)
(4.13)

is sought for.
The process to obtain the root of Eqn. (4.13) is outlined in Algorithm 1. First, input

parameters for the motor neuron pool model need are selected. Based on this, the max-



50 Chapter 4: Modelling total force output

Algorithm 1 Scheme to obtain discharge instances. Note that comments begin with #.

1: Set parameters for the motor neuron pool model: RR, PFR 1, PFRD, MFR, g e,

2: Compute PFR n for all motor units(cf. Eqn. (4.12))

3: Compute RTEn for all motor units (cf. Eqn. (4.2))

4: Compute Emax (cf. Eqn. (4.8))

5: Set E target = p%Emax

6: Set the profile for excitatory drive E(t) (cf. Eqn. (4.1)) and total length of contraction

tend

7: Set time step for the contraction time, ∆ t ∗

8: Set parameters for the fixed-point iteration: tolerance, tol, maximum number of iter-

ations, itermax

9: for Each motor unit n, n = 1 . . . N do

10: Set contraction time: t ∗ = 0

11: while t ∗ ≤ tend do

12: # Check if the excitatory drive exceeds the recruitment threshold of motor

13: if E(t ∗) ≥ RTEn and then

14: # Fixed-point iteration begins

15: Initialize iteration counter: iter = 1

16: Initalize iterants: tmn = t ∗,

17: Initalize iterants: tm− 1
n = tmn

18: while |tmn − tm− 1
n | ≤ tol and t ∗ ≤ tend and iter < itermax do

19: Compute ∆ tm− 1
n = (ge (E(tm− 1

n ) − RTEn ) + MFR)−1 )

20: Compute tmn = ∆ tm− 1
n + t ∗

21: Compute error: tmn − tm− 1
n

22: Update iteration number iter ← iter + 1

23: Update iterant tm− 1
n ← tmn

24: else

25: # Excitation is not high enough to trigger discharge

26: # Change excitation by increasing time of contraction

27: Increase contraction time t ∗ ← t ∗ + ∆ t ∗
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Figure 4.5: Schematic description of the fixed-point iteration to find the fixed-point of the
function g(x), which requires finding the intersection of the function with y = x. The grey
point depicts the root, i.e., g(m) = m, m0 the initial guess, m1 and m2 updated solutions.

imum excitatory drive is computed, cf. Eqn. (4.8). The target level of excitation as a
function of the maximum excitatory drive Emax is also defined as E target = p/100 · Emax.
Then, the profile for the excitatory drive, E(t)), is set following Eqn. (4.1). Next, para-
meters required for the iterative scheme are defined, which include the tolerance, tol, for
the error and the maximum number of iterations itermax are selected (see Table 4.1 for
the summary of the parameters).

Iterants for the discharge instances are initialized tmn and tm− 1
n . The contraction in-

stance, t ∗, is set to zero. As described earlier in Section 4.1, if the excitatory drive at t ∗,
i.e., E(t ∗), exceeds the recruitment threshold for motor unit i, the fixed-point iteration
begins. If for a given t ∗, convergence is not reached, then t ∗ is increased by ∆ t ∗ and the
loop starts again. This continues until the total time set for contraction is completed,
i.e., t ∗ = tend.

Table 4.1: Summary of the parameters used in this chapter to demonstrate the motor neuron
model and the isometric force model as given in Fuglevand et al. [104]. The abbreviations denote
the recruitment threshold range, RR, peak firing rate of motor neuron 1, PFR 1, slope of the
distribution of the peak firing rate, PFRD, minimum firing rate MFR, the excitatory gain,
g e, range for the peak twitch force, RP , range for the time-to-peak, RP and size of the motor
neuron pool, N .

RR PFR 1 PFRD MFR g e RP RT N

[−] [Hz] [−] [Hz] [−] [−] [−] [−]

30 45 10 8 1 100 3 100

4.2 Computing force output

A signal is defined as “any physical quantity that varies as a function of one or more
independent variables” [71]. When there is one independent variable, the signal is a one-
dimensional signal. These signals have a single independent variable, which is usually
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time, and the signal amplitude varies with time. An example of one-dimensional signal is
the variation of muscle force [71].

In order to demonstrate how time-dependent muscle force signal is computed in the
present study, it is first necessary to break down the components making up the total
force signal. These components are the discharge instances and the twitch response of
motor units, as well as the resulting motor unit force. The following sections describe
how these components have been obtained and treated.

4.2.1 Motor unit force

An impulse has a characteristic shape determined by the system. This shape is the same
regardless of the amplitude of the impulse. This characteristic response is called the
impulse response and essentially defines the system in the time domain.

A pulse signal having the smallest possible time slice is called the impulse function, or
impulse signal. The systems response to this signal is called the impulse response. As the
shape of the impulse response is unique to a given system, it can be used to represent the
system over time [282].

An impulse function is an infinitesimally brief duration of a signal. Signals can be
regarded as a continuum of scaled and shifted impulse functions. They can be stacked
sequentially in time to represent the signal. If the response of a linear time-invariant
system to a unit impulse is known, then the system response to any input signal may be
calculated as the sum of the responses to the scaled and shifted impulses. This procedure
is known as convolution [71].

To compute the one-dimensional, time-dependent signal describing the force output of
a (synthetic) motor unit pool, the discharge instances obtained from Eqn. (4.6) and the
twitch response of the motor units (see Eqn. (4.14)) are used. Thus, the twitch response
is the impulse response and impulses are composed of the discharge instances.

It is common for motor units to discharge more than once during a given contraction.
The force response of the motor unit to a number of discharges follows the principle of
superposition. Superposition states that when multiple influences act on a system, the
resultant response is the sum of the system’s response to each influence acting alone.
Therefore, when a system receives two or more signals, the response of the system can
be obtained by solving for the response to each signal in isolation, and then algebraically
summing these partial solutions [282].

If the inter-spike-interval of successive discharges are longer than the impulse response,
i.e., twitch response, than the yielding force response does not superpose. When the
opposite happens, individual responses fuse/superpose yielding a force output higher than
a single twitch response (see Fig. 4.6).

4.2.1.1 Twitch response

The motor unit twitch is considered as the impulse response of the motor unit system to
a single action potential [104]. This response is modelled, c.f. [104], using the following
function:

TF (t) =
PTF

TTP
exp

(
1 − t

TTP

)
t, (4.14)
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Figure 4.6: Four discharge instances indicated by the arrows (↑) and D1, D2, D3, D4. Time
interval between D1 and D2 is not short enough for the twitches to fuse. This is not the case
for D3 and D4. Twitches occurring after D3 and D4 superpose and the force output is higher
than a single twitch.

where t denotes the time, PTF the peak twitch force and TTP the time-to-peak-twitch
force, which would be referred to in short as the “time-to-peak”. Here, PTF and TTP
describe the contractile properties of a motor neuron. The response to D1 in Fig. 4.6
shows the shape of the twitch response following Eqn. (4.14).

In order to convolute discharge instances with the twitch response, both quantities are
converted to samples. This is done by simply multiplying each quantity with the sampling
rate fs. For the twitch response, this yields:

TF (τ) = TF (t) · fs. (4.15)

4.2.1.2 Discharge instances

The set of discharges for motor unit i are computed from the motor neuron pool as
described in Section 4.1. These discharges instances are converted to the impulse response
by converting the discharge array into samples by multiplying a given discharge instance
tmn with a sampling rate, fs, i.e., t id = tmn fs. They can be expressed using a Dirac δ
function as

D n(τ) = δ(τ − τ d) =

{
1, for t = t d

0, otherwise,
(4.16)

where t denotes the time and t d denotes the sampled time instance of a discharge.

4.2.1.3 Obtaining the muscle force output

In order to compute the force output of a motor unit, the twitch response (TF n) and the
discharge instances (F n(t)) of the motor unit are convoluted. The formal definition (see
e.g., Bronshtein & Semendyayev [34]) of the convolution of two functions f 1(x) and f 2(x)
is the integral:

f 1 ∗ f 2 =

∫ t

0

f 1(τ) f 2(t − τ) dτ, (4.17)
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where ∗ is the convolution operator
However, since in this case, discharge instances of each motor unit are not continuous

functions, but vectors, convolution operation translates to (cf. [211]):

F n
k =

∑
m

TF n
mD

n
k−m, (4.18)

where m denotes all values that lead to legal indices for TF n
m and D n

k−m, cf. m =
max(1, k + 1 − r), . . . , min(q, r), where r and q correspond to the length of D n and
length of TF n 1respectively.

The total force output of the motor neuron pool is referred to as the muscle force
output. In order to compute the muscle force, F sim, individual motor unit forces are
summed up linearly as:

F sim =
N∑

i= 1

F n. (4.20)

Here, N denotes the size of the motor neuron pool.

4.3 Notes on the use of the modelling scheme in this
work

4.3.1 Inclusion of the variation in firing instances

It is eviden that motor neuron discharges follow a stochastic process, i.e., the inter-
spike interval varies for each contraction. Besides the motor unit force, variability in the
discharge rate of motor units are known to influence the fluctuations in the total muscle
force output [86]. The variation in the inter-spike interval is modelled in Fuglevand et al.
[104] by introducing a variation to the discharge instances as:

tmn ,= µ + µ c.v. Z − tm− 1
n , (4.21)

where µ corresponds to ∆ tm− 1
n in Eqn. (4.6), c.v. to the coefficient of variation and Z is

the Z-score describing how much µ deviates following a normal distribution.
The variation in discharge instances has a profound effect on the number of iterations

required for Eqn. (4.21) to converge. This effect is visualized in Fig. 4.7 by running 10
simulations with c.v. = 0.2. Using c.v. = 0.2 required up to 3000 iterations to reach
convergence, whereas, when the variation is excluded, i.e., c.v. = 0, this number dropped

1For r = q Eqn. (4.18) yields

F n
1 = TF n

1 D
n
1

F n
2 = TF n

1 D
n
2 + TF n

2 D
n
1

. . .

F n
q = TF n

1 D
n
q + TF n

2 D
n
q− 1 + . . . + TF n

q D
n
1

(4.19)
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(a) Motor unit 25. (b) Motor unit 100.

Figure 4.7: Influence of including coefficient of variation in the inter-spike intervals on the
number of iterations required to find the fixed-point. The excitatory drive follows a ramped
increase and a plateau as described in Eqn. (4.1). The ramped increase ends at t r and the
excitation ends at tend. The first firing instance of the motor unit i is depicted with t1i. End of
ramped Top figures depict the cases when a coefficient of variation of 0.2 is introduced, whereas
the bottom ones show the number of iterations when no variation is present. Note the substantial
decrease in the number of iterations when no variation is present.

to 10.
In order to set up the pre-exercise state of the motor neuron pool of vastus lateralis,

Bayesian inference is used (see Chapter 3). This scheme requires a high number of model
runs. The decrease in the number of iterations in turn decreases the total duration of the
simulations. Therefore, number of model runs could be kept high.

To select the model input parameters for the motor neuron pool model, the model
output is calibrated against the experimental data on the mean discharge rate of vastus
lateralis. Ten model runs including c.v. = 0.2 yielded 53.87 ± 0.094 Hz. When the
variation is excluded, i.e., c.v. = 0, the mean discharge rate yielded 52.76 Hz. Thus,
c.v. = 0.2 produced a model outpu 0.18 % higher than that of c.v. = 0. We claim that,
excluding the variation in discharges, therefore, poses no significance influence on the
overall mean discharge rate (see Fig. 4.8).

Contractile properties of the vastus lateralis are determined by calibrating the total force
output obtained from the model against the experimentally measured force output of the
muscle. Ten model runs including c.v. = 0.2 yielded a total force output of 2.243 x 104

± 79.36 au. When the variation is excluded, i.e., c.v. = 0, the total force output is
2.242 x 104 au. Thus, c.v. = 0.2 produced a model output 0.35 % higher than that of
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Figure 4.8: Effect of introducing coefficient of variation, c.v., to the motor neuron model on
the mean discharge rate. Labels of the bar plots denote whether or not c.v. was included,
i.e., c.v. = 0.0 denote no variation and c.v. = 0, 2 denote a variation of 20 % in the discharge
instances. The inlets show a close-up view of the bar plots. The error bars on bars c.v. = 0.2
depict the standard variation of the result of the simulation for 10 runs. Note that the standard
deviation introduced by a non-zero c.v. is 0.18 % of the mean discharge rate case without c.v.

c.v. = 0. As a result, exclusion of the variation does not cause a significant difference in
the total force output (see Fig. 4.9).

4.3.2 Distribution of the contractile properties

It is known that contractile properties, PTF and TTP , in a given motor neuron pool are
negatively correlated [7]. This is due to the fact that motor neurons with more dendrites
and larger axon diameters conduct the action potential faster. Thus, fibres innervated by
these motor neurons also contract faster. Furthermore, such fibres are larger in diameter
and hence are able to generate more force in comparison to fibres innervated by smaller
motor neurons. As a result, fast motor units require shorter time to reach peak twitch
force and can generate higher twitch force.

Adhering to this principle, in Fuglevand et al. [104], contractile properties of motor
neurons are modelled following the relationship:

TTP i = TTP 1 PTF
−1/4.2
i , (4.22)

where (·) i denotes the contractile property (·) of motor neuron i. Note that i = 1
corresponds to the value of the slowest and thus first recruited motor neuron.

For a motor neuron pool composed of 100 motor neurons and TTP 1 = 90 ms (value
from [104]), the distribution of PTF follows an exponential distribution and TTP approx-
imately a right-skewed beta distribution (see Fig. 4.10). The accuracy of the distributions
of the contractile properties using the relationship in Eqn. (4.22) is debatable. To invest-
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Figure 4.9: Effect of introducing coefficient of variation, c.v., on the mean total force. Labels
of the bar plots denote whether or not c.v. was present, i.e., c.v. = 0.0 denote no variation and
c.v. = 0, 2 denote a variation of 20 % in the discharge instances. The inlets show a close-up
view of the bar plots. The error bars on bars c.v. = 0.2 depict the standard variation of the
result of the simulation for 10 runs. Note that the standard deviation introduced by a non-zero
c.v. is 0.35 % of the mean force for the cases without c.v.

igate this, the relationship between contractile properties, muscle fibre diameter, muscle
fibre conduction velocity and motor unit conduction velocity in light of a recent study by
Del Vecchio et al. [67] will be discussed.

Muscle fibre conduction velocity and diameter have been shown to be linearly related
[26, 122]. This is due to motor neurons innervating muscle fibres with larger diameters
possessing larger axons. They can thus transmit the action potential faster. Thus, the
recruitment threshold of motor units and the motor unit conduction velocity are also
correlated due to the principle of orderly recruitment. Thus, the recruitment threshold of
motor units and the motor unit conduction velocity are also correlated due to the principle
of orderly recruitment.

The study by Del Vecchio et al. [67] has investigated 406 motor units in the full re-
cruitment range of the tibialis anterior muscle. They have shown that the muscle fibre
diameters follow a continuous distribution, resembling a normal distribution. Further-
more, muscle fibre conduction velocity and contractile properties are also shown to be
correlated [7, 227]. Thus, it can be inferred that the fibre diameter and contractile prop-
erties are also related.

In their study, Fuglevand et al. [104] made use of an exponential distribution for the
contractile properties. However, in light of the recent finding by Del Vecchio et al. [67]
regarding the distribution of the fibre diameters being normally distributed, it is likely
that the distribution of the contractile properties of a motor neuron pool does not follow
an exponential distribution. Therefore, in Chapter 6, a scheme is suggested to obtain the
distribution of the contractile properties of vastus lateralis by using the isometric strength
of the muscle and experimental data from literature.
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(a) Distribution of the peak twitch force, PTF (b) Distribution of the time-to-peak TTP .

Figure 4.10: Distribution of the contractile properties using the relationships provided in Fugl-
evand et al. [104] for a motor unit pool size of 100 motor units.



5 Modelling isometric contraction

5.1 Introduction

Force output of a skeletal muscle is dependent on the number of motor neurons recruited
and the rate these motor neurons generate motor unit action potential trains (MUAPTs)
during the contraction [85, 87, 88, 131]. The discharge trains denote the time instance
of the generation of the action potential. The discharge rate for a motor neuron can be
computed from MUAPT, which is an important feature of the recruitment behaviour of
motor neurons, as it contains information about the task that is being performed [131].

From an experimental point of view, the electrophysiological state of a skeletal muscle
can be investigated using electromyographic (EMG) data (see Section 2.2.7). The
MUAPTs can be extracted from the EMG data by means of decomposition algorithms
[63, 96, 142, 144, 169]. Obtaining MUAPTs for larger muscles at higher force levels, how-
ever, produce less reliable insights.This is due to limitations in electrode technology and
current algorithmic approaches to decompose the measured signal [248]. Therefore, using
the current technology, an accurate description of the discharge behaviour of the entire
motor neuron pool for large muscles merely from experimental data is not possible.

To overcome the limitations of the experimental data, the computational model of
motor control by [104] is used. This model is already extensively described in Chapter
4 and hence details of the model will not be repeated in this chapter. The model also
makes it possible to generate discharge instances at any force level. The prominence of
this model and its use in other studies are discussed in Chapter 1 Section 1.2.2. This
chapter focuses on the framework used to determine the set of input parameters for the
“motor neuron pool model” suggested in [104].

Despite its widespread use, for the motor neuron pool model, there currently exists no
study that defines muscle-specific model input parameters based on experimental evid-
ence. The modelling framework described in this chapter makes use of Bayesian updating
(see Chapter 3) to determine the input parameters for the vastus lateralis muscle based ex-
perimental data obtained from literature. Discharge instances of the entire motor neuron
pool for the muscle at any level of force can then be modelled, which describes the pre-
exercise state of the motor neuron pool. The model output is then used in Chapter 6 to
model the contractile properties of the motor neuron pool. The post-exercise state of the
motor neuron pool is later modelled in Chapter 8 by using the set of input parameters
obtained in this chapter as the reference state.

5.2 Methods

To determine the muscle-specific input parameters for the motor neuron pool model,
experimental data obtained from literature is used. First, admissible sets, for each input

59
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parameter of the motor neuron pool model are created. These sets will be referred to
as the initial selection of the admissible set of input parameters, Θ. When possible, the
ranges for the values each set spans are selected based on available experimental evidence.
These sets are then narrowed down based on the parameter FFull Rec, which corresponds
to the force level at which all motor neurons contribute to the rate coding, to obtain the
prior sets for the admissible input parameters, Θ̃. This way, model runs for unrealistic
cases are disregarded and the number of model runs are decreased. The motor neuron
pool model is then run for each member of Θ̃ and discharge instances of the motor neurons
at various levels of force are obtained. The mean discharge rate of the motor neurons at
the force plateau is computed, which will be referred to as the model output, Ω sim(p, Θ̃).

Literature data on the mean discharge rate of vastus lateralis during voluntary isometric
knee extension at various force levels are gathered. The model output is then calibrated
against the experimental data using a stochastic calibration method, i.e., a Bayesian up-
dating scheme, instead of a deterministic one. This is necessary as the calibration data
stems from multiple experimental studies [134]. The calibration yields the posterior sets
for the input parameters of the motor neuron pool model, which describes the experi-
mental data on a healthy vastus lateralis muscle. This scheme is visualized in Fig. 5.1.
Using the parameter set, which leads to the most accurate mean discharge rate output,

i.e., the maximum a-posteriori, ˜̃Θ, the synthetic discharge times for the entire motor
neuron pool are generated.

