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Abstract

All everyday movements are based on the healthy function of �-motoneurons. Motoneur-
ons are nerve cells, and a particular type of motoneurons found in the spinal cord are
�-motoneurons. What makes �-motoneurons unique is that their axons (nerve �bres
via which signals are transmitted) leave the spinal cord to activate muscles. Motoneurons
have been the subject of intensive research for decades, and today, we know their relevance
in physiological movement control and certain diseases.

The entity of an �-motoneuron and the muscle �bres it innervates is called a motor unit
and forms the smallest controllable unit of movement generation. The activity of a motor
unit is the result of the interplay between the components of the neuromuscular system.
Movements are not carried out strictly according to a pre-prepared plan but are constantly
adapted to the circumstances. To this end, a large number of sensory organs, e. g., muscle
spindles, permanently record the status of the neuromuscular system. A�erent nerves
transfer the sensory information to the �-motoneurons and other parts of the central
nervous system. In response, �-motoneurons adjust their activity, ultimately resulting in
a change of muscle force. This feedback system allows us to perform complex movements
in a changing environment. Re
exes are a central part of this feedback system. A re
ex
describes the process of a signal from sensory organs being transmitted to the central
nervous system and evoking a rapid response. An essential class of re
exes relevant to
movement control are stretch re
exes. Stretch re
exes are elicited by muscle spindles,
which are sensitive to length changes of the muscle tissue and a�ect the activity of the
stretched muscle and other muscles acting on the same joint.

Eliciting the stretch re
ex is a way of in
uencing the activity of �-motoneurons and
simultaneously recording their reaction. Human �-motoneuron activity can be recorded
indirectly from the muscles they activate. Skeletal muscles are controlled by electrical
signals, i. e., action potentials, generated by the �-motoneurons. The action potentials
travel along the muscle �bres, initiating the contraction. The frequencies with which
�-motoneurons discharge action potentials are related to the resulting muscle force. The
propagation of the action potentials along the muscle �bres generates an electric �eld,
which can be recorded using electromyography. As every action potential in the skeletal
muscles is preceded by an action potential of the corresponding �-motoneuron, the recor-
ded signals can be used to conclude the activity of the �-motoneurons.

Although �-motoneuron re
ex responses are often stereotypical, many factors in
uence
their strength, and they considerably contribute to movement control. As the activity of
motoneurons can only be recorded indirectly, these in
uences have yet to be quanti�ed.
As a result, the function of re
exes in movement control and the role of �-motoneurons in
neuromuscular diseases are still insu�ciently understood. Computer simulations can be
used here to supplement and expand the knowledge gained from experimental studies.

In this work, we use an in-silico approach, i. e., computational modelling and simu-
lations, to investigate the physiological mechanisms underlying �-motoneuron activity
during stretch re
exes that can otherwise not be accessed. In particular, we investigate
how motoneuron properties and the experimental conditions in
uence the discharge beha-
viour of �-motoneurons in two stretch re
ex pathways: the excitatory monosynaptic and
the reciprocal inhibition pathway. We simulate motoneurons using an equivalent electric
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circuit model. In the model, the motoneuron’s spatial structure is summarised in two
compartments representing the soma and dendrite. The time course of the motoneuron
membrane potential and the generation of action potentials emerge from the dynamics of
selected ion channels using the Hodgkin-Huxley modelling approach.

Motoneuron re
ex responses can be recorded using electromyography. In particular,
the discharge times of the action potentials (spikes) are recorded. The thereby obtained
spike trains are commonly analysed by peristimulus analysis. In detail, the peristimulus
timehistogram (PSTH) counts discharges relative to the stimulus time, and the peris-
timulus frequencygram (PSF) shows their instantaneous discharge frequencies. From the
cumulative sums of both the PSTH and the PSF, the re
ex amplitude can be obtained as
an estimate of the re
ex strength. The state-of-the-art method to obtain the re
ex amp-
litude is manual evaluation, which is not feasible for many motoneurons simulated under
di�erent conditions. Therefore, we introduce a method for the automated determination
of re
ex amplitudes at the beginning of this thesis. The developed algorithm enables
objective evaluation of large amounts of data, which can be obtained from simulations
and future experimental studies.

Driven by open questions from experimental research, two aspects of the stretch re
ex
are addressed in detail. First, the in
uence of experimental and physiological paramet-
ers on in-vivo estimates of excitation re
ex amplitudes is analysed. The size of re
ex
amplitudes obtained from in-vivo recordings of motor units is commonly used to ad-
dress topics of basic research and clinical questions. Previous studies showed that the
motoneuron properties and the experimental conditions in
uence the re
ex amplitude.
However, these in
uences and their possible interactions have yet to be quanti�ed or
weighted. It is also not known whether the PSTH and PSF are equally a�ected. The in-
silico study performed within this work revealed a non-linear multi-variable in
uence of
motoneuron properties and external conditions (motoneuron discharge frequency, random
membrane potential 
uctuations and stimulus strength) on re
ex amplitudes. Thereby,
the PSTH and PSF are di�erently sensitive to these in
uencing factors. We derive re-
commendations for designing and interpreting experimental studies from the simulation
results.

The second aspect of this thesis addresses an unexplained pattern that repeatedly occurs
during the inhibitory part of the stretch re
ex. Postinhibitory excitation is a transient
overshoot of a motoneuron’s baseline �ring rate following an inhibitory stimulus and can
be observed in vivo in human motor units. However, the biophysical origin of this phe-
nomenon is still unknown, and both re
ex pathways and motoneuron properties have
been proposed. We want to investigate if a speci�c ion channel, i. e., a hyperpolarisation-
activated inward current (h-current) channel, can cause postinhibitory excitation. There-
fore, the motoneuron model is extended to consider h-currents. In addition, spike trains
of human motor units from the tibialis anterior muscle during reciprocal inhibition are
analysed and compared to the simulation results. The simulations revealed that the
activation of h-currents by an inhibitory postsynaptic potential can cause a short-term
increase in a motoneuron’s �ring probability. Based on the results, we speculate that
�-motoneurons can be excited by an inhibitory stimulus under certain conditions. Hall-
marks of h-current activity, as identi�ed from the modelling study, were found in 50 %
of the human motor units that showed postinhibitory excitation. This study proposes
that h-currents can facilitate postinhibitory excitation and act as a modulatory system
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to increase motoneuron excitability after a strong inhibition.
In order to increase the range of research questions that can be addressed using an in-

silico approach, a concept for extending the computer model to include models of sensory
organs, i. e., muscle spindles, is presented. We compare two strategies for coupling the
required models. The �rst approach transforms the continuous spindle frequency into a
discrete spike train, and for every spike, a current is injected into the motoneurons. The
second approach uses a conversion factor to transform the frequency into a current dir-
ectly. We also investigate how data from re
ex experiments can be used to parametrise the
coupling parameters (gains). After determining the gains for both interface approaches,
the PSTH and PSF in response to di�erent mechanical stimuli are compared to exper-
imental data. With appropriate gains, both approaches can predict the short-latency
response of the monosynaptic stretch re
ex. However, the gains determined from one
type of stretch experiment fail to quantitatively predict the re
ex amplitude in response
to other types of stretch. The results emphasise that both the interface approach and the
data used for parametrisation must be selected precisely for the respective application.

In summary, this thesis shows how motoneuron properties and the experimental condi-
tions contribute to the discharge behaviour of �-motoneurons during two example stretch
re
ex pathways. The in-silico approach enhances the understanding of the system be-
haviour, which cannot be obtained in-vivo. The �ndings must now be transferred to ex-
perimental studies to pro�t fully from the interplay between experiment and simulation.
Speci�cally, the gained insights on the PSTH and PSF metrics characteristics should be
used to re-investigate or re-evaluate in-vivo motoneuron re
ex responses using improved
study protocols. Further, in-vitro studies should quantify the actual contribution of h-
currents to postinhibitory excitation. The �ndings on the design of model interfaces can
open up new application areas for stretch re
ex and neuromuscular system models.
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Zusammenfassung

Alle allt�aglichen Bewegungen baiseren auf der gesunden Funktion von �-Motoneuronen.
Motoneuronen geh�oren zu den Nervenzellen. Eine spezielle Art von Motoneuronen sind die
�-Motoneuronen, welche sich im R�uckenmark �nden. Einzigartig an �-Motoneuronen ist,
dass ihre Axone (Nervenfasern, �uber die Signale �ubertragen werden) das R�uckenmark
verlassen, um Muskeln zu aktivieren. Motoneuronen sind seit Jahrzehnten Gegenstand
intensiver Forschung und heute wissen wir um ihre Bedeutung f�ur die physiologische
Bewegungskontrolle und bestimmte Krankheitsbilder.

Die Einheit aus einem �-Motoneuron und den von ihm innervierten Muskelfasern wird
als motorische Einheit bezeichnet und bildet die kleinste kontrollierbare Einheit der Bewe-
gungserzeugung. Die Aktivit�at einer motorischen Einheit ist das Ergebnis des Zusammen-
spiels der Komponenten des neuromuskul�aren Systems. Bewegungen werden nicht streng
nach einem vorgefassten Plan ausgef�uhrt, sondern st�andig an die Gegebenheiten ange-
passt. Zu diesem Zweck registrieren eine Vielzahl von sensorischen Organen, zum Beispiel
Muskelspindeln, permanent den Zustand des neuromuskul�aren Systems. A�erente Ner-
ven leiten die sensorischen Informationen an die �-Motoneuronen und andere Teile des
zentralen Nervensystems weiter. Als Reaktion darauf �andern die �-Motoneuronen ihre
Aktivit�at, was letztendlich zu einer Ver�anderung der Muskelkraft f�uhrt. Dieses R�uck-
kopplungssystem erm�oglicht es uns, komplexe Bewegungen in einer sich ver�andernden
Umgebung auszuf�uhren. Re
exe sind ein zentraler Bestandteil dieses Systems. Ein Re-

ex beschreibt den Vorgang, bei dem ein Signal von sensorischen Organen an das zentrale
Nervensystem weitergeleitet wird und eine schnelle Reaktion hervorruft. Eine wesentliche
Klasse von f�ur die Bewegungskontrolle relevanten Re
exen sind die Dehnungsre
exe, die
in dieser Arbeit betrachtet werden. Dehnungsre
exe werden durch Muskelspindeln aus-
gel�ost, die auf L�angen�anderungen im Muskelgewebe reagieren. �Uber verschiedene Sig-
nalwege beein
ussen sie sowohl den gedehnten Muskel als auch andere Muskeln, die am
selben Gelenk ansetzen.

Das Ausl�osen eines Dehnungsre
exes ist eine M�oglichkeit, die Aktivit�at von �-Moto-
neuronen experimentell zu beein
ussen und gleichzeitig ihre Reaktion aufzuzeichnen. Die
Aktivit�at der �-Motoneuronen kann indirekt als elektrisches Signal in der Muskulatur er-
fasst werden. Die Ansteuerung von Skelettmuskeln erfolgt �uber elektrische Signale, die so-
genannten Aktionspotentiale. Die Aktionspotentiale werden von �-Motoneuronen erzeugt
und breiten sich entlang der Muskelfasern aus, wo sie die Muskelkontraktion ausl�osen.
Dabei h�angt die Entladungsrate, mit der die Motoneuronen die Aktionspotentiale gene-
rieren, mit der erzeugten Muskelkraft zusammen. Wenn sich Aktionspotentiale entlang
der Muskelfasern ausbreiten, treten in der Muskulatur bioelektrische Felder auf, die mit-
tels Elektromyogra�e aufgezeichnet werden k�onnen. Da jedem Aktionspotential in der
Skelettmuskulatur ein Aktionspotential des entsprechenden �-Motoneurons vorausgeht,
k�onnen die aufgezeichneten Signale genutzt werden, um R�uckschl�usse �uber die Aktivit�at
der �-Motoneuronen zu ziehen.

Obwohl Re
exe oft stereotypisch ablaufen, wird ihre St�arke von vielen Faktoren be-
ein
usst und sie tragen erheblich zur Bewegungskontrolle bei. Da die Aktivit�at der Mo-
toneuronen nur indirekt erfasst werden kann, sind diese Ein
�usse bisher kaum quanti�-
ziert. Dadurch sind die Funktionsweise von Re
exen in der Bewegungsansteuerung und
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die Rolle der �-Motoneuronen bei verschiedenen neuromuskul�aren Erkrankungen noch
unzureichend verstanden.

Hier k�onnen Computersimulationen zum Einsatz kommen und das aus experimentel-
len Studien gewonnene Wissen erg�anzen und erweitern. In dieser Arbeit wird ein in-
silico-Ansatz verwendet. Das beutetet, dass wir computergest�utzte Modellierung und
Simulationen nutzen, um die physiologischen Mechanismen zu untersuchen, die der Ak-
tivit�at von �-Motoneuronen w�ahrend Dehnungsre
exen zugrunde liegen und die sonst
nicht zug�anglich sind. Insbesondere wird untersucht, wie die Eigenschaften der Mo-
toneuronen und die Versuchsbedingungen die Entladungseigenschaften w�ahrend der Re-

exantworten beein
ussen. Dabei betrachten wir zwei Signalwege des Dehnungsre
exes:
den erregenden monosynaptischen Dehnungsre
ex und den reziproken Hemmungsre
ex.
Die �-Motoneuronen werden mit Hilfe eines elektrischen Ersatzschaltbildes modelliert.
Die r�aumliche Struktur des Motoneurons wird dabei in zwei Kompartimenten zusam-
mengefasst, die das Soma und den Dendriten repr�asentieren. Der zeitliche Verlauf des
Motoneuronen-Membranpotentials und die Generierung von Aktionspotentialen ergibt
sich aus der Dynamik ausgew�ahlter Ionenkan�ale unter Verwendung des Hodgkin-Huxley-
Modellierungsansatzes.

Re
exantworten von �-Motoneuronen k�onnen mittels Elektromyographie aufgezeich-
net werden. Dabei werden insbesondere die Zeitpunkte der Aktionspotentiale (Entladun-
gen) erfasst. Die so gewonnenen Daten zu den Entladungsraten werden in der Regel mit
Hilfe der Peristimulus-Analyse ausgewertet. Dabei z�ahlt das Peristimulus-Zeithistogramm
(peristimulus timehistogram, PSTH) die Anzahl der Aktionspotentiale relativ zur Stim-
uluszeit, und das Peristimulus-Frequenzgramm (peristimulus frequencygram, PSF) zeigt,
mit welcher Frequenz die Aktionspotentiale jeweils auftreten. Aus den jeweiligen kumula-
tiven Summen �uber das PSTH und das PSF l�asst sich die Re
examplitude als Sch�atzwert
f�ur die Re
exst�arke ermitteln. �Ublicherweise wird die Re
examplitude manuell bestimmt.
Dies ist jedoch f�ur viele Motoneuronen, die unter verschiedenen Bedingungen simuliert
werden nicht praktikabel. Daher stellen wir zu Beginn dieser Arbeit eine Methode zur
automatisierten Bestimmung der Re
examplituden vor. Der entwickelte Algorithmus
erm�oglicht eine objektive Auswertung gro�er Datenmengen, wie sie aus Simulationen und
zuk�unftigen experimentellen Studien gewonnen werden k�onnen.

Angeregt durch o�ene Fragen der experimentellen Forschung werden zwei Aspekte des
Dehnungsre
exes im Detail behandelt. Zun�achst wird der Ein
uss experimenteller und
physiologischer Parameter auf in-vivo-Sch�atzungen der Re
examplituden eines erregenden
Re
exes analysiert. Die Gr�o�e von Re
examplituden wird h�au�g in der Grundlagen-
forschung verwendet, aber auch um klinische Fragen zu adressieren. Bisherige Studien
haben gezeigt, dass die Eigenschaften der Motoneuronen und die Versuchsbedingungen
die Re
examplitude beein
ussen. Diese Ein
�usse und ihre m�oglichen Wechselwirkungen
sind jedoch noch nie quanti�ziert oder gewichtet worden. Es ist auch nicht bekannt,
ob das PSTH und das PSF gleicherma�en beein
usst werden. Die im Rahmen dieser
Arbeit durchgef�uhrte in-silico-Studie zeigt einen nicht-linearen, multivariablen Ein
uss
der Motoneuronen-Eigenschaften und der aufgebrachten Bedingungen (Entladungsfre-
quenz, zuf�allige Membranpotentialschwankungen und Reizst�arke) auf die Re
examplitu-
den. Dabei sind das PSTH und das PSF unterschiedlich emp�ndlich f�ur diese Ein-

ussfaktoren. Aus den Simulationsergebnissen werden Empfehlungen f�ur die Gestaltung
und Interpretation experimenteller Studien abgeleitet.
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Der zweite Aspekt, der in dieser Arbeit untersucht wird, betri�t ein bisher unerkl�artes
Muster, das wiederholt w�ahrend des hemmenden Teils des Dehnungsre
exes auftritt. Die
postinhibitorische Erregung ist eine vor�ubergehende �uberh�ohte Aktivit�at eines Motoneu-
rons nach einem inhibitorischen Reiz und kann in menschlichen motorischen Einheiten in
vivo beobachtet werden. Der biophysikalische Ursprung dieses Ph�anomens ist jedoch
noch unbekannt. Zur Erkl�arung wurden sowohl Re
exwege als auch Motoneuronen-
Eigenschaften vorgeschlagen. Wir untersuchen, ob ein spezi�scher, von hyperpolarisierten
Membranpotentialen aktivierter Ionenkanal, der sogenannte h-Kanal, eine postinhibito-
rische Erregung verursachen kann. Daher wird das Motoneuronen-Modell erweitert, um
h-Kan�ale zu ber�ucksichtigen. Dar�uber hinaus werden Daten zu Entladungsraten mensch-
licher motorischer Einheiten des Tibialis Anterior Muskels w�ahrend der reziproken Hem-
mung analysiert und mit den Simulationsergebnissen verglichen. Die Simulationen er-
gaben, dass die Aktivierung von h-Kan�alen durch ein hemmendes postsynaptisches Poten-
tial eine kurzfristige Erh�ohung der Entladungswahrscheinlichkeit eines Motoneurons be-
wirken kann. Auf Grundlage der Ergebnisse spekulieren wir, dass �-Motoneuronen unter
bestimmten Bedingungen durch einen hemmenden Reiz erregt werden k�onnen. In 50 % der
experimentell untersuchten motorischen Einheiten, die eine postinhibitorische Erregung
aufwiesen, wurden die in der Modellierungsstudie identi�zierten Merkmale der h-Kanal-
Aktivit�at gefunden. Die Ergebnisse legen nahe, dass h-Kan�ale die postinhibitorische Er-
regung f�ordern und nach einer starken Hemmung als modulierendes System zur Erh�ohung
der Erregbarkeit von Motoneuronen wirken k�onnen.

