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Abstract

Muscle spindle primary afferents have been well characterized in cats. Many
models have been introduced over the past four decades that attempt to
quantitatively describe their firing rate response. Up until now, these models have
only been tested against cat data. The goal Qf this study was to determine whether
any of the six well-known cat muscle spindle primary afferent models can
generalize to predict data in response to Auman movement. Data from eight
human afferents was previously recorded while subjects performed a centre-out
task. These recorded firing rates were compared to the predictions of the models
in response to the same movement. It was found that three of the six models
predict human primary afferent responses quite well, and these are the same three
models that are the best predictors of cat data. From these results it can be

inferred that cat and human primary afferents share similar response properties.
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Chapter 1. Introduction and Motivation

1.1 Big picture

The human nervous system can be considered the most complex control system
known to man. Since it is at the core of our being and functioning, the desire to
understand its complexities is enormous. Further to the pursuit of knowledge,
there are many immediate applications that understanding the nervous system can
bring. Even with the limited present knowledge, interventions have already been
developed to help in many neurological diseases including alleviating tremors in
Parkinson’s patients by deep brain stimulation (Breit et al. 2004), correcting ‘foot
drop’ (Lyons et al. 2002), and restoring other lost motor function using functional
electrical stimulation. The nervous system controls the function of all
physiological systems in the body, including respiratory, endocrine,
cardiovascular, muscular, and digestive systems. This thesis focuses on the
sensorimotor system, which interprets sensation from muscles, tendons, joints and

skin, and controls movement via muscular contractions.

Basic science perspective

Currently, interest in the realm of the sensorimotor nervous system is strong.

Intact motor control is crucial for everyday movements and therefore the
outcomes of research in this area have applications in rehabilitation from acute

injury, and congenital and degenerative diseases. The somatosensory system goes
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hand in hand with proper functioning of the motor system since reflexes and
proprioception are necessary components for smooth motion, and constitute an
integral part of the cpntinuous sensorimotor feedback loop. Investigations in this
field are closing in on gaps in our understanding of locomotion, reflexes,
voluntary movement, development and learning. Afferent sensation from the
sensorimotor system, namely proprioception derived from muscle spindles, will
be the spotlight for exploration in this thesis.

Why is it that we can easily guide our hand to touch our nose with closed
eyes? If our sense of arm position still exists without visual clues, there must be
something internal in our bodies keeping track of where we move. This sense of
our own position is called ‘proprioception’ and is crucial in allowing us to
precisely and accurately move through space without conscious effort.
Proprioception is derived from specialized receptors in skin, joints, muscles and
tendons that constantly provide sensory feedback to the nervous system in
response to movement. When muscles move, sensory organs called 'muscle
spindles' are activated and send signals related to the state of the muscle to the
central nervous system. These responses are crucial to the brain's knowledge of
where each limb is in space, and contribute to one's ability to balance and make
movements without difficulty.

The aim of this study is to gain a greater understanding of neural encoding
from muscle spindles during movement. A large proportion of experimental
recordings of muscle spindle afferents have been done in animals, mostly cats.

However, with the advent of human microneurography in the late 1960’s, insight
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into the workings of human muscle spindles began to emerge. At the same time
that human microneurography began gaining momentum, the development of
quantitative models based on cat muscle spindle physiology started (Matthews
and Stein 1969) and continued over the next three decades (Chen and Poppele
1978; Hasan 1983; Houk et al. 1981; Prochazka and Gorassini 1998a; b; Scott and
Loeb 1994). To date, the mathematical models of muscle spindle primary
afferents have only been tested with data sets acquired in acute and chronic cat
experiments (Prochazka and Gorassini 1998a; b). It is our conviction to test
whether these cat models can generalize to data collected in human studies.
Similarities in general response characteristics to muscle stretch have been noted
between cat and human afferents, alongside a glaring difference in background
firing rate. However, direct comparison between the species has never been
made. This is mainly because protocols for cat and human experimentation are
very different, and therefore similar movements at the same speed never been
performed in both species during afferent recordings. We have specifically
addressed this issue by levelling the playing field and comparing responses during
exactly the same simulated movement. To achieve this we used six
computational models of cat muscle spindle primary afferents to generate
hypothetical cat afferent responses to the same movements generated during
human recordings.

From a broader perspective, this study focuses on understanding the
sensory mechanisms during movement. Not only does sensory information from

muscle spindles contribute significantly to proprioception (Cohen 1999), but they
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also provide important feedback needed when learning a new motor task. These
results will contribute to breaking the barrier towards a deeper understanding of

neural communication, especially in the sensory nervous system.

Clinical relevance

Loss of motor control can be a devastating result of ‘neurotrauma’: damage to the
nervous system usually as a consequence of brain or spinal cord injury. Spinal
cord injury occurs in 15 to 40 people per million usually as a result of sports
injuries, motor vehicle accidents, and workplace injuries (Sekhon and Fehlings
2001). Brain and spinal cord trauma affects primarily young people, and living
without motor function for the rest of their lives is daunting and depressing.
Stroke is another common cause of lost motor control, resulting from the death of
brain tissue. Some stroke patients have compromised sense of proprioception.
Annual incidence rates for stroke is between 300 and 500 people per 100 000 in
the age range of 45 to 84 years (Sudlow and Warlow 1997). Those living without
control over their own movement have difficulty performing the simplest of daily
tasks such as grasping or walking, and would therefore see a great improvement
in quality of life from any restoration of function.

Current techniques such as functional electrical stimulation and neural
prosthetics interact with the nervous system of an injured patient by triggered
electrical stimulation of motor nerves, activating a muscle indirectly. The trigger
can come from a number of sources including direct input from the user (e.g. by

pushing a button), a signal from an undamaged peripheral nerve, or a mechanical
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stimulus such as a force sensor on the heel of the foot. Once the trigger goes off,
an electrical stimulus will be delivered to the desired muscle or prosthetic causing
contraction or pre-programmed movement respectively. Although these
techniques are of great value, they usually result in unnatural, jerky movements.
There is also a lack of sensory information coming from the injured limb to the
central nervous system, and the generated movement is only perceived by visual
feedback and an a priori knowledge that the device is in use. In an effort to allow
for more natural movements, an area of current development is the incorporation
of sensory feedback from proprioceptors, or artificial proprioceptor-like sensors
(Gandevia 1996; Prochazka 1996; Stein et al. 2004). This will be the first
modeling study on human muscle spindles. Muscle spindle afferents are important
proprioceptors, and are unique as biological sensors because their transduction
properties are modulated in real-time or a priori given the context of movement
by the CNS through fusimotor efferents(Kandel et al. 2000). From a clinical
perspective, we hope that the knowledge gained from our study of the sensory
coding scheme in muscle spindles will be important for implementation of
rehabilitation in humans as well as for developing biomimetic prosthetics. The
ultimate goal of research like ours is to gain a thorough understanding of the
actual neural encoding pattern used during closed-loop motor control in order to

directly communicate with the nervous system in its own language.
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Unanswered research questions addressed in this thesis

The CNS uses information from proprioceptors to decode exactly what movement
has been made. Prior knowledge of how neural firing rate is encoded is necessary
for decoding purposes. Currently there exist predictive models based on muscle
spindle response in cats that can determine firing rate according to length and
velocity of muscle stretch (Chen and Poppele 1978; Hasan 1983; Houk et al.
1981; Matthews and Stein 1969; Prochazka and Gorassini 1998b). These models
have been proven to be effective in fitting data during very controlled cat
movements and also fit firing rate profiles during natural cat locomotion
(Prochazka and Gorassini 1998b). The role of these models in predicting human
data has never been elucidated, and that constitutes the major goal of this thesis:
Do cat models predict human muscle spindle afferent response during movement?
The underlying question is clear but a meaningful method of evaluation of
the models is less obvious. The traditional way of evaluating the fit of a model is
to use a least-squared linear regression. Although this provides one measure of
‘goodness of fit’, the error is based on residuals rather than a physiological
inaccuracy. Therefore, the more subtle question that is posed in this thesis is: Do
the cat models predict physiological measures of human muscle spindles? If so,
which of these measures is best represented in each model? The physiological
measures that will be tested are instantaneous (temporal) fidelity, dynamic and
static indices, mean firing rate, and directional tuning. All measures are weighted

equally in our evaluation; the measure(s) of most significance in the central
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nervous system is not clear and thus we do not attempt to put more or less
importance on any one measure.

There is one clear discrepancy between the cat and human data that is the
high level of background firing rates in cats (50 to 110 imp/s), and the much
lower activity found in humans (8-12 imp/s). The difference is speculated to arise
from a high level of tonic gamma static motor neuron activity in cat experiments
(Prochazka and Gorassini 1998a; b). Although this has not been confirmed as the
differentiating factor between cats and humans, neither static nor dynamic
fusimotor activity has been included in our simulations and thus this will not be
explored. Model evaluations will be done after simply subtracting an offset to
bring the baseline down to the order of human rates.

Our emphasis is on a first order assessment of the applicability of these
models to human data, in the hopes that these models can one day be useful in
clinical human neurorehabilitation. Our hypothesis is that cat and human spindles
are similar enough in morphology that the current predictive models will be
transferable to humans albeit with limited accuracy given that they were

developed from a limited dataset from another species.

1.2 Primary methodological approach in the thesis

A brief overview of the experimental protocol is delivered in this section. Details

will be provided later in the full-length Methodology section.
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Experimental Data

The experimental data in this thesis were obtained in previous studies (Jones et

al., 2001). Microneurographic recordings of muscle spindle afferents were done
while subjects performed a centre-out task. Eight primary spindle afferents from
the ECR (extensor carpi radialis) muscle were chosen for inclusion in this study.
The kinematic movement trajectory of the hand in 3D space was simultaneously

captured.

Modelling

The human data was compared to the predictions of six cat muscle spindle
primary afferent models (Chen and Poppele 1978; Hasan 1983; Houk et al. 1981;
Matthews and Stein 1969; Prochazka and Gorassini 1998a; b). Using Matlab
simulation software, the six models were implemented as found in the Prochazka
and Gorassini study, with the same parameters that gave the best fit to the
ensemble firing rate for nine hamstring spindle primary afferents during normal
locomotion in chronic cat experiments (Prochazka and Gorassini 1998b). We do
not consider the effect of fusimotor drive in our study. The kinematics
corresponding to the human data were averaged and converted to ECR muscle
stretch using a tendon excursion model of the wrist (Loren et al. 1996). These
simulated muscle stretches, corresponding to the human movement during the
centre-out task, were input into the spindle afferent models to produce predicted

firing rates that could then be compared to the recorded human rates.
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Analysis

The six model predictions were compared to the ensemble human recordings.
Correspondence between qualitative characteristics of firing patterns were noted
as the general shape of the instantaneous firing rate time course was similar in
both human and model spindle afferents to each centre-out target. A root mean
square error between each model and the human data was then computed for five
physiologically relevant categories: préferred direction, sharpness of tuning,
temporal similarity, dynamic index, static index. All quantitative measurements
are reported to identify the strengths and weaknesses of each model. A final
ranking order of the ‘predictive ability’ of the six models is produced by

collapsing the performance in each category to one overall score for each model.

1.3  Thesis organization

The thesis is organized into chapters. The following chapter (Background and
Literature Review) is the longest and contains an introduction to basic concepts
that are crucial to understanding this study. Proprioception, muscle spindles, cat
afferent models, and analysis methods are discussed in more detail in that section.
Chapter 3 is the Methodology, and briefly goes over the experimental paradigm
and outlines in detail how the analysis was performed. The Results section,
Chapter 4, concisely lays out the qualitative and quantitative comparisons made
between the models and ensemble human data, using figures and tables to
illustrate and summarize results. The Discussion in Chapter 5 attempts to

interpret the results in context of current scientific knowledge, with a particular
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focus on comparing these human-based results to those found in the Prochazka
and Gorassini cat based study (Prochazka and Gorassini 1998b). Finally, the
Appendix is included for those readers interested in the details of implementation

of the muscle spindle models in the Matlab/Simulink environment.

