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Abstract

Multiple Sclerosis (MS) is a common cause of disability in young adults. Modern MS treatment
has markedly improved long-term outcomes for the most common type of MS, i.e., relapsing-
remitting MS. However, optimal pharmacological treatment decisions depend on early
detection of disease progression. Validated assessment of progression includes disability scales
and standard structural magnetic resonance imaging (MRI) of the brain (brain volume
changes), but these are not sensitive to the early disability worsening. More dynamic tools are
required to increase the responsiveness of MS monitoring. Objective speech analysis offers
several potential advantages for disease monitoring, including short assessment time, low
patient effort, automation, remote assessment (via smartphone/mobile device), improved
reliability via elimination of inter and intra-rater variability, and wide disability-wise suitability

as speech continues to be produced even by severely disabled patients.

The general aims of this thesis were to (1) review and identify gaps in the literature regarding
the validity of speech to monitor MS progression, (2) examine the relationship between
acoustic metrics and general neurological status or cerebellar impairment in people with MS
(pwMS), and (3) describe differences in health-related acoustic metrics between mobile
devices' recordings and professional-grade microphones, both of which are commonly used in

research settings.

Most previous studies described only differences between pwMS and healthy controls for a
narrow set of acoustic speech features, with almost inexistent information on disability or
neuroimaging correlates of speech impairment in MS. In the current study, we observed a
moderate strength relationship between speech acoustic features and general disability,
cerebellar ataxia, whole brain and cerebellar MRI-measured white matter volume and lesion

load. Single-feature metrics independently contributed to an acoustic composite score that



differentiated between mild, moderate, and severe levels of disability and correlated with
EDSS scores in people with or without overt dysarthria (subclinical speech impairment. A
similar ataxia acoustic composite score predicted an abnormal time to complete the 9-hole
peg test with 85% accuracy, including in a naive dataset. Acoustic models were non-specific,
with the same speech features compounding both the general and cerebellar models. Lastly,
we observed wide differences in acoustic values for most speech features of interest between
mobile devices and a professional recording set. Differences did not affect the relationship

between acoustic scores and EDSS, although tested only in a small cohort.

The current studies describe various speech acoustic features in their relationship with clinical
disability and neuroimaging metrics in the same participants and further explores
subpopulations of interest according to disability level and presence of dysarthria. Present
results support the validity of speech models to, at least in part, reflect neurological status in
MS. Current and previous findings strongly suggest against the interchangeable use of
recording methods, particularly between different microphones and different distances
between microphone and sound source, but do not preclude the use of mobile devices for

health-related speech data acquisition.
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Chapter 1

Background and aims

1.1. Multiple sclerosis

Multiple sclerosis (MS) is a chronic, immune-mediated inflammatory disease of the
central nervous system (CNS). The name multiple sclerosis derives from the French sclerose en
plaques (meaning stiff plaques) used in autopsy examinations since 1868 by Charcot (Charcot,
1877), referring to the macroscopic appearance of scar-like plaques of hard consistency
relative to the surrounding usually soft brain tissue and spinal cord. Rather than encompassing
all current knowledge about MS, the following sections aim to highlight key concepts related
to the disease’s importance and phenotypes, the recent advancement in treatment efficacy,

and strategies for monitoring progression, which underly the rationale for this thesis.

1.1.1. Epidemiology

MS is the most common cause of neurological disability in young adults in many
countries (WHO, 2013). An estimated 2.3 million people worldwide live with MS. Prevalence
varies from <1 to 189 per 100 000 inhabitants, being highest in Europe and North America
(Figure 1). Within regions, higher prevalence is associated with greater geographical latitude.
Females are affected two to three times as often as males, and disease onset can occur at any
age but most often does between 20 and 40 years (WHO, 2013). The annual economic burden
of MS was recently estimated at USS$4.3 billion in the United States of America (Chen,
Chonghasawat, & Leadholm, 2017) and €14.6 billion in Europe (Gustavsson et al., 2011). In

Australia, 1 per 1000 people living with MS, and the average annual cost per person due to the



disease was estimated in AUS 68.4 thousand, 32% of which being from productivity loss

(Ahmad, Palmer, Campbell, van der Mei, & Taylor, 2018).

Figure 1.1. Prevalence of MS by country
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Image taken from the Atlas of MS (WHO, 2013).

1.1.2. Aetiology

The cause of MS is unknown, but a few genetic and environmental risk factors have
been established. Genetic susceptibility is supported by shared MS diagnosis being more
frequent between homozygotic “identical” twins in comparison to dizygotic twins (Fagnani et
al., 2015). Additionally, several genetic regions have been associated with MS, with an
approximate 20% genetic risk linked to specific haplotypes of the human leukocyte antigen
(HLA) complex (Olerup & Hillert, 1991).

Support for environmental influence on the development of MS includes an inverse
association with childhood exposure to sunlight (van der Mei et al., 2003) and adult vitamin D
supplementation (Munger et al., 2004); and direct association with geographical latitude

(WHO, 2013), positive serology for Epstein-Barr virus (Ascherio & Munger, 2010), obesity



during adolescence and tobacco smoking (Olsson, Barcellos, & Alfredsson, 2017).
Environmental risk is significantly supported by an increase in the risk of developing MS for
people who migrated early in life from a country with low to a country with a high prevalence
of the disease (Munk Nielsen et al., 2019). Synergistic interactions occur between genetic and
environmental factors, namely HLA haplotypes and smoking, obesity during adolescence or
Epstein-Barr virus infection, where the combined risk is significantly greater than the sum of

individual risks (Olsson et al., 2017).

1.1.3. Clinical presentation and course

MS is highly heterogeneous in symptomatology and disease course. In approximately
85% of cases, symptom onset is characterized by an acute or subacute neurological
impairment (e.g., loss of sensation in the legs) that lasts more than 24 hours and does not have
an apparent causative event (e.g., trauma, infection). That first attack is called clinically
isolated syndrome (CIS). The first symptom in CIS will be somatosensory in 40% of cases, such
as paresthesia (described as skin tingling or pins-and-needles), reduced proprioception
(perception of the position of limbs), reduced sensation to touch, vibration or pain. Around
30% of CIS will initially present with a motor deficit such as paresis (significant reduction in
strength of a muscle group), spasticity (deficit in muscle relaxation) and pyramidal signs
(abnormal neurological reflexes). Another 25% will initially experience optic neuritis, typically
characterized by partial or total vision loss in one eye (large black patch in the visual field)
associated with ocular pain worsened by eye movement and dyschromatopsia (impairment in
colour perception)(Filippi et al., 2018). Typically, the initial impairment worsens for a few days,
followed by a variable level of recovery from minimal to total, which is reached within about
six weeks from symptom onset. New attacks can occur (relapses) spaced by periods without
change (remission), which characterizes conversion to relapsing-remitting MS (Brownlee,

Hardy, Fazekas, & Miller, 2017). Around two-thirds of people with relapsing-remitting MS
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(RRMS) will later experience ongoing worsening of symptoms independently from relapses,
which configures conversion to secondary progressive MS (SPMS)(Scalfari et al., 2010). The
remaining 15% of people with MS who do not have a CIS are classified as primary progressive
MS (PPMS), which is defined by continuous neurological deterioration from onset without

marked relapses or remission (Brownlee et al., 2017).

Figure 1.2. Prevalence of symptoms including all MS stages.
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Image taken from the Atlas of MS (WHO, 2013). As the disease progresses, new deficits may
occur and remit in variable degrees, resulting in countless possible individual combinations and
consequent large clinical heterogeneity. However, the reported prevalence of symptoms
depends on the instrument used to measure them, a limitation further discussed in section 1.6.

(monitoring progression).
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1.1.4. Pathology

The normal, disease-free CNS harbours very few immune cells (Prinz & Priller, 2017).
These include mainly microglia in the parenchyma, memory T cells in the cerebrospinal fluid
(CSF), and macrophages at the CNS barriers (choroid plexus, meninges, and perivascular
space)(Prinz & Priller, 2017). Conversely, in MS, peripheral immune cells migrate into the CNS
and effect damage to the myelin sheath and axons. The initial site of immune activation,
whether inside the CNS (intrinsic model) or in the periphery (extrinsic model with cross-
autoimmunity), has been discussed in pathogenesis models. However, the initial site of
activation, trigger(s) and first cellular events that lead to activation and migration of immune
cells into the CNS remain unknown.

The main cell types migrating to the CNS in people with MS are macrophages,
cytotoxic and helper T-cells, and B-cells, in order of density. The relevance of cellular migration
to disease activity is firstly supported by the preferential distribution of lesions being close to
CNS barrier sites. After entering the CNS, the immuno-infiltrate form localized plaques in the
spinal cord and/or brain white matter, most commonly around the brain ventricles (choroid
plexus, CNS barrier)(Dendrou, Fugger, & Friese, 2015). Additionally, early organized meningeal
infiltrates (meninges being another CNS barrier) are observed about as often as white matter
plaques and are linked to damage of the underlying cortical neurons (Haider et al., 2016;
Lucchinetti et al., 2011; Magliozzi et al., 2010).

At early stages, tissue between plaques is not infiltrated by peripheric immune cells
but may already express activation of local microglia (Giannetti et al., 2015). The
proinflammatory medium produced by migrated and resident cells, particularly via cytokines in
the CSF, might be the direct driver of microglia activation. Injection of CSF from people with
MS is sufficient to cause demyelination in the brain of mice, and the extent of damage in mice

reflects the rate of progression in the human donor (Cristofanilli et al., 2014). Yet stronger
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support for the crucial role of cellular migration and humoral inflammatory pattern on disease
progression derives from the high efficacy of current pharmacological treatments which target
those phenomena (summarized next)(Buzzard, Broadley, & Butzkueven, 2012).

The role of each cell type and interactions between them have increasingly been
described in relation to migration, inflammatory up-regulation and maintenance, myelin and
neuronal damage (i.e., pathophysiology), and myelin repair or failure thereof - see (Dendrou et
al., 2015) for a review. The last active step in effecting structural damage seems to involve
activated resident microglia, astrocytes and possibly migrated macrophages and T CD8+ cells,
causing direct molecular disarrangement to the myelin sheath and to neurons through
targeted release of oxidative radicals (Fischer et al., 2013; Lassmann, 2014). That oxidative
damage is more frequently observed at the preferential lesion sites, i.e., superficial cortical
layers and periventricular white matter. Conversely, neurons at deep cortical layers are less
prone to suffer direct oxidative damage but rather exhibit retrograde (Wallerian)
degeneration, which is otherwise observed after axonal transection (such as in brain
concussion), and therefore presumed to be an indirect consequence of damage to axons
located in the adjacent white matter (Haider et al., 2016). Even when not transacted, axons
without myelin require considerably more energy to maintain the transmembrane electric
potential or to repolarize after transmitting an impulse. That ongoing high demand becomes
unmet by energy supply as mitochondrial function and structure are impaired by the pro-
inflammatory medium, eventually resulting in cellular energy exhaustion. In that phase,
neuroaxonal injury is similar to that observed in hypoxic diseases such as stroke or cerebral
palsy. Without enough energy to sustain the Na+/K+ pump, Na+ accumulates inside the axon,
leading to a secondary and sustained influx of Ca++, which in turn triggers apoptosis (Campbell

et al., 2011; Trapp & Stys, 2009).
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As the disease progresses, new and old plaques pass to coexist with a more diffuse
inflammatory infiltrate between plaques (Kutzelnigg et al., 2005). Clinical progression is
histologically linked to more irreversible neuroaxonal loss, with consequent gliotic substitution

and brain atrophy (Dendrou et al., 2015).

1.1.5. Treatment

Pharmacological treatment for MS has evolved rapidly in the last two decades, both in
efficacy and options available, with the development of disease-modifying treatments (DMTs).
DMTs reduce the relapse rate, magnetic resonance imaging (MRI)-detected new lesions and
disability accumulation in 20% to 50% on average for people with CIS, RRMS or SPMS (Comi,
Radaelli, & Soelberg Sgrensen, 2017). The mechanisms of action responsible for the efficacy of
each well-established DMTs are only partially understood and include mainly reduction in
migration of lymphocytes (e.g., natalizumab, fingolimod, dimethyl fumarate), shifting the
immuno-response from proinflammatory Th1 to anti-inflammatory Th2 type (B-interferon,
glatiramer acetate), mitigation of oxidative stress (dimethyl fumarate), and possibly
modulation of astrocytes (fingolimod). Emergent drugs act by depleting selected lymphocytes
(ocrelizumab, alemtuzumab, teriflunomide) and reducing the migration of lymphocytes
(siponimod). However fragmented, knowledge of DMTs’ pharmacodynamics point to potential
drugs with similar action for testing (e.g., fingolimod and siponimod), and generates or
supports pathophysiology hypotheses and vice-versa, which has characterized the current
phase of accelerated discoveries (Buzzard et al., 2012; Comi et al., 2017; Kappos et al., 2018).

Optimizing treatment at the individual (clinical care) level represents one of the main
challenges in the management of MS at present. Despite reasonably similar rates of success
between DMTs at a group level, the efficacy of any given DMT is highly variable between
individuals. Additionally, response to a DMT is not constant over time for the same individual

and, in general, tend to decrease with higher disease duration or after conversion to a
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progressive course (Comi et al., 2017). Heterogeneity among DMTs side effects also adds
complexity to decision making. DMTs differ greatly in the frequency and severity of adverse
events. Riskier but potentially more effective DMTs might be particularly beneficial early on to
people with aggressive progression (Brown et al., 2019). Furthermore, the type of potential
adverse effect of one DMT (e.g., hepatic failure) can make it less recommendable for patients
with related comorbidities (e.g., hepatic insufficiency) or for certain demographic populations
such as older patients or females in the reproductive age group. Such multi-variate treatment
options coupled with the disease course’s heterogeneity warrants personalised and dynamic
treatment decisions (Bielekova & Martin, 2004; Comi et al., 2017; Gross & Corboy, 2019).
Recent advancements in the management of real-world data and in statistical methods
might help refine personalised care. Consolidation of large international patient registries such
as MSBase (Martin et al., 2006) has offered invaluable insights into MS disease course and
treatment response (Trojano et al., 2017). So far, registries recorded mostly data from
standard clinical appointments, some demographic information and standard MRI metrics.
Coupled with statistical techniques for “big data” observational databases, these registries
enabled the modelling of individual predictors for relapses (Kalincik et al., 2014; Tintore et al.,
2015) and for response to different DMTs (Kalincik et al., 2017; Spelman et al., 2016). Such
models of prognosis and treatment response have been used so far only to inform clinicians
through journal publications rather than as an interactive tool. Future integration of emerging
paraclinical assessments into databases and respective modelling will likely result in key

advantages for personalized and more dynamic treatment decisions, as discussed next.

1.1.6. Measuring disease status and monitoring progression

Several methods are currently in use to assess MS disease status and progression,
which in turn inform treatment decisions. The most likely reasons for changing DMT treatment

are relapses, clinical deterioration, and MRI-detected breakthrough activity (Sacca et al.,
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2019). The following section briefly discusses advantages and limitations of the main current
clinical and MRI assessment methods in MS.

Clinical assessment of general neurological impairment and disability

Due to MS heterogeneity, a comprehensive assessment of multiple neurological
systems is necessary to capture all impairment related to the disease. The Expanded Disability
Status Scale (EDSS)(Kurtzke, 1983) is a scoring system often used for clinical grading of MS,
where eight functional systems (FS) are independently scored, namely visual, brainstem,
pyramidal, cerebellar, sensory, bowel and bladder, cerebral and ambulation. The scoring of
each FS is based on landmark impairments within that system, reducing clinical subjectivity
and streamlining the process. The “EDSS step” score is a summary score that takes into
account all FS scores, and which ranges from zero (normal neurological exam) to ten (death
due to MS) at half-point increments. EDSS scoring requires nearly no equipment and is
composed mostly of tests from standard neurological examination, favouring its widespread
clinical use. Due to its long-term and frequent use in research, its measurement properties
(e.g. validity, reliability) and cross-domain associations (e.g. with quality of life or health-care
costs) are very well-established, thus offering means for extensive historical and cross-studies
comparisons (Hobart, Freeman, & Thompson, 2000; Meyer-Moock, Feng, Maeurer, Dippel, &
Kohlmann, 2014; Naci, Fleurence, Birt, & Duhig, 2010; Patwardhan et al., 2005).

Several characteristics, however, limit EDSS’ performance for measuring impairment
and disability status. The scale largely overlooks cognitive impairment and fatigue despite
those features translating into significant personal and social burdens in MS (van Munster &
Uitdehaag, 2017). Additionally, the various neurological sub-systems integrate almost
exclusively the lower range of the scale (EDSS step < 4), whereas ambulation alone largely
defines scores between four and seven. Thus, higher EDSS scores often bear little association

with impairment/disability level other than ambulation (Hobart et al., 2000). Not surprisingly,
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EDSS scores present a bimodal distribution (figure 3)(van Munster & Uitdehaag, 2017), in
practice behaving like two distinct scales artificially put in tandem. Its disproportionate
composition, non-linearity and ordinal character impose the use of less powerful and less

versatile non-parametric statistical methods in research.

Figure 1.3. Schematic representation of EDSS step components and distribution of people with

MS
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Adapted from van Munster & Uitdehaag (2017).

EDSS presents additional limitations for monitoring disability progression. Both EDSS
and FS show suboptimal inter and intra-rater reproducibility (Hobart et al., 2000; Meyer-
Moock et al., 2014). Poor reproducibility is even more evident at EDSS < 4 (Goodkin et al.,
1992), a stage at which swift change in treatment has the greatest potential for preventing

disability. Current recommendations to increase EDSS reliability include a minimum change of
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1 EDSS point (2 steps) if previous EDSS < 6, and/or confirmation of EDSS change after six
months (van Munster & Uitdehaag, 2017). Unfortunately, such stabilizing strategies tend to
decrease even further the score’s already poor responsiveness to change (Hobart et al., 2000;
Sharrack, Hughes, Soudain, & Dunn, 1999). Despite its limitations, EDSS remains a very
comprehensive, practical and widely used tool for registering disease status in MS.

Other clinical scales have been proposed to address shortcomings of the EDSS. The
Multiple Sclerosis Functional Composite (MSFC)(Cutter et al., 1999), for example, produces
linear and continuous scores (time to complete tasks or number of right answers), which
favour parametric statistical testing. MSFC has better reliability in comparison with the EDSS
and seems more responsive to change, particularly in the ambulation-based range EDSS 4-7
(Cohen et al., 2002). Like EDSS, MSFC baseline scores and change in scores are associated with
quality of life scores, employment status, MRI metrics, and conversion to SPMS (Rudick et al.,
2009). MSFC includes formal testing of cognitive function but neglects various other systems
(e.g. sensory, autonomic, depression, fatigue), may be difficult to interpret clinically, is less
well tolerated by patients and has a much smaller literature database.

Monitoring cerebellar dysfunction in MS

System and symptom-specific scales also have a role in measuring impairment and
disability in MS, but with different advantages and limitations. The Scale for the Rating and
Assessment of Ataxia (SARA)(T Schmitz-Hiibsch et al., 2006), for example, is a 20 points (40
incremental steps) rating protocol used to clinically grade ataxia in various diseases. SARA
produces one score per cardinal ataxic domain (e.g. truncal ataxia, gait, speech) and an overall
(summative) ataxia score. Thus, SARA will not capture status or change in other systems
affected by MS, making it unsuitable for stand-alone tracking of progression or treatment
effect. Conversely, SARA offers a more detailed characterization of ataxia and a multi-point

distribution in comparison with general scales, which is desirable to study disease progression
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(Burk et al., 2009) or specific relationships of ataxia with other domains (e.g. with localized
brain pathology or with quality of life)(Hernandez-Castillo, Galvez, Diaz, & Fernandez-Ruiz,
2016). Additionally, because SARA is not specific to MS, scores can be compared between
diseases. Alternatively, the nine-hole peg test (9HPT)(Mathiowetz, Weber, Kashman, &
Volland, 1985) is often used to assess the severity of ataxias and treatment effects (Corben et
al., 2010; Lynch, Farmer, Wilson, & Balcer, 2005; T. Schmitz-Hibsch et al., 2008; Zesiewicz et
al., 2012) as it offers an objective assessment of upper limb dexterity and produce continuous
values, i.e., time to complete the task. Furthermore, measurements from the 9HPT have good
validity and reliability performance in MS in relation to both disease presence and severity of
disability (Feys et al., 2017).

MRI assessment

MRI-derived brain volume and lesion load are currently among the most studied and
used paraclinical measurements of disease state and progression in MS (Gajofatto, Calabrese,
Benedetti, & Monaco, 2013). Calculation of MRI metrics is currently (mostly) automatable and
offer objective and continuously distributed data and easily interpretable results (a priori, see
limitations below). Baseline whole-brain MRI lesion load is predictive of conversion from CIS to
definite MS (Barkhof et al., 1997; Fisniku et al., 2008; Tintore et al., 2010), while lesion load is
weakly associated with disability status (Shiee et al., 2012) and progression in the following
four years (Rovaris et al., 2003) to twenty years (Fisniku et al., 2008). Accumulation of lesion
load within five years of disease onset has a slightly stronger relationship with long-term
disability than baseline imaging alone, whereas that association seems to become weaker with
longer disease duration (Fisniku et al., 2008). Brain volume (Johnen et al., 2019; Sanfilipo,
Benedict, Sharma, Weinstock-Guttman, & Bakshi, 2005; Shiee et al., 2012) and, most
consistently, change in brain volume (i.e. atrophy) also modestly correlate with disability

progression as measured by EDSS or MSFC (Fisher et al., 2000; Zivadinov et al., 2013).
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This lack of strong association is extensively documented and has been termed the
clinico-radiological paradox in MS, which is a limitation of current standard MRI for monitoring
disease progression. That paradox may be explained by limitations in measurements of clinical
disability as previously discussed (e.g. EDSS, MSFC), technical limitations of standard MRI
acquisition (e.g. the vast majority of cortical lesions not being detected in T1-T2
sequences)(Geurts, Bo, et al., 2005) and limitations in statistical modelling. Furthermore,
standard structural imaging does not reflect biochemical and many histological changes which,
in addition to plaques, are responsible for short-term functional impairment and long-term
atrophy (e.g. diffuse inflammatory activity and neuronal damage in normal-appearing white
matter)(Barkhof, 1999; Filippi et al., 2012; Kutzelnigg et al., 2005). Lastly, brain atrophy
progresses slowly, whereas its measurement can be distorted by common transient disease
events (e.g. reducing inflammatory swelling through treatment, which results in paradoxical
pseudoatrophy) and by concurrent pathology (e.g. diabetes)(Wattjes et al., 2015).

Recent research addresses the clinico-radiological paradox with substantial success
through advances in imaging techniques (Filippi et al., 2011; Geurts, Pouwels, et al., 2005) and
advances in statistical modelling (e.g. weighted-combining lesion load and/or atrophy for
segmented areas or whole brain (Hackmack et al., 2012; Popescu et al., 2013). Modern MRI
techniques also begin to explore functional, microstructural and biochemical (fluid)
composition.

Other non-MRI MS biomarkers measure morphological changes (e.g. optical coherence
tomography), inflammatory and degenerative signalling (e.g. CSF and blood components) and
neuro-transmission disruptions (electrophysiological testing, e.g. evoked potentials)(Gajofatto
et al., 2013). While new MRI acquisition sequences and biomarkers are progressively validated,
they substantially add scanning/assessment time, energy load, patient burden and financial

cost, thus limiting frequent assessments required for swift adjustment in treatment.
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Summary

MS-specific functional scales like EDSS assess multiple neurological sub-systems to
capture the most common impairments and apply a summary score to standardize the
quantification of disability in this heterogeneous disease. Conversely, syndrome-specific scales
frequently offer a more detailed assessment of individual sub-systems, may be compared
across different diseases but cannot be used in isolation for tracking MS disease progression.
In this study, EDSS is used as a measure of general neurological disability, and SARA and 9HPT
represent the main assessment tools of cerebellar ataxia. Standard MRI measurements offer a
readily available in vivo assessment of the brain’s morphology and pathology in pwMS through
lesion metrics and brain volume. Those measures increase sensitivity and objectivity of
diagnosis, measurement of disease status and tracking of progression. Recent imaging
research seems to successfully address their main technical limitations, such as undetected
cortical pathology, which might further increase the validity of MRI metrics for future clinical
practice. In the current study, the standard MRI measurements of lesion load and brain
volume were used to characterize neuro-anatomopathology in pwMS in relation to speech and

other functional outcomes.

1.2. Speech assessment in MS

Impairment of speech production is only marginally assessed within the EDSS and not
formally included in the MSFC (although timed oral responses in neuropsychological tests likely
influenced by motor speech impairment, as discussed in chapter two). Various types of speech
impairment may occur in people with MS (pwMS) given that multiple neurological networks
are involved in speech production (e.g., cognitive, sensory, motor)(Hickok, 2012).
“Telegraphic” or stacatto speech was one of the three major symptoms, along with intention

tremor and nystagmus, described by Charcot as typical in pwMS (Charcot, 1877), while modern
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assessments describe a plethora of speech deviations reviewed in detail in chapter two.
Current evidence points to a prevalence of overall executive speech impairment, i.e.
dysarthria, in about 50% of pwMS as judged by blinded expert listeners (Hartelius, Runmarker,
& Andersen, 2000). Nonetheless, speech’s widespread neurological reliance (e.g., cognitive,
affective, sensory, motor) implies that some speech impairment, although perhaps subtle, is
expected to occur in most pwMS, even at low disability levels. Concurrent with this study,
emerging evidence from Parkinson’s (Hlavnicka et al., 2017), Huntington’s Disease (Chan,
Stout, & Vogel, 2019) and MS (Fazeli et al., 2020; J. Rusz, Benova, et al., 2018) suggest that
changes in speech production can be objectively measured before overt dysarthria becomes
noticeable. The ability to measure subclinical speech impairment would translate into an even
larger prevalence of speech deficits in MS and could offer an opportunity for disease
monitoring and treatment adjustments that do not depend on the occurrence of (often

irreversible) disability.