Um die Bandbreite der Forschungsfragen zu erweitern, die mit einem in-silico-Ansatz
behandelt werden k�onnen, wird ein Konzept zur Erweiterung des Computermodells um
Modelle von sensorischen Organen vorgestellt. Wir vergleichen zwei Strategien zur Kopp-
lung eines Motoneuronen- mit einem Muskelspindel-Modell. Dabei wird au�erdem unter-
sucht, wie Daten aus Re
exexperimenten zur Parametrisierung der Kopplungsparameter
verwendet werden k�onnen. Der erste Ansatz wandelt die kontinuierliche Spindelfrequenz
in eine Abfolge von diskreten Entladungszeitpunkten um, und f�ur jede Entladung wird
eine festgelegte Menge elektrischen Stroms in die Motoneuronen injiziert. Der zweite
Ansatz verwendet einen Umrechnungsfaktor, um die Frequenz direkt in einen Strom
umzuwandeln. Zun�achst werden die relevanten Parameter f�ur beide Schnittstellenans�atze
bestimmt. Anschlie�end werden das PSTH und das PSF f�ur verschiedene mechanische
Reize mit experimentellen Daten verglichen. Mit geeigneten Kopplungsparametern kann
das Modell unter Nutzung beider Ans�atze die typische Re
exantwort des monosynapti-
schen Dehnungsre
exes vorhersagen. Die unter Verwendung von einer Art des Dehnungs-
reizes ermittelten Kopplungsparameter sind jedoch nicht in der Lage, die Re
examplitude
als Reaktion auf andere Arten von Dehnungen quantitativ vorherzusagen. Die Ergebnisse
unterstreichen, dass sowohl der Schnittstellenansatz als auch die zur Parametrisierung
verwendeten Daten spezi�sch f�ur die jeweilige Anwendung gew�ahlt werden m�ussen.

Zusammenfassend zeigt diese Arbeit, wie Motoneuronen-Eigenschaften und die experi-
mentellen Bedingungen das Entladungsverhalten von �-Motoneuronen w�ahrend des Deh-
nungsre
exes beein
ussen. Der in-silico-Ansatz verbessert das Verst�andnis des System-
verhaltens �uber die Erkenntnisse hinaus, die mit einem in-vivo-Ansatz gewonnen werden
k�onnen. Die neu gewonnenen Erkenntnisse m�ussen nun auf experimentelle Studien �uber-
tragen werden, um das Zusammenspiel von Experiment und Simulation optimal zu nutzen.
Insbesondere sollten die Schlussfolgerungen �uber die charakteristischen Eigenschaften der
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PSTH- und PSF-Metriken genutzt werden, um Re
exreaktionen in vivo mit verbesserten
Studienprotokollen erneut zu untersuchen beziehungsweise neu zu evaluieren. Dar�uber
hinaus sollten in-vitro-Studien den tats�achlichen Beitrag der h-Kan�ale zur postinhibitori-
schen Erregung quanti�zieren. Die Nutzung der Erkenntnisse zur Gestaltung von Modell-
schnittstellen kann neue Anwendungsbereiche f�ur Modelle des Dehnungsre
exes und des
neuromuskul�aren Systems erschlie�en.
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Nomenclature

Subscripts and superscripts

Symbol Description

1 steady-state

C coupling

cap capacitive

d dendrite compartment

ex extracellular

H h-channel/HCN-channel

i index

in intracellular

inj injected

ion ionic

Kf fast potassium ion channel

Ks slow potassium ion channel

L leakage ion channel

m membrane

Na sodium ion channel

s soma compartment

Symbols

This table is arranged with Greek characters �rst, followed by Latin and calligraphic
letters. Small letters precede capital letters.

Symbol Unit Description

� ms�1 ion channel gate forward rate

� ms�1 ion channel gate backward rate

� cm length constant

� ms time constant

� mV potential

a cm radius

b - a parameter

cm µF cm�1 transverse membrane capacitance

C µF capacitance

Cm µF cm�2 speci�c membrane capacitance per unit area
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d cm diameter

E mV equilibrium potential

fspindle Hz muscle spindle frequency

F C mol�1 Faraday’s constant

g mS conductance

g mS maximum conductance

G mS cm�2 speci�c conductance per unit area

G mS cm�2 maximum speci�c conductance per unit area

h - sodium channel inactivation gate

I µA electric current

J µA cm�2 electric current density

k - reference value for the cumulative sum

l cm length

L - electrotonic length

m - sodium channel activation gate

n - potassium channel activation gate

N counts number

NMN counts number of motoneurons

p - p-value (statistics)

P m s�1 permeability

PSC µA postsynaptic current

q - potassium channel activation gate

ri k
 cm�1 longitudinal resistance of the cytoplasm

Ri k
 cm cytoplasm resistivity

rm k
 cm transverse membrane resistance

Rm k
 cm2 speci�c membrane resistance

RN k
 cm2 input resistance

s - h-channel activation gate

S - cumulative sum

S - cumulative sum vector

t ms time

T K absolute temperature

Vhalf mV ion channel half-maximum activation potential

Vm mV membrane potential

Vovershoot mV overshoot potential

Vrest mV resting potential

Vslope mV ion channel slope factor potential

Vstep mV step potential

w - a general ion channel gate variable
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x cm distance/position

X - an arbitrary ion

y - an arbitrary variable

�y - an arbitrary mean value

z counts number of electrons

R J mol�1 K�1 universal gas constant

Acronyms

Symbol Description

AP Action potential

AHP Afterhyperpolarisation

AMI Agonist-antagonist myoneural interface

Ca2+ Calcium ion

Cl� Chloride ion

CoV Coe�cient of variation

CUSUM Cumulative sum

e. g. exempli gratia (for example)

EMG Electromyogram

EPSP Excitatory postsynaptic potential

FF-type Fast fatigable motor unit type

FR-type Fast fatigue resistant motor unit type

HCN Hyperpolarization-activated cyclic nucleotide-gated non-
selective cation

HDsEMG High-density surface electromyogram

Ia primary muscle spindle a�erent

Ib Golgi-tendon organ a�erent

i. e. id est (that is)

II secondary muscle spindle a�erent

IISP Interspike interval superposition plot

IPSP Inhibitory postsynaptic potential

ISI Interspike interval

K+ Potassium ion

LIF Leaky integrate-and-�re

MN Motoneuron

MVC Maximum voluntary contraction

Na+ Sodium ion

ODE Ordinary di�erential equation



xvi Nomenclature

PIC Persistent inward current

PSC Postsynaptic current

PSF Peristimulus frequencygram

PSP Postsynaptic potential

PSTH Peristimulus timehistrogram

S-type Slow motor unit type
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1 Introduction

\The terminal path may, to distinguish it from internuncial common paths,
be called the �nal common path. The motor nerve to a muscle is a collection of such

�nal common paths."

Sir Charles Scott Sherrington1 (1906)

1.1 Motivation

Running, jumping, dancing, eating a piece of cake { none of it would be possible without
motoneurons. Motoneurons are nerve cells responsible for movement generation, and �-
motoneurons in particular are a type of motoneuron located in the spinal cord (Burke
et al., 1977). What makes �-motoneurons unique is that their axons (nerve �bres via
which signals are transmitted) leave the spinal cord to activate muscles, making them
the \�nal common path" of movement generation. Motoneurons have been the subject
of intensive research for decades, and we know their relevance today. The pathological
loss of �-motoneurons leads to paralysis, severely impairs quality of life and can even
be fatal (O’Donovan and Falgairolle, 2022). However, the physiological function of the
�-motoneurons enables us to execute the various movements required for an active life.

The entity of an �-motoneuron and the muscle �bres it innervates is called a motor unit
and forms the smallest controllable unit of movement generation (Liddell and Sherrington,
1925). The activity of a motor unit is the result of the complex interplay between the
components of the neuromuscular system. Movements are not carried out strictly accord-
ing to a pre-prepared plan but are constantly adapted to the circumstances (Kandel et al.,
2013). To this end, sensory organs, e. g., muscle spindles and Golgi-tendon organs, per-
manently monitor the current state of the neuromuscular system. A�erent nerves transfer
the sensory information to the central nervous system. The signals are transmitted to the
�-motoneurons in the spinal cord directly or through several other neurons. In response,
the �-motoneurons adjust their activity, ultimately resulting in a change of muscle force
(Kandel et al., 2013). This feedback system allows us to perform complex movements
in a dynamic environment. Re
exes are a central part of this feedback system. A re
ex
describes the process of a signal from sensory organs being transmitted to the central
nervous system and evoking a rapid response (Pierrot-Deseilligny and Burke, 2005).

Di�erent re
ex pathways involve �-motoneurons, but the most known might be the
knee-jerk re
ex. A tap on the patella tendon yields a rapid extension of the knee joint.
The muscle contraction that produces the knee extension is a re
ex response to the stretch
applied to the muscle by the tendon tap. This and other rapid reactions to stretching a
muscle are known as stretch re
exes. The sensory organs associated with stretch re
exes
are the muscle spindles, which are, in every muscle, located in parallel to the muscle �bres
(Mace�eld and Knellwolf, 2018).

Re
ex responses of human �-motoneurons can be recorded indirectly as an electrical

1Sir Charles Scott Sherrington (*27 November 1857, †4 March 1952) was rewarded the Nobel Prize in
Physiology or Medicine 1932 for his discoveries regarding the functions of neurons.
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signal in the muscle. Motoneurons and muscle �bres communicate via electrical signals,
the so-called action potentials. Action potentials emerge from the activity of ion channels
in the motoneuron’s cell membrane. An action potential produced by an �-motoneuron is
transferred via the axon to the muscle �bres of the respective motor unit. Then, the action
potential propagates along the muscle �bre, initiating the contraction. The frequencies
with which �-motoneurons discharge action potentials are related to the resulting muscle
force (De Luca and Hostage, 2010). The propagation of the action potentials along the
muscle �bres generates an electric �eld, which can be recorded using electromyography
(EMG). Since every action potential of a muscle �bre is preceded by an action potential
in the corresponding �-motoneuron, the recorded signals can be used to draw conclusions
about the activity of the �-motoneurons.

Eliciting the stretch re
ex is one way of in
uencing the activity of �-motoneurons and
simultaneously recording their reactions. The advantage of EMG recordings is that
they can be performed in vivo, i. e., in the living organism. Thereby, the activity of �-
motoneurons can be observed in their physiological environment and under physiological
conditions. However, the method is indirect and only records the �nal result of the re
ex
mechanism. Insights on the processes within the �-motoneuron can be obtained using
the in-vitro approach. Here, the activity of single �-motoneurons is recorded, e. g., with
microelectrodes outside the organism. This way, input-output relationships can be de-
termined, albeit under conditions that do not necessarily correspond to the physiological
situation.

Although re
ex responses are often stereotypical, their strength can be modulated by
many factors such that they create complex patterns and coordinate movements (Kandel
et al., 2013). Due to the limitations of current experimental techniques, these in
uences
have hardly been quanti�ed to date. As a result, the functioning of re
exes in movement
control and the pathophysiology of associated neuromuscular diseases are still poorly un-
derstood. Over the past decades, computer models have been developed to overcome the
limitations of experimental methods. In-silico studies describe experiments performed on
a computer based on computational modelling and simulation. The in-silico approach
o�ers several advantages over in-vivo and in-vitro studies. The internal system proper-
ties are known, and the input parameters can be controlled completely. Further, there
are no limitations concerning the signal quality, recording times or available recording
technologies. Therefore, in-silico studies can provide otherwise unfeasible insights.

In this work, we use computational modelling and simulations to investigate physiolo-
gical mechanisms underlying �-motoneuron activity during stretch re
exes that can oth-
erwise not be accessed. Thereby, we build on the large basis of modelling approaches
that were developed in the last decades. At the same time, we rely on in-vivo data with
which we compare the model predictions to draw conclusions about physiological pro-
cesses. As a result, this work contributes to a better understanding of in-vivo recordings
of �-motoneuron activity during stretch re
exes, which can lead to a better understanding
of movement generation in general and, eventually, of pathological disorders concerning
the neuromuscular system.
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1.2 State of the art

Computational modelling of physiological systems can be divided into two primary cat-
egories: phenomenological and biophysical approaches. Phenomenological models focus
on describing input-output relationships to �t experimental data without delving into
the underlying mechanisms, essentially adopting a \black-box" methodology. In con-
trast, biophysical models use available knowledge to describe the mechanisms underlying
a physiological process. Phenomenological models are valuable for simplifying complex
processes and may be necessary when computational resources are limited. However,
mechanistic models are crucial for comprehending behaviours in complex systems.

Modelling the behaviour of motoneurons during stretch re
exes requires at least two
model components. These are a motoneuron model and a model representing the sensory
input. Muscle spindle models can provide an estimate of the sensory input to motoneurons
during stretch re
exes. This section describes state-of-the-art (�-)motoneuron models,
muscle spindle models, and stretch re
ex models and their applications. This section is
partly based on Haggie, Schmid et al. (2023).

1.2.1 Computational motoneuron modelling

Computational models representing motoneuron behaviour exist on many levels of ab-
straction. Two fundamentally di�erent approaches can be distinguished. The �rst ap-
proach is based on a phenomenological description of the input-output behaviour of the
motoneurons. Thereby, a quantity representing the input is projected via a mathem-
atical function onto a quantity representing the resulting activity of the motoneurons.
For example, a sigmoid transfer function or a weighted sum can be used to describe the
input-output behaviour of a population of motoneurons (e. g., Li et al., 2015; Raphael
et al., 2010). Due to its fast computation, this approach is especially suited to model
large networks of neurons. Input-output functions can also be employed to predict the
discharge frequencies of individual motoneurons (e. g., Fuglevand et al., 1993; Heckman
and Binder, 1991). For example, these models have been used to investigate muscle fa-
tigue (Potvin and Fuglevand, 2017) or the adaptation of the neuromuscular system in
response to exercise (Altan, 2022).

The second modelling approach aims to predict individual motoneuron spiking (dischar-
ging) based on the motoneuron membrane’s characteristic behaviour. Two main classes
of spiking models can be distinguished: threshold-crossing and compartmental models.
Threshold-crossing models describe the sub-threshold time course of the membrane po-
tential and how, by integration of inputs, the membrane potential approaches the spike
threshold. These models refrain from explicitly describing the time course of the ac-
tion potential. Instead, when the threshold is reached, the �ring time is registered, the
membrane potential is reset, and the integration process starts again.

Di�erent possibilities exist to describe the sub-threshold membrane potential trajectory,
the most commonly used being probably the so-called leaky integrate-and-�re model. It
was �rst introduced by Lapicque (1907). The behaviour of the motoneuron membrane is
described by a capacitor in parallel with a resistor. Consequently, the membrane potential
decays without inputs to the resting state (leaky behaviour). Researchers extended the
model to consider e. g., more physiological membrane potential time courses, refractory
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times or history-dependent e�ects (e. g., Burkitt, 2006; Herrmann and Gerstner, 2002).
Threshold-crossing models do not consider the activity of individual ion channels and

neglect the spatial dimensions of the motoneuron. Compartmental models were developed
to overcome these limitations. Two features characterise them: they consider the mo-
toneuron’s anatomical structure and spatial dimension and assign speci�c properties and
ion channels to the respective parts of the neuron. Thereby, the signal propagation within
the motoneuron is commonly modelled using the cable equation and the equivalent cylin-
der theory (see Section 3.3 and Rall, 1962a,b). Active �ring behaviour can be incorporated
by modelling voltage-gated ion channels based on the framework developed by Hodgkin
and Huxley (see Section 3.2 and Hodgkin and Huxley, 1952d). The resulting models in-
tegrate input signals based on the respective compartment’s membrane properties, and
action potentials arise from the function of voltage-gated conductances. Compartmental
motoneuron models di�er in the number of compartments and conductances (e. g., Booth
et al., 1997; Cisi and Kohn, 2008; Elias and Kohn, 2013; Negro and Farina, 2011; Powers
et al., 2012; Taylor and Enoka, 2004). Many compartmental models inherently account
for physiological motoneuron principles like the size principle and the onion skin prin-
ciple (see Section 2.3.3). They provided insights into the contribution of di�erent ion
channels to complex motoneuron discharge patterns (e. g., Booth et al., 1997; Powers
et al., 2012; Taylor and Enoka, 2004), or into control strategies of the central nervous
system (e. g., Negro and Farina, 2011). They were also successfully incorporated into
neuromuscular system models (e. g., Dideriksen et al., 2015; Elias et al., 2014; Kapardi
et al., 2022).

1.2.2 Computational muscle spindle modelling

Muscle spindles are sensitive to muscle stretch and stretch velocity (Mace�eld and Knell-
wolf, 2018). Various phenomenological models have been developed to describe the rela-
tionship between muscle stretch and changes in muscle spindle activity (Prochazka and
Gorassini, 1998b and references therein). While these models successfully reproduce ex-
perimental muscle spindle �ring frequencies across di�erent stretch velocities, they do not
consider the modulation of spindle sensitivity by the fusimotor system (see Section 2.4.1).

Maltenfort and Burke (2003) proposed a phenomenological model that calculates muscle
spindle �ring frequencies in response to muscle stretch and fusimotor activation. There-
fore, separate discharge frequencies are computed for passive stretch and the two types of
fusimotor input (static and dynamic). These contributions are combined, with the higher
rate partially inhibiting the lower rate before being added to the passive contribution. An
updated version of the model was published during the research for this work (Schmid
et al., 2022).

Mileusnic et al. (2006) and Lin and Crago (2002b) both developed semi-physiological
models by explicitly representing the anatomical structure of the spindle, including the
three intrafusal �bre types and their e�ects on the primary and secondary a�erent activity,
as well as their sensitivity to fusimotor input. In the physiological spindle, the contri-
butions of each intrafusal �bre to the overall �ring frequency are non-linearly combined,
resulting in the suppression of lower frequencies by higher ones, a phenomenon known as
occlusion (Banks, 1994; Sch�afer, 1974). Mileusnic et al.’s model appropriately accounts
for this, whereas Lin and Crago’s model completely suppresses the lower frequency in
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favour of the higher one.
Blum et al. (2020) introduced a sophisticated muscle spindle model based on the

physiological contraction mechanism of intrafusal �bres and their interaction with the
muscle-tendon complex. This model can predict many experimentally observed patterns
of muscle spindle activity without explicitly modelling them. It was recently supplemen-
ted by a spike generation model, which is currently still under development (Housley
et al., 2024).