Θ

Θ̃

˜̃Θ

Reduce size using FFull Recr

Calibrate against Ωexp(p s)

Figure 5.1: Visual depiction of the admissible sets for the input parameters. The initial selec-
tion for the set of admissible parameters, Θ, are reduced to obtain the prior set of admissible
parameters, Θ̃, using the upper limit of the force level when all motor neurons are recruited,

FFull Rec, and further reduced down to the posterior set, ˜̃Θ, by calibration of the model out-
put according to experimental data on mean discharge rate, Ωexp. Note that the areas of the
trapezoids symbolize the size of the sets.
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5.2.1 Selection of the set of input parameters

The five input parameters to the motor neuron pool model are the range of recruitment,
RR, the minimum firing rate, MFR, the peak firing rate of the smallest motor neuron,
PFR 1, difference between the first and last recruited motor neuron PFRD, and the gain
in the excitatory drive, ge. Based on existing knowledge on the five input parameters,
admissible input parameters are determined (Section 5.2.1).

Admissible set of input parameters

The initially selected range for each parameter is given in Table 5.1. The range for PFR
is informed from literature, which is known to go up to 100 Hz. Similarly, MFR is
measured to be 5-8 Hz from EMG data [88], but an upper limit is not known. To span
all possibilities regarding the discharge rate, the lower limit for parameters describing the
discharge rate is taken as 1 Hz. Ranges for the remaining parameters are assumed.

Table 5.1: Ranges for the input parameters making up Θ, where au denotes arbitrary units.

Variable Range Unit

RR [1, 200] au

MFR [1,100] Hz

PFR 1 [1, 100] Hz

PFRD [1, 50] Hz

ge [1, 2] au

Within this work, we only consider a finite subset Θ̃ of the infinite parameter space, Θ.
For this purpose, we reduce each of the sets to 10 parameters, so that the each parameter
set contains 10 equally spaced values. All combinations of these parameters are computed,
which are described using the input parameter vector, Θ:

Θ = RR×MFR× PFR 1 × PFRD × ge. (5.1)

Thus, the cardinality of the resulting parameter space, Θ is 105.
To determine the set of admissible input parameters, Θ̃, we compute for each element

in Θ the resulting FFull Recr according to Eqn. (4.11). The input parameters are con-
sidered to be admissible, if FFull Recr is within its physiological range. For human skeletal
muscles, FFull Recr is typically obtained between 50% MVC and 100% MVC as suggested
by Heckman & Enoka [131].

5.2.2 Selection of the calibration data

For deriving muscle-specific models, one needs to carry out a calibration step, i.e., derive
from experimental data for the (missing) model parameters. Here, we chose to identify
a muscle-specific model for the vastus lateralis muscle. Studies of De Luca & Hostage
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[63], Jakobi & Cafarelli [152], Kamen & Knight [159], Martinez-Valdes et al. [208] and
Martinez-Valdes et al. [207] focus on unilateral isometric knee extension experiments and
report the mean discharge rates for various force levels using surface EMG. The relevant
data for this study, i.e., the force levels and mean discharge rates, are depicted in Fig. 5.2.

Figure 5.2: Mean discharge rate data vs %MVC from experimental studies on isometric vol-
untary knee extension. Note that at Force = 10 %MVC, three data points almost overlap.

Note that in De Luca & Hostage [63], EMG measurements are made at 20, 80, 100
% MVC. The data on the mean discharge rate at these contraction levels are, however,
not reported. Instead, a function to describe the mean discharge rate is provided. The
data points for the data set from De Luca & Hostage [63] in Figure 5.2 are computed
using the provided function, but only at the levels of force in terms of %MVC at which
experimental measurements were performed. The force level where data are reported in
a study s is denoted by ps. The set of all mean discharge rates extracted from the s = 5
experimental studies is denoted by

Ωexp = {D(ps) | s = 1, . . . , 5} .

5.2.3 Computing the mean discharge rate as model output

Given a specific force level, and a particular choice of input parameters, i.e., Θ ∈ Θ̃, the
motor neuron pool model can be used to compute the discharge instances for each motor
neuron. From the individual motor neuron discharge instances, one can then compute as
model output, Ω sim(p, Θ̃), the overall mean discharge rate, which is also provided within
the above-mentioned experimental studies.

To compute the mean discharge rate, we first define for each motor neuron n, two sets
of discharge instance, i.e., F1

n containing the discharge instances, tmn , during the force
ramp and F2

i containing the ones while maintaining the force plateau. These two sets are
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defined by

F1
n := {tmn | 0 s ≤ tmn ≤ 1 s}

and

F2
n := {tmn | 1 s < tmn ≤ 2 s}

respectively.
Then the overall simulated mean discharge rate, Ω sim(p, Θ̃), of the entire motor unit

pool at the plateau region is computed by

Ω sim(p, Θ̃) :=
1

N

N∑
n=1

 1

|F2
n|

|F1
n|+|F2

n|−1∑
m=|F1

n|

[
1

tm+ 1
n − tmn

] , (5.2)

where N denotes the size of the motor neuron pool.

5.2.4 Estimation of the total motor neuron number in vastus lateralis

Utilising the motor neuron pool model to predict the discharge instances of the vastus
lateralis at a given force level requires an estimation of the size of the motor neuron pool,
N . Following the method proposed by Rich et al. [264], the motor neuron pool size can
be estimated based on the number of fibres and the innervation ratio of the respective
muscle. According to [194], the number of fibres of a vastus lateralis of a healthy male
aged between 18 and 30 ranges between 393 000 and 903 000 fibres (see Table 5.2). As far
as the innervation ration is concerned, Rich et al. [264] estimated for the vastus lateralis
an average innervation ratio of 1500 fibres per motor unit. Dividing the average number
of fibres reported in Table 5.2 with the innovation ratio yields the motor neuron size,
which is 424.
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Table 5.2: The total number of fibres of vastus lateralis for subjects aged 18-30 (numbers taken
from Lexell et al. [194]) and the corresponding average.

Subject Age Nr. of fibres

7 18 674 000

8 19 626 000

9 19 557 000

10 20 505 000

11 21 903 000

12 21 393 000

13 22 859 000

14 26 548 000

15 27 619 000

16 30 603 000

average: 629 000

5.2.5 Bayesian updating

The admissible set of input parameters (Θ̃) defined in Section 5.2.1 provide the first step
for the application of Bayesian updating to the current problem. As described previously,
these sets are based on existing skeletal muscles physiology knowledge. To select the
parameter set describing vastus lateralis muscle within Θ̃, the model output, Ω sim(p, Θ̃),
is calibrated against experimental data on the discharge rate of vastus lateralis collected
from multiple studies. This selection is made based on the likelihood function, which yields
for Θ̃ the likelihood describing how well the model output describes the experimental data.
It is generated using a particular set in Θ̃ that represents the data at hand (Ωexp).

Assuming that the measurement errors related to the data at hand are independent
and normally distributed, the likelihood function f(D |Θ) takes the following form:

f(Ωexp | Θ̃
q
) ∝ exp

{
−1

2
ΞT R−1 Ξ

}
(5.3)

with

Ξ :=

 Ωexp(p1)− Ω sim(p1, Θ̃q)
...

Ωexp(pS)− Ω sim(pS, Θ̃q)

 ,
where Θ̃q ∈ Θ̃, denotes the total number of available experimental data points, and
R ∈ IRS,S is the (co)variance matrix of measurement errors. The covariance matrix is a
diagonal matrix, as data points are considered to be independent from each other. Thus,
the matrix can be expressed as R = ε 2 I, where ε denotes the measurement error.

Since the studies do not report the error associated with the data, the measurement error
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is assumed. The smallest mean discharge rate is reported as 9 Hz at Force = 10 %MVC
(see Fig. 5.2). To cover only non-negative values of the discharge rate, ε is selected as 9
Hz, i.e., ε = 9 Hz.

After the likelihoods have been computed, the values are normalised, i.e.,

w(Θ̃r) =
f(D | Θ̃k)

max
q

[f(D | Θ̃q)]
∀ Θ̃r ∈ Θ̃. (5.4)

The normalised values are typically referred to as weights (e.g., [234]) and they describe
the performance of each parameter set relative to the parameter set with the highest
likelihood describing the data.

To select from Θ̃ the input parameters Θ̃r for which the likelihood that Ωsim
(
p, Θ̃r

)
is

within the range of experimental data are large, a rejection sampling algorithm, cf. [291]
and described in Section 3.3.3, is employed. The rejection sampling algorithm is defined as
follows: first, a random number uk is drawn from a uniform distribution U(0, 1). Element

Θ̃r ∈ Θ̃ is accepted as an element of ˜̃Θ if w(Θ̃r) ≥ u r. The parameter sets in ˜̃Θ make
up the final set of input parameters, which specifically describe the calibration data. The
elements of this set are called posteriors. The corresponding set of model outputs is then

defined as Ω sim(p, ˜̃Θ).
Further, in this study, the input parameter set with the highest weight, known as “the

maximum a-posteriori” (MAP) and expressed by

˜̃ΘMAP

= argmax
Θ̃k∈ ˜̃Θ[w(Θ̃k)]

is the input parameter set for which the model generates with respect to the given exper-
imental data the best-fitting output.

5.3 Results

5.3.1 Characteristics of the prior set of admissible input parameters

As mentioned before, not all sets of input variables lead to a physiological output. This
is shown in Fig. 5.3. There, FFull Recr is computed for all sets of input variables and
visualised using a histogram (see Fig. 5.3). As FFull Recr is expressed in terms of MVC,
non-negative values, as well as values exceeding 100%MVC depict non-physiological values
of force. Initial selection of the input parameters lead to FFull Recr values ranging from -
3.43 x 105 to∞. The case when FFull Recr ≈ ∞ occurs when the denominator of FFull Recr,

which is Emax = RTEN +
PFRN − MFRN

ge
, approaches zero. This occurs when

PFRN − MFRN

ge
< 0, hence RTEN =

PFRN − MFRN

ge
. The minimum firing rate

of motor neuron N cannot exceed its peak firing rate.
The physiological range for FFull Recr for larger human muscles is reported to be between

50 and 100%MVC. When the parameter sets leading to value outside of the reported range
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Figure 5.3: The force level at which motor unit recruitment is completed, FFull Recr, computed
from initial selection of the admissible set of input parameters, Θ, using Eqn. (4.11).

for FFull Recr are excluded, the prior set of admissible input parameters, Θ̃, are obtained.
Qualitatively, the majority of the FFull Recr values for Θ̃ seem to be higher than 75%MVC
(see Fig. 5.4).

Figure 5.4: The force level at which motor unit recruitment is completed (FFull Recr) computed
from the prior set of admissible input parameters, Θ̃, using Eqn. (4.11).

The parameters are first selected from 10 equally spaced values within a given range
(see Table 5.1). For example, for ge, we can choose for each of the 10 ge values (ge=1.0, 1.1,
1.2, 1.3, 1.4, 1.6, 1.7, 1.8, 1.9, and 2.0). This yields a total of 105 other variations for each
member in ge, i.e., different combinations ofRR, MFR, PFR1, and PFRD (see dark grey
bars in Fig. 5.5 (e)). When parameter combinations that yield FFull Recr /∈ [50, 100]%MVC
are excluded, the size of the admissible set of parameters reduce to 24 661. This is a
reduction of 75.34% in the size of the parameter space. Light grey bars in Fig. 5.5 depict
this.

The model output, cf. mean discharge rate of the recruited motor neurons at the force
plateau, over force (for p = ps) is shown in Fig. 5.6). As the simulated force level
increases, model outputs cover a wider range. This range increases from [2,117] Hz at

10%MVC up to [21, 413] Hz at 100%MVC. Note that the Ω sim(p, Θ̃) does cover the range
of the experimental data (cf. Fig. 5.6, rectangles).
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(a) Range of recruitment threshold,
RR.

(b) Minimum firing rate, MFR.

(c) Peak firing rate of the smallest mo-
tor neuron, PRF1.

(d) Difference between the peak fir-
ing rate of the smallest and largest
motorneuron, PFRD.

(e) Gain in excitatory drive, ge.

Figure 5.5: Distribution of the number of elements for each discrete value. Dark grey bars
denote contents of the initial selection of the admissible set of input paramteters, Θ and light
gray ones that of the prior set, Θ̃.

5.3.2 Characteristics of the posterior set of admissible input
parameters

Bayesian updating lead to the posterior set of the admissible input parameters, ˜̃Θ, which

contain 49 sets. Some of the input parameters in ˜̃Θ, depicted in Fig. 5.7, exhibit a trend
given the values the parameteres and some do not. The posterior set for the variable RR
is composed of a single value (Fig. 5.7 (a)), whereas, for MFR, two peaks at 1 Hz and
12 Hz are observed (see Fig. 5.7 (b)). Out of the 10 discrete values, the posterior set for
PFR 1 contain only 6 of the initial values (see Fig. 5.7 (c)). There are no gaps in the
posterior set of PFRD (see Fig. 5.7 (d)), meaning that values in posterior set span the
entire range selected for the priors. The posterior set for the last parameter ge shows a
tendency towards values smaller than 1.5, however the values span almost the entire range
defined for the prior except for values 1.2 and 1.7 (see Fig. 5.7 (e)). The corresponding

FFull Rec span values within the range [50, 90]%MVC, which is narrower than that of Θ̃
(see Fig. 5.8).
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Figure 5.6: Mean and standard deviation of the model output (mean discharge rate), obtained
from the prior set of admissible parameters, Ω sim(p, Θ̃), over force, p. Rectangles denote the
range of experimental data.

Similar to Ω sim(p, Θ̃), the model output obtained from the posterior sets, Ω sim(p, ˜̃Θ),
also increases as the simulated force level increases (see Fig. 5.9). Note that the order of

magnitude of the model output in Ω sim(p, ˜̃Θ) is much smaller in comparison to Ω sim(p, Θ̃).

Values in Ω sim(p, ˜̃Θ) fall within the range of experimental data.

5.3.3 Recruitment behaviour of vastus lateralis

The parameter set yielding the best fit to the data is observed for ˜̃Θ MAP

=

{23.1, 1.0, 12.0, 1.0, 1.1}. The excitatory drive required to simulate an MVC for ˜̃Θ MAP

is Emax = 32, with the components E N = 23 and E II
max = 9 (see Eqn. 4.8). When these

are inserted into Eqn. (4.11), FFull Recr is found to be 72% MVC.
The number of recruited motor units over the simulated force resembles the shape of a

logarithmic function until FFull Recr = 72%MVC (see Fig. 5.10). Up to this force level,
total number of recruited motor neurons at the target force level increases with respect
to the target force level. Beyond 72%MVC, number of recruited motor neurons stay
constant, since the recruitment threshold for all motor neurons at the force plateau are
exceeded.

Using ˜̃Θ MAP

, ramped isometric contractions for 1-100% MVC at every 1% MVC is sim-

ulated. The mean discharge rate at the force plateau is found to be Ω sim(100, ˜̃Θ MAP

) ∈
[1.16, 28.47] Hz. A slight increase in the slope of mean discharge rate with respect to
force is observed when the force level exceeds FFull Recr (see Fig. 5.11). Note that, the
mean discharge rate is zero when target force is less than or equal to 4 %MVC. Motor
neurons are found to discharge at a maximum rate of 36 Hz to a minimum of 1 Hz.
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(a) Range of recruitment threshold, RR. (b) Minimum firing rate, MFR.

(c) Peak firing rate of the smallest motor
neuron, PRF1.

(d) Difference between the peak firing rate
of the smallest and largest motorneuron,
PFRD.

(e) Gain in excitatory drive, ge.

Figure 5.7: Distribution of the number of elements for each discrete value for the posterior set

of admissible input parameters, ˜̃Θ.

Figure 5.8: The force level at which motor unit recruitment is completed (FFull Recr) computed

from the posterior set of admissible input parameters, ˜̃Θ, using Eqn. (4.11).
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Figure 5.9: Mean discharge rate over force levels, p. Gray dots and error bars denote experi-
mental data (mean and standard deviation) for each reported data point, black solid dots and
the black error bars denote the mean and standard deviation of the model outputs obtained

from the posterior set of admissible input parameters, Ω sim(p, ˜̃Θ) and empty circles denote the

model output computed from the maximum a-posteriori, Ω sim(p, ˜̃Θ MAP
).

Figure 5.10: Number of recruited motor units for 10 to 100 % MVC at each 10 % MVC.



5.4 Discussion 71

Figure 5.11: Mean firing rate of the MAP for 1-100 % MVC. The solid lines mark the force
level at which MU recruitment is completed, i.e., FFull Recr and the corresponding mean firing
rate.

The discharge times for the model output Ω sim(100, ˜̃Θ MAP

) are depicted in Fig. 5.12.
The discharge rate of motor neurons increase during the force ramp (t ≤ 1 s). At the
force plateau (1 < t ≤ 2 s), motor neurons discharge regularly with their peak discharge
rate at the given force level.

5.4 Discussion

Even though the motor neuron pool model by Fuglevand et al. [104] is of phenomenological
nature, we put the emphasis on the aspects of the model that are physiologically relevant.
One such aspect is the force level when all motor neurons are recruited (FFull Recr), which
is possible to compute using the model input parameters. Setting up the admissible
set of input parameters according to this quantity helps to disregard non-physiological
model runs and keeps the admissible parameter sets within a physiologically-relevant
range. Excluding the parameter sets yielding non-physiological FFull Rec, the size of the
admissible set of input parameters could also be decreased from 10 5 to 26 661. This helped
to reduce the number of model runs.

The real output of the motor neuron pool model is the discharge instances. However, by
regarding the main model output as the mean discharge rate instead of discharge instances
allows to calibrate the model against the experimental data on the mean discharge output.
As a result, using the input parameters determined at the end of calibration, the discharge
instances for each motor neuron within the motor neuron pool can be generated. Using
experimental methods, discharge instances of only a small portion of the motor neuron
pool can be obtained. It can therefore be said that the current data-driven scheme provides
the means to make up for the limitations of experimental methods without completely
disregarding the available experimenta data.
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Figure 5.12: Discharge times at each 50 th motor neuron (thin lines) for a simulation of

100% MVC using the maximum a-posteriori input parameters, ˜̃Θ MAP
. The thick line denotes

the trace of the excitatory drive/force.

When the motor neuron pool model is implemented and the admissible input parameters
are set up as described before, it is possible to obtain ”muscle-specific input parameters”
for the model by using data on the mean discharge rate of any muscle, since the admissible
sets are constructed for any skeletal muscle. Up to now, studies that utilized this model
mostly used values for the input parameters which were assumed, without using any
scheme to estimate the parameters. The novelty of this work is thus applying Bayesian
updating by using physiologically-relevant sets of the input parameters and obtaining
muscle-specific parameters based on experimental data on a given muscle. Note that
the de-recruitment behaviour of motor neurons upon the termination of excitation is not
included in this modelling scheme.

The width of the standard deviation of Ω sim(p, ˜̃Θ) falls within the range of experimental

data and is much narrower than the range of Ω sim(p, Θ̃). This points to the fact that

the parameter sets in Θ̃ were in fact selected from a range of values, which are capable of
describing the data at hand. It can therefore be said that the framework used to set up
the admissible input parameter sets is feasible.

This model predicts for the vastus laterlis muscle, FFull Recr = 72 %MVC. The recruit-
ment range of vastus lateralis is investigated in the study by De Luca & Hostage [63].
They report that the motor neuron recruitment ends at 95 % MVC for vastus lateralis
during a ramped isometric contraction. The corresponding force level found in the current
work occurs at a lower contraction level. Once more experimental data is available on
this, the result can be judged more accurately.

The results presented here can be revised as more data on the discharge rate of the
motor unit pool of vastus lateralis becomes available, which would enhance the amount
of calibration data. The revision would not require further model runs, as the model
calibration method by using Bayesian update would only require updating the set of
calibration data.