10
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Chapter 2. Background and Literature Review

This section will outline background material pertinent to the thesis. The sense of
proprioception and muscle spindles will be discussed in the context of anatomy
and physiology with reference to important scientific findings in the literature. A
summary of each spindle model analyzed in the thesis will also be presented,
along with specific methods of data analysis and details of the experimental

paradigm.
2.1 Proprioception

A Sixth Sense

Proprioception is often referred to as our ‘sixth sense’. The term was first coined
by Nobel laureate Sir Charles Sherrington in the early 20" century (Smetacek and
Mechsner 2004) and is often used interchangeably with the word kinaesthesia. It
describes the sensation of knowing where our limbs are in space; this normally
occurs without conscious thinking. Even when visual perception is removed our
sense of position remains, supporting the idea that proprioception is an
autonomous internal sense. Without this, one would find it very difficult to
balance or make voluntary movements because there would be no sense of initial

limb position from which to derive the desired movement. Proprioception, in
conjunction with the perceptions from the vestibular and visual systems, provides

the necessary control feedback to stand up straight without falling over.

11
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Sensation is traditionally thought to originate from external stimuli, which
activate specialized receptors that send signals to the brain to be centrally
processed. For example, photoreceptors on the retina translate light into neural
signals which the brain processes as vision, cutaneous receptors in the skin
respond to touch, the cochlea responds to auditory stimuli and so on. In the case
of proprioception, instead of external stimuli, proprioceptors respond to internal
changes of our own body, such as muscle or skin stretch, or joint movement.

Most people who suffer loss of proprioception also have motor deficits,
usually as a result of stroke, spinal cord, or brain injury. Furthermore, stroke
patients with somatosensory deficits recover motor function slower that those
without (Reding and Potes 1988). The extent of the sensory and motor deficiency
is dependent on the site of the injury. Although rare, it is possible to have a
generalized purely somatosensory deficit, although the origins of such diseases
are not well classified. Examples of patients who have suffered major
proprioceptive deficit include lan Waterman who completely lost the ability to co-
ordinate movement after a viral infection (Cole 1995), and Christina, the
disembodied lady described by Oliver Sachs who felt completely disconnected
from her own limbs (Sachs 1985). Both of these individuals were able to regain
some control over their body, but only after meticulous training in usage of their
visual system to compensate for their sensory loss.

So exactly where are these sensory receptors that generate proprioception
located, and what is the evidence that they exist? This question will be addressed

in the next section.

12
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Types of Proprioceptors

From the 1960’s through the 1980’s there was an ongoing discussion as to which
internal receptors were responsible for relaying information about movement to
the central nervous system. Three possible mechanoreceptors had been identified;
those in the skin (cutaneous receptors), joints (joint receptors) and muscle (muscle
spindles) all seemed plausible.

Historically it had been thought that joint receptors were the main sensors
involved in proprioception. However in 1972 a novel experiment challenged this
view when differences in sensations derived from excitation of muscle and joint
receptors were evaluated (Goodwin et al. 1972a). Vibration over the tendon of a
muscle is known to have the ability to excite muscle spindle afferents. Ina
matching task, blindfolded subjects were asked to use their right arm to track the
position of the left arm, which had been moved passively by the experimenter.
When the biceps of the right arm was vibrated, the error in tracking prediction
would increase such that the biceps of the tracking arm was stretched in relation
to the reference arm. The same experiment done with vibration over the joint did
not produce these errors in prediction. This was indicative that muscle spindle
activation could provide illusory sensations of muscle stretch while activation of
joint receptors did not seem to distort proprioceptive perception (Goodwin et al.
1972a). Furthermore, anaesthesia of joints and skin still allowed for movement
detection of the affected limbs, presumably due to feedback from still functioning

muscle spindles (Goodwin et al. 1972b).

13
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These experiments do not however completely exclude the role of joint
and cutaneous receptors in kinaesthesia. When muscle spindles are the only
afferents available, although movement is detected, prediction of limb position is
significantly compromised in comparison to when all three receptors are
functioning (Gandevia et al. 1983; Gandevia and McCloskey 1976). It is likely
that joint and cutaneous receptors serve to facilitate information from the muscle
spindles, especially at the extremes of joint rotation when the slowly adapting
joint and cutaneous receptors are most active (McCloskey 1995).

Another sensory organ in the muscle, the Golgi tendon organ (GTO), was
not included in the above discussion for specific reason. GTOs are found at the
junction between tendon and muscle and are thus in series with muscle. They only
respond when the muscle is tense or contracted, requiring voluntary muscle
activation for a response. Therefore since feedback information is only available
during voluntary (active) rather than involuntary (passive) movements, GTOs
would not provide the complete picture necessary for proprioception. Rather,
they serve as a good mechanism to track the tension in the muscle, which is
proportional to the voluntary motor drive of the central nervous system to the

muscle in question (Stein 1980).

2.2 Muscle Spindles

This thesis explores the similarities and differences between cat and human
muscle spindles. Specifically, we focus on evaluating the response properties of a

group of sensory neurons, classified as Ia afferents, during movement. Therefore

14
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a brief background of muscle spindles in regards to distribution and morphology
will be presented, followed by a detailed discussion of the response properties of

the spindle afferents.

Distribution

Muscle spindles are located throughout striated muscle tissue and are generally
positioned in parallel with extrafusal muscle fibres. The number of spindles per
muscle varies and is thought to be greater in muscles requiring precision of fine
movement. In 1971, Voss tabulated work done by him and others that quantified
the number and density of spindles in various human muscles (Voss 1971). Large
muscles in the leg such as the gastrocnemius and quadriceps femoris have a
relatively low spindle density, with just 0.4 spindles/g and 0.8 spindles/g
respectively (Voss 1971). More recent studies show that muscles in the neck are
some of the densest known areas for muscle spindles in humans, with densities
ranging from 24 to 43 spindles/g (Boyd-Clark et al. 2002). Interestingly, it has
also been shown that the shorter, smaller muscle of a parallel agonist pair
generally has a higher proportion of muscle spindles in both dogs and humans
(Boyd-Clark et al. 2002; Peck et al. 1984). Wrist muscles are of primary interest
in this thesis and have densities that range from 2 to 5 spindles/g, greater than leg
muscles but lower than both neck and finger muscles. Specifically, the extensor
carpi radialis brevis (ECRDb) of the wrist will be the focused on in our study and
has a spindle density of 3.2 spindles/g, or approximately 102 spindles per muscle

(Kokkorogiannis 2004).
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Morphology

Shape and Size

A typical muscle spindle is fusiform in shape, 8-10mm long in cats and 6-8mm
long in humans (Boyd 1985). A cartoon schematic of a typical spindle is seen in

Figure 2.1.

Intrafusal fibres

Each spindle is comprised of a small group of intrafusal fibres innervated by
efferent and afferent axons, surrounded by an endothelial-like spindle capsule that
acts as protection from the external environment. Three types of intrafusal fibres
have been identified: bagl, bag2 and chain. Most spindles have one bagl, one
bag2, and 4-8 chain fibres (Boyd 1985). Thirty percent of human spindles contain
an extra bagl or bag2 fibre, and some contain up to four bag and up to eleven
chain fibres (Boyd 1985). Bag fibres are about 2.4mm longer than the length of
the capsule and tend to stick out at the ends, while chain fibres are shorter and

tend to be contained within the capsule (Boyd 1985).
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Figure 2.1 has been removed due to copyright restrictions.

Please refer to Kandel et. al, 2000, pg. 719

The distinguishing feature between bag and chain fibres is the
arrangement of nuclei along the equator of the fibre. Intrafusal fibres are single
cells that have multiple nuclei as a result of their conception from several
myoblasts fusing during development. In chain fibres, nuclei tend to be lined up
in a single column along the length of the fibre, while in bag fibres the highest
density of nuclei is at the equator such that if cut transversely there, more than one
nuclei will be encountered (Matthews 1972).

Myofibrils lie mostly in the polar regions of intrafusal fibres, as the
equator remains non-contractile while the poles are contractile. The compositions

of sarcomeres within myofibrils tend to differ between bag and chain fibres thus
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giving rise to different mechanical properties in intrafusal fibres: bagl is
considered slow-acting, bag2 intermediate, and chain fast (Proske 1995). Chain
fibres are known to be strictly elastic, while there is evidence of a viscous element
in the poles of nuclear bag fibres along with elasticity. A viscous element implies
velocity sensitivity may exist in bag fibres, whereas strict elasticity in chain fibres

only allows for displacement sensitivity (Matthews 1972).

Afferent Innervation

There are two types of myelinated sensory afferents in the muscle spindle:
primary (Ia) afferents, and secondary (II) afferents. la afferents have a diameter of
about 12 to 20 um and group II afferents are slightly smaller, with diameters
ranging from 4 to 12 um in cat hindlimbs (Hunt 1954). Primary afferents branch
out and innervate all intrafusal fibre types by spiralling their endings around the
equator as illustrated in Figure 2.1. Type II afferents predominantly innervate
bagl’s and chains, and only rarely are known to interact with bag2’s (Stein 1980).
Secondary afferents innervate closer to the poles of the intrafusal fibres, and have
spray endings on bagl’s and spiral or spray endings on chains (Matthews 1972).
There are typically one to two Ia endings and one to five type II endings that
innervate each spindle (Prochazka 1996). Since Ia’s and II’s differ in the types of
fibres they innervate, and these fibres have different viscoelastic properties, it is
not surprising that the afferents also differ in their response properties.

Differences in afferent response characteristics will be discussed in detail shortly.
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Efferent Innervation

Muscle spindles are unique as sensory receptors because the CNS has specialized
control over their mechanical properties through the fusimotor system. This
system is comprised of myelinated efferents that innervate intrafusal fibres and
consists of B-skeletofusimotor (large-diameter) and y-fusimotor (small-diameter)
axons. P fibres are skeletomotor axons that innervate extrafusal fibres, but also
branch and simultaneously innervate intrafusal fibres. y-axons strictly innervate
intrafusal fibres.

Within the fusimotor system, efferents are labelled either as static or
dynamic depending on the type of fibre they innervate. Dynamic 8 and y axons
have motor plate endings on the contractile (polar) regions of bagl intrafusal
fibres. Bagl fibres are noted for their velocity sensitivity due to their viscoelastic
properties and thus efferents associated with them are labelled ‘dynamic’. Bag2
and chain fibres are known to be sensitive only to displacement. B and y axons
that have motor plate endings on the contractile (polar) regions on one or more
bag? and chain fibres are known as ‘static’ (Prochazka 1996).

Activation of the dynamic fusimotor system will cause contraction of bagl
fibres, thus increasing the tension and therefore increasing the response rate of the
type la afferents which innervate bagl’s. Activation of a static y or -motor

neuron causes contraction of bag2 and chain fibres, and thus increases the
responses of both type Ia and II afferents that innervate them. The fusimotor

system therefore acts as a centrally modulated ‘sensitivity control’ for muscle
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spindle afferent firing rate. The implications of this ‘sensitivity control’ on

afferent responses are explored in the next section.