1.2.1. Acoustic analysis of speech

Objective speech data could offer several desirable qualities for assessing disease
status and progression, conditional to speech’s validity as a proxy for neurological impairment
in MS. In contrast to expert-based speech analysis, objective speech assessments could gauge
subclinical changes in speech as it does not depend on overt speech impairment; improve
reliability via elimination of inter and intra-rater variability; and facilitate scalability and reduce
assessment costs, depending on the objective speech method selected. Furthermore, objective
measurements, in general, permit the use of a much wider variety of, and more powerful
parametric statistical methods, as discussed earlier. Continuous and normally distributed
speech data could further be integrated with other objective measurements (e.g. hand
dexterity, cognitive tests, time to walk a certain distance) for a comprehensive and objective

representation of neurological impairment in MS.
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Several objective methods assess speech-related structure and function. These
include, but are not limited to, structural and functional imaging (e.g., functional speech MRI,
endoscopic laryngoscopy, fluoroscopy), electrophysiological tests (e.g., laryngeal
electromyography, glottography), mechanical tests (e.g., tongue force and speed), and
acoustic analysis. Key advantages of acoustic analysis in relation to other methods derives
from the signal under analysis, i.e., the speech soundwave, which is obtained non-invasively,
demands low effort levels for production (spontaneously produced speech can also be
analysed) and requires common technology for its recording and analysis (a priori). Another
related advantage is the potential analysis of language in the same speech signal, which cannot
be obtained from other analyses’ methods (e.g., from MRI or electroneuromyography signals),
which would increase the neurological representativeness of such assessments. Acoustic
analysis is also arguably the most studied among objective speech assessments, offer a wealth
of metrics, shares applicability across different fields (e.g., sound engineering, digital audio
compression, geology, medical imaging, speech and hearing sciences) which accelerates its
forward technical advancement. The current computational capability of portable devices,
such as smartphones, and the widespread internet connectivity may further enable the use of
automated acoustic analysis in remote settings and engage and empower patients through
assisted self-monitoring. Thus, acoustic analysis is the objective method of speech
measurement used throughout this study. Chapter 2 summarizes the specific speech features

included in acoustic analyses in later chapters.

1.3. Background summary

Multiple Sclerosis is a common cause of progressive neurological impairment in young
and middle-aged adults worldwide. Modern disease-modifying therapies can greatly slow MS

progression. Optimizing treatment is, however, often not straightforward given the wide
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heterogeneity of both disease and treatment options. Swift treatment adjustments would
greatly benefit from personalized and dynamic motoring of disease progression. Clinical
ratings, clinical relapses and MRI-measured lesions and brain volume constitute the current
standard assessment of MS status, which often requires either confirmation after months or
extensive new impairment/disability (both usually irreversible), thus limiting dynamic
monitoring. Measurements from acoustic analysis of speech are objective, continuous and
offer key advantages for frequent monitoring such as its succinctness, low cost and
automation. The current worldwide easy access to smartphones and mobile devices might also
allow for widespread remote or self-assessment of speech. Furthermore, measurement of
subclinical speech impairment through acoustic analysis might extend the utility of speech
assessments to people without dysarthria and favour early intervention. To assess the
potential of acoustic analysis of speech to be used as a proxy for neurological status (alone or

integrated with other measures), its validity and reliability must be described in detail.

1.4. Aims

The primary aim of this study is to determine the concurrent validity of acoustic
speech metrics as a surrogate of disease status in MS. In addition to general MS,
subpopulations of interest consist of people with low disability levels, i.e., when EDSS scores
have the poorest reliability and responsiveness; people without dysarthria, to test the validity
of subclinical speech impairment; and people with cerebellar impairment, for cerebellum’s
multiple contributions to speech production, and as a prototype of speech modelling of
specific sub-systems. A secondary aim of this study is to assess interchangeability between

speech acquisition equipment, a component of measurement reliability.

24



1.5. Hypotheses

i) Acoustic metrics can detect a progressive speech impairment across the spectrum of
MS neurological status (chapter 3).

ii) The association between speech measurements and general neurological disability
level is present in pwMS without overt dysarthria (chapter 3).

iii) A specific ataxia-modelled acoustic composite score correlates with cerebellar status
as assessed by different functional and imaging tests (convergent validity, specificity to
neurological sub-system, chapter 4).

iv) The effect size of associations between speech metrics and neurological impairment
are robust to variations in speech recording protocols, particularly to the employment

of mobile technology (chapter 5).

1.6. Outline of following chapters
Chapter 2: a systematic review of the literature on speech impairment in MS.

e The most consistently affected speech features in MS, according to research up to date,
are described. That consistency of impairment is the main selection criterion for the
inclusion of speech metrics in the subsequent chapters, from a large number of possible
speech metrics. This pre-selection approach based on previous studies prioritizes the
content validity of included speech features, and alternative approaches are briefly
discussed in the last chapter of this thesis.

o Defines missing, conflicting and preliminary information necessary for validating speech
as a marker of disease progression.

Chapter 3: a cross-sectional study of speech in 119 pwMS and 22 healthy controls (HC).
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e The relationship between speech and current measurements of general neurological
status in MS is characterized by correlations with EDSS, MRI-measured whole brain
volume and lesion load, and self-assessed quality of life.

e Speech function measured through acoustic analysis and listener-based rating (perceptual
analysis) to highlight communalities/divergences between methods and facilitate speech-
clinical contextualization of acoustic metrics.

e Acoustic composite score modelled to reflect general neurological disability.

e Speech measures compared between groups of increasing EDSS scores to estimate the
stage at which each speech impairment occurs in MS.

e Association between acoustic metrics and disease status tested in a subgroup of 77 pwMS

without speech impairment.

Chapter 4: speech-cerebellar correlates.

e Cerebellar impairment assessed in 85 pwMS through FS score within the EDSS, SARA,
9HPT and cerebellar volumes and lesion load.

e Ataxia acoustic composite score modelled and tested to predict abnormal 9HPT results.

e Similarities between the ataxia-modelled and the general acoustic composite scores are
discussed, as well as possible improvements for future acoustic composite models of

ataxia.

Chapter 5: acoustic differences between recording devices.

e Speech from each of 18 participants simultaneously recorded a professional-grade set and
three microphone configurations of a mobile device.

e Inter-equipment agreement intervals are compared to the expected change in speech for
various neurological conditions.

e Frequency response and signal-to-noise measured and discussed.
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e The chapter highlights the most robust speech metrics in that context and discusses the
main confounders for the flexibilization of speech recording protocols for neurological

monitoring.

Chapter 6: general discussion

e A summary of the main findings in previous chapters is presented.

e The combination of results is interpreted and discussed, as well as their relationship with
past and emerging research.

e Directions for future advancement in neuro-speech research is outlined.
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2.1.  Abstract

IMPORTANCE: Multiple sclerosis produces neurological impairments that are variable
in duration, severity and quality. Speech is frequently impaired, resulting in decreased
communication skills and quality of life. Advancements in technology now make it possible to
use quantitative acoustic assessment of speech as biomarkers of disease progression.
OBSERVATIONS: Four domains of speech have been identified: articulation (slow articulation
and imprecise consonants), voice (pitch and loudness instability), respiration (decreased
phonatory time and expiratory pressure) and prosody (longer and frequent pauses, deficient
loudness control). Studies also explored I) predictive models for diagnosis of MS and of ataxia
using speech variables, Il) the relationship of dysarthria with cognition and Ill) very few studies
correlated neuroimaging with dysarthria. We could not identify longitudinal studies of speech
or dysarthria in Multiple Sclerosis. CONCLUSION AND RELEVANCE: Refinement of objective
measures of speech has enhanced our understanding of Multiple Sclerosis-related deficits in
cross-sectional analysis while both integrative and longitudinal studies are identified as major
gaps. This review highlights the potential for using quantitative acoustic assessments as clinical
endpoints for diagnosing, monitoring progression and treatment in disease-modifying trials.

Key words: Multiple Sclerosis, Dysarthria, Speech, Dysphonia, Voice, Cognition, Quality

of Life, Deep Brain Stimulation, Acoustics

2.2. Introduction

Multiple sclerosis (MS) is the most common neurological disease to cause disability in
young adults (Rejdak, Jackson, & Giovannoni, 2010). Prevalence varies (<1 to 193 per 100 000)
depending on ethnic and geographical variables (Rosati, 2001). Different autoimmune
processes are implicated in the variability of the disease’s expression (Ben-Ami, Miller, &

Berrih-Aknin, 2014; Fraussen, de Bock, & Somers, 2016; Shabgah, Navashenaq, Shabgah,
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Mohammadi, & Sahebkar, 2017), and symptoms are caused by inflammatory-induced
structural (i.e. to the myelin sheath) and functional damage of neurons (Patejdl & Zettl, 2017).
This damage occurs practically anywhere in the central nervous system (CNS)(Zettl, Stive, &
Patejdl, 2012) and result in acute or chronic deficits across a variety of neurological domains
(Milo & Miller, 2014; Zettl et al., 2012).

Dysarthria (abnormal speech production) is the most common expressive
communication deficit presenting in patients with MS (Hartelius, Runmarker, & Andersen,
2000), with prevalence of around 45% (Bauer, Aleric, & Jancic, 2015; Beukelman, Kraft, & Freal,
1985; Danesh-Sani et al., 2013; Darley, Brown, & Goldstein, 1972; Gerald, Murdoch, &
Chenery, 1987; Hartelius, Runmarker, & Andersen, 2000; Hartelius & Svensson, 1994;
Hartelius, Svensson, & Bubach, 1993; Klugman & Ross, 2002; Konstantopoulos, Vikelis, Seikel,
& Mitsikostas, 2010; Piacentini et al., 2014; Yamout et al., 2009; Yorkston et al., 2003). There
are some reports of cognitive language disorders such as anomia and aphasia, which share
overlapping characteristics with other (non-language related) cognitive deficits and have an
even less defined prevalence, however, they are believed to be much less common than
dysarthria itself (Beukelman et al., 1985; Gerald et al., 1987; Hartelius, Runmarker, &
Andersen, 2000).

Existing evidence suggests that dysarthria in people with MS (PwMS) is typically mild in
nature, with patients rarely becoming unintelligible (Beukelman et al., 1985; Stipancic, Tjaden,
& Wilding, 2016). Nevertheless, impaired speech is known to have a negative impact on
employment status, social participation and overall quality of life in this population (Baylor,
Yorkston, Bamer, Britton, & Amtmann, 2010; Beukelman et al., 1985; T. Chiara, D. Martin, & C.
Sapienza, 2007; Klugman & Ross, 2002; Mackenzie & Green, 2009; Piacentini et al., 2014).

Emerging evidence strongly support a drastic and ongoing change in the treatment of

Multiple Sclerosis (Calvo-Barreiro, Eixarch, Montalban, & Espejo, 2018; Merkel, Butzkueven,
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Traboulsee, Havrdova, & Kalincik, 2017; Sharif et al., 2018). Current disease-modifying therapy
aims at long periods free of disease activity and is recommended at early stages (Merkel et al.,
2017; Ziemssen, Medin, Couto, & Mitchell, 2017). Yet, as presentation and disease progression
are highly variable, a tailored approach is considered ideal. Thus, defining biomarkers and
surrogate endpoints is the essential next step to enable efficient, tailored therapy in Multiple
Sclerosis (Bielekova & Martin, 2004; Merkel et al., 2017; Ziemssen et al., 2017).

Recent refinement of speech assessment methods suggests that discrete speech
features might be used as an additional tool to monitor disease status. This review aims to
update and expand our current understanding of dysarthria in PwMS, and the use of speech as
a marker of changes in disease state. We have included studies utilizing objective and

subjective measures as well as the results from neuroimaging studies.

2.3.  Search methods

Search and review processes are summarized in Figure .21, and a short glossary of
common terminology is provided in Table 2.1. A total of 626 publications were found.
Reference lists from selected studies were also examined.

Screening inclusion criteria were 1) human subjects; 2) speech/dysarthria as being the
primary outcome of investigation OR related to the primary outcome(s); 3) qualitative and/or
guantitative data of dysarthria or speech in the MS population; and 4) definite or probable
diagnosis of MS. Studies were excluded after full-text analysis (eligibility) if they described: 1)
speech perception by participants and auditory processing data only (i.e.,
hearing/comprehending by the participant as opposed to output production of speech); 2)
animal studies; 3) books or book chapters; 4) non-original data (e.g., consensus, professional
opinion, letters); and 5) practical duplicates (same set of participants AND very similar

hypothesis/findings as another study already included).
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Figure 2.1. PRISMA flow diagram of the reviewing process
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Table 2.1. Glossary of commonly used terms in the assessment of speech deficits

Asthenia, voice

Perceptual measurement denoting low energy during

phonation.

Articulatory rate

Dysarthria

Second formant (F2),

from acoustic analysis

Fundamental

frequency (f0)

Imprecise consonants

Loudness

Quantitative measurement from both perceptual and
acoustic assessments. Speech (syllables, words) produced
per time, excluding silences (in contrast with ‘speech rate’,
which includes silences).

Impairment of motor control of speech production. The
current definition goes beyond its etymological ‘disturbed
articulation’ to also include deficits in respiratory support,
phonation and prosody(Darley, Aronson, & Brown, 1969).
Formants are frequencies where there is high concentration
of sound energy. Formants result from the resonance in the
vocal tract (mostly pharynx, mouth and nasal cavities) of
the sound produced in the vocal folds. Changes in F2 are
associated with changes in the shape of the mouth cavity
(e.g., during utterance of the word “you”).

Lowest frequency where sound energy concentrates.
Produced by the vibration of the vocal folds in normal
voicing. Acoustic analysis measurement frequently
associated with perceptual pitch.

Deviation from the expected perceptual sound of one or
more consonants, impacting on intelligibility or requiring
context to be understood.

Perceptual quantification of sound volume in voice/speech.
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Table 2.1. Continued

Pitch Perceived vocal tone, typically higher in children and

women and lower in men.

Prosody Collection of interrelated speech features (e.g. rhythm,
variation in pitch and loudness) intentionally produced to
add to or finely tune the meaning of phrases (frequently
adding emotional/social cues).

Strain, voice Perceived physical effort to phonate/speak, higher than
expected for the resulting loudness.

Syllable repetition rate Number of syllables per time produced during continuous
and sequential fast repetition of one, two or three

prescribed syllables without semantic meaning.

2.4. Results

Removal of duplicates, application of the selection criteria and additional search for
cross-references yielded a total of 68 original studies and one review (see diagram 1). Eleven
original studies were then excluded as their data were later updated (i.e. new cases added) or
simply duplicated in more recent publications by same authors. The only review was also
removed as it reported speech findings from only two original studies, which are already
included here. A critical summary of the remaining 58 articles is provided, organized by

dysarthria domains and followed by a brief discussion.

2.4.1. Overall dysarthria characteristics

Dysarthria is considered the primary cause of communication deficit in MS, yet pwMS
present with concurrent cognitive deficits that can interfere with effective communication. A

series of recorded interviews with patients using open-ended questions (such as “What’s
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communication like for you?”) (Yorkston et al., 2007; Yorkston, Klasner, & Swanson, 2001)
described naming deficits (expressive language), attentional problems (cognition) and fatigue
as possible causes of communication difficulties in MS. Although one-third of participants
presented with dysarthria, there was little to no mention of dysarthria by patients. In contrast,
self-reported prevalence of dysarthria ranges from 23% to 56% in structured questionnaires
(Beukelman et al., 1985; Hartelius & Svensson, 1994; Klugman & Ross, 2002; Konstantopoulos
et al., 2010; Piacentini et al., 2014; Yamout et al., 2009; Yorkston et al., 2003). A few non-
controlled variables may have interfered in the descriptive content of these studies, such as a
failure to exclude individuals with cognitive impairment and the lack of standardized questions
targeting speech features specifically.

Intelligibility is marginally reduced in MS, with the degree of impairment consistently
reported between studies. In a rater blinded study of 78 PwMS, intelligibility for single words
was 96+0.03% for PWMS and 97+0.01% for healthy controls. Other work reported similar
results with either marginally decreased intelligibility in comparison to normal controls (97% vs
98%, F[1,71]=8.51; p=.005) (Rodgers, Tjaden, Feenaughty, Weinstock-Guttman, & Benedict,
2013) or a non-significant trend towards lower intelligibility (Sussman & Tjaden, 2012).

Data derived from subjective listener-based scales have yielded different results.
Subjective tests where blinded listeners used a visual analog scale for perceived naturalness
demonstrated worse scores than intelligibility assessments for both healthy controls and MS
groups (Stipancic et al., 2016; Vitorino, 2009) with the MS group rated considerably worse than
healthy controls (3.07£1.32 vs 1.0740.25, on a scale from 1=normal to 4=severely disturbed)
(Vitorino, 2009). This would suggest that the ordinal scale approach either overestimates the
magnitude of deficit or is more sensitive to pathology.

In general, the progression of dysarthria parallels progression in other neurological

systems in MS. As such, severe dysarthria is usually only present in PwMS with advanced
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neurological disability. This observation is supported by the reports by Hartelius et al., where
two comprehensive perceptual assessment protocols with multiple individual speech scores
were condensed into one composite “overall dysarthria score” for each participant. Both
composite dysarthria protocols showed a strong relationship with Expanded Disability Status
Scale (Kurtzke, 1983) scores (EDSS, correlation coefficient of 0.6) (Hartelius, Runmarker, &
Andersen, 2000).

Specific speech deficits are described below, and most prominent impairments are
condensed in Table 2.2. Only six studies reported both EDSS and the general degree of

dysarthria, all of which used acoustic assessments (Figure 2.2).

Figure 2.2. Overview of impaired speech characteristics in relation to overall disability (EDSS

scores), severity of dysarthria and disease course

3 : PHONATORY
: TIME**

E

D

S

S o A

S ._ ORAL
DIADOCHOKINESIS*

G .

C 4 ™

R EXPIRATORY

E PRESSURE®*

MS
COURSE_—'I RELAPSING REMITTING >50% l\—) SECONDARY PROGRESSIVE >50%

SUB-CLINICAL —————— MILD ——————— MODERATE -

DEGREE OF DYSARTHRIA

*p<0.05; **p<0.001.

36



Table 2.2. Summary of main speech deficits found in MS.

Deficit Findings Type Studies

Reduced F2 slope (Hartelius, Nord, & Buder,
1995; K. M. Rosen, Goozée, &
Murdoch, 2008)

Glottal insufficiency and Vocal asthenia PA (Bauer et al., 2013; Dogan et
instability al., 2007)

Reduced closed EP (Vavougios, Doskas, &
quotient Konstantopoulos, 2018;
Yamout et al., 2013)

Breathiness, reduced AA (Dogan et al., 2007; Tjaden &
loudness Watling, 2003b)

Expiratory pressure (T. Chiara et al., 2007)
Nonspecific. Might be Frequent, longer and PA (Gerald et al., 1987; Hartelius,
related impairment of inappropriate pauses Runmarker, & Andersen, 2000;
cognition (attention, Hartelius et al., 1993)
language), respiratory AA (Hartelius, Runmarker,
support, or might reflect Andersen, et al., 2000; Kuo &
motor hesitancy Tjaden, 2016; Tjaden &

Watling, 2003b)

Table 2.2. (continued)
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Deficit Findings Type Studies

Nonspecific. Early sign. Monopitch PA (Darley et al., 1972; Gerald et
Might be related to al., 1987; Hartelius,
depressive mood Runmarker, Andersen, et al.,

2000; Hartelius, Theodoros,
Cahill, & Lillvik, 2003)

AA (Konstantopoulos et al., 2010;
J. Rusz, Benova, et al., 2018;
Vavougios et al., 2018)

Pneumo-phonatory Excessive loudness PA (Darley et al., 1972; Gerald et
incoordination, related to variation al., 1987; Hartelius,
ataxia Runmarker, Andersen, et al.,
2000; Hartelius et al., 2003)
AA (J. Rusz, Benova, et al., 2018)

AA= acoustic analysis; BM= biomechanical assessments; EP= electrophysiology; PA= perceptual
assessments
2.4.2. Articulation

Articulation of speech was analysed in 576 PwMS across 14 studies. Articulation in MS
is characterized by consonant imprecision, decreased word output rate and slow vowel
transitions likely due to slow tongue movements. Listener rated scores reported that
consonants were mispronounced by 26- 40% of PwMS (Gerald et al., 1987; Hartelius,
Runmarker, & Andersen, 2000; Hartelius et al., 2003; Vitorino, 2009) accounting for 90% of
intelligibility variance in one study (Gerald et al., 1987).

Articulatory rate was consistently reduced in both subjective and objective studies and
correlates with non-speech disabilities. Longer duration of syllables was observed in different
tasks, including spontaneous speech, reading and syllable repetition (Darley et al., 1972;
Gerald et al., 1987; Hartelius, Runmarker, Andersen, et al., 2000; Rodgers et al., 2013; J. Rusz,
Benova, et al., 2018; Tjaden & Watling, 2003b). Additionally, results from acoustic analysis
showed an inverse moderate correlation between articulation rate and overall disability (EDSS,
r=0.5, p<0.001), hand dexterity (9 peg hole test, r=0.54, p<0.001), and walking speed (timed

25-foot walk, r=0.41, p<0.001)(J. Rusz, Benova, et al., 2018).
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Tongue movements are particularly affected in PwMS and can be detected even
before overt dysarthria manifests. Studies that utilized acoustic analysis showed, through
investigation of the maximum slope of the second formant (F2), that phoneme transitions
requiring fast tongue or fast pharyngeal movements were slower in dysarthric PwMS (Hartelius
et al., 1995; K. M. Rosen et al., 2008). When studied in isolation, tongue speed, strength and
endurance were lower not only in dysarthric but also in non-dysarthric PwMS (Hartelius &
Lillvik, 2003; Murdoch et al., 1998), whereas lip and velopharyngeal movements were
abnormal in dysarthric but spared in non-dysarthric PwMS (Hartelius & Lillvik, 2003; Murdoch

et al., 1998; Vitorino, 2009).

2.4.3. Voice

Voice function in pwMS is characterized by glottal inefficiency (i.e., the sound energy
produced in relation to the amount of air passing between the vocal folds), decreased
loudness control and both short and long-term (tremor-like) vocal instability.

Voice quality was studied in a total of 484 persons from 14 studies. Perceptual studies
were mostly non-blind, without a matched control group and largely descriptive where
speech-language pathologists rated PwMS as vocally impaired in 45% to 91% of the cases
(Darley et al., 1972; Gerald et al., 1987; Hartelius et al., 1993; Yamout et al., 2009).

A considerable number of studies support the hypothesis that loss of glottal efficiency
is a contributor to decreased voice quality in PwMS. Phonatory asthenia and strain were found
to be different between MS and healthy control groups in two studies, present in up to a third
of PwMS. Additionally, asthenia was strongly correlated with disease duration (r=0.53) and
Voice Handicap Index scores (r=0.44)(Bauer et al., 2013; Dogan et al., 2007). No correlation
with EDSS scores was found except for reported voice fatigue (Yamout et al., 2009). A quarter
of PWMS had frequent voice breaks (Gerald et al., 1987; Hartelius et al., 1993; Yamout et al.,

2009), which inversely correlated with Closed Quotients in an electroglottographic study (i.e.,
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the proportion of time that the vocal folds sustain full contact during vocalization)(Yamout et
al., 2013). The same electroglottographic variables were also used to create a discriminant
regression model (equation), resulting in perfect classificatory for the diagnosis of MS,
achieving perfect classificatory accuracy (sensitivity and specificity of 100%) for the
experiments cohort of 64 PwMS and 64 matched controls (Vavougios et al., 2018). Some less
commonly reported findings concerned glottal inefficiency manifesting in reduced mean
loudness (Tjaden & Watling, 2003b) and increased breathiness as measured by the soft
phonation index (Dogan et al., 2007).

A second contributor to poor voice quality is related to phonatory instability. Pitch
(Gerald et al., 1987; Hartelius, Runmarker, & Andersen, 2000; Hartelius et al., 1993) and
loudness (Darley et al., 1972; Gerald et al., 1987; Hartelius, Runmarker, & Andersen, 2000;
Hartelius et al., 1993) control were rated as impaired in approximately one-third of PWMS in
perceptual (subjective) studies. However, only loudness control remained statistically different
from healthy controls in a protocol where raters were blinded to the diagnosis (Hartelius,
Runmarker, & Andersen, 2000). Data from acoustic analysis suggest that instability of intensity
(acoustic equivalent of loudness) and frequency (acoustic equivalent of pitch) are common in
PwMS (Feijé et al., 2004; Konstantopoulos et al., 2010). Both jitter and shimmer (which reflect
short term variation of frequency and intensity respectively, between two consecutive vocal
pulses) were higher in PWMS than in healthy control speakers, most markedly for males
(Dogan et al., 2007; Feij6 et al., 2004; Konstantopoulos et al., 2010; Yamout et al., 2009).
Longer-term “tremor-like” instability (taking into consideration several consecutive pulses, i.e.
a few seconds of continuous vocalization) was also reported as a predictor differentiating
PwMS from healthy individuals with sensitivity of 80-85% and specificity of 90-100% (Hartelius

et al., 1997).
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Data on fundamental frequency (acoustic measure related to perceived pitch)
appeared inconsistent across studies, with some reporting either lower (Dogan et al., 2007,
Konstantopoulos et al., 2010; Yamout et al., 2013) or higher (Feij6 et al., 2004) when compared

to matched controls.

