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Abstract

Amyotrophic Lateral Sclerosis (ALS) is a progressive neurodegenerative disease that a ects
motor neurons, leading to muscle weakness and ultimately death. Early and accurate diagnosis
of ALS is crucial speci cally given the common occurrence of misdiagnosis due to overlapping
symptoms with mimic diseases. Electrical Impedance Myography (EIM) is a non-invasive and
promising technique for assessing the electrical properties of muscle. In this thesis, multidimen-
sional EIM data were assessed as a potential biomarker for ALS, with a focus on two sections:
EIM analysis of the tongue to assess ALS bulbar disease, and EIM analysis of multiple muscles
in the limbs to address the contribution of the subcutaneous fat layer and how this e ects the
biomarker capabilities for the assessment of a range of neurodegenerative disorders.

The rst section of the thesis involved EIM analysis of the tongue, where a nite element
method (FEM) based model of the tongue was optimised to t the measurement dataset. This
work revealed the underlying di erences in the dielectric properties of healthy muscle com-
pared to ALS patient groups of di erent severities. The model also established that lateral
measurements on the edge of the tongue were viable. Additionally, a novel analysis framework,
termed tensor EIM, was developed for dimensionality reduction of the multi-dimensional EIM
dataset. Tensor EIM was able to characterise the direction of the spectral shift associated
with worsening disease, which can be attributed to an increase in the centre frequency. The
methodology successfully improved classi cation and correlation with the bulbar disease bur-
den. Additionally, tensor EIM was found to be more sensitive to longitudinal disease changes
than other biomarkers. Furthermore, complex multi-directional spectral shifts were identi ed
throughout progression, where preliminary ndings suggest these di erences may pertain to
acute and chronic denervation.

The second section addressed the challenge of subcutaneous fat contribution to limb EIM
data. Initial assessment of the dataset found that the subcutaneous fat thickness had a signif-
icant correlation with the EIM data as well as with the disease severity, suggesting a causal
relationship between EIM and the disease state. Through a sophisticated optimisation algo-
rithm, an FEM model of the human limb was re ned and demonstrated clear agreement with
measured data. With use of the optimised FEM model, a methodology was developed to sep-
arate the signal of the skin-subcutaneous fat layer from the muscle in limb EIM measurement
data. Following signal separation the dominance of the subcutaneous fat was considerably re-
duced, and the biomarker performance of the data improved in some areas. Furthermore, the
tensor EIM framework was used to identify the spectral pattern associated with neurodegener-
ative disease, with some preliminary ndings indicating di erences in the spectral pattern for
myopathic compared to neurogenic disease.

Overall, this thesis provides valuable insights into the use of multidimensional EIM data as
a biomarker for ALS. The ndings from the tongue and limb EIM analysis, combined with the
development of optimised FEM models and a signal separation procedure, contribute to the
understanding of the diagnostic and prognostic potential of EIM in ALS. These results have
implications for clinical practice and may aid in early and accurate diagnosis of ALS, as well
as improving clinical trial design, enabling the development of more e ective therapies.
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1 Chapter 1: General introduction

1.1 Amyotrophic lateral sclerosis

Amyotrophic lateral sclerosis (ALS), the most common form of motor neurone disease (MND),
is a neurodegenerative disease characterised by the degeneration of both upper motor neurones
(UMN) and lower motor neurones (LMN) (Hardiman et al., 2017). The disorder is relentlessly
progressive, ultimately causing respiratory failure from paralysis of the diaphragm (Kwan et al.,
2020). The average time of survival is generally reported in the range of 2-4 years (Hobson and
McDermott, 2016; Hardiman et al., 2011; Verber et al., 2019). Although there is some evidence
of this being even more relentless, where a median life expectancy of 11 months following
diagnosis was reported for patients attending a general neurology clinic (Aridegbe et al., 2013).
ALS is considered to be a complex genetic disorder with the aetiology of the disease not fully
understood (Hardiman et al., 2017).

For the majority of ALS cases, the cause of disease is unknown and termed sporadic. How-
ever, 5-20% of ALS patients have familial ALS (fALS), with strong evidence of the disorder in
the immediate family (Byrne et al., 2011; Hardiman et al., 2017). Approximately two-thirds
of familial cases can be attributed to mutations of four genes, C9orf72, SOD1, TARDBP, and
FUS (Cho et al., 2012; Millecamps et al., 2012). Additionally, there is some evidence of disease
caused by lifestyle, but no strong environmental factors have been identi ed (Hardiman et al.,
2017; Cho et al., 2014). Patients can manifest with a variety of symptoms. Limb-onset disease
is the most common and is seen in around two-thirds of patients (Wijesekera and Nigel Leigh,
2009), while bulbar-onset tends to make up the remaining third (Masrori and Van Damme,
2020), although a small proportion will onset with respiratory di culties (Sennfalt et al., 2023).
Additionally, the a ected motor neurons will manifest in UMN, LMN or a combination of both
(Goutman et al., 2022). This heterogeneity is further confounded by poorly predictable rates
of disease progression, overall compounding to delays in diagnosis, generally seen at 9 to 12
months from symptom onset (Van Es et al., 2017; Kwan et al., 2020).