Response Properties

Muscle spindles are mechanoreceptors, meaning that their response is generated
by a mechanical change in structure. When the muscle is stretched the spindles
stretch correspondingly. This change in length of the intrafusal fibres causes the
afferent endings to be extended and leads to an increase in firing rate. Muscle
spindles therefore transfer a measure of muscle stretch to the central nervous
system (CNS). The CNS also has control over the sensitivity of these stretch
receptors via the fusimotor system. When fusimotor axons are activated, their
endings pull on the ends of the intrafusal fibres causing the central region to
stretch, thus instigating a higher firing rate in the afferent neurons without an
overall stretch of the muscle. We will now discuss the known firing response
characteristics of the two types of muscle spindle afferents. Responses have been
well characterized by a number of studies in the cat, human, and monkeys and are
found to be quite similar across species (Prochazka 1996). The descriptions below
describe the general firing rate characteristics of both Ia and II afferents in

response to movement.

Secondary afferent response

Secondary afferents are known to be primarily length-sensitive. During a ramp-
and-hold stretch with constant fusimotor input, group II afferents respond with a

continuous increase in firing rate until the stretch reaches completion. There are
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some instances where secondary afferents also display velocity sensitivity, i.e. at
the onset and release of a stretch a sudden jump or drop in firing rate will be noted
instead of a continuous change. However, as a general rule the velocity
dependence seen in secondary afferents is negligible when compared to that of
primary afferents (discussed below). The length-sensitivity of secondary afferents
is not surprising when considered in the context of spindle anatomy. Only chain
and bag? fibres are innervated by group II’s and have mainly elasticity to
overcome during stretch. Therefore, the deformation in these intrafusal fibres,
and in turn the resulting firing rate, should be directly proportional to the stretch

applied (Matthews 1972).

Primary afferent response

Primary afferents are length-sensitive just as secondary afferents, but they also
show velocity sensitivity. When a ramp-and-hold stretch is applied to a muscle
and Ia’s are recorded from, the onset of movement is accompanied by a burst of
high frequency spikes that settles to a level well above baseline firing (velocity
dependence), before increasing firing rate in a ramp-like fashion proportional to
the rate of stretch (length dependence). All of these features can be seen in the
first firing rate trace for Ia’s in Figure 2.2. It is thought that the viscous nature of
the bagl fibres innervated by primary afferents is what accounts for the velocity
sensitivity in Ia’s that is absent in II’s (Matthews 1972).

Both primary and secondary afferents have a ‘linear range’ in which their

length sensitivity (measured as the amplitude of firing rate divided by the
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amplitude of stretch during sinusoidal movements) increases as the stretch
becomes larger (Matthews 1972). The linear range for primary afferents is less
than 0.5% of muscle rest length (Prochazka 1996), whereas the secondary afferent

sensitivity remains linear for most of the muscle range of motion.

Influence of fusimotor system

The responses described above are the typical profiles seen from muscle spindle
afferents during a constant input level from the fusimotor system. However, since
the system is under direct control by the central nervous system, it is important to
understand the effects of a change in fusimotor drive on afferent responses.
Experimental investigations focus on the effects of the y-fusimotor system
because B fibres are not necessarily uniformly present in all spindles (Matthews
1972). The work thus far has characterized how activity from the y-static and y-
dynamic efferent systems changes firing responses in Ia and II afferents during
controlled movement.

In the linear range of muscle spindle afferent sensitivity (described in the
previous section), increasing activity of the fusimotor static drive has the effect of
lowering the sensitivity of secondary afferents, while increasing dynamic drive
will increase Ia sensitivity (Matthews 1972; Prochazka 1996).

This thesis focuses on movements that are larger in amplitude (>0.5% rest
length), and are likely outside the linear range. Figure 2.2 shows the effects of
static and dynamic fusimotor drive on the primary afferent firing rate during a

ramp-and-hold muscle movement. During y-static stimulation the overall
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response from Ia’s has the same shape as without stimulation, but with an added
offset in baseline firing rate. The effect of y-dynamic stimulation on the la
afferent is to accelerate the rate at which firing rate increases in response to the
positive stretch; effectively the gain has been increased. y-dynamic stimulation
appears to have little effect on type II afferents. When both static and dynamic
fusimotor are applied, a superposition of the effects are seen; in Ia’s the offset and

gain are increase and in II’s only the offset is increased (Prochazka 1996).

Figure 2.2 has been removed due to copyright restrictions.

Please refer to Kandel et. al, 2000, pg. 719

The functional significance of the fusimotor system could be to ensure afferent

responsiveness during the entire muscle range of motion. For instance, shortening
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of the extrafusal muscle fibres will unload muscle spindles causing the afferents
to become silent. In order for the CNS to derive information about muscle
shortening, it would be required that the muscle spindles still be active in this
position. Therefore, fusimotor activation under these conditions will cause
contraction of the intrafusal fibre poles, thereby stretching the intrafusal sensory
regions and allowing them to continue transducing information.

The amount of fusimotor modulation is task-dependent. In studying
afferent activity in cats while performing a variety of tasks, it was shown that
static and dynamic fusimotor drive increased as the speed and difficulty of the
task increased (Kandel et al. 2000). Specifically, when the cat was in
unpredictable situations during imposed movements, dynamic gamma activity
increased. These results suggest that the activity of the fusimotor system is
modulated by the CNS to reflect the amount of information needed during tasks

of varying difficulty.

2.3 Computational Models

Modelling is a common tool used in scientific fields to mimic a process of
interest. Models come in many different forms including physical, conceptual,
and computational. Computational models are of particular value because they
provide a mathematical basis that relates input to output, quantifying the output in
terms of the input. This property allows computational models to be used in
simulations in order to gain better insight into processes that might not otherwise

be possible through experimental means alone.
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Examples of Modelling in Physiology

There are countless examples of modelling used in physiology to understand
bodily functions. Biomechanics is one example of a huge field that uses
mechanical elements such as springs and dampers in conjunction with force,
kinematics and mathematics to model the behaviour of muscle, joints, tendon, and
bones during movement. Human gait analysis is often performed in the clinic to
identify abnormalities in walking; this is made possible by comparing a normal
gait model to the patient in question (Enderle 2000). Another application of
biomechanics is in total knee replacement surgery. Biomechanical models of the
knee are also currently being investigated as a tool to use in surgery to ensure that
correct tension and balance in the tendons are achieved in the new knee.

Neuroscience is another field in which computational models have
become paramount. Hodgkin and Huxley became famous by the introduction of
their circuit model of a patch of cell membrane. Electrical elements such as
resistors and capacitors are used to represent ion conductances and membrane
properties. This model is ubiquitously known and applied throughout
computational neuroscience to model action potential generation under different
conditions.

In this thesis we use muscle spindle models and simulations to seek

answers to our question of whether human and cat muscle spindle afferents have

similar response properties.

25

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Muscle Spindle Models

Experimental evidence has made it clear that muscle spindle afferents respond in
a rather predictable way in response to muscle stretch and velocity. This has led
to the proposal of a number of mathematical models that attempt to quantify the
relationship between muscle movement and spindle afferent firing rate (Chen and
Poppele 1978; Hasan 1983; Houk et al. 1981; Matthews and Stein 1969;
Prochazka and Gorassini 1998b). The models that have been proposed are all
based on data derived from cats. It is our conviction to apply these models to
human data in order to see if cat muscle spindle models can generalize to human
spindles. The focus of our work will be on primary (Ia) afferents.

The six primary afferent models of interest all take muscle stretch (or
equivalently tendon displacement) as input, and convert that into instantaneous
firing rate. From now on we will refer to muscle stretch input as x(?) and firing
rate output as f{). We can think of each of the models as a ‘black box’ that
contains a transformation function 4(#) that makes the change from x(?) to f{2). In
the time domain, input is related to output by the following convolution:

F(@#) = h(t) *x(t)
Sometimes it is easier to think of the relationship in the frequency domain since
there is no convolution involved but rather a straight multiplication between the
model transfer function H(s) and the input:

F(s)=H(s)X(s)
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Switching between the time and frequency domains is simply done by using a

Laplace transform, as shown in Figure 2.3.

Time domain

x(t) —»|  h(t) F—> y(1) = h(t)*x()
| | f

Inverse
1 aplace ‘4aplace
4 aplace

| ¢ |

X(s) —»| H(s) —> Y(s)=H(s)X(s)

Frequency domain

Figure 2.3. Input/Output relationships in black box models. A general illustration showing
the relationship between input x(t), output y(t) and a given model h(t). The relationship can be
considered both in the time and frequency domains, which are related by a simple Laplace
transform. In our study, the muscle spindle model will be represented by H(s) or h(t), the input
will be tendon displacement and the output firing rate. Image source (Wikipedia online)

Spindle Model Simplifications and their Implications

There are inherent assumptions and simplifications in any model that describes a
process that is not fully understood. This is necessary both to limit complexity
and also to fill in holes that the current knowledge base cannot. When using a
model, it is essential to understand the full implications behind the model
assumptions.

All of the primary afferent spindle firing rate models that we are dealing

with in this thesis have instantaneous firing rate as their output. If the output

were to be used to interpret coding and decoding mechanisms, it would be
presumed that the unit important to the nervous system is indeed firing rate rather

than individual spike times. These models thus imply that rate encoding
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dominates over temporal encoding in muscle spindle afferents. Whether this is
true or not has not been fully elucidated, though it is generally accepted that rate
coding prevails in the peripheral nervous system and temporal encoding plays a
larger role in the central nervous system.

Another property that these models share is their deterministic nature.
That is, exactly the same output will be faithfully produced from a given input.
This assumes that muscle spindle afferents also encode muscle stretch and
velocity deterministically, without ambiguity. Stochastic models use random
variables to determine output from a probabilistic function. This is an alternative
means that might be closer to the way in which the nervous system functions,

although until now this has not been proven.

Comparison of the six models in cats

A landmark study that compared six accepted spindle primary afferent models in
the literature was performed by Prochazka and Gorassini in 1998 (Prochazka and
Gorassini 1998b). Spindle primary afferents were recorded during normal cat
locomotion. During the step cycle, muscle stretch was also monitored using a
length gauge to measure tendon displacement. This data was consolidated and
used to fit the model parameters to best predict firing rate from muscle movement.
The six models that were evaluated include the models proposed by Matthews &

Stein, Houk et al, Chen & Poppele, Hasan, and two models by Prochazka and
Gorassini (referred to as P&G1 and P&G2 from now on). The reason this study

was so influential was because it fit the models to natural movements in behaving
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cats. Most of the models were originally based on very controlled movements,
such as ramp-and-hold or sinusoidal stretches. The ability for the models to make
the transition from controlled to natural movements was indeed impressive. The
results of the comparative study showed that the Chen & Poppele, Hasan, and
P&G2 models performed best when predicting primary afferent firing rate in

response to cat locomotion (Prochazka and Gorassini 1998b).

Six Firing Rate Models

It is important to understand the basis behind each of the primary afferent firing
rate models in order to identify strengths and weaknesses of each model after the
final evaluation has been made. Therefore a short summary of the experiments
and the mathematics behind each of the evaluated models are presented here.
Some of the models are best understood in the time domain, while others are best
understood in the frequency domain. Models will be presented in the most

intuitively comprehensible form.