1.2.3 Computational modelling of the stretch re
ex

Existing computational models of the stretch re
ex di�er in their components and the
pathways they consider (see Section 2.4). Some approaches focus on a single pathway of
the stretch re
ex, e. g., the monosynaptic stretch re
ex (e. g., Chaud et al., 2012; Schuur-
mans et al., 2009). Others consider the interaction of an agonist and an antagonist muscle
and include the monosynaptic as well as reciprocal inhibition pathway (e. g., Dideriksen
et al., 2015; Sreenivasa et al., 2015). Sensory signals from secondary muscle spindle af-
ferents or Golgi-tendon organs can also be included (e. g., Raphael et al., 2010; Stienen
et al., 2007).

As shown in Sections 1.2.1 and 1.2.2, numerous approaches exist to model the behaviour
of the two central components of the stretch re
ex, i. e., motoneurons and muscle spindles.
Commonly, motoneurons are described using a Hodgkin-Huxley type model and muscle
spindles using the model of Mileusnic et al. (2006) (e. g., Chaud et al., 2012; Dideriksen
et al., 2015; Elias et al., 2014). Both modelling approaches require solving a set of ordinary
di�erential equations. When computational resources are limited, motoneurons can al-
ternatively be described using leaky integrate-and-�re models, and muscle spindle activity
can be represented by the model of Prochazka and Gorassini (1998b) (e. g., Moraud et al.,
2016; Schuurmans et al., 2009; Sreenivasa et al., 2015; Stienen et al., 2007). Especially
when several re
ex pathways are considered, the motoneuron models are often replaced
by phenomenological descriptions summarising the activity of the entire motoneuron pool
(e. g., Li et al., 2015; Pithapuram and Raghavan, 2022; Raphael et al., 2010). Employ-
ing a muscle spindle model to obtain the a�erent signals is not always necessary. When
assuming values for the a�erent input derived from experimental studies, only modelling
the motoneurons is su�cient (e. g., Herrmann and Gerstner, 2002; Jones and Bawa, 1997;
Matthews, 1999, 2002; Piotrkiewicz et al., 2009; York et al., 2022).

The purpose of computational stretch re
ex models ranges from delivering explanations
for speci�c experimental observations, e. g., motoneuron behaviour in response to muscle
stretch (e. g., Chaud et al., 2012; Schuurmans et al., 2009), to investigating the e�ect of
speci�c interventions, e. g., electrical epidural stimulation after spinal cord injury (Moraud
et al., 2016). Further, computational stretch re
ex models are often used to investigate
control strategies of the nervous system to perform a particular motor task, e. g., (postural)
stability (e. g., Dideriksen et al., 2015; Elias et al., 2014; Stienen et al., 2007).

Existing studies usually used a minimal amount of output variables. Often, they con-
sidered summarised output variables, e. g., the activity of the entire motoneuron pool
or an estimate of the resulting muscle force, calculated from a Hill-type muscle model
(e. g., Chaud et al., 2012; Dideriksen et al., 2015; Elias et al., 2014). Others investigated
the activity of a single motoneuron in response to an a�erent signal (e. g., Herrmann
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and Gerstner, 2002; Jones and Bawa, 1997; Matthews, 1999, 2002; Piotrkiewicz et al.,
2009). None of these studies analysed the contribution of individual motoneurons to the
motoneuron pools’ stretch re
ex response. However, experimental recordings from single
motoneurons are widely available, and the �eld can bene�t from insights from computa-
tional models.

Considering the parametrisation of stretch re
ex models, there is no standard proced-
ure. While motoneuron and muscle spindle models can be validated using appropriate
experimental data, this data is not readily available for stretch re
ex models. In partic-
ular, how much a�erent feedback contributes to the total input to motoneurons has yet
to be discovered. In the literature, this contribution is, for example, arbitrarily de�ned,
physiologically informed by in-vitro studies or �tted to obtain a desired mechanical out-
put (e. g., Dideriksen et al., 2015; Elias and Kohn, 2013; Lin and Crago, 2002a; Raphael
et al., 2010; Zhang et al., 2009). Nevertheless, the variety of models for motoneurons,
muscle spindles and re
ex pathways in the literature provides a pool from which to draw.
Thus, this thesis mainly builds on existing models and adapts them if necessary.

1.3 Objectives and Outline

This thesis aims to provide novel insights into human �-motoneuron behaviour during
stretch re
exes. The behaviour of the �-motoneurons is assessed regarding their dis-
charge properties or spike trains, as these can be recorded in vivo. However, the internal
parameters and conditions leading to a particular discharge pattern cannot be accessed
in vivo. Therefore, we want to use computational models to address open questions from
experimental research. This work focuses on three key aspects:

• The re
ex amplitude of motor units is often used to derive statements about signals
delivered to �-motoneurons. However, experimental studies relating the monosyn-
aptic stretch re
ex amplitude and the motoneuron size have shown contradictory
results (e. g., Awiszus and Feistner, 1993; Binbo�ga and T�urker, 2012; Heckman and
Binder, 1988; Mazzocchio et al., 1995; Semmler and T�urker, 1994). These studies
emphasise that the contributions of in
uencing factors to the re
ex amplitude are
not su�ciently understood. Using a motoneuron model, we want to investigate how
di�erent experimental conditions and the motoneuron size in
uence in-vivo estim-
ates of excitatory re
ex amplitudes. From this, we derive suggestions for the design
of experimental studies.

• Postinhibitory excitation is a phenomenon repeatedly observed when exciting the
reciprocal inhibition pathway of the stretch re
ex in vivo. Postinhibitory excitation
is characterised by a transient overshoot of the motor unit activity following the
inhibition. The biophysical origin of this phenomenon is still unknown, and both
re
ex pathways and intrinsic motoneuron properties have been proposed. Using a
motoneuron model, we aim to investigate whether hyperpolarisation-activated ion
channels can cause postinhibitory excitation.

• A biophysical model of stretch re
ex pathways can be applied in many basic physiology
and clinical research areas. In order to increase the range of research questions that
can be addressed, a concept for extending the utilised motoneuron model to include
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models of sensory organs, i. e., muscle spindles, is presented. This concept should
serve as a basis for future modelling studies.

To achieve these goals, we use current models from the literature where applicable. An
appropriate model selection and model parametrisation and a well-founded interpreta-
tion of the results are only possible with a sound background knowledge of the relevant
physiology. Therefore, this introductory chapter is followed by a chapter presenting the
basic physiology of neuromechanics (Chapter 2). Thereby, the focus lies on the bioelec-
tric behaviour of cells, the speci�c properties of �-motoneurons and the stretch re
ex
pathways relevant to this work.

Chapter 3 describes the motoneuron model used in this work and its theoretical found-
ation. The choice of a suitable model depends on several factors. First, the model must
consider the structures of interest, e. g., a speci�c ion channel. Second, the model output
variables must be relatable to experimentally observable variables. Third, the required
computational resources should be limited to a bearable amount. The experimentally
observed quantity considered in this work is the collection of individual motor unit spike
trains obtained from re
ex experiments. Accordingly, we use a spiking motoneuron model.
Further, the contribution of speci�c ion channels to how motoneurons integrate input
signals is relevant to the aspects addressed by this thesis. Consequently, we use a com-
partmental model with ion channels. To reduce the computational cost and to keep the
number of ion channels to a minimum, a two-compartment model with six conductances,
from which three are voltage-gated, is employed (Cisi and Kohn, 2008; Negro and Farina,
2011).

Re
ex responses are commonly quanti�ed by peristimulus analysis (e. g., Yavuz et al.,
2014). Thereby, two di�erent metrics are available, the peristimulus timehistogram
(PSTH) and the peristimulus frequencygram (PSF). Those are presented in Chapter 4
together with the basics of the experimental procedures. The gold standard for determ-
ining re
ex amplitudes from peristimulus analysis is manual evaluation. However, that
would be unfeasible for this work’s extensive number of motoneurons and experiments.
Consequently, an algorithm for automatically determining re
ex amplitudes is presented.

Chapter 5 addresses the size of excitatory re
ex amplitudes. While di�erent factors
in
uencing the re
ex amplitude have been qualitatively determined, their quantitative
in
uence is unknown. Further, potential di�erences between PSTH and PSF are not
known. Using a model of an �-motoneuron pool, we investigate the in
uence of the
experimental conditions and the motoneuron size on in-vivo estimates of the monosynaptic
stretch re
ex amplitude determined from the PSTH and PSF.

Chapter 6 aims to decipher the motoneuron behaviour during the reciprocal inhibition
re
ex. In particular, we investigate why motor units occasionally show postinhibitory
excitation, a phenomenon of unclear origin. A computational motoneuron model is used to
clarify if an internal motoneuron property, i. e., hyperpolarisation-activated ion channels,
can cause this behaviour.

The above investigations can be performed solely using motoneuron models. However,
many research questions require employing a more complete model of the neuromuscular
system. Thus, in Chapter 7, a motoneuron pool model is coupled with a muscle spindle
model to build a model of the stretch re
ex. Two coupling approaches are presented and
parametrised. The predictive power of the two approaches concerning di�erent types of
applied stretches is tested by comparison to experimental data.
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This work closes with a summary of the main �ndings and an outlook addressing
implications and future directions for computational modelling, experimental studies and
clinical applications (Chapter 8). The di�erent sets of parameters used for the motoneuron
models are summarised in Appendix A.

1.3.1 List of publications

The research leading to the results presented in this thesis has previously been published
in the following articles.

Schmid, L., Klotz, T., Siebert, T., and R�ohrle, O. (2019a). Characterisation of elec-
tromechanical delay based on a biophysical multi-scale skeletal muscle model. Frontiers
in Physiology, 10:1270.

Schmid, L., Klotz, T., Siebert, T., and R�ohrle, O. (2019b). Simulating electromechan-
ical delay across the scales { relating the behavior of single sarcomers on a sub-cellular
scale and the muscle-tendon system on the organ scale. PAMM, 19(1):e201900312.

Schmid, L., Klotz, T., and Yavuz, U. S�. (2022). Spindle model responsive to mixed
fusimotor inputs: an updated version of the maltenfort and burke (2003) model. Physiome.

Haggie, L.�, Schmid, L.�, R�ohrle, O., Besier, T., McMorland, A., and Saini, H. (2023).
Linking cortex and contraction { integrating models along the corticomuscular pathway.
Frontiers in Physiology, 14.

Schmid, L., Klotz, T., R�ohrle, O., Powers, R. K., Negro, F., and Yavuz, U. S�. (2024).
Postinhibitory excitation in motoneurons can be facilitated by hyperpolarisation-activated
inward currents: A simulation study. PLOS Computational Biology, 20(1):1{22.

Homs-Pons, C., Lautenschlager, R., Schmid, L., Ernst, J., G�oddeke, D., R�ohrle, O.,
Schulte, M. Coupled simulations and parameter inversion for neural system and electro-
physiological muscle models. GAMM-Mitteilungen, e202370009.
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2 Fundamentals of Neuromechanics

Human movement is generated by the interaction of the neural system with the musculo-
skeletal system. Therefore, an interdisciplinary approach combining neurophysiology and
biomechanics, i. e., neuromechanics, is required to understand the underlying principles.
This chapter summarises the fundamentals of neuromechanics that are the basis of the
topics discussed in this thesis. Section 2.1 starts with a short overview of the structures
and mechanisms involved in movement generation. Section 2.2 describes cell-to-cell com-
munication, including the electrical activity of cells and the central element of information
transport, i. e., the so-called action potential (AP). Motoneurons as a central element of
motor control are introduced in Section 2.3. Motoneurons and muscle �bres are organ-
ised in functional units, so-called motor units. Motor units and their role in feed-forward
control of muscle activity are described in Section 2.3.2. Finally, Section 2.4 describes
how feedback control of muscle activity is achieved via sensory organs and spinal re
ex
pathways.

2.1 The generation and control of movement

This section is based on Enoka (2008) and Kandel et al. (2013), which are recommended
for further reading on neuromechanics and neurophysiology.

The generation and control of movement rely on the interplay between the structures
and organs of the neural and the musculoskeletal system. It involves the interaction
between multiple structures, including the motor cortex, spinal cord circuits, skeletal
muscles, and sensory organs (Figure 2.1). Intended movements are planned in the motor
cortex area of the brain. From there, corresponding signals are transmitted to neurons in
the spinal cord. In the spinal cord, the signals might pass several intermediate neurons,
so-called interneurons, until they �nally reach �-motoneurons. Each �-motoneuron is
connected to speci�c muscle �bres, forming a functional unit called the motor unit. When
activated by their respective �-motoneuron, the muscle �bres of a motor unit contract.
The muscle �bres are arranged in parallel so that all active motor units contribute to the
muscle force acting on a joint via a tendon. Thereby, muscles can only actively contract
but not elongate. Thus, at least two muscles are required to move a joint. These opposing
muscles are called agonist and antagonist. Muscles that act on the same joint in the same
direction are called synergists.

Sensory organs permanently monitor the current status of the musculo-tendinous struc-
tures and send feedback to the spinal cord and brain. For example, muscle spindles lie par-
allel to the muscle �bres and are sensitive to length changes of their parent muscle (Mace-
�eld and Knellwolf, 2018). Golgi-tendon organs are located at the musculo-tendinous
junction and are sensitive to muscle �bre contraction (Anderson, 1974; Schoultz and
Swett, 1972). The sensory signals provide the �-motoneurons with information on joint
and limb position, which is then used to adjust the control command.

Two basic directions of information 
ow are relevant to the control of movements. To
describe these, we need to introduce the central and peripheral nervous systems. The
central nervous system includes the brain and the spinal cord. The peripheral nervous
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system includes all neural structures anatomically located outside the brain and spinal
cord. Signals from the central nervous system towards peripheral nervous system struc-
tures are called e�erent signals, while signals travelling in the opposite direction are called
a�erent signals. Signal transmission in both directions is based on the ability of neuronal
cells to generate and transmit electrical signals (Section 2.2).

Because �-motoneurons integrate control signals from the brain as well as sensory
signals from the periphery to provide the �nal activating signal for muscle �bres, they
play a central role in motor control and are discussed in more detail in Section 2.3.

The signalling pathway from a sensory organ via an a�erent nerve to the pool of �-
motoneurons and via an e�erent nerve back to the muscle �bres is called a re
ex arc.
Re
exes produce stereotypical responses to sensory signals, but they can also be adapted
to the intended task and play a central role in movement control. Re
exes are well suited
to investigate �-motoneuron behaviour in vivo and help us to understand basic principles
of motor control. The stretch re
ex, which is mediated by muscle spindles, is described
in detail in Section 2.4.

Spinal cord 
with α-motoneuronsBrain with 

motor cortex
neurons

Muscle 
with muscle fibres

Golgi-tendon 
organ

Muscle 
spindle

Afferent pathways

Efferent 
pathways

Figure 2.1: Schematic representation of the structures involved in movement generation. Blue
colours highlight motor units, i. e., �-motoneurons and associated muscle �bres. Arrows mark
the directions of signal transmission.

2.2 Excitable cells

This chapter is based on Aidley (1998), which is also recommended for further reading on
the physiology of excitable cells.

Cells build the functional organisational units of life. The coordinated action of organs
is only possible through cells communicating with each other. Cells that can exchange
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electrical signals rapidly are summarised as excitable cells. They contain nerve, muscle and
sensory cells, i. e., the cells involved in producing coordinated movements. Even though
they are specialised for di�erent tasks, excitable cells share some essential characteristics,
which are described in this section. Excitable cells have a cell membrane that controls
the 
ow and exchange of ions between the inside and outside of the cell. The resulting
potential changes are the electrical signals used by excitable cells to transmit information
within the cell, to other cells and other parts of the body. This section describes the
functioning and structure of the cell membrane and explains how its properties lead to
the establishment of a potential di�erence. Further, two particular states of the membrane
potential are described in more detail, i. e., the resting potential and the action potential.

2.2.1 The structure of the cell membrane

Every cell has a membrane that separates the inner of the cell from the outside. The
cell membrane of excitable cells controls the location and 
ow of ions into and out of
the cell through its anatomical structure and embedded proteins. The cell membrane
consists of a bilayer of phospholipids with a hydrophilic head and a hydrophobic tail. The
phospholipids are arranged so that the hydrophobic tails are towards the centre and form
a hydrophobic core, while the hydrophilic heads form the inner and outer surfaces of the
membrane (Figure 2.2). Ions within and outside the cell are dissolved in water, and the
hydrophobic core of the membrane builds a barrier to the di�usion of ions.

Usually, the concentration of ions outside and inside the cell di�ers (Figure 2.2). Con-
sequently, a potential di�erence or voltage is established across the membrane. We de�ne
the membrane potential or membrane voltage Vm as the di�erence between the potential
at the inside of the cell membrane, i. e., in the intracellular space, �in, and the potential
at the outside of the membrane, i. e., in the extracellular space, �ex:

Vm = �in � �ex : (2.1)

It is an accepted convention to de�ne the potential of the extracellular space as �ex = 0.
A notable characteristic of the cell membrane of excitable cells is its capacitive beha-

viour. That means, when a current step is applied to cross the cell membrane, the change
in membrane potential will not follow immediately but with a delay (Figure 2.3). Simil-
arly, when the current is turned o�, the membrane potential will not immediately return
to its resting value. The delay with which the membrane reacts can be quanti�ed by
�tting an exponential function to the time course. The time constant of that exponential
is often used to characterise an excitable cell.

While the cell membrane itself is a barrier to ions, the movement of ions across the
membrane is enabled by integrated proteins, i. e., ion channels and ion pumps. The
relation of the intra- and extracellular concentration of ions is subject to two driving forces:
the chemical driving force is a function of the concentration gradient, and the electrical
driving force is a function of the potential di�erence between intra- and extracellular space
(Figure 2.2). Ion channels passively transport ions according to their electrochemical
gradient, i. e., the process requires no expenditure of metabolic energy (Johnston and
Wu, 1995). In contrast, ion pumps transport ions against their electrochemical gradient
under consumption of energy (Johnston and Wu, 1995). Ion channels can be in di�erent
conformations, determining whether they are in an open or closed state. The transition
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Figure 2.2: The phospholipid bilayer structure of the cell membrane (grey) with one ion channel
(blue) embedded. The distribution of K+ (blue), Na+ (green) and Cl� (pink) ions as well as
other anions (white) in the intra- and extracellular space is schematically shown. The inside of
the membrane is negatively charged, and the outside is positively charged. The ion channel is
open and transmissive to K+ ions. Two opposing forces act on K+ ions: the electrical gradient
(black arrow) and the chemical gradient (blue arrow).

between the states is called gating. The gating can depend on the membrane potential or
the presence of other ions, e. g., Ca2+, or on mechanical stimuli. Ion channels are usually
selective to one or several speci�c ions. Numerous ion channels exist, which di�er in their
electrophysiological properties (Hille, 2001). Further, the occurrence, location and density
of channel (sub-)types varies between neuron types (Hille, 2001).