UMN disease causes spasticity, weakness and brisk deep tendon re exes in the limbs and
spastic dysarthria in the bulbar segment. In contrast, LMN features include fasciculations,
muscle wasting and weakness as well as accid dysarthria and later dysphagia (Kiernan et al.,
2011). In more than 40% of cases patients also display cognitive impairment, which is primarily
dysexecutive in nature (Phukan et al., 2012). Overall the prognosis is better for patients who
display no cognitive abnormality at baseline (Elamin et al., 2013).

1.1.1 Muscle denervation

The degeneration of motor neurones in ALS is characterised by the death of the respective
axons. One speci ¢ characteristic of LMN degeneration is muscle denervation, which occurs
when the axon of the LMN dies, resulting in the loss of nerve supply to the a ected muscles.
Denervation results in the detachment of muscle bres from their motor neurons, depriving them
of the necessary signals for contraction and proper function. Muscle fasciculations often occur
in the early stages of degeneration, where damage to the motor neurons caused by subacute
partial denervation leads to spontaneous and uncontrolled ring of the motor units (Daro
and Amino, 2014). Following acute denervation the muscle will atrophy, with shrinkage and
weakening of the muscle bres (Carlson, 2014; Daro and Amino, 2014). Functioning muscle
tissue is eventually largely replaced by fat and brous connective tissue. This brosis within
the muscle tissue disrupts the normal architecture and functionality of the muscle (Rebolledo
et al.,, 2019). The changes in muscle architecture, including muscle cell size, cell number and
the intra-muscular presence of increased fat and glycogen, underpin why impedance myography



can be used to study disease progression in ALS. This will be discussed in detail in Section
1.2.3.

@ (b)

Figure 1.1:  Diagram showing denervation and reinnervation of muscle. The diamonds represent axons and
the circles represent muscle cells. (a) shows a healthy motor unit, while (b) shows reinnervation of the centre
axon and complete denervation of the right axon.

Active denervation may not be immediately clinically apparent in the early stages of disease.
This is due to the reinnervation of the degenerated neurones via collateral sprouting (Figure
1.1), by which the surviving axons grow intramuscular axon branches to synapse with the
denervated muscle bres (Wohlfart, 1957). Collateral sprouting results in the reorganisation
of the motor unit, expansion of the motor unit territory, and an increased number of muscle
bres per motor unit (Daro and Amino, 2014). During this process, neighbouring muscle
bres that are innervated by the same axon will cluster. This process is commonly referred to
as chronic denervation. In ALS the denervation process is progressive meaning the reinervated
axons are eventually lost causing atrophy of these clustered muscle bres, known as “grouped
atrophy'. Interestingly muscle bres of mixed type have been observed in individual regions of
grouped atrophy (Baloh et al., 2007).

1.1.2 Other forms of MND and ALS mimics

While sporadic and familial ALS are the most common forms of adult-onset neurodegenerative
MND, there are other forms of MND which include primary lateral sclerosis (PLS); progressive
muscular atrophy (PMA); progressive bulbar palsy (PBP); ail arm syndrome (FAS); and ail
leg syndrome (FLS) (Pinto et al., 2019). PLS involves UMN only degeneration and represents
only 3-5% of all MND patients (Masrori and Van Damme, 2020). Most patients initially
diagnosed with the PLS variant eventually develop signs of LMN involvement within four years
and are reclassi ed as UMN-predominant ALS (Pinto et al., 2019). Conversely, PMA is a form
of MND with only LMN dysfunction, where again substantial numbers of patients initially
diagnosed with this disease will go on to develop UMN symptoms and will be reconsidered as
LMN-predominant ALS (Pinto et al., 2019). In addition, PBP is a form of MND de ned by
bulbar dysfunction and can be attributed to either UMN and/or LMN disease (Pinto et al.,
2019). Clearly, the primary di erential diagnosis is bulbar-onset ALS, however, there is scarce
literature that separates the two. Finally, FAS and FLS present as predominantly LMN patterns
of weakness in the upper and lower limbs, respectively, these subtypes of ALS tend to progress
more slowly compared to typical limb-onset ALS (Masrori and Van Damme, 2020).
Additionally, there exists a heterogeneous group of conditions called ALS mimics, which
while distinct from MND do resemble ALS in their presentation and clinical features. Population-
based studies have shown that over 50% of patients with initial ALS, presentation turn out to



have an alternative disease (Jenkins et al., 2016). Certain mimic syndromes will have potentially
curative treatments available, therefore it is important to rule these out as early as possible.