Prochazka & Gorassini 1

Prochazka and Gorassini developed two simple models based on fits to their cat
locomotion data. Their data showed a strong dependence of instantaneous firing
rate on the velocity of muscle stretch. Therefore, the first model they proposed

for Ia afferents was dependent only on velocity, raised to the exponent 0.6. The

form of the model is as follows:
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dx())"
f@® =k +k, (7) (Prochazka and Gorassini 1998b)

where k; k; are fitted parameters of 82 and 4.3 respectively
f (1) is instantaneous firing rate
dx(t)/dt is instantaneous muscle velocity

Prochazka & Gorassini 2

The second model by Prochazka and Gorassini simply added a length dependent

component to the first equation, such that the new model is of the form:

dx(t)

0.6
7) +k;x(t) (Prochazka and Gorassini 1998b)

f(t)=k1 +k2(

where k; k; k3 are parameters fitted as 82, 4.3, and 2 respectively
f(¢) is instantaneous firing rate
x(t) is instantaneous muscle length
dx(t)/dt is instantaneous muscle velocity

Houk et al

The experiments of Houk and colleagues focused on the dynamic response of Ia
afferents. Recordings were made from primary afferents in the soleus muscle of
decerebrate cats. Ventral roots were still intact allowing for spontaneous
fusimotor drive. A series of large amplitude (10mm) ramp and hold stretches
were applied to the soleus muscle at velocities ranging from 0.4 to 100 mm/s
(Houk et al. 1981). Ignoring the bursting activity often seen in spindle primary
afferents at the onset of a ramp and hold stretch, they were able to fit a nonlinear

model to their data.
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The model they proposed was muscle length and velocity dependent, but
instead of the terms being additive, Houk et al proposed that they were
multiplicative. They suggested that firing rate increases from a baseline rate
proportional to the multiplication of length and velocity terms. The equation of

the model as used in the Prochazka and Gorassini study is:

B _ ~ C_ZX_(_I)_ 03
fO-f, =K(x() xo)( — j

where f, x, K are parameters fitted as 82, 0.6, and 25 respectively
f(¥) is instantaneous firing rate
X(t) is instantaneous muscle length
dx(t)/dt is instantaneous muscle velocity

Matthews & Stein

Matthews and Stein applied sinusoidal stretches from 0.03 to 300 Hz to the soleus
muscle of decerebrate cats with intact spontaneous fusimotor activity. Recordings
were made from primary spindle afferents as the stretches were applied.
Sensitivity of Ia afferents was measured as the amplitude of the response (imp/s)
divided by the amplitude of the stretch (mm). The findings showed a distinct
linear range for Ia afferents in which their sensitivity to stretch increased
proportionally to amount of stretch applied, up to a stretch amplitude of 0.1 mm
(Matthews and Stein 1969). A clear relationship between sensitivity and
frequency of stretch was also found within this linear range, where the response of
the ending could be characterized by the vector sum of the length and velocity

components of stretching (Matthews and Stein 1969). For low frequencies (less
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than 1Hz), the response was mostly weighted by the length component, whereas
at higher frequencies (1Hz up to 30Hz) the velocity contributions became more
apparent.

The authors showed that the data from their primary afferents within the

linear range could be captured by this equation in the frequency domain:

F(s)= % (s+W)X(s) (Matthews and Stein 1969)

where F(s) is the response of the primary afferent in the frequency
domain .

X{(s) is muscle length in the frequency domain

K is the sensitivity of the ending at low frequencies

W is the corner frequency where length and velocity components
are  equal

In the time domain, the additive, weighted contribution of muscle length and

velocity components becomes more apparent:

N 3:10)
S (@) = Kx(t) + 7 dr

where K, W are sensitivity and corner frequency parameters respectively
f(v) is instantaneous firing rate
x(t) is instantaneous muscle length
dx(t)/dt is instantaneous muscle velocity
A corner frequency (W) 1.5Hz and low frequency sensitivity (S) of 95 imp/s/mm

were the values fitted to the authors’ dataset. The corner frequency was changed

to 10 rad s (approximately 1.6Hz) in the Prochazka and Gorassini simulations

and in our study (Prochazka and Gorassini 1998b). When considering the results

of this model in the context of this thesis, it is important to keep in mind the
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requirement that the afferent be responding to stretches within the linear range

(<0.1mm).

Chen & Poppele

Chen and Poppele evaluated primary afferent responses to small amplitude
sinusoidal stretches of cat tenuissimus and triceps surae muscles under controlled
fusimotor activation (Chen and Poppele 1978). From these results they were able
to empirically derive a transfer function that could mimic primary afferent

responses during small amplitude stretches:

Ks(s +11)(s +0.4)(s + 44)
(s+0.04)(s +0.8)
(for small amplitude stretches)

H(s)=

, where K is a gain constant

The model above is not valid for large amplitude stretches because spindle
sensitivity to length does not increase linearly after a certain threshold of stretch
amplitude (0.1 mm). However, Chen and Poppele also fitted data for a large
amplitude stretch of 6mm at rate Smm/s, to a new transfer function, which

required one zero, st+11, to be changed to s+4:

Ks(s+0.4)(s +44)(s +4)
(s +0.04)(s +0.8)
(for large amplitude stretches)

H(s) =

, where K is a gain constant

Therefore, although it was confirmed that non-linearities indeed exist in the
responses of primary afferents to muscle stretch, it is possible to model the

response with a linear transfer function for a small range of stretch amplitudes
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where the response will stay relatively linear. The large amplitude version of the
primary afferent model was used by Prochazka and Gorassini in their study, with
slight alterations after fitting to cat locomotion data. Their modified model is

what will be used in this thesis:

20.525(s + 0.4)(s + 44)(s + 4)

H(s)=
(s +0.04)(s + 0.8)(s + 200)(s + 200)

Hasan

The model proposed by Hasan is unique because its inspiration came from
theoretical rather than empirical origins (Hasan 1983). The objective was to
develop a model that was based on the morphology of the muscle spindle. The
resulting model was tested against both small amplitude sinusoidal stretches and
large ramp and hold stretches. Here we present a brief summary of the
development of the set of differential equations belonging to the Hasan model.
Let u(t) be proportional to the elongation of the sensory zone of an
intrafusal fibre. Based on muscle spindle afferent properties, firing rate must be
proportional to both the length and velocity of sensory zone elongation so it is

reasonable that:

O =+ p 20y 1)

where 4 and p are proportionality constants
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Now if we let x(#) be the length of the entire intrafusal fibre that the primary
afferent innervates, and w(?) be the length of the non-sensory part of the fibre,

then x(¢) must be the sum of the sensory and non-sensory zone lengths:

xO)=wO+upu@® 2

Now consider the force g(#) in the intrafusal fibre. The sensory zone is assumed
to only have elastic properties and thus the amount of force in this area must be

proportional to elongation of the sensory zone:

gW)=kut) ()
where £ is the elasticity constant of the sensory zone

The force in the non-sensory zone of the fibre is more complicated since this zone

has both viscous and elastic properties. The force can thus also be represented as:

g(t) = E(w(t) - c)[l + (le J 4)
a dt

where E, ¢, a are constants

By combining equations (2), (3), and (4), we get:

dt x(t)—c— u@®) dt )
where g, b, ¢ are constants, and E, &k have been collapsed into b

du(t) | a( bu(t) - x(f) + CT _ dx(n)
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If muscle stretch is thought to be equivalent to intrafusal fibre elongation, then
equations (1) and (5) give the full description necessary to relate muscle stretch
input x(2) to instantaneous firing rate f(z).

Parameters a, b, ¢, h, p, are selected based on observations from stretch
responses and suggested values are given in the Hasan paper. Hasan tested his
model against large and small ramp-and-hold, and small sinusoidal stretches with
success (Hasan 1983). The parameters used in the Prochazka and Gorassini
simulations were a=280, b=100, ¢ = -41, h=200, p=0.1. The simulations in
Prochazka and Gorassini modified the model slightly by changing the 0.3 velocity
exponent in equation (4) to 0.6 for better performance (Prochazka and Gorassini
1998b). In our study the model was implemented exactly as in the Prochazka and

Gorassini paper.

Using the Models in this Thesis

This thesis will use these models with the same parameters as fitted in the
Prochazka & Gorassini study to compare their responses to Auman movements.
The only change that will be made is in the offset rate, as the background firing
rate in cats seems to be significantly higher than in humans. By leaving the
parameters unchanged effectively we are trying to answer the question: do spindle
primary afferents in cats havé the same firing rate characteristics as humans?
Legend for rest of thesis: red — Chen & Poppele, yellow - Houk et. al, orange —
Matthews & Stein, purple — Hasan, blue — Prochazka & Gorassini 2, green,

Prochazka & Gorassini 1.
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Chapter 3. Methods

3.1 Overview

The main objective of this work was to determine if any of the six cat Ia muscle
spindle afferent models have predictive ability for human Ia afferents. These
models have been evaluated in relation to natural movements during cat
locomotion and exhibited good fits to ensemble firing rate profiles of cat Ia
afferents (Prochazka and Gorassini 1998a; b). To address this issue, we
developed simulations to parallel previous human experimental work in order to
compare model predictions to actual human afferent output. The overall
experimental design is schematically represented in Figure 3.1.

In the human experiments, subjects performed a centre-out task while
kinematics of the wrist and neural responses from extensor carpi radialis (ECR) Ia
afferents were recorded. The kinematics of the wrist movements were simplified
to rotations about two orthogonal and intersecting axes. The movements were
measured in degrees with respect to a neutral position defined as the origin of a
co-ordinate system with flexion/extension movements along the x-axis (extension
being positive) and radial/ulnar deviation movements along the y-axis (radial
deviation being positive). This Cartesian system was transformed into a polar co-
ordinate system. In the polar system pure extension movements pointed toward

the right at 0 deg, pure flexion movements to the left at 180 deg, radial deviation
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movements pointed upwards at 90 deg and ulnar deviation movements pointed
downwards at 270 deg (Figure 3.1, left).

Simulations with the spindle models were designed to mimic the task
performed by the human subjects. The resulting rotations of the wrist recorded
during the centre-out task were input into a model of tendon displacement for the
ECR muscle (Loren et al. 1996). The tendon displacement output was then used
as input into the six different muscle spindle models to generate predictions of la
afferent firing rate. These predicted rates were subsequently compared both
qualitatively and quantitatively to the real human ensemble rates to measure for

similarities and differences.
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Figure 3.1. Schematic of experimental protocol. Human experiments were paralleled with model simulations in order to assess la afferent model predictive
ability. Subjects performed the centre-out task to eight equally spaced targets around a circle. Wrist kinematics were recorded and transformed to a right-hand
polar coordinate system (left), in which the directions corresponding to flexion (flex), extension (ext), radial deviation (rad dev), and ulnar deviation (uln dev) are
shown. The wrist kinematics was used to compute ECR tendon displacement and velocity, which were input into the six spindle models to predict Ia firing. The
predicted firing rate profiles were compared to the recorded human ensemble data. The diagram above shows the experimental protocol for movement to target 6.



3.2 Human Experiments

Data used in this study was recorded during a previous investigation that used
microneurography to record single unit activity in muscle spindle afferents during

the centre-out task (Jones et al. 2001).

Centre-Out Task

The centre-out task is a staple of sensorimotor neurophysiology and has been used
extensively for 2D and 3D reaching experiments in monkeys and humans
(Goodbody and Wolpert 1998; Schwartz et al. 1988; Scott and Kalaska 1997).
Our experiments of afferent responses during the centre-out task build on the wide
spread use of these movements for studying sensorimotor systems.

The subject was seated in front of a monitor on which a cursor moved in
relation to the subject’s hand movement. The starting position is displayed by a
central marker on the screen and corresponds to a neutral wrist position located at
the centre of the circle seen in Figure 3.1, left. The subject was required to hold
the cursor in this starting position until one of eight equally spaced targets around
the circle was randomly lit and an audio cue signalled them to move the cursor to
the target (Figure 3.1 shows numbering scheme of targets). Subjects were
instructed to move accurately and quickly to the lit target. These movement
velocities average 9 — 10 deg/s with peak velocities of 20 — 30 deg/s (Jones et al.
2001). Wrist kinematics and muscle spindle afferents were recorded during the

performance of the task. There are three important phases of the task: static hold-
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centre where the subject holds the cursor at the central marker, dynamic move-to-
target phase where the subject moves the cursor quickly towards the target, and
static hold-target phase where the target has been reached and the subject holds
their wrist at that position. The separation between the static and dynamic phase

becomes important when analyzing the afferent response characteristics.