2.4.4. Respiratory support

Respiratory support was described in a total of 415 PwMS from six studies.
Respiration (also cited as ventilation) was impaired in one-third of PWMS in early studies
(Darley et al., 1972; Gerald et al., 1987), and expiratory and phonatory times were inversely
correlated with EDSS scores in a high disabled cohort of 50 PwMS (average EDSS of 7.3) in the
only study to test for non-speech correlations (Nordio et al., 2018). Respiration (rather than
either articulation, phonation, oral motor performance, prosody, and intelligibility) was found
to be the speech-related domain that best differentiated MS from healthy participants in one
study (Hartelius, Runmarker, & Andersen, 2000). Accordingly, maximum phonatory time,
maximum expiratory time and maximum expiratory pressure were significantly reduced (T
Chiara, D Martin, & C Sapienza, 2007; Dogan et al., 2007; Nordio et al., 2018; Yamout et al.,
2009) or showed a trend towards reduction in PwMS (Hartelius et al., 1993) when compared to

healthy controls.

2.4.5. Prosody

Prosody was described in at least 470 subjects from ten studies. Speech rate was
perceived as reduced (slower) in 39% to 47% of individuals with MS (Darley et al., 1972; Gerald
et al., 1987; Hartelius et al., 1993) and confirmed in objective measurements — means of 11%
and 24% less syllables per second (Arnett, Smith, Barwick, Benedict, & Ahlstrom, 2008; K. M.
Rosen et al., 2008) and around 14% less words per minute (T. Chiara et al., 2007; J. Rusz,

Benova, et al., 2018) were produced by PwMS in comparison to matched controls.
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Acoustic analysis showed that longer and more frequent pauses were observed both in
reading and spontaneous speech tasks (Gerald et al., 1987; Hartelius, Runmarker, & Andersen,
2000; Hartelius, Runmarker, Andersen, et al., 2000; Hartelius et al., 1993; Kuo & Tjaden, 2016;
Tjaden & Watling, 2003b). Particularly in ataxic PwMS, deficient “on-the-flight” timing
adjustments were apparent. For these people, data showed lack of variation in syllable length
within a single utterance — named intra-sentence syllable isochrony — but higher than normal
variation between sentences, which could be argued to be a delayed overcorrection resulting
in decomposition of rhythm, similar to what occurs for limb movements in ataxia. PwMS with
the ataxic type of dysarthria were found to sacrifice the rhythmic pattern of stressing words in
order to keep syllable length fixed, while normal speakers kept the rhythm constant by varying
syllable length (Hartelius, Runmarker, Andersen, et al., 2000; Tjaden & Watling, 2003b).

While overall speech intonation (i.e. stressing the wrong part of a word or phrase) was
found to be impaired in 34 to 43% of PWMS (Darley et al., 1972; Gerald et al., 1987; Hartelius
et al., 1993), supporting data suggest that pitch and loudness control may reflect different
neuro-networks, thus should be treated separately. Excessive loudness variation was found
only in ataxic participants and correlated with hand dexterity, whereas monotonic reading
(monopitch) strongly differentiated healthy control and no-disability MS groups
(EDSS<2)(Konstantopoulos et al., 2010; J. Rusz, Benova, et al., 2018) but was not associated
with hand dexterity or ataxia (J. Rusz, Benova, et al., 2018). Recently, acoustic analysis of pitch
variation was included in two prediction models to classify speakers as healthy control or
PwMS without disability, reaching accuracies of 78% and 100% (J. Rusz, Benova, et al., 2018;

Vavougios et al., 2018).

2.4.6. Dysarthria and MS disease course
Clinically evident dysarthria often presents in more advanced stages of the disease,

thus being significantly correlated with overall disease severity as rated in EDSS (Kurtzke,
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1983). Accordingly, overt dysarthria is more frequently described in primary and secondary
progressive subtypes of MS (Beukelman et al., 1985; Darley et al., 1972; Hartelius, Runmarker,
& Andersen, 2000; Yamout et al., 2009)(Figure 2). However, it should be noted that MS-related
disability is inconsistently reported in the published literature.

There are also several less common speech presentations reported within the
literature. At least forty-nine patients with paroxysmal episodes of dysarthria have been
described. The case reports describe acute onset of frank dysarthria lasting only for a few
seconds per episode and recurring often and daily, frequently associated with other
cerebellar/brain-stem symptoms (e.g., generalized ataxia). They occurred approximately 6-10
weeks after a classic relapsing episode. Six (more recent) cases were investigated at the time
of the primary relapse with magnetic resonance imaging (MRI), reporting new enhancing
lesions including one or more at or below the red nucleus. Repeat imaging at the time of onset
of the paroxysmal dysarthria, however, did not show new demyelinating lesions. Most of these
patients were treated with carbamazepine and the symptoms resolved within a few weeks or
months, leaving no permanent functional deficit (Blanco, Compta, Graus, & Saiz, 2008;
Goodwin & Carpenter, 2016; lorio, Capone, Plantone, & Batocchi, 2014; Li, Zeng, & Luo, 2011;
Marcel et al., 2010; Tiiziin, Akman-Demir, & Eraksoy, 2001; Twomey & Espir, 1980; Valentino
et al., 2011). Demographic data was reported for 24 of these patients, with 14 being male and
overall mean age of 37.5 years.

Additional data describing the relationship between dysarthria and anatomical lesion
location in PWMS are very limited. Besides the reports already mentioned, three cases of
acute-onset persistent dysarthria were associated with lesions within the brain stem,
cerebellum and motor cortex (Kishimoto et al., 2008; Kutzelnigg et al., 2007; Pender &

Ferguson, 2007) and two reports of worsening dysarthria following thalamotomy and deep
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brain stimulation of the thalamus (Alusi et al., 2001; Pitzer, Wokurek, & Moringlane, 2017) for

MS-associated upper limb tremor.

2.4.7. Dysarthria and cognition

PwMS are often tested for cognitive deficits, thus some studies have explored the
relationship between dysarthria and abstract mental processes. In comparison to PwMS
without overt speech impairment, PwMS with dysarthria were shown to have poorer
performance in neuropsychological tests (NPT) where speech was required to gauge
performance (De Looze et al., 2017; M. M. Smith & Arnett, 2007) (e.g. Paced Auditory Serial
Addition Test — PASAT(Gronwall, 1977) and oral version of the Symbol Digit Modality Test —
SDMT (A. Smith, 1982)). Moderate correlations have been found between NPT and speech
intelligibility (Mackenzie & Green, 2009), speech rate (total output per time) (Arnett et al.,
2008; Rodgers et al., 2013) and articulatory rate (i.e. length of phonemes) (Rodgers et al.,
2013; J. Rusz, Benova, et al., 2018). Time and frequency of pauses have a stronger correlation
than articulatory rate (Roberg, Somogie, Thelen, & Bruce, 2015; Rodgers et al., 2013). Pause
time accounted for most of the difference between PWMS and control participants in NPT in
one study (Roberg et al., 2015) where articulation speed had no influence. The correlation
between motor control of speech and cognition scores was found in MS but not in healthy
controls (Rodgers et al., 2013).

Despite those findings, most investigations have a clear confounding bias where
speech rate is used at the same time as predictor (in dysarthria scores) and response (in timed
oral NPT). Clinicians and researchers must be aware when interpreting oral cognitive tests in

dysarthric people and choose an alternative assessment whenever where possible.
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2.4.8. Treatment for dysarthria in MS

Resistive respiratory training showed better results than non-resistive exercises. One
study tested an integrated protocol of respiratory, phonatory and articulatory exercises in
supervised sessions of 45 minutes, four times per week also for eight weeks in 30 PwMS. No
effect was observed over maximum phonation time, maximum expiratory time and dysarthria
scores during the experiment (Nordio et al., 2018). Another intervention used an intensive
protocol similar to limb strength training. Seventeen PwMS and fourteen healthy controls
were instructed to blow through a modified simple pressure-controlling device (modified
Threshold®PEP, Healthscan Products Inc, Marietta, USA) for five seconds, six consecutive
times, resting for 30-60 seconds between sets and completing four sets per day, five days per
week (under supervision once per week), for eight weeks. Maximal expiratory pressure
increased 40% from baseline in PwMS and 29% in healthy controls. Small but significant
improvement in measured reading rate and in self-reported dysarthria was also observed
(reported only for the MS group). Results were more evident in the moderate versus mild
subgroup (as per EDSS scores) and remained relevant four weeks after the end of the training
period. Maximum phonation time was not significantly affected by training (T. Chiara et al.,
2007). The lack of a non-training control group prevents exclusion of practising-effect bias and
the effects of respiratory training on quality of life, and other speech measures need further
exploration.

Behavioural interventions have also been trialled to improve dysarthriain MS. In a
study involving 30 PwMS and 32 healthy individuals, participants had their voices individually
recorded while reading a standardized passage and then were intensively instructed to speak
(in turns) louder, clearer or slower. Improvements in both acoustic characteristics and
intelligibility (40, 58-61) were observed. The “loud version” brought the largest increment of

consonant distinctiveness and intelligibility. Additionally, a variable enhancement of F2 slopes
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was very apparent in half PwMS. None of the behavioural interventions results were reported
to last longer than the study session itself.

Successful treatment of phonatory dystonia by injection of botulinum toxin A in the
thyroarytenoid muscle has been reported for three PwMS. Unilateral and very low doses (1-3
units) were sufficient to achieve the desired effect of fluid phonation without vocal spasms (Di
Stadio, Bernitsas, Restivo, Alfonsi, & Marchese-Ragona, 2018). Little detail of speech, clinical
and neuroimaging characteristics of those patients was reported.

Finally, a single case of acute relapse-related dysarthria (among other symptoms) was
successfully treated with plasma exchange after failure to improve with corticosteroids (lkeda,
Lee, Fraser, Mirsattari, & Morrow, 2015). Schmidt and colleagues (Schmidt, 2013) reported
good results using the potassium channel agonist, Fampridine, in three cases of severe
dysarthria. These results were only reported in a brief letter to the editor, with non-blinded

assessment, no objective measures of speech, and with declared conflicts of interest.

2.5. Considerations

Different assessment methods influenced the magnitude and generalizability of
results. For example, where a speech characteristic was investigated through more than one
type of assessment, the frequency and severity of abnormalities were most pronounced when
recorded using instrumental measures (e.g., acoustic analysis), followed by professional
perceptual ratings (speech pathologists > neurologists) and, lastly, patient self-scoring.

It is clear that greater use of objective tests (i.e. acoustic analysis, electrophysiology
and imaging) along with the usual clinical assessments has the potential to address much of
the discordance in naming and definitions, as well as the inherent dependency on training and
influence from professional background observed in subjective investigations (De Bodt, Wuyts,

Van de Heyning, & Croux, 1997).
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The relationship between dysarthria and cognitive impairment in PwMS requires
further exploration. It is reasonable to assume that any condition that slows speech rate would
affect cognitive scores derived from verbal output. Similarly, where individuals present with
concomitant cognitive and motor deficits, the competing demands of each process can place
stress on each domain, potentially leading to exacerbation of the perceived deficit in a formal
testing setting(Vogel, Fletcher, & Maruff, 2014; Vogel, Poole, et al., 2017). This is not unique to
MS — people with Myasthenia Gravis (a disease of the neuro-muscular junction) scored below
controls in all NPT requiring a verbal response (and in one test that required rapid hand
response) but normally in other NPT (Paul, Cohen, Gilchrist, Aloia, & Goldstein, 2000).
Furthermore, mean scores in the standard version of the written SDMT (rather than oral) in a
large cohort of 811 PwWMS, did not report lower than expected scores (Van der Walt et al.,

2011).

2.6. Conclusion

Speech production (as a mean of transmitting information) is impaired in PwMS but is
usually only clinically evident in more advanced stages of the disease. Although intelligible,
speech in PwMS is often perceived as deficient by both the general population and specialists,
having a negative impact on communicative participation and quality of life. The main
dysarthric features in PwMS are slowness, increase of pauses (frequency, duration and
inappropriate onset), deficient loudness control, monopitch, imprecise consonants,
asthenic/strained voice and decreased respiratory capacity (Table 2.2). Most speech variables
were studied in isolation from one another, from other disease characteristics (i.e.,
ambulation, cerebellar dysfunction, disease phenotype), and from progression and

neuroimaging correlates.
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Objective speech assessments offer greater accuracy, replicability, and feasibility in
comparison to perceptual analysis. If coupled with additional meaningful outcomes such as
measures of speech-related quality of life, objective assessments have the potential to assist
decision making when tracking disease progression and treatment response in MS.
Longitudinal studies are needed to define whether dysarthria and its measurement provide
additional and unique insights into MS disease progression or as a subclinical surrogate marker

of cerebellar network involvement.

2.7. Take-home messages

e Mild dysarthria is highly prevalent in MS and significantly impacts quality of life.

e Slow, imprecise, and monotonic speech are common findings in people with MS
and can be associated with other neurological deficits. -

e Objective speech assessments show high classification accuracy for early-MS
versus no-MS in experimental cohorts.

e The potential to monitor disease progression has been demonstrated through
correlation of objective speech measurements with clinical scores of accrued

disabilities. Longitudinal studies are warranted.
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3.1. Illlustrated highlights

e In multiple sclerosis, computer-based speech metrics correlate with neurological disability
in people without dysarthria.

e Acoustic analysis of speech differentiated between groups of mild, moderate and severe
neurological disability.

e Acoustic analysis of speech correlated with quality of life, white matter atrophy and whole

brain lesion load.

3.2. Abstract

BACKGROUND: Objective measurement of speech has shown promising results to monitor
disease state in Multiple Sclerosis. In this study, we characterize the relationship between
disease severity and speech metrics through perceptual (listener based) and objective acoustic
analysis. We further look at deviations of acoustic metrics in people with no perceivable
dysarthria. METHODS: Correlations and regression were calculated between speech
measurements and disability scores, brain volume, lesion load, and quality of life. Speech
measurements were further compared between three subgroups of increasing overall
neurological disability — mild (as rated by the Expanded Disability Status Scale <2.5), moderate
(23 and <5.5) and severe (26). RESULTS: Clinical speech impairment occurred majorly in people
with severe disability. An experimental acoustic composite score differentiated mild from
moderate (p<0.001) and moderate from severe subgroups (p=0.003) and correlated with
overall neurological disability (r=0.6, p<0.001), quality of life (r=0.5, p<0.001), white matter

volume (r=0.3, p=0.007) and lesion load (r=0.3, p=0.008). Acoustic metrics also correlated with
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disability scores in people with no perceivable dysarthria. DISCUSSION: Acoustic analysis offers
a valuable insight into the development of speech impairment in MS. These results highlight
the potential of automated analysis of speech to assist in monitoring disease progression and

treatment response.

3.3. Introduction

Dysarthria (impairment of speech execution) affects around 50% of people with
multiple sclerosis (MS) at some stage of their illness (Hartelius, Runmarker, & Andersen, 2000;
O'Connor, 2002). Studies using standardized assessments by trained raters, herein perceptual
analysis, highlighted that dysarthria in people with MS (pwMS) is often characterized by slow
speech rate, increased frequency of pauses and poor respiratory support (Noffs et al., 2018).
The degree of impairment is typically mild, and intelligibility is marginally affected (Noffs et al.,
2018).

Subtle impairment in speech production might not translate into overt dysarthria.
Speech production relies not only on motor control but also affective (mood)(Cummins, Sethu,
Epps, Schnieder, & Krajewski, 2015; Flint, Black, Campbell-Taylor, Gailey, & Levinton, 1992;
Mundt, Vogel, Feltner, & Lenderking, 2012) and cognitive (Arnett et al., 2008; Rodgers et al.,
2013) processes of the central nervous system. Yet, the reported prevalence of cerebellar,
cognitive and affective symptoms (Kister et al., 2013; Martin et al., 2006; Panou,
Mastorodemos, Papadaki, Simos, & Plaitakis, 2012) are disproportionally larger than the
prevalence of perceptually assessed dysarthria in MS. Arguably, impairment of the former
systems affects speech but remain undetected by conventional perceptual assessments.

Measurements from objective acoustic analysis of speech, related but not identical to
clinical characteristics of dysarthria, seem to be more sensitive to neurological dysfunction.

What we perceive as the loudness of sound, for example, is a non-linear function of variation
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in air pressure, termed sound intensity in acoustic analysis (Fletcher & Munson, 1933). We can
further perceive instability in loudness, often defined as voice tremor (Maryn, Leblans,
Zarowski, & Barkmeier-Kraemer, 2019). Yet, acoustic measurement of sound intensity
instability can separate individuals with MS from healthy controls (HC) with 90% accuracy
(Hartelius et al., 1997) while experienced raters perceive such instability in only about 35% of
pwMS (Hartelius, Runmarker, & Andersen, 2000). In a recent study (J. Rusz et al., 2019),
frequency instability and slow articulation rate were observed in pwMS without any clinically
detectable dysarthria. Evidence from Huntington’s disease, which has a well-defined pre-
symptomatic stage, points to objective changes in speech occurring before not only dysarthria
but any disease-related symptom becomes overt (Chan et al., 2019). Thus, acoustic measures
appear to be more sensitive than perceptual scores to the presence of neurological damage.
Through objective measurement of speech, acoustic analysis can inform on change of
neurological function. The relationship between specific acoustic metrics and neurological
dysfunction (Fazeli et al., 2020; Noffs et al., 2020; J. Rusz, Benova, et al., 2018) or brain
volumetrics (Noffs et al., 2020; J. Rusz et al., 2019) was recently described in MS. The primary
aim of the current study was to describe the relationship between speech measurements and
general neurological impairment, brain volume, brain lesion load and quality of life in MS in a
single cohort. The secondary aims were to determine the association between acoustic metrics
and neurological dysfunction in non-dysarthric pwMS, and to estimate at which level of
neurological disability each speech metric changes. The current study also expands on recent
findings by including the analysis of unscripted speech recordings, desirable for frequent and

non-invasive monitoring.
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3.4. Methods

3.4.1. Participants

People with a definite diagnosis of relapsing-remitting or secondary-progressive MS
(Thompson et al., 2018) were sequentially recruited from tertiary MS clinics. All participants
were recruited to participate regardless of speech symptoms. Exclusion criteria were: 1) the
presence of other neurological or neuromuscular disorder; 2) MS relapse within the last 3
months; 3) impaired vision or hearing resulting in an inability to complete the testing protocol;
and 4) speech impairment not related to MS (e.g., stuttering, vocal tics). Age and sex-matched
volunteers with no history of neurological or muscular diseases were recruited as healthy
controls (HC). The study was approved by the relevant Ethics Committees, and written

informed consent was obtained from all participants.

3.4.2. Neurological assessment
All participants underwent a detailed physical and neurological examination by a
qualified neurologist who determined all MS participants’ Expanded Disability Status Scale

score (EDSS)(Kurtzke, 1983).

3.4.3. Speech assessment

To avoid overfitting and mitigate type 2 error, we restricted the analysis of speech
variables to only those shown to be impaired in MS by previous studies (Noffs et al., 2018).
Speech variables were organized into three major domains (Table 3.1) and assessed through

both perceptual and acoustic methods.
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Table 3.1. Speech items included in the analyses.

Speech domain

Perceptual items

Acoustic items and tasks

Timing

Control

Voice quality

Prolonged intervals
Prolonged phonemes
Prosody rate

Variable rate

Pause percentage READ, FREE
(total pause time/task time)
Articulatory time DAYS, READ

(task time — total pause

time)

Speech rate (syllables or

DDK, DAYS, READ

DDK speed words/second)
DDK irregularity Pause variability READ, FREE
False starts (silences length SD)
Articulatory variability DDK
(syllables length)
Voice tremor Frequency instability (fO
Loudness Decay CoV) VOWEL
Monoloudness Loudness instability
Monopitch (energy CoV)
Audible inspiration F2 articulation speed READ
Distorted Vowels (f2 CoV/articulatory time)
Imprecise consonants | Energy decay (mean of FREE
Repeated phonemes differences in energy
Irregular articulatory | between starting and
breakdowns finishing quarters of time of
Groping each utterance)
Pitch breaks Loudness variability FREE
Reduced stress (energy CoV)
Nasality Frequency variability
Phonemic errors (f0 CoV) READ, FREE
Roughness Harmonics-to-noise ratio VOWEL

Breathiness

Strain

Cepstral Peak Prominence
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Table 3.1. Continued

Naturalness Composite score All tasks
Multi-domain
Intelligibility

Mathematical definitions of non-standard acoustic measures are shown between brackets.

CoV = coefficient of variance (i.e., standard deviation divided by the mean); fO = fundamental
frequency; F2 = second formant; SD = standard deviation.

Speech sample

We elicited speech using five standardized speech tasks which fit along a spectrum of
automaticity (Adam P Vogel et al., 2014), from simple to complex (phonetically and/or
cognitively), including: 1) sustaining the vowel ‘a’ for 10 seconds (VOWEL), 2) saying the days
of the week in order, beginning at Monday (DAYS), 3) repeating the syllables pa-ta-ka as fast as
possible for 10 seconds (diadochokinetic speech, i.e. fast alternation of movements, DDK),

4) reading a phonetically balanced paragraph (READ), and 5) telling a personal story from
memory (one-minute unscripted monologue, FREE). See Appendix A. Each task, except for the
monologue, were elicited twice to reduce the effect of unfamiliarity (Vogel & Maruff, 2014).
The first was a practice trial, while the second was used for analysis.

We used a Roland Quad-Capture recorder with an AKG C520 cardioid head-mounted
condenser microphone (frequency range, 20Hz-20kHz; sensitivity, -43 dB) positioned 8 cm
from the mouth, at 45° angle laterally/inferiorly. Recordings were sampled at 44.1 kHz and
qguantized at 16 bits. Recordings for each participant (HC and pwMS) were completed in a
single session, in a quiet room without acoustic isolation, reflecting real-world clinical practice.
The door of the room was kept closed, and recordings stopped and re-initiated in case of
extraneous noises (i.e., loudspeaker announcement, knocking on the door). Participants’
positioning in the room was also standardized. Participants were recorded while sitting, facing

the centre of the room and two meters from the wall in front of them. As relative noise can
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affect acoustic analysis, we determined the signal-to-noise ratio (SNR) in Praat (Boersma,
2002) v6.0.28. SNR was calculated by subtracting the intensity in dB of the recorded
background noise immediately before and after the sustained vowel from the mean intensity
during the sustained vowel. SNR mean was 39dB (+6dB).

We used Audacity v2.1.2 (Free Software Foundation, Boston, USA) for auditory-graphic
manual screening of all speech sample to exclude procedural errors. Pre- and post-task
silences were deleted. Recordings from sustained vowels under 5 seconds were excluded (2%),
but those with duration from 5 to 9 seconds (21%) were included in the subsequent analyses.
Speech files were renumbered and randomized before perceptual analysis.

Perceptual analysis

One speech and language pathologist (FM) and one otolaryngologist (GN) rated all
audio recordings blinded to presence of MS and disease severity. Twenty-six speech
characteristics were analysed (Vogel, Poole, et al., 2017) (Table 3.1 and Appendix B). Briefly, a
normal or unremarkable speech feature was scored as zero while increasing deviation is
scored using a four-point ordinal scale (e.g., speech naturalness, where O=normal and
4=severely unnatural/bizarre). A single score was attributed to each perceptual feature, i.e.,
scores were not distributed across tasks. Each rater scored all samples from a single participant
simultaneously and independently. Overall, 80% of initial perceptual scores showed perfect
agreement between raters, and an additional 18% diverged in only one point. Exponentially
weighted kappa coefficient averaged at 0.514. Independent rating was immediately followed
by a discussion of scores and replay of recordings until consensus was reached. Only consensus
scores were used in subsequent analysis.

Acoustic analysis

We selected acoustic characteristics that were previously shown to be altered in MS

(e.g. fundamental frequency CoV (Hartelius et al., 1997), F2 slope (K. M. Rosen et al., 2008)) or
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which had a corresponding perceptual characteristic previously shown to be altered in MS and
that had a simple and straight forward acoustic calculation (e.g. prolonged pauses in
perceptual analysis (Noffs et al., 2018) with corresponding pause percentage in acoustic
analysis).

The two seconds after the first train of pa-ta-ka were analysed. Typically in naturalistic
speech, the first few syllables are produced with a much higher intensity (i.e. louder), followed
by a short period with high intrasubject stability (Tjaden & Watling, 2003b). Similarly, the
analysis of sustained vowels was confined to the middle 3 seconds for stability and consistency
across participants (Ray D Kent, Vorperian, & Duffy, 1999).