2.2.2 Resting potential

The membrane potential is determined by the concentration of ions on both sides of the
cell membrane. At a speci�c ratio of ions in the intra- and extracellular space, the cell
reaches a steady state. In this state, the net ion 
ux across the membrane is zero. The
corresponding membrane potential is called resting potential. The resting potential of
neurons is mainly determined by three types of ions: sodium (Na+), potassium (K+)
and chloride (Cl�). These ions are present in di�erent concentrations in the intra- and
extracellular space (Table 2.1).

The resting membrane potential of a cell evolves due to the equilibrium potentials of the
ions and the membrane’s conductance to those ions. At the so-called equilibrium potential
of a speci�c ion, the chemical and electrical driving forces are balanced, i. e., there is no
net exchange of ions between the inside and outside. The equilibrium potential E of any
ion X can be calculated from the Nernst equation:

EX =
RT
zF

ln

�
[X]in
[X]ex

�
: (2.2)

Therein, R is the universal gas constant (R � 8:314 J mol�1 K�1), T is the absolute
temperature in Kelvin, z is the number of electrons transferred, F is Faraday’s constant
(F � 9:648� 104 C mol�1) and [X] the concentration of ion X inside and outside the cell.
Typical equilibrium potentials for neurons can be found in Table 2.1.
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Figure 2.3: The capacitive behaviour of excitable membranes. a) Qualitative time course of
the membrane potential in response to a current step shown in b).

The resting potential is additionally de�ned by the membrane’s permeability to the
present ion types. The Goldman-Hodgkin-Katz equation considers the permeability P
of the membrane for di�erent ions in units of m s�1 and their intra- and extracellular
concentrations to calculate the resting potential, Vrest:

Vrest =
RT
F

ln
PK[K+]ex + PNa[Na+]ex + PCl[Cl�]in
PK[K+]in + PNa[Na+]in + PCl[Cl�]ex

: (2.3)

Since the membrane at rest is most permeable to K+, the resting potential establishes
close to the K+ equilibrium potential. In nerve cells the resting potential is typically
�60 mV to �70 mV (Aidley, 1998). The resting potential is stabilised and maintained by
the Na+-K+-pump. This ion pump transports Na+ and K+ against their electrochemical
gradient by consuming energy (Kandel et al., 2013).

Table 2.1: Typical ionic concentrations and Nernst potentials of di�erent ion types in the squid
axon (Aidley, 1998).

Ion
Ionic concentration (mmol) Nernst potential (mV)

extracellular intracellular

Na+ 440 50 +55

K+ 20 400 -75

Cl� 560 108 -41
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2.2.3 Action potential

The membrane potential at rest changes when ions move across the membrane. Thereby,
a shift towards a more positive value is called depolarisation, while a shift towards a more
negative value is called hyperpolarisation. Excitable cells use a speci�c type of massive
depolarisation for communication, i. e., the action potential (AP). An AP is triggered
whenever the current input into a cell (via synapses, see Section 2.3.1) exceeds a certain
threshold. The threshold is typically about 10 mV to 15 mV above the resting potential
(Aidley, 1998).

The described mechanism of AP generation is based on Kandel et al. (2013) and visual-
ised in Figure 2.4. If injected currents depolarise the membrane potential to a value that
exceeds the excitation threshold, voltage-gated Na+ channels open and a massive in
ux of
Na+ depolarises the membrane potential towards the Nernst-potential of Na+ (+55 mV).
This depolarisation triggers two processes: (1) the gradual inactivation of Na+ channels,
reducing the in
ow of Na+ and (2) the opening of voltage-gated K+ channels, leading to
an out
ow of K+. Both processes repolarise the membrane potential towards the resting
potential. The K+ channels remain open a few milliseconds after reaching the resting
potential, resulting in a transient hyperpolarisation of the membrane potential. Each AP
is followed by a refractory period, during which the cell is not or only hardly excitable.
The refractory period can be divided into two parts. The absolute refractory period dir-
ectly follows the AP and is characterised by Na+ channels still being inactive. During this
period, it is impossible to elicit a new AP. The absolute refractory period is followed by
the relative refractory period. During this period, some Na+ channels are no longer inac-
tivated, but a fraction of potassium channels are still open. During the relative refractory
period, an AP can only be elicited by stimuli much higher than usual. The refractory
period sets an upper limit to the frequency with which a neuron can produce APs. In
�-motoneurons the AP itself typically lasts about 1 ms to 2 ms and the refractory period
about 5 ms (Enoka, 2008).

Several characteristics of the AP are of particular importance for motor control. APs
show all-or-none behaviour. That means whenever the depolarisation reaches the threshold,
an AP is elicited. It does not play a role by how much the threshold was exceeded. Fur-
ther, the AP always has the same shape, which does not change while transported over
long distances (see Section 2.3.1).

A single Na+ and K+ channel can explain the generation of APs. These are also the
most critical channels for nerve cell function. However, many more channels in
uence the
membrane potential and the speci�c shape of the AP depending on the nerve cell type.
Examples are subtypes of K+ channels, as utilised in the model described in Section 3.4
and hyperpolarisation activated channels permeable to Na+ and K+ (HCN channels) as
utilised in Section 6.2.1.

2.3 �-Motoneurons

This section provides an overview of the morphological and electrophysiological properties
of �-motoneurons, their functional organisation in motor units and the associated control
strategies of the neuromuscular system, i. e., recruitment and rate coding.

That the e�erent nerves (axons) of �-motoneurons leave the spinal cord and innervate
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Figure 2.4: Schematic illustration of the generation of action potentials. The membrane poten-
tial is shown in black, and the relative opening of sodium (Na+) and potassium (K+) ion channels
in green and blue, respectively. (1) Resting potential: The Na+ (green) and K+ (blue) ion chan-
nels are closed (a). (2) Depolarisation: When reaching the excitation threshold, Na+ channels
open and cause a strong in
ux of Na+ (b). In turn, voltage-gated K+ channels open and cause
an out
ow of K+ (c). (3) Repolarisation: The Na+ channels inactivate while the K+ channels
stay open (d). (4) Hyperpolarisation: When the membrane potential returns to resting poten-
tial, the Na+ channel inactivation is removed, and the Na+ channels close. With a certain delay,
the K+ channels also close (a). in: intracellular space. ex: extracellular space.

muscle tissue makes them unique amongst neurons (Burke, 2022). �-motoneurons are
distinguished from two other motoneuron types in the spinal cord: �- and 
-motoneurons.
The �-motoneurons exclusively innervate striated muscle �bres, which produce forces
that lead to movement. In contrast, 
-motoneurons exclusively innervate specialised,
so-called intrafusal muscle �bres, which are located within the muscle spindle sensory
organs (Burke, 2022) (see Section 2.4.1). Noteworthy, �-motoneurons innervate both
intra- and extrafusal (striated) muscle �bres. However, only little is known about them
(Banks, 1994). Other terms denoting �-motoneurons are e. g., spinal motoneurons, lower
motoneurons or, less speci�cally, motoneurons or motor neurons. In this work, the terms
�-motoneuron and motoneuron are used equivalently.

Like most neurons, a motoneuron comprises a soma, dendrites and an axon (Figure 2.5).
Dendrites branch out in a tree-like fashion and receive incoming signals from other neur-
ons via synapses. Typically, motoneurons have about ten dendrites (Cullheim et al.,
1987). The soma is the cell’s body and contains the nucleus (which contains the genetic
information) and the cell organelles. In the soma, incoming signals are summarised, and
action potentials are produced if su�cient input is available. The axon transmits the
action potential to the muscle �bres of the respective motor unit (see Section 2.3.2).

The �-motoneurons are located in so-called columns in the ventral horn of the spinal
cord (Burke et al., 1977). With soma diameters of 40 µm to 70 µm, they are amongst the
largest neurons in the central nervous system (Burke et al., 1977; Cullheim et al., 1987).
The resting membrane potential of motoneurons is approximately �65 mV to �75 mV
(Fleshman et al., 1988; Gustafsson and Pinter, 1984; Zengel et al., 1985).
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2.3.1 Signal transmission in �-motoneurons

The �-motoneuron structure enables unidirectional signal transmission, i. e., receiving
signals on the dendrites and sending signals via the axon. Motoneurons receive many
inputs of di�erent signs (excitatory or inhibitory), sizes and also at di�erent locations
on the dendrites. Synapses transfer incoming signals to the motoneuron. Thereby, the
action potential of the presynaptic cell triggers the release of a messenger agent, the so-
called neurotransmitter. The neurotransmitter overcomes the minimal cleft between the
pre- and postsynaptic cell and attaches to ion channels on the postsynaptic side (Kandel
et al., 2013). Depending on the type of channel, this leads to an increase or decrease of
the membrane potential of the postsynaptic cell and thus brings the motoneuron closer
to the AP threshold (excitation) or further away from it (inhibition).

muscle fibre

neuromuscular junction

myelin sheat

soma

nucelus

dendrite

synapse

axon

Figure 2.5: Schematic drawing of a motoneuron and its muscle �bres, building the motor unit.

Common to all incoming signals is that they travel towards the soma and are thereby
integrated spatially and temporally. The membrane time constant (see Section 2.2.1)
determines the amount of temporal summation of inputs arriving at the same sight within
a short time. If the signal that arrived �rst has not entirely decayed, it will be added
to the signal that arrives later. The motoneuron’s length constant determines how much
the amplitude of a postsynaptic potential declines while it travels along the dendritic tree
towards the soma (see Section 3.3).

When an AP is generated in the soma, it travels down the axon. The axon’s cell
membrane is constructed as described in Section 2.2. The AP is the stimulus to elicit a
new AP in the neighbouring membrane patch. In this way, the AP is regenerated and
travels without loss. Due to the refractory period, the axon can only be excited in one
direction, thus preventing the AP from travelling backwards. A motoneuron’s axon has a
myelin sheath (Figure 2.5) that acts like an insulation and allows an AP to stimulate the
membrane several millimetres away (Kernell, 2006). Through this, large AP conduction
velocities of 70 m s�1 to 120 m s�1 can be obtained (Kandel et al., 2013).

The motor axon transmits every motoneuron AP to the muscle �bres of the respective
motor unit. The functional contact between a motoneuron’s axon and the muscle �bres is
called neuromuscular junction (Eccles, 1948). The neuromuscular junction is a particular
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type of synapse, which uses acetylcholine as its neurotransmitter (Kandel et al., 2013).
Acetylcholine binding to its receptor channels on the muscle �bre membrane causes a
rapid depolarisation of the muscle �bres’ membrane. In healthy individuals, this always
triggers an AP in the muscle �bre, which travels along the �bre to initiate contraction
(Kandel et al., 2013).

The fact that every AP of a motoneuron causes an AP in a muscle �bre is fundamental
to this work. In short, it allows the conclusion that for every AP observed in a muscle
�bre, there must have been an AP in the respective motoneuron. This provides the unique
opportunity to measure discharge times of human motoneurons in vivo (see Section 4.1).

2.3.2 Functional organisation in motor units

Motor units form the controllable units of movement generation. Liddell and Sherrington
de�ned the term motor unit in 1925. A motor unit comprises a motoneuron and the muscle
�bres it innervates. The number of muscle �bres belonging to a motor unit, i. e., the
innervation number, can range from less than ten to more than thousand (Heckman
and Enoka, 2012). The muscle �bres are also called the muscle unit of the motor unit.
The group of motoneurons that controls the muscle �bres of one muscle is called the
motor nucleus or motoneuron pool (Burke et al., 1977). The number of motor units and,
therefore, the size of a muscle’s motoneuron pool ranges from about ten to several hundred
(Heckman and Enoka, 2012).

The size of motor units di�ers considerably within a muscle, as do the intrinsic proper-
ties of the corresponding motoneurons and muscle units. Based on the close correlation
between the electrical properties of motoneurons and the mechanical properties of the as-
sociated muscle �bres, Burke et al. (1973) determined three types of motor units: slow (S),
fast fatigue resistant (FR) and fast fatigable (FF) (Burke et al., 1973). The motoneurons
of S-type motor units have small cell bodies, a high input resistance and a low recruitment
threshold. The corresponding muscle units slowly contract, produce little force and are
very fatigue-resistant (Kernell, 2006). On the other end of the spectrum, motoneurons of
FF-type motor units have large cell bodies, low input resistance and a high recruitment
threshold. The corresponding muscle units are fast contracting, produce high forces and
are easily fatigable (Kernell, 2006). The innervation number usually increases from S-type
to FF-type motor units.

Note that the contractile properties of motor units can also be classi�ed based on their
histochemical �bre type composition. Commonly, three classi�cations are used, type-I, -
IIA, and -IIB, which approximately correspond to the S-, FR-, and FF-type classi�cations
we use in this work.

Even though classi�ed in distinct groups, the motor unit properties build a continuum
(Powers and Binder, 2007). The motor unit properties usually distribute exponentially
within a muscle, with many S-type and few FF-type motor units (Gustafsson and Pinter,
1984; Heckman and Binder, 1988; Powers and Binder, 1985; Zengel et al., 1985). For
further reading on motor units, see Heckman and Enoka (2012).
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2.3.3 Recruitment and rate coding

The activation of motor units ultimately leads to the generation of muscle force. Thereby,
the central nervous system uses two strategies to modulate the force that is produced by
a speci�c muscle: recruitment and rate coding. Recruitment increases the number of
active motor units, and rate coding increases the activity of a speci�c motor unit. With
increasing excitatory synaptic input to a pool of �-motoneurons, motor units are usually
recruited in an ordered manner, from smallest (low-threshold, S-type) to largest (high-
threshold, FF-type), following Henneman’s size principle (Henneman et al., 1965a,b).
The size principle is a direct consequence of Ohm’s law. Small motoneurons have a
higher input resistance and, for the same amount of current applied, experience stronger
increases in membrane potential than large motoneurons with low input resistance. At the
same time, increasing synaptic input leads to an increasing frequency of action potentials
generated by a speci�c motoneuron. Small motoneurons, recruited earlier, usually �re
action potentials at higher rates than large motoneurons. This is known as the onion
skin principle (De Luca and Hostage, 2010). Figure 2.6 illustrates the size and onion
skin principle. There is evidence that in voluntary contractions and at high forces, small
motor units experience a saturation of their �ring rate (Monster and Chan, 1977). It is
essential to mention that recent evidence suggests that Henneman’s size principle might
be a simpli�cation and that more complex patterns of motor unit recruitment are possible
(Marshall et al., 2022).

The size and onion skin principle describes the rough basic principle of muscle force
control. There are di�erent ways to �ne-tune motoneuron excitability. One is the ampli�c-
ation of synaptic inputs by persistent inward currents (PICs, Binder et al., 2020; Heckman
et al., 2005). PICs are mediated by persistent Ca2+ or Na+ currents, and the respective
channels are widely expressed on the surfaces of motoneurons (Binder et al., 2020). PICs
show slow activation and slow or no inactivation (Binder et al., 2020). PICs were recently
discovered, but they are found to play a role in more and more aspects of motoneuron
physiology. For example, PICs cause hysteresis, which means that motoneurons are de-
recruited at lower input levels than recruited (Binder et al., 2020).

2.4 The stretch re
ex

According to Kandel et al. (2013) re
exes have traditionally been viewed as \stereotyped
responses to speci�c stimuli that are generated by simple neural circuits in the spinal
cord or brain stem". Newer research, however, suggests that re
exes not only provide
stereotyped responses but are highly 
exible, can be regulated and contribute signi�cantly
to motor control (Kandel et al., 2013). What all re
exes have in common is that they
cannot be controlled voluntarily. Since the reaction time of the brain is in the range of
150 ms to 200 ms, re
ex responses are limited to responses within this period (Kernell,
2006).

The most known re
ex might be the knee-jerk re
ex. A tendon tap near the patella
yields a quick extension of the knee joint. The muscle contraction, which yields the
knee extension, is a re
exive reaction to the stretch applied to this muscle by the tendon
tap. Stretch re
exes comprise a variety of quick responses to mechanical stimuli. Since
muscle stretches are omnipresent during daily movements, stretch re
exes are central to



2.4 The stretch re
ex 19

S
y

n
a

p
ti

c
in

p
u

t

MN 1

MN 2

MN 3

MN 4

MN 5

MN 6

MN 7

MN 8

MN 9

MN 10

Time

Figure 2.6: Visualisation of orderly recruitment and rate coding. In black, spike trains of ten
exemplary �-motoneurons (MN) are shown (left axis). With increasing synaptic input (grey,
right axis), successively more �-motoneurons are recruited, and the spike frequency of already
recruited �-motoneurons increases. [modi�ed from Haggie, Schmid et al. (2023) under CC BY
4.0]

movement control. In human muscles, stretch is mainly detected by specialised sensory
organs, the muscle spindles (Mace�eld and Knellwolf, 2018).

Responses to mechanical perturbations should be fast and not counterproductive. There-
fore, inter-muscle coordination of re
exes is essential. The stretch re
ex comprises dif-
ferent re
ex pathways, a�ecting the stretched muscle and its antagonist. Three central
components of the stretch re
ex are decisive for this work and are described in more
detail. This is, the muscles spindles (cf. Section 2.4.1), the monosynaptic stretch re
ex
pathway (Section 2.4.2) and the reciprocal inhibition pathway (Section 2.4.3).

2.4.1 Muscle spindles

The muscle spindle is a receptor sensing the intrafusal muscle �bre length change, provid-
ing stretch feedback to the neuromuscular system (Mace�eld and Knellwolf, 2018). The
number of muscle spindles in human muscles varies between less than ten and more than
a thousand (Banks, 2006).

Each muscle spindle consists of a bundle of specialised, so-called intrafusal, muscle
�bres lying in parallel with the regular (extrafusal) muscle �bres of the parent muscle
(Figure 2.7, Mace�eld and Knellwolf, 2018). The intrafusal �bres are distinguished as
bag1, bag2 and chain �bres (Ovalle and Smith, 1972). They have di�erent viscoelastic
properties that make them di�erently sensitive to muscle length and length changes.