Data on the motor unit pool size of vastus lateralis computed using the Motor Unit
Number Estimation (MUNE) method is available in literature. As the name suggests,
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this is a method to estimate the size of the motor neuron pool of skeletal muscles. The
study by Piasecki et al. [246] report the size of the motor neuron pool for measurements
obtained from proximal and distal regions of vastus lateralis to be 197 ± 92 and 146 ± 47
respectively. An earlier study reports the motor neuron pool size as 195 [247]. These are
based on compound muscle are techniques that utilize intramuscular EMG recordings for
force levels not exceeding 25 % MVC. Therefore, it is highly unlikely that the number of
motor neurons that detected at a recording at 25 % MVC corresponds to the size of the
entire pool. The MUNE method is most commonly used to assess changes in the number
of motor neurons in pathological cases or due to ageing (see e.g. Enoka [85], Gilmore et al.
[112], Jacobsen et al. [151]). Moreover, as stated in Piasecki et al. [246], the results of the
MUNE method represent the number of motor neurons only for a given muscle volume.
Thus such results are not representative of the entire muscle volume. Therefore the motor
neuron size of vastus lateralis estimated using MUNE is not utilized in this study. When
more is known on the size of the motor neuron pool of vastus lateralis, the model can be
updated accordingly.

The estimation of the size of the motor neuron pool employed in this study, is based
on the assumption that vastus lateralis has the same innervation ratio as vastus medialis,
as suggested in Rich et al. [264]. The average number of fibres measured in Lexell et al.
[195] for healthy, young subjects are used. Note that data on fibre number are collected
from cadavres and not living subjects. Data on the innervation ratio and the number of
fibres employing more up-to-date experimental methods would provide a more accurate
estimation of the motor unit size.

As seen in Fig. 5.11, all motor units are recruited after 4 % MVC. This means that target
excitatory drive up to 4 % MVC (E target < 0.04Emax) can not exceed the recruitment
threshold of any motor neuron in the pool. Since the recruitment threshold of the motor
unit with the lowest threshold can neither be set or nor is coupled to the maximum
excitatory drive, the unability to simulate force levels less than or equal to 4% MVC is
an inherent limitation of the motor neuron pool model.

The input parameter PFR 1 in the ˜̃Θ MAP

is found to be 12.0 Hz. This value supposedly
describes the peak discharge rate of motor neuron 1, i.e., smallest motor neuron. The

peak discharge rate should be observed at 100% MVC. When Ω sim(p, ˜̃Θ MAP

) is examined,
the peak discharge rate of motor neuron 1 is found to be 35.6 Hz and occurs at 100 % MVC
as expected. The discrepancy between the prescribed value of the input parameter PFR 1

with its value obtained at the end of the simulation stems from the inherent structure
of the motor neuron pool model. The reason for this is that PFR 1 never enters the
equation describing the discharge rate, i.e., Eqn. (4.3), for a given motor neuron i. This
also applies to PFRD describing the difference between the peak discharge rate of motor
unit 1 and motor unit N . The difference between the peak discharge rate of the smallest
and largest motor neuron is prescribed as 1.0, however, the simulation results yield 24 for
this parameter.

The variation in the ISIs to describe the stochastic nature of the motor unit discharge
behavior is neglected in the current scheme. This is done to reduce model complexity and
to enforce the reproducibility of the results. It is however known that the variation in
ISI is a significant part of voluntary control. It is thought to be responsible for the force
fluctuations in the force output of skeletal muscles [86]. The variation, however, does not
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change the mean discharge rate only minimally (see Fig. 4.8). As the calibration is made
according to the mean discharge rate, ignoring the variation in the discharges does not
cause any significant disadvantage for the current modelling scheme.

As suggested in Revill & Fuglevand [260], high-density, multi-electrode surface arrays
and advanced decomposition algorithms make tracking higher threshold motor units over
a wider range of force levels more reliable as the methods are developed further. The
current modelling framework can be used to model the discharge behaviour of larger
muscles until such methods are proven to be dependable for the entire motor unit pool.

The experimental data used in this study is collected from various studies. Although
each study employs experiments on isometric knee extension and report data on the vas-
tus lateralis, other aspects in the studies show variations. One of the main aspects that
might cause variation in the study outcome is related to the experimental method to
collect EMG data and the corresponding signal processing method. Three different ex-
perimental methods have been employed to extract the action potential of motor units
in the studies used as calibration points in this study. These methods are namely in-
tramuscular EMG, surface EMG and high density surface EMG. Distinguishing between
the strengths and weaknesses of each method could pave the way for a more detailed
uncertainty quantification. One way to do this could be giving different weight to the
measurement error assigned the data points obtained with different methods. A method-
ology could be developed to take into account the number of detected motor units, type of
EMG measurement, gender/age/health of subjects the measurements are being perfomed
on, the decomposition method and so on.

5.5 Conclusions

The input parameters RR, MFR, PFR1, PFRD, ge required by the motor neuron pool
model by Fuglevand et al. [104] are estimated following a data-driven decision-making
scheme. A wide range of values are assigned to the input parameter sets initially. Using
the relationship between the recruitment range and the maximum excitatory drive, the
level of force for the completion of recruitment is determined and the parameter sets that
produce non-physiological values for this parameter are disregarded.

Experimental data on the discharge rate of vastus lateralis measured during isometric
knee extension from 5 studies provided the calibration data for the Bayesian updating.
The motor neuron model is run for the force levels at which experimental data was
available. The parameter set that has the highest likelihood (maximum a-posteriori)
is determined, which was found to be 23.1, 1.0, 12.0, 1.0, 1.1 for RR, MFR, PFR1,
PFRD and ge respectively. The recruitment is found to end at 72 % MVC for vastus
lateralis. Mean discharge rate of the motor units is within the range [1, 36] Hz for 4-100%
MVC.
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Strength describes the state of the performance output of the motor system. The max-
imum voluntary isometric strength is a common and simple measure of muscle strength
[82]. The ease of measurement stems from the absence of angular movement of a joint as
the contraction is isometric. Thus, the complexity of the measurement is reduced.

Although isometric strength is simple to measure, measuring strength of an individual
muscle is challenging. This is is due to the fact that multiple muscles are involved in
generating the force output during a given movement. Without precise knowledge of the
level of activation as well as the line of action of each muscle, it is difficult to measure the
strength of a muscle that belongs to a muscle group in-vitro. Computational models such
as the model by Elias et al. [80] tackles this issue by estimating force output of individual
muscles in quadriceps femoris by considering the cross-sectional area of each muscle.

With the advances in imaging techniques, muscle cross-sectional area can be estim-
ated relatively easy and accurate. Although the strength of an individual muscle can be
estimated using computational models, it is still necessary to consider the complicated
interaction among neuromuscular elements of the muscle required to generate force. The
neuromuscular elements can be divided into the neural and muscular elements. Neural
elements are composed of the motor units, whereas the cross-sectional area and length of
the muscle make up the muscular elements [82].

One aspect of motor unit activity having a direct influence on the force output of the
muscle, is the force output of the motor unit pool, which is the summation of the force
output of individual motor units. Motor unit force output is the result of the interaction
of the rate modulation and the twitch response of the motor unit (see Section 2.2.6). The
twitch response is commonly described by using time-to-peak-force and the peak force
measured during a single twitch, which make up the contractile properties of a given
motor unit.

Although the twitch response is required to estimate the motor unit force and eventually
the total muscle force, data on the contractile properties of human motor units that
describe a motor unit’s twitch response, are sparse in comparison to other animal species
[50]. One reason for the sparsity is the necessity to perform invasive experiments to
measure contractile properties of motor units, which poses a challenge for experimental
studies on human subjects due to ethical reasons. Furthermore, detailed information
related to the motor unit activity is currently only possible to obtain for a small portion
of a muscle at low levels of force (see Section 2.2.7).

A common method to measure contractile properties of individual motor units is the
spike-triggered averaging of the force signal (see Section 2.2.7 for details regarding this
method). Motor units that are detected using this method, are known to be biased
towards low threshold motor units, since the measurements are made at low firing rates
and contraction levels [216]. Therefore, contractile properties reported as a result of
spike-triggered averaging are representative of the lower threshold motor units.

75
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In this chapter a modelling scheme is suggested to quantify the contractile properties of
the entire motor unit pool of vastus lateralis muscle. A number of sets for the distribution
of each contractile property within the motor unit pool are generated based on existing
experimental evidence. The peak twitch force is first treated as a dimensionless parameter.
Using data on the isometric force output of vatus lateralis, a scaling factor for each case
for the peak twitch force is computed. The distribution of the peak twitch force is then
scaled by using this factor. Isometric force output of the muscle is computed using the
updated sets of peak twitch force and sets for the time-to-peak force. Similar to the
preceeding chapter, Bayesian updating scheme is used to select the sets for the contractile
properties of the motor unit pool, which describe the experimental data on the isometric
force output. The maximum a-posteriori, MAP, (see Section 3.3) is selected as the set
of contractile properties describing the vastus lateralis motor units. As the MAP of
the contractile properties and the input parameters for the motor unit pool model from
Chapter 5 are now known, the pre-exercise state of the motor unit pool of the muscle is
now established.

6.1 Methods

The aim of this study is to estimate the contractile properties (peak twitch force, PTF
and time-to-peak twitch force, TTP ) of the motor neuron pool of vastus lateralis. For
this, admissible sets for each contractile property are generated. This is done based
on experimental data on the contractile properties of other human muscles. Bayesian
updating (see Chapter 3) has been used to calibrate the model.

The admissible sets for each contractile property are created using ranges reported in
literature. As each motor neuron has different contractile properties, continuous distribu-
tion for the contractile properties are generated. These sets follow beta or gamma type
of probability distribution.

Initial selection of the sets describing TTP and PTF fall within (0, 1]. Therefore these

sets are referred to as normalized sets and are denoted‘ by ΘTTP and ΘPTF . In order to
determine the admissible sets for both properties, normalized sets are scaled by a scaling
factor. The scaling factors for time-to-peak force, α TTP

r , and peak twitch force, αPTF
k ,

are determined using two different approaches. α TTP
r is selected merely based on th data

on the slowest motor neuron, whereas αPTF
k is computed from a new modelling scheme.

Using the scaling factors and the initial selection of the contractile properties, prior sets
for admissible contractile properties, Θ̃TTP and Θ̃PTF , are obtained.

The input parameters for the motor neuron pool model, which describe the recruitment

behaviour of vastus lateralis, ˜̃Θ MAP

, have been determined in Chapter 5. Using the

discharge instances obtained by running the motor neuron pool model with ˜̃Θ MAP

and
using Θ̃PTF and Θ̃TTP , to compute the twitch response, total force output of the muscle
at various force levels are computed, F sim.

The isometric strength of vastus lateralis is estimated using experimental data on the
isometric strength of knee extensors and is indicated by F exp. The total force output
F sim is calibrated against F exp using Bayesian updating. Thus, posterior sets for each
contractile property are obtained. This scheme is summarized in Fig. 6.1.
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Figure 6.1: Overview of the modelling scheme.

6.1.1 Estimating the isometric strength of vastus lateralis

Experimental data from literature on the isometric voluntary strength of knee extensor
muscles of healthy, young, male subjects, have been collected. The studies by Bigland-
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Study Mean [N] Std [N]

Kamen & Knight [159] 522 33

Miller et al. [219] 688 63

Zhou et al. [329] 583 36

Bigland-Ritchie et al. [24] 535 155

Mean 582 71

Table 6.1: Mean and standard deviation (Std) of isometric knee extensor strength reported in
five different studies. All studies except for Miller et al. [219] report the value for maximum
effort voluntary force output, corresponding to the maximum voluntary contraction (MVC).
Miller et al. [219] reports the maximum voluntary torque (MVT). To convert this into MVC,
MVT is divided by the mean femur length, which is reported as 0.4 m in the study.

Ritchie et al. [24], Kamen & Knight [159], Miller et al. [219], Nikolaidou et al. [233], Stock
et al. [298], Zhou et al. [329] report the isometric voluntary strength of knee extensors of
healthy, young, male subjects in terms of maximum voluntary contraction (MVC). The
mean value of the data on the maximum voluntary force is then computed and regarded
as the isometric strength of knee extensors (see Table 6.1).

In the study by Elias et al. [80], the distribution of the contribution of each knee extensor
muscle on the total force output of the knee extensors was estimated. The estimation is
based on the cross-sectional area proportion of each knee extensor muscle. Accordingly,
vastus lateralis is said to take up 38% of the total force exerted by the knee extensors. The
isometric voluntary strength of vastus lateralis, is computed by taking 38% of the mean
isometric knee extensor strength. The isometric strength corresponds to a 100 %MVC,
thus this parameter is expressed as F exp(p = 100), where p denotes the contraction level.

The force output of vastus lateralis over the entire range of force output, i.e., for [0, 100]
%MVC, is computed simply as:

F exp(p) = F exp(100) · p/100. (6.1)

6.1.2 Experimental data on contractile properties

Data on the contractile properties of human skeletal muscles from experimental studies
are extracted (see Table 6.2). This data set is used to set up the admissible sets for the
contractile properties. Here, only the studies that report data obtained without or prior to
any changes (training, pain induction, fatigue, temperature change) in the normal muscle
condition are considered. Data from elderly subjects are also disregarded to exclude
ageing effects.

A total of 18 studies have been found to report data on contractile properties after a
single action potential. The data have been collected from various human skeletal muscles
(see Table 6.2). Some studies report data on more than one muscle or measurement. Each
individual measurement is taken as a separate data set, which yields 32 different data sets.
Measurement methods used in the experimental studies include highly selective bipolar
electrodes, intramuscular EMG, intraneural stimulation, needle in tendon, surface EMG
and spike-triggered averaging. The muscles from which data have been collected are biceps
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brachii, first dorsal interosseous, thenar, tibialis anterior, toe extensors, triceps brachii,
gastrocnemius (medial and lateral), nasal distalators and platysma.

6.1.3 Constructing admissible sets of contractile properties

Sets following beta- and gamma-distributions are created for the contractile properties.
These sets are customized for each property.

Implicit MATLAB functions betarnd and gamrnd were used to create the sets. These
functions generate random numbers following beta and gamma distributions, respectively.
These distributions have been selected since they allow us to create sets of values spanning
a wide range. As input, they both require the size of the sets to be generated and two
shape parameters (a and b). The size of each set equals the size of the motor neuron pool
since the aim is to determine the contractile property of each motor neuron in the pool.
Each shape parameter is selected from a range of 1 to 100.

The beta distribution has the following probability distribution:

y = f(x; a, b) =
1

B(a, b)
x a− 1 (1 − x) b− 1 I[0,1](x), (6.2)

where B(a, b) is the beta-function and I[0,1](x) is the indicator function ensurig that
only values in x ∈ (0,1] have non-zero probability [210].

The gamma distribution has the following probability distribution:

y = f(x; a, b) =
1

b a Γ (a)
x a− 1 e−x / b, (6.3)

where Γ (a) is the gamma function.
When a is large, the gamma distribution approximates a Gaussian distribution. The

function has the advantage that the distribution has a probability density only for positive,
real numbers [212].

The order of magnitude of the contractile properties are commonly described in lit-
erature in terms of X-folds, which is a rough description of the range of the values the
contractile property of a motor neuron pool of a muscle spans. Therefore, the sets describ-
ing the contractile properties are generated such that a given combination of the shape
parameters a and b span the range of values suggested in literature. The width of the
range of values is described here by a parameter referred to as the “range ratio” and is
computed from the ratio between the maximum and minimum values within a given data
set.

Not all combinations of the shape parameters can generate sets following the beta or
gamma distribution. This problem is more prominent for the sets for PTF as they span a
wider range of values in comparison to TTP . To tackle this problem, a simple algorithm
is used to generate the sets (see Algorithm 2). For a given set of shape parameters, this
loop generates random numbers following beta and gamma distribution until range falls
between the required range (e.g., a 4-5 for TTP ). The number of attempts to generate a
set for a given combination of shape parameters is counted. This is limited by a prescribed
tolerance to prevent an infinite number of attempts. If the counter exceeds the tolerance
for a combination, then the algorithm moves on to the the next set of shape parameters.
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Table 6.3: Parameters used to create random distributions for PTF and TTP . Range denotes
the range of values reported in literature for each contractile property. Step denotes the step
size used for generating the arrays for the shape parameter a and b.

Range a b Scale

min. max. min. max. step min. max. step min. max. step tol

PTF 100 250 1 100 1 1 100 1 - - - 1000

TTP 4 5 2 100 2 2 100 2 80 160 20 3

Figure 6.2: Symbolic description of combining shape parameters a, b and the range to obtain
normalized sets.
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Algorithm 2 Scheme to generate random numbers following beta and gamma distribu-
tion. The rightarrow → denotes assigning parameters to the variable on the right side of
the arrow. Values of the parameters are given in Table 6.3.

1: initialize shape parameters a anf b

2: generate all combinations of a, b → shape parameters

3: set size of the random number array (equals NMU)

4: initialize the limits for the range → min range, max range

5: set the tolerance for the counter → tol

6: for each member in shape parameters do

7: get a from shape parameters → ai
8: get b from shape parameters → bi

9: initialize the counter to 1

10: initialize range s.t. the while loop can be entered,
e.g., range = min range - 1

11: while range<min range
12: or range>max range
13: and count<tol do

14: generate random numbers following beta/gamma distribution
using shape parameters ai and bi → r

15: compute min. value in r → min r

16: compute max. value in r → max r

17: compute range for r → max r/min r

18: count ← count + 1
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Note that these sets are normalized against its highest value (see Fig. A.1 and Fig. A.2
for a selection of the sets). This way, the highest value in each set is set to one and the
distribution of the values in each set is preserved.

6.1.4 Prior sets for time-to-peak-force

Experimental data shows that TTP values span 1.5-4 fold (see Table 6.2). However, most
studies report data from only a small number of motor neurons. Out of the 32 data
sets, only 4 data sets (i.e., the ones that reported in [174, 310, 311]) report contractile
properties for 200 or more motor neurons (see Table 6.4).

Table 6.4: Literature data on time-to-peak-force and peak twitch force for studies which report
data on more than 200 MUs. Min. and max. columns refer to the limits of the data range and
mean and std refer to the mean and standard deviation of the data set respectively. Abbrevi-
ations in muscles column refer to BB: biceps brachii, FDI: first dorsal interosseous, TA: tibialis
anterior.

TTP [ms]

Study Muscle NMU Mean Std Min. Max.

Van Cutsem et al. [310] TA 528 45.6 13.8 20 86

Van Cutsem et al. [311] TA 256 71.0 10.1 20 90

Kossev et al. [174]
FDI 236 47.3 12.8 20 90

BB 200 63.1 14.7 30 135

Since the aim is to model the entire motor neuron pool of vastus lateralis, which is
estimated to have 424 motor neurons, only data sets that report data for a high number
of motor neurons is used to construct the admissible sets for TTP . These data sets report
TTP values that lie between 20-135 ms and the values for each data set vary by 4 to 5
fold. Based on this, sets for TTP that follow beta and gamma distributions with values
spanning a 4-5 fold are created.

Sets for the time-to-peak values are expressed as:

ΘTTP
i = {TTP n

i |n = 1, . . . , N ; TTP
1

i = 1} (6.4)

where i denotes set number, TTP
i

n the normalized and dimensionless time-to-peak
value for a motor neuron n in set i = 1, . . . I.

To mimic the size principle, time-to-peak-force values descend from TTP 1 to TTP N

as the motor neuron 1 is smaller than motor neuron N and takes more time to reach the
peak force. Thus in Eqn. (6.4), TTP

1

i = 1 > TTP
2

i > TTP
N

i ∀ i.
Values in ΘTTP

i are initially dimensionless/normalized, thus elements of these sets have

values that lie within (0, 1]. To obtain the prior sets for TTP in milliseconds, Θ̃TTP
i , ΘTTP

i

is multiplied with a scaling factor. To determine the order of magnitude of the scaling
factor, data sets given in Table 6.4 are used. These sets report for the smallest/slowest
motor neurons, i.e., motor neuron 1, TTP values ranging from 80 to 135 ms.
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Five different scaling factors are selected according to the data on the slowest motor
neuron. The scaling factors are selected as α TTP

r = {100, 120, 140, 160} ms, i.e., 100 to
160 ms with a 20 ms interval. By selecting the minimum scaling factor as 100 ms, it is
ensured that the TTP of the fastest motor neuron is in any set is minimum 20 ms and
the values cover a 5-fold range. Note that, the highest value for TTP is reported to be
20 ms within the 4 data sets (see Table 6.4). Using a number of scaling factors based
on experimental evidence allowed to create a variety of different configurations for the
distribution of TTP over a motor neuron pool.