Predominant signs | MND Mimic disorder

LMN Progressive muscular atrophy (PMA)  Benign cramp fasciculation syndrome (BCFS)
Flail arm syndrome (FAS) multifocal motor neuropathy (MMN)
Flail leg syndrome (FLS) Kennedy disease with conduction block

(spinobulbar muscular atrophy)
Spinal muscular atrophy (SMA)
Neuralgic amyotrophy
Motor-predominant CIDP
Inclusion body myositis
UMN Primary lateral sclerosis (PLS) Hereditary spastic paraparesis (HSP)
Multiple sclerosis (MS)
Metabolic myelopathies
Mixed Familial ALS Cervical myeloradiculopathy
Sporadic ALS
Progressive bulbar palsy (PBP)

CIDP = chronic in ammatory demyelinating polyneuropathy

Table 1.1: Dierent forms of MND and ALS mimic syndromes can be categorised based on the predominant
signs of the disease, classi ed as LMN, UMN or a combination of both. Adapted from Turner and Talbot (2013).

The main ALS mimic syndromes are outlined in Table 1.1, separated into those presenting
with exclusively LMN signs, UMN signs, or a combination of both. Here the greatest diagnostic
di culty comes from LMN presentations (Turner and Talbot, 2013). The most important signs
to suggest alternative diagnosis are an evolution of atypical symptoms and a lack of progression
of typical symptoms. Thorough clinical examination along with electrophysiological assessment,
neuroimaging and laboratory studies should be conducted to enhance diagnostic understanding
(Andersen et al., 2012). ALS mimics provide a useful group through which to test the diagnostic
potential of EIM.

1.1.3 Diagnosis

Despite the lack of curative treatment for the disease, prompt diagnosis is important in pre-
venting prolonged diagnostic uncertainty in patients. Similarly, it allows for quicker access to
multi-disciplinary care, which is essential for increasing the quality of life and prolonging sur-
vival (Aridegbe et al., 2013). Unfortunately, diagnosis is not always easy and many patients
are initially misdiagnosed at rates of 27% to 44% (Sennfalt et al., 2023).

The diagnosis of ALS requires demonstration of a combination of UMN and LMN abnormal-
ities (de Carvalho et al., 2008). These abnormalities are identi ed via both clinical assessment
and needle electromyography (EMG) (Krarup, 2011). LMN dysfunction is clinically assessed by
identifying signs of muscle weakness, atrophy, reduced muscle tone, and fasciculations (Masrori
and Van Damme, 2020). However, due to the e ects of collateral sprouting over half of the
motor unit pool may be lost before clinical signs of wasting and weakness become apparent
(de Carvalho and Swash, 2016). Overall, EMG assessment is essential for con rming LMN
a ection in weak muscles. During EMG a combination of evidence for active and chronic den-
ervation is required in several muscles that do not share common anatomical pathways. Active
muscle denervation is con rmed through the observation of positive sharp waves and brilla-
tion potentials, which represent the spontaneous discharge of individual muscle bres; as well
as fasciculation potentials that arise from the spontaneous discharge of part or all of the motor
unit (Krarup, 2011; Whittaker, 2012). Chronic denervation is typically assessed by qualitative
judgement on the size of the motor unit potentials, which enlarge due to collateral reinnervation.



Here, the EMG will develop a prolonged duration, increased amplitude, and often a polyphasic
con guration (Daro and Amino, 2014), where the waveform exhibits complex morphology
and consists of multiple de ections or peaks.

The identi cation of UMN abnormalities is a more di cult process, primarily relying on
clinical examination (Verber et al., 2019). Signs of UMN abnormalities include hyperre exia
with pathological re ex spread; preserved re exes in weak wasted limbs; spasticity associated
with increased muscle tone; clonus; and impairment in motor control (Huynh et al., 2016;
Masrori and Van Damme, 2020). There are a humber of emerging methods for the assessment of
UMN lesions, including transcranial magnetic stimulation (TMS) and advanced neuroimaging
techniques; however, they are not yet standardised clinical tools for diagnosis (de Carvalho
et al., 2008).

Figure 1.2: Revised El Escorial criteria and Awaji-Shima criteria. Adapted from Douglass et al. (2010).