Two types of a�erent axons innervate muscle spindles, the so-called primary (Ia) and
secondary (II) sensory endings (Figure 2.7). Ia a�erents have a larger diameter than II
a�erents and a faster action potential conduction velocity (Kandel et al., 2013). Ia a�er-
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Figure 2.7: Schematic drawing of a muscle spindle. Three types of intrafusal �bres (bag1,
bag2, chain) are arranged in parallel to extrafusal muscle �bres. Ia a�erents innervate all
intrafusal muscle �bres, and II a�erents innervate bag2 and chain �bres. E�erent 
-dynamic
axons innervate bag1 �bres and 
-static axons innervate bag2 and chain �bres. (Mace�eld and
Knellwolf, 2018; Ovalle and Smith, 1972)

ents reach conduction velocities of 80 m s�1 to 100 m s�1 (Boyd and Kalu, 1979; Heckman
and Binder, 1988). Ia a�erents form monosynaptic connections to �-motoneurons of the
same (homonymous) muscle, which makes them unique among sensory a�erents (Stau�er
et al., 1976; Watt et al., 1976). Ia and II a�erents connect di- and polysynaptically to the
homonymous and other (heteronymous) muscles, i.e., synergists and antagonists (Scott
and Mendell, 1976; Watt et al., 1976).

The importance of the muscle spindle is underlined by the fact that it is the only peri-
pheral sensory organ that is controlled by the central nervous system (Ellaway et al., 2015).
In detail, the so-called fusimotor system modulates muscle spindle activity. The fusimotor
system comprises two types of spinal neurons, static and dynamic 
-motoneurons, which
modulate the spindles’ sensitivity and, thereby, ensure that spindles remain responsive
during muscle contraction (Mace�eld and Knellwolf, 2018; Matthews, 1962).

Muscle spindles detect length changes of the intrafusal �bres. Thereby, the responses of
Ia and II a�erents to muscle stretch di�er. In relaxed muscles, there is a linear relationship
between joint angle and �ring rate as well as between joint angle velocity and �ring
rate (e. g., Day et al., 2017; Grill and Hallett, 1995; Kakuda, 2000). However, this is
no longer the case if the stretch exceeds a speci�c value (Day et al., 2017; Kakuda, 2000)
and whilst the muscle is contracting (Hulliger et al., 1985).

2.4.2 The monosynaptic stretch re
ex

The stretch re
ex involves a monosynaptic pathway that is mediated by muscle spindle
Ia a�erents. In detail, when a muscle is stretched, the muscle spindles increase their
activity and monosynaptically excite the homonymous motoneurons via their Ia a�erents
(Figure 2.8, Kandel et al., 2013). The monosynaptic stretch re
ex can, e. g., be elicited
by applying a mechanical perturbation to the muscle, i. e., by tendon jerk, or by direct
electrical stimulation of the nerve. The electrically evoked monosynaptic stretch re
ex is
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Figure 2.8: Illustration of the stretch re
ex pathways. A lengthening of the agonist muscle
(red) is registered by muscle spindles (green zick-zack). In response, the muscle spindles activ-
ate populations of neurons (circles) in the spinal cord via synapses (triangles). Thereby, the
monosynaptic stretch re
ex pathway (green) leads to an activation of the agonist muscle. The
disynaptic reciprocal inhibition pathway (blue) leads to the inhibition of the antagonist muscle
(pink). [modi�ed from Homs-Pons et al. (2024) under CC BY 4.0]

also called Ho�mann-re
ex or H-re
ex.
The re
ex response caused by the monosynaptic pathway is the fastest neuromuscular

re
ex response that can be observed and is called short-latency or M1 response. The
short-latency response is well detectable in experimental recordings. A cat motoneuron
has an estimated 1000-2000 Ia a�erent synapses (Fy�e, 2001) and the excitatory Ia input
to motoneurons contributes to a considerable extent to muscle activation (Gandevia et al.,
1990; Hiebert and Pearson, 1999). Therefore, since its discovery, the stretch or H-re
ex has
been utilised as both a diagnostic and a research tool (Pierrot-Deseilligny and Mazevet,
2000). The monosynaptic stretch re
ex is the subject of Chapters 5 and 7.

2.4.3 The reciprocal inhibition re
ex

Reciprocal inhibition is, as the monosynaptic pathway, a component of the stretch re
ex.
In contrast to the monosynaptic stretch re
ex, the reciprocal inhibition pathway a�ects
heteronymous muscles that act as antagonists to the muscle the spindles are located in
(Kandel et al., 2013). In detail, when muscle spindles are activated, the a�erent path-
ways excite interneurons in the spinal cord, which subsequently inhibit �-motoneurons of
the antagonist muscle (Crone et al., 1987; Kudina, 1980). Consequently, the reciprocal
inhibition pathway is disynaptic (Figure 2.8).

As part of the stretch re
ex, reciprocal inhibition ensures that the antagonist does
not counteract the contraction of the agonist. Reciprocal inhibition plays a central role
in coordinating voluntary movements since relaxation of the antagonist enhances the
movement e�ciency (Kandel et al., 2013). The reciprocal inhibition re
ex is the subject
of Chapter 6.
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3 Computational Modelling of
Motoneurons

The motoneuron models relevant to this work are derived and described in this chapter.
After introducing the sign conventions used in the mathematical models (Section 3.1), the
modelling approach used to describe the active spiking behaviour of motoneurons, i. e., the
Hodgkin-Huxley model is introduced in Section 3.2. The cable theory, which serves as
a basis to include the spatial dimension of motoneurons, is the subject of Section 3.3.
Finally, in Section 3.4, the compartmental motoneuron model that serves as the basis for
this work is presented in detail.

3.1 Sign conventions for motoneuron models

Sign conventions used to describe membrane voltages and currents usually di�er between
experimental studies and computational models. The membrane potential is de�ned as
the potential di�erence between the extracellular and the intracellular space (see Equa-
tion 2.1). Since it is a relative measure, two decisions need to be made. First, a refer-
ence potential needs to be de�ned. In physiological measurements, the potential in the
extracellular space is usually de�ned as zero, such that a negative resting potential of
approximately �70 mV is measured. In contrast, in computational models, the resting
potential is usually de�ned as zero, and all potentials are given with respect to the resting
potential. This is also applied within this work. Second, the sign needs to be de�ned. We
treat the potential such that a depolarisation from the resting potential corresponds to a
positive sign and a hyperpolarisation to a negative sign. Hodgkin and Huxley introduced
the opposite sign convention in their work (Hodgkin and Huxley, 1952d). The equations
and parameters have been adjusted in this work to be consistent with the convention
described above.

The sign must also be de�ned for electric currents induced by the movement of ions.
An outward movement of positive charge across the membrane corresponds to a positive
current for ionic currents. In contrast, for an external current applied to a cell, a current
that depolarises the cell, i. e., corresponding to the 
ow of positive charge into the cell, is
de�ned as positive.

3.2 The Hodgkin-Huxley model of excitable

membranes

In a series of papers, Sir Alan L. Hodgkin and Sir Andrew F. Huxley described the
electric current 
ow across the membrane of a nerve �bre, i. e., the giant axon of the
squid (Hodgkin and Huxley, 1952a,b,c; Hodgkin et al., 1952).1 In a �nal publication,

1Together with Sir John C. Eccles they were awarded the Nobel Prize for Physiology or Medicine
1963 \for their discoveries concerning the ionic mechanisms involved in excitation and inhibition in the
peripheral and central portions of the nerve cell membrane".
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Figure 3.1: The equivalent electric circuit model of an excitable membrane according to
Hodgkin and Huxley (1952d). The membrane voltage is denoted by Vm and the membrane
capacitance by Cm. The leakage channel is represented by a battery representing the leakage
equilibrium potential EL and a conductance GL. Accordingly, the potassium (K) and sodium
(Na) ion channels are represented by the respective equilibrium potentials, EK and ENa, and
voltage-gated conductances, GK and GNa, respectively.

they summarised the results of the preceding papers and presented a mathematical model
for the electrical behaviour of the cell membrane (Hodgkin and Huxley, 1952d).

From their measurements, Hodgkin and Huxley concluded that the electrical behaviour
of the neuron membrane can be described by an equivalent electric circuit composed of a
capacitor in parallel to three ionic currents, which are mediated by sodium ions, potassium
ions and other ions (Figure 3.1). The 
ow of ions across the membrane is determined by
the membrane’s permeability for a speci�c ion, represented by a conductance, and the
driving force, represented by a battery.

The model became known as the Hodgkin-Huxley model and has been widely used
and re�ned since its development. It was successfully employed to describe a variety
of excitable cells, e. g., motoneurons (e. g., Cisi and Kohn, 2008; Negro and Farina,
2011; Powers et al., 2012), brain neurons (e. g., Traub et al., 1991) or smooth muscle
cells (e. g., Bursztyn et al., 2007). Since it also serves as the theoretical basis for the
motoneuron model used within this work, the underlying equations are derived in this
chapter. This section is based on Hodgkin and Huxley (1952d) if not stated otherwise.

3.2.1 Mathematical description of the Hodgkin-Huxley model

Hodgkin and Huxley found that the total current density that 
ows across a patch of the
cell membrane Jm is composed of a capacitive component, Jcap, and an ionic component,
Jion:

Jm = Jcap + Jion : (3.1)

The capacitance C describes the ability to separate charges. It is de�ned as the ratio
between the electric charge and the potential. The capacitive current density is described
by the membrane capacitance per unit area Cm and the rate of change of the membrane
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voltage:

Jcap = Cm
dVm

dt
: (3.2)

The ionic current density is equivalent to the sum of the currents mediated by Na+, JNa,
K+, JK, and a leakage current, JL:

Jion = JNa + JK + JL : (3.3)

The leakage current summarises currents mediated by other ions, mainly chloride. The
current mediated by a speci�c ion X, JX, can be described by Ohm’s law, using the con-
ductance per unit area (the inverse of the resistance per unit area) GX and the di�erence
between the membrane potential and the ion’s equilibrium potential EX:

JX = GX (Vm � EX) : (3.4)

The equilibrium potential is the potential at which the electrical and chemical gradients
are balanced, and the net ion 
ow across the membrane is zero. The Nernst Equation
(Equation 2.2) describes the equilibrium potential.

In summary, the equation describing the equivalent circuit of the Hodgkin-Huxley model
yields:

Cm
dVm

dt
= �GNa (Vm � ENa) � GK (Vm � EK) � GL (Vm � EL) : (3.5)

We can consider that so-called gates2 regulate the conductance of ion channels (Nelson,
2005). A gate can be in permissive or non-permissive state. The fraction of gates in
permissive or non-permissive state determines the overall conductance of the channel
(Nelson, 2005). We de�ne a speci�c gating variable w as the fraction of gates in permissive
state, such that w 2 [0; 1]. Thus, at some point in time t, w(t) gates are in permissive
state, while 1 � w(t) gates are in non-permissive state. The rates at which gates change
from permissive to non-permissive and back are called �w(Vm) and �w(Vm) and depend
on the membrane voltage:

1 � w(t)
�w(Vm)����! ����
�w(Vm)

w(t) .

The unit of the rates �w and �w is ms�1 and they are described by �rst-order kinetics:

dw

dt
= �w(Vm)(1 � w) � �w(Vm)w : (3.6)

The description of how the rates depend on membrane voltage must be empirically de-
termined for every ion channel type (Section 3.2.2).

One or several gating variables can describe an ion channel depending on the channel
type. The overall conductance of a certain channel GX is described by the product of its
individual gating variables wi:

GX = GX

Y
i

wi ; i 2 N : (3.7)

2With the knowledge available at that time, Hodgkin and Huxley could not relate the 
ow of ions across
cell membranes to channel proteins. Instead, they hypothesised not closer speci�ed \particles" within
the membrane to be responsible for the ion transport (Hodgkin and Huxley, 1952d). Nevertheless, the
empirically determined gate model serves as a valid description of voltage-dependent conductances.
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Thereby, GX is the maximum conductance when all gates are in the permissive state.
When measuring the time course of the membrane’s conductance to K+ and Na+,

Hodgkin and Huxley (1952d) found that they could describe it best by using four similar
gating variables for K+ (n) and also four gating variables but of two types for Na+ (m; h):

GK = GKn
4 ; (3.8)

GNa = GNam
3h : (3.9)

Thereby, n and m are so-called activation gates, while h describes an inactivation gate
(Nelson, 2005).

In summary, the Hodgkin-Huxley model of the electrical behaviour of the cell membrane
is described by a system of four coupled ordinary di�erential equations (ODEs):

Cm
dVm

dt
= �GNam

3h (Vm � ENa) � GKn
4 (Vm � EK) � GL (Vm � EL) ; (3.10)

dm

dt
= �m(Vm)(1 � m) � �m(Vm)m; (3.11)

dh

dt
= �h(Vm)(1 � h) � �h(Vm)h ; (3.12)

dn

dt
= �n(Vm)(1 � n) � �n(Vm)n : (3.13)

3.2.2 Parameters for the Hodgkin-Huxley model

Hodgkin and Huxley determined the parameters for their model from a series of voltage-
clamp experiments (Hodgkin and Huxley, 1952a,b,c; Hodgkin et al., 1952). In voltage-
clamp experiments, two electrodes are inserted into the cell; one measures the membrane
voltage, and the other applies a current. The current that crosses the cell membrane
can be estimated by measuring the current required to hold the membrane potential at a
speci�c value.

The parameters of the Hodgkin-Huxley model consist of constant and voltage-dependent
parameters. The constant parameters are summarised in Table 3.1 and include the mem-
brane capacitance, the equilibrium potentials and the maximum conductances of the ion
channels.

The voltage-dependent rates �w and �w, which determine the opening and closing of
the ion channels, are �tted to experimental data. Therefore, Equation (3.6), governing
the gates w, is reformulated to rely on values that can be more readily determined from
experimental data, i. e., a steady-state value w1 and a time constant �w:

dw

dt
=

w � w1
�w

: (3.14)

When the membrane voltage is clamped at a speci�c value Vm, the gate in the permissive
state will reach a steady-state value w1, which can be expressed in terms of the rates �w

and �w:

w1 =
�w(Vm)

�w(Vm) + �w(Vm)
: (3.15)
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Table 3.1: Constant parameters for the model by Hodgkin and Huxley (1952d). Potential
values are given relative to a resting potential of �75 mV.

Parameter Symbol Value

Speci�c capacitance of the cell membrane (µF cm�2) Cm 1

Na+ equilibrium potential (mV) ENa 115

Na+ maximum speci�c conductance (mS cm�2) GNa 120

K+ equilibrium potential (mV) EK �12

K+ maximum speci�c conductance (mS cm�2) GK 36

Leakage equilibrium potential (mV) EL 10:613

Leakage speci�c conductance (mS cm�2) GL 0:3

The time course for approaching w1 is characterized by a time constant �w(Vm), which
can also be related with �w and �w:

�w(Vm) =
1

�w(Vm) + �w(Vm)
: (3.16)

By measuring w1 and �w at di�erent values of the membrane potential and using Equa-
tions (3.15) and (3.16), the voltage-dependent rates �w and �w can be determined. Expo-
nential functions are �tted to the empirically collected data to obtain continuous voltage-
dependent rate formulations. The resulting voltage-dependent functions are:

�n(Vm) = 0:01
10 � Vm

exp
�

10�Vm

10

�
� 1

; (3.17)

�n(Vm) = 0:125 exp

��Vm

80

�
; (3.18)

�m(Vm) = 0:1
25 � Vm

exp
�

25�Vm

10

�
� 1

; (3.19)

�m(Vm) = 4 exp

��Vm

18

�
; (3.20)

�h(Vm) = 0:07 exp

��Vm

20

�
; (3.21)

�h(Vm) =
1

exp
�

30�Vm

10

�
+ 1

: (3.22)

For the sake of clarity, the units of the parameters are omitted in Equations 3.17 to 3.22.
The membrane potential Vm is in units of millivolt, and the rates � and � are in units
of ms�1. For more details on the experimental procedure and the �tting method, see
Hodgkin and Huxley (1952d).

An action potential and the corresponding time courses of the gating variables in
the Hodgkin-Huxley model are shown in Figure 3.2. A CellML-implementation of the
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Figure 3.2: An action potential in the Hodgkin-Huxley model. a) Time course of the membrane
potential. b) Time course of the gating variables of the sodium (m, h) and potassium (n) ion
channels.

Hodgkin-Huxley model, as presented here, can be downloaded from the Physiome model
repository website3.

Today, the current-voltage relation of single ion channels can be recorded using the
patch-clamp method (Hamill et al., 1981)4. This method considerably increased the
amount and predictive quality of ion channel models. While the methods for determ-
ining the parameters have progressed, the general approach developed by Hodgkin and
Huxley is still used today.

3.3 The equivalent cylinder model of passive

electrical membrane properties

The Hodgkin-Huxley model describes the current 
ow across a patch of the cell membrane.
However, neurons have spatial dimensions and broadly branched dendrites. Incoming sig-
nals travel from where they arrive at a dendrite to where the action potential is generated
in the soma. The passive propagation of electrical signals within the cell and without
the in
uence of the voltage-dependent properties of the membrane is called electrotonic
spread. The electrotonic current spread within the cell can be described by equivalent
cylinder models based on the cable theory.

In this section, the basic principles of the cable theory are derived. Then, we describe
how equivalent cylinders can represent motoneurons and how these principles are applied
to a two-compartment motoneuron model.