ECR Ia Recordings

Eight ECR muscle spindle afferents were selected from a larger sample of data
(Jones et al. 2001) to compare with the predicted firing rate of the spindle models.
Once an afferent was identified as belonging to a muscle spindle, Ia’s were
identified based on their responses to tests designed to differentiate between
primary and secondary afferents. A series of ramp-and-hold stretches were
applied at different velocities; afferents that displayed a noticeable modulation of
dynamic index were likely Ia’s. Immediate bursting after a stretch following a
static holding period was also indicative of a primary afferent. The subset of
primary afferent data was selected because: the data was from putative Ia
afferents in the ECR muscle; the responses were obtained during a centre-out task
with predictable kinematics; and responses were obtained during movements to
all eight targets. In a previous study of the ensemble response of spindle primary
afferents in the cat hamstring, the authors reported that after five or six had been
averaged to estimate a population response, the addition of more units did not
change the population response significantly (Prochazka and Gorassini 1998b).

On this precedent, we felt confident that our data sample was sufficient to
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estimate general ensemble firing rate behaviour of human ECR spindle primary

afferents.

Ensemble Average

The eight recorded ECR Ia afferent spike trains were aligned to movement onset
and consolidated into one dataset. Since movement time to the target was not
controlled for in these experiments, we recognize that there will be a resulting
variability in our ensemble data due to these differing movement trajectories. An
ensemble firing rate average was obtained by creating a spike histogram of this
dataset with a bin width of 100ms. The histogram amplitude was divided by the
bin width and the number of afferents in order to obtain the mean firing rate per
bin. This served as the estimate for human ensemble ECR Ia instantaneous firing

rate to which predicted firing rates from model simulations were compared.

3.3 Model Simulations

To generate predicted firing rates from the models that could be compared to the
human ensemble data, we simulated the human centre-out movements, converted
these movements to expected ECR tendon kinematics, and used this as input to
the models. All movements and models were implemented and run in Matlab ver

7.0.4 and Simulink version 6.2. The specifics of each simulation step are now

described.
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Centre-Out Task

The centre-out wrist trajectories to each of the eight targets were defined in wrist-
joint space and measured in degrees of joint rotation about the flexion/extension
and radial/ulnar deviation axes. These trajectories were defined in two ways: (1)
minimum jerk criteria is descriptive of target-directed wrist movements (Stein et
al. 1988) and was used to simulate generalized movement to all targets and (2) the
actual recorded kinematics from the eight subjects were averaged to give an
ensemble trajectory to each target that was specific to our dataset. The amplitude
of the minimum jerk movements was set to 7 degrees of joint rotation in order to
match the ensemble movement amplitude. The three centre-out phases for the
minimum jerk simulations were set to these time durations: hold-centre for
500ms, move-to-target for 650ms, hold-at-target for 500ms. The ensemble
trajectories had a move-to-target phase of about 1s, with hold-centre and hold-
target phases lasting at least 1s each. Model predictions in response to the
minimum jerk trajectory were used in qualitative comparisons to real data from
single units, while predicted firing rates in response to the ensemble trajectory
were used to more accurately compare predicted and real ensemble firing rates

both qualitatively and quantitatively.

Tendon Displacement Model

The rotations about the two axes of the wrist that describe the centre-out
trajectories were used to calculate the tendon displacement of the ECR muscle

resulting from the movements. These calculations were based on a human
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cadaveric forearm study that reported equations for instantaneous moment arms
with respect to joint rotation (Loren et al. 1996). The equation for tendon

displacement (mm) in ECRb used in this thesis is:

x(0)= 16 fem(t) +0.08 fem(t)* +2.9x10™ fem(t)’ —1.45x10° fem(r)*
—2.4x107 fem(t)’ —16rud(t) +1.06x 107 rud(t)’ '

where x(?) is tendon displacement in mm
fem(t) - wrist rotation in flexion/extension axis (flexion positive)
rud(t) - wrist rotation in radial/ulnar deviation axis (radial positive)
Tendon displacement and velocity were then used as input to the six muscle
spindle models. Corrections for compliance or muscle fibre pennation were not

features of the spindle models tested, so were ignored for the present study.

Ia Spindle Models

Six muscle spindle models were used to generate predicted firing rate time series
resulting from the simulated movements (Chen and Poppele 1978; Hasan 1983;
Houk et al. 1981; Matthews and Stein 1969; Prochazka and Gorassini 1998a; b).
All of these models were shown to have some predictive value for estimating
ensemble Ia afferent firing rate during normal cat locomotion. The muscle spindle
models were implemented in Simulink, using a previous published block-diagram
(Figure 7 (Prochazka and Gorassini 1998b)). As the models were no longer
available from the cited internet site, correct implementation was verified by
comparing model behaviour to the published responses during cat locomotion

(Figure 3 (Prochazka and Gorassini 1998b)). The solver used in our simulations
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was the Euler algorithm with a time step of 1 ms. All model parameters were
kept identical to the values of the parameters fitted to the previously reported cat
locomotion data (Prochazka and Gorassini 1998b), with the exception of the
baseline firing rate which was changed from 82 imp/s to 10 imp/s in order to be
more reflective of our human data. The simulated predicted firing rates of the
models should be interpreted as originating from hypothetical ECR muscle
spindles, as all of our simulations were done in response to the presumed ECR

tendon displacement during the centre-out task.

3.4 Human and Model Data Comparison

After simulation of the predicted model firing rates, comparison was made
between each model and the ensemble data using the following measures: mean
firing rate, directional tuning, static index, dynamic index, and temporal
similarity. By consolidating all of these error measurements, a global error was
computed for each model and the models were ranked in descending order of

ability to predict human ensemble Ia firing rates.

Qualitative Comparison

The human data was visually compared to the model data to look for general
trends. Both ensemble and individual Ia afferents were analyzed to identify
obvious differences between human data and model predictions. Differences
between models during the different phases of the centre-out task (hold-centre,

move-to-target, hold-target) were also identified.
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Mean Firing Rate

Mean firing rates during the move-to-target (dynamic) and hold-target (static)
phases of the centre-out task were calculated separately for both the ensemble
data and model predictions. The squared difference between the human ensemble
and individual model mean rate to each target were computed for both phases and
summed over all eight targets. A final root mean square (RMS) mean firing rate
error was calculated for each model by dividing the summed squared differences
by the number of targets (eight) and taking the square root. The RMS mean firing
rate errors were measured in impulses per second and were computed for all six
models during both the move-to-target and hold-target phases of the centre-out

task.

Directional Tuning

The most wide spread approach to analysis of neurophysiological data during the
centre-out, or step-tracking, task is the ‘mean vector’ analysis method by which
the directional tuning is determined (Gribble and Scott 2002). This approach has
been extensively used for analysis of muscle spindle coding during passive
movements of the ankle (Ribot-Ciscar et al. 2003) as well as a previous study of
active and passive movements of the wrist (Jones et al. 2001). Briefly, for each

target a vector was assigned with a length equal to the mean firing rate and angle

set by the target angle. The resulting eight vectors, one for each target, were
generated for the move-to-target phase (dynamic) and during the subsequent

period of hold-target (static phase). The eight vectors were averaged to give a
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mean vector. The angle of the vector is preferred direction and the normalized
length is proportional to spread of tuning. For example, a length of 0 would result
if the mean firing rate at each of the eight targets was the same, i.e. a uniform
distribution of firing. Alternatively, if the mean firing rate was zero at all targets
except one, the resulting mean vector length would be 1, i.e. perfect tuning. To
test for significance of directional tuning, a bootstrap test was used where the
mean rate and target angle are resampled from the original data (4000 resampling
trials) and the resulting resampled vector length is compared to the original. If
fewer than 200 resampled vectors are longer than the original, the directional
tuning is considered significant with 95% confidence. Note, resampling is not
done if the original mean vector length is less than 0.001, as this already indicates
a non-directional distribution in circular statistics (Batschelet 1981).

A mean vector was comf)uted for the human ensemble data and all of the
model predictions for both the move-to-target and hold-target phases. There was
no significant difference between the preferred directions (vector angle) of the
models, and thus no error was computed for this measure. However, the spread of
tuning (indicated by vector length) varied between models and thus the RMS error

between model and human ensemble vector length was computed for each phase.

Dynamic Index

The Matthews’ Dynamic Index is a widely used measure that captures the
influence of changes in velocity on Ia firing rate by comparing neural responses to

a ramp and hold stimulus (Jansen and Matthews 1962). Classically, the dynamic
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index is calculated by taking the mean firing rate during the latest segment the
ramp phase (fpeax), and subtracting the mean firing rate during the hold phase
(folatean). As illustrated in Figure 3.2, this translates into the difference in firing
rate when the muscle displacement is constant at its maximum stretch, but the
velocity suddenly drops. Since the centre-out task follows a minimum jerk
trajectory rather than ramp and hold, an altered version of the dynamic index was
calculated for our experiments. In this ‘modified dynamic index’, fyeax Was
computed as the mean firing rate of a 100ms time window centered on peak
velocity. Although peak velocity does not occur at maximum muscle stretch, if
velocity is more dominant than displacement, this measure should still be

reflective of a spindle afferent’s ‘dynamic’ response.

Matthews’ Modified
Dynamic Index Dynamic Index
ramp and hold centre-out

displacement

velocity

firing rate

Figure 3.2. Matthews’ and Modified Dynamic Index. Dynamic index = fiea - fyiatean The left
column shows the classical way of finding the dynamic index parameters during a ramp and hold
stimulus. The right column shows the modified dynamic index parameters used here. The
calculation of f., occurs around maximal velocity during the centre-out task.
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A dynamic index to each of the eight targets was calculated for the ensemble data
and for each model. The squared difference of the dynamic index of individual
models and the ensemble were summed over all targets. The final RMS dynamic
index error for each model was computed by dividing the summed squared

differences by the number of targets (eight) and taking the square root.

Static Index

The static index, defined as the mean firing rate at neutral position (fyase, Figure
3.2) subtracted from the mean firing rate at maximal displacement (fyjateau, Figure
3.2), was computed for the human ensemble data and all of the models to each
target. Similarly to the dynamic index, the squared difference of the static index
of individual models and the ensemble were summed over all targets. The final
RMS static index error for each model was computed by dividing the summed

squared differences by the number of targets (eight) and taking the square root.

Temporal Similarity

To evaluate the fidelity of model predictions to the ensemble data over all time,
the difference between model and ensemble instantaneous firing rates were
computed. The time series was divided into bins of 100ms width, and the squared

difference in firing rate of the ensemble and individual models was computed for
each bin, and summed over all bins and all targets. The final RMS instantaneous

firing rate error for each model was computed by dividing the sum of squared
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differences by the number of bins and number of targets, and taking the square

root.

Overall Model Ranking

An overall error score was computed that takes all calculated errors into
consideration and weights them equally. The overall error score was computed as
follows. RMS errors from each measure (mean firing rate, directional tuning,
dynamic index, static index, temporal similarity) were normalized by the median
of the model errors of that measure. This normalized quantity is what we call a
‘category error score’. The closer to zero that the ‘category error score’ is, the
better the model is at estimating the human ensemble data for that category. The
three models that have a performance value less than one are the best predictors of
that particular measure. The category error score of each model is summed over
all categories resulting in the ‘overall error score’. This error score is not
absolute, but rather a relative measure of the models against each other. The
model with the lowest error score performs the best in predicting the human

ensemble [a firing activity relative to the other models.
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Chapter 4. Results

In this section we assess whether a group of six muscle spindle models, which
have been developed and used to interpret data from cat studies, give a general
and accurate prediction of the responses of human muscle spindles during a

centre-out task.