Given the lack of a single diagnostic tool, the revised El Escorial and Awaji-Shima criteria
for the diagnosis of ALS are widely accepted (Kiernan et al., 2011; Al-Chalabi et al., 2016).
These criteria describe algorithms to determine the degree of diagnostic certainty in any patient
using evidence of both UMN and LMN abnormalities (Figure 1.2). The Awaji-Shima, proposed
in 2008 (de Carvalho et al., 2008), advises equal weight be given to both clinical and electro-
physiological signs of LMN degeneration, with the addition of fasciculation potentials used as
evidence for active denervation in electrophysiological assessment. The diagnostic speci city
was reported as 97.9% for either set of criteria. While the sensitivity in early diagnosis was 79%
and 77.6% for Awaji-Shima and the revised El Escorial, respectively (Pugdahl et al., 2021).
Clearly, the Awaji-Shima slightly increases speci city without a ecting the sensitivity; however,
it is recognised that both these criteria have limitations as they are complex to apply and do
not give much diagnostic certainty.

In 2020, a new diagnostic criteria, known as the Gold Coast Criteria was proposed (Shefner
et al., 2020) (table 1.2). Here, the previous diagnostic categories of De nite, Probable, and
Possible were abandoned, with an aim to improve diagnostic clarity and facilitate easier and
earlier diagnosis (Kiernan, 2021). Assessment of the diagnostic accuracy found these criteria
improved both the sensitivity and speci city of diagnosis to 88.2% and 98.9%, respectively
(Pugdahl et al., 2021). Overall the introduction of this new simpli ed criteria aimed to enhance
the recruitment process of ALS patients for clinical trials and to facilitate more targeted patient
management (Kiernan, 2021).



Criteria for diagnosis of ALS.

1. Progressive motor impairment documented by history or repeated clinical assessment,
preceded by normal motor function, and

2. Presence of upper and lower motor neurone dysfunction in at least 1 body region, (with
upper and lower motor neurone dysfunction noted in the same body region if only one body
region is involved) or lower motor neurone dysfunction in at least 2 body regions,  and

3. Investigations excluding other disease processes

Table 1.2: Gold Coast diagnostic criteria presented in (Shefner et al., 2020).

1.1.4 Clinical biomarkers of disease

Characteristics of ALS that can be objectively measured and evaluated are known as biomark-
ers. The current clinical and functional measures of disease progression include the amy-
otrophic lateral sclerosis rating scale-revised (ALSFRS-R) (Cedarbaum et al., 1999), which is a
guestionnaire-based tool used to assess the functional status of patients carrying out activities
of daily living. This method correlates well with survival (Kaufmann et al., 2005) and is eas-
ily reproducible but is limited by its subjective nature and limited sensitivity in slow disease
progression (Rutkove, 2015).

Since muscle weakness is a major clinical feature of LMN dysfunction, another assessment
tool is a measurement of muscle strength. Manual muscle testing (MMT) gives a qualita-
tive measure of muscle strength but is limited by its subjectivity (Rutkove, 2015; Shefner,
2017). Alternatively, hand-held dynamometry (HHD) quantitatively assesses voluntary isomet-
ric strength and gives improved reproducibility and sensitivity to disease progression (Shefner,
2017). However, the detection of disease progression is limited in the presence of collateral
reinnervation and reproducibility is restricted since patient performance can depend on mood,
e ort, and cognitive status (Rutkove, 2015). Measurement of body weight can also be an infor-
mative biomarker where > 5% weight loss at baseline has an adverse e ect on life expectancy
(Verber et al., 2019).

Respiratory dysfunction remains the usual cause of death in ALS, hence an important
clinical assessment and determinant of survival is a measure of the respiratory muscle weakness
(Bourke et al., 2006; Radunovic et al., 2017). Forced vital capacity (FVC) assesses inspiratory
muscle strength and is established as a recommended test in clinical trials (Czaplinski et al.,
2006). However, FVC recording is limited in patients with signi cant bulbar muscle weakness
and it lacks sensitivity in earlier stages of the disease (Morgan et al., 2005; Verber et al., 2019).
An alternative measure is sni nasal-inspiratory force (SNIF), which allows for assessment
of the global respiratory function and is a more sensitive tool giving important prognostic
information (Morgan et al., 2005). Both assessments of respiratory function are non-invasive;
however, e ort-dependent (Verber et al., 2019).