Scaling ΘTTP yields the prior set for TTP , denoted by Θ̃TTP . To illustrate, to obtain
one set in Θ̃TTP :

Θ̃TTP
i = ΘTTP

i · α TTP
r ,

= {TTP n

i · α TTP
r },

(6.5)

where r = 1, . . . , 4. Note that TTP 1
i = α TTP

r ∀ i = 1, . . . I, since TTP
1

i = 1.

6.1.5 Prior sets for the peak twitch force

Different motor neurons vary greatly in their force generating capacity. This difference
is estimated to as 100-fold or more [216]. In Enoka [83], authors report a 150 folds-
difference based on the earlier experiments by Burke et al. [38], Burke & Tsairis [39].
Whereas, Van Cutsem et al. [310, 311] found a 240 fold difference in PTF of the smallest
and largest motor neuron (see (see Table 6.2)). Therefore, normalized sets for PTF ,
which cover a 100-250 fold range of PTF values are created using the scheme described
in Section 6.1.3.

Once again, to mimic the size principle, elements of this set are arranged in ascending
order as

ΘPTF
j = {PTF n

j |n = 1, . . . , N},

= {PTF 1

j , PTF
2

j , . . . , PTF
N

j },
(6.6)

where PTF
1

j < PTF
2

j < PTF
N

j = 1 ∀ j = 1, . . . J .

To obtain the prior sets for PTF , similar to TTP , values in ΘPTF
j is multiplied with

the scaling factor, αPTF
k . To determine αPTF

k , instead of relying on experimental data, a
new scheme has been introduced.

In an attempt to couple the TTP and PTF , all possible combinations of the contractile
properties are generated. The admissible set of parameters describing the contractile
properties can thus be expressed by

ΘCP = ΘPTF × Θ̃TTP , (6.7)

where CP denotes contractile properties. The size of ΘCP equals K = I · J . Note
that, at this point, values for Θ̃TTP have already been determined as described in Section
6.1.4.

To obtain the prior set for the contractile properties, i.e., Θ̃CP , for each set in ΘPTF ,
scaling factor αPTF

k needs to be determined. When αPTF
k is known, Θ̃PTF can then be
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determined simply by:

Θ̃PTF
k = ΘPTF

k · αPTF
k , (6.8)

where k = 1, . . . K. Note that αPTF
k corresponds to the peak twitch force of motor

neuron N in all sets in ΘPTF .
To compute the αPTF

k , first, the motor unit force output at 100% MVC (F
sim

k ) is

computed. This is done for all sets in ΘCP . The steps to compute the motor unit force
output is already described in Section 4.2.1. Discharge instances (D) generated using
the MAP input parameters determined in Chapter 5 are used to compute the motor unit
force output. Note that, as sets in ΘCP are used, PTF is replaced by PTF . When
any quantity is computed using PTF , the corresponding output will be denoted by an
overline, e.g., the twitch force TF becomes TF .

Individual twitch responses superpose if the inter-spike-interval between successive dis-
charges are narrow enough. The corresponding superposition yields the motor unit force
output. This phenomenon was introduced in Section 2.2.6.

The scaling factor αPTF
k is computed based on the twitch superposition. The force

output following the very first motor neuron discharge is equal to the peak twitch force
of motor neuron n, i.e., PTF

n
. Assigning the difference between the force output after

successive motor unit discharges as ∆i, the superposed force output of a motor unit can
be expressed as

F
n

= (1 +
∑
m

∆m)PTF
n

= M n PTF
n

= M n PTF
n

PTF N
,

(6.9)

where m denotes the discharge number (see Fig. 6.3).
To obtain the total muscle force output, individual motor unit force outputs are sum-

mated. As PTF
n

=
PTF n

PTF N
, and PTF N is a constant, the total force output can be

re-written as

F
sim

=
N∑
n

F
n

=
1

PTF N

N∑
n

M n PTF n.

(6.10)

Rearranging Eqn. (6.10) yields

→ F
sim

PTF N =
N∑
n

M n PTF n. (6.11)
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Figure 6.3: Superposition of the twitches and the resulting normalized motor unit force for
motor neuron n, where ∆m denotes the vertical distance between two successive peaks, m
denotes the peak number, PTF

n
denotes the normalized peak twitch force of motor neuron N.

Note that this plot is for descriptive purposes only.

Had PTF been known, the total force output, F̂ , would be

F̂ =
N∑
n

M n PTF n. (6.12)

Ideally, the simulated force would be equal to the experimentally measured force output,
i.e., F̂ = F exp. Thus, replacing F̂ = F exp in Eqn. (6.12) and plugging it into Eqn. (6.11),
the following is obtained

F exp = F
sim

PTF N . (6.13)

Rearranging Eqn. (6.14) to obtain PTF N yields

PTF N =
F exp

F
sim . (6.14)

Since αPTF
k equals PTF N , to determine αPTF

k , cf. Eqn. (6.14), experimental force
output is divided by the normalized total force output. This scheme is visualized in
Fig. 6.4.

After αPTF
k , the real-valued (prior) sets for PTF are obtained as described in Eqn. (6.8).

Thus, the prior sets for the contractile properties (Θ̃CP ) are now known.

Using Θ̃CP , the real-valued total force output is computed for 5-100% MVC at each
5% MVC. The mean value at the force plateau is used as the model output, i.e., Ω sim =
mean(F sim

k ).
Similar to Chapter 5, to determine the posterior set of contractile properties, Bayesian
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Figure 6.4: Overview of the scheme for computing the scaling factor for PTF , αPTF
k . Here

MN stands for motor neuron and VL denotes vastus lateralis.

updating scheme is employed. The calibration points are selected as the force output
of the muscle estimated in Section 6.1.1 at each 5 %MVC. After the calibration, the

posterior, ˜̃ΘCP

, as well as MAP sets of contractile properties are obtained.

6.2 Results

The isometric voluntary strength of vastus lateralis is estimated as 221 N. The motor
neuron pool size is found to be 424 .

Sizes of the admissible sets

Total number of sets in ΘTTP is 314, which is a consequence of Algorithm 2. Each set
has a total of N = 424 elements, as a TTP value is assigned for all motor neurons.

When all possible combinations of the scaling factors with the sets in ΘTTP are com-
puted, size of Θ̃TTP becomes I × N = 314 · 4 × N = 1256 × 424.

Size of ΘPTF is J ×N , where J = 1 314 and is a consequence of Algorithm 2. Analogous
to ΘTTP , each set has a total of N = 424 elements
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The prior set of contractile properties, Θ̃CP , contains a total of 1 256 · 1 312 = 806 352
sets, i.e., K = 806 352.

After Bayesian updating, 17 060 sets remain in the posterior set of contractile properties.
This is a 98% reduction in the size of prior sets.

Qualitative description of the admissible sets

The initial selection of TTP and PTF is done based on the random number generation
algorithm. When the range of values for both properties are investigated, it is seen that,
distribution of the range of values TTP takes is more uniform in comparison to the range
of values for PTF (see Fig. 6.5). Distribution of the range of values for PTF resemble
almost an exponential distribution, thus, majority of the values lie in the lower limit,
which is 100.

(a) Ranges for the sets in ΘPTF . (b) Ranges for the sets in ΘTTP .

Figure 6.5: Ranges of normalized sets. Range for each set is computed through the ratio of
the highest value over the lowest value.

As each set in prior and posterior sets for the contractile properties are composed of
more than one element, their description is conducted based on the mean of each set.
Mean PTF in the prior set ranges from 95-355 mN (see Fig. 6.6 (a)). The distribution
resembles a right-skewed normal distribution. As for mean TTP , values range from 40-106
ms (see Fig. 6.6 (b)). The distribution is almost uniform.

(a) Mean of the sets in prior sets for PTF . (b) Mean of the sets in prior sets for TTP .

Figure 6.6: Mean of prior sets of the contractile properties.

The distribution of the mean values in the posterior sets of both parameters does not
change. Range for PTF reduces to 95-251 mN, however, range for TTP remains the same
(see Fig. 6.7 (a) and (b), respectively).
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(a) Mean of the sets in posterior sets for PTF . (b) Mean of the sets in posterior sets for TTP .

Figure 6.7: Mean of prior sets of the contractile properties.

Range of values in the posterior sets of PTF , ˜̃ΘPTF

, for the smaller motor units are
narrower in comparison to that of larger motor neurons (see Fig. 6.8 (a)). Such a promin-
ent difference in the range of values over motor neurons are not observed for the posterior

sets of TTP , ˜̃ΘPTF

(see Fig. 6.8 (b)).

(a) PTF value for each motor neuron in˜̃ΘPTF
.

(b) TTP value for each motor neuron in˜̃ΘTTP
.

Figure 6.8: Value of the contractile properties of each motor neuron within the posterior sets,˜̃ΘCP
.

Scaling factor for the peak twitch force

The scaling factor for the peak twitch force (αPTF
k ) computed using the prior set of

contractile properties ranges from 149 to 2146 mN. Its distribution resembles a right-
skewed normal distribution (see Fig. 6.9). After Bayesian updating, αPTF

k in the posterior
set ranges from 146 mN to 1289 mN. Qualitatively, the distribution still resembles a right-
skewed normal distribution (see Fig. 6.9, light gray histogram).
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Figure 6.9: Scaling factor for PTF , αPTF
k in prior (dark grey) and posterior (light grey) sets.

Maximum a-posteriori for the contractile properties

The MAP for PTF is predicted to be 189.3 ± 65.6 mN and ranges from 3-321 mN (see
Fig. 6.10). Distribution of PTF in the motor neuron pool resembles a left-skewed normal
distribution.

(a) Distribution of the peak twitch force,
PTF , in the motor neuron pool.

(b) Peak twitch force, PTF , for each motor
neuron.

Figure 6.10: The maximum a-posteriori (MAP) for the peak twitch force, ˜̃ΘPTF

MAP

The MAP for TTP is predicted to be 52.8 ± 16.3 ms and ranges from 21-100 ms (see
Fig. 6.11). Distribution of TTP in the motor neuron pool resembles a right-skewed normal
distribution.



6.3 Discussion 91

(a) Distribution of the time-to-peak-force,
TTP , in the motor neuron pool.

(b) Time-to-peak-force, TTP , for each motor
neuron.

Figure 6.11: The maximum a-posteriori (MAP) for the peak twitch force, ˜̃ΘTTP

MAP

When the MAP of both properties are plotted against each other, the result can be
fitted to a straight line (see Fig. 6.12). The line has the following form:

PTFn = − 4.03 · TTPn + 401.9. (6.15)

Figure 6.12: PTF with respect to TTP for the MAP. A linear relationship is observed.

6.3 Discussion

By first treating the PTF as an unknown, contractile properties of the motor neuron pool
of vastus lateralis muscle are predicted. To do that, admissible sets for the distribution of
both of the contractile properties using alpha and beta distributions with varying shape
functions are created. These sets are referred to as the prior sets. The isometric force
output of the muscle is estimated from the isometric strength of the quadriceps group
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reported in experimental studies. The force output is then used as calibration points.
Using the Bayesian updating scheme, the posterior sets of contractile properties could
be selected. The calibration yielded 17 060 posterior sets for the contractile properties,
which is around 98% reduction in the number of the prior sets. The MAP Among the
posteriors, the MAP for PTF is predicted as 189.3 ± 65.6 mN, with values ranging from
3-321 mN. The MAP for the TTP was found to be 52.8 ± 16.3 ms, with values ranging
from 21.4-100 mN. Distributions of PTF and TTP within the motor neuron pool have
been found to be left-and right-skewed normal respectively.

In comparison to the experimental data on the time-to-peak of various muscles, the

mean value of ˜̃ΘTTP

MAP is shorter (see Table 6.2). The predicted TTP being faster in
comparison to other data could be due to muscle type, as well as, the limitations regarding
the experimental data used to generate the initial ranges for this parameter to capture
the entire motor neuron pool.

The study by Van Cutsem et al. [311] is one of the most comprehensive studies meas-
uring both contractile properties of a human muscle, namely the tibialis anterior. They
observed an exponential distribution for the PTF and a right-skewed distribution for
the TTP . The distribution of the TTP obtained as a result of the simulation scheme
introduced in this chapter is similar to the findings of this study.

When estimating the isometric strength, the contribution of passive structures, such
as tendons and ligaments, are disregarded in this work. Therefore, estimated PTF of
individual motor neurons could be higher than reality. However, it is known that the
contribution of the passive force becomes more significant towards the end of the force-
length curve of the muscle (e.g., [258]). Whether or not the passive force contribution is
significant for vastus lateralis requires further experimental studies.

In this study, inter-spike variability of motor neuron discharges were disregarded. Al-
though this phenomenon is an important property of voluntary contraction, disregard-
ing this variability poses negligible influence on the total force output. This is shown
in Chapter 4, Fig. 4.9. The motor neuron recruitment model is run 10 times with a
20% variability in the discharge instances. The total force output has then been com-
puted using the contractile properties suggested in Fuglevand et al. [104] for each model
run. The average total force output obtained with and without the inter-spike variability
poses 0.35% difference in the total force output. It can thus be said that neglecting the
inter-spike variability does not have a significant influence on the contractile properties
estimated in this chapter. This was also shown in the study by Yao et al. [324].

Experimentally, PTF can be determined by means of spike-triggered averaging of the
force signal. It is, however, known that this method has some limitations, such as detec-
tion of a small number of motor neurons. Further, Negro et al. [231] state that the
technique performs with relative low estimation accuracy of the twitch force for the
physiological inter-spike interval variability and discharge rate. Despite its limitations,
the spike-triggered averaging is a very important tool to measure the time-to-peak-twitch-
force. The scheme to estimate the twitch force outlined in this chapter, makes use of the
time-to-peak data obtained b spike-triggered averaging. It can therefore be said that this
scheme makes use of the strengths of this experimental method and tries to make up for
its limitation by estimating the twitch force so that the entire motor neuron pool can be
taken into consideration.

Burke [40] states that comprehensive models of motor control must take into account
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the diversity within motor unit pools. Instead of considering the characteristics of motor
units according to their types, the models should incorporate individual characteristics of
the motor units. This statement is based on the fact that motor units can show multiple
characteristics in form of MHC (see Section 2.2.3). Since this modelling scheme does
not distinguish between fibre types, the complications arising due to motor units with
multiple fibre types are overcome.

It is known that the histochemical and mechanical properties of fibres are identical [40].
Therefore, using the contractile properties detected in the maximum a-posteriori set could
provide an idea about the order of magnitude of the contractile properties of type I and
type II fibres. Using the innervation ratio of VL and dividing the motor neuron peak-
twitch force with the innervation ratio of the muscle would provide an approximation of
the peak twitch force of fibres. It would then be possible to comment on the order of
magnitude of the contractile properties of different fibre types based on the distribution
of fibre types within vastus lateralis.





7 Modelling the strength gain due to
unilateral isometric knee extension
exercise

7.1 Introduction

Training our muscular system in an effective and controlled way may lead to increased
mobility [57], fosters faster recovery from injuries or surgical interventions through spe-
cialised and, thus, more efficient and subject-specific training/rehabilitation programs
[251, 313], and potentially leads to performance enhancement in (professional) athletes
[229]. Since muscle growth and adaptation is a very active field of (experimental) research,
there exists a large body of literature, including several detailed systematic reviews on
dynamic exercise modes, e.g., [179, 269, 280, 281]. Despite the large body of literature,
the mechanisms of training-induced muscle adaptation are still not that well understood
[307]. By restricting oneself to a particular and ”simple” type of exercise such as, for
example, isometric training and a specific muscle, there is hope that one can reveal by
means of systematic investigations the complex mechanisms leading to muscle growth or
adaptation.

Isometric training is a form of exercise that consists of muscle contractions performed
without macroscopic changes to the position, i.e., without lengthening or shortening of
the muscle belly [82] (see Section 2.3.3). If new insights can be gained from isometric
training studies, specific training plans can be developed that can easily be employed in
a home setting, since it requires little to no equipment to be performed, and is relatively
easy to describe and to assess [237]. Further, it leads to an increase in muscle force
with exerting minimal stress to the structures surrounding the involved muscles. This
makes the experimental outcome less susceptible to inter-muscle force transmission and
especially suitable for post-surgery rehabilitation [153].

Since training outcome is known to significantly depend on duration of the trained
period [252], longitudinal studies are essential. Longitudinal studies quantifying the im-
provement in performance, however, require detailed data on the training outcome, ideally
after each training session.

Systematic reviews allow to collect data from multiple studies that have a similar focus
and fulfil a strict set of inclusion and exclusion criteria. Data can be extracted from the
studies that fall into the selected criteria. This data can be analysed my means of meta-
analysis (see Section B.1 for further information on systematic review and meta-analysis).

In this chapter, a longitudinal model of the change in isometric muscle strength has been
proposed. This model is based on a systematic review on studies on unilateral isometric
knee extension exercise. Data extracted from relevant studies have been analysed by
means of the model-based meta-analysis method. This method combines longitudinal
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models with meta-analytic methods to synthesize results from different primary trials
[243]. Specifically, a Bayesian, longitudinal model-based meta-analysis (BLMBMA) as
proposed in [33] has been used to analyse the collected data. Note that, in this chapter,
emphasis has been placed on the outcome of the longitudinal model of the change in
isometric strength. Plots and data relevant for the meta-analysis studies, such as the forest
plots, spaghetti plots and data on demographics, have been provided in Appendix B. The
full version of the study was accepted for publication on October 9, 2020 in Frontiers in
Sports and Active Living, Section Biomechanics and Control of Human Movement (doi:
10.3389/fspor.2020.518148).

7.2 Methods

7.2.1 Study selection

The systematic review and data extraction was performed by Ekin Altan and Ismail
Bayram. The last search took place in May 2019. The articles that appeared in the
databases PubMed, Web of Science, SCOPUS, and Chochrane Library were included in
the review. The search was performed on the title and abstract (see B.2 for the full search
strategy). References of the relevant articles as well as reviews on the topic of resistance
training were investigated manually. The PRISMA Statement [221] was followed.

7.2.2 Inclusion criteria

Only studies on voluntary UIKEE performed by young, healthy subjects were included
within this review. Further, the search was restricted to articles in English and published
after 1960.

As the neuromuscular system is thought to adapt itself to perform the (specific) training
movement in an optimized manner [225, 252], the principle of exercise-specificity states
that the highest effect of exercise is assumed. Adhering to the principle of exercise-
specificity, i.e., , strength gain coincides with training (e.g.training angle, mode), a study
was included only if it reported the isometric strength at pre- and post-training stages in
terms of the maximum voluntary contraction/torque (MVC/MVT) of the trained limb.

In addition, if a study used different subject groups for different training modes, and
one of these training modes was UIKEE, only data reported from the UIKEE group was
taken into consideration.

7.2.3 Exclusion criteria

Studies following a training plan according to the principle of “training to exhaustion”
were excluded as one cannot quantify in such studies the number of contractions per
training session. Moreover, training with less than 50% MVC was deemed to be inadequate
to impose strength improvement in the trained muscle [226]. Hence, studies reporting
training intensity lower than 50% MVC were excluded. The same applies to studies
accompanying training with electrical stimulation (during the warm-up and/or training).
They were disregarded to minimize the training protocol heterogeneity.
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It is known that training in one limb may cause strength improvement on the contralat-
eral limb [see e. g., 46, 117, 319]), which is known as cross-education [82, 84] (see Section
2.3.2). If a study reports on training protocols that differed from side to side e.g.different
angle, eccentric/concentric training, then the study was also excluded from the review.
Furthermore, by focusing on unilateral exercise, studies reporting on some acute effects
like the bilateral deficit phenomenon, which occurs in concurrent contraction of homo-
logous muscles and yields reduced strength gain on both limbs, were disregarded [145].
Studies merely utilizing a bilateral training protocol or training the limbs in alternating
manner were also excluded.