4.1 Qualitative Comparison

Here the general trend of responses in human spindle afferents and model spindles
are compared during each phase of the centre-out movement (hold-centre, move-
to-target, hold-target). This visual comparison gives valuable first insight into
how the models behave during static (hold) and dynamic (move) phases of the

task.

Separation of static and dynamic phases in firing rate response to centre-out

task

Figure 4.1 shows the response of a single human spindle to two opposing targets,
as compared to the predicted results of the six models during stereotyped
minimum jerk movements to the same targets. Movement to target 2 corresponds
to ECR muscle shortening and as can be seen in Figure 4.1, this muscle spindle
was temporarily unloaded at the beginning of the movement phase resulting in a
pause in the spike train (Figure 4.1, left upper trace). The corresponding estimated
instantaneous firing rate trace (Figure 4.1, left middle trace), shows a transient

period of decreased firing rate during movement followed by recovery of firing
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rate during the static hold-target phase. Movement in the opposite direction to
target 6 (ECR muscle stretch) resulted in a burst of action potentials with
instantaneous firing rates reaching almost 90 imp/s, followed by adaptation to a
lower rate during the static hold-target phase. The continuous firing rate estimate
(smoothed using a 300ms Gaussian kernel) shows a clear separation of dynamic

and static firing rate responses during ‘movement to’ and subsequent ‘holding at’

the target.
Target 2 o / o Target 6 w0 / e
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Figure 4.1. Comparing movements to opposite targets. Movement to target 2 as in (a) results
in ECR muscle shortening, while movement to target 6 as in (b) results in ECR lengthening.
Upper traces show the associated spike trains recorded from a single human ECR spindle during
these movements. Middle traces show an estimate of the instantaneous firing rate (smooth line)
overlaid on the actual recorded spike occurrences (dots). The smoothed estimate was obtained
from the spike trains using a 300ms wide Gaussian kernel. Bottom traces show the six spindle
model predictions of instantaneous firing rate in response to a simulated minimum jerk movement.
The grey band indicates the movement time as simulated in the minimum jerk trajectory.
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Individual Ia afferent response versus model predictions with minimum-jerk

trajectory

The main interest of Figure 4.1 is in the comparison of the model predictions
(Figure 4.1, coloured lines, bottom trace) with the single human Ia recordings. In
this case the model predictions were generated by approximated movement
characterized by a minimum-jerk trajectory. The changes in firing rate predicted
by some of the models during movements to these same targets had similar
dynamic and static phases. To target 2, all of the models showed a transient
decrease in firing rate during the movement phase that is comparable to what is
seen in the human. However, only three of the models (red, blue, purple) showed
a recovery of firing rate during the static hold-target phase that was similar to
what is seen in the humans: less than the hold-centre rate but higher than the
minimum rate reached during the movement phase. Similarly for movement to
target 6 all models showed a transient increase in predicted firing rate that was
higher than the rate after reaching the target, but the blue, purple, and red models
seem to match the relative difference in the human static hold-target phase rate
the best. From these results it appears that even with an approximated minimum-
jerk movement trajectory, three out of the six models are able to predict

qualitative response characteristics quite well.

Individual 1a afferent response versus model predictions with actual trajectory

We now move on to looking at model predictions found by using the actual

trajectory recorded from the human subjects during the centre-out task, rather than
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the minimum jerk trajectory to simulate centre-out movement. This should give
us a more precise representation of the models in comparison to human spindles.
A single ECR spindle was recorded during four repeated movements to
target 7 (corresponding to pure ulnar deviation). In Figure 4.2, the first 1.5
seconds correspond to holding at center, movement to target comprises the
following 662+92ms, and the remaining time the subject is holding at the target.
Model predictions in response to the averaged kinematics were simulated and are
shown in the top trace of Figure 4.2. These model firing rates can be compared to
the bottom trace which shows a histogram of the actual recorded instantaneous
firing rate during the four trials. The human spindle has an average firing rate of
9 imp/s during the hold-center phase, reach a transient peak firing rate of 23 imp/s
during movement, and settles to 12 imp/s during the static hold-target phase. The
yellow model appears to be hypersensitive to the kinematics, under-predicting
firing rate during the majority of the static phases (hold-center, hold-target) and
over-predicting firing rate during the movement phase. Since the yellow model is
so mismatched from the human data it will no longer be shown in temporal plots
as it is distracts attention from the rest of the models. The orange model also
clearly deviates from the general temporal pattern displayed by the human data
since it barely reduces its firing rate once the static hold-target phase is reached,

settling to18 imp/s. The remaining models (red, green, blue, purple) follow the
general temporal trend of the human data, although they all fall short of predicting

the peak firing rate during movement to varying degrees. This indicates that
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although the static sensitivities of these models and the human data seem to

match, the dynamic sensitivities are slightly under-represented in the models.

Target 7 wf )

Hold at Move to Hold at
Centre Target

model predicted rates
spikes per second

human ensembie rates
spikes per second

0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
time (s)

Figure 4.2. Comparing multiple movements to the same target. The bottom traces shows the
histogram representation (bin width 100ms) of the average firing rate response recorded from a
single human ECR spindle during four repeated movements to target 7. The kinematics during
these movements were also recorded and averaged. The average movement duration of the four
trials is 662+92ms (mean, sd), with movement onset occurring at 1.5 seconds. The top trace
shows the predicted firing rates from the six models in response to the same movement.

Ensemble 1a afferent response versus model predictions with actual trajectory

Since the models were originally fit to ensemble cat data, it is most instructive to
compare the model responses to ensemble human data. Figure 4.3 shows this
comparison with an ensemble that includes eight human ECR spindles. The

bottom traces are the histogram-estimated ensemble firing rate to target 2 (ECR
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shortening) and target 6 (ECR lengthening). The movement phase of the
ensemble is between 0.5 and 1.5 seconds and is marked by the shaded grey area.
The top traces are the predicted firing rates of five models in response to the
ensemble kinematics. The orange model is once again doing a poor job of
predicting the general human spindle temporal dynamics due to its
underestimation of hold-target firing rate for target 2, and overestimation for
target 6. During the dynamic movement phase to target 2, the blue, green, and
purple models all either significantly reduce firing or go completely silent. This is
unlike the human ensemble result, which transiently reduces firing rate but never
completely shuts off. Only the red model is consistent with this result. During
the dynamic phase to target 6 the blue, green, purple, and red models all predict a
transient increase in firing that is consistent with the trend seen in the ensemble,
but with varying peak rates reached. The quantitative analysis in later sections
will serve as a more complete measure to rank these remaining four models in
terms of their ability to predict human spindle firing. For now what is important
to remark is that a given model’s predictive ability varies depending on the
location of target and phase of movement. It is also important to note that none of
the models predict the almost immediate decrease/increase of firing rate exhibited
by the human ensemble upon movement onset. It appears that only the

underlying slower temporal dynamics are represented in the models.
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Figure 4.3. Comparing models and human ensemble data to two opposing targets. Eight
human spindles from the ECR muscle were recorded during the centre-out task. This data was
averaged to generate human ensemble firing rates and kinematics. a) Movement to target 2
corresponds to ECR muscle shortening (tendon displacement and velocity top two traces). Five
model predictions in response to ensemble wrist kinematics to target 2 (middle trace) and
histogram with bin width of 100ms representing ensemble firing rates (bottom trace) during
movement to target 2. b) Movement to target 6 corresponds to ECR muscle lengthening (tendon
displacement and velocity top two traces. Five model predictions (middle trace) and histogram
with bin width of ensemble firing rates (bottom trace). General temporal dynamics of the human
data is captured by the red, green, blue and purple models. However, it is the slower temporal
dynamics that is represented in the models, as the immediate human ensemble firing rate drop (a)
or increase (b) aligned with movement onset (at 0.5 seconds) is not found in the model
predictions.

20 25
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Overall model impressions from qualitative comparison to human data

From the qualitative comparisons of the model predictions to both single unit and
ensemble activity, it has become obvious that some models predict human spindle
activity better than others. The yellow and orange models are unable to capture
the general temporal characteristics seen in the human data during the centre-out
task. The yellow model is overly sensitive in all phases of the task, while the
orange model is overly length sensitive which results in an over-prediction of
firing rate during static stretches, and an under-prediction during static shortening.
The remaining four models differ the most in their sensitivity during the transient
dynamic (move to target phase) with the exception of the green model which has
no static sensitivity component and therefore does not distinguish between the
two static phases (hold-center and hold-target). However, although the human
data does show a slight difference in firing rate between these two static phases, it
is a minimal enough difference that it does not warrant excluding the green model

just based on qualitative comparisons.

4.2 Mean Firing Rate

Differences in mean firing rate during the move-to-target phase and hold-target
phases were computed between the ensemble human data and the six model
predictions. Figure 4.5a shows a summary of the RMS mean firing rate errors for
each model during both task phases. The red, blue, and purple models had the
most accurate predictions, with errors less than 3.5 imp/s during both phases. All

three of these models were closer in their mean firing rate estimates during the
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static hold-target phase of the task. This suggests that dynamic movement is not
as well represented by the models. As already suggested by qualitative analysis
of Figure 4.3, these three models have the potential to capture the slow temporal
dynamics of the human ensemble data during the movement phase, but a possible
point of improvement could come in more precisely capturing the fast response at
onset of movement seen by a burst of action potentials or sudden drop in firing
rate.

The yellow and orange models do a poor job in predicting mean firing rate
for both phases. The green model however predicts an RMS error of less than 3
imp/s during the movement phase of the task, but loses its predictive ability in the
static hold-at-target phase where its RMS error grows to over 9 imp/s (Figure
4.5a). The green model is strictly velocity dependent, and thus during the static
hold-target phase predicts a firing rate equivalent to the background firing rate
when the wrist is in neutral position. This is inconsistent with the human

ensemble data which appears to be both velocity and length dependent.

4.3 Directional Tuning

Human muscle spindles have been characterized by their preferred direction in the
past. In this section we report the directional tuning of the human ensemble in
comparison with the tuning of the model predictions. Directional tuning was
assessed for both the dynamic ‘move-to-target’ phase of the centre-out task, and
the static ‘hold-target’ phase. Mean vectors were computed from the mean rates

to each target during both the dynamic and static phases as outlined in the
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Methods section. The angle of the mean vector is the preferred direction, and the
normalized length of the vector is an indication of sharpness of tuning (0 is not
tuned, 1 is perfectly tuned).

Directional tuning was computed for individual afferents as well as the
ensemble. Six of the eight afferents were found to be directionally tuned during
the dynamic (move) phase (bootstrap, p<0.05) while only three were significantly
tuned during the static (hold) phase. The data was then used to estimate the
directional tuning for the population. The mean vector for the dynamic phase had
a normalized length of 0.28 and an angle of 239 degrees. The mean vector for the
static phase was 0.11 long with an angle of 240 degrees. A bootstrap test showed
that both vectors were significantly tuned (p<0.05). This result differs from the
previous study in which these units were part of a larger sample of ECR spindle
afferents. In the previous study, the data were not significantly tuned during the
static phase (Jones et al. 2001).