3.3.1 The cable equation

An equivalent electric circuit, as shown in Figure 3.3, can describe the passive electrotonic
properties of a cable-like structure. We assume that the current only 
ows in x-direction

3https://models.physiomeproject.org/exposure/5d116522c3b43ccaeb87a1ed10139016
4Erwin Neher and Bert Sakmann were awarded the Nobel Prize in Physiology or Medicine 1991 \for

their discoveries concerning the function of single ion channels in cells".
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Figure 3.3: Schematic representation of the cable model. a) A neuronal structure can be
represented by a cylinder (cable) with radius a. The cable is divided into unit lengths. b)
The equivalent electric circuit represents a neuron’s passive cable properties. Each unit length
of the cable is represented by a capacitance cm and a resistance rm. The unit-length circuits
are connected by resistances ri representing the resistance of the cytoplasm. A short circuit
represents the extracellular space. The current 
ows along x.

and that the radial current is zero. The transverse membrane resistance rm, the transverse
membrane capacitance cm and the longitudinal resistance of the cytoplasm ri determine
the current 
ow along the cable. These quantities refer to unit length (cm) and do not
depend on the membrane potential. Instead of specifying the resistance and capacitance
in terms of the unit length, they are often speci�ed in terms of the unit area. The
corresponding quantities, Rm; Cm and Ri, are obtained using the radius of the cable a:

rm =
Rm

2�a
; (3.23)

cm = 2�aCm ; (3.24)

ri =
Ri

�a2
: (3.25)

The membrane potential in the cable structure is a function of time t and distance x:

1

ri

@2Vm

@x2
= cm

@Vm

@t
+
Vm

rm

: (3.26)

Equation (3.26) is called the cable equation.
Here, we introduce two additional variables. The time constant � describes how fast
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the membrane potential changes after current injection:

� = rmcm = RmCm : (3.27)

The larger � , the slower the membrane potential will change in response to a current
injection. Note that the time constant is independent of the cable radius. The length
constant � describes how far the injected current will 
ow:

� =

r
rm

ri

=

r
aRm

2Ri

: (3.28)

The larger �, the further the current will spread. Using Equations (3.27) and (3.28),
Equation (3.26) can be rearranged to:

�2@
2Vm

@x2
= �

@Vm

@t
+ Vm : (3.29)

For a more detailed derivation of the cable equation, see e. g., Johnston and Wu (1995).

3.3.2 The equivalent cylinder model

A description of the electrotonic properties of a motoneuron using the cable equation
requires approximating the cell’s morphology by cylindrical segments of uniform diameter
and solving the cable equation for each segment. Considering the complexity of the dend-
ritic structure and the need for boundary conditions for each segment or branch, this is
not an e�cient method. To overcome this issue, Wilfrid Rall derived a method to collapse
the complex dendritic structure into a single equivalent �nite cylinder (Rall, 1962a,b). He
showed that the entire dendritic tree can be collapsed into one single compartment when
Rm and Ri are uniform across all dendritic branches, all terminal branches end at the
same electrotonic length from the soma, and the diameters obey the \3/2 power rule"
(see Equation 3.31).

The electrotonic length L of a cylindrical branch corresponds to its physical length l
divided by its length constant �:

L =
l

�
: (3.30)

The length constant � is de�ned in Equation (3.28). The \3/2 power rule" requires that
the diameter of a parent branch dparent is related to the diameters of the daughter branches
ddaughter according to:

d
3=2
parent =

X
d

3=2
daughter : (3.31)

For a detailed derivation of the equivalent cylinder model, see Rall (1962b) and Rall
(1962a).

3.3.3 Equivalent cylinder model for a two-compartment
motoneuron

The previous section describes how to represent the branched dendritic tree of a neuron us-
ing a single cylinder. Based on this model, Rall et al. (1992) developed a two-compartment



3.4 A two-compartment model of a motoneuron pool 31

motoneuron model and determined its electrotonic parameters based on experimental data
by Fleshman et al. (1988). The model consists of one compartment representing the col-
lapsed dendritic structure and one compartment representing the soma.

For the two-compartment model, several electrotonic parameters are required, namely
the speci�c membrane resistances of the soma and the dendrite, Rs

m and Rd
m, respectively,

the speci�c capacitance of the membrane, Cm, and the cytoplasm speci�c resistance, Ri.
Additionally, the length and diameter of each compartment need to be de�ned.

Most studies reported that the speci�c capacitance of the cell membrane, Cm, is re-
latively invariant and has a value of 1 µF cm�2 (Burke et al., 1994; Fleshman et al.,
1988). The same applies to the cytoplasm speci�c resistance Ri, which is reported to
be 70 
 cm (Barrett and Crill, 1974; Burke et al., 1994; Fleshman et al., 1988). Values
for the speci�c membrane resistances of the dendrite and soma cannot be measured dir-
ectly but can be obtained following the procedure described by Fleshman et al. (1988)
and Rall et al. (1992). In short, the input resistance of a motoneuron, the time con-
stant of the membrane potential decay in response to a short current pulse and the cell
morphology are quanti�ed from experiments. For details on the experimental procedure,
see e. g., Fleshman et al. (1988). Equivalent cylinder models are created for the dendrite
and the soma. Using this model and assuming that Rs

m < Rd
m, values for Rs

m and Rd
m are

searched such that the calculated whole-cell input resistance and the time constant match
the experimental measurements. Thereby, a step-wise increase of the speci�c resistance
from soma to dendrite is assumed. This so-called step-model is widely applied, e. g., by
Cisi and Kohn (2008) and Powers et al. (2012).

3.4 A two-compartment model of a motoneuron pool

Based on the equivalent electric circuit model developed by Hodgkin and Huxley (1952d)
(Section 3.2) and the work by Fleshman et al. (1988) and Rall et al. (1992) on equival-
ent cylinder models (Section 3.3), Cisi and Kohn (2008) developed a two-compartment
motoneuron model, which was later adapted by Negro and Farina (2011). The model
considers a soma compartment, a lumped dendrite compartment and three voltage-gated
conductances. As in the original Hodgkin and Huxley model, the voltage-gated conduct-
ances include the Na+ and K+ conductance. The model further considers an additional
slow K+ conductance, also called the delayed recti�er, that mainly determines the hy-
perpolarisation period of the action potential. An entire motoneuron pool is created by
selecting the appropriate parameters.

This model forms the foundation for the studies conducted in Chapters 5, 6, and 7, and
its detailed description is provided in this section5.

3.4.1 Mathematical description of the motoneuron pool model

The motoneuron model is described by an equivalent electric circuit with two membrane
compartments (soma and lumped dendrite) and six conductances, from which three are
voltage-gated (Figure 3.4). Both soma and dendrite compartments have a leakage con-
ductance, and a coupling conductance connects the two compartments. The voltage-gated

5The model was published in CellML format (for a single neuron) by R�ohrle et al. (2019).
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Figure 3.4: The electric circuit of the two-compartment motoneuron model by (Negro and
Farina, 2011). Each compartment comprises a capacitance C, and the compartments are coupled
via a conductance gC. Leakage (L), sodium (Na), slow (Ks) and fast (Kf) potassium ion channels
are represented by a battery and a (voltage-gated) conductance. The current source Is

inj rep-
resents an externally applied current. Vm denotes the membrane potential. Soma and dendrite
quantities are denoted by the superscript letters ‘s’ and ‘d’, respectively.

conductances are exclusively located in the soma and include a Na+ as well as a fast and
a slow K+ conductance. The membrane potential in each compartment is described by:

Cd dV d
m(t)

dt
= �Id

L � Id
C ; (3.32)

Cs dV s
m(t)

dt
= �Is

L � Is
C � Iion + Is

inj : (3.33)

Therein, Vm denotes the membrane voltage and C the membrane capacitance. The su-
perscript letters ‘s’ and ‘d’ denote the soma and dendrite compartments, respectively. IC

describes the coupling current between the two compartments, whereby Id
C = �Is

C and IL

describes a leakage current. Iion summarises the currents through the voltage-gated ion
channels and is de�ned in Equation (3.43). Is

inj represents an external or injected current.
The membrane capacitance and the coupling and leakage currents are obtained from

the electrotonic parameters of the neuron. The compartments are assumed to have a
cylindrical shape with sealed ends. The outer surface of the cylindrical compartment,
described by length l and radius a, together with the speci�c conductance of the cell
membrane, Cm, determine the total capacitance in each compartment:

Cd = 2� ad ld Cm ; (3.34)

Cs = 2� as ls Cm : (3.35)

The leakage current in the dendrite is determined by the membrane potential in the
dendrite compartment, V d

m, the equilibrium potential of the leakage channel, EL, and the
size-dependent leakage conductance, gd

L:

gd
L =

2� ad ld

Rd
m

; (3.36)

Id
L = gd

L

�
V d

m � EL

�
: (3.37)

Therein, Rd
m denotes the speci�c resistance of the dendrite membrane in units of k
 cm�2.
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Accordingly, the leakage current in the soma is given by:

gs
L =

2� as ls

Rs
m

; (3.38)

Is
L = gs

L (V s
m � EL) : (3.39)

Therein, Rs
m denotes the speci�c resistance of the soma membrane in units of k
 cm�2.

The coupling current between the two compartments is described by:

gC =
2

Ri ld

� (ad)2 + Ri ls

� (as)2

; (3.40)

Id
C = gC

�
V d

m � V s
m

�
; (3.41)

Is
C = gC

�
V s

m � V d
m

�
: (3.42)

Therein, Ri is the resistivity of the cytoplasm in units of k
 cm.
The ionic current is described by three voltage-gated conductances: a Na+ conduct-

ance (Na), a K+ conductance with fast dynamics (Kf) and a K+ conductance with slow
dynamics (Ks):

Iion = �gNam
3h (V s

m � ENa) + �gKfn
4 (V s

m � EK) + �gKsq
2 (V s

m � EK) : (3.43)

As proposed by Hodgkin and Huxley (1952d), the Na+ conductance is modelled with two
di�erent voltage-dependent gating variables, m for activation and h for inactivation. The
K+ conductances are each modelled with one voltage-dependent gating variable, n and q,
respectively (both are activation gates). Multiplying the maximum speci�c conductance
G with the area of the soma compartment yields the maximum conductance values �g.
Note that Equations (3.32) to (3.43) are adopted from (Cisi and Kohn, 2008).

The gating variables m; n; h and q are determined by forward and backward rates
� and � as in Equations (3.14) to (3.16). Note that Cisi and Kohn (2008) adopted a
simpli�ed mechanism to describe the gating variables based on Destexhe (1997). Thereby,
rectangular current pulses approximate the ODEs describing the gating variables. This
approach simpli�es the original formulation and reduces computational e�ort. However,
this approximation is not suited to describe the sub-threshold contribution of ion channels,
which is essential in this work.

Within this thesis, we follow Negro and Farina (2011) who adopted the model proposed
by Cisi and Kohn (2008) and replaced the approximation of the gating variables with
the formulation based on Traub et al. (1991). Traub et al. (1991) modelled the channel
dynamics based on the formalism derived by Hodgkin and Huxley (1952d) as described in
Equations (3.14), (3.15) and (3.16). They developed their model to simulate guinea pig
hippocampal pyramidal neurons. Thus, Negro and Farina (2011) adapted the parameters
to represent typical motoneuron behaviour (see Section 3.4.3).
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The Na+ channel dynamics are governed by Equations (3.44) to (3.47):

�m =
0:32 (13 � V s

m)

exp
�

13�V s
m

5

�
� 1

; (3.44)

�m =
0:28 (V s

m � 40)

exp
�
V s

m� 40
5

�
� 1

; (3.45)

�h = 0:128 exp

�
17 � V s

m

18

�
; (3.46)

�h =
4

exp
�

40�V s
m

5

�
+ 1

: (3.47)

The dynamics of the fast K+ channel (Kf) are governed by Equations (3.48) and (3.49):

�n =
0:032 (15 � V s

m)

exp
�

15�V s
m

5

�
� 1

; (3.48)

�n = 0:5 exp

�
10 � V s

m

40

�
: (3.49)

The dynamics of the slow K+ channel (Ks) are governed by Equations (3.50) and (3.51):

�q =
3:5

exp
�

55�V s
m

4

�
+ 1

; (3.50)

�q = 0:025 : (3.51)

For the sake of clarity, the units of the parameters are omitted in Equations (3.44) to
(3.51). The membrane potential Vm is in units of millivolt, and the rates � and � are in
units of ms�1. For each motoneuron, a system of six coupled ODEs has to be solved. For
methods to solve ODEs, see e. g., Chapra and Canale (2010).

3.4.2 Parameters for the motoneuron pool model

In this section, we describe how a population of motoneurons is built based on the two-
compartment model presented in the previous section. Further, we provide the parameters
for a motoneuron pool.

Motoneuron properties are closely related to motoneuron size (see Section 2.3.2). How-
ever, some parameters are similar for all motoneurons. Considering the presented model,
these are the speci�c membrane capacitance Cm, the cytoplasm resistivity Ri, the speci�c
conductances and the equilibrium potentials of the ion channels (Table 3.2).

The parameters determining the compartment size, as well as the speci�c resistance of
the cell membrane, vary across the motoneuron pool. Typically, these properties are expo-
nentially distributed between S-type and FF-type motoneurons (Gustafsson and Pinter,
1984; Powers and Binder, 1985). In this work, we order the motoneurons according to
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Table 3.2: Constant parameters of the motoneuron pool. Parameters are adopted from Cisi
and Kohn (2008) if not indicated otherwise.

Parameter Symbol Value

Membrane speci�c capacitance (µF cm�2) Cm 1�

Cytoplasm resistivity (k
 cm) Ri 0:07��

Na+ equilibrium potential (mV) ENa 120

K+ equilibrium potential (mV) EK �10

Leakage equilibrium potential (mV) EL 0

Maximum speci�c Na+ conductance (mS cm�2) GNa 30

Maximum speci�c fast K+ conductance (mS cm�2) GKf 4

Maximum speci�c slow K+ conductance (mS cm�2) GKs 16

�Burke et al. (1994); Cole (1972); Fleshman et al. (1988) ��Barrett and Crill (1974); Burke et al. (1994)

their cell size and assume that the size increases exponentially from S-type to FF-type mo-
toneurons. Consequently, a size-parameter b of a speci�c motoneuron i is determined by
an exponential distribution between the respective parameter of the smallest motoneuron,
bsmall, and the largest motoneuron blarge (Enoka and Fuglevand, 2001; Fuglevand et al.,
1993; Negro and Farina, 2011):

bi = bsmall +
blarge � bsmall

100
exp

�
ln(100)

i

NMN

�
: (3.52)

Therein, NMN is the number of motoneurons in the pool. Values for the model parameters
are provided in Table 3.3.

Most parameters of motoneuron models cannot be obtained directly from humans.
Thus, Cisi and Kohn (2008) mainly used data from cats to parametrise their model.
While some parameters can be directly obtained from experiments, others were chosen
such that the overall model behaviour shows good accordance with experimental data,
e. g., the current-frequency relation and the shape of the afterhyperpolarisation (AHP),
i. e., the hyperpolarisation phase following an action potential. The electrotonic paramet-
ers are based on the step model by Rall et al. (1992) (see Section 3.3.3). Note that Cisi
and Kohn (2008) used a piece-wise linear interpolation between the smallest and largest
motoneuron’s parameters. In this work, we follow Negro and Farina (2011) and use the
exponential interpolation described by Equation (3.52).

3.4.3 Behaviour of the motoneuron pool model

In this section, we present the fundamental characteristics of the behaviour of the mo-
toneuron model. The time course of the membrane potential and the gating variables,
the electrophysiological parameters of the motoneuron pool, and its �ring characteristics
are addressed.
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Table 3.3: Parameters that vary across the motoneuron (MN) pool. Values are given for the
smallest and the largest MN of the pool. Parameters are adopted from Cisi and Kohn (2008).

Parameter Symbol
Value

Smallest MN Largest MN

Soma diameter (cm) ds 77:5� 10�4 113� 10�4

Soma length (cm) ls 77:5� 10�4 113� 10�4

Soma speci�c resistance (k
 cm�2) Rs
m 1:15 0:65

Dendrite diameter (cm) dd 41:5� 10�4 92:5� 10�4

Dendrite length (cm) ld 0:55 1:06

Dendrite speci�c resistance (k
 cm�2) Rd
m 14:4 6:05

Simulation

The simulations were performed with MATLAB R2021a (9.10.0.2015706). We chose a
motoneuron pool size of 200 motoneurons. To solve the resulting system of 6x200 ODEs,
we used MATLAB’s ode23 solver (an adaptive, single-step, explicit Runge-Kutta solver,
Shampine and Reichelt, 1997) and an absolute and relative error tolerance of 1 � 10�5.
The solver uses optimised time steps within chosen intervals of 0:1 ms.

Membrane potential time course and gating variables

The membrane potential time course of an exemplary motoneuron from the pool is shown
in Figure 3.5 for a constant injected current. The exact �gure shows the gating variables
during two interspike intervals. The Na+ activation gate, m, closely follows the membrane
potential, especially during the action potential. In contrast, the Na+ inactivation gate,
h, quickly declines during the action potential and returns to almost the maximum value
closely after the action potential. The K+ activation gates, n and q, decline after the
action potential, but the q-gate declines more slowly than the n-gate.

Electrophysiological parameters

Electrophysiological parameters that can be compared to experimental data include the
rheobase, the input resistance, the membrane time constant and the shape of the AHP.
The rheobase corresponds to the minimum current, applied for in�nite duration, that
causes a single action potential. In the simulation, the current pulse was applied for
500 ms. When no action potential could be elicited, the current was increased by 0:1 nA.
To obtain the membrane time constant, a constant current of 1 nA was applied for
a duration of 100 ms. Then, an exponential of the form b1 � [1� exp (�t=b2)] + b3 �
[1� exp (�t=b4)] was �tted to the rising phase of the membrane potential using the non-
linear least-squares method. The membrane time constant corresponds to the larger value
of [b2; b4]. The input resistance RN can be analytically derived from the motoneuron para-
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Figure 3.5: Membrane potential and gating variables for one interspike interval of a simulated
motoneuron. a) Time course of the membrane potential. b) Gating variables for the sodium
(m, h) and the fast (n) and slow (q) potassium ion channels. The data was obtained from the
smallest motoneuron in the pool and with a constant injected current of 5 nA.

meters:

RN =
1

gs
L +

gd
L gC

gd
L + gC

: (3.53)

The AHP characteristics were determined from the injection of a short (0:5 ms), supra-
threshold (50 nA) current pulse. Thereby, the AHP amplitude corresponds to the min-
imum value of the membrane potential relative to the prestimulus value. The AHP half
decay time is the time that elapses from reaching the minimum AHP to reaching half
the di�erence to the resting potential. The AHP duration was set to the time after an
action potential when the membrane potential in mV reached the prestimulus value with
an accuracy of three digits to the right of the decimal point.

The electrophysiological parameters obtained for the smallest and largest motoneuron
of the pool, respectively, are provided in Table 3.4. We also provide corresponding values
from experimental studies (Caillet et al., 2022b; Zengel et al., 1985) for comparison. The
values for all electrophysiological parameters compare well between the experiment and
simulation. Only the AHP duration is considerably shorter in the experimentally recorded
FF-type motoneurons.