Voicesauce (Y. L. Shue, Keating, & Vicenik, 2009) was used to compute cepstral peak
prominence (CPP), harmonic-to-noise ratio (HNR, zero to 3,500Hz band), fundamental
frequency and second formant; MSP© (Pentax)(Wang, Kent, Duffy, & Thomas, 2009) to
analyse DDK rate and variability; previously developed (Folker et al., 2012; Vogel, Poole, et al.,
2017) automated scripts on Praat for all other timing measures; and free-standing short scripts
on Matlab© v2018b (The Mathworks Inc, US) for intensity-based first-order calculations
(means, standard deviations, perturbation, percentiles). For women and men, respectively,
fundamental frequency boundaries were set to 100Hz and 300Hz, and 70 to 250Hz (Vogel,
Maruff, Snyder, & Mundt, 2009) while the analysis window length was set to 30ms and 42m:s.

Window shift was fixed at 10ms.

3.4.4. Self-assessed quality of life

MS participants completed the Multiple Sclerosis Impact Scale (MSIS-29)(Hobart,
Lamping, Fitzpatrick, Riazi, & Thompson, 2001), a questionnaire validated to assess the impact

of MS on quality of life.
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3.4.5. MRI data acquisition and analysis

Structural imaging included: 1) high-resolution 3D T1-weighted MPRAGE scan with
motion correction (TR=2530ms; TE=2.5ms; TI=1260ms; FOV=176x256mm; voxel
size=1.0x1.0x1.0mm); and 2) high resolution 3D T2-weighted double inversion recovery (DIR)
sequence (TR=7400ms; TE=324ms; TI=3000ms; flip angle=120°; ETL=625; FOV=144x220mm;
voxel size=1.0x1.0x1.0mm). MRIs were administered within two weeks of behavioural testing.
Data analyses were conducted using Freesurfer version 6.0 to determine the whole brain, total
grey matter and total white matter volumes from the MPRAGE images. Volumes were then
standardized as a percentage of total intracranial volume. Lesion load was derived from the
DIR images using the lesion prediction algorithm within the lesion segmentation tool toolbox
(version 2.0.15) for statistical parametric mapping (SPM®) (The FIL Methods Group) as

described in Boonstra et al. (Boonstra et al., 2018).

3.4.6. Statistical Methods

Statistical analyses were performed using IBM SPSS® 25.0. To estimate the neurological
disability level at which each speech measurement differs from controls, we divided data from
the MS group into three subgroups according to EDSS scores: mild (EDSS<2.5), moderate (EDSS
3 to 5.5) and severe (EDSS>5.5). The criteria for EDSS-score boundaries were: 1) clinical
intragroup identity (i.e. clinical similarities in their EDSS-scores definitions)(Kurtzke, 1983); and
2) groups that represented different “phases” of disease progression (Amato & Ponziani, 1999;
Hohol, Orav, & Weiner, 1999; Meyer-Moock et al., 2014; Ravnborg et al., 2005). To match
subgroups and HC for age and sex, we sequentially excluded participants from each subgroup,
starting with the most deviant participant until p>0.1 for age and sex.

We compared the general MS group with HC. We then compared each EDSS subgroup

against HC and performed inter-subgroup comparisons of speech characteristics. We used
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independent samples t-test for parametric and Mann-Whitney for non-parametric pairs for
evaluating the null hypothesis (p values).

To account for multiple comparisons, we applied a maximum false discovery rate (g
value) of 5% (Benjamini & Yekutieli, 2001) and determined a reference p value (critical p)
which is equivalent to a single comparison p = 0.05. In this method, the critical p value varies
according to characteristics of the set of p values entered (e.g., the number of p values, their
magnitude and dependency). As with conventional p values(Wasserstein & Lazar, 2016), the
critical p should be used only as a reference value for interpreting results rather than a fixed
threshold for significance. We reported the respective critical p value along with each set of
results.

To estimate the strength of correlations, we calculated Spearman’s coefficients (r)
between speech measurements and the EDSS, imaging measurements and MSIS-29. To test if
associations between speech metrics and EDSS were dependent on dysarthria, we calculated
the same coefficients, including only pwMS without dysarthria, as defined by naturalness =0 in
blinded ratings. Naturalness is a global measure of dysarthria and more sensitive than
intelligibility (Sussman & Tjaden, 2012). We further calculated correlation coefficients for
people without specific perceptual impairment for selected variables.

We entered all acoustic variables in a forward stepwise multiple linear regression to
determine the best-fit modelling for EDSS, for all pwMS regardless of the presence of
dysarthria, with p<0.05 to enter and >0.1 for variables to leave the model. We used the
variables and parameters from the linear regression model as an ‘acoustic composite score’,
i.e. the sum of all speech variables that formed the model multiplied by their respective beta
values. Rather than predicting EDSS, the main purpose of the regression was to create an
overall acoustic measure directed towards neurological dysfunction. In the perceptual analysis

method, ‘naturalness’ is used by the trained rater in a similar way, considering only speech
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deviations relevant to the detection and grading of neurological impairment (dysarthria). The
resulting acoustic composite score was then entered in the same group comparisons described
before and tested for the correlations with imaging and quality of life. Further, 95% confidence
intervals (Cl) of the acoustic composite score and perceptual naturalness were used to gauge

overall speech status on each EDSS subgroup.

3.4.7. Data availability statement

Data will not be made public for ethical safeguard of participants as it may be
identifiable. Most of the remaining data in the current study are part of ongoing investigations
by the researchers. The authors agree to share the study protocol and further details of

statistical methods upon request.

3.5. Results

Participants included 119 pwMS and 22 HC. Sixty-eight MS participants agreed to

undergo the MRIs protocol. Demographics are shown in Table 3.2.

3.5.1. Speech impairment in MS

None of the HC and 35% of pwMS presented with dysarthria as defined by naturalness
> 1in blinded ratings (20% signs only, 8% mild, 6% moderate and 1% severe). Communalities
between perceptual and acoustic analyses revealed slower speech rate (p<0.007), increased
variation in speech rate (p<0.004), increase in pauses (p<0.002), and smaller pitch variation (or
monotonic speech, p<0.010) during connected speech for the general MS cohort in

comparison with HC (supplementary material Table 3.6 and Table 3.7).
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Table 3.2. Descriptive statistics for groups and subgroups.

HC MS MS subgroups
MILD MODERATE SEVERE
MRI (EDSS<2.5) (3<EDSS<5.5) (EDSS=6)
N 22 118 68 33 30 20
Female
73% 75% 74% 82% 67% 80%
Age,
45.2+414.5 45.5+11.6 46.7t11.6 47.1+11.6 49.2+9.8 50.8+6.7
years
Disease
11.9+8.3 13+7.7 8.5+5.4 14.7+7.7 18.1+7.2
Duration
EDSS 2.5+4 3.4+3 211 4+2 6.5+0.5
MSIS-29 73.5+44.25 52+35.5 73.5+43.25 93+44.25
Brain
volume 73.615* 70.8+7 73.415.8 69.917.9 67.416.8
(%)
Lesion
load 932049747 64616797 1071349462 15521+14424
(voxels)

Meanzstandard deviation for age, disease duration and MRI metrics, and medianzinterquartile
range for EDSS and MSIS-29. EDSS = Expanded Disability Status Scale; HC = healthy controls;
MRI = magnetic resonance imaging participants; MS = Multiple Sclerosis; *n=14.
3.5.2. Relationship between speech measures and EDSS

Dysarthria frequency and severity was associated with EDSS (r=0.41, p<0.001, figure 1)
and affected the majority of pwMS with EDSS>4. The three characteristics with the strongest
associations with EDSS were the same for perceptual and acoustic analysis and included DDK
rate, speech rate and increase in pauses/intervals. DDK rate and speech rate were affected
mainly in the severe group, whereas the increase in pauses was observed for both the

moderate and severe groups (Tables 3.3 and 3.4).
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Table 3.3. Correlation coefficients between perceptual speech measures, disability scores and

quality of life scores.

EDSS MSIS-29
Speech domain  Speech item and method
r p r p
Multi-domain Naturalness 0.41 <0.001 0.28 0.011
Intelligibility 0.36 <0.001 0.19 0.083
Timing Prosody rate -0.41 <0.001 -0.39 <0.001
DDK speed -0.42 <0.001 -0.37 0.001
Prolonged intervals 0.37 <0.001 0.43 <0.001
Variable rate 0.28 0.002 0.29 0.009
DDK irregularity 0.25 0.006 0.12 0.303
Prolonged phonemes 0.18 0.056 0.26 0.021
False starts 0.14 0.141 0.16 0.145
Control Imprecise consonants 0.39 <0.001 0.17 0.124
Distorted vowels 0.37 <0.001 0.36 0.001
Voice tremor 0.37 <0.001 0.19 0.093
Loudness decay 0.33 <0.001 0.26 0.018
Monopitch 0.31 0.001 0.04 0.759
Monoloudness 0.31 0.001 0.20 0.068
Pitch breaks 0.26 0.005 0.23 0.040
Audible inspiration 0.23 0.010 0.19 0.083
Reduced stress 0.23 0.012 0.15 0.170
Irregular art. breakdown 0.19 0.041 0.14 0.200
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Table 3.3. Continued

Phonemic errors 0.09 0.359 0.06 0.581
Nasality 0.06 0.503 0.07 0.519
Voice quality Roughness 0.32 <0.001 0.24 0.033
Strain 0.29 0.002 0.24 0.030
Breathiness 0.13 0.174 0.21 0.066

EDSS = Expanded Disability status Scale; False discovery rate (FDR) adjusted critical p value =
0.008. MSIS-29 = Multiple Sclerosis Impact Scale (quality of life measure); p = p value for the

given coefficient; r =correlation coefficient.

Speech exclusively from pwMS without global dysarthria (i.e., naturalness=0, n=77)
correlated with EDSS for the individual acoustic metrics of pause percentage (r=0.36, p=0.002)
and frequency instability (r=0.3, p = 0.01). Acoustic pause percentage correlated with EDSS
(r=0.36, p=0.001) when considering only pwMS who scored zero for prolonged pauses in the
blinded perceptual rating (subclinical increase in pauses). EDSS also correlated with frequency
instability (r=0.35, p<0.001) for people without voice tremor (subclinical voice instability).
Eighty-four percent of pwMS and without global dysarthria and 80% of HC presented minor

deviations in perceptual scores, but none correlated with EDSS.

3.5.3. Relationship between speech and structural MRI

MRI brain volumes correlated with perceptually assessed prosody rate and variable
rate and with acoustic measurements of energy variability and frequency instability. All
correlations were weak to moderate (r=0.3, p<0.008, supplementary material Table 3.8), and
no correlation was observed between speech measurements and brain volumes for people

without dysarthria.
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Table 3.4. Correlation coefficients between acoustic speech measures, disability scores and

quality of life scores.

Speech domain

Multi-domain

Timing

Control

Speech item and method

Acoustic composite score

Pause percentage, FREE
Speech rate, READ
Speech rate, DDK
Pause variability, FREE
Pause variability, READ
Speech rate, DAYS
Articulatory time, DAYS
Articulatory time, READ
Pause variability, READ

Syllable variability, DDK

Frequency instability

F2 articulation speed, READ
Energy decay

Energy variability

Energy instability
Frequency variability, READ

Frequency variability, FREE

EDSS

0.60

0.46

-0.40

-0.37

0.35

0.30

-0.24

0.23

0.22

0.16

0.03

0.40

-0.26

0.22

0.12

0.11

-0.06

0.05

<0.001

<0.001

<0.001

<0.001

<0.001

0.001

0.008

0.012

0.019

0.080

0.762

<0.001

0.005

0.014

0.202

0.258

0.525

0.623

MSIS-29

0.50

0.27

-0.28

-0.35

0.36

0.17

-0.14

0.10

0.26

0.27

0.14

0.40

-0.24

0.44

-0.02

0.15

-0.22

-0.07

<0.001

0.015

0.014

0.002

0.001

0.139

0.233

0.368

0.021

0.019

0.233

<0.001

0.034

<0.001

0.864

0.180

0.055

0.565
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Table 3.4. Continued

Voice quality Cepstral Peak Prominence 0.07 0.466 -0.11 0.345

Harmonics-to-noise ratio 0.00 0.992 -0.05 0.662

EDSS = Expanded Disability status Scale; False discovery rate (FDR) adjusted critical p value =
0.008. MSIS-29 = Multiple Sclerosis Impact Scale (quality of life measure); p = p value for the
given coefficient; r =correlation coefficient.
3.5.4. Relationship between speech and quality of life

MSIS-29 scores correlated moderately with perceptual prolonged intervals (Table 3.3),
and with acoustic intensity decay and frequency instability (Table 3.4). For people without
dysarthria, intensity decay (r=0.40, p=0.006) and decreased frequency variability (r=0.40,

p=0.007) were the only variables that correlated with MSIS-29.

3.5.5. Acoustic composite score

Multiple linear regression resulted in a model that included pause percentage FREE,
speech rate READ and frequency instability VOWEL (Table 3.5), termed ‘acoustic composite
score’, which accounted for 35% of EDSS variation (adjusted r’=0.347, standard error of the
estimate=1.8).

The acoustic composite score correlated with MSIS-29 (r=0.5, p<0.001), white matter
volume (r=0.32, p=0.007) and total lesion load (r=0.34, p=0.008). Considering only people
without dysarthria, the acoustic composite score correlated with EDSS (r=0.45, p<0.001) and
with MSIS-29 (r=0.4, p=0.01). The acoustic composite score differentiated between the mild
and moderate MS groups (p<0.001) and between moderate and severe MS groups (p=0.003,

supplementary material Table 3.6 and Figure 1).
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Table 3.5. Variables in the regression model for EDSS.

Standard Standardized

Variables Beta

error
Constant 3.488 1.297
Pause percentage, FREE 0.083 0.020
Frequency instability, 0.711 0.224
VOWEL
Speech rate, DDK -0.513 0.178

beta
NA

0.340

0.257

-0.241

2.690

4.105

3.170

-2.879

0.008

<0.001

0.002

0.005

Beta coefficients were used to calculate the composite score, whereas standardized beta can

be used to compare the ‘weight’ of each variable for the model. DDK = speech diadochokinesis

task, FREE = unscripted monologue speech task, VOWEL = sustained utterance of the vowel /a/

task.

Figure 3.1. Confidence intervals for global speech scores, naturalness, and acoustic composite

score across subgroups.
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3.6. Discussion

This cross-sectional study confirmed that speech impairment was present in all
disability stages but clinically significant only in groups with moderate or severe neurological
impairment (EDSS>3). An acoustic composite score included pause percentage, frequency
instability and DDK speech rate that explained 35% of the variance in EDSS. Both the acoustic
composite score and perceptual naturalness, global measurements of speech function, were
associated with EDSS-defined disease severity. In addition, only the acoustic composite score
differentiated between the three EDSS subgroups and correlated with quality of life and EDSS
in people without dysarthria. Results suggest that an objective speech biomarker incorporating
multiple speech features is likely to better contribute to the representation of overall
neurological impairment in pwMS than pure perceptual or isolated speech tests.

The proportion of pwMS with overt dysarthria was smaller in comparison to previous
reports (Hartelius, Runmarker, & Andersen, 2000; O'Connor, 2002) (35% vs 50%), which is
likely due to differences in disability level of included participants (median EDSS of 2.5 in our
study vs 6 in Hartelius et al (Hartelius, Runmarker, & Andersen, 2000)). In agreement with
previous studies (Noffs et al., 2018; J. Rusz et al., 2019) pwMS presented primarily with slower
speech rate, prolonged pauses and, to a minor degree, impairment of articulatory accuracy
(consonants and vowels) and loss of speech intensity (monoloudness and loudness decay).
Such impairments were mostly evident in the EDSS26 subgroup. In the EDSS<2.5 subgroup, we
observed speech very similar to that of HC, regardless of the method of analysis.

Larger statistical differences were observed with acoustic analysis in relation to
perceptual for group comparisons. A proportion of that difference in favour of acoustic metrics
is likely attributable to the nature of scores, ordinal and course for perceptual and continuous

for acoustic. Continuous measurements also permit the use of more powerful and numerous
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statistical procedures, such as conventional regression and principal component analysis, in
addition to being objective and automatable.

Acoustic variability of frequency was unrelated to disease severity, in agreement with
Rusz et al. (J. Rusz, Benova, et al., 2018), or to brain volumetrics. It was, however, the only
individual speech feature that differentiated each of the MS subgroups from HC,
complementing findings between HC and groups of pwMS with a broad spectrum of disability
status (Konstantopoulos et al., 2010; J. Rusz, Benova, et al., 2018; Vavougios et al., 2018).
Observing both results in a single cohort suggests that decreased variability of frequency
(monopitch) might be more relevant to disease detection than for tracking disease progression
in MS. Conversely, the positive correlation between decreased variability of frequency and
quality of life might reflect depressive states (Cannizzaro, Harel, Reilly, Chappell, & Snyder,
2004) but requires dedicated validation.

Acoustic metrics of frequency instability and energy variability were associated with
MRI whole brain volume in agreement with Rusz et al. (termed frequency variability and
excessive loudness variation in that study)(J. Rusz et al., 2019). Although we also found age,
disability status, MRI acquisition and MRI feature extraction very similar between studies, we
did not find an association between whole brain volumes and acoustic speech rate.
Methodologically, Rusz et al. used the average of two trials for acoustic analysis, whereas we
used the second of two trials. Nonetheless, it is unlikely that this difference alone could explain
results’ differences between studies given the short-term reliability of these measurements (J.
Rusz et al., 2019; Vogel, Fletcher, Snyder, Fredrickson, & Maruff, 2011) and further
investigation is needed.

The association between quality of life and speech should not be interpreted as
evidence for causation, nor that individual speech metrics could predict the impact of MSin a

person’s well-being. Interestingly, speech features that correlated with quality of life were
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mostly those observed in the EDSS severe subgroup. This association possibly reflects the
burden of disease-related disability rather than the impact of speech impairment on quality of
life. Nonetheless, observing correlations of individual speech metrics may assist in selection of
speech variables for future work related to quality of life.

Limitations in this study included restriction in the number of variables included in
analyses, both in speech measurements and MS-related neurological dysfunction. However,
we used a well-studied and consolidated set of perceptual measurements. For the acoustic
analysis, we chose to observe tasks separately, which may have increased the number of
redundant measures such as pause percentage during free speech and speech rate during
reading. To limit the number of statistical tests, acoustic analysis of characteristics, which are
(arguably) not well established in the literature, were not included here. However, the broader
representativeness of the perceptual set showed that imprecision of consonants and
hypernasality were present in the severe subgroup, possibly representing advanced pyramidal,
cerebellar and brainstem dysfunctions. Other domains were not assessed through either
method, such as maximum phonatory time. Thus, it is possible that acoustic representation of
more speech characteristics would increase the sensitivity of the composite score for
neurological impairment. Secondly, we presented only whole brain volumetric and lesion
measures for the purpose of complementing the representation of overall disease severity
measured through EDSS and MSIS-29. Studies of specific brain regions, neural tracts and
functional imaging may show stronger correlations with speech features and add feature-
location specificity.

Limitations of the acoustic analysis procedure must also be considered. While we
screened and corrected for errors, some mismatch between obtained and real values is likely

to occur with any automated analysis.
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It is also important to note that, despite differences between groups being much larger
than within groups, speech characteristics varied considerably between individuals with the
same level of disability or between healthy controls. Differences in speech metrics between
persons are intuitive and unavoidable. In that sense, it seems likely that the next phase of
longitudinal measurements of speech will produce possibly stronger correlations with

disability scores and other clinical endpoints.

3.7. Conclusion

The degree of speech impairment moderately parallels that of overall MS-related
neurological impairment and was not restricted to advanced stages of MS. An experimental
acoustic composite score was sensitive to change in clinical scores, MRl measurements and
quality of life. Future studies should test the accuracy of acoustic scores to longitudinally track

speech changes.
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3.12. Supplementary material

Table 3.6. Group comparisons for perceptual analysis of speech.

Speech

domain

Multiple

Timing

Perceptual analysis

Effect
Speech variable

direction
Naturalness
Intelligibility v
Prosody rate v

Group comparison vs HC”

Median score, inter-quartile range

(p value)
HC EDSS
MS
mild
0,1 0,1
0,0
(0.001) (0.004)
0,0 0,0
0,0
(0.119) (0.407)
0,0 0,1
0,0.25
(0.046) (0.958)

EDSS

moderate

0,1
(0.003)
0,0

(0.124)

0,1

(0.065)

EDSS

severe

1,275
(<0.001)
0,1

(0.006)

-1,-2

(<0.001)

Between MS subgroups

p value

MILD vs MODERATE

MODERATE vs SEVERE

0.637 0.015
0.246 0.094
0.067 0.002
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Table 3.6. Continued

Voice

quality

Control

DDK speed

Prolonged intervals

Variable rate

Nasality

Imprecise

consonants

Monopitch

1,1

0,0

0,0

1,1

0,0

0,0

0,1
(0.007)
0,1
(0.010)
0,0

(0.131)

1,2

(0.223)

0,0
(0.033)
0,1

(0.119)

0,1
(0.265)
0,0
(0.237)
0,0

(0.675)

1,1

(0.309)

0,0
(0.407)
0,0.75

(0.466)

0,1
(0.023)
0,1
(0.004)
0,1

(0.098)

1,15

(0.135)

0,0
(0.025)
0,1

(0.100)

0,-1
(<0.001)
1,1
(<0.001)
1,1

(0.001)

2,1

(<0.001)

0,1.75
(0.001)
1,2

(0.001)

0.052

0.016

0.155

0.619

0.036

0.325

0.015

0.055

0.034

0.017

0.066

0.037
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Table 3.6. Continued

Monoloudness

Pitch breaks

Loudness decay

Distorted vowels

Voice tremor

DDK irregularity

critical p values level for FDR of 5%

0,0

0,0

0,0

0,0

1,0

0,1

0,0
(0.096)
0,0
(0.182)
0,0
(0.104)
0,0
(0.104)
1,0
(0.689)
0,1

(0.938)

0.007

0,0
(0.485)
0,0
(0.407)
0,0
(0.143)
0,0
(0.407)
1,0
(1.000)
0,0.75

(0.581)

0.001

0,05
(0.054)
0,0
(1.000)
0,0
(0.124)
0,0
(0.124)
1,0
(0.316)
0,1

(0.935)

0.005

0,1
(0.005)
0,1
(0.006)
0,1
(0.006)
0,0.75
(0.014)
1,1
(0.020)
1,2

(0.024)

0.024

0.139

0.341

0.900

0.239

0.474

0.611

0.0002

0.265

0.002

0.070

0.178

0.130

0.012

0.003
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Table 3.6. Continued

Timing

Control

Prolonged

phonemes

False starts

Audible inspiration

Reduced stress

Irregular articulatory
breakdowns

Groping

0,0

0,0

0,1

0,0

0,0

0,0

0,0
(0.137)
0,0

(0.398)

0,0
(0.812)
0,0
(0.383)
0,0
(0.383)
0,0

(0.666)

0,0
(0.407)
0,0

(0.228)

0,0.75
(0.963)
0,0
(1.000)
0,0
(1.000)
0,0

(1.000)

0,0
(0.072)
0,0

(0.843)

0,1
(0.864)
0,0
(0.213)
0,0
(0.213)
0,0

(1.000)

0,0
(0.030)
0,0

(0.946)

0,1
(0.531)
0,0
(0.294)
0,0
(0.133)
0,0

(0.294)

0.132

0.294

0.822

0.134

0.134

1.000

0.526

0.789

0.641

0.788

0.700

0.229
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Table 3.6. Continued

Phonemic errors

Voice
Roughness
quality

Breathiness

Strain

0,0

1,0.25

0,1

0, 0.25

0,0

(0.666)

1,1
(0.629)
0,1
(0.216)
0,1

(0.537)

0,0

(1.000)

1,1
(0.316)
0,1
(0.635)
0,0

(0.724)

0,0

(0.384)

1,0.5
(0.855)
1,1
(0.187)
0,1

(0.166)

0,0

(1.000)

1,1
(0.103)
1,1
(0.193)
0,1

(0.205)

0.294

0.366

0.362

0.055

0.406

0.049

0.991

0.962

* Mann-Whitney test; FDR = False Discovery Rate; HC = healthy controls; MS = Multiple Sclerosis.
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Table 3.7. Group comparisons for acoustic analysis measurements.