There are a growing number of biomarkers for the monitoring of LMN-speci ¢ disease.
These include electrophysiology biomarkers to directly assess the motor units, such as motor
unit number estimation (MUNE), which provides a reproducible and quantitative measure of
the number of functional motor units within a nerve (Benatar et al., 2016). This is achieved by
stimulating a peripheral nerve with an electrical impulse and recording the electrical response
from the muscle, which is known as the compound muscle action potential (CMAP) (Mccomas
et al., 1971; Gooch et al., 2014). Additonally, the motor unit number index (MUNIX) is a
surface-based EMG technique, which provides an easier to perform and less invasive alternative
to MUNE. Here, the number of motor units is indirectly measured through a mathematical
model applied to the CMAP evoked by supramaximal nerve stimulation and the EMG surface
interference pattern (SIP) for di erent voluntary activation levels (Gawel, 2019). An additional
metric calculated from the CMAP is the neurophysiological index (NI), which provides a quan-



titative measure of the overall peripheral disease burden (Verber et al., 2019), and has been
found to be highly sensitive to disease progression (Benatar et al., 2016). All of these methods
give valuable insight into pre-clinical LMN loss.

Identifying biomarkers speci cally for assessing UMN degeneration presents a greater chal-
lenge; however, there have been growing advancements in neurophysiological and neuroimaging
techniques (Huynh et al.,, 2016). An increasingly promising neurophysiological method for
UMN assessment at earlier stages of disease is TMS (Vucic and Kiernan, 2006, 2017; Verber
et al., 2019). TMS involves using a handheld device that contains a coil, which generates a
rapidly changing magnetic eld, applying magnetic pulses to the scalp (Vucic and Kiernan,
2017). Threshold tracked TMS techniques utilising paired-pulse TMS protocols, such as short-
interval intracortical inhibition, are considered the most e ective methods for assessing UMN
dysfunction (Vucic and Kiernan, 2006; Turner et al., 2009; Tankisi et al., 2021). TMS studies
have con rmed dysfunction in the motor cortex and corticospinal pathway in ALS, with early
evidence indicating cortical hyperexcitability (Vucic and Kiernan, 2006; Turner et al., 2009).
Additionally, there is evidence for the use of advanced neuroimaging techniques, including mag-
netic resonance imaging (MRI) and positron emission tomography (PET) for the assessment of
UMN dysfunction (Huynh et al., 2016; Verber et al., 2019). MRI stands out for its ability to
simultaneously evaluate brain structure and function, o ering a comprehensive understanding
of the in vivo progression of cerebral pathology, which provides valuable insights into the dy-
namic changes occurring within the brain (Menke et al., 2017). Additionally, uorodeoxyglucose
(FDG) PET has demonstrated a clear pattern of hypometabolism in the frontal and occipital
cortex as well as successful discrimination of ALS and healthy brains (Pagani et al., 2014).
Furthermore, these imaging techniques can be applied to LMN assessment; where, for example,
the stages of muscle denervation can be identi ed through distinct signal intensity patterns
observed in MRI scans of muscle (Kamath et al., 2008).

Bio uid markers make up another set of candidate biomarkers, including cerebrospinal uid
(CSF), blood, and urine biomarkers. Neuro lament proteins are a promising marker of ALS,
where neuro lament light chain (N) levels in both CSF and blood have been found to be
signi cantly higher in ALS (Verber et al., 2019). Additionally, proteomic and metabolomic
pro les, oxidative stress markers in CSF, as well as neuroin ammatory mediators, and genetic
markers present in both CSF and blood show promise for assessing disease (Poesen et al., 2017,
Verber et al., 2019). Finally, spontaneous Raman spectroscopy o ers a quick and label-free
method to obtain a highly speci ¢ molecular ngerprint of tissue and has shown potential as
an attractive biomarker (Plesia et al., 2021; Alix et al., 2022¢).

The search for biomarkers in ALS is a crucial and ongoing eld of research. Identifying a
sensitive and objective tool for accurate assessment of disease would signi cantly impact the
diagnosis, monitoring, and treatment of ALS. A successful biomarker provides clear indications
of disease presence, progression, and response to therapies. Speci cally, when biomarkers are
sensitive to early therapeutic e ects, our reliance on animal models would reduce (Turner
et al., 2009). Overall they can help with early detection; prognosis prediction; tracking disease
progression; evaluating treatment e cacy; and highlighting potential therapeutic targets for
novel therapies (Verber et al., 2019). Additionally, sensitive biomarkers can aid clinical trial
design and contribute to more e cient and e ective clinical trials (Benatar et al., 2016). As ALS
is a highly heterogeneous disease, there are signi cant challenges in clinical trial design, often
with a large number of participants and long trial duration required. Thus reliable biomarkers
associated with ALS can help researchers to more precisely select suitable participants for study
within clinical trials. This can lead to a more homogeneous study cohort, thus improving the
statistical power of the study (Turner et al., 2009). Overall, biomarkers have the potential
to improve patient care, accelerate research advancements, and ultimately contribute to the



development of e ective treatments for ALS.