Firing characteristics

Simulated motoneurons start discharging action potentials when su�cient input current
is injected into their soma compartment. When applying a constant drive, smaller mo-
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Table 3.4: Electrophysiological parameters of the simulated motoneuron (MN) pool and typical
ranges for cat MNs. For the simulated MNs the values for the smallest and largest MN of the
pool are provided. Experimental data corresponds to averaged values for S- and FF-type MNs
obtained from 19 studies on cat MNs (Caillet et al., 2022b). For afterhyperpolarisation (AHP)
amplitude and half-decay time, data is taken from Zengel et al. (1985). Consider there is an
inverse relationship between MN size and electrophysiological parameter for all parameters but
the rheobase (Caillet et al., 2022b).

Parameter
Simulation Experiment

smallest MN largest MN S-type FF-type

Rheobase (nA) 3.6 19.4 2.3 36.6

Input resistance (M
) 2.2 0.5 4.0 0.4

Membrane time constant (ms) 11.6 5.6 10.2 2.9

AHP amplitude (mV) 6.0 4.3 4.9 3.0

AHP half decay time (ms) 36.1 26.4 44.0 18.0

AHP duration (ms) 145.1 128.3 158.7 44.2

toneurons in the pool �re action potentials with a faster frequency than larger motoneur-
ons. This behaviour is exemplarily shown in Figure 3.6. The frequency is de�ned as
the inverse of the time elapsed between consecutive action potentials. Noticeably, the
�rst spike has a faster frequency than the following. This phenomenon is called spike
frequency adaptation and is consistently observed in motoneurons (Powers et al., 1999).
Several physiological mechanisms seem to contribute to it (Powers et al., 1999). In the
model, spike frequency adaptation is mainly caused by AHP summation due to incom-
plete activation of the K+ current following the �rst action potential. Over the following
interspike intervals, the slow K+ conductance sums up and gradually increases the AHP
amplitude.

The discharge frequency of a motoneuron increases with increasing input current. The
steady-state current-frequency relation for the entire pool of 200 motoneurons is shown in
Figure 3.7a. The steady-state frequency corresponds to the mean frequency during con-
stant application of the respective input current for 2000 ms. Here, we can observe two
basic physiological principles. First, the more current is injected, the more motoneurons
start �ring, i. e., are recruited. Second, the �ring rate of already recruited motoneur-
ons increases with increasing current. This means the model inherently accounts for
Hennemann’s size principle and the onion skin principle (De Luca and Hostage, 2010;
Henneman et al., 1965a,b).

The current-frequency relation can typically be divided into three sections. At recruit-
ment, cat motoneurons usually discharge with a frequency in the range of 5 Hz to 25 Hz
(Kernell, 2006). The following increase in discharge frequency for increasing current is
initially very steep. This segment is called the sub-primary range and is characterised
by irregular discharges (Jensen et al., 2018; Kudina, 1999; Kudina and Alexeeva, 1992).
All simulated motoneurons show a sub-primary range. The sub-primary range is followed
by the primary range, which is characterised by a smaller slope and is also shown by all
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Figure 3.6: Membrane potential time course and instantaneous frequency of the simulated
motoneurons. a) Membrane potential time course of the smallest motoneuron (MN) from the
pool. b) Membrane potential time course of MN 160 of a pool of 200 MNs. c), d) Instantaneous
frequencies of the spikes shown in (a) and (b). Injected drive is 10 nA for both motoneurons.

simulated motoneurons (Kernell, 1965). The slope increases for further increasing input
currents, marking the beginning of the secondary range (Kernell, 1965). This transition
is usually very sharp in experimental recordings (Kernell, 1965). In Figure 3.7a small
motoneurons (blue) reach the secondary range at approximately 25 nA. The larger mo-
toneurons (red) only reach the primary range for the input currents shown. For inputs
currents above 32 nA, the smallest motoneurons of the pool show a sudden and vertical
increase in �ring frequencies, reaching unphysiologically high values of approximately
450 Hz (not shown in the �gure).

The corresponding slopes of the current-frequency relations are shown in Figure 3.7b.
For frequencies of approximately 10 Hz to 90 Hz the slope is within the range of experi-
mentally recorded values, i. e., 1 Hz nA�1 to 4 Hz nA�1 in the primary and 3 Hz nA�1 to
8 Hz nA�1 in the secondary range (Granit et al., 1966; Kernell, 1965). The sub-primary
range is characterised by slopes of up to 24 Hz nA�1. For frequencies above 100 Hz, the
slopes reach unphysiologically high values.
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Figure 3.7: a) Current-frequency relation of the simulated motoneuron (MN) pool. b) Slope
of the current frequency relation. Small MNs are shown in blue, and large MNs in red. Shown
is every tenth MN from a pool of 200 MNs.
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3.4.4 Limitations of the motoneuron pool model

As shown in the previous section, the motoneuron pool model qualitatively and quant-
itatively predicts many aspects of motoneuron behaviour. In this section, we discuss
the model’s limitations in terms of its comparability to experimental data and how well
the model represents the physiological system. The signi�cance of these limitations with
regard to the model applications is discussed in the respective chapters.

For all considered properties, the simulated motoneurons show a smaller range of values
than reported from experimental studies. However, the experimental data mainly rep-
resents a collection of values obtained from motoneurons of di�erent hindlimb muscles.
A physiological motoneuron pool is not expected to cover the entire range found across
muscles. When comparing the model behaviour to motoneuron recordings from humans,
it must be considered that the model was parametrised using cat data. Firing rates of
cat motoneurons are reported to be approximately 1.5 times faster than those of human
motoneurons (Manuel et al., 2019).

The motoneuron pool shows characteristic behaviour such as spike-frequency adapta-
tion and a partitioned current-frequency relation. However, the simulated motoneurons
produce unphysiologically high �ring frequencies for very large input currents. Instead
of stopping �ring or frequency saturation, as observed in experimental studies (Kernell,
2006), the motoneuron membrane potential permanently depolarises. This can be attrib-
uted to the model’s lack of an absolute refractory period. Consequently, the motoneuron
pool model should only be used with inputs leading to maximum �ring rates of less than
90 Hz.

The utilised model reduces the morphological complexity of the motoneuron into two
lumped compartments and only considers a subset of the ion channels found in motoneur-
ons. While the model can correctly predict many aspects of motoneuron activity, some
properties are not considered. Using a single dendrite compartment does not allow for
studying the e�ect of inputs delivered to di�erent parts of the dendritic tree. Further,
motoneuron dendrites contain voltage-gated ion channels, i. e., persistent inward currents
(PICs). PICs are assumed to be highly active during normal muscle contraction and
in
uence the current-frequency relation and recruitment of motoneurons (Binder et al.,
2020). Ca2+-mediated PICs can be included using, e. g., the approach by Elias and Kohn
(2013). Further compartments or ion channels can be included following e. g., Powers
et al. (2012).

The empirical approach developed by Hodgkin and Huxley enables the description of
graded ion channel opening and closing. More complex models consider the underlying
chemical reactions, but this is not necessary when studying motoneuron and not channel
behaviour. Approaches to model the ion channel behaviour are reviewed by Destexhe and
Huguenard (2000).

3.5 Representation of motoneuron input signals

Motoneurons receive many excitatory and inhibitory input signals from di�erent sources,
e. g., the motor cortex, sensory a�erents or spinal interneurons. With regard to a mo-
toneuron model, this raises the question of where to apply these inputs and how to
determine them. The �rst question is tackled using e�ective synaptic inputs, described
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in Section 3.5.1. The latter question is addressed by dividing the input into di�erent
components (Section 3.5.2).

3.5.1 The concept of e�ective synaptic current

As described in Section 2.3.1 motoneurons receive incoming signals via their dendrites.
98 % to 99 % of a motoneuron’s synapses are located on the dendrites (Fy�e, 2001).
The resulting postsynaptic potentials travel to the soma, changing their amplitude and
summing with other arriving potentials. Based on the observation that only potentials
eventually reaching the soma contribute to reaching the threshold for an action potential,
Heckman and Binder (1988) introduced the concept of the e�ective synaptic current. The
e�ective synaptic current corresponds to the current that arrives in the soma. Only this
current is relevant for recruitment and rate coding (Heckman and Binder, 1988).

In this work, we will generally inject currents into the soma compartment of the model
and assume that those are e�ective synaptic currents. The soma injected current corres-
ponds to Is

inj in (3.33).

3.5.2 Common and independent input

Motoneurons receive many inputs from di�erent parts of the nervous system. Some inputs
are shared amongst the pool, while others are individual to each motoneuron. Motoneur-
ons of the same pool receive a strong common input that mainly determines the muscle
force (Negro et al., 2016b). This common input was shown to contain frequency compon-
ents of approximately 15 Hz to 35 Hz and makes up the largest proportion of motoneuron
inputs (Conway et al., 1995; Halliday et al., 1998; Negro et al., 2016b). Other synaptic
inputs, which are unique to each motoneuron, decorrelate the motoneurons within a pool
and are, e. g., associated with recurrent or sensory pathways in the spinal cord (Maltenfort
et al., 1998). These inputs are also called independent inputs.

In motoneuron modelling studies, the input is commonly modelled as a constant mean,
which determines the force level and is common to all neurons of the pool. In addition,
common and independent noise components are added. Therefore, �ltered zero-mean
Gaussian noise can be used. The common noise is usually band-pass �ltered (15 Hz to
35 Hz) and the independent noise is low-pass �ltered (< 100 Hz). (e. g., Negro and Farina,
2011)
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4 Quanti�cation of Re
ex Responses
Using Peristimulus Analysis

Knowledge of information transmission through neural pathways is the basis for under-
standing their function in physiology and pathophysiology. Stretch re
exes are a class of
neural pathways fundamental to motor control. This chapter summarises the basic prin-
ciples of recording single motor unit activity in re
ex pathways, focusing on non-invasive
techniques that can be applied in vivo.

A re
ex describes the process of an a�erent signal from sensory organs being transmitted
to the central nervous system and evoking a rapid response (Pierrot-Deseilligny and Burke,
2005). Motor unit re
ex activity is used as a tool in many �elds. Thereby, the size
and duration of the re
ex response are used as a biomarker. Basic physiology research
utilises re
ex recordings to broaden the knowledge on the connectivity of spinal pathways
(e. g., Burke, 1999; Yavuz et al., 2018) and to estimate the (relative) size and time course
of postsynaptic potentials (PSPs) (for a review, see Powers and T�urker, 2010b). Re
ex
pathways are also used to investigate the physiology and pathophysiology of, e. g., ageing
and spasticity (e. g., Aloraini et al., 2015; Biering-S�rensen et al., 2006; Nadler et al.,
2002). Further, the size of di�erent re
ex responses is used for diagnosis, monitoring,
and treatment of di�erent diseases, e. g., stroke, spasticity, spinal cord injuries and other
neurological disorders of the brain (e. g., Chen et al., 2003; Cruccu and Deuschl, 2000;
Nadler et al., 2004).

Since motor unit re
ex responses cannot be directly recorded in vivo, researchers de-
veloped several indirect measurement techniques based on electromyogram (EMG) record-
ings. Peristimulus analysis has been established as a mode of representation and analysis
of the recorded data. Thereby, motor unit activity in the form of spike trains is analysed
with respect to the time of the re
ex stimulus.

This chapter overviews peristimulus analysis techniques for quantifying motor unit and
motoneuron re
ex responses. Section 4.1 provides a brief overview of the recording modal-
ities and Section 4.2 describes the methods of peristimulus analysis. Peristimulus analysis
can be applied to both excitatory and inhibitory re
exes and is used in Chapters 5, 6 and
7 of this work. Finally, Section 4.3 presents an algorithm that automatically determines
the re
ex size and that will be employed in Chapters 5 and 7 of this work.

4.1 Recording of motor unit re
ex responses

Di�erent experimental methods are employed to evoke and record stretch re
exes in vivo
(Figure 4.1). Direct recordings from human motoneurons in vivo are impossible. However,
every action potential of a motoneuron causes an action potential in the muscle �bres of the
respective motor unit. The sum of these single �bre action potentials is called motor unit
action potential and can be regarded as an ampli�ed version of the motoneuron activity.
This signal can be recorded using EMG. Two methodically di�erent recording modalities
are available. For intramuscular EMG, needle or �ne-wire electrodes are inserted into the
muscle (Figure 4.1C, Merletti and Farina, 2009). This method allows recording motor unit
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action potentials from a single or several motor units (Merletti and Farina, 2009; Muceli
et al., 2022). During surface EMG, electrodes are placed on the skin above the muscle
belly, where they record the summed activity of several motor units (Figure 4.1D, Merletti
and Farina, 2016). Sophisticated decomposition algorithms in combination with densely
packed grids of electrodes (high-density surface EMG) allow extracting the activity of
single motor units from this summed signal (e. g., Del Vecchio et al., 2020; Farina and
Holobar, 2016).

Re
exes can be elicited by presenting a supra-threshold stimulus to the appropriate
sensory organ. In this work, we focus on the stretch re
ex, which is evoked by mechanical
stimulation of muscle tissue. Muscle spindles react to the mechanical stimulus by changing
their activity, which, in consequence, modulates the a�erent input to �-motoneurons and,
�nally, muscle activity (Mace�eld and Knellwolf, 2018). Two methods are commonly used
to evoke the stretch re
ex. A mechanical stimulus can be applied to the muscle-tendon
unit, e. g., by enforcing a sudden movement of the joint (Figure 4.1A, e. g., Yavuz et al.,
2014). The joint movement mechanically translates into a stretch of the muscle �bres,
which the muscle spindles observe. An a�erent nerve transmits the sensory signal to
the motoneurons, where it causes an excitatory postsynaptic potential (EPSP) (Stau�er
et al., 1976; Watt et al., 1976). Alternatively, the re
ex can also be evoked by electrical
stimulation of the a�erent nerve (Figure 4.1B, e. g., Yavuz et al., 2018). Note that the
H-re
ex is not exactly analogue to the mechanically evoked re
ex due to the di�erences
in the stimulation modalities.

In re
ex experiments, subjects are usually instructed to maintain a certain level of
constant, isometric contraction of the target muscle. EMG sensors permanently record
the activity of the target muscle.

A

B

D

C
Signal 

processing
motor unit
spike trains

Figure 4.1: Schematic setup of a stretch re
ex experiment. The re
ex (green pathway) can
be elicited by either a mechanical perturbation of the corresponding joint (A) or electrical
stimulation of the a�erent nerve (B). The intramuscular (C) or surface (D) electromyogram
can record motor unit activity. Motor unit spike trains can be obtained from both recording
methods by applying appropriate signal processing methods. [modi�ed from Homs-Pons et al.
(2024) under CC BY 4.0]
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4.2 Peristimulus analysis of re
ex responses

In peristimulus analysis, a re
ex pathway is considered a stimulus-response circuit. That
means when the system is stimulated at one point, an e�ect can be measured at another
point and in temporal relation to the stimulus. For this reason, motor unit/motoneuron
activity is evaluated with respect to the stimulus time, which is usually de�ned as time
zero. Typically, a time window of 150 ms to 400 ms before and after the stimulus applic-
ation is considered. The prestimulus time period provides an estimate for the baseline
activity, which is used as a reference. After the stimulation, only the �rst 200 ms are
of interest for re
ex studies because later responses can theoretically be in
uenced by
voluntary actions (Kandel et al., 2013).

At the beginning of EMG-based re
ex studies, the re
ex strength was directly determ-
ined from surface EMG recordings. However, the surface EMG amplitude cannot be
directly correlated with the activity of single motoneurons (Keenan et al., 2006). Today,
we use spike trains of single motor units. The spike trains contain the time points of
the occurrence of action potentials and, thus, provide a direct correlate of motoneuron
activity. They can be obtained from surface and intramuscular EMG (Yavuz et al., 2015).
The spike trains are typically analysed by two means. The peristimulus timehistogram
(PSTH) shows the temporal occurrence of spikes with respect to the stimulus time, and
the peristimulus frequencygram (PSF) displays the instantaneous discharge frequency of
the spikes. Both methods are described in detail in Sections 4.2.1 and 4.2.2, respectively.

4.2.1 The peristimulus timehistogram (PSTH)

The PSTH is based on counting the occurrence of spikes in de�ned time bins with respect
to the stimulus time. Gerstein and Kiang (1960) �rst used the PSTH to describe the dis-
charge behaviour of neurons. They observed that appropriate stimuli change the temporal
distribution of neuron spikes. However, these changes occur with a certain variability and
latency and are thus di�cult to see in a spike train recorded from a single stimulation
experiment. The PSTH is constructed by counting the occurrence of spikes (or events) in
time bins of de�ned width and with respect to stimulus time (Figure 4.2). Thereby, the
stimulus time is de�ned as time zero. This process is repeated for several stimuli (usually
several tens or hundreds), and the spike counts are summed for all stimuli.

The PSTH re
ects the probability of a neuron to discharge with respect to the time of
the stimulus. In Figure 4.2, the PSTH of an example neuron is shown. The peak at time
zero indicates an increased �ring probability at the time of the stimulus. Considering
that an increased or decreased �ring probability is not automatically synonymous with
motoneuron excitation or inhibition is essential. Instead, synchronisation e�ects can also
lead to peaks or troughs in the PSTH (T�urker and Cheng, 1994). The limitations of
PSTH are discussed in detail in Section 4.4.1.

4.2.2 The peristimulus frequencygram (PSF)

The PSF is a scatter plot of the instantaneous discharge frequency of spikes with respect
to the stimulus time. Bessou et al. (1968) �rst introduced it to analyse muscle spindle
activity. T�urker and Cheng (1994) �rst applied this technique to motor units in re
exes.
As in the PSTH, a pattern becomes visible when adding several tens or hundreds of spike
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Figure 4.2: Visualisation of peristimulus analysis. a) Single motor unit spike trains from N
re
ex experiments. b) In the peristimulus timehistogram (PSTH), every motor unit spike is
re
ected by an event count relative to the stimulus time. c) In the peristimulus frequencygram
(PSF), the instantaneous frequency of every spike is plotted with respect to the stimulus time.
The stimulus time corresponds to time zero. Counts and frequencies of n spike trains are overlaid
in the same plot to recognise an activity pattern.

trains to the scatter plot (Figure 4.2). The PSF assumes a positive relation between a
motoneuron’s discharge frequency and the net current reaching its soma (Heckman and
Binder, 1988; Powers and Binder, 2007; Powers et al., 1992; Schwindt and Calvin, 1973).
Under this assumption, any signi�cant change in the PSF re
ects the sign and pro�le
of the net input current. Consequently, the PSF can distinguish between a change in
motoneuron activity and motoneuron synchronisation (T�urker and Cheng, 1994; Yavuz
et al., 2014). Thereby, it overcomes the limitations of the PSTH (see Section 4.4.1).