Acoustic analysis

Speech Speech variable  Task

domain

Multiple Acoustic

composite score

Control Frequency
READ
variability (%)

Effect
directio

n

Group comparison vs HC®

Mean measurement + standard deviation

(p value)
HC MS EDSS mild EDSS
moderate
1.50+1.26 0.79+0.7 1.6£0.72
0.3610.7
(<0.001) (0.059) (<0.001)
14.9+ 4.8 14.4+4.1 14+5.7
19.3+47.6

(<0.001) (<0.001) (0.003)

EDSS

severe

2.7%1

(<0.001)

15.5+5.8

(0.010)

Between MS
subgroups’

p value

MILD vs
MODERATE

<0.001

0.778

MODER
ATE vs
SEVERE

0.003

0.309
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Table 3.7. Continued

Timing Pause-length

READ
variability (ms)
Pause

FREE
percentage
Pause

READ
percentage
Syllable period

DDK

SD (ms)

Syllables/second DDK

Words/second READ

critical p values level for FDR of 5%

172470

19.14£5.8

22.9t4.6

35.7+20.8

6.2+1.1

3.9+0.3

249+198
(<0.001)
25.7+8.8
(0.001)
27.4+9.3
(0.010)
49.6+27.6
(0.023)
5.5+0.9
(0.004)
3.540.7

(0.030)

0.007

211467
(0.004)
22.1+6.8
(0.098)
25.5+5.8
(0.082)
44.7+22
(0.118)
5.8+0.8
(0.123)
3.740.5

(0.192)

0.001

218473
(0.005)
26.8+5.5
(<0.001)
27.7+5.8
(0.003)
4234227
(0.369)
5.6+0.9
(0.340)
3.540.5

(0.009)

0.005

375414
(<0.001)
34.1+11
(<0.001)
33.3+14.1
(0.002)
66.7+37.8
(0.004)
4.8+1
(<0.001)
3.1#1.1

(0.007)

0.024

0.684

0.005

0.171

0.693

0.371

0.165

0.0002

0.149

0.011

0.16

0.018

0.008

0.122

0.003
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Table 3.7. Continued

Timing

Control

Pause-length

variability (ms)

Words/second

Articulatory
time (s)
Articulatory

time (s)

Frequency
instability (%)
Loudness

instability (%)

FREE

DAYS

READ

DAYS

VOWEL

VOWEL

172163

3.9+1

21.9+2.2

3.5+1

0.76+0.43

14.5+4.4

2204128
(0.089)
3.8+1
(0.789)

23.5%6.5

1.07+0.8
(0.087)
17.4+9.7

(0.497)

173+75
(0.866)
4.1+1
(0.665)
22.1+3.3
(0.730)
3.340.9

(0.560)

0.89+0.42
(0.546)
15.616.1

(0.496)

217490
(0.055)
3.7+1
(0.390)
22.8+3.4
(0.634)
23.6+0.8

(0.592)

1.1+0.4
(0.019)
18+10

(0.454)

3274215
(0.031)
3.620.9
(0.225)
25.9+9.7
(0.111)
3.9+1.1

(0.200)

1.17+0.45
(0.110)
20.5%£14.3

(0.612)

0.033

0.155

0.647

0.191

0.068

0.593

0.038

0.662

0.117

0.291

0.570

0.896
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Table 3.7. Continued

F2 articulation 61.3+11.6  62.5+11.3 60.5+8.6 57.9+13.5
READ - 62.9+5.9 0.461 0.405
(%) (0.291) (0.846) (0.269) (0.136)
Loudness decay = FREE - 0.256 0.148 0.848 0.979 0.123 0.384
Loudness 105+44.3 112+63.4 105+39.5 108+33
FREE - 102+31.2 0.729 0.452
variability (0.925) (0.813) (0.992) (0.361)
Frequency 1545.1 15.9+5.2 14.4+4 .4 1616
FREE - 15.9+4.2 0.042 0.226
variability (0.062) (0.939) (0.026) (0.3900
Voice 45.918.9 46.619.4 45.316.8 44,416
HNR VOWEL - 47.2+11.6 0.513 0.651
quality (0.533) (0.827) (0.473) (0.110)
24.3+3.7 24.743.2 23.8+3.8 254
CPP VOWEL - 24.7+3.6 0.522 0.301
(0.922) (0.689) (0.620) (0.574)

* Independent samples t-test for normally distributed measurements and Mann-Whitney test for non-normally distributed measurements; CPP =
cepstral peak prominence; DAYS = say the days of the week; DDK = speech oral diadochokinesis (pa-ta-ka task); FDR = False Discovery Rate; FREE =
story-telling task; HC = healthy controls; HNR = harmonic to noise ratio; MS = Multiple Sclerosis; READ = reading a paragraph; VOWEL = holding a long

/a/ utterance.

81



Table 3.8. Correlation coefficients between speech and imaging measures.

Speech domain

Multi-domain

Timing

Speech item

and method

Naturalness
Intelligibility

Composite score

Prosody rate

DDK speed
Prolonged intervals
Variable rate

DDK irregularity
Prolonged phonemes

False starts

Brain
volume

r

-0.20

-0.20

-0.28

0.26

0.03

-0.25

-0.29

-0.08

-0.15

-0.09

0.082

0.07

0.019

0.021

0.778

0.023

0.008

0.463

0.178

0.426

Gray matter
volume

r

-0.17

-0.14

-0.27

0.21

0.08

-0.23

-0.22

-0.02

-0.14

-0.13

0.131

0.205

0.024

0.066

0.466

0.039

0.046

0.830

0.223

0.257

White matter

volume

r

-0.22

-0.23

-0.32

0.32

0.03

-0.24

-0.33

-0.11

-0.13

0.05

0.047

0.040

0.007

0.004

0.775

0.032

0.003

0.333

0.260

0.669

Total
lesion load

r

0.14

0.21

0.34

-0.34

-0.25

0.21

0.26

0.13

0.05

-0.08

0.270

0.092

0.008

0.005

0.044

0.097

0.037

0.292

0.691

0.550
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Table 3.8. Continued

Control

Pause percentage, FREE
Speech rate, READ
Speech rate, DDK
Pause variability, FREE
Pause variability, READ
Speech rate, DAYS

Articulatory rate, DAYS

Arrticulatory rate, READ
Pause variability, READ

Articulatory variability,

DDK

Imprecise consonants

Distorted vowels

-0.23

0.15

0.04

-0.16

-0.22

0.07

-0.11

-0.06

-0.21

-0.03

-0.05

-0.21

0.043

0.21

0.743

0.164

0.051

0.555

0.35

0.634

0.074

0.814

0.648

0.066

-0.21

0.12

0.04

-0.20

-0.19

0.03

-0.08

-0.04

-0.19

-0.04

0.00

-0.15

0.065

0.307

0.749

0.086

0.098

0.778

0.481

0.713

0.106

0.725

0.985

0.171

-0.27

0.14

0.10

-0.13

-0.12

0.12

-0.14

-0.10

-0.18

-0.05

-0.15

-0.21

0.020

0.229

0.404

0.264

0.314

0.312

0.222

0.384

0.131

0.663

0.197

0.066

0.19

-0.23

-0.22

0.18

-0.04

0.05

-0.05

0.25

0.06

0.12

0.05

0.12

0.137

0.078

0.073

0.165

0.763

0.682

0.702

0.049

0.671

0.364

0.696

0.343
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Table 3.8. Continued

Voice tremor

Loudness decay
Monopitch
Monoloudness

Pitch breaks

Audible inspiration
Reduced stress

Irregular art. breakdown
Phonemic errors
Nasality

Frequency instability
Vowel articulation, READ
Energy decay

Energy variability

-0.06

0.02

0.06

-0.28

-0.12

0.15

-0.10

-0.04

-0.11

-0.19

-0.30

0.01

-0.01

-0.30

0.611

0.884

0.625

0.013

0.292

0.177

0.357

0.737

0.312

0.087

0.008

0.925

0.954

0.007

-0.10

0.01

0.05

-0.23

-0.08

0.10

-0.14

0.04

-0.07

-0.19

-0.29

0.01

-0.04

-0.34

0.375

0.902

0.649

0.039

0.483

0.400

0.227

0.760

0.533

0.087

0.010

0.962

0.747

0.002

0.01

0.02

-0.03

-0.27

-0.14

0.18

-0.06

-0.13

-0.08

-0.17

-0.24

0.07

0.04

-0.26

0.917

0.881

0.784

0.017

0.202

0.114

0.615

0.270

0.478

0.125

0.036

0.564

0.756

0.021

0.09

-0.04

0.13

0.10

0.11

-0.23

0.20

0.01

-0.08

0.13

0.22

0.14

0.05

0.10

0.500

0.759

0.297

0.414

0.394

0.069

0.107

0.971

0.550

0.285

0.073

0.267

0.706

0.448
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Table 3.8. Continued

Energy instability
Frequency varibility,
READ
Frequency variability,
FREE

Voice quality Roughness

Strain

Breathiness

Cepstral Peak Prominence

Harmonics-to-noise ratio

A

A

-0.02

-0.04

0.11

-0.24

-0.11

-0.07

0.06

-0.01

0.878

0.745

0.32

0.031

0.318

0.517

0.572

0.905

-0.01

-0.05

0.09

-0.28

-0.17

-0.06

0.04

0.00

0.923

0.660

0.427

0.013

0.139

0.581

0.733

0.999

-0.06

-0.06

0.07

-0.14

-0.03

-0.07

0.04

-0.02

0.619

0.627

0.537

0.205

0.796

0.516

0.723

0.829

0.03

0.13

0.00

0.09

-0.01

0.00

-0.02

0.07

0.814

0.316

0.976

0.456

0.916

0.985

0.885

0.566

Critical p = 0.008. A = acoustic measurement; P = perceptual; p = statistical significance; r =correlation coefficient.
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4.1. Abstract

BACKGROUND: Speech production relies on motor control and cognitive processing and is
linked to cerebellar function. In diseases where the cerebellum is impaired, such as multiple
sclerosis (MS), speech abnormalities are common and can be detected by instrumental
assessments. However, the potential of speech assessments to be used to monitor cerebellar
impairment in MS remains unexplored. AIM: To build an objectively measured speech score
that reflects cerebellar function, pathology, and quality of life in MS. METHODS: 85 people
with MS and 21 controls participated in the study. Speech was independently assessed
through objective acoustic analysis and blind expert listener ratings. Cerebellar function and
overall disease disability were measured through validated clinical scores; cerebellar pathology
was assessed via magnetic resonance imaging; and validated questionnaires informed quality
of life. Selected speech variables were entered in a regression model to predict cerebellar
function. The resulting model was condensed into one composite speech score and tested for
prediction of abnormal 9-hole peg test (9HPT), and for correlations with the remaining
cerebellar scores, imaging measurements and self-assessed quality of life. RESULTS: Slow rate
of syllable repetition and increased free speech pause percentage were the strongest
predictors of cerebellar impairment, complemented by phonatory instability. Those variables
formed the acoustic composite score that accounted for 54% of variation in cerebellar
function, correlated with cerebellar white matter volume (r=0.3, p=0.017), quality of life (r=0.5,
p<0.001) and predicted an abnormal 9HPT with 85% accuracy. CONCLUSION: An objective

multi-feature speech metric was highly representative of motor cerebellar impairment in MS.
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4.2. Introduction

Cerebellar dysfunction is common in Multiple Sclerosis (MS), affects quality of
life(Klevan et al., 2014) and predicts prognosis (Kalincik et al., 2014). Cerebellar function
extends beyond the motor domain, with evidence suggesting prominent additional roles in
cognitive-affective processes (Schmahmann, Guell, Stoodley, & Halko, 2019). Given the
importance of cerebellar dysfunction in MS, effective assessment tools of cerebellar
impairment are essential for clinical practice and clinical trials. Additionally, objectiveness in
cerebellar assessment is particularly desirable for clinical trials. Nevertheless, clinical
assessments of cerebellar impairment, such as the cerebellar functional sub-score of the
Expanded Disability Status Scale (EDSS)(Kurtzke, 1983) or the Scale for the Rating and
Assessment of Ataxia (SARA),(T Schmitz-Hiibsch et al., 2006) are subjective and rely almost
exclusively on motor symptoms to gauge cerebellar dysfunction. The nine-hole peg test, albeit
being objective, has a relatively very low cognitive demand. Alternatively, magnetic resonance
imaging (MRI) can provide objective serial monitoring of cerebellar volume(Jacobsen et al.,
2014) but is slow to change, difficult to implement in clinical practice and only partially reflects
cerebellar function (lig et al., 2018).

Speech is intrinsically linked to the motor control and cognitive functions of the
cerebellum. The motor role of the cerebellum in speech production is demonstrated, firstly, by
its timing control of speech in healthy participants during functional MRI (Riecker et al., 2005)
and secondly, through speech deficits in people with cerebellar diseases (Folker et al., 2012;
Vogel, Rommel, et al., 2017; Vogel et al., 2018; Vogel, Wardrop, et al., 2017). Additionally,
evidence points to the cognitive role of the cerebellum in speech, with ‘internal speech’ being
considered a cerebellar process involving both verbal memory and pre-motor control of
speech production (Ackermann, Mathiak, & lvry, 2004; Durisko & Fiez, 2010; Ravizza et al.,

2006; Valentino et al., 2009). In MS, the relationship between motor speech performance
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(mostly speech rate) and cognitive scores is well described (Arnett et al., 2008; Rodgers et al.,
2013), but the contribution of cerebellar injury to those associations remains unexplored.

As speech production is reliant on both cognitive/premotor and motor roles of the
cerebellum, speech analysis could offer a useful assessment of MS-associated cerebellar injury.
It could be integrated into multi-domain tool to be used in clinical trials, clinical practice, and
patient self-monitoring. The primary aim of this study was to build and test a speech model
that represented cerebellar motor impairment. Our secondary aim was to estimate the

contribution of cerebellar impairment to individual speech deficits.

4.3, Methods

4.3.1. Participants

People with a definite diagnosis of MS (Thompson et al., 2018) of disease course type
relapsing-remitting or secondary progressive were prospectively and sequentially recruited
from tertiary MS clinics. Exclusion criteria included: 1) the presence of other neurological or
neuromuscular disorder; 2) MS relapse within the last 3 months; 3) impaired vision or hearing
resulting in an inability to complete the testing protocol; and 4) speech impairment not related
to MS (e.g., stuttering, vocal tics). The study was approved by the responsible Ethics

Committee, and written informed consent was obtained from all participants.

4.3.2. Neurological assessment

All participants with MS underwent a detailed physical and neurological examination
by a qualified neurologist who determined their overall disease severity using EDSS. Measures
of cerebellar performance included 1) the cerebellar functional sub-score of the EDSS (FSS-
cerebellar); 2) the overall score from SARA, which is the sum of eight sub-scores that assess
deficits commonly observed in cerebellar diseases such as distal and proximal balance, gait

deficits, dysarthria, upper limb tremor and dysmetria, and upper and lower limb movement
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decomposition; and 3) shortest of two trials of time to complete the nine-hole peg test

(9HPT)(Mathiowetz et al., 1985) with the dominant hand.

4.3.3. MRI data acquisition and analysis

Structural imaging included: 1) high-resolution 3D T1-weighted MPRAGE scan
(Magnetization Prepared Rapid Acquisition Gradient Echo) with motion correction; repetition
time=2530ms; echo time=2.5ms; inversion time=1260ms; field-of-view=176x256mm; voxel
size=1.0x1.0x1.0mm, and 2) high resolution 3D T2-weighted double inversion recovery (DIR)
sequence; TR=7400ms; TE=324ms; TI=3000ms; flip angle=120°; echo train length=625;
FoV=144x220mm:; voxel size=1.0x1.0x1.0mm). Data analyses were conducted using Freesurfer
version 6.0 to determine whole cerebellar, cerebellar grey matter and cerebellar white matter
volumes from the MPRAGE images. Volumes were then standardized as a percentage of total
intracranial volume. Lesion load was derived from the DIR images using the lesion prediction
algorithm within the lesion segmentation toolbox (version 2.0.15) for statistical parametric
mapping (SPM, The FIL Methods Group) as described in Boonstra et al. (Boonstra et al., 2018).
Locations of the cerebellar lesions were determined by registration of the lesion images to the

cerebellar mask from FSL (Diedrichsen, Balsters, Flavell, Cussans, & Ramnani, 2009).

4.3.4. Speech assessment protocol

The selection of speech variables was informed by findings in previous studies in MS
(Noffs et al., 2018). We opted to limit the number of acoustic variables included in the
experiment to reduce the probability of falsely rejecting the null hypothesis (type 1 error) and
to reduce overfitting for the regression analysis. For acoustic analysis, we selected
characteristics that were previously shown to be altered in MS (e.g., fundamental frequency
CoV (Hartelius et al., 1997)) or variables which could reflect a perceptual characteristic
previously shown to be altered in MS and that had a straight forward calculation (e.g., pause

percentage in acoustic analysis as an acoustic proxy for prolonged pauses in perceptual
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analysis (Noffs et al., 2018)). Speech variables from both perceptual and acoustic analyses
were organized into three major domains and are summarized in Table 4.1.

Speech samples

We applied five standardized speech tasks to elicit the desired speech samples, see
Appendix A. Tasks fit along a spectrum of automaticity (Adam P Vogel et al., 2014), from
simple to complex (phonetically and/or cognitively): 1) sustaining the vowel /a:/ for 10 seconds
(VOWEL), 2) saying the days of the week in order, beginning at Monday (DAYS), 3) repeating
the syllables pa-ta-ka as quick and clear as possible for 10 seconds (diadochokinetic speech,
i.e. fast alternation of movements, DDK), 4) reading a phonetically balanced paragraph at a
comfortable/habitual pace (READ), and 5) telling a personal story from memory with positive
content (one-minute unscripted monologue, FREE). Each task, except for the monologue, was
elicited twice to reduce the effects of unfamiliarity (Vogel & Maruff, 2014). Only the second
trial was used for analysis. All recordings were completed in a single session, in a quiet room
without acoustic isolation, reflecting real-world clinical practice, using a Roland Quad-Capture
recorder with an AKG C520 cardioid head-mounted condenser microphone (frequency range,
20Hz-20kHz; sensitivity, -43 dB) positioned approximately 8 cm from the mouth, at 45° angle
laterally and inferiorly. Recordings were sampled at 44.1 kHz and quantized at 16 bits.

We used Audacity® v2.1.2 (Free Software Foundation, Boston, USA) for auditory and
graphic manual screening of all speech samples to exclude or correct for procedural errors.
Silences were trimmed before and after the end of speech, tasks using supervised automated
editing based on sound energy, in Matlab© v2018b (The Mathworks Inc, US). Speech samples

were then renumbered and randomized before perceptual analysis.
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Table 4.1. Speech variables grouped by domains and assessment method.

Speech domain

Perceptual items

Acoustic items and tasks

Pause percentage READ, FREE
(total pause time/task time)
Prolonged intervals
Articulatory rate DAYS, READ
Prolonged phonemes ) .
(task time — total pause time)
Prosody rate
DDK, DAYS,
Timing Variable rate Speech rate (syllables/second)
READ
DDK speed
Pause variability READ, FREE
DDK irregularity
(silences length SD)
False starts
Articulatory variability (syllables ~ DDK
length SD)
Voice tremor Frequency instability (fO CoV)
Loudness Decay Loudness instability VOWEL
Monoloudness (energy CoV)
Monopitch F2 articulation speed READ
Audible inspiration (f2 CoV/articulatory time)
Distorted Vowels Energy decay (mean of FREE
Imprecise consonants | differences in energy between
Control Repeated phonemes | starting and finishing quarters of
Irregular articulatory each utterance)
breakdowns Loudness variability FREE
Groping (energy CoV)
Pitch breaks
Reduced stress Frequency variability
. READ, FREE
Nasality (f0 CoV)
Phonemic errors
Roughness Harmonics-to-noise ratio VOWEL
Voice quality Breathiness Cepstral Peak Prominence
Strain
Naturalness Composite score DDK, FREE,
Multi-domain
Intelligibility VOWEL
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(Referent to Table 4.1.) A summary of acoustic items with calculations shown inside brackets.
CoV = coefficient of variance (i.e. SD/mean); fO = fundamental frequency; F2 = second formant;
SD = standard deviation.

Perceptual analysis

One speech and language pathologist and one otolaryngologist, both specialized in
neurological dysarthria, rated all audio recordings using a 26-item scoring protocol (Table 4.1
and Appendix B). Normal or unremarkable speech was scored as zero, 1=subclinical, 2 mild,
3=moderate, and 4=severe. Each rater scored all samples independently, with disagreements
resolved by consensus between raters.

Acoustic analysis

We restricted the acoustic analysis of DDK to after the first train of pa-ta-ka, for the
length of two seconds. Typically, in naturalistic speech, the first few syllables are produced
with a much higher energy (loudness), adversely affecting the threshold to be used.
Conversely, the initial few seconds of the task offer the most intrasubject repeatability (Tjaden
& Watling, 2003b) and can be produced by most people despite the degree of dysarthria. The
analysis of sustained vowels was confined to the middle 3 seconds for stability and consistency
across participants (Ray D Kent et al., 1999). No segmentation was applied to other parts of the
speech sample, except for removal of all audio data that preceded the first word or that
followed the last word uttered by the participant for the analysed task.

For female and male, respectively, fundamental frequency boundaries were set to
100Hz and 300Hz, and 70 to 250Hz (Vogel et al., 2009), with the analysis window length was
set to 30ms and 42ms. Window shift was fixed at 10ms. We used Snack in Voicesauce (Y.-L.
Shue, 2010), a Matlab-toolbox, to compute the variables of cepstral peak prominence (CPP),
harmonic-to-noise ratio (HNR, zero to 3,500Hz band), fundamental frequency mean and
standard deviation, and a list of time-point values of the second formant. The latter was used

to calculate the second formant (F2) articulation speed for the reading passage. As with other
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included features, the speed of F2 movements has been found to be impaired (slowed) by MS
and other neurological diseases (K. M. Rosen et al., 2008) by dividing time was defined by the
total time in milliseconds that contained a positive value for F2 (i.e. the number of analysis
windows with F2 multiplied by 10). Energy was also extracted using Snack in Voicesauce to
calculate energy decay. First, utterances were automatically segmented using which was
defined as the difference between the mean energy in the first quarter of a utterance and the
mean energy in the last quarter of the utterance. First, as the difference between for energy-
based first order calculations (means, standard deviations, perturbation, percentiles).

Features from the DDK task were extracted with MDVP®© (Kay-Pentax)(Wang et al.,
2009). By default, the threshold for detection of syllable boundaries was set to 40% of the
maxima, with light smoothing. If the threshold line crossed the energy contour in multiple
places or neglected small true peaks determined by manual checking, smoothing would be
changed accordingly and lastly the threshold would be manually adjusted, as close as possible
to 40% of maxima, to best reflect the true total syllable count.

All timing measures were extracted through automated scripts on Praat© v6.0.28
(Boersma, 2002). Boundaries between silence and speech were determined in the energy-time
domain using an energy threshold of 0.65 the distance between the absolute minimum value
for energy (i.e., floor) and the trimmed peak (i.e., the 95" percentile for energy). Minimum

pause duration was set to 15ms and minimum speech duration to 30ms (K. Rosen et al., 2010).

4.3.5. Patient reported quality of life

Eighty-one participants with MS completed the Multiple Sclerosis Impact Scale (MSIS-
29)(Hobart et al., 2001), a questionnaire validated to assess the impact of MS on quality of life,
and the Voice Handicap Index (VHI)(Benninger, Ahuja, Gardner, & Grywalski, 1998), a 10-

question self-assessment of the impact of vocal impairment on communication.
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4.3.6. Statistical Methods

We performed all statistical analyses using IBM SPSS® Version 25.0 except for
regression modelling and cross-validation, where we used Matlab (Mathworks). We reported
descriptive statistics for age, sex, disease duration, EDSS scores and cerebellar lesion volume

through means and standard deviations (SD) or medians and quartiles.

4.3.7. Relationship between characteristics of speech and cerebellar impairment
We used Spearman’s or Pearson’s correlation coefficients, where appropriate, to
gauge the strength of relationships between speech measurements and non-speech variables
(i.e., SARA, 9HPT, FSS-cerebellar, MSIS-29, VHI and MRI measures). In a previous unpublished
study, we have observed correlations between the speech measurements under investigation
here and the overall disease markers of EDSS and total brain volume (supplementary material,
Table 4.5). Thus, to test if correlations were specific to cerebellar rather than generalised
cerebral pathology, we further calculated correlations between speech and MRI measures
controlling for overall brain volume and total lesion load. Because statistical controlling
procedures were not appropriate for EDSS, we simply reported correlation coefficients
between speech measures and EDSS to allow for comparison against correlations between

speech and cerebellar scores.

4.3.8. Determination of an acoustic cerebellar score

We tested SARA and FSS-cerebellar for normality of distribution, kurtosis, and
skewness. We then selected the clinical cerebellar score closest to parametric to be used as
response variable for regression modelling. To avoid overfitting, we restricted the number of
predictors to the eight acoustic variables with the strongest correlation with the selected
response variable. The acoustic speech predictors were then entered into a forward stepwise
linear regression modelling for the selected cerebellar response score and evaluated using 10-

fold cross-validation repeated 50 times. The resulting model, composed by valid speech
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variables multiplied by their beta coefficients, was recorded as a single dimension ‘acoustic
composite score’. To facilitate interpretation, values for the acoustic composite score are
reported on a percentile scale of the trimmed 95% of results. Higher values denote stronger
presence of speech characteristics that were associated with cerebellar impairment.

We tested and reported the redundancy and exchangeability between speech
predictors in the model by excluding one at a time from the pool of predictors and
remodelling. We then tested the correlation between the acoustic composite score and other
validated measurements of cerebellar performance, namely 9HPT and FSS-cerebellar. To
understand the contribution of cerebellar lesions to speech impairment, we compared the
acoustic composite score between people with MS with cerebellar lesions and without
cerebellar lesions or HC. We also assessed the correlation between the acoustic composite
score and MRI cerebellar measurements or quality of life scores.

Finally, the composite speech score was used to predict an abnormal 9HPT, defined by
two standard deviations away from mean value for their age and sex. We generated
predictions for the original cohort in which the acoustic composite score was determined (MS
only) and for all participants, including HC for which the model was naive to. We used binary
logistic regression for that purpose and reported accuracy and the ROC curve.

To account for multiple comparisons, we applied a family-wise false discovery rate of
5% (g value)(Benjamini & Yekutieli, 2001) to calculate the critical p value, which corresponds to
p = 0.05 of single comparison analysis. A p value smaller than the critical p was used to
describe valid correlations. We reported the original p values along with the respective critical

p for each group of analysis.

4.3.9. Data availability

The data used in the current study comprises naturalistic speech samples which are
easily identifiable. Audio recordings will not be made public for ethical safeguard of
participants. A large part of the remainder data used in the current study is also part of other
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ongoing investigations by the research group and will be made available when those studies
are published. The authors agree to share the study protocol and further details of statistical

methods upon request.