1.2 Electrical impedance
1.2.1 Scienti ¢ background

Current ow (I) is dependent upon the voltage (V) and resistance (R) as described by Ohm's
law (Halliday et al., 2000):
V =1R (1.1)

In other words, the voltage, measured in volts, drives the current ow and the resistance,
measured in ohms (), opposes it (Holder, 2004). Electrical impedance, Z, is analogous to
resistance for alternating current (AC) circuits where current ow varies in a sinusoidal pattern.
Unlike resistance, the impedance varies with the frequency of the current as it takes into account
the e ects of capacitance and inductance. (Holder, 2004; Williams et al., 2011)

Capacitors and inductors are devices which store energy in the form of an electric and mag-
netic eld respectively. The capacitance (C), measured in farads (F), describes the capacitor's
e ectiveness in storing charge. The opposition to the ow of current resulting from the internal
impedance of a capacitor is known as capacitive reactancex():

1
~ 2fC
where X .=capacitive reactance (), C=capacitance (F), f=frequency (Hz) (Halliday et al.,

2000). The inductor's ability to store energy is described by inductance L, measured in henries
(H). Where the internal impedance of an inductor or inductive reactance X ) is described by:

Xe (1.2)

X, =2 fL (1.3)

where X | =inductive reactance (), L=inductance (H), f=frequency (Hz) (Halliday et al., 2000).

In a purely resistive circuit, the voltage drop across the resistor will be in phase with the
applied alternating current. While a purely capacitive circuit exhibits a phase lag of -90 and
a purely inductive circuit exhibits a phase lead of +90 . Thence for a more complex circuit the
overall phase depends on the relative contributions of each group (Holder, 2004).

Figure 1.3: Complex impedance plane showing resistance (R), reactance (X = X_ X)), magnitude ( jZj)
and phase ( ). Adapted from Sanchez and Rutkove (2017).

The total complex impedance, Z, of a circuit containing capacitors and/or inductors, is
given by:
Z=R+i(XL X¢) (1.4)



where i is the imaginary unit, and Ohm's law becomes: (Rutkove, 2009)
V=1Z (1.5)

Figure 1.3 gives a graphical representation of the complex impedance where the correspond-
ing magnitude (jZj) and phase () are given by:

p
jiZj= RZ+(X_ Xc)? = arctan (1.6)

1.2.2 Impedance in muscle

Electrical impedance spectroscopy (EIS) is a technique used to measure the electrical impedance
of a system as a function of frequency. This technique can be used to directly assess the
impedance of muscle, which is commonly referred to as electrical impedance myography (EIM).
It is based on the concept that muscle can be modelled as a network of resistors and capacitors
(Bayford, 2006; Holder, 2004). The inductive e ects in muscle are taken to be negligible, which
means eg. 1.4 becomes:

Z=R+iX 1.7)

where X is the conductive reactance. Note there is some discrepancy in the literature in how the
sign of the reactance (X) (and consequently the phase,) is de ned. My team (Alix et al., 2020)

set the reactance as X=X ¢, giving majoritively negative reactance values in muscle recordings.
While others (Rutkove et al., 2002; Esper et al., 2006; Mcildu et al., 2017) de ne the reactance
as X=-X¢, yielding a majority of positive reactance values in muscle. This has no e ect on
the performance of the biomarker and simply re ects how the direction of imaginary space
has been de ned. For direct comparison between impedance measurements, the sign can be
ipped where necessary, although care must be taken when interpreting directional changes of
reactance and how this relates to speci ¢ muscle changes.

@ (b)

Figure 1.4: (a) The underlying principles of muscle EIM are shown. The intrinsic properties of the tissue
impact the corresponding amplitude and phase of the measured voltage. (b) The current ow through cells at
low and high frequencies. Taken from Holder (2004).

Figure 1.4a demonstrates the basis to muscle EIM where an AC current is applied across
the muscle and a voltage measurement is taken in order to calculate the respective impedance
(i.,e. eq. 1.5). This provides a non-invasive, painless method for evaluating muscle with an
objective quantitative output (Sanchez and Rutkove, 2017). For surface impedance measure-
ments electrodes are placed on the surface of the skin, over the muscle of interest, where a pair
of electrodes are used for injecting the current (excitation electrodes) and a pair of electrodes
are used for reading out the voltage (sense electrodes). These four electrodes can be arranged
into di erent con gurations in order to measure in di erent directions through the tissue. This
can be useful for making assessments of tissue anisotropy for example.