Note that also other frequency-based methods were proposed in the literature, e. g., the
interspike interval superposition plot (IISP, e. g., Awiszus et al., 1991). This method
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plots the duration of the interspike interval with respect to the stimulus time. Since the
duration of the interspike interval is the reciprocal of the frequency, the IISP provides
the same information as the PSF, whereby a decrease in the IISP is correlated with an
increase in input current.

4.2.3 The cumulative sum (CUSUM)

Quanti�able biomarkers, which can be extracted from re
ex responses, are e. g., the re
ex
amplitude, latency and duration. Obtaining those values requires uni�ed criteria for
determining the beginning and end of a re
ex response (Lavigne et al., 1983). Today,
the respective cumulative sums (CUSUM) of the PSTH and PSF are mainly used for this
purpose. The CUSUM method is widespread to visualise small but persistent trends that
are not easily visible in the raw data. Ellaway (1978) �rst applied the CUSUM method
in neuroscience.

To obtain the CUSUM of the Nth value a reference value k is subtracted from each
value yi in the histogram and the resulting values are summed consecutively (Ellaway,
1978):

S(N) =
NX
i=1

(yi � k) : (4.1)

Usually, the prestimulus mean value is used as the reference value k.
Any de
ection of the CUSUM S from zero indicates a di�erence from the prestimulus

mean activity. In detail, values are permanently higher than the prestimulus mean as long
as the CUSUM increases. Accordingly, the values are lower than the prestimulus mean
as long as the CUSUM decreases. Thereby, the slope of the CUSUM curve corresponds
to the di�erence between the current value and the reference value.

Normalising the CUSUM by the number of delivered stimuli (No: of Stim) gives a metric
that can be used to compare experiments. Consequently, the CUSUM is ususally provided
in units of counts=No: of Stim for the PSTH and Hz=No: of Stim for the PSF, respectively.
Alternative but equivalent units are, e. g., counts/PSP or counts/trigger.

Based on the CUSUM, T�urker et al. (1997) de�ned a signi�cance threshold for re
ex
responses. The largest absolute prestimulus de
ection from zero was used as a symmet-
rical error box, i. e., as a threshold in the positive and negative direction. Poststimulus
de
ections of the CUSUM that exceed this error box in either direction are accounted as
signi�cant re
ex responses.

Building on the error box approach, Brinkworth and T�urker (2003) introduced the
turning points of the CUSUM as indicators for the onset and the end of a re
ex response.
In detail, not the crossing of the error box determines the onset of the re
ex response, but
the point where the CUSUM begins to rise/decrease to exceed the error box (Figure 4.3).
Accordingly, the end of the re
ex is where the sign of the slope changes again. Although
the method introduced by Brinkworth and T�urker (2003) was intended for automatic
evaluation, manual evaluation is the current gold standard. Re
ex onset and end often
deviate from the mathematical de�nition of a turning point when it seems appropriate to
the examiner.

The re
ex onset and end in the PSTH- and PSF-CUSUM determine the characteristic
values of a re
ex response. The re
ex latency corresponds to the time di�erence between
the stimulus and the re
ex onset. Accordingly, the re
ex duration corresponds to the
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time di�erence between re
ex onset and end. The di�erence of the CUSUM values at
re
ex onset and end equals the re
ex amplitude (Figure 4.3).
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Figure 4.3: Example of how the re
ex amplitude is determined manually from the cumulative
sum (CUSUM) of the peristimulus timehistogram (PSTH) and the peristimulus frequencygram
(PSF). a) PSTH of a re
ex response. b) PSTH-CUSUM. c) PSF of a re
ex response. d) PSF-
CUSUM. The re
ex onset is marked with a star (�), and the re
ex end is marked with a cross
(�). The re
ex amplitude corresponds to the di�erence in the CUSUM at re
ex onset and end
(arrow). Time zero corresponds to the time of the stimulus application.

4.3 Automatic evaluation of re
ex amplitudes

In experimental studies, the re
ex amplitudes are usually determined manually from the
PSTH and/or the PSF and the respective CUSUMs. For EMG signals, in contrast, there
exist numerous approaches for automatic detection of the re
ex onset (e. g., Staude and
Wolf, 1999; Vaisman et al., 2010). The turning point method, described in Section 4.2.3,
was initially introduced as an automatic method to quantify re
ex responses from EMG
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signals (Brinkworth and T�urker, 2003). Nevertheless, manual determination became the
standard when applying the method to peristimulus data. In this work, the re
ex amp-
litudes of several hundred motoneurons are evaluated under numerous experimental con-
ditions. A manual evaluation is not suitable for this purpose.

This section describes and compares two algorithms for determining the re
ex amp-
litude. An expert researcher from the �eld veri�ed the results. Additionally, a semi-
automated validation procedure is introduced, which will be used for the investigations
in Chapter 5.

4.3.1 Algorithms for determining the re
ex amplitude

We present two algorithms for the determination of the re
ex amplitude. Both algorithms
are based on peristimulus analysis and can determine re
ex amplitudes from both the
PSTH- and the PSF-CUSUM. The algorithms take the PSTH, the PSF and the number
of delivered stimuli as inputs. Thereby, the bin size of the PSTH and the pre-and post-
stimulus periods are determined from the input data. Then, the CUSUM is computed
from both the PSTH and the PSF, using Equation (4.1) and the prestimulus mean value
as a reference value. The prestimulus mean value �y is calculated from

�y =
1

N

NX
i=1

yi ; (4.2)

with N values from the prestimulus time period (t < 0). To reduce small de
ections
from the PSF-CUSUM, only the last CUSUM value per 1 ms time bin is considered
(Figure 4.4c). The PSTH- and the PSF-CUSUM are normalised by the number of stimuli.

The threshold for a signi�cant re
ex (error box) is calculated for the PSTH and the
PSF as the maximum absolute de
ection of the CUSUM from zero during the prestimulus
time (T�urker et al., 1997). Both presented algorithms use the slope of the CUSUM to
determine the re
ex onset and end. Since the CUSUM is a discrete quantity, the slope
of the CUSUM _S is approximated by the di�erence between adjective elements of the
CUSUM vector S. If the CUSUM is of length N , the approximation of the slope yields

_S � [S(2)� S(1) S(3)� S(2) ::: S(N)� S(N � 1)] : (4.3)

The onset and the end of the re
ex response can now be obtained from the CUSUM
and its approximated slope. Therefore, two di�erent methods are applied. The �rst
approach determines the turning points of the CUSUM to mimic the manual evaluation
process closely. The second approach uses the size of the CUSUM slope to indicate a
re
ex response’s beginning and end.

Re
ex amplitude determination based on the CUSUM turning points

The so-called turning points often serve as an orientation during the manual evaluation
of the re
ex amplitude (Brinkworth and T�urker, 2003). As shown in Figure 4.3, the point
where the CUSUM begins to rise/decrease to exceed the signi�cance threshold marks the
beginning of the re
ex response. Similarly, the following point where the CUSUM changes
its slope marks the end of the re
ex response.
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In the evaluation algorithm, the CUSUM’s �rst execution of the signi�cance threshold
is chosen as a starting point. From there, the previous and the following changes in the
CUSUM slope are determined. These are the turning points, and the re
ex amplitude is
determined as the di�erence between the CUSUM values of the turning points.

Re
ex amplitude determination based on the CUSUM slope

The second method uses the slope of the CUSUM, i. e., the \steepness" of the re
ex re-
sponse, as the indicator for the re
ex onset and end. Therefore, a threshold is determined,
similar to the CUSUM error box. The largest absolute de
ection from zero of the ap-
proximated slope of the CUSUM de�nes the re
ex threshold, and any point above the
threshold is considered to be part of the re
ex response.

Figure 4.4 visualises the procedure. First, the algorithm searches the poststimulus time
of the CUSUM slope for values exceeding the threshold. If found, the �rst such point
marks the onset of the re
ex response (Figure 4.4, 1.). The next sub-threshold value of
the CUSUM slope marks the end of the re
ex response (Figure 4.4, 2.). The algorithm
veri�es that the CUSUM values of the detected re
ex response exceed the CUSUM error
box and con�rms that the response is a signi�cant re
ex (Figure 4.4, 3.). If the re
ex
response is approved, the re
ex amplitude is computed as the di�erence of the CUSUM
values at the re
ex onset and end (Figure 4.4, 4.). If the re
ex response is not approved,
the motoneuron is discarded from the analysis.

4.3.2 Assessment of the performance of the algorithms

The re
ex amplitudes determined with both algorithms are shown for one exemplary
simulation with 200 motoneurons in Figure 4.5. The amplitudes determined by the two
algorithms are di�erent in most cases. The re
ex amplitudes are generally higher with
the turning point algorithm. This trend is more striking for the PSF than the PSTH.
The mean re
ex amplitudes determined from the PSTH-CUSUM with the slope and turn-
ing point algorithms are 0:3 counts=No: of Stim and 0:319 counts=No: of Stim, respectively.
The mean re
ex amplitudes determined from the PSF-CUSUM with the slope and turning
point algorithms are 1:061 Hz=No: of Stim and 1:336 Hz=No: of Stim, respectively.

Figure 4.6 shows the re
ex onset and end determined manually and with the di�erent
evaluation methods. The re
ex onset and end di�er according to the two methods. In the
PSTH-CUSUM, the re
ex onset is determined earlier with the turning point algorithm,
while the end is detected earlier with the slope algorithm. Consequently, the re
ex amp-
litude is larger with the turning point algorithm. However, the di�erence in amplitude is
negligible compared to the size of the error box. The manual evaluation coincides with
the turning point method.

In the PSF-CUSUM, the slope algorithm also detects a later onset and an earlier end
and, thus, a smaller amplitude than in the manual evaluation. For the re
ex onset, the
turning point algorithm and manual evaluation coincide, while for the end, the time point
determined by the turning point algorithm is signi�cantly later and at a higher CUSUM
value than with the slope algorithm or according to manual evaluation. Consequently,
the re
ex amplitude determined with the turning point algorithm is signi�cantly larger
than in the manual evaluation.

An expert researcher from the �eld, who published several studies using the re
ex
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Figure 4.4: Visualisation of the algorithm using the CUSUM slope to determine the re
ex
amplitude. Shown are the PSTH-CUSUM (a), its slope (b), the PSF-CUSUM (c) and its slope
(d), all for an exemplary motoneuron. 1. The re
ex onset corresponds to the time when the
slope of the CUSUM exceeds the threshold. 2. The re
ex end corresponds to the time when
the slope of the CUSUM returns to values below the threshold. 3. The CUSUM values must be
ensured to exceed the threshold for signi�cant re
exes. 4. The re
ex amplitude is determined
as the di�erence between the CUSUM values at the re
ex onset and end.

amplitude, favours the slope method over the turning point method for two reasons: (i) it
is more robustly applicable to the PSF-CUSUM and (ii) the steep increase in CUSUM is,
from a physiological point of view, a better marker for the re
ex onset than the onset of
a positive slope of any value before exceeding the signi�cance threshold (turning point).
If the increase in CUSUM at the beginning of the re
ex is small, it cannot be ensured
that this increase is related to the re
ex stimulus. By de�ning a slope threshold, random
increases in motoneuron activity as they appear during the baseline are not considered
re
ex responses.

In summary, the slope algorithm was rated superior to the turning point algorithm.
Therefore, the slope algorithm is used to evaluate the simulation results.
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Figure 4.5: Re
ex amplitudes determined with turning point (green) and slope (blue) al-
gorithm. Re
ex amplitudes determined from PSTH (a) and PSF (b). Results are shown for
200 motoneurons, numbered from smallest to largest. Note that not all 200 motoneurons show
a signi�cant re
ex amplitude.

4.3.3 A semi-automated validation method for re
ex amplitudes

A semi-automated assessment is adopted to exclude wrong assignments of re
ex amp-
litudes. First, an automated exclusion of motoneurons is executed, followed by a visual
inspection of the detected re
ex responses. Thereby, the plausibility of the re
ex re-
sponses is rated based on the re
ex latency, i. e., the re
ex onset time with respect to the
stimulus.

In the analysis, only regularly �ring motoneurons are included. We ensure this by
excluding motoneurons with a mean baseline discharge frequency of less than 7 Hz or a
coe�cient of variation of the baseline interspike interval of more than 35 %. The coe�cient
of variation is de�ned as the ratio of the standard deviation to the mean. Further, re
ex
responses are automatically excluded when the re
ex onset is outside a time window of
[�5 ms; 15 ms] around the stimulus time. Since we do not consider conduction delays, we
can be sure that the re
ex response must occur in this time period.

The remaining motoneurons are visually inspected. For every simulation, graphs show-
ing the detected re
ex responses are examined. In detail, the PSTH- and the PSF-
CUSUMs are plotted together with the corresponding re
ex onset and end for 20 mo-
toneurons in each graph (Figures 4.7 and 4.8). Motoneurons with a re
ex response that
is not a short-latency response are manually excluded. In the example of Figure 4.8,
motoneurons 110, 114 and 115 should be excluded.

The slope algorithm and the semi-automated inspection of the resulting re
ex amp-
litudes were applied to all simulations performed for Chapter 5. In short, the simulations
mimic the monosynaptic stretch re
ex by injecting excitatory current kernels into a pool
of 200 motoneurons. The motoneurons were simulated using the model described in Negro
and Farina (2011) and Section 3.4, respectively. Di�erent baseline activities and di�erent
stimulus amplitudes were used. For a more detailed description of the simulations, see
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Figure 4.6: Comparison of the re
ex onset and end determined with di�erent evaluation meth-
ods. Shown are the PSTH-CUSUM (a) and its slope (b), as well as the PSF-CUSUM (c) and
its slope (d). The re
ex onset is marked with an asterisk (�), and the re
ex end is marked with
a cross (�) for the slope algorithm (green), the turning point algorithm (blue) and the manual
evaluation (pink). Note that the PSTH and the PSF examples stem from di�erent motoneurons.

Section 5.1.
In total, 42 simulations were performed. The algorithm determined re
ex amplitudes

from PSTH-CUSUM for 9056 motoneurons. Only one motoneuron was removed after
visual inspection, corresponding to 0.01 % of the motoneurons. The algorithm detected
8276 motoneurons with a signi�cant re
ex response in the PSF-CUSUM. From these,
40 motoneurons were discarded after visual inspection, corresponding to 0.48 % of the
motoneurons.

The algorithm performed worst for simulations with a high background activity and a
relatively low stimulus intensity. In one speci�c simulation, only 100 stimuli were applied
(usually 200 stimuli were applied). In this simulation, we discarded one re
ex response
from the PSTH-CUSUM and ten out of 20 PSF-CUSUM re
ex amplitudes. Across all
other simulations, we never removed more than four re
ex amplitudes from the PSF-
CUSUM. When the noise input to the motoneurons was omitted in the simulations, all
re
ex amplitudes were approved.
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Figure 4.7: Example for the visual inspection of re
ex amplitudes determined from the cu-
mulative sum of the peristimulus timehistogram (PSTH-CUSUM). Shown are motoneurons 101
to 120 of a pool of 200. The red asterisk marks the re
ex onset, and the red cross marks the
re
ex end. Peristimulus time in ms is shown on the x-axes and y-axes show PSTH CUSUM in
counts=No: of Stim.

4.4 Discussion

The assessment of motoneuron re
ex amplitudes in vivo relies on indirect methods based
on recorded motor unit spike trains. The spike trains are commonly analysed using
peristimulus analysis. We presented two modes of peristimulus analysis: the PSTH and
the PSF. The limitations of these methods are discussed in Section 4.4.1.

Systematic investigations of re
ex responses using computer simulations require an
automated evaluation method. We presented and assessed two algorithms determining
the re
ex amplitude. The outcomes and implications for future studies are discussed in
Section 4.4.2.

4.4.1 Limitations of peristimulus analysis

Several studies showed that secondary and later peaks and troughs in the PSTH can be
caused by synchronisation of the neurons with respect to the stimulus (Awiszus et al.,
1991; T�urker and Powers, 1999, 2003; Yavuz et al., 2014). When an excitatory stimulus
causes an action potential, the motoneuron will, from then on, discharge action potentials
at multiples of the current interspike interval. Thus, secondary and later peaks in the
PSTH can erroneously be interpreted as medium- or long-latency components of the
re
ex response. Something similar can happen after an inhibitory stimulus. By delaying
the action potential, the inhibitory stimulus synchronises the motoneurons, which results
in a peak in the PSTH. This peak might be misinterpreted as a period of excitation
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Figure 4.8: Example for the visual inspection of re
ex amplitudes determined from the cumu-
lative sum of the peristimulus frequencygram (PSF-CUSUM). Shown are motoneurons 101 to
120 of a pool of 200. The red asterisk marks the re
ex onset, and the red cross marks the re
ex
end. The area with the marks is enlarged for motoneuron 110. Peristimulus time in ms is shown
on the x-axes and y-axes show PSF CUSUM in Hz=No: of Stim. Missing red marks indicate that
no signi�cant re
ex response was detected for motoneurons 116 to 120.

even though an inhibitory postsynaptic potential (IPSP) was applied (Moore et al., 1970;
T�urker and Powers, 1999). The same problem applies to using the CUSUM obtained from
the PSTH (T�urker and Powers, 2003). Consequently, the PSTH can only provide reliable
information on the short-latency component of a re
ex response.

After its introduction, it was proposed that the PSF method is free of the errors associ-
ated with probability-based methods as the PSTH (T�urker and Cheng, 1994). Over time,
it has been shown that the PSF is also a�ected by history-dependent events. T�urker and
Powers (1999) showed that the second spike after applying a PSP can still be in
uenced.
In detail, depending on the timing of the PSP with respect to the last discharge, the
second spike after an EPSP can be discharged with a lower frequency than the baseline
activity. Accordingly, the second spike after an IPSP can show a history-dependent in-
crease in �ring rate. T�urker and Powers (1999) suggested that these secondary e�ects
can be explained by the summation of the conductance underlying the post-spike afte-
rhyperpolarisation. In contrast to the synchronisation errors in the PSTH, this e�ect is
real and does re
ect actual motoneuron membrane characteristics. However, it has to be
considered that this e�ect does not re
ect further arriving PSPs.

Studies comparing the discussed methods suggest considering both the PSTH and the
PSF and the CUSUM of both metrics (T�urker and Powers, 1999, 2003). Nevertheless,
recently, T�urker (2022) challenged an article published a year earlier that claims to have
discovered a new �ring characteristic of motoneurons based on a secondary peak in the
PSTH. However, they did not show the PSF, which could have provided further insight.
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