4.4. Results

Eighty-five people with MS participated in the study. Of those, sixty-eight people
completed the study’s MRI protocol. Twenty-one age and sex-matched healthy volunteers
participated (HC). Table 4.2 describes demographic characteristics and neurological

performance, and Table 4.3 provides a summary of cerebellar lesions.

4.4.1. Speech phenotype

Forty-three percent of people with MS and none of the HC presented dysarthria
according to blinded perceptual rating. The degree of cerebellar dysfunction as measured by
SARA was associated mainly with impaired naturalness and intelligibility, slow speech rate,
prolonged pauses and inaccurate pronunciation of vowels and consonants. Various other
speech measurements from both acoustic and perceptual analysis correlated with clinical

cerebellar scores (supplementary material, Table 4.6).

4.4.2. Acoustic composite score for cerebellar dysfunction

Four acoustic variables were selected through a regression model for SARA. DDK
speech rate (t=4.5) and frequency instability during sustained vowel (t=3.7) offered the largest
contributions to the specific model, followed by pause percentage in free speech (t=3) and
energy instability during sustained vowel (t=2.6). Model fitting (RMSE = 5.467) and cross-
validation (RMSE = 4.883) both resulted in adjusted r’=0.54. The acoustic composite score was

determined by the following linear function:

33 + (0.251*pause percentage) + (2.72*frequency instability) + (0.158*energy instability) —

(3.2*DDK rate)
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Table 4.2. Demographics and clinical characteristics by groups.

N total

Women

Age
(years)
Disease
duration
(years)
9HPT

(seconds)

SARA

FSS-

cerebellar

EDSS

MS cohort

85

74%

Mean +SD

47.8 11.2

14.6 8.4

36.8 31.2

Median

8.5

4

Range

22 to
70

1to37

16 to
191

Range

Oto
36.5

Oto4

1t0 8.5

MRI cohort
68
74%
Mean SD
+11.
46.7
6
13 +7.7
129,
33.9
6
Media
n
7
2
3.5

Range

22 to
70

1to31

16 to
191

Range

0to
23.5

Oto4d

1to
6.5

HC

21

71%

Mean

46

18.2

Median

Range

21to
67

14 to
22

Range

Oto3

9HPT = nine-hole peg test, FSS = functional system score HC = healthy control, MRI = magnetic

resonance imaging, N = number of participants; SARA = Scale for the Assessment and Rating of

Ataxia, SD = standard deviation.

Test for redundancy by removal of ‘pause percentage’ during free speech or ‘DDK

speech rate’ from the predictors resulted in a drop in explained variance of SARA scores to

r’=0.45 and r’=0.42, respectively. Removal of either frequency or energy vowel instability from

the predictors led to three possible alternative models with r’~0.51. Each of the alternative

models included the previous ‘free speech pause percentage’ and ‘DDK speech rate’ added by
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one measure from the reading task, ‘vowel articulation’, ‘articulatory rate’ or ‘pause
percentage’.

The initial four variables included in the regression using the complete set of
predictors were then condensed into an ‘acoustic composite score’. Values of the acoustic
composite score were normally distributed. On average, every one-point increase in SARA

equalled 5% increase in the acoustic composite score.

Table 4.3. Percentage of participants who presented cerebellar lesions by location.

MRI cohort (n = 68)

Cerebellar lesion Absent (n = 30) Present (n = 38)
Location

Anterior lobe 55.3%
Posterior lobe 84.2%
Flocculonodular 23.7%

Vermis 34.2%

Mean whole brain lesion 8(8.3) 10.3 (10.7)

load in thousands of voxels

(SD

Age, mean (SD) 44.2 (11.2) 48.8 (11.7)
Women 90% 61%
Disease duration in years, 12.4(7.6) 13.4(7.8)
mean (SD)

SARA, median 3.75 (6) 9(10.2)

(interquartile range)
FSS-cerebellar 2 (1) 3(2)
EDSS, median 2.75(2.4) 6.5 (2.5)

(interquartile range)

EDSS = Expanded Disability Status Scale, FSS = functional system score, MRI = magnetic
resonance imaging, n = number of participants; SARA = Scale for the Assessment and Rating of

Ataxia, SD = standard deviation.
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4.4.3. Relationship of the acoustic composite score with clinical scores, MRI

measures and quality of life

The acoustic composite score correlated with the other validated clinical
measurements of cerebellar dysfunction, namely 9HPT and FSS-cerebellar (Table 4.4), and with
MSIS-29 (but not with VHI after adjustment for multiple comparisons, critical p = 0.0177).
Overall, every 5% increase in the composite speech score meant additional 2 points on the
MSIS-29. We observed that all functional cerebellar scores (including the acoustic composite
score) correlated similarly and modestly with cerebellar white matter volume.

The acoustic composite score was also associated with cerebellar lesion load but less
so than were SARA and 9HPT (Table 4.4). People with MS and MRI detected cerebellar lesion
had an acoustic composite score on average 26% worse than people with MS without
cerebellar lesions (p = 0.044, 95% Cl 7.5 to 52%) and 95% worse than HC (p > 0.001, 95% CI 52
to 138%).

No correlation was found between any of the functional cerebellar measures/scores
(i.e., speech, SARA, 9HPT, FSS-cerebellar) and cerebellar grey matter volume. Additionally, no
correlation was observed between functional measures and cerebellar white and grey matter
volumes when controlling for the whole brain volumes. Correlation coefficients between

individual acoustic and MRI measures are presented in supplementary material Table 4.6.

4.4.4. Prediction of upper hand dexterity by the acoustic composite score

Fifty-five percent of people with MS took longer than age and sex-adjusted normal
time to complete 9HPT. Classification accuracy for detecting an abnormal 9HPT in the MS
group was 83.3% where sensitivity=81.3%, specificity=85% and positive predictive value=
81.3+13.5% (+95% confidence interval, cut-off point at 51). Receiver operator characteristics
(ROC curve) are depicted in figure 1. Classification of all participants at the same time (i.e.,

MS+HC, where 36% had an abnormal 9HPT) resulted in similar accuracy of 84.9% with
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sensitivity=81.3%, specificity=87% and positive predictive value= 78.8+14% (cut-off point at

50.5).

Table 4.4. Correlations between the acoustic composite score and measures of cerebellar

impairment.
r(p) SARA 9HPT FSS-cerebellar

Acoustic

0.745 (<0.001) 0.513 (<0.001) 0.634 (<0.001)

composite score
MSIS-29 0.542 (<0.001) 0.535 (<0.001) 0.468 (<0.001) 0.502 (<0.001)
VHI 0.261 (0.028) 0.072 (0.520) 0.178 (0.127) 0.074 (0.510)
Cerebellum

-0.267 (0.043) -0.230 (0.059) -0.214 (0.085) -0.124 (0.314)
volume
Cerebellum

-0.312 (0.017) -0.322 (0.007) -0.326  (0.007) -0.064 (0.606)
WM volume
Cerebellum

-0.223  (0.092) -0.208 (0.0880) -0.150 (0.228) -0.161 (0.191)
GM volume
Cerebellar

0.310 (0.017) 0.524 (<0.001) 0.475 (<0.001) 0.361 (0.003)
lesion load

For comparison, correlation coefficients between other functional cerebellar scores and

imaging or quality of life are shown. Critical p = 0.017. 9HPT = nine-hole peg test; FSS =

functional system score; GM = grey matter; MSIS-29 = Multiple Sclerosis Impact Scale with 29

items; p = “p value”, i.e. probability of type 1 error; r = correlation coefficient; SARA = Scale for

the Assessment and Rating of Ataxia; VHI = Voice Handicap Index; WM = white matter.
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Figure 4.1. ROC curve of accuracy for predicting an abnormal 9HPT in the MS group with the

acoustic composite score as predictor.
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Area under the curve = 0.87, 95% confidence interval = 0.78 to 0.96.

4.5, Discussion

We developed an experimental composite speech score by combining acoustic speech
measures with the strongest independent relationship with cerebellar function, as measured
by the SARA score. This acoustic composite score was associated with other measurements of
clinical cerebellar function, MS-affected quality of life and with MRI measurements. None of
the acoustic measures in isolation correlated with cerebellar lesion load, whereas the
composite score did. It is unlikely that a single speech measure will be sensitive enough to
gauge the performance of a specific neurological domain. Thus, grouping the most relevant
speech measures into one composite score, which is only possible with objective
measurements (e.g., acoustic analysis) is likely to improve its validity as a surrogate for
cerebellar deficits. In clinical practice or clinical trials, such composite speech score could assist

in detecting subtle progressive cerebellar impairment in “real-time”.
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Pause percentage during free speech and DDK speech rate was the most relevant
features to the speech representation of cerebellar motor impairment as neither factor
emerged as redundant in the regression analysis. In line with the compensation and reserve
hypothesis of brain disorders (Fornito, Zalesky, & Breakspear, 2015), the requirement of
maximum performance of speed in the DDK task and the cognitive-motor complexity of
recounting a personal story in the free speech task was arguably responsible for these
measurements’ success in eliciting speech deficits. A similar detrimental effect on performance
in MS was previously observed between concurrent speech and walking tasks (Hamilton et al.,
2009), and might inform future research design that intends to elicit or amplify neurological
dysfunctions.

Interestingly, pause percentage during free speech was the only functional
measurement, not only amongst speech variables but also including clinical measures, SARA,
9HPT and FSS-cerebellar, that remained correlated with cerebellar white matter volume after
controlling for overall brain white matter atrophy. This warrants further investigation on causal
relationships between the cerebellum, increased pauses during speech and cognition.

Measures of instability during the prolonged vowel task were the remainder variables
included in the acoustic composite speech model. Acoustic measures of vowel instability have
been previously studied in isolation and shown to discriminate people with MS from controls
with very high accuracy (Hartelius et al., 1997). We had also previously observed that
frequency instability was one of the few measurements that correlated with whole brain
volume in MS (supplementary material Table 4.5). However, their correlation with the severity
of cerebellar impairment had not been tested before.

A limitation for gauging cerebellar impairment with any specificity is the heterogenous
nature of the clinical presentation and pathophysiology of MS. Dysfunction in other domains
including depression, cognitive impairment and visual difficulties (for reading) were not

controlled for and may have influenced the results. It should be noted that the current study
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compares speech measurements between a wide variety of people in an attempt to reflect
real-world conditions, but which could limit conclusions. The observed gradient in speech
measurements could be attributed to inter-subject differences not related to disease, such as
age, sex, and educational level, given that speech measures also vary widely between healthy
people. We have, however, previously examined this in a recent unpublished study which
compared inter-subject variability of speech in HC against variability of speech across different
MS stages and found that the deviations observed in speech produced by people with MS are
much greater than that observed amongst controls.

Another limitation relates to the weak correlations observed between speech
measures and neuroimaging, despite clear differences in acoustic composite scores between
people with and without cerebellar lesions, which highlights two points of potential
improvement. First, tailoring the selection of speech variables to be included in the composite
score through correlations with both motor and cognitive cerebellar deficits might improve
speech representativeness of the cerebellum. Secondly, the use of more specific imaging
techniques is likely to yield correlation estimates closer to true correlations. It is also important
to notice that the MRI protocol further included functional imaging for speech and upper limb
movement as part of a large study in MS. The length of the imaging protocol was a frequent
reason for participants with high disability to decline undertaking that protocol, which
potentially decreased the acquisition of images of extreme cerebellar atrophy and lesion load.

Finally, as progression of isolated cerebellar dysfunction is rare in MS (J. Rusz, Benova,
et al., 2018), we understand that it should be assessed in conjunction with other naturally
occurring impairments, such as pyramidal deficits rather than in isolation. Larger sample sizes
are likely to yield a clearer picture of the discrete contribution of the cerebellum to speech and
to other phenomena in MS. In that sense, the use of emerging technology using continuous
audio recordings from home or online data portals may allow for larger cohorts or more

meaningful data. Despite the need for improvement in reliability of data acquisition via those
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approaches, the immense potential contribution of coupling objective speech assessment with
mobile technology cannot be overstated. Integration of speech analysis into wearables will
permit frequent monitoring of neurological functions, real-time detection of events such as
relapses and will empower patients through self-monitoring and lateral medicine (Rovini,

Maremmani, & Cavallo, 2017).

4.6. Conclusion

Speech measurements such as an increase in pauses, slower maximum speech rate
and subclinical voice tremor are associated with cerebellar dysfunction. When combined,
those measures are highly predictive of cerebellar dysfunction in MS. Speech samples are
easily collected in clinical practice, and its analysis is fully automatable. It presents potential in
detecting subtle and/or progressive cerebellar decline. Longitudinal studies are necessary to
assess its capacity to detect change over time and to assess its accuracy to predict worsening

of cognitive or physical disability as well as responsiveness to treatment modifications.
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4.12. Supplementary material

Table 4.5. Spearman’s (rho) and Pearson’s (r) correlation coefficients between speech features

and general MS pathology and disability.

Brain lesion
Speech feature Brain volume EDSS

load
Perceptual rho p rho p rho p
Imprecise

-0.180 0.148 0.119 0.343 0.422 0.013

consonants
DDK speed 0.046 0.716 -0.249 0.044 -0.464 <0.001
Prosody rate 0.320 0.009 -0.344 0.005 -0.548 <0.001
Naturalness -0.149 0.226 0.135 0.273 0.375 0.009

Distorted vowels -0.103 0.409 0.107 0.394 0.340 0.002

Intelligibility -0.194 0.119 0.209 0.092 0.328 0.003
Prolonged

-0.233 0.059 0.206 0.097 0.421 <0.001
Intervals
Variable rate -0.284 0.021 0.257 0.037 0.330 0.002
Monoloudness 0.006 0.965 -0.039 0.759 0.259 0.019
Monopitch 0.002 0.986 0.085 0.500 0.321 0.003
Roughness -0.214 0.085 0.093 0.456 0.340 0.002
Loudness decay -0.279 0.023 0.102 0.414 0.251 0.023
Acoustic r p r p r p
Speech rate,

0.121 0.338 -0.200 0.111 -0.474 <0.001
DDK
Speech rate,

0.132 0.306 -0.020 0.877 -0.411 <0.001
READ
Pause percentage,

-0.269 0.031 0.050 0.69 0.457 <0.001
FREE
Silence length SD,

-0.154 0.220 -0.014 0.910 0.426 <0.001
FREE
Frequency

-0.179 0.151 0.046 0.716 0.412 <0.001
instability, VOWEL
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Table 4.5. Continued

Pause percentage,
-0.06 0.632 -0.089 0.482 0.233 0.036
READ

Articulatory rate,
-0.108 0.394 0.035 0.785 0.307 0.005

READ
Pause length SD,
-0.029 0.816 -0.065 0.605 0.267 0.016
READ
Vowel articulation,
-0.016 0.900 0.178 0.155 -0.205 0.067

READ

9HPT = nine-hole peg test; FSS = functional system score; p = “p value”, i.e. probability of type 1
error; rho = Spearman’s correlation coefficient; SARA = Scale for the Assessment and Rating of

Ataxia.

Table 4.6. Spearman’s (rho) and Pearson’s (r) correlation coefficients between cerebellar

scores and individual speech items.

Speech feature SARA 9HPT FSS-cerebellar
Perceptual rho p rho p rho p
Imprecise

consonants 0.535 <0.001 0.476  <0.001 0.521  <0.001
DDK speed -0.511 <0.001 -0.519 <0.001 -0.401 <0.001
Prosody rate -0.486 <0.001 -0.391 <0.001 -0.248 <0.001
Naturalness 0.464 <0.001 0.408 <0.001 0.350 <0.001
Distorted vowels 0.472 <0.001 0.400 <0.001 0.446  <0.001
Intelligibility 0.463 <0.001 0.368 0.001 0.383  <0.001
Prolonged

Intervals 0.449 <0.001 0.381 0.001 0.294  0.007
Variable rate 0.358 <0.001 0.309 0.001 0.110 0.323
Monoloudness 0.332 0.002 0.300 0.001 0.292  0.008
Monopitch 0.325 0.003 0.350 0.001 0.143  0.199
Roughness 0.316 0.004 0.266  0.020 0.278 0.011
Loudness decay 0.314 0.004 0.288 0.011 0.302 0.006
Acoustic rho p r p rho p
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Table 4.6. Continued

Speech rate,

DDK -0.536
Speech rate,

READ -0.492
Pause percentage,

FREE 0.485

Silence length SD,

FREE 0.467
Frequency
instability, VOWEL 0.375

Pause percentage,

READ 0.343
Articulatory rate,

READ 0.335

Pause length SD,

READ 0.331
Vowel articulation, -0.319
READ

<0.001

<0.001

<0.001

<0.001

<0.001

0.002

0.003

0.003
0.004

-0.484

-0.425

0.496

0.495

0.377

0.259

0.327

0.290
-0.163

<0.001

<0.001

<0.001

<0.001

<0.001

0.028

0.005

0.013
0.161

-0.339

-0.379

0.357

0.246

0.291

0.366

0.177

0.217
-0.351

<0.001

<0.001

<0.001

0.008

0.002

<0.001

0.059

0.020
<0.001

Only speech variables with correlation p values bellow critical p = 0.0249 are shown

(highlighted in grey). 9HPT = nine-hole peg test; FSS = functional system score; p = “p value”,

i.e. probability of type 1 error; rho = Spearman’s correlation coefficient; SARA = Scale for the

Assessment and Rating of Ataxia.
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Table 4.7. Correlations between speech MRI measures.

Measures

Speech

Speech rate, READ
Articulatory rate,
READ

Pause percentage,
READ

Pause length SD,
READ

Vowel
articulation, READ
Pause percentage,
FREE

Pause length SD,
FREE

Speech rate, DDK
Frequency

instability, VOWEL

Cerebellar WM

r(p)
0.249 (0.051)

-0.229 (0.066)

-0.172 (0.170)

-0.149 (0.235)

0.039 (0.758)

-0.411 (0.001)

-0.326 (0.008)

0.231 (0.064)

-0.083 (0.505)

Controlling for
whole brain

WM

0.260 (0.045)

-0.256 (0.043)

-0.174 (0.172)

-0.151 (0.238)

-0.028 (0.827)

-0.343 (0.006)

-0.281 (0.026)

0.176 (0.167)

0.094 (0.461)

Cerebellar GM

r (p)
0.164 (0.203)

-0.113 (0.368)

-0.169 (0.179)

-0.072 (0.570)

-0.102 (0.419)

-0.293 (0.018)

-0.164 (0.191)

0.160 (0.203)

-0.021 (0.864)

Controlling for

whole brain GM

0.099 (0.453)

-0.051 (0.690)

-0.153 (0.232)

-0.021 (0.869)

-0.237 (0.062)

-0.152 (0.234)

-0.013 (0.918)

0.133 (0.299)

0.183 (0.149)

No adjustment necessary, all
critical p < 0.01
original p > 0.05

Critical p = 0.008. 9HPT = nine-hole peg test; GM = grey matter; MRl = magnetic resonance
imaging; p = “p value”, i.e. probability of type 1 error; r = correlation coefficient; SARA = Scale

for the Assessment and Rating of Ataxia; VHI = Voice Handicap Index; WM = white matter.
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5.1. Abstract

PURPOSE: To assess consumer-grade mobile microphone configurations for their acoustic
measurement agreement with a research reference microphone. METHODS: Speech was
simultaneously recorded by one iPod touch (in-built microphone), two different iPod mount-
on microphones and a high-quality reference microphone commonly used in research. Twelve
speech-acoustic features were calculated using recordings from each microphone to
determine the agreement intervals in measurements between microphones. Agreement
intervals were then compared to expected deviations in speech in various neurological
conditions. Each microphone’s response to speech and to silence was characterized through
acoustic analysis to explore possible reasons for differences in acoustic measurements
between microphones. Additionally, acoustic metrics from consistent rather than
interchangeable use of each microphone were explored through correlation coefficients and
group comparisons. RESULTS: Microphones’ response to speech favoured high frequencies
(mean centre of gravity difference > +175.3Hz) and transmitted more relative noise (mean
signal-to-noise intensity difference < -4.2dB) for the three consumer-grade microphones
compared to the reference microphone. Between consumer-grade microphones, differences in
relative noise were related to the distance between microphone and speaker’s mouth.
Agreement intervals between microphones remained under disease-expected deviations only
for fundamental frequency (agreement interval <0.06Hz), fundamental frequency instability

(agreement interval £0.05%) and for tracking of second formant movement (agreement
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interval <1.4Hz/millisecond). Microphone’s acoustic metrics were highly correlated with each
other and resulted in equivalent rank-classifications of speech in relation to neurological
disability (r=0.84, p=0.04). CONCLUSION: Comparison of research across studies or translation
of research findings into clinical applications must account for differences in recording

equipment, particularly consumer-grade microphones.

5.2. Introduction

Speech analysis can provide useful insights into the diagnosis and progression of
various neurological conditions. Measurements obtained through acoustic analysis have been
related to the severity of neurological impairment or were able to distinguish between healthy
controls and people with diseases such as depression(Mundt et al., 2012), Multiple Sclerosis
(Friedova et al., 2019; Konstantopoulos et al., 2010), Parkinson’s disease (Vizza et al., 2019)
and others (Daudet et al., 2017; Konig et al., 2019; Konig et al., 2018; Nevler, Ash, Irwin,
Liberman, & Grossman, 2019; Starkstein, Jorge, Mizrahi, & Robinson, 2006). Acquisition of
speech recordings for health-related analysis has become increasingly accessible with the use
of mobile devices in research settings.

Real-world application of remote recordings for health-related analysis requires
specific considerations. In contrast to research experiments, clinical practice introduces
confounders such as background noise, variation in the distance and direction between a
microphone and the sound source, and differences in microphones’ properties. Titze and
Winholtz (Titze & Winholtz, 1993) varied the distance between professional-grade
microphones and a synthesized voice source from 4cm to 30cm to 1m. They observed that the
recorded amount of false signal perturbation (i.e., noise; variation in the recorded signal while
in the absence of variation in the original signal) progressively increased by almost one order
of magnitude at each distance-step, for both frequency and amplitude. Furthermore, the use

of consumer-grade microphones resulted in greater false perturbations and less
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responsiveness to true perturbations when compared to professional-grade microphones.
These findings were associated with the microphone’s sensitivity to sound (Titze & Winholtz,
1993). The more a microphone is selectively sensitive to speech, the smaller the proportion of
the recorded signal is occupied by noise (environmental and self-generated), i.e. larger signal-
to-noise ratio. The same applies to the positioning of microphones where proximity to sound
source results in a greater signal magnitude and consequently smaller relative noise. Relative
noise interferes with various acoustic measurements related to variation and periodicity
(Deliyski, Shaw, & Evans, 2005; Vogel & Maruff, 2008)(e.g., perturbations, standard deviation,
harmonics-to-noise ratio, cepstral peak prominence).

Microphone sensitivity varies across frequencies. The distribution of sensitivity along
the frequency spectrum is referred to as frequency response, which may influence the
recorded signal in a predictable manner. Parsa et al. (Parsa, Jamieson, & Pretty, 2001) used
loudspeaker playback of human voices to compare four professional-grade microphones and
found that systematic divergencies in microphones’ frequency responses accounted for small
distortions in acoustic analysis, which were sufficient to decrease the accuracy of automated
discrimination between normal and pathological voices. Because of the (mostly) systematic
nature of the differences, a post-recording mathematical correction accounting for the
microphone’s frequency response improved accuracy for discriminating between healthy and
pathological voices.

Studies that looked at simultaneous recordings of live human speech also showed that
microphone quality is important for accurate speech data acquisition, particularly by
smartphones and mobile devices. Vogel and Maruff (Vogel & Maruff, 2008) found that some
speech measurements related to frequency were comparable while measures of perturbation
linked to sound intensity were different between professional-level equipment and a
consumer-grade USB-connected laptop microphone. The same authors later observed (Vogel

& Maruff, 2014) that the effect of treatment for depression was associated with (landline)
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telephone recording acoustics only when the same device was used. Most acoustic metrics
from smartphones and a reference microphone showed moderate or high correlation
coefficients, yet consistently differed between microphones even in a study with a sample size
of only eleven (Lin, Hornibrook, & Ormond, 2012) and often exceeded 10% RMSE (root mean
square error) in another (Vogel, Rosen, Morgan, & Reilly, 2014), argued to be unacceptable by
the authors. Daudet et al. (Daudet et al., 2017) argued that the in-built microphones of mobile
devices are insufficient to filter out noise and that a high-quality microphone coupled to a
mobile device is necessary to achieve the high accuracy required for detecting traumatic brain
injury in their study. Conversely, Rusz et al. (J. Rusz, Hlavnicka, et al., 2018) found that speech
metrics from smartphone recordings were almost as sensitive as professional-grade
microphones in capturing key abnormalities in speech of people at high risk of developing or
already diagnosed with Parkinson’s disease.