Simple three and ve-element circuit diagrams are used to illustrate the basic sources of
impedance in muscle (Figure 1.4b). The tissue is described as having resistances coming from
the extracellular (r1) and intracellular (r,) components as well as capacitancec() arising from
the cell membrane. The additional branch in the ve-element circuit (r3, c;) describes the
internal uids and membranes of the organelles within a cell (Shi man et al., 2008; Rutkove,
2009).

For low frequencies, the membrane impedes current ow and the current passes between
cells, or entirely across the extracellular resistive componentr). As shown in gure 1.5a,
when the frequency is increased the current will increasingly ow inside the cells due to reduc-
ing capacitive reactance (eq. 1.2) (Holder, 2004; Bayford, 2006; Rutkove, 2009). A graphical
representation of the variation of impedance with frequency is demonstrated by a Cole-Cole
plot (Figure 1.5b) (Cole and Cole, 1941; Holder, 2004). When the current enters the intra-
cellular space the reactive part of impedance increases, while the overall magnitude decreases.
This is because access to ions in both the extracellular and intracellular spaces increases the
conductivity. For high enough frequencies membrane capacitance becomes negligible and the
impedance is again purely resistive. The high frequency resistance is a result of the parallel
intracellular and extracellular resistances (Holder, 2004).

(@ (b)

Figure 1.5: (a) The simple equivalent three and ve-element circuits of bioelectrical impedance. Adapted from
Rutkove (2009); Shi man and Rutkove (2013a). (b) Cole-Cole plot of the three-element circuit, adapted from
Holder (2004).

Generally healthy skeletal muscle is reportedly most reactive around 50 kHz current and
therefore most EIM studies so far have made assessments at this single frequency (Rutkove
et al., 2012a, 2014). Itis hypothesised that as disease progression a ects the underlying cellular
structure of the muscle, the impedance relationship with frequency will change accordingly,
hence analysis of a full spectrum of data can provide more detailed insights. The impedance
phase is most commonly employed as the chosen parameter in EIM analyses and has been
reported as the most disease sensitive metric (Rutkove et al., 2007). Another benet is that
both resistance and reactance vary with the tissue size and shape, while the phase, which is



calculated using the ratio of the two (eq. 1.6), is resilient to these changes (Rutkove et al.,
2007, 2016). However, a simple transformation of the impedanceZ(= R + iX ) data can be
performed to remove the volume dependence:
z R X
z= K =K v (1.8)

where K is the cell constant of the speci c geometrical arrangement of measurement electrodes,
and z, and are the apparent impedivity (or speci c impedance), apparent resistivity and
apparent reactivity, respectively. These quantities are all independent of the volume of tissue
under measurement and are only dependent on the intrinsic electrical properties of the tissue.
Eq.1.8 relies on the assumption that the tissue is locally homogeneous around the area of mea-
surement, which is evidenced following the assessment of the measurement dataset in Section
2.3.4. The cell constant, K can be determined for a given electrode con guration by performing
calibration in saline of known conductivity, which can be further validated using simulation
data.

To make further insights into the direct electrical properties of the muscle from the impedance
dataset, the conductivity ( ) and relative permittivity ( &) can be calculated as:

R
= KG = K o557 (1.9)
C X

- AN ()
where G is the conductance, C is the capacitance! is the applied, or angular frequency
(! =2 f ), and K is the permittivity of free space (Duck, 1990; Wang et al., 2011). This can
be done for a full spectrum of frequencies, thence giving a spectrum of dielectric properties for
the muscle under measurement. These physical properties of the bulk of the muscle have been
termed volume conduction properties (VCPs) by Sanchez et al. (2021); Luo and Sanchez (2021).
When impedance measurements are taken for a given arrangement of electrodes over what is
realistically non-homogeneous and anisotropic tissue, the outputs here would be the apparent
dielectric properties. This refers to the overall conductivity and permittivity of the composite
material (which may well include additional biological tissue, such as epithelial tissue, skin,
fat, or bone). The output would be some combination of the dielectric properties in multiple
directions through the tissue dependent on the path of current ow. Through the use of
an inverse model and validated using simulation data, a new multi-electrode probe has been
optimised to calculate the VCPs in a 2D plane, in the longitudinal and transverse directions
(Luo et al., 2021a,b; Luo and Sanchez, 2021).