When progressive training programs are planned for elderly populations, the baseline
fitness and potential pre-existing medical conditions need to be taken into consideration
[116, 201]. Although it is known that elderly subjects also immensely benefit from
resistance training, strength gains are dependent on the baseline fitness levels of the
subject population [176]. The fact that the baseline fitness levels are typically lower for
elderly subjects than for younger ones [197] leads to an increased data heterogeneity if
such data are combined. Therefore, to keep the potential heterogeneity stemming from
the demographics and health state of the subjects to a minimum, studies on elderly
population, as well as, studies on young subject with pre-existing medical conditions or
lower limb injuries were excluded.

7.2.4 Data collection and extraction

One of the most prominent functional adaptation due to resistance training is improved
muscle strength, which also indicates how well the trained muscle adapts to the training
regimen [177]. Therefore, the isometric strength of the trained leg is chosen as the main
summary measure. The secondary summary measures were chosen from quantities which
are related to the causes of the strength improvement, namely the neuromechanical and
morphological changes of the trained muscle.

EMG measurements, for example, are used to assess changes in the neuromuscular
system [1, 87, 117]. They can be reported in terms of integrated EMG or normalized root
mean square (RMS). Whereas, measurements on the muscle mass, cross-sectional area
(CSA) or volume describe changes to the morphological properties. Positive changes in
the morphological properties point to an increase in the amount of contractile proteins,
known as hypertrophy [87]. EMG and morphological data were considered as secondary
summary measures.

Demographical information related to the participants (age, weight, height, sex, history
of physical activity) and information regarding the training variables employed in the
studies were also extracted. The extracted training variables were: exercise intensity (in
terms of % MVC), knee angle, number of contractions per set, rest between contractions,
number of sets per training, rest between sets, contraction duration, number of training
sessions per week and the weeks trained.

Unfortunately, the identified trials differed widely in design and not all of them were
controlled trials. Furthermore, some of the studies with a controlled design relied on
internal controls (the trained vs. the untrained leg), while others reported results from
external control groups (trained vs. untrained participants). We were therefore unable
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to obtain a sufficiently large data set for either of the types of controls. Thus, our main
analysis relied on uncontrolled data, stemming from trained legs, and analyses using the
two types of control were added as sensitivity analysis.

When multiple UIKEE exercise protocols (e.g. training at different knee angles, in-
tensities) were used for different subject groups within one study, the data on different
exercise protocols were treated as separate data sets [see, e.g., 14, 30, 299]. The reason for
this is related to the principle of exercise-type specificity, which asserts that differences
in the training protocols should be taken into account when the outcome of the training
is evaluated [225].

The treatment effect of the summary measures were computed based on the change in
the summary measure with respect to its baseline value, i.e., , value measured in the pre-
exercise state. Muscle strength can be measured through MVT, MVC or weights, whereas,
volumetric data can be reported through muscle mass, CSA or volume. Computing the
relative change of these measures and using this as the treatment effect allows to evaluate
the observed changes using a common unit.

The treatment effect at week T relative to its baseline was computed as:

TET =

(
∆T

Y0

)
100 =

YT − Y0

Y0

∗ 100, (7.1)

where TE denotes the treatment effect, T denotes the week number for which the data
was reported, i.e., T = 0 refers to pre-exercise, and Y(·) stands for summary measure at
week (·). The change in the summary measure is denoted by ∆T .

The variance of TET is needed for the meta-analysis. It is not possible to compute this
quantity using conventional ways, since ∆T and Y0 in Eqn. (7.1) were both variables. The
variance is thus approximated by means of a Taylor expansion. Following Munn et al.
[226],

var (TET ) = var

(
∆T

Y0

)
=

var (∆T )

Y0
2 +

var (Y0) ∆T
2

Y0
4 − 2 ∆T cov (∆T , Y0)

Y0
3 , (7.2)

where var ( · ), cov ( · ) and ( · ) denote the variance, covariance and the mean of quantity
( · ), respectively.

The variance of ∆T is denoted by var(∆T ) and is calculated as

var (∆T ) = var(YT − Y0) = var(YT ) + var(Y0) − 2 ∗ cov(YT ,Y0). (7.3)

Following [226], the correlation between (YT ,Y0) is taken as 0.5 and is used to for
both cov(YT ,Y0) and cov (∆T , Y0).

7.2.5 Synthesis of results

First, longitudinal information for the increase in strength and change in EMG within each
study was evaluated descriptively to observe whether the data follow a trend. This was
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done using spaghetti-graphs over the respective time period (see Fig. B.1 and Fig. B.2).
The treatment effect at a given time point is expected to depend on weeks trained and
exercise intensity.

BLMBMA makes it possible to model the time-course of the evolution of the treatment
effect by using data reported at multiple end points. Furthermore, it is not constricted
to a single time point like a landmark meta-analysis [32]. The time-dependent evolution
of the treatment effects were modelled here using BLMBMA.

The Emax model is fitted to the data as proposed in [32]. This model captures the
initial fast increase in performance improvement followed by a plateau, which is the case
for subject with no prior strength training background [252]. The Emax model has the
following form:

Effect = E 0 +
EmaxC

C 50 + C
, (7.4)

where E 0 and Emax denote the baseline and the maximum effect of the drug, respectively,
C is the drug concentration and C 50 is the drug concentration at which 50% of the
maximum effect is observed. The concentration-related parameters in Eqn. (7.4) were
replaced with the weeks trained and the effect related parameters (E (·)) that describe the
treatment effect, i.e., the isometric strength, CSA or EMG.

To apply BLMBMA, first, admissible sets for the values of the model parameters Emax

and C 50 were created. Such sets were known as prior sets in Bayesian statistics and they
describe the the value a given parameter may take, without considering any quantitative
evidence for both parameters. Prior sets from a normal distribution with a mean of 0
and standard deviation 10000, i.e., , N (0, 1000), were created. Such priors are known as
weakly informative as they follow a normal distribution with a large variance, resulting
in a flat distribution that reflects the lack of previous knowledge on that parameter.

The posterior density of the parameters describes the values, which the parameters can
take after the data at hand is taken into consideration. To obtain the posterior density,
Markov chain Monte Carlo method was used. Three Markov chains with 10000 repetitions
each and a thinning factor of 10 were used to ensure convergence of the posteriors after a
burn-in of 2000 observations. In addition to thinning, we discarded the burn-in samples
and used multiple chains to account for an unlucky choice of initial values in this numerical
process. In each trial, the baseline parameter, E 0, was set to 0. This is to account for the
baseline adjustment in the individual studies.

Heterogeneity between studies was reflected on the Emax parameter by including a
normally distributed random-effect on this parameter. This allows the Emax to vary
between trials. Convergence of the estimation was assessed by means of Gelman-Rubin
diagnostics, which gets close to 1 if convergence is reached [111]. This estimation was
performed in R [253] and jags [249] using the extensions rjags [250], tidyverse [323],
ggplot2 [322] and meta [11].

To illustrate the differences between individual studies, the increase in strength at the
last available point in time per study was shown in a forest plot. Note that the forest
plots were generated with meta [11] in the software R [253]. The plot was stratified by
training duration and ordered by training intensity within similar training durations. This
descriptive analysis was completed by a using the latest available time-point in each trial.

To evaluate the combined effect of this landmark analysis, a pairwise random-effects
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meta-analysis was carried out based on the last available observation of each study. The
I2 statistic was used to evaluate the amount of heterogeneity between the pooled studies
in all cases. Potential study-level covariates were included in univariate and multiple
meta-regression in a further step of the landmark analysis. This was done to explain the
variation between studies.

7.2.6 Risk of bias in individual studies

The bias types outlined in the Cochrane Handbook for Systematic Reviews of Interven-
tions version 5.2.0 were followed to assess the risk of bias (RoB) within this study [138].
The ’Cochrane risk-of-bias tool for randomized trials (RoB 2)’ [295] was used for this
purpose. How the risk of bias in each study has been provided in B.3. Since there is no
tool to assess studies that do not employ a control group, we excluded studies that do not
report data on an independent control group or the untrained leg.

7.2.7 Summary of evidence

The database search was conducted in May 2019. The search yielded 20 studies fulfilling
the inclusion criteria (see Fig. 7.1).

These studies contained 65 data points. The main summary measure (isometric
strength) was computed based on these data points. Except for Bonde Petersen [30],
all studies reported a positive change with respect to the isometric strength of the trained
leg. The change in isometric strength ranged from -4 to 46% (see Figure 7.2).

Out of the 20 studies that fulfilled the inclusion criteria, Carolan & Cafarelli [46], Ema
et al. [81], Garfinkel & Cafarelli [110], Rich & Cafarelli [263], Weir et al. [319, 320] reported
at 11 data points the EMG values for the vastus lateralis muscle (see Figure B.2). Weir
et al. [320] and Ema et al. [81] additionally reported data on the vastus medialis and
rectus femoris. Note that data on the vastus medialis and rectus femoris were excluded
from the analysis in order to keep the heterogeneity to a minimum. The relative change
in EMG ranges from -5.9 to 27.9% with an average of 9 ± 12.6% (see Fig. B.8 (a)).

As far as the increase in CSA is concerned, Garfinkel & Cafarelli [110], Jones & Ruther-
ford [155] and Lewis et al. [193] reported an increase of the CSA between 5 to 14.6%, while
Kubo et al. [182] reported an increase of 7.6 ± 4.6% in muscle volume (see Fig. B.8 (b)).

The number of subjects in the trained group across all studies was 307. A total of 163
subjects (54%) were female. Although this study looks like gender balanced (163 female
and 144 male subjects have been included), the majority of the the female subjects stem
from the study of Bandy & Hanten [14]. They report on the outcome of 107 female
subjects. If the number of female subjects used in this study is subtracted from the
total number of females, only 56 female subjects are left. The age, weight and height of
the trained subjects were 22.6 ± 3.1 years, 60.6 ± 9.8 kg, 166.3 ± 8.1 m for the female
subjects, and 23.9 ± 3.0 years, 65.3 ± 8.3 kg, 176.0 ± 5.2 m for male subjects respectively
(see Table S1 in Supplementary Material). The shortest [222] and longest [273] training
periods lasted 3 and 19 weeks respectively. Qualitatively, the highest rate of change of
strength over weeks was reported by Szeto et al. [299].

For studies included in this systematic review, the training regimen was composed of 6
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Records after
duplicates removed:

n = 2532

Records screened:
n = 2532

Full-text articles
accessed for eligibility:

n = 331

Studies included in
qualitative synthesis:

n = 20

Studies included in
quantitative synthesis

(meta-analysis)
n = 20

Records excluded:
n = 2201

Full-text articles excluded,
with reasons:

Non-isometric/voluntary
training: n = 118

Correlational study n = 111
Design n = 68

Review paper/chapter
in a book n = 14

Number of identified records
(by database):

PubMED: n = 3447
Web of Science: n = 70
Science Direct: n = 353

Cochrane: n = 0
Total: n = 3870

Additional records identified
through other sources:

n = 7

Figure 7.1: PRISMA 2009 Flow Diagram.
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± 4 s long contractions, 11 ± 13 repetitions per set, 6 ± 6 sets and rest periods between
contractions of 12 ± 13 s and between sets of 1 ± 1 min. The frequency employed in
the studies were 4 ± 1 training sessions per week and the total duration of the training
sessions went for 7 ± 4 weeks. The intensity was on the average 84 ± 29% MVC with
the angle of knee positioned at 78 ± 17 degrees, with 0 degrees corresponding to a fully
extended leg. In Szeto et al. [299], three subject groups were trained with same training
volume, but at different levels of intensity (25, 50, 100% MVC). Within the meta-analysis,
the groups that trained with 50% MVC ([299]) and 100% MVC ([299]) were regarded as
two separate groups. The group that trained with 25% MVC was disregarded (see Section
7.2.3).

From the included studies, only Parker [239] report that the daily activity levels of
the subjects were higher than those of recreationally active individual. Jones & Ruther-
ford [155] provided no information on the activity level of the subjects. Since nothing was
explicitly stated in this study, we considered the subjects as recreationally active individu-
als. Therefore, only 4 subjects, the ones in Parker [239], were considered as recreationally
highly active individuals. Total number of trained subjects in the studies included in this
review is 307. Subjects in Parker [239] corresponds to 1.3% of the total trained subjects.

As far as control group data are concerned, Bonde Petersen [30], Carolan & Cafarelli
[46], Garfinkel & Cafarelli [110], Lucca & Recchiuti [199], Rich & Cafarelli [263], Weir et al.
[319, 320] report data on a control group and the untrained contralateral leg. Bandy &
Hanten [14], Grimby et al. [118], Kubo et al. [182] do not report any form of control data
(see Table B.4). Spaghetti plots for the control group and untrained leg data are provided
in Fig. B.3 and Fig. B.4. Fig. B.5 and Fig. B.6 depicts the difference between the change
in strength and EMG of the trained leg versus the control group/untrained leg.

The trend of an increase in strength plateauing after week 4 is still prominent for the
change in strength when the data on the untrained leg were considered.

The change in isometric strength of the control groups ranges from -8% to 10%, whereas
the corresponding change with respect to the untrained leg ranges from -12 to 18%. When
the available control group data on the change in strength is taken into consideration
(change in strength in the control group subtracted from the change in strength in the
trained leg), the change in strength in the trained leg ranges from 1.28% to 35.88%. When
data on the untrained leg is considered analogously, the change in strength in the trained
leg ranges from 3.96% to 31.38%.

As for the control group data obtained for the vastus lateralis is concerned, the EMG
data shows a change between -9.15% to 6.70%, whereas, EMG data for the untrained leg
ranges from -15.30% to 15.51%. The difference between the change in EMG for trained
leg and the untrained leg is between -9.03% to 19.56%. If the control group is considered,
then the difference is -9.03% to 32.75%. Note, however, that only 4 data points for EMG
data exist for the control group.

7.2.8 Assessment of the risk of bias across studies

Carolan & Cafarelli [46], Garfinkel & Cafarelli [110], Parker [239], Rich & Cafarelli [263],
Szeto et al. [299] stated that the subjects were assigned to training or control groups in
a randomized manner. Bandy & Hanten [14], Grimby et al. [118], Jones & Rutherford
[155], Lewis et al. [193], Parker [239], Szeto et al. [299], Tillin et al. [306] do not employ
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an untrained control group (see Table B.4) and hence do not report on randomization.
However, the contralateral leg was considered to be untrained for all those studies since
the training mode was unilateral in all studies. Therefore, the fact if a study included a
randomized control or not is less significant for the analysis in this study and would not
introduce extra heterogeneity to the data.

Food intake and daily activities during the exercising period and previous training
experience might effect the strength outcome [4, 58]. Bandy & Hanten [14], Parker [239],
Rutherford & Jones [273] and Weir et al. [320] explicitly state that the participants were
instructed to keep these unchanged. Others did not provide explicit information with
respect to this concern. Although the study by Garfinkel & Cafarelli [110] provides no
explicit information regarding food intake or daily activity, measuring the mean weight
of the subjects before and after the training period revealed that the weight remained
unchanged.

In all studies, training took place in laboratory setting, supervised by one or more
researcher. Withdrawal of some subjects due to health reasons or not complying with the
exercise protocol occurred in the studies by Bandy & Hanten [14] and Parker [239]. In
these studies, it was stated that the withdrawals did not effect the statistical sensitivity
negatively, so the effect of the attrition bias can be regarded as insignificant.

Negative change in strength was only reported in the study of Bonde Petersen [30].
Since the aim of resistance training is to increase muscle strength, negative changes in
strength point to over-training or problems with the experimental set-up or the outcome
measurement [103] (see Table B.1 for a summary).

7.2.9 Longitudinal model-based meta-analysis

BLMBMA allowed us to fit the increase in strength with respect to the baseline strength
over time to an Emax model. Since the percent change in strength is modelled, E 0 is
taken as 0. The combined maximal increase, which is described by Emax in Eqn. (7.4),
was found to be 41.83% (36.60% - 47.73%)(see Fig. 7.2). Half of the maximal strength
increase is reached after 4.39 (3.31 - 5.84) weeks of training. This time instance described
parameter C 50 in Eqn. (7.4).

The initial increase in the isometric strength was slightly steeper and becomes flatter
over the number of weeks training is performed. This indicates a faster rate of adaptation
at the early phases of the exercise period. As some of the individual trials identified by
the systematic review were small in size, the shape of the combined curve was heavily
influenced by the largest identified study, which estimated the affect most precisely and
therefore had a large weight in the meta-analysis. This was also illustrated by the size of
the points in Fig. 7.2.

BLMBMA was not feasible for the secondary summary measures (EMG and CSA),
since the number of trials was inadequate (7 and 4 studies with 13 and 4 data points,
respectively). Therefore, one can only include these data in the analysis according to the
last available time point (see Fig. B.8).

The landmark analysis of all three outcomes indicate considerable variation between
the different trials and time points, e. g. with point estimates that varied in the 65
time points using different follow-up lengths between -4.43 and 43.47 (see Fig. B.7).
Three additional explanatory covariates, namely the proportion of males, mean age and
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intensity were included. These variables did not explain the observed heterogeneity.

7.3 Discussion

Summary of the major findings

This study aims to provide an overview of the UIKEE training effect in healthy, sedentary
subjects. The systematic review yielded 20 studies, which fulfilled the inclusion and
exclusion criteria. The time-course of the main treatment effect, i.e., the change in
isometric strength, could be modelled using a BLMBMA and Emax model. This model
showed that isometric strength can increase up to 46 %. Half of the increase occurs after
the fourth (4.39 ± 1.45 weeks) week of training. The treatment effect of the secondary
summary measures, namely the change in cross-sectional area and EMG, could not be
modelled longitudinally using BLMBMA, since the number of data points was insufficient
due to lack of data.

Pooling data gathered from different studies in form of a systematic review yields a data
set with a sample size larger than the subject space of a single experimental study. Further,
a longitudinal model-based meta-analysis allows to investigate the time-dependent effects
of a given intervention from multiple studies, with different duration and data at different
time points. The longitudinal model-based meta-analysis demonstrated its suitability for
training data obtained from a quantitative description of the time-dependent training
effects of the respective muscles.

Parameters that influence the primary summary measure

Gender [74, 261, 262] and the overall general physical condition of the subjects play a
(significant) role [22, 146, 230, 262, 265, 317]. The overall number of subjects (see Section
7.2.7) are such that one would not expect much impact. Since there is only one study that
reported on subjects with daily activity levels higher than those of recreationally active
individuals [239] and one study that does not provided any information about this [155],
we believe that the activity of the subjects might be comparable. Hence, we believe that
the physical condition, i.e., if non-active or athletes perform the same isometric training
program [240], did not influence the outcome of this meta analysis.

A further key parameter is the training protocol and the time period for which the
training was maintained, i, e., the number of trained weeks. The meta-analysis studies
investigating the effects of exercise on strength consider the number of weeks trained as
an independent variable, e.g., [226]. Lesinski et al. [191] investigated the effect of various
resistance training protocols on the observed changes based on a dose-response relation-
ship, such as training frequency and training intensity. Apart from investigating the
effects of individual training variables on the response, a more generic measure describing
the “amount” of exercise a muscle was exposed over the course of training, could be
established. Such an “amount” could be then associated with the training volume that
could be regarded as a specialized time measure depicting the cumulative training volume.
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Secondary summary measures

Resistance training is one type of training that leads to muscle hypertrophy (see, e.g.,
[321]). Hence, the amount and type of training should have a direct impact on muscle
hypertrophy. Although isometric knee extension training is one type of resistance training,
only 4 out of 20 studies quantified hypertrophy. In these studies, all data showed an
increase in either the CSA or the volume of the knee extensors. This is, for example,
consistent with [237]. The low number of reported data on hypertrophy is unfortunate,
since additional experimental data on hypertrophy would provide a much better insight
into the influences of UIKEE induced volumetric muscle growth. However, the available
data in [110, 155, 182, 193] are insufficient for a quantitative analysis.