The pattern of measurement error (systematic or random) and agreement interval
between microphones might also vary according to the acoustic feature under measurement,
which could explain discrepancies in the literature. Furthermore, estimating the benefit of
adding a consumer-grade mount-on microphone to mobile devices could inform strategies for
translating research findings into the clinical use of smartphones and mobile devices for
health-related speech analysis. To the best of our knowledge, no study has investigated those
factors. In the current study, we compared energy and frequency-based characteristics of
speech between three microphone configurations of the iPod Touch and a reference
professional-grade microphone to determine the extent to which they can be used
interchangeably in speech acquisition for health-related acoustic analysis. Agreement intervals
between measurements must be examined in relation to the expected differences between
conditions of interest (e.g., affected people vs healthy). Thus, to offer a perspective of the
clinical relevance of our results, we compared differences in speech measurements between

microphones to differences in speech between clinical conditions found by previous studies.
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We hypothesized that agreement intervals between devices would be smaller than the
expected clinical effect (thus acceptable) for timing measurements but not for frequency-
based measurements, with the exception of fundamental frequency. Lastly, we explored how
microphones would separately classify the speech of participants in relation to their

neurological status.

5.3. Methods

The study was reviewed and approved by the Melbourne Health Ethics Committee.

5.3.1. Materials

We selected a high-quality configuration previously used in speech research as the
Reference microphone, consisting of an AKG C520 head-worn cardioid condenser microphone
coupled to a Roland Duo Capture EX USB Audio Interface and connected to a laptop.
Characteristics of this microphone make it acoustically ideal for recording speech(Titze &
Winholtz, 1993), including a minimum sensitivity of -43dB, a near-flat tonal frequency
response, transducer type (condenser), pattern (cardioid) and positioning (close to the sound
source). Consumer-grade smartphone-type microphones included three configurations of the
6 generation iPod Touch: (1) the in-built iPod Touch microphone (In-built); (2) Rode IXY-L
mobile-mount cardioid condenser microphone (Directional); and (3) Sennheiser ClipMic Digital

lapel omnidirectional condenser microphone (Lapel).

5.3.2. Participants

We purposefully recruited people with normal speech as well as people with
dysarthria into a single group to explore if acoustic differences between microphones (biases)
were proportional to mean measurements. Checking for such proportionality is one of the
steps in measuring agreement intervals through the elected method further described under
statistical analysis. In total, eighteen people (10 females) aged between 18 and 59 years

participated in the study. Inclusion of people with dysarthria was achieved through five
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participants with Multiple Sclerosis (two with mild dysarthria, one with signs only, and two
with normal speech according to perceptual evaluation). The inclusion of participants with
Multiple Sclerosis (pwMS) also served for visualizing the relationship between neurological
disability and acoustic scores according to different microphones. All participants were
informed of the purpose of the study as well as their right to withdraw at any point, and signed

consent was obtained.

5.3.3. Tasks

We used four increasingly demanding speech tasks to elicit increasing complexity in
acoustics. These tasks included (1) sustaining the vowel /a/ for ten seconds; (2) repeating
/pa/ta/ka/ as fast as possible for ten seconds (speech diadochokinesis task, DDK); (3) reading a
phonetically and linguistically balanced text, the grandfather passage; and (4) a one-minute
monologue, consisting of recounting a pleasant memory (free speech). These tasks are
designed to test specific aspects of speech and are commonly used in voice and speech
research(Chan et al., 2019; Noffs et al., 2018; Rodgers et al., 2013; J Rusz, Cmejla, Ruzickova, &
Ruzicka, 2011; Tjaden & Watling, 2003a; Vogel, Fletcher, & Maruff, 2010; Vogel & Maruff,
2008, 2014; Vogel et al., 2009; Vogel, Poole, et al., 2017; A. P. Vogel et al., 2014; Vogel, Shirbin,

Churchyard, & Stout, 2012).

5.3.4. Recording protocol
Recordings occurred simultaneously through the four sets of equipment in a hospital
outpatient clinic room in a quiet corridor away from main thoroughfare and reception areas.
The design and build of a microphone determine its fixed properties (e.g., self-
generated noise, sensitivity, frequency response) but also to its intended positioning in
relation to sound source (e.g., table-top microphone, hand-held, head-mount, lapel-clip). Thus,
to emulate its use by a hypothetical consumer (patient or clinician), each microphone was

positioned according to its commercial design as follows. The Reference microphone was
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positioned at an angle of 45 degrees laterally to the sagittal plane, axially at the level of the
mouth, at approximately 8cm from the participants’ mouths, and supported by a back-of-head
and around-eyers adjustable arch. The In-built and the Directional microphones were kept on
top of a table directly in front of participants, at elbow height and approximately 50cm away
from the participants’ mouths. To ensure proper orientation of the Directional microphone
towards the participant's mouth, its respective iPod was secured in place with a Joby Grip Tight
Pro Mount tripod. The Lapel microphone was secured to the participant’s clothes (e.g., shirt)
over the anterior thorax in a position that would not cause friction or inadvertent motion
artifact, at approximately 20cm from their mouth. Those fixed microphone positions were
used to record each participant. Unless otherwise specified, these exact recording
configurations (microphone + iPod/laptop + positioning) will be referred to as simply
‘microphones’ (or their specific designation, e.g., ‘Lapel’) from this point forward. Recording

and pre-analyses procedures are further detailed in supplementary methods.

5.3.5. Acoustic analyses

Acoustic analysis was performed in the open-source software Praat (Boersma, 2002).
Two groups of speech features were analyzed, one to describe microphones’ responsiveness
to speech and silence, and another to determine the agreement between measurements
taken by different microphones.

We characterized microphones’ responsiveness to voice frequencies instead of pure
tones. Pure tone responsiveness curves are available online for Reference and Directional
microphones. Responsiveness to voice accounts for possible interactions between components
of the complex voice waveform and does not require extra data collection. Frequency
responsiveness was characterized by power spectral density (PSD, Figure 5.1) and centre-of-
gravity (CoG). Additionally, signal-to-noise ratio (SNR) was determined for each participant-
microphone and reported as average and confidence interval per microphone. Lastly, we
determined the inter-microphones limits of agreement (Figure 5.2) separately for twelve
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acoustic measurements (Table 5.1). Methodological details on acoustic analysis, limits of

agreement and statistical analysis are included in supplementary methods.

Figure 5.1. Power spectral density levels for mid-vowel /a/, healthy subject, female.

80

60

o N

20 |

AR i

Power level (dB/Hz)

40 ‘ Il

-60
0 1 2 3 4 5 6 7 8 9

Frequency (kHz)

The first peak represents the fundamental frequency followed by peaks of other harmonics.
Frequencies above 2kHz have low power peaks, whereas no distinct peaks are observable

above 5kHz.

Limits of agreement and confidence intervals alone are insufficient to determine
whether devices can be used interchangeably in research and clinical settings. For an overview
of the clinical relevance of our findings, we reproduced differences between clinical conditions
found in previous studies. In general, if the coefficient of agreement for a pair of microphones
is greater than the expected difference between clinical conditions, there would be insufficient
reliability for using those microphones interchangeably to measure differences between

conditions.
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Table 5.1. Summary list of speech measurements tested for agreement.

Frequency related measurements

Mean fundamental frequency (FO)

FO coefficient of variation (FO CoV)

Mean first formant (F1)

Mean second formant (F2)

Median change in F2 intra-word (F2 slope)
Mean third formant (F3)
Harmonics-to-noise ratio (HNR)

Cepstral peak prominence (CPP)

Smoothed CPP (CPPS)

Timing measurements

Mean pause length

Pause length standard deviation
Pause percentage time

Total speaking time

Figure 5.2. Representative Bland-Altman plot with limits of agreement, 95% Cls and 95% CIA.
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Cl = confidence interval; CIA = confidence interval of agreement; SD = standard deviation.

Lastly, we descriptively explored how microphones would classify speech if the same

microphone were used consistently instead of interchangeably. In previous work(Noffs et al.,
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2021), we have modelled an acoustic composite score to reflect general neurological disability
in pwMS consisting of pause percentage in the monologue, DDK rate, and frequency instability
in the sustained vowel. We applied that acoustic model to the recordings in the current
experiment separately for the reference microphone and the stand-alone iPod and plotted the
results along with actual neurological scores for pwMS. The neurological status of participants
with MS was previously determined by a neurologist through the Expanded Disability Status
Scale (EDSS) score(Kurtzke, 1983). Given the limited number of pwMS, comparing graphs

between microphones for this simulated neurological classification is merely exploratory.

5.4. Results

For simplicity, we excluded recordings of sustained vowel from one neurotypical
female volunteer who produced intermittent but frequent vocal fry, which caused extraneous
variation (halving) in fundamental frequency measurements. Additionally, recordings of two
people with MS were summarily terminated by the device connected to the directional

microphone (corrupted data) and thus unsuitable for acoustic analysis.

5.4.1. Microphone characteristics

The intensity of recorded signal during speech intervals (i.e., noise during silence) was
greater for the in-built microphone relative to the Reference microphone (intensity floor, table
2). Higher relative noise for the in-built microphone can also be observed during phonation
and in more detail on curves of power spectral density (PSD, figure 3) where the 25dB gap in
responsiveness to the fundamental frequency between Reference and In-built (first marker in
each curve, under 0.3kHz) disappear for frequencies commonly populated by noise (>5kHz).
While the three consumer-grade microphones were proportionally more sensitive to higher
frequencies in comparison to the Reference microphone (higher CoG, Table 5.2), that
difference was more associated with responsiveness to the fundamental frequency and less

with noise for both Lapel and Directional microphones (Table 5.2 and Figure 5.3).
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Table 5.2. Comparative response characteristics of microphones for the same sound stimulus.

Measurement

Intensity floor (noise),

mean + 95% ClI

SNR, mean + 95% CI

SNR adjusted, mean + 95% ClI

Centre of gravity, mean

Reference

24.7 dB

2.6

50.9 dB
3.0

50.9 dB
3.0

517.1 Hz
180

Microphone
Lapel Directional
29.9dB+0.5 31.4dB 0.5

vs Reference

-12.143.8 -20.1+£3.1
(p< 0.001) (p<0.001)
-4.2+3.8 -4.2+3.1
(p=10.030) (p=0.031)
+175.3+£39. +228.3
1° +45.7°
(p =0.006)° (p = 0.0024)¢

In-built

33.8dB 2.4

-20.5%£3.7

(p< 0.001)

-4.6%3.7

(p=0.018)

+254.3+43.6°

(p = 0.0008)°

Cl = confidence interval; dB = decibel; Hz = Hertz. ° Paired t-test. ® Near-normal distribution. ¢

Wilcoxon rank test.

5.4.2. Agreement coefficients

Agreement between microphones was highest for fO measurements (Tables 5.3 and

Figure 5.4). Coefficients of agreement and 95%CIAs remained under 0.1Hz for mean fOand

under 0.05% for fO CoV. Measurements of average formant frequency, HNR and CPP diverged

10% to 25% between microphones. All three formants’ SD presented the largest 95% CIA, up

to ten times as wide as the formant’s average SD, i.e., 1000% divergence in measurements.
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Figure 5.3. Average power spectral density (PSD) levels (re 10-5 Pa) for voices of males and

females, by microphone.
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The first marker on each line represents the power in fundamental frequency, whereas shaded
areas highlight sound power for formant frequencies (as determined by analysis of recordings
by the Reference microphone). F1, F2, F3 = first three formants. Note the number of frequency-
points (multiples of the fundamental) for males is twice the number as for females, which is a

result of typical frequencies for the fundamental in each sex.
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Figure 5.4. Bland-Altman plots and 95% CIA (dotted lines) for f0, showing good agreement

between reference and test microphones.
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PwMS are shown in red. The average difference between microphones is close to zero, i.e., not
systematic (small measurement bias), and differences are independent of average
measurement or of the presence of MS. Random disagreement is also small, highlighted by

95% CIA under 0.1% of the average measurement.

Figure 5.5. Bland-Altman plots and 95% CIA (dotted lines) for monologue pause percentage,

showing poor agreement between reference and test microphones.
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PwMS are shown in red. All test microphones systematically overestimated pause percentage
in comparison to the reference microphone (measurement bias), but differences seem
independent of average measurement or of the presence of MS. Non-systematic (random)

disagreement is reflected in large 95% CIA, which are over 20% of the average measurement.

Among timing measurements (Table 5.4), utterance sum for the reading and free
speech tasks presented the most agreement between microphones (5% to 7.5% as measured

by 95%CIA) followed by pause length SD in the same tasks and pause percentage in all tasks
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(20% to 30%, Figure 5.5). Other measurements had 95%CIAs wider than 30% of the mean for
that measurement. Lastly, limits of agreement between the Directional and Reference
microphones for DDK mean syllable period could not be calculated as differences were not
normally distributed.

Raw and log-transformed differences between microphones for the acoustic
composite score were not normally distributed, thus not suitable for calculation of agreement
intervals through the elected method. The acoustic composite score determined from

recordings by each microphone separately yielded a similar classification of neurological

impairment of speech as visualized in Figure 5.6.

Figure 5.6. Relationship between neurological disability status and acoustic score for the high-

grade reference microphone set and the in-built microphone.
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Table 5.3. Bias and 95% confidence interval of agreement between Reference and tested microphones for frequency-dependent measurements.

Measurement Reference Unit Test microphone Bias (mean 95% CIA Previously observed difference
microphone difference)
(mean)
Lapel -0.007 +0.018 37.8 Hz, males, Parkinson
fo 177.3 Hz Directional -0.059 +0.058 disease(Gamboa et al., 1997)
In-built -0.601 +0.043
Lapel -0.001 +0.021 0.4 to 1%, Multiple
f0 CoV 0.311 % Directional -0.009 +0.031 Sclerosis(Hartelius et al., 1997)
In-built -0.020 +0.048
Lapel NA NA 74Hz, intelligibility in Cerebral
F1 708.6 Hz Directional 50.43 +221.2 Palsy(Liu, Tsao, & Kuhl, 2005)
In-built 24.02 1247.8
Lapel -16.84 +296.7
F2 1359.9 Hz Directional 60.88 +203.4
In-built 58.78 +290.7
Lapel -0.024 +0.831 1.7 Hz/ms, Multiple Sclerosis(K. M.
F2 slope 8.14 Hz/ms Directional 0.290 +1.088 Rosen et al., 2008)
In-built 0.357 +1.402
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Table 5.3. Continued

Lapel -225.20 +1099.7
F3 2790.2 Hz Directional -20.45 +355.6
In-built -11.10 +385.6
Lapel -2.976 14.592 1 to 16dB, Post glottic cancer
HNR 25.92 dB Directional -6.455 +4.641 surgery(Motta, Cesari, Mesolella,
In-built -6.789 +5.432 & Motta, 2008)
Lapel -0.717 16.498 1dB, Friedreich's Ataxia(Vogel,
CPP 28.06 dB Directional -1.540 +4.595 Wardrop, et al., 2017)
In-built -2.074 +7.012
Lapel -0.952 +1.929 1dB, dysphonia in benign
Directional -2.058 +2.284 pathologies(Brinca, Batista,
CPPS 20.81 dB
Tavares, Gongalves, & Moreno,
In-built -2.593 +2.666 2014)

Confidence intervals (second last column) smaller than the expected clinical difference (last column) are highlighted. The last column refers to previous
findings from studies where speech measurements were compared between clinical conditions or to disease severity scores. 95% CIA = 95% confidence
interval of agreement; CPP(S) = cepstral peak prominence (smoothed); dB = decibel; fO = fundamental frequency; F(1-3) = formants; HNR = harmonics-to-

noise ratio; Hz = Hertz; ms = milliseconds.
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Table 5.4. Bias and 95% confidence interval of agreement between Reference and tested microphones for timing measurements.

Measurement Reference Unit Test microphone Bias (mean 95% CIA Previously observed
microphone difference) difference
(mean)
Lapel 3.791 +4.556 2.7%, Parkinson’s
Pause %, reading 19.98 % Directional 2.415 15.647 disease(Skodda & Schlegel,
In-built 2.966 +5.844 2008)
Lapel -10.600 +89.43
Mean pause length,
187.8 ms Directional 7.007 +77.9
reading
In-built 6.292 +77.17
Lapel 9.427 +71.82
Pause length SD,
210.0 ms Directional 21.693 +78.78 77ms, Multiple
reading
In-built 22.130 +75.92 Sclerosis(Noffs et al., 2021)
Lapel -1.055 +1.381
Speaking time,
22.27 s Directional -0.660 +1.313
reading
In-built -0.834 +1.604
Lapel 1.851 +11.63
Pause %, free speech 18.10 % Directional 2.264 +7.781 6.6%, Multiple
In-built 3.030 15.705 Sclerosis(Noffs et al., 2021)
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Table 5.4. Continued

Lapel 9.82 +100.81 40ms, response to treatment
Mean pause length,
161.1 ms Directional 29.14 +96.86 for depression(Alpert,
free speech
In-built 27.48 +81.74 Pouget, & Silva, 2001)
Lapel 12.17 +107.7
Pause length SD, free
192.9 ms Directional 27.06 +77.23
speech
In-built 26.11 162.1
Lapel -4.362 +34.8
Speaking time, free
42.27 s Directional -1.285 +3.17
speech
In-built 3.582 +2.306
Lapel 14.89 +37.13 50ms, Multiple
Mean pause length, . )
48.10 ms Directional 20.38 +53.89 Sclerosis(Tjaden & Watling,
DDK
In-built 22.51 +37.17 2003b)
Lapel -0.043 +2.538 2.2syl/s, Multiple
Mean speech rate, - .
5.89 syl/s Directional -0.200 +2.109 Sclerosis(Tjaden & Watling,
DDK
In-built -0.231 +2.697 2003b)

Confidence intervals (second last column) smaller than the expected clinical difference (last column) are highlighted. The last column refers to previous
findings from studies where speech measurements were compared between clinical conditions or to disease severity scores. 95% CIA = 95% confidence

interval of agreement; ms = milliseconds; s = seconds; syl = syllables.
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5.5. Discussion

We found that measurements of the fundamental frequency (fO) were robust to
variation in recording device sets. In addition, F2 slope values had agreement intervals
marginally smaller than clinical effect sizes. Other measurements, including all timing metrics,
were largely influenced by the recording device type, which does not support our initial
hypothesis.

The following characteristics of the fundamental frequency allow it to be estimated
through simple methods, which might explain its robustness observed in the current and
previous studies. The quasi-periodic vibration of the vocal folds (glottis) during phonation is
responsible for fO, which is theoretically the lowest periodic frequency in the voice waveform.
Because this glottal sound is the major energy source for the production of other sounds in
voice, its energy relative to the total voice energy is great enough to be detected through
direct analysis of the raw (unprocessed, untransformed) recorded signal. The fundamental
frequency is determined by the auto-correlation method in Praat, which consists of simply
making an identical copy of the signal and then calculating the correlation coefficient between
original and copy each time the copy is slid forward by a chosen mount in the time domain.
The predominantly periodic nature of voice means that the sound wave “repeats itself” at
almost fixed intervals, at least in short time windows. Thus, sliding the copy by exactly one

IM

such “repeating interval” will yield a very high correlation coefficient between copy and
original. The amount of displacement of the copy for which the highest correlation coefficient
is found defines the size of the repeating interval, called fundamental period. The fundamental
frequency, in turn, refers to the number of periods that occur per time (per second, in the case
of Hertz). Because the auto-correlation method examines the whole waveform, it might be
susceptible to inaccuracy for calculating the fundamental frequency when other components

of the waveform (i.e., formants) change frequencies within the analysis window. This occurs,

for example, during the production of more than one phonetic vowel within one utterance in
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naturalistic speech. That would not necessarily affect its agreement between microphones,
i.e., estimations would be “equally wrong” across microphones.

Other frequency-related measurements depend on the decomposition of the recorded
signal to produce estimates. The sound energy of higher frequencies is often many times
smaller than that of the fundamental frequency in quiet (conversational level) utterances. In
the current experiment, tracking of F2 movement was less affected by different microphones
than location estimates. Determining the location of formants, such as mean F2, depends on
the prominence of semi-periodic high-frequency signal (above noise, which is often also high-
frequency but aperiodic). Thus, both microphone’s frequency-specific responsiveness and
noise levels may affect the estimation of the formant’s location. Estimates of a formant’s
location might diverge between microphones more than estimates of that formant’s
movement, e.g., F2 slope, as long as those estimates move in parallel between microphones
(same direction and about the same magnitude).

Surprisingly, we found that timing measurements varied widely between recordings
from different microphones. The timing analysis method in the current experiment is based on
sound intensity in the time domain. The threshold for separating silence and speech is
determined in relation to the maximum sound pressure level. There are several microphone
attributes that could cause a lack of agreement for the measurement of timing and/or high
frequencies. These include transient responses, i.e. the speed of microphones to respond to an
abrupt sound (Peus, 2004). Different transient responses affect the onset time and onset slope
of speech. As transient responses are very short by definition, they would affect more the
measurement of precise (time-wise short) speech events, as consonant duration, for example,
and only discretely the measurement of long speech events such as utterance duration, which
consist the bulk of timing metrics analysed in the current study.

Secondly, microphone positioning might greatly affect speech measurements.

Increasing the distance between sound source and microphone makes the signal more
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susceptible to non-free field influences (e.g. reflection and refraction of sound in out-of-lab
environments)(Eargle, 2003), which inflates measurements related to noise and perturbation
or distortion (Titze & Winholtz, 1993). As expected, the decrement in SNR was proportional to
the distance between microphone and mouth (source). The same decrement could be
observed for clinical measurements that involve ratios between periodicity and noise, namely
HNR, CPP and CPPS. The consequence of decreased SNR for timing analyses is briefly discussed
below. The angle of placement in relation to the sound source can also influence
measurements to a smaller degree(Titze & Winholtz, 1993), while the relation between the
microphone and body parts can cause frequency-dependent distortions (Feigin, Barlow, &
Stelmachowicz, 1990).

The third possible cause for disagreement between microphones concerns frequency
responsiveness. In this study, the Reference microphone’s response favoured low frequencies
in comparison to the other microphones, as shown by PSD curves and the lower CoG. A
microphone’s responsiveness to frequencies that naturally have a higher speech energy
density, particularly the fundamental frequency in vowels, will largely influence the overall
measured sound intensity. This overall intensity is the basis for determining the silence-speech
threshold used in timing analyses. However, the onset and offset of syllables are not
necessarily populated by low-frequency energy-dense speech, which creates a mismatch
between the automatically determined threshold and the actual amplitude of onset/offset.
Thus, optimizing the silence-speech threshold for the Reference microphone causes it to be
sub-optimal for another microphone and vice-versa. Frequency responsiveness further varies
in relation to distance to sound source depending on the polar pattern of microphones. A
noticeable boost in low frequencies is observed for cardioid microphones (e.g. the Reference
and the Directional) when that distance is shortened, i.e., proximity effect (Clifford & Reiss,

2011).
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Fourth, differences in relative noise level likely have also influenced timing
measurements. Microphones vary in self-generated noise (Peus, 2004), electrical insulation
and filtering of background noise. The polar pattern of microphones (directionality) also affects
the amount of background noise captured (Vogel & Morgan, 2009). In our experiment, after
discounting the theoretical loss in signal intensity due to the distance between microphone
and mouth (source), a residual decrease in SNR of about 4dB remained for the three
consumer-grade relative to the Reference microphone. That could be due to both reduced
microphone sensitivity and increased recorded noise. The effect of SNR on HNR, CPP and CPPS
was discussed above. In the current experiment, decrease in SNR means a reduced difference
between speech intensity and “silence” intensity (i.e., background noise). That difference
between intensities is the window for silence/speech detection. A smaller SNR results in a
greater chance of misclassifying speech or silence for analysis based on intensity. Thus, even if
the silence-speech threshold (timing analysis) were optimized individually for each
microphone, its accuracy would be worse for the three consumer-grade microphones or any
microphone in conditions of excessive noise.

Those four interrelated differences were present between the tested microphone
settings in the current experiment and might explain, at least in part, the lack of agreement
between them. Importantly, these discussed differences may be compounded by other
commonly unaccounted variables in clinical settings, such as wide variations in the recording
environment, bodily movements and differences in algorithms (software) used for analyses,
which introduce multiple and interrelated confounders when comparing acoustic results from
multiple recording protocols (Raymond D. Kent & Vorperian, 2018).

Interestingly, increased relative noise caused merely by differences in microphones
and/or distance translated into more dysarthric-like values for acoustic metrics. In general,
reduced SNR generated a higher pause percentage, higher pause variation, lower harmonicity

(HNR and CPP) and lower DDK rate. A similar parallel between noise and dysarthria has been

134



observed for intelligibility as assessed by listener’s transcription accuracy (Borrie, Baese-Berk,
Van Engen, & Bent, 2017). An acoustic distortion of the speech signal by noise might explain its
similarities with dysarthric speech, although perceptual intelligibility involves additional and
more complex acoustic features than those included in the present study, thus warranting
further investigation.

Limitations of the current study include low speech sample size, which increased the
probability of non-normal distribution of measurements and large confidence intervals. We
contacted the manufacturer (Apple Inc) asking whether the same in-built microphone sensor
was present across other mobile devices (e.g., iPhones, iPads) but are yet to receive a
response. Thus, although other mobile devices may produce similar agreement limits due to
inherent constraints in size and power consumption, the specific agreement intervals and
biases reported here relate to only the tested microphones and cannot be generalized.