All the models showed directional tuning during the dynamic phase with a
mean vector angle of approximately 215 degrees. The lengths of the mean vectors
are given in the legend for Figure 4.4 where the directional tuning is illustrated in
polar coordinates. The grey band illustrates 95% confidence interval of the
distribution of the human ensemble data and the black arrow indicates the
direction of the mean vector. The accuracy of the mean vector angle predicted by
the models (Figure 4.4, red arrow) was surprising given the variability in the
human data and the simplifying assumptions for the biomechanical wrist model

and simulations. The human data shows higher firing rates than those predicted by
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the models in the direction opposite the preferred direction, which could be due to
co-activation of gamma or beta motor neurons not accounted for in these
simulations.

To quantify the differences in tuning spread between the ensemble data
and the predicted models, RMS errors of the normal vector lengths were
calculated. Figure 4.5b summarizes these results. Overall the red, green, blue,
and purple models have the least tuning spread error for both the move-to-target
and hold-target phases. However, these results must be interpreted with caution
because the green model is not directionally tuned during the static hold-target
phase while the other three models are tuned. The appropriate model largely
depends on the spindle in question because as previously outlined, both scenarios

are present in the human population.
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Figure 4.4. Comparing directional tuning in polar plots. (a) Mean firing rate for the models
(see legend) and 95% confidence interval of averaged human data (grey area) are shown to each
target. The preferred direction of the models (computed by mean vector) was 215 degrees (red
arrow) and the preferred direction of the human data was 239 degrees (black arrow). The length of
the normalized mean vectors (not illustrated) were: 0.28 (human), 0.20 (red), 0.46 (orange), 0.54
(vellow), 0.30 (green), 0.42 (blue), 0.34 (purple). (b) Mean firing rates during the static phase of
holding on each target. Two models (yellow and green) were not significantly tuned during the
hold phase, while the others had the same preferred direction (215 deg) and normalized mean
vector lengths of: 0.16 (red), 0.60 (orange), 0.22 (blue), 0.22 (purple). The mean vector for the
human data had an angle of 240 deg and a length of 0.11, which was significant (p < 0.05).

4.4 Static Index

The static index is a measure of the sensitivity of spindle afferents to changes in
muscle length. The index is defined as the difference between fyjateau and fpase and
in our experiment measures the firing rate change in ECR Ia afferents when the
wrist moves from the neutral central position to the target position. The RMS
error in predicted static index of each model is illustrated by the hatched bars in

Figure 4.5¢c. The red, blue, and purple models predict the most accurate static
index, all with RMS error less than 2 imp/s. All of these three models show a

relatively equal performance in this category.
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4.5 Dynamic Index

The dynamic index was calculated for each model and the ensemble human data
as the difference between fycax and fijareau as illustrated in Figure 3.2. The RMS
error in dynamic index for each model is compared in Figure 4.5¢, solid bars. The
only model that seems to do a reasonable job at predicting the correct dynamic
index is the red model with an error of 3 imp/s. All of the other models over-
predict the dynamic index by at least 4.7 imp/s, with the exception of the orange
model which under-predicts the dynamic index by 5.5 imp/s.

Since ficac Was measured at the peak velocity of movement which comes
after movement onset, the fast change in firing rate such as ‘bursting’ or transient
‘silencing’ seen in the ensemble human data is not reflected in this measure.
Rather, the slower temporal dynamics in response to movement are captured.
Taking this into consideration, it appears that the best predictor of the slow
adaptation of muscle spindle afferents is the red model, while all other models
(excluding the orange model) seem to place too much emphasis on velocity
dependence. The error in the orange model arises from the opposite problem — too

little sensitivity to velocity results in negligible change between fycak and fyiateau-
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Figure 4.5. Comparing model errors for different error categories. (a) RMS error in mean
firing rate during move-to-target (hatched) and hold-at-target (solid) phases of centre-out task. (b)
RMS error in normalized mean vector length for each model. Vector length is directly related to
the tuning spread of the spindle afferent and thus error in length can be interpreted as error in
tuning spread. Hatched bars are during the move-to-target phase, solid bars are during the hold-at-
target phase. (c) RMS errors in dynamic (hatched) and static (solid) indices. (d) RMS error in
instantaneous firing rate of each model. This was computed over the whole time series of the task
and is reflective of each models’ temporal similarity to the ensemble data.

4.6 Temporal Similarity

Models were assessed on their ability to predict human ensemble data at all time
points during the task. This measure is essentially equivalent to the average RMS

error in instantaneous firing rate for each model. Figure 4.5d compares the
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overall errors of all models. The red, green, and purple models have the smallest

errors, ranging between 3 and 4 imp/s.

4.7 Overall Model Ranking

In order to come up with an overall ranking of models in terms of
predictability of human ensemble Ia afferent activity, all quantitative errors
including mean rate, tuning spread, dynamic index, static index, and temporal
similarity were combined into one global error measurement. RMS errors were
normalized by dividing by the median model error in each category. These
normalized errors were then summed over all categories resulting in a total
normalized error for each model (Table 4.1). Although there is no upward cap on
this error (no limit to inaccuracy), the bottom limit is a score of zero, which

corresponds to perfect predictive ability of the model.

Directional . .
Mean Rate Tuning Dynamic | Static | Temporal | TOTAL
1 , Index Index | Similarity | ERROR
Move : Hold | Move . Hold
Chen&Poppele 1.0 0.5 0.8 0.5 0.5 0.7 0.8 4.8
Matthews&Stein 11 1+ 29 16 : 48 0.9 35 18 16.6
Mg 21 13 24 01 28 29 2.1 13.6
P&G1 09 | 34 01 : 08 14 1.2 0.9 8.7
P&G2 10 © 07 12 & 141 1.1 0.8 1.1 7.0
Hasan 09 : 07 05 : 1.1 0.8 0.8 0.9 5.8

Table 4.1. Normalized model errors. RMS errors were normalized by dividing by the median
error of the six models in each category. Any normalized errors less than one indicates the model
is in the top three in predictive ability for that category. The last column is a sum of the
normalized errors for each model. The red model (Chen & Poppele) has the lowest summed error
and thus is considered the best predicting model of our ensemble human data.

The red model has the least total error with a score of 4.8. The purple and blue

models also have relatively low error scores of 5.8 and 7.0 respectively.
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Therefore from a global error perspective the red, purple and blue models tend to
generalize best from cat locomotion data to our human ensemble data by
producing the least amount of relative error in their predictions of five different

descriptors of muscle spindle la afferent activity.
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Chapter 5. Discussion and Conclusion

5.1 Discussion

Muscle spindles are an important source of sensory feedback that signal
information to the central nervous system about movement around joints
(Gandevia 1996; Prochazka 1996; Stein et al. 2004). Recordings from muscle
spindle afferents can be difficult, especially in behaving animals. Nonetheless
single afferents have been recorded in cats, monkeys and humans, although the
experimental yield is usually low. As an attempt for further understanding of
spindle responses, mathematical models have been derived based on the data from
one of the most studied species: cats. If these models represent spindle afferents
well, they could be useful in probing primary afferent feedback in the absence of
large datasets, in analysis of hypothetical responses to untested movements, and
could be incorporated into closed-loop neural prosthetic systems. However,
before solid faith can be put into the existing models, they must be validated
against a wide variety of spindle recordings. There has been no validation against
a human dataset until now. In simulations of centre-out movements, we found that
the ensemble firing rate and directional tuning of human ECR afferents
(presumably Ia) was adequately captured by three of the six models: Chen &
Poppele (red), Hasan (purple), and Prochazka & Gorassini 2 (P&G2, blue). Our

results indicate that the red (Chen & Poppele) model has the best overall
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predictive ability. This is consistent with the findings of the models best fitting
models to cat locomotion data (Prochazka and Gorassini 1998b).

In the rest of this discussion, the strengths and weaknesses of the models
will be addressed with respect to length and velocity sensitivity, temporal
dynamics, and their ability to predict single and ensemble human data. The lower
background firing rate seen in human primary afferents in comparison with cats is
also discussed, and our results are used to speculate whether fusimotor drive is
involved in this discrepancy. Finally, limitations of our study are outlined to

reiterate the context under which our results should be interpreted.

Finely-tuned length and velocity sensitivity

The main divergence between the top three models (red, purple, blue) and the
bottom three (green, yellow, orange) is in their ability to predict firing rates
during the static (hold-target) phase of the task. The green model (Prochazka &
Gorassini 1) had absolutely no length sensitivity built-in, and thus a static
lengthened or shortened muscle would elicit the same response. This ambiguity is
not seen in the human spindle primary afferents. The yellow model (Houk et. al)
takes into account both length and velocity components of movement; however
with the parameters chosen to fit the cat locomotion data, the representation of
velocity overpowers that of length in response output at the tested human
velocities. This leads to the yellow model showing virtually no length sensitivity

for the range of human data. The orange model (Matthews & Stein) did poorly in
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the model evaluations for the opposite reason as the green and yellow models;
there was too much length sensitivity.

It should be noted that the maximum velocity for the cat data ranged from
148 to 205mm/s, whereas our human data maximal velocities were much lower at
5 mm/s. Ignoring fusimotor influence for now, if it is assumed that muscle
spindles do not change mechanical properties during movement, a good model
should be able to fit movement at all physiologically relevant speeds equally well
without changing parameters. One of the impressions from the literature is that
movements during human studies are inevitably restricted in range and velocity to
permit stable percutaneous recordings, and are thus not physiologically relevant.
Given that the 5 micron tip of a microelectrode must remain in intimate
relationship with an axon of about 10 microns in diameter while movements are
being made in the same limb, this suspicion is not unwarranted. However, during
the centre-out task from this study subjects were instructed to move accurately
and quickly and there were no explicit instructions to move slowly to prevent
dislodging the microelectrode from the nerve. Thus the results from movements
at these velocities are ‘natural’ during directed movement, and should not be
dismissed. The shortcomings of the green, yellow, and orange models appear to
be in their balancing of velocity and length components; when the models are
fitted to work well for one velocity range they fail for another. In Prochazka and
Gorassini’s study of the models fitted to cat locomotion data, the green model
actually faired quite well, despite its complete absence of a length component

(Prochazka and Gorassini 1998b). It is not unexpected that velocity would be the
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dominant component in high-speed movements, but the eloquence of the
successful models comes from the appropriate reflection of length and velocity
components in more than one velocity range.

Further investigations need to be done in order to ensure robustness of
these models under all movement speeds and displacements. The most rigorous
way to test for the contribution of length and velocity would be to impose a
movement task in which these components are independent or de-coupled. Both
in locomotion and directed movements, position and velocity profiles of limb
kinematics are highly stereotyped; by knowing one of the profiles the other can
usually be deduced (Stein et al. 1988). Future microneurographic experiments
could be geared towards a random-pursuit tracking task in which movements
would be geared toward following a randomly moving cursor that is statistically
matched to move in the space that fit the ergonomics of the limb in question. For
example, statistics of published ergonomics of the wrist (Serina et al. 1999) could
be used as the basis for the position and speeds that the cursor will move, but
these positions and speeds will be introduced randomly such that no
interdependence results in the kinematics. This will ensure that the spindle
afferents are being exposed to the statistics of stimuli normally encountered in
natural movement, while avoiding the undesirable coupling of position and

velocity. This type of dataset would pose a significant challenge for the models to

perform well in a large unconstrained physiological range. The model that

succeeds in conquering such a dataset could be looked upon with confidence.
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Slower temporal dynamics dominate the models

Immediately after the onset of a movement, individual human spindle primary
afferents often show a transient burst or drop in activity; burst for stretch, drop for
shortening. Bursting is often smeared to some extent in ensemble data because
the rate and time course is different in individual spindles. However, given our
small sample size of only eight afferents, this very quick change in rate from
baseline firing can still be seen in our data in Figure 4.3. We will call this
phenomenon the ‘fast temporal dynamics’ of afferent activity. A much more
gradual change in firing rate occurs after primary afferents recover from the initial
burst or drop in activity. This is evident in our centre-out task, where after the
immediate drastic increase or decrease in firing rate of about 7-10 imp/s within
100ms at the onset of the move-to-target phase, the change becomes more
continuous with firing rate changing in increments of 2-3 imp/s per 100ms as the
movement continues. This more gradual change we will refer to as ‘slow
temporal dynamics’ of afferent activity. The fast dynamics are most noticeable at
the onset of movement, and are not very well captured by any of the models
(Figure 4.3). Instead, the models seem to capture the underlying slow dynamics
of the changes in firing rate, with the three top models showing a similar distinct
separation between the hold-centre, move-to-target, and hold-target phases as

seen in the human data.
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Single unit vs. ensemble responses

The inability of any of the models to predict fast dynamic bursts or drops in
activity is not a worrisome shortcoming if it is ensemble data that is of principal
interest. Ensemble data often has the effect of smearing bursting patterns away
through averaging. Should single units be of interest though, the purple (Hasan)
model can be used since it has the built-in ability to mimic bursting with a change
in parameter p. However, representing individual primary afferents with the blue
(Prochazka & Gorassini 2) model will fall short in predicting fast dynamics.