Besides pure anatomical measures, i. e., muscle hypertrophy, training has an effect
on the functional (physiological) aspects of skeletal muscles, e. g., on neural adaptation
[117, 155, 321]. One way of identifying neural adaptation is by recording EMG [99]. For
example, the change in integrated EMG or the root mean square of the recorded signal
are common ways of investigating the extent of neural adaptation due to exercise [117].

Only studies of Carolan & Cafarelli [46], Ema et al. [81], Garfinkel & Cafarelli [110], Rich
& Cafarelli [263], Tillin et al. [306], Weir et al. [319, 320] reported on EMG data. All of
these studies obtained the EMG data from the vastus lateralis. Weir et al. [320] and Ema
et al. [81] report additionally data from vastus medialis and rectus femoris respectively,
however, since there is only one data point available for these muscles, they were not
considered in the analyses. As a result, only 11 data points remained for the EMG data.

Among studies that report EMG data, only Carolan & Cafarelli [46] measured EMG
data for multiple time instances, i.e., , at 1, 2, 4, and 8 weeks. The rest of the studies
report data only for the end of the training period. Given the fact that the duration of
training differed between the studies, the time instances at which the data was recorded
and reported do scatter. As a consequence, BLMBMA could not be performed on the
EMG data. Despite being informative, EMG data also might be a less reliable source of
data for identifying the functional adaptations of training [8]. For example, estimating
motor units from EMG is a biased process favouring motor units closer to the surface
[94].

To significantly improve the information content of the collected UIKEE data would
require further measurements, such as, for example, voluntary activation, antagonist co-
activation and the rate of force development. Without such data, it is difficult to judge
neural adaptation in response to isometric exercise. Among studies that report data on
EMG, only some made additional measurements to investigate neural adaptation. [46]
and [306] reported that hamstring co-activation during UIKEE decreased significantly,
which is attributed to neural adaptation mechanisms. [81] and [306] report a significant
increase in voluntary activation of the knee extensors (from 89.4 % ± 7.0 % to 92.5 % ±
6.4 %) correlated with the relative change in knee extensor isometric strength, whereas,
[306] did not find any changes in the voluntary activation. [46], [110] and [263] reported
no change in the EMG amplitude. [319, 320] detected changes in the EMG amplitude,
which were, however, not significant. [263] investigated changes in the motor unit firing
rate of vastus lateralis, but they did not detect any changes. Note that EMG data was
selected as a secondary summary measure. Note that studies, which do investigate neural
adaptation, might have discarded as they do not report on muscle strength, which was
the inclusion criteria.
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Availability of control data and its use in this study

The BLMBMA could only be performed for data originating from the trained leg. There
existed only five studies that reported data on a control group and the untrained leg.
Furthermore, only Carolan & Cafarelli [46] reports on intermediate data points. Con-
sidering the control group and untrained leg data would increase the accuracy of the
analysis, however, this would decrease the size of the already sparse data set even further.
Moreover, the difference between the treatment effect of the untrained leg and the control
group would make it possible to comment on the contralateral training effect, however,
data is too sparse to reach a conclusion on this matter. Further, data on the untrained leg
is subject-dependent, whereas control group data is a result of an independent observa-
tion. The subject dependency cannot be taken into consideration as the mean difference
between the data sets is not reported. Therefore, data on the untrained and trained legs
cannot be combined.

Comparison of the findings with similar studies

In Oranchuk et al. [237], they focused on the longitudinal adaptation due to isometric
training and investigated changes in the morphological, neurological and performance-
related properties. They did not distinguish between unilateral and bilateral training and
pooled data from studies on large muscles. Furthermore, they included studies train-
ing programs that use exercises other than isometric exercise, such as counter-movement
jumps. Bohm et al. [27] investigated the effects of dynamic and isometric exercise on the
stiffness, Young’s modulus and cross-sectional area of tendons. They found that all ex-
ercise modes (eccentric, concentric and isometric) significantly increased these properties
when performed with high intensity (for isometric exercise, more than 70 % MVC) and
became more significant with increased training duration (more than 8 weeks, up to 3
months). In this study, we disregarded the effect of UIKEE on tendon tissue, however,
the fact that Bohm et al. [27] showed that high intensity training triggers adaptation
in tendon tissue, in a way, supports the fact that moderate to high training intensity is
required to observe improvements to the musculoskeletal systems.

Maffiuletti & Martin [205] studies bilateral isometric knee extension training. They
trained two subject groups with ballistic and progressive contractions over 7 weeks and
observed 15.7 % and 27.4 % improvement in isometric strength at the trained angle,
respectively. At 7 weeks, our model predicts 26 % increase in the isometric strength.
In Kubo et al. [181], subjects were trained with isometric and dynamic knee extensions
on either side of the limb. Despite the fact that different training modes were used for
each limb, this study can also be regarded as a bilateral training study as both limbs
were trained simultaneously. After 14 weeks of training, isometric training yielded 49 %,
whereas, dynamic training yielded 32 % increase in the isometric strength, i.e., MVC.
Neural and morphological adaptation were found to be equal for both sides, where isomet-
ric training caused 4.5 % increase in the cross-sectional area of the leg that was trained
isometrically. At 14 weeks of training, our model predicts 32 % increase in the isometric
strength. Similar to their previous studies [182–185], they further found that isometric
training is more effective than dynamic training in improving the tendon stiffness and
cross-sectional area. It is known that dynamic training also increases isometric strength,
e.g., [160], thus the greater improvement in isometric strength in Kubo et al. [181] com-
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pared to our findings, may be attributed to the cross-training effect that yields from
dynamic training o of the contralateral side.

Limitations

Limitations of this study includes lack of a sufficient amount of control data. Studies
that fulfilled the selected criteria are mainly cohort trials without a control group. If a
control group is considered at all, an internal control, i.e., the untrained leg, has been
used e.g., citeJones1987. However, it is known that cohort studies are more prone to bias
than randomized control trials [138]. For example, if one computes the treatment effect of
the trained leg based on the isometric strength of the untrained leg, the computed change
in strength would include the cross-training effect. Taking the control as the baseline
strength of the trained leg, one would obtain an unbiased way to compute the treatment
effect.

Some limitations associated with the current systematic review also include possible
publication bias. If there exist studies, which remained unpublished since they found
statistically insignificant findings or data was reported in an unpublished dissertation,
i.e., grey literature, e.g., [31], it is difficult to spot them by means of electronic search
engines. Furthermore, we only included studies published in English and did not invest-
igate studies published in other languages. However, to evaluate the quality and findings
of a study which is not written in a language known to the authors, who performed the
review, would be difficult. One other limitation regarding the current study is the lack of
prospective registration. The systematic review was, nevertheless, conducted according
to the remaining items of the PRISMA guideline.

Training intensity is important for initiating improvements in muscle performance [176].
In this study, we only considered reported data with a minimum of 50 % MVC isometric
training intensity, cf., [226]. One could argue that this poses a potential loss of data and
effects our interpretation of the change in isometric strength. However, it is known that
training protocols with moderate to high intensity trigger hormonal changes that would
induce improved muscle performance [176], while training protocols with low intensity
isometric exercise mostly effect blood pressure levels [45, 149, 238, 301]. Among the
studies included in this review, only Szeto et al. [299] reported also on the outcome of a
low intensity training group, i.e., , a group that trained at 25 % MVC. Despite reporting on
an increase in isometric strength, the increase was not statistically significant. Therefore
one can conclude that the selected level of training intensity matches the intensity required
to trigger an improvement in muscle performance.

7.4 Conclusions

This study aims to provide an overview of the training effect of UIKEE performed by
healthy, sedentary subjects. The systematic review yielded 20 fulfilling the inclusion and
exclusion criteria. The time-course of the main treatment effect, i.e., the change in
isometric strength, could be modelled using BLMBMA by using the Emax model. The
model predicts that the isometric strength can increase up to 46 %, where half of the
increase occurred at the fourth week of training. It was not possible to model the treat-
ment effect of the secondary summary measures (change in CSA and EMG) longitudinally
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using BLMBMA due to insufficient data. If the number of controlled trials consistently
reporting data on both a separate control group and the untrained leg would have been
available, which also take the subject-dependency into consideration, a significant im-
provement for the analysis of the training effect would have been achieved. In the case
of our study, to keep size of the data set at a maximum, all available data on the trained
leg was used even if a control group was not reported. The interpretation of the training
effect was only possible based on the change from the baseline values, which also allowed
to disregard differences in measurement methods e.g., measurement of strength through
force or torque output.





8 Changes in discharge behaviour due
to unilateral isometric knee extension
exercise

8.1 Introduction

Training mode is known to be highly influential in changes observed in the muscle. It is
also known that adaptations in the neuromuscular system optimizes primarily the prac-
ticed movement [18]. Not only is isometric training the simplest training mode, but the
training effect is commonly quantified through the increase in isometric muscle strength.
Therefore, the training mode and the training outcome overlap. Furthermore, the most
significant mode of adaptation following isometric exercise is known to be of neuromech-
anical nature. Such neuromechanical changes include increased motor neuron discharge
rate, decreased coactivation of the agonist and antagonust muscles and increased use of
active muscle volume.

It is difficult to distinguish the individual contribution of each of these neuromechanical
changes. This is partially due to the complexity of muscle and exercise physiology as well
as the limitations in experimental technology. Changes in the neuromechanical activity of
skeletal muscles are commonly quantified through surface EMG [117] (see Section 2.2.7).
However, the amplitude of the EMG measured after strength training is known to show
contradictory results [65, 78] (see Fig. 2.15). This discrepancy in the EMG data is said
to occur due to shifts in the location of electrodes, altered extracellular volume and/or
osmolarity, changes in subcutaneous fat and skin temperature, as well as differences in
phase cancellation following weeks of training [1, 117]. Furthermore, EMG data is known
to be biased towards faster motor neurons as they are closer to the muscle surface [93].

Computational models can be useful to make up for the limitations of the experi-
mental equipment. Therefore, in this chapter, one neuromechanical adaptation mechan-
ism, namely the increased discharge rate, following isometric training is investigated. To
do that, findings from previous chapters is used.

8.2 Methods

In Chapter 5, the input parameter set for the motor neuron recruitment model (see
Chapter 4), which allows to model the pre-exercise state, were determined. Using this
parameter set, the discharge behaviour of vastus lateralis during an isometric contrac-
tion at various force levels was modelled. In order to compute the force output of the
muscle during an isometric contraction, contractile properties of the motor neuron pool
are required. Therefore, in Chapter 6, contractile properties (time-to-peak-force and peak
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Admissible set for
the recruitment model

ΘRM

MAP set of
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(c.f. Chapter 6)
ΘRM
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Bayesian updating

Ω sim
Force(100, [ ˜̃Θ MAP

CP , ˜̃ΘRM ]) Ω sim
DR(100, ˜̃ΘRM )
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Section
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Figure 8.1: Overview of the scheme.

twitch force) were estimated. Furthermore, in Chapter 7, change in isometric strength of
the quadriceps group is modelled based on data a systematic review study. Data collec-
ted during the systematic review is modelled longitudinally by means of a longitudinal
model-based meta-analysis.

In this chapter, building up on the findings of the aforementioned chapters are used
to investigate the change in discharge rate in the vastus lateralis muscle. Using the
input parameters for the pre-exercise state and the contractile properties as the baseline,
new parameter sets for the motor neuron recruitment model that yield an increase force
output of the muscle, which match the longitudinal change in the isometric strength,
are determined in this chapter. Similar to Chapter 6 and Chapter 5, Bayesian updating
framework (see Chapter 3) is employed. In Fig. 8.1, an overview of the modelling scheme
used in this chapter is provided.

8.2.1 Admissible set of model input parameters

In Chapter 5, it became evident that the slope of the peak discharge rate (PFRD) and
the peak firing rate of the first motor neuron (PFR 1) do not contribute to the model
output (see Section 5.4). Therefore, in this chapter, these two parameters are disregarded.
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Only three parameters, namely the range of recruitment, RR, the peak firing rate of the
last motor neuron, PFRN, and the minimum firing rate, MFR, are calibrated using the
Bayesian updating framework (see Chapter 3).

Analogous to previous chapters, admissible sets for the input parameters are selected
(see Table 8.1). For each input parameter, a range that covers up to 20% change from
the baseline value is assumed. The baseline value of each parameter corresponds to the
MAP set of the model input parameters determined in Chapter 5, which are RR = 23.11
[-], PFR 1 = 11 Hz and MFR = 1 Hz. For PFRN and MFR, the admissible sets
include values with an increasing order compared to the baseline, i.e., pre-training, value.
Analogously, the admissible set for RR includes values of decreasing order.

Table 8.1: Ranges for the admissible sets of input parameters, Θ.

RR PFR 1 MFR

Range 0 23.5 11 55 1 5

Unit [-] Hz Hz

Range of each parameter is divided into 100 elements, such that each parameter has
100 different distinct values. All possible combination of each admissible set, ΘRM , is
computed (RM in ΘRM stands for the motor neuron recruitment model). The cardinality
of the set is hence 106.

The maximum isometric force output is required for the model calibration. Therefore,

for all elements in ΘRM , the maximum isometric force output, Ω sim
Force(100, [ ˜̃Θ MAP

CP , ΘRM ]),
is computed. Since the aim is to find the change in the mean discharge rate of the motor
neurons caused by UIKEE, the corresponding mean discharge rate is also saved. This is
denoted by Ω sim

DR(100, ΘRM).
To compute the isometric force output and the discharge rate, analogous to previous

chapters, the motor neuron recruitment model is used. The model input parameters for
the recruitment model are ΘRM . To compute the force output, contractile properties
are also needed (see Chapter 4). The contractile properties obtained in the MAP set in

Chapter 6 are used in this chapter, which is denoted by ˜̃Θ MAP
CP .

8.2.2 Prior set of model input parameters

The aim of this chapter is to determine the extent of the increase in discharge rate that
yields the increase in force output, which was modelled in Chapter 7. Using two criteria
based on muscle adaptation due to isometric exercise, the size of the model input para-
meter set and the corresponding model output are filtered. This way, non-physiological
model runs could be eliminated, such that the calibration can yield a more accurate
outcome.

First criterion is related to the force at which all motor neurons are recruited (FFull Rec).
It is suggested that the baseline/pre-exercise state of FFull Rec, denoted by F Pre

Full Rec, de-
creases due to isometric training (see [66]). Therefore, parameters that yield FFull Rec >
F Pre
Full Rec are disregarded.
The second criterion is the increase in isometric strength of the muscle. As the aim is

to determine the discharge rate that causes an increase in the isometric strength of the
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muscle, parameters that yield decreased force output in comparison to the baseline/pre-
exercise isometric strength are eliminated.

This way, the size of the parameter space in Θ and the corresponding model out-

put Ω sim
Force(100, [ ˜̃Θ MAP

CP , ΘRM ]) were filtered and non-physiological cases were disreg-

arded. Thus, the size of Θ and Ω sim
Force(100, [ ˜̃Θ MAP

CP , ΘRM ]) are reduced. The reduced

set of model input parameters, Θ̃, serves as the prior set of input parameters, whereas,

Ω sim
Force(100, [ ˜̃Θ MAP

CP , Θ̃RM ]) is used as the model output in Bayesian updating.

8.2.3 Calibration points

The longitudinal model of the change in isometric strength over the weeks trained in
Chapter 7 (see Fig. 7.2) is used to determine the calibration points. The change in
isometric strength over 16 trained weeks, T , is divided into 100 intervals to obtain the
calibration data, Ωexp(T ).

For each T ∈ (0, 16], input parameters are calibrated against Ωexp(T ) to obtain the

posterior set of input parameters, ˜̃Θ, and the posterior set of model output using Bayesian
updating. To set up the covariance matrix (R) required for the Bayesian updating, the
confidence intervals of the parameters of the longitudinal model, which are E BLMBA

max , E 0

and C 50. For this, the upper limit and the lower limit of the confidence intervals for these
parameters are used and two curves are generated (see Fig. 8.2). Thus, the measurement
error at each time point has a different magnitude, which increases over the weeks trained.

Figure 8.2: Calibration data obtained from the longitudinal model of the change in isomet-
ric strength in Chapter 7. The solid line corresponds to the curve generated using the point
estimates of the model parameters and the gray are spans the upper and lower limits of the
measurement error. This range is set up using the confidence intervals of the model parameters.

The posterior set of model output includes both Ω sim
Force(100, [ ˜̃Θ MAP

CP , ˜̃ΘRM ]) and

Ω sim
DR(100, ˜̃ΘRM), since the two are coupled to each other. The change in mean discharge

rate over the weeks trained can thus be computed by subtracting the baseline/pre-exercise

value of the discharge rate from Ω sim
DR(100, ˜̃ΘRM).
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8.3 Results

8.3.1 Size of parameter sets

The admissible set of input parameters has a total of 106 elements. When parameters
that yield non-physiological model outputs are disregarded, the size of set is reduced to
to 74 690 elements and the prior set of input parameters are obtained. The reduction in
size corresponds to a 92.5% reduction of the parameter space of the admissible set.

Posterior sets are obtained by means of Bayesian updating over the trained weeks. Since
the measurement error increases over weeks trained, the size of the posterior sets increase
over time. The smallest posterior set has 1558, which is at week 0.16 (see Fig. 8.3). Size
of the posteriors increase up to 7062 at the third week of training and shows a slight
decrease after this time point. At the week 16, i.e., at the last data point, the size of the
posterior set is 5637.

When the size of the posterior sets are compared to that of the prior set, it is seen
that the size of the largest posterior (at week 3), corresponds to 9.63% of the size of the
prior set. Thus, the calibration yielded a maximum of 90.36% and a minimum of 77.9%
reduction compared to the prior set (see Fig. 8.3). Note that the sizes of the posterior set
conforms to the size of each input parameter for the recruitment model.

Figure 8.3: Size of the posterior sets over weeks trained. Right axis shows the size of posteriors
compared to the size of the prior set.

8.3.2 Posterior sets over trained weeks

The evolution of the three parameters of the recruitment model (RR post, PFR post
N ,

MFR post) over the weeks trained is investigated. For this, the range of values each
parameter takes in the posterior sets as well as the mean and standard deviation of the
corresponding ranges at each time point is computed. The behaviour of the posterior set
of each parameter is discussed in the following.
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Recruitment range

The upper limit of the range of values the recruitment range parameter, RR post, stays con-
stant over the trained weeks and is equal to the parameter’s baseline value, RR pre = 23.5
(see Fig. 8.4(a)). On the other hand, the lower limit of the range increases longitudinally
accompanied by a decreased width of the range of values. Since the range is wider at the
beginning, the corresponding standard deviation is also wider, which also decreases over
trained weeks. After week 8, the width of the range and the standard deviation becomes
constant, with only a minor decrease in the width after week 15.

Mean value of the posterior set starts from 18.8 at week 0.16 (first available time point).
At the last time point at week 16, RR post increases to 22, which is almost equal to RR pre.
Similar to the evolution of the change in strength, mean the posterior value increases
rapidly until week 3. The rate of increase slows after this time point.

Peak firing of the last motor neuron

Unlike RR post, the upper limit of the range of values of the peak firing rate of the last
motor neuron, PFR post

N , increases over the trained weeks (see Fig. 8.4(b)). The lower
limit of the range follows an identical trend.

Similar to RR post, the mean value of the posterior set increases rapidly until 3 weeks,
where it reaches 22 Hz. The increase continues at a slower rate after this time point. Peak
value of the mean occurs at 25 Hz at week 16.

Minimum firing rate

Change in MFR is not as prominent as the other two parameters (see Fig. 8.4(c)). At
the end of the first trained week, mean MFR reaches 3 Hz. There is only a slight increase
in the mean after the first week, which goes up to 3.2 Hz. The range of the posterior set
does not differ from the prior set.