(1.10)

1.2.3 EIM in application to ALS

It has been three decades since EIM was rst pioneered for neuromuscular evaluation through
an initial study in Duchenne dystrophy (Noshiro et al., 1993), and two decades since the tech-
nigue was rst assessed in ALS speci cally (Rutkove et al., 2002). In subsequent years, EIM
in application to a range of neuromuscular disorders has been a growing area of study, and the
technique has been demonstrated to be highly reproducible; to have capabilities at separating
healthy and diseased muscle; have prognostic potential with signi cant correlations found be-
tween EIM and measures of disease severity; as well as being sensitive to progression of disease
over time.

Initial work began with an interest in EIM applied to the limbs, with most assessments made
at a single 50 kHz frequency with analysis focused on the impedance phase (Rutkove et al.,
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2002, 2005, 2006, 2007; Garmirian et al., 2009; Rutkove et al., 2012a, 2014; Ot et al., 2020).
There seems to be limited physiological evidence for this frequency choice, most likely being
dictated by impedance work by Nyboer et al. (1950), as well as the availability of relatively
inexpensive impedance instruments. However, some assessments have been made on multi-
frequency spectra (Esper et al., 2006; Shefner et al., 2018). It is worth mentioning that there

is a limit to the range of frequencies that are viable for surface impedance recordings in the
limbs, below 8-10 kHz electrode contact artefacts relating to keratinised skin appear, while high
frequencies, above 1000 kHz, see distortion due to inductive e ects from the wires and parasitic
capacitance artefacts in the hardware (Martisnen et al., 1997; Pandeya et al., 2021, 2022). All
these studies have made impedance measurements using commercial systems, including the Imp
SFB7 (Impedimed, Inc., Sydney Austrailia) and the mView (Myolex, Inc., San Francisco, CA).
Multiple studies have demonstrated that the impedance phase exhibits some disease related
change (Rutkove et al., 2007; Rutkove, 2009; Shellikeri et al., 2015; Mcildu et al., 2017); with

a signi cance of less than 5% in identifying di erences in healthy and ALS datasets. However,
the potential utility of impedance magnitude should not necessarily be discounted; particularly

as it has been used in other applications of impedance spectroscopy (Murdoch et al., 2012,

Throughout the course of ALS numerous complex changes occur to the muscle structure. In
previous literature we see some description of the expected changes to the underlying electrical
properties at a 50 kHz frequency. For example, it is hypothesised that resulting atrophy of
both the muscle and the individual cells, along with an increase in the amount of endomysial
connective tissue and fat are expected to increase the resistance (Rutkove, 2009). This is
a result of the decreasing cross-sectional area of the muscle and the change in the current
path. Alternatively, the reducing surface area of the cell membrane will decrease C, and as
capacitors in series sum as the inverse of the individual components (Halliday et al., 2000)
then overall capacitance is expected to increase. Hence the capacitive reactanig: - being
inversely proportional to C (Section 1.2.1) - should decrease. While this is a useful start
to hypothesising the impedance response to the physical changes occurring in muscle with
degenerative disease, this is somewhat an oversimpli cation. The direction of change will vary
depending on the dominant disease process, such as acute versus chronic changes, which will
be explored throughout this thesis. Additionally, the directions of change will vary across the
frequency spectrum, hence a full paramterisation of multi-frequency data is likely to give deeper
insights into the disease processes. The cellular structure of skeletal muscle is also intrinsically
anisotropic, with current preferentially owing along the direction of muscle bres (Garmirian
et al., 2009). This anisotropy is expected to change with the disease, where the loss of muscle
structure will lead to a more isotropic medium. Alternatively, chronic reinnervation and type
grouping may increase anisotropy (Rutkove, 2009). Assessment of such anisotropy can be made
by measuring the impedance spectrum in multiple directions across the muscle.

Initial studies made use of hydrogel electrodes (Rutkove et al., 2002, 2005; Esper et al.,
2006), which were manually placed meaning that accurate positioning is very important. To
begin with the current electrodes were placed on the dorsum of both hands or both feet for
measurement of the biceps or tibialis anterior/quadriceps. Although this has the advantage
of large spatial resolution and a reduction in the contribution of subcutaneous fat, it is not
muscle-speci ¢ and di erences in joint position and/or electrode placement have large e ects
on the data output (Sanchez and Rutkove, 2017). Hence the standard method is now to
perform localised measurements with all electrodes arranged around a particular muscle of
interest (Rutkove, 2009; Schwartz et al., 2015; Li et al., 2016b; Rutkove et al., 2016, 2017). The
majority of EIM studies in the limbs have recorded in a single electrode con guration, however,
some systems have been developed to record in multiple orientations with respect to muscle
bres to make rapid assessments of anisotropic properties of the muscle (Ogunnika et al., 2008,
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