Another area where single units may behave differently from the ensemble
is in their directional tuning. When the directional tuning of the eight recorded
muscle spindle afferents were compared to the models on an individual basis, four
of the human spindles responded similar to the blue and purple models
(directionally tuned for movement & hold phase), three had responses like the
green model (directionally tuned only during movement) and the remaining unit
was unlike any of the models. So while on average, the human data is
directionally tuned in the static phase, on an individual basis some units behave as
if they are only sensitive to velocity as in the green model. From this finding we
can infer that more than one model may be required to capture the encoding

properties of individual human muscle spindle primary afferents.

Lower background firing rate in humans — difference in static motor drive?

The contentious issue of why there has continually been a lower background

firing rate recorded in human primary afferents than in cats has been
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acknowledged rather than addressed in this study. The discrepancy in rates is
usually 50 to 110 imp/s, and is speculated to arise from a high level of tonic
gamma static motor neuron activity in cat experiments (Prochazka and Gorassini
1998a; b). Tonic gamma static drive would result in an increased offset or bias
which could explain the background difference. To get around this in our study,
we simply subtracted an offset of 72 imp/s from the output of the models,
bringing the background firing rate down to be more at par with our human data.
Our results show that just with this simple subtraction of an offset, three of the cat
models can adequately predict human firing rates. Since all other parameters
were kept the same and the models predicted fairly well during the movement
phase of the centre-out task, it is unlikely that the dynamic gamma motor drive
changes significantly across species for the tasks that these models were based on.
This supports the hypothesis that there exists increased tonic gamma static drive
in cats but does not explain it. The reasoning behind the possible difference in
CNS static motor control in cats and humans needs to be further elucidated.
Perhaps it is a difference in central processing rather than muscle spindle
physiology that has led to this discrepancy. Or perhaps the differences in tasks
and the experimental environments were the cause. More controlled experiments
in humans are necessary to make further speculations. It has been shown that

both static and dynamic fusimotor drive is highly task-dependent within cats
(Kandel et al. 2000). It would be interesting to see what kind of tasks change the

dynamic and static drives in humans, and how this relates to similar tasks in cats.
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Subtraction of a bias to achieve a lower background firing rates in the
models also had the effect of predicting considerable periods of silence during
simulated movements that match the centre-out task. Although our human data
shows some evidence of afferent silencing, the majority of our ensemble data
maintains some background firing irrespective of the corresponding movement.
Therefore the periods of zero firing rates predicted by the models is questionable
and should be further explored in human experiments. This also suggests that if
the human spindles do somehow compensate to avoid silent periods, a simple
decrease in static gamma drive may not be the only effect behind the difference in
background firing rates. A zero-saturation signal would introduce ambiguous
results for both central nervous processing and if implemented in a biomimetic
control system.

Rate versus temporal coding

One of the assumptions underlying all the models used in this study is that the
important unit for coding in muscle spindle primary afferents is rate; after all the
output of all of the models is instantaneous firing rate. This assumption implies
that the nervous system, in its decoding process, is not interested in the actual
timing of individual spikes, but rather is concerned with an average measure of
rate to deduce muscle position. This indeed seems plausible since we have shown
that to a degree, length and velocity can indeed predict rate; therefore rate must be
informative of muscle state. Moreover, spindle afferents are directionally tuned
by mean firing rate during both static and dynamic phases of the centre-out task.

However, the existence of the relationships between firing rate and direction,
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length, and velocity, does not necessitate this rate decoding scheme in the nervous
system. A common phenomenon in our data that was not captured by any of the
models was bursting at the onset of movement. Even after averaging the eight
afferents, a sudden increase or decrease in ensemble firing rate for lengthening
and shortening movements after a static-hold phase can markedly be seen.
Perhaps in these short instances, when rate is not proportional to a physical
measure, the timing of the spikes in the burst becomes more important. This
hypothesis has recently been tested on the response of sensory neurons in the
fingertip. Johansson and Birznieks show a correspondence between first-spike
latencies after force stimulation to the finger tip, and direction of applied force
(Johansson and Birznieks 2004). Their study provided evidence that relative
timing of spikes from individual afferents contains information about object shape
and force direction. This temporal coding scheme is also more congruent than
rate coding with the fast behavioural responses that can be elicited to tactile
stimuli (Johansson and Birznieks 2004). A similar study has not yet been
performed on muscle spindle afferents, and it would be interesting to see whether

similar findings would emerge.

Limitations of the study

Our emphasis was on a first order assessment of the applicability of these models
for developing control systems relevant to human neurorehabilitation. We
therefore decided to apply the models using the same parameters that gave the

best fit of the ensemble firing rate for nine hamstring spindle primary afferents
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during normal locomotion in chronic cat experiments (Prochazka and Gorassini
1998b), without refitting them to the human data. As a consequence our results
focus more on which model best generalizes from cats to humans rather than on
which is better for one particular species. From the looks of it, the red, purple and
blue models are the most universal. It should also be noted that the analysis in
our study emphasizes the relative predictive abilities between models, rather than
the absolute errors of the models. As such, no ‘tolerable’ error was defined since
the importance was put on each model’s ability to generalize rather than to
minimize error. Now that a ranking order has been established, a more refined
study could be done by fitting the top three models to human data. This would be
best left until a richer dataset than ours has been acquired; one with ample
sampling of physiological muscle displacement and velocities would be ideal.

We have also neglected to include modulatory fusimotor terms in the
models. Given that fusimotor activation is task dependent (Kandel et al. 2000),
and that levels of static and dynamic drive may change during a task (Taylor et al.
2004), and that these activation levels have not been meticulously categorized, the
usefulness of adding such terms is questionable at this point. However, there has
been speculation of alpha-gamma coactivation, where fusimotor and alpha motor
neurons are activated simultaneously. This would be the equivalent effect of
activation of beta motor neurons. Since EMG is proportional to motor neuron
activation, it has been suggested that adding a scaled EMG signal could mimic

such coactivation (Prochazka and Gorassini 1998a; b).
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Despite all the simplifications inherent to our study, as a first order
approximation three of the models studied have clear predictive value for
estimating human ECR muscle spindle response during wrist movements. With
further refinement they have the potential to become a powerful tool to simulate
feedback in our sensory system and give us better insight into our sense of

proprioception.

5.2 Conclusion

Our goal in this report was to compare six muscle spindle primary afferent models
against human data to determine whether the cat models, with no changes in
parameters, can generalize to humans. With a limited dataset we have shown that,
to a first order approximation, cat and human muscle spindle primary afferents are
quite similar. The models with the best ability to generalize between species are
the red (Chen & Poppele), purple (Hasan), and blue (Prochazka and Gorassini 2).
It must be emphasized that this study was the first attempt at evaluating these
models at an inter-species level. More experimental data across species will
therefore be useful in validating and fine-tuning the models even further in the

future.
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Appendix - Model Implementations

Each of the six spindle models studied in this thesis were previously fit to
averaged cat locomotion data (Prochazka and Gorassini 1998b). In order to best
meet our main goal of determining whether the same cat spindle models could be
generalized to describe human spindles, the same parameters and gains were used
as reported in Prochazka & Gorassini. The only adjustment made was in the
offset which represents a baseline firing rate of 82 imp/s in the Prochazka &
Gorassini implementation and was changed to 10 imp/s in our simulations to
better reflect humans. It should be noted that an offset term is not explicit in the
Hasan model and thus 72 imp/s was simply subtracted from the original
implementations. Alternatively, to reach a baseline firing rate of 10 imp/s in the
Hasan model, the parameter ¢ could be changed from -42 (as fit to the cat data) to
-5, but this completely changes the dynamics in the model response and was thus
avoided.

The models were implemented using the simulation software Simulink 6.2
in Matlab 7.0.4 with service pack 2 in the same manner as in Figure 7 of
(Prochazka and Gorassini 1998Db). Since the model files were no longer available
on the website cited, models were reproduced from the schematic in Figure 7 of
the paper and validated for correct implementation.

Figure 1 shows the Simulink representation of the six models used in this
report. Arrows represent the flow of data from one box to the next, where each
box represents a processing step such as multiplication, addition, Laplace
operation (s is the Laplace operator), or other pre-defined mathematical functions
(u represents input to a box). The overall input into the Simulink models in
muscle stretch in mm, and the overall output is six predicted firing rate series, one

series for each model.
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Figure 1: Simulink implementation of muscle spindle models. The six spindle models analyzed in this report were implemented using Matlab
Simulink software as shown above. This representation is a reproduction of Figure 7 in (Prochazka and Gorassini 1998b). The mathematical function of
each block is clearly labeled, where u refers to input to the box and s is the Laplace operator.




In most of the models the muscle velocity is calculated from muscle
stretch using the Laplace operation 500s/(s+500). Only a simple s operation is
necessary to compute a time derivative in the Laplace domain, however the extra
500/(s+500) is used as a low pass filter to smooth out the amplified noise
resulting from the derivative process. This is the same filter as used in the
Prochazka and Gorassini study. An extra operation was added to the
implementation of each model to ensure only positive firing rates were predicted.

Simulations were run with the solver set to handle continuous states using

the Euler method with a fixed-step size of 0.001s.

Validation

Before using the implemented models for experimental purposes it was necessary
to validate that their realization was correct. For this purpose, cat hamstring
muscle length data was manually extracted from Figure 3 in (Prochazka and
Gorassini 1998b). The data points were interpolated using the cubic spline
method to simulate cat hamstring muscle length trajectory during one step cycle at
a sampling rate of 1 kHz. This simulated muscle length data was fed into the
models and their output was used to verify conformity with the output of the
model implementations in (Prochazka and Gorassini 1998b). It can be seen in
Figure 2 that the general shape of firing rate outputs was the same in both
implementations, and the nuances of each model were picked up as well,
including the sharp dip in the Hasan model and the overestimation in the
Matthews and Stein model just after 0.5 seconds into the step cycle. The likeness
between the two realizations serves as a validation that models in this report were

correctly implemented.
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Figure 2: Validation of correct model implementation. The predicted firing rates found using six
spindle models are shown in response to simulated cat hamstring muscle stretch during one step
cycle. On the left is the output of the implementation of models used in this report, with muscle
length data extracted from Figure 3 of (Prochazka and Gorassini 1998b) shown on the right.
Direct similarities seen in firing rate profiles of figures on the left and right validate that the
models were successfully reproduced and correctly implemented in this report.

84

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