8.3.3 Change in mean discharge rate over trained weeks

The trend in the change in mean discharge rate of the motor neuron pool, Ω sim
DR(100, ˜̃ΘRM),

follows that of the calibration data. The rapid increase up to week five is followed by a
plateau, which also shows a slight increase (see Fig. 8.4(d)).

At the end of the first trained week, the mean discharge rate is 30.5 Hz and goes up to
42.1 Hz at week 16. At week 16, the posterior set covers values between 38.2 Hz to 45.7
Hz. This corresponds to 34.4-60.5 % increase from the baseline value. The mean increase
at the last data point corresponds to 47.9 %.

8.4 Summart and discussion

Using the longitudinal model of the change in isometric strength (see Chapter 7), the
change in the mean discharge rate of the motor neuron pool of vastus lateralis muscle in
response to UIKEE is estimated. When physiological constraints are applied, the size of
the initial set of admissible parameters (ΘRM) was reduced from 106 to 74 690, which is
a significant reduction. Posterior sets over weeks trained, which are obtained after the
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calibration, contain 1553 to 7062 elements, the largest one occuring at the third week of
training. The mean discharge rate is found to increase up to 42.1 Hz (38.2 – 45.7 Hz). In
comparison to its pre-exercise/baseline value, this corresponds to a 47.9 % (34.4-60.5 %)
increase. The posterior sets of the model input parameters of the recruitment model that
yield this model output

The 92.5% reduction in the size of the admissible input parameters to obtain the prior
set points to the fact that many elements in the initial set were irrelevant for the current
problem. It can, however, be argued that applying the physiological constraints were ne-
cessary and beneficial to obtain a narrower set of posteriors, which would in turn increase
the accuracy of the calibration.

The range of the calibration data varies over the weeks trained, since two curves with
the upper and lower limit of the point estimates of the longitudinal model were used.
Therefore, the range of data is narrower at the beginning and gets wider as training
proceeds. This had a direct influence on the size of the posteriors over trained weeks as
the calibration data also covered a wider range.

When setting up the range for the admissible set of input parameters for the recruitment
model, the baseline values of the parameters, cf. pre-exercise state, determined in Chapter
5 were used. When the RR post was set up initially, as the recruitment range is expected to
decrease, all positive values smaller than the baseline value up to 0 were used. Therefore,
the range of this parameter was restricted and nothing was assumed. The baseline value
of RR post occurs in each set of posterior parameters over the weeks trained, whereas the
lower limit of the range of the posterior starts from 14.2. This shows that values lower
than 14.2 were disregarded when the physiological constraints were applied or during the
calibration.

Recruitment range is a parameter that is related to, as the name suggests, the recruit-
ment behaviour of the motor neuron pool. It defines the recruitment threshold of a motor
neuron. When RR decreases, the recruitment threshold of each motor neuron decreases,
thus a given motor neuron is recruited at an earlier phase of the contraction. Motor neur-
ons with lower thresholds also discharge at a higher rate, cf. the onion skin principle [62].
Although a higher discharge rate is expected as a part of neuromechanical adaptation in
response to exercise, change in the discharge rate does not occur suddenly. Despite the
fact that the model output regarding the discharge rate increases over time and no sudden
change is observed (see Fig. 8.4(d)), a similar change distributed over the trained weeks
is not observed for the mean value of RR, considering the baseline value of the parameter
is considered. This parameter in the post-training phase decreases from 23.1 at week 0
to 14.2 at week 0.16, followed by an increase as the training proceeds. This is also due to
the curvature of the calibration data.

The data on the change in isometric strength shows a consistent positive change over the
weeks trained and this behaviour is directly transformed to the model input parameters.
In order to obtain a slower decrease in the recruitment threshold distributed over the
entire training period, this parameter could be calibrated against a different model.To
do that, ideally, experimental data on the recruitment threshold is required, which is
currently not available.

As mentioned before, the discharge rate is expected to increases over weeks. The
evolution of PFR post

N is more physiologically relevant, since the posterior set and the
mean value of the posterior set shows a consistent increase, compared to the baseline
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value of the parameter.
Similarly for MFR post, an increase is expected and the calibration partially adheres to

this expectation. Although the mean value of the posterior set increases, this increase
over the trained week is very subtle. However, when the baseline value of the parameter
is compared, which is 1 Hz, there is also a sudden increase at the first data point, which
is available at week 0.16. If the calibration had been made by taking a finer resolution
of the longitudinal model, i.e., by taking more than 100 data points, this sharp increase
could have been partially avoided. Even if this was the case, since the order of magnitude
of the calibration data stays the same, the mean MFR post at week 0.16 would still be
the same. Furthermore, the change of this parameter over the weeks trained is also quite
small (from 3 Hz at week 0 to 3.2 Hz at week 16). This could be a result of the selection
of the range for the admissible parameter set. The range for the admissible set covers
values from 1 - 5 Hz and this range is divided into 100 elements. Therefore, the discrete
values of the parameter set are very close to each other. Would one have considered a
wider range was selected, the discrete values would have had more variation, which could
increase the accuracy of the calibration.

Limitations

The increase in strength is assumed to be equally transformed to each muscle of the
quadriceps. The longitudinal UIKEE study by Kubo et al. [182] found no significant
differences in the relative increase in muscle volume among knee extensors. Therefore it
is a valid assumption to use the strength increase collected from knee extensors as the
expected strength increase for vastus lateralis with the current knowledge.

Passive structures, i.e., connective tissues, are known to influence force output of
individual motor units, since they contribute to the tranmission of force to the tendon
[82]. The concentration for the endomysial collagen is found to differ between fibre types,
the concentration being higher for slow fibres when compared to fast fibres in rats (in [82],
[175]). Properties of connective tissues were shown to alter in response to training, which
is manifested by incresed tensile strength (in [82], [175];[182]). However, since passive
structures are not included in the current modelling framework and their contribution to
the total force output is disregarded, it is assumed that the entire increase in strength is
caused by the active force.

Isometric exercise is thought to alter the rate of force development [66]. Changes in rate
of force development cannot be tested due to the limitations of the motor neuron recruit-
ment model. As discussed earlier in Chapter 4, the rate of excitation cannot be altered,
thus rate of force development remains the same for any choice of input parameters. The
recruitment model used in this work could be improved by introducing an equation that
is capable of capturing force development at different rates. This would make it possible
to investigate the corresponding changes caused by UIKEE.

The range for the admissible set of input parameters PFRN and MFR is assumed to
cover 20% change in the input parameters. Since data on the input parameters for the
change triggered by isometric training is lacking, this range is assumed. A wider range
and more elements might make the estimation more accurate.
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9.1 Discussion

The present study aims to provide a modelling framework to investigate the changes in
the motor neuron discharge rate in vastus lateralis muscle due to UIKEE. Since the most
prominent change observed due to UIKEE is the change in muscle strength, the force
output of the muscle needs to be modelled in detail. To model the force output, the
discharge instances and the contractile properties of the muscle is required. The motor
neuron recruitment model by Fuglevand et al. [104] has been used, both for the pre- and
post-exercise states of the muscle, to model the discharge instances. For the contractile
properties, a novel scheme has been suggested. A similar pattern has been applied for
each part of the modelling framework. Model input parameters for the motor neuron
recruitment model and the scheme for the contractile properties have all been determined
based an available experimental data retrieved from multiple studies. Final selection of
the input parameters has been made using Bayesian updating. However, the change in
isometric force output, i.e., isometric strength, has been modelled using BLMBMA. The
discharge rate of the motor neuron pool has been found to increase from 28 Hz up to 42
Hz following 16 weeks of UIKEE. The isometric strength increased up to 33% following
the same training period.

Each part of the modelling framework has been formerly discussed in detail within the
corresponding chapters. Therefore, in this chapter, an overall discussion regarding the use
of Bayesian updating in this present study as well as how well each part of the framework
has been connected to each other will be provided.

Experimental data on the neuromechanical system is tedious to obtain and that provides
information for only some portion of the entire muscle, thus, despite a vast amount of
past and on-going research on the topic, many aspect of the voluntary motor control is
to date still not understood completely. Besides advances in the technological equipment
and the data analysis methodology, complexity of the voluntary motor control play an
important role in this knowledge gap. Computational models of the neuromechanical
system aim to close this gap by providing insight into aspects that cannot be investigated
experimentally. However, computational models require experimental data as an input in
order to simulate the reality as accurately as possible.

One way to incorporate existing experimental data into such models is using the
Bayesian updating framework. Strength of the Bayesian updating framework lies in its
ability to be applicable to any problem, where the exact magnitude of model input para-
meters are unknown. What is required by the framework is an estimate of the range of
values that the model input parameters may take. This range can either be completely
assumed, which decreases the accuracy of the final estimate of the input parameters, or
can be constructed based on empirical evidence. Furthermore, when available, the empir-
ical evidence, e.g., in the form of experimental data, does not need to stem from a single
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study, but evidence from multiple studies can be pooled together to calibrate the model
input parameters.

Since a vast amount of research on the motor control behaviour of muscles do exist, in
this study, experimental data on the recruitment behaviour of skeletal muscles have been
used to set up the ranges for the parameters. Not only multiple sources of experimental
studies were used, but ranges for each parameter obtained from data has been narrowed
down using the physiological knowledge on motor neuron recruitment. The calibration
has also been performed based on the available experimental evidence. Therefore, it can
be said that, in the present study, Bayesian updating has been used in such a manner
that admissible ranges for the input parameters have been selected using the available
evidence to a maximum, i.e., in terms of quantitative data and physiological knowledge.

There are three parts in the modelling framework suggested in this study. The first one
is for determining the model input parameters for the motor neuron recruitment model
that allows us to obtain the discharge instances at multiple force levels. From this, it is
also possible to compute the mean discharge rate of the motor neuron pool. The second
part deals with finding the contractile properties of the vastus lateralis muscle. This part
receives the input from part one. The third part uses the results of part one and two. The
outcome of part one is used as the baseline values for the input parameters of the motor
neuron recruitment model and the outcome of part two is used to compute the isometric
strength.

The input parameters received from each part corresponds to the MAP set of input
parameters. Although some argue that the advantage of using MAP is its simplicity,
MAP is a point parameter estimates (see Section 3.2.4). Being the mode of the posterior
distribution, it is possible that the MAP lies further away from the posterior median, thus
not representing the bulk of the posterior distribution [186].

One way to overcome this limitation could be by setting up the entire modelling frame-
work so that it allows to test the effect of a wider range of input parameters when these
parameters are used in another part of the framework. To illustrate, instead of using
a single set parameters of the motor neuron recruitment model in part two, where we
determine the contractile properties, entire posterior set found in part one could be used.
Again, all combinations of the admissible sets for the motor neuron recruitment model
and the contractile properties could be created, thus the recruitment model and the con-
tractile properties would hence be coupled to each other. Calibration of the contractile
properties would again yield the desired result. This would, however, increase the amount
of model runs.

Despite the limitations of the framework proposed in this study, such a comprehensive
study on a specific exercise type, i.e., UIKEE, and on one muscle, i.e., vastus lateralis,
does not exist to this date. The principles suggested in the present study can be applied
to other modes of exercise, such as dynamic modes, as the change in the discharge rate
have been obtained merely using experimental data on the change in isometric strength.
If longitudinal data for the change in strength for other forms of exercise can be ob-
tained, changes in the recruitment behaviour can easily be investigated using the present
framework.
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9.2 Outlook

The musculoskeletal system has the capability to adapt and alter it properties if conditions
they are normally subject to change. Such a change of conditions include, but is not
limited to, exercise. Exercise causes a number of properties of the trained muscle(s) to
change. Despite a vast amount of research on the adaptive mechanisms of skeletal muscles,
the phenomenon is still not understood completely [117].

Computational models of the adaptive mechanisms of muscles have been and are still
being used up to this date to investigate multiple aspects of this complex phenomenon.
These models are constructed based on the current state of empirical knowledge on the
physiology of the system and the corresponding changes. Thus, it is common to incor-
porate experimental data or principles of physiology into computational models. In the
present study, we have proposed a modelling framework to examine the neuromechanical
adaptation of a muscle, cf. vastus lateralis, in response to a specific exercise type, namely
UIKEE.

It is our hope that the novelties as well as the limitations of the framework will inspire
other researchers to construct more comprehensive models to investigate the neuromech-
anical adaptation phenomenon in muscles. Here, some suggestions that could improve
the proposed framework have been provided. Ideas for further research topics based on
the framework have also been suggested.

Improving the construct of the motor neuron pool for vastus lateralis

The modelling scheme suggested in this study has been constructed by making extensive
use of experimental data from literature. Data on the vastus lateralis muscle has been
used to select relevant model input parameters, which has allowed us to set up a muscle-
specific framework. As more data on the discharge and contractile properties of the vastus
lateralis available, these can be introduced to the current framework following the steps
outlined in the previous chapters. This would improve the calibration accuracy.

To illustrate, the model input parameters of the motor neuron recruitment model de-
scribing the pre-exercise state of the muscle have been selected based on data on the
mean discharge rate of vastus lateralis. There were 19 data points available at 8 different
contraction levels. At 75 % MVC, only one data point is available. As more data on the
discharge rate of vastus lateralis becomes available, calibration data for the motor neuron
recruitment model can be enhanced. Selecting new sets of input parameters would not
require further model runs. A re-run of the rejection sampling would be sufficient.

The scheme to determine the contractile properties of the muscle made use of exper-
imental data to select the range of admissible input parameters and the prior sets have
been constructed. The data set used for this purpose, however, is composed of data on
muscles other than vastus lateralis. The set includes data from larger, e.g., tibialis an-
terior, as well as smaller muscles, e.g., first dorsal interosseous. Therefore, an enhanced
data set would also improve the framework to select contractile properties, once more
data ideally on vastus lateralis or larger muscles become available.



124 Chapter 9: Discussion and Outlook

Model of the longitudinal change in muscle strength

One novelty of the present study is the use of BLMBMA to model the longitudinal change
in muscle strength over trained weeks. BLMBMA has been used for the data on UIKEE.
Such an approach has never been used in the field of sports science. This method can
be applied to data on other training modes and the changes in the muscle performance
can be modelled. In this study, only the change in isometric muscle strength could be
modelled, but the same framework can be used for data on the EMG, cross-sectional area
or even molecular changes in the trained muscle(s) if sufficient data is available.

For the longitudinal model of muscle strength increase, only data on the trained limb
has been used. However, it is known that unilateral training triggers changes in the
performance of the untrained/contralateral limb due to the cross-education phenomenon
[82]. Although the performance changes in the contralateral limb is not as prominent as
the trained limb, these changes are more often statistically significant and, e.g., for the
improvement in strength, can go up to 21% [226]. In our case, data on the untrained limb
was insufficient and a longitudinal model could not be fitted, however, the trend of the
change in muscle strength is similar to that of the trained limb. In light of this, instead
of using BLMBMA, a simple evolution equation can be fitted to the available data on
the change in strength in the untrained limb. The approach for the trained limb could be
then be used for the untrained limb and changes in the discharge rate of the untrained
limb can be investigated.

Extending the modelling framework to include other muscles of the
knee extensors

The proposed modelling framework is muscle-specific. Although all knee extensors are
used in UIKEE, only changes in vastus lateralis have been investigated and the remaining
three muscles, namely the rectus femoris, vastus intermedius and vastus medialis, have
been neglected. For a wholesome investigation of the adaptation of the knee extensors,
ideally, all knee extensors should be included in the framework. To do that, the pre-
exercise state of all four muscles needs to be constructed. For this, data on the discharge
rate of the muscles should be gathered from literature. To set up the contractile properties,
only data on the isometric strength is required, which is, in comparison to data on the
discharge rate, more straightforward to obtain. Elias et al. [80] provides an estimate of
the contribution for the muscles of the knee extensors. Using this piece of information, the
contractile properties for the motor neurons of the remaining muscles can be constructed.
Changes in the EMG activity of each knee extensor muscle for bilateral isometric training
has been provided in Rabita et al. [254]. Results of this study could be used to validate
and compare the results for the changes in the discharge rate.

Including other aspects of muscle adaptation

Neural adaptation due to exercise

In an effort to keep the complexity to a minimum, we focused on a single adaptation
mechanism, which is the change in the discharge rate of the motor neuron pool. How-
ever, in reality, different adaptation mechanisms are known to work together to yield an
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increase in the muscle performance following exercise. Such mechanisms include changes
in voluntary activation, conversion of fibre types from IIa to IIx and changes in the rate
of force development.

To illustrate, healthy subjects are thought to activate 80-95% of the quadriceps muscle
during knee extension. Despite conflicting evidence, see e.g., [42], exercise is said to
improve the volume of active muscle during a given contraction [55, 288]. One way to
include the changes in the voluntary activation could be by using only a portion of the
motor neuron pool, i.e., 80-95% of the estimated size of the pool, to construct the pre-
exercise state of the muscle. The remaining, inactive motor neurons can be recruited at
a certain rate over the trained weeks. The change in the number of active motor neurons
can be modelled using different evolution equations, e.g., sigmoidal or exponential, and
the effect on the overall force output can be investigated.

Volumetric adaptation due to exercise

Although it becomes more prominent in later stages of training, volumetric muscle growth,
i.e., hypertophy, also contributes to improvement in muscle performance [279]. Despite a
three-dimensional model is lacking in the present framework, the contribution of hyper-
trophy to the strength improvement could be potentially included in the framework. To
do that, the model of the overall strength improvement could be split into two distinct
curves, one for the neuromechanical adaptation and another one for the hypertrophy.
This is already shown qualitatively in Fig. 2.14. Assumptions on the weight of each curve
for the overall strength increase could be made. Instead of using the model of the over-
all strength improvement, the model for the neuromechanical adaptation can be used as
calibration data to investigate the change in discharge rate.

Molecular adaptation mechanisms due to exercise

Molecular mechanism that cause changes in the biophysical properties of motoneurons
due to voluntary activity include changes in the dendrite structure, protein synthesis,
axonal transport, neuromuscular propagation and some biophysical properties, which will
influence how these cells behave during voluntary recruitment [89, 108]. Such changes
have been studied for rodents and rats by means of experiments as well as models for
endurance exercise [107–109]. Such detailed investigations at the cellular level, however,
are lacking for isometric exercise. When a computational model of the molecular changes
become available, such a model could easily be incorporated into this present framework.

Adaptation due to diseases

Based on the model including data on healthy subjects, a diseased configuration of the
motor neuron pool could be created. Depending on the disease being modelled, discharge
rate and contractile properties of the motor neurons could be altered as needed. Fur-
thermore, calibration data on the isometric strength can also be adjusted to mimic the
strength output of the diseased configuration.



126 Chapter 9: Discussion and Outlook

Adaptation due to ageing

Muscle performance is known to change with age. Age-related changes in muscle proper-
ties are being investigated extensively, e.g., [42, 123] , as the understanding of age-related
changes in skeletal muscle activity can aid in finding solutions to common problems that
the elderly population experience. Analogous to the example on the model of a diseased
muscle, state of the muscle-of-interest, e.g., vastus lateralis, can be constructed for an
elderly population using available data, e.g., [147, 270].

Closing remarks

Due to the complexity of biological tissues, any research topic on tissues requires extensive
knowledge on the biology, physiology and anatomy of the tissue of interest as well as the
tissue’s contribution to the organ systems. As a result, to increase the accuracy and detail
on studies constructed around biological tissues requires knowledge and expertise from
multiple disciplines. Therefore, interdisciplinary team work is of utmost importance in the
field of biomechanics. A proper fusion of theoretical knowledge, experimental evidence as
well as the the capability of modellers’ to de-construct and simplify complex systems to
set up a concise model of the system-of-interest will definitely improve our understanding
of the human body.



A Admissible sets for the contractile
properties

Figure A.1: One set of the combinations of shape parameters a and b used in Chapter
6 and their influence on the output of the random numbers following beta
distribution. Values of the shape parameters are shown in brackets.
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Figure A.2: One set of the combinations of shape parameters a and b used in Chapter 6
and their influence on the output of the random numbers following gamma
distribution. Values of the shape parameters are shown in brackets.



B Systematic review and meta-analysis

B.1 Background information and significance

Narrative vs systematic reviews

Literature review studies are methodological studies, which discuss a specific topic by
using database searches to retrieve research results. There exist two main types of review
studies, namely the narrative and systematic reviews. Narrative reviews critically analyse
and discuss the current state of science for a given topic from a theoretical and contex-
tual perspective. Although they are significant for providing up-to-date information to
researchers, these reviews, however, do not specify what types of databases and meth-
odological approaches are used to conduct the study. It is also not possible to answer
specific quantitative research questions using these reviews[271]. They are also difficult
to reproduce, thus the findings and conclusions presented in the study rely heavily on the
insight of its author(s) [10].

Contrary to narrative reviews, systematic reviews aim to gather all empirical evidence,
which fits within pre-specified eligibility criteria in order to answer a specific research
question [138, 221]. These reviews rely on on explicit, systematic methods that are selected
in order to minimize bias. Thus, in comparison to narrative reviews, they provide more
reliable findings from which conclusions can be drawn and decisions made [138]. This
review type is commonly used in health-related areas [138] (e.g., medicine, pharmaceutics,
physiotheraphy, exercise science) as well as social sciences [198]. They are an important
component of evidence-based medicine as they summarize existing knowledge and data
on a particular topic.

The PRISMA statement

Systematic reviews are performed according to structured guidelines in order to maintain
their scientific integrity and minimize bias [120]. Such guidelines include, but not limited
to, the ”PRISMA Statement” (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses, see [221])1. The PRISMA Statement consists of a 27-item checklist listing
the pieces of content that the manuscript must contain and a four-phase flow diagram
that outlines the layers/phases of the systematic review [221].

1Since only the PRISMA Statement is followed in the later part of the thesis (Chapter 7), other guidelines
are not mentioned here.
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Analysing the extracted data - meta-analysis

When there are several small studies on a specific question, combining/pooling data may
improve statistical power [300]. Meta-analysis2 is the use of statistical methods to es-
timate an average/common effect from the results of independent studies on a common
subject [120, 244]. This analysis can provide a precise and robust summary estimate after
a systematic and rigorous integration of the available evidence [300]. It is common to
pool the quantitative data obtained from a systematic review by means meta-analysis. It
is worth to note that every meta-analysis study must include a systematic review of the
literature, but not every systematic review provides enough data for pooling by means of
a meta-analysis [120].

Results of the meta-analysis are reported in graphical form using “forest plots”. Such
plots present the findings for each study, as well as the combined results [244].

There exist two main models for combining studies, namely the fixed-effect model and
the random-effects model. The fixed-effect model treats the variability between studies as
merely due to random variation. This describes the when the studies were infinitely large
and would all produce the same result. Whereas, the random-effects model considers a
different underlying reason for each study and takes regards this as an additional source of
variation. This model is formulated by Hedges and Olkin Therefore, in the hypothetical
case that the studies were infinitely large, they would still report different results for the
effect of the intervention. The outcomes of the studies are assumed in this model to
be distributed randomly. The central point of this distribution denotes the focus of the
combined, i.e., pooled effect estimate [244].

Summary measures and forest plots

Results of a given study may be summarised in multiple ways. For continuous outcomes,
which applies to the focus of this thesis, the options are the difference in means or stand-
ardised means between the reported outcome of the interventions [244]. Defining/selecting
the outcome of interest is the starting point of all meta-analyses. This particular outcome
is known as the summary (outcome) measure. It describes the observed effect in each
trial, from which the overall meta-analytical summary can be calculated [64].

There are mainly two types of summary measures, namely the primary and secondary
summary measures. A primary summary measure is selected among the outcome that
would be expected to be analysed from the relevant studies. Conclusions drawn about
the effects of the interventions are based largely on these outcomes. Whereas, secondary
summary measures may include a limited number of additional outcomes the review
intends to address. They may be specific to only some comparisons in the review [138].

2The roots of meta-analysis are attributed to the study by the biometrician Karl Pearson ([242]) con-
ducted in 1904 [49]. Pearson revieweved the effects of a vaccine against typhoid, in which he gathered
data from a total of eleven relevant studies of immunity and mortality among soldiers of the British
Empire. He computed correlation coefficients for each study and synthesized these coefficients within
two subgroups according to immunity and mortaliy. Pearson also noted that these correlations are
highly variable and discussed how this variation could be interpreted [49].
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Longitudinal meta-analysis

Hierarchical data formed by the serial measurement of a quantity on an individual is
known as longitudinal data [9] . This data type is common in clinical and epidemiological
research to and is used to assess the effect of a treatment or exposure over time measured
at pre-determined intervals [150]. It is also possible to perform meta-analyses of longit-
udinal studies using standard approaches. However, when effect estimates are reported
at different times, these approaches are insufficient [150].

B.2 Search strategy

Keywords, which are used in the review process are categorized as describing

C I the nature of the exercise: “isometric”,“static”

C II training: “training”,”exercise”

C III which the body part is being trained: “knee extensor”, “lower limb”, “quadriceps”

C IV the undesired subject group: “medicated”, “ill”, “illness”, “sickness”,
“elder”,“elderly”,“old”,“ostheoartritis”

All permutations of each keyword in categories C I – C III are created and the
keywords are combined with an AND. This yields 12 different cases. How each category
was combined is illustrated in the following:

1. isometric AND training AND knee extensor

2. static AND training AND knee extensor

3. isometric AND exercise AND knee extensor

4. static AND exercise AND knee extensor

5. isometric AND training AND upper limb

6. static AND training AND upper limb

7. isometric AND exercise AND upper limb

8. static AND exercise AND upper limb

9. isometric AND training AND quadriceps

10. static AND training AND quadriceps

11. isometric AND exercise AND quadriceps

12. static AND exercise AND quadriceps
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Keywords in C IV were added to each combination with NOT, since papers with these
keywords are to be excluded. Note that for the search in Science Direct, only 8 Boolean
operators are allowed. Therefore, only “ill”, “elder”, “old”, “osteoarthritis”, “handgrip”
are added among the keywords in C IV.

Below are the search strategies for each database for search case number 1 (see above)
in terms of the database’s own syntax:

PubMed:
isometric[Title/Abstract] AND training[Title/Abstract] AND knee ex-
tensor[Title/Abstract] NOT medicated[Title/Abstract] NOT ill[Title/Abstract] NOT
illness[Title/Abstract] NOT sickness[Title/Abstract] NOT elder[Title/Abstract] NOT
elderly[Title/Abstract] NOT old[Title/Abstract] NOT osteoarthritis[Title/Abstract]
NOT handgrip

Web of Science:
TI=(isometric) AND TI=(training) AND TI=(knee* AND extensor) NOT
TI=(medicated) NOT TI=(ill) NOT TI=(illness) NOT TI=(sickness) NOT TI=(elder)
NOT TI=(elderly) NOT TI=(old) NOT TI=(ostheoartritis) NOT TI=(handgrip)

Science Direct (under the section ”Title, abstract or author-specified keywords” in
the advanced search):
isometric AND training AND knee extensor NOT ill NOT elder NOT old NOT os-
theoastritis NOT handgrip

Chochrane Library:
(isometric):ti,ab,kw AND (training)ti,ab,kw AND (”knee extensor”)ti,ab,kw NOT (med-
icated)ti,ab,kw NOT (ill)ti,ab,kw NOT (illness)ti,ab,kw NOT (sickness)ti,ab,kw NOT
(elder)ti,ab,kw NOT (elderly)ti,ab,kw NOT (old)ti,ab,kw NOT (ostheoartritis)ti,ab,kw
NOT (handgrip)

B.3 Risk of bias assessment

The risk of bias (RoB) of individual studies were assessed using the Risk of Bias Tool,
version 2 (Sterne et al., 2019). The study design is selected as “individually randomized
parallel-group trial”. The outcome of the being assessed is specified as ‘strength’. The re-
viewer team’s aim for this result is selected as “to assess the effect of adhering to training
intervention”. Deviations from intended interventions are selected according to “failures
in implementing the intervention that could have affected the outcome”. The crib sheet
for the tool is used as a guideline when assessing the RoB of each study (see https://

drive.google.com/file/d/1Q4Fk3HCuBRwIDWTGZa5oH11OdR4Gbhdo/view). Answers to
the questions provided in the tool were given according to the following criteria:

• Bias due to the randomization process (RoB 1): The trained side of the limb
(right/left) was assessed by checking if the choice was made based on the dominance
of the limb or b random assignment. If the trained side was assigned according to
limb dominance, the bias type is selected to raise ”some concerns”, since dominant
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limbs are known to have a higher baseline strength. Baseline characteristics of the
subject groups were assessed according to group size, variation in the demographical
information and baseline muscle strength.

• Bias due to deviations from intended interventions (RoB 2): This RoB was assessed
based on whether it was reported that participants were instructed to keep the food
intake and daily activity unaltered. Furthermore, any manipulations to the trained
muscle, such as taking a biopsy from the muscle during the training period, was also
assessed. Studies were further investigated, if verbal encouragement or biofeedback
was provided during maximal force exertion.

• Bias due to missing outcome data (RoB 3): This bias type was assessed whether
the number of subjects that withdrew from the study was statistically significant.

• Bias due to presentation of the measured results (RoB 4): This bias was assessed if
results of the intermediary as well as pre-and post-training tests were reported in a
tabular form or within a figure.

• Bias due to the selection of the reported result (RoB 5): Studies included in the
review were assessed whether they report outcomes of the training effect they in-
vestigate and which were described in the methodology.
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B.4 Additional data

Table B.1: The results of risk of bias assessment for each study. Here, RoB denotes risk of
bias, SC denotes some concerns, LR denotes low risk and HR denotes high risk.

Study RoB 1 RoB 2 RoB 3 RoB 4 RoB 4 RoB 5

[30] SC HR LR LR LR SC

[46] LR SC LR LR LR LR

[81] LR LR LR LR LR LR

[110] LR LR LR LR LR LR

[155] LR LR LR LR LR LR

[180] LR SC LR LR LR LR

[193] LR LR LR LR LR HR

[199] LR SC LR LR LR LR

[222] LR SC LR LR LR LR

[235] LR SC LR LR LR LR

[239] SC SC LR LR LR SC

[263] LR SC LR LR LR LR

[273] LR LR LR LR LR LR

[299] LR SC LR LR LR LR

[306] LR SC LR LR LR LR

[319] LR LR LR LR LR LR

[320] LR LR LR LR LR LR
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Table B.3: Training variables given in the studies. CD: contraction duraction [s], R1: rest
between each contraction [s], R2: rest between each set [min], TD: duration of the whole training
period [weeks], Freq: frequency of training [sessions/week], Rep: repetitions, Int.: training
intensity [%MVC], Angle: angle in degrees that the knee was trained, 0 degrees corresponds to
the fully extended leg.

Study CD R1 R2 TD Freq Sets Rep/set Int Angle

[14] a 6 0 0 8 3 20 1 100 30

[14] b 6 0 0 8 3 20 1 100 60

[14] c 6 0 0 8 3 20 1 100 90

[30] 6 20 2 4 3 5 5 80 90

[46] 4 3 0 8 3 1 30 100 90

[81] 3 17 2 4 3 4 10 100 90

[110] 4 25 - 8 3 3 10 100 90

[118] 5 3 0 6 5 1 30 100 90

[155] 4 2 1 12 3 4 6 100 90

[180] 10 50 0 5 3 10 1 100 60

[182] 20 0 1 12 4 4 1 70 90

[193] 5 10 NI 9 5 2 60 100 90

[199] 6 25 0 4 5 5 1 100 60

[222] 10 10 0 3 5 1 10 100 60

[235] 5 15 2 6 3 3 8 100 75

[239] 2 10 0 19 3 1 10 100 90

[263] 4 NI NI 8 3 5 10 100 90

[273] 4 2 1 12 3 4 6 80 90

[299] a 5 5 1 3 5 3 10 50 90

[299] b 5 5 1 3 5 3 10 100 90

[306] 3 2 2 4 4 4 10 100 85

[319] 6 30 2 6 3 2 10 80 135

[320] 6 30 2 6 3 2 10 80 135

Mean 6 12 1 7 4 6 11 84 78

St.D. 4 13 1 4 1 6 13 29 17
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Table B.4: Breakdown of studies included in the review and if they report data on a control
group or the untrained leg (internal control). Apart from [14], [118] and [182] all studies report
data for a control group, an internal control or both.

Study Control group Internal control

[14] No No

[30] Yes Yes

[46] Yes Yes

[81] Yes No

[110] Yes Yes

[118] No No

[155] No Yes

[180] Yes No

[182] No No

[193] No Yes

[199] Yes Yes

[222] Yes No

[235] Yes No

[239] No Yes

[263] Yes Yes

[273] No Yes

[299] No Yes

[306] No Yes

[319] Yes Yes

[320] Yes Yes
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B.5 Descriptive visualization of collected data

B.5.1 Spaghetti Plots

Figure B.1: Spaghetti plot of the data on change in isometric strength over time in weeks for
all studies included in the systematic review.
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Figure B.2: Spaghetti plot of the data on EMG over time in weeks obtained from [46, 81, 110,
263, 306, 319, 320]. Here R: rectus femoris, LL: left limb, RL: right limb and M: vastus medialis.
Where not specified, data were obtained from vastus lateralis muscle.
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(a) Control group data for change in isometric strength.

(b) Untrained leg data for change in isometric strength.

Figure B.3: Change in isometric strength for the control group and untrained leg data.
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(a) Control group data for change in EMG.

(b) Untrained leg data for change in EMG.

Figure B.4: Change in EMG for the control group and untrained leg data.
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(a) Difference between the change in isometric strength for the trained leg and the control
group.

(b) Difference between the change in isometric strength for the trained leg and the untrained
leg.

Figure B.5: Difference between the change in isometric strength for the control group and
untrained leg data.
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(a) Difference between the change in EMG for the trained leg and the control group.

(b) Difference between the change in EMG for the trained leg and the untrained leg.

Figure B.6: Difference between the change in EMG for the control group and untrained leg
data.
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B.5.2 Forest plots

Figure B.7: Forest plot of the data on change in isometric strength. Here N denotes the number
of subjects, TE and se TE denote the mean and standard deviation of the treatment effect, week
denotes the time point and intensity denotes the training intensity. A training intensity of 1
corresponds to 100% MVC.
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(a) Forest plot for the data on EMG.

(b) Forest plot for the data on volumetric changes.

Figure B.8: Forest plots for the data on EMG and volumetric changes. Here N denotes the
number of subjects, TE and se TE denote the mean and standard deviation of the treatment
effect, week denotes the time point and intensity denotes the training intensity. A training
intensity of 1 corresponds to 100% MVC.
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L.; Sallinen, J.; Mikkola, J.; Valkeinen, H.; Mero, A.; Hulmi, J. J. & Häkkinen, K.:
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[231] Negro, F.; Yavuz, U. Ş. & Farina, D.: Limitations of the spike-triggered averaging
for estimating motor unit twitch force: a theoretical analysis. PloS one 9 (2014).

[232] Nicholl, J. P.; Coleman, P. & Brazier, J. E.: Health and health care costs and
benefits of exercise. Pharmacoeconomics 5 (1994), 109–122.

[233] Nikolaidou, M. E.; Marzilger, R.; Bohm, S.; Mersmann, F. & Arampatzis, A.:
Operating length and velocity of human m. vastus lateralis fascicles during vertical
jumping. Royal Society of Open Science 4 (2017), 170185.

[234] Oladyshkin, S.; Class, H. & Nowak, W.: Bayesian updating via bootstrap filter-
ing combined with data-driven polynomial chaos expansions: methodology and ap-
plication to history matching for carbon dioxide storage in geological formations.
Computational Geosciences 17 (2013), 671–687.

[235] Oliveira, F. B. D.; Oliveira, A. S. C.; Rizatto, G. F. & Denadai, B. S.: Resistance
training for explosive and maximal strength: effects on early and late rate of force
development. Journal of Sports Science & Medicine 12 (2013), 402.

[236] OpenStax: Anatomy and physiology. https://openstax.org/details/books/
anatomy-and-physiology (2013), retrieved on: 02/07/2019.

[237] Oranchuk, D. J.; Storey, A. G.; Nelson, A. R. & Cronin, J. B.: Isometric training and
long-term adaptations: Effects of muscle length, intensity, and intent: A systematic
review. Scandinavian Journal of Medicine & Science in Sports 29 (2019), 484–503,
URL https://onlinelibrary.wiley.com/doi/abs/10.1111/sms.13375.



Bibliography 165

[238] Owen, A.; Wiles, J. & Swaine, I.: Effect of isometric exercise on resting blood
pressure: a meta analysis. Journal of Human Hypertension 24 (2010), 796.

[239] Parker, R. H.: The effects of mild one-legged isometric or dynamic training.
European Journal of Applied Physiology and Occupational Physiology 54 (1985),
262–268.

[240] Patrick, B. & Caterisano, A.: Influence of weight training status on hemodynamic
adjustments to isometric actions. Journal of Sports Medicine and Physical Fitness
42 (2002), 451–457.

[241] Patten, C.; Kamen, G. & Rowland, D. M.: Adaptations in maximal motor unit
discharge rate to strength training in young and older adults. Muscle & Nerve 24
(2001), 542–550, ISSN 1097-4598.

[242] Pearson, K.: Report on certain enteric fever inoculation statistics. The British Med-
ical Journal (1904), 1243–1246.

[243] Pedder, H.; Dias, S.; Bennetts, M.; Boucher, M. & Welton, N. J.: Modelling time-
course relationships with multiple treatments: Model-based network meta-analysis
for continuous summary outcomes. Research synthesis methods 10 (2019), 267–286.

[244] Perera, R. & Heneghan, C.: Interpreting meta-analysis in systematic reviews. BMJ
Evidence-Based Medicine 13 (2008), 67–69.

[245] Petersen, E. & Rostalski, P.: A comprehensive mathematical model of motor unit
pool organization, surface electromyography, and force generation. Frontiers in
Physiology 10 (2019), 176, ISSN 1664-042X, URL https://www.frontiersin.org/
article/10.3389/fphys.2019.00176.

[246] Piasecki, M.; Ireland, A.; Piasecki, J.; Stashuk, D. W.; McPhee, J. S. & Jones,
D. A.: The reliability of methods to estimate the number and size of human motor
units and their use with large limb muscles. European Journal of Applied Physiology
118 (2018), 767–775.

[247] Piasecki, M.; Ireland, A.; Stashuk, D.; Hamilton-Wright, A.; Jones, D. A. &
McPhee, J. S.: Age-related neuromuscular changes affecting human vastus lateralis.
The Journal of Physiology 594 (2016), 4525–4536.

[248] Piotrkiewicz, M. & Türker, K. S.: Onion skin or common drive? Frontiers in
Cellular Neuroscience 11 (2017), 2.

[249] Plummer, M.: Jags: A program for analysis of bayesian graphical models using
gibbs sampling. 2003.

[250] Plummer, M.: rjags: Bayesian graphical models using mcmc (2018), URL https:

//CRAN.R-project.org/package=rjags, r package version 4-8.

[251] Plüss, M.; Schellenberg, F.; Taylor, W. R. & Lorenzetti, S.: Towards subject-specific
strength training design through predictive use of musculoskeletal models. Applied
bionics and biomechanics 2018 (2018).



166 Bibliography

[252] Powers, S. K. & Howley, E. T.: Exercise physiology: Theory and application to
fitness and performance. McGraw-Hill Boston, MA 2007.

[253] R Core Team: R: A language and environment for statistical computing (2018),
URL https://www.R-project.org/.
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