In our opinion, speech research must be designed to mitigate the effect of common
confounders related to hardware use. The only immediate and certain way to eliminate
confounders is to standardize the speech assessment protocol, which has been advocated for
many years (Svec & Grangqvist, 2010; Titze, 1994). That includes the use of the same equipment
between participants and across time, fixing the distance between microphone and
participant, and avoidance of noise, among others. There is, however, a trade-off between the
number of confounders that are controlled in this way and the flexibility in data acquisition,
which translates into a trade-off between precision and clinical scalability. Another concurrent
path relates to the development of robust methods of signal analyses, which include
numerous recent efforts showing variable progress. The ideal outcome is to increase
robustness without compromising validity, precision and accuracy. CPPS, for example, could be
considered such an improvement over the original CPP for the estimation of dysphonia
(Heman-Ackah et al., 2003). In the current experiment, we observed increased stability in

measurement between different microphones for CPPS in comparison to CPP at the cost of a
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smaller average measurement. A third path for optimizing reproducibility could be the use of
combined measurements to gauge the desired outcome. Examples include principal
component analysis, machine learning models or multiple regression models, such as the
acoustic composite score used in the current study. Composite scores mitigate, in general, the
effect of random error of its components once errors in opposite directions cancel one
another. Such stabilizing effect might, however, also decrease the responsiveness of composite
scores, which must be tested and weighed against its gain in reproducibility. The multiplicity of
measurements used as predictors is not confined to their instantaneous qualities but could
also include temporal patterns (in repeated measurement conditions). In general, the main
requirements for such models are computational power (increasingly available and
inexpensive) and large datasets. In order to produce high-quality research, we must consider
the variations in signal acquisition highlighted in this study and develop strategies to overcome

these where possible.

5.6. Conclusion

Measurement of the fundamental frequency of speech is robust to variation in
recording equipment. Other tested acoustic metrics are sensitive to recording variations,
which may relate to differences in signal-to-noise ratio (largely affected by mouth-microphone
distance) and frequency responsiveness (mostly determined by the microphone’s quality).
Using the same device across repeated measurements for individual trajectories can help to
mitigate measurement error and allow for the clinical use of speech analysis for monitoring

neurological diseases.

5.7. Open practices statement
Data will not be made public for the ethical safeguard of participants as it may be
identifiable. The authors agree to share the study protocol and further details of statistical

methods upon request. The experiment was not pre-registered.
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5.8. Supplementary material

Recording

Audacity was used to record all speech by the reference microphone, and the Rode
Rec app was used to record all speech by each of the mobile devices. Before recording, digital
filters and enhancers were turned off on the app. Recording parameters were kept constant
for the entire experiment, including a sampling rate of 44.1kHz, 16-bit quantization and
constant gain (tested and set before the start of recording for each participant).

At the beginning of each recording session, a pure-frequency beep (500Hz, 500ms) was
played from an independent device, more than 1 meter away and equidistant from all devices,
to serve as a reference time-point for later synchronization of recording files. The four
microphones simultaneously recorded each participant, who produced each speech task only
once. The door of the room was kept closed, and recordings were stopped, discarded, and re-
initiated in case of interruptions (i.e. loudspeaker announcement, knocking on the door).

Participants’ positioning in the room was also standardized. Participants were
recorded while sitting, facing the centre of the room and at 2 meters distance from the wall in
front of them. For descriptive purposes only (rather than for room acoustic measurements),
the room was rectangular and measured 3x5m, 3m high ceiling, with solid brick walls, carpeted
floor, and furnished with office and research equipment.

Pre-analysis processing

Each microphone recorded one continuous audio file per participant, including all
tasks. To ensure that subsequent analyses would be carried over the same speech excerpt (i.e.
synchronization), the beginning of each file was set to match the starting time-point of the
initial reference beep. To ensure that time between sound events were not significantly
affected by differences in microphones’ transient response or by possible mechanical-to-digital
conversion delays (e.g. due to differences in CPU processing speed while recording), the

interval between the start of the beep and the start of the sustained vowel was compared
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between microphones. Additionally, the same beep-vowel interval was determined manually
twice in each recording of two participants for all microphones (intra-screener error). The
average difference between microphones was similar to the intra-screener error, on average
of 10 samples (approximately 0.2ms). Thus, differences in time between speech events
between microphones were too small for detection through manual screening and could be
ignored.

Next, the beginning and end of each speech task, i.e. time-boundaries, were
determined manually for the audio file recorded by the Reference microphone. The maximum
intra-screener error for single time-boundaries was eight audio samples (approximately 0.2ms)
and was estimated on twenty randomly selected time-boundaries, which were determined a
second time after all time-boundaries had been determined once.

The originally determined time-boundaries for each task were then applied to the
other three files (In-built, Directional and Lapel). This process was repeated separately for each
participant. Files were divided so that each post-processing file contained only one task from
one microphone and from one participant, resulting in 288 speech files (18 participants x 4
tasks x 4 microphones). The files were equal in starting and finishing time across the four
recording devices for each participant.

To emulate procedures applied in previous research for the analysis of specific speech
features, the vowel sound task (1) was trimmed for the middle three seconds(Hartelius et al.,
1997), while the DDK files were trimmed to include exactly two seconds of that task after the
first train of syllables (i.e. after the first ‘pataka’)(Ray D Kent et al., 1999; Tjaden & Watling,
2003a).

Microphone responsiveness to speech and silence

Frequency responsiveness was characterized by power spectral density (PSD). PSD
here refers to the power level (in dB/Hz, relative 2x107 Pa) of the signal (i.e. speech) rather

than referring to the absolute power (in Watts) of the sound source (participant). In short, PSD
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quantifies how much “each frequency” is contributing to the total sound power. It also allows
comparison of power between different frequencies (e.g. between harmonic and noise-related
frequencies) and offers a visual representation of the components of the complex waveform
(figure 1). Because our aim was to compare microphones rather than compare speakers’
outputs (i.e. speech signals), PSD was averaged across participants for each microphone and
compared between microphones. In voice, peaks of sound power occur at intervals very close
to the fundamental frequency(Kunieda, Shimamura, & Suzuki, 1996) (i.e. close to harmonics).
For that reason, a window size slightly longer than the highest fundamental frequency among
all participants of the same sex was used. Males and females were computed separately. For
each participant, the highest peak (i.e. maximum power) within each such frequency window
was selected. Then, the average maxima among all participants of the same sex was calculated
for each frequency window. Otherwise, averaging the whole power spectrum across
participants would result in an undesirable cancellation effect between peaks and troughs
once each person produces power peaks at different frequencies. For visualization of
differences between microphones, the average maxima for each frequency window were
plotted in a graph. Differences between microphones for a given PSD frequency window
reflect diversions in responsiveness to speech (or noise) in that frequency band.
Responsiveness to frequencies of interest can then be compared (e.g. between frequencies
commonly populated by the fundamental frequency, formants and noise).

The second feature used to characterize frequency responsiveness was centre-of-
gravity (CoG), also determined from the power spectrum. CoG is measured in Hz and can be
understood as the power-weighted mean frequency of a sound, where the sum of power in
frequencies higher than CoG equals the sum of power in frequencies lower than CoG. It was
determined for each participant (including all frequencies irrespective of peak presence), then
averaged across all participants for each microphone. Average CoGs and their 95% confidence

intervals were then statistically compared between microphones.
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Lastly, signal-to-noise ratio (SNR) was defined as mean intensity in decibel (dB) of the
vowel’s middle three seconds minus the whole file intensity floor. SNR was calculated
separately for each participant-microphone file. Then the difference in SNR between the
Reference and each consumer-grade microphone was calculated per participant. Mean SNR
differences, 95% confidence intervals (Cl) and t-test p-values are reported. Because the
distance between microphone and participant affects the intensity of the signal of interest
(speech) but not the intensity of background noise, we would expect different SNR with
different distances to participants. Considering the mouth as the speech source, the distance
for the Lapel remained at approximately 20cm/8cm=2.5 times that of the Reference, while
both In-Built and Directional microphones rested at 50cm/8cm=6.25 times the distance
between Reference and source. As intensity is inversely proportional to the square of the
distance to the sound source, distance alone would account for 10*Log10(2.52) = 7.96dB loss
of intensity for the Lapel and 15.92dB loss of intensity for In-Built and Rode. Differences
between microphones in SNR corrected for distance (SNR adjusted) is also reported.

Determining agreement between microphones

The second group of analyses produced speech measurements that have been
previously used in speech research related to neurological conditions and a few additional
related measurements (see Table 5.1 for a summary list). We calculated the agreement
between measurements derived from recordings of different microphones. We measured the
frequency for the VOWEL sample, which contains only continuous voicing, to mitigate possible
irregular tracking of frequencies, especially formants, by the spectrum algorithm during abrupt
speech transitions (voicing onset/offset and consonant-vowel). The only measurement derived
from the reading task was median F2 movement.(K. M. Rosen et al., 2008). Principles of
phonetics and screening of all spectrograms directed our selection of candidate words for that

I"

measurement. The word “well” was chosen for its consistent change in F2 and for its
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consistent continuity in fundamental frequency between participants (i.e. no voice breaks, no
creaky voice).

Extraction of frequency features was automated in Praat. Fundamental frequency was
determined through autocorrelation using minima and maxima fundamental frequencies of
70Hz and 250Hz for men and 100Hz and 300Hz for women.(Vogel et al., 2009) The analysis
window was kept at 42ms and 30ms, respectively, i.e. three times the size of the longest
wavelength, and window shift was fixed at 10ms. As per Praat guidelines and default settings,
the maximum number of formants was kept at 5 with a maximum of 5500Hz for formants’
detection. All other parameters were maintained at software default.

Timing measurements were also automated in Praat and separately calculated for the
speech tasks DDK, reading and free speech. The detection of silence-speech and speech-
silence transitions was done using a threshold on the energy domain relative to trimmed peaks
as in previous works(Adam P Vogel et al., 2014; Vogel et al., 2011; Vogel et al., 2018). The
threshold was set to 65% of the 95 percentile, with minimum silence length set to 20ms and
minimum speech length to 30m:s.

Statistical analysis

Descriptive results included means (standard deviations, SD) and medians
(interquartile ranges, IQR). We estimated limits of agreement between microphones through
the Bland-Altman method(Bland & Altman, 1986). Each mobile device was compared to the
reference recording device and to each other, resulting in six pairwise comparisons for each
acoustic measurement. In summary, we used scatter plots of pair-wise averages by pair-wise
differences in measurements to screen for outliers, measurement bias (systematic errors), and
error dependency (i.e., a relationship between error magnitude and mean measurement).
Measurement bias was also quantified through mean differences between pairs of

microphones.
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We used histograms and Lilliefors tests to screen for deviations from the normal
distribution in pair-wise differences. In cases of non-normal distribution, we used the
histogram and the sample size adjusted z-score (termed moving criterion)(Van Selst &
Jolicoeur, 1994) to screen for outliers. For our sample size, the z-score cut-off of 2.39 standard
deviations corresponds to excluding the extreme 1% of differences (0.5% on each tail). We
temporarily excluded the outlier. If the data then met normality assumptions, we re-included
the outlier and continued with the process to determine agreement coefficients. Possible
causes for the presence and degree of extreme differences are discussed later. Outliers were
included in all following calculations of agreement in order to generate conservative rather
than optimistic limits of agreement. When single outliers were not responsible for deviations
from the normal distribution, skewness was treated by log transformation of measurements. If
differences between log-transformed measurements were still not normally distributed, no
further analysis would be undertaken, and that dataset was reported as technically
inappropriate.

Limits of agreement were defined as mean difference + 2SD, and the coefficient of
agreement as 2SD in cases of non-log transformed data. For log-transformed data, the
equivalent antilogs of mean difference + 2SD give a proportional result, which we multiplied by
the mean measurement to inform the limits of agreement. As with non-log transformed data,
the coefficient of agreement is half the difference between the upper and lower limits of
agreement and equivalent to 2 SD(Bland & Altman, 1986).

The larger the sample size used for estimation of limits of agreement, the more precise
the estimates. To account for precision in estimates, we calculated 95% Cl for the upper and
lower limits of agreement. We then expanded the concept of coefficient of agreement to
include the 95% Cls and reported that as 95% Cl of agreement (95% CIA, figure 2). The smaller
the 95% CIA, the smaller the differences between measurements (i.e. higher agreement

between microphones).
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Chapter 6

General discussion

Multiple Sclerosis is a common cause of disability in young adults. While current
pharmacological treatments are highly effective in slowing disease progression, more
personalized and dynamic monitoring is needed. Objective measurements of function offer
various advantages for frequent assessment. The overarching aim of this study was to describe
the concurrent validity of acoustic metrics to represent the overall neurological status in MS.

This chapter summarises the main findings and limitations of chapters 2-5, highlights
the clinical implications or contributions of the work and discusses potential future directions
that could be undertaken as a result of these findings.

Speech research in MS focus on single features and healthy subjects

In Chapter 2, we found that most studies compare speech between pwMS and HC,
including three objective speech models to differentiate pwMS from HC (Hartelius et al., 1997,
Konstantopoulos et al., 2010; J. Rusz, Benova, et al., 2018). Only two studies tested for
associations between levels of speech impairment and severity of general neurological
disability, one using an overall dysarthria score from perceptual analysis (Hartelius, Runmarker,
& Andersen, 2000), the other using ten individually tested acoustic metrics (J. Rusz, Benova, et
al., 2018). Few studies analysed associations and confounders between dysarthria and
cognition. For the validation of objective speech metrics as markers of MS progression, the
main gaps identified were the lack of neuroimaging studies (other than case reports), lack of
longitudinal studies and lack of correlational studies between general neurological status and a

multi-domain acoustic metric. Additionally, the findings by Rusz et al. (J. Rusz, Benova, et al.,
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2018) warranted replication and extension, particularly on the relationship of subclinical
speech impairment and general disability. After the publication of that systematic review, the
same authors published an analysis of associations between speech metrics and MRI metrics
(J. Rusz et al., 2019), which is briefly discussed below.

Speech impairment occurs across the spectrum of MS neurological status

Impairment of speech execution only becomes clinically relevant at advanced stages of
the disease, a priori limiting its use as a marker of disease progression. Previous studies
suggested that acoustic analysis might be more sensitive to impairment of speech than
perceptual analysis, which could expand the concurrent validity of speech metrics to earlier
stages of MS. The hypothesis that objective speech metrics are progressively affected across all
MS disease stages was supported by differences in the acoustic composite score, but its
interpretation requires a few considerations. In chapter 3, the level of speech impairment
correlated moderately with general neurological disability. Additionally, an acoustic composite
score differentiated between the three disability subgroups, with progressive scores from MS
mild to MS severe, and correlated with MRI-measured white matter volume and total lesion
load. Conversely, single-feature speech impairment affected almost exclusively the MS severe
subgroup regardless of the method applied (perceptual or acoustic). That points to a probable
maximum sensitivity of the tested speech metrics to gauge disease status between the
moderate and severe subgroups (EDSS 3-8).

Our findings also support a distinction between disease diagnostic versus disease
monitoring speech assessments in MS. Only acoustic monopitch differentiated each MS
subgroup from matched HC (including MS mild), confirming monopitch’s previously observed
sensitivity to disease presence (Konstantopoulos et al., 2010). Acoustic monopitch did not,
however, correlate with EDSS scores, confirming another recent observation in a different
cohort (J. Rusz, Benova, et al., 2018). Conversely, the acoustic composite score differentiated

between levels of disability despite not differing statistically between MS mild and HC. These
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results suggest that identifying speech differences against HC might be irrelevant to
prospective monitoring models, which would require alternative strategies for selecting
speech variables.

Pause percentage during the self-generated monologue was the only other acoustic
metric that differentiated MS moderate and HC. Differently from monopitch, pause
percentage correlated with EDSS scores and MRI metrics. Pause percentage also tended to
differentiate between the three severity groups and presented the largest weight (main
independent variable) in the acoustic composite score. The relationship between increased
speech pauses and disease status had not been previously reported in MS. However, increase
in speech pauses is not specific to MS, featuring in and correlating with severity of common
conditions such as depression (Mundt et al., 2012), Parkinson’s Disease (J. Rusz, Hlavnicka, et
al., 2018), sleep deprivation and the circadian cycle (Vogel et al., 2010). That lack of specificity
to disease applies to the other tested speech features in different degrees, which highlights
the challenge of using single-feature or short composite models to assist in disease diagnosis.
Conversely, for tracking disease status, the adoption of controlling and adjusting procedures
might suffice, such as screening out or statistically accounting for concurrent conditions (e.g.,
sleep disorder) that affect each speech metric, counterbalancing cyclical variations in speech
by considering several measurements across multiple days or determining a threshold for
change based on previously established statistics on the stability of metrics (Vogel et al., 2011).

Acoustic metrics correlate with disability in the absence of dysarthria

Still, in chapter 3, we applied a dedicated and extensive perceptual speech assessment
where both pwMS and HC were randomly and blindly rated by two experienced raters,
including the author. For conservative inference, people with signs of dysarthria were excluded
from the non-dysarthric group. The main novel contribution of the present findings lies in
correlations observed between acoustic speech metrics and EDSS scores in that exclusively

non-dysarthric group. Rusz et al. recently found that a different four-variable acoustic model
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(including monopitch) differentiated between HC and pwMS with EDSS < 2.0 (i.e., people
without any disability, which by definition includes people with normal speech or with only
signs of dysarthria)(J. Rusz, Benova, et al., 2018). Differences in outcome variables (MS
presence vs disability level), tested predictors and modelling technique (linear regression vs
support vector machine) might explain the diversion between studies’ models. Nonetheless,
both studies point to the presence of subclinical speech impairment which increases in severity
along with general neurological dysfunction independently of dysarthria becoming overt.

We did not, however, observe correlations between speech and neuroimaging metrics
in the non-dysarthric group. That lack of correlation might be due to the chain of weak
correlations involved in the modelling and testing of the acoustic composite score, i.e.,
between standard neuroimaging and EDSS (the clinico-radiological paradox) and then between
EDSS (outcome variable for modelling) and subclinical speech impairment. For the lack of
correlation with MRI metrics, the current hypothesis was only partially or weakly supported.

The major limitation of this study relates to its cross-sectional design. Most
neurological signs included in the EDSS, neuromuscular reflexes or visual acuity, for example,
are not significantly influenced by transitory states like mood, or by personal characteristics,
like extroversion or literacy, whereas the opposite occurs with speech metrics such as reading
rate or pitch variation. In the current study, we controlled for common personal confounders
such as age and gender and used adjusted statistical tests of significance and confidence
intervals to estimate the contribution of neurological status to variation in speech in
comparison to intra-disability level speech variation. Nonetheless, other unaccounted factors
may have contributed substantially to the observed variation in speech metrics. Arguably, a
cross-sectional model containing neurological signs gauges (almost) only disease status,
whereas a cross-sectional speech model does not. In that sense, different weights and possibly
different speech features are likely to integrate a speech model of disease progression, as

measured longitudinally.
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Our findings highlight the potential of speech analysis, unexplored in current disease
progression protocols and largely overseen by speech-related research. Current results will
inform longitudinal studies that people with mild or moderate disability, and people without
dysarthria, are also likely to benefit from speech monitoring. Our results also introduce the
validity of metrics from unscripted speech in MS, the concept of acoustic composite scores to
better reflect general neurological status, and the distinction between disease diagnostic
versus disease monitoring models of speech.

An ataxia acoustic score is not ataxia-specific

The hypothesis that an ataxia-modelled acoustic composite score correlates with
cerebellar status as assessed by different functional and imaging tests was supported, but the
ataxia-acoustic model was not specific to ataxia or cerebellar impairment. In chapter 4, the
ataxia acoustic composite score correlated with all cerebellar functional assessments other
than SARA (on which it was modelled) and differentiated between normal and abnormal 9HPT
with 85% accuracy. That acoustic composite score also correlated with MRI cerebellar white
matter volume and lesion load, while pwMS without cerebellar lesions did significantly better
in that experimental acoustic score than people with detected cerebellar lesions. Thus, its
concurrent validity was supported. Yet, the components in the ataxia composite score were
the same as those in the general disability composite score described in chapter 3, added only
by loudness instability. Despite a distinct weighting of speech features in each model (DDK rate
being the most prominent for ataxia), the overlapping between models does not support the
argument of specificity for ataxia. Noteworthy, a high co-variation between SARA and EDSS
was also observed, the same occurred. Characteristics of MS pathology may not be conducive
of modelling specific sub-systems. In the study conducted by Rusz et al.(J. Rusz, Benova, et al.,
2018), for example, none of 141 PwMS presented only cerebellar disability. As summarized in

chapter 1, after a few years of disease duration, plaques are rarely restricted to a small specific
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site (e.g., cerebellum) and the inflammatory infiltrate becomes diffuse in the CNS of pwMS,
possibly causing subtle progressive impairment in multiple neurological domains.

The main limitation in this predictive modelling study is the lack of acoustic metrics
that might be key in ataxic speech. “Distorted vowels” is a typical example, where the
expected vowel sound within a word or phrase is elongated, shortened, added or substituted
by a different sound (frequently another vowel or semi-vowel) due to poor articulatory
control. Thus, detecting distorted vowels requires analysis of language to first determine the
expected sound. “Imprecise consonants” is another example that would require language
analysis and manual extraction, in contrast to the automated method employed. As these
perceptual features correlated with SARA and EDSS, the Inclusion of their acoustic
counterparts as potential predictors in the acoustic model could have increased its predictive
accuracy. Another limitation, common to both general and ataxia modelling, relates to only
multiple linear regression being used for determining speech models, whereas other methods
(e.g., SVM, trees, Bayesian hierarchical) might yield better predictive performance given that
speech features change at different stages of the disease (non-linear change).

The present results highlight the supplementary value of various speech features to
the assessment of cerebellar impairment in MS, particularly in protocols applying SARA and
9HPT. Short speech batteries could be recorded remotely, between clinical assessments, to
better track longitudinal trajectories.

Most speech features are not robust to variation in recording equipment

In Chapter 5, we determined the agreement intervals between professional-grade
recording equipment and iPods with three microphone configurations for 20 speech metrics
and compared those intervals to previously observed effect sizes of diseases on speech. Most
speech metrics were not robust to changes caused by variations in recordings. That confirms
and adds a “clinical importance perspective” to previous findings that acoustic metrics from

professional-grade microphones are significantly different from consumer-grade equipment
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(Titze & Winholtz, 1993; Vogel & Maruff, 2008; A. P. Vogel et al., 2014). We explored
frequency distribution and noise as potential mediators for the disagreement in metrics
between microphones. These mediators are commonly affected by microphone quality and
type, frequency responsiveness, distance to sound source, and filtering. Despite the
divergence in acoustic values, we observed a high correlation between metrics from different
microphones and an exact equivalence between microphones for rank correlations between
speech scores and EDSS. While current and previous findings strongly suggest against the
interchangeable use of recording methods (microphone and distance from the sound source),
they do not preclude the use of mobile devices for health-related speech data acquisition. In
fact, recent studies using constant recording equipment found that speech recorded by
smartphones and tablets produced acoustic metrics capable of differentiating HC from people
with Parkinson’s Disease (J. Rusz, Hlavnicka, et al., 2018) and with mild traumatic brain injury
(Daudet et al., 2017). Yet, the strength in the relationship between recording acoustics by
mobile devices and disease status or progression warrants future investigation.

The small number of participants was the main weakness in the experiment described
in chapter 5, which likely inflated confidence intervals of agreement between recording
equipment. Another limitation relates to testing of iPods but not smartphones, the latter more
common and thus more likely to be used as mobile recorders and as speech analysis
processors (higher computational power). Nevertheless, large differences might also exist
between the uncountable number of smartphone models, which is compounded by the
accelerated turnover in mobile technology. Rather than gadget-specific, the findings in chapter
5 serve as a cautionary confirmation of previous observations about the interchangeability of
recording devices (or lack thereof) for health-related acoustic analysis. Moreover, the validity
of recordings by mobile devices to measure disability level when the same device is used

warrants dedicated investigation.
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The present findings will inform researchers on acoustic features that are most robust
to variation in recording protocols, which is particularly relevant to real-world applications

where such variations might not be rare.

6.1. Future research directions
Current findings would be substantially complemented by the following:

1) Objective speech metrics must be studied in their longitudinal trajectories in people
with MS to determine their monitoring and predictive characteristics in relation to
disease progression.

2) Speech models of disease progression should be refined through investigation of other
(non-linear) modelling methods, as well integration of other speech metrics and latent
speech features (e.g., through deep machine learning).

3) Assessment of MS status or progression involves measuring performance in various
smaller domains through individual tasks (items). To be valid, each item must add
significantly to the whole assessment, i.e., not be redundant. Thus, for further
integration of speech into monitoring protocols, speech metrics should be tested for
their unique contribution to multi-domain assessments.

4) Speech related to ataxia or other neurological sub-systems will benefit from a
stratified sampling to recruit a high proportion of people with cerebellar-only or
predominantly cerebellar impairment. Alternatively, speech models determined in
purely cerebellar diseases should be validated in MS.

5) Imaging metrics that are more representative of disfunction, such as composite
imaging scores and advanced imaging techniques, should be used to investigate

anatomo-functional correlates of speech impairment in MS.
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6.2. Conclusion

Objective measurement of speech production through acoustic analysis can detect speech
impairment in all stages of MS disability. Well established speech features that are sensitive to
MS presence are not necessarily sensitive to disability level. Experimental speech models for
general and cerebellar disability were also valid for MRI metrics, particularly white matter
volume, for self-assessed quality of life and for hand dexterity test (cerebellar model). The
relationship between speech metrics and general disability also exists in people without
perceivable dysarthria (progressive subclinical speech impairment). No evidence was found for
the specificity of an ataxia speech model o for the exchangeability of recording devices for
health-related acoustic analysis. Consistencies and limitations of this study should inform
future longitudinal studies aimed at confirming the potential of speech measurement to assist

in monitoring MS progression.
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Appendices

Appendix A: Speech tasks

1. PLEASE READ THE FOLLOWING PASSAGE:

You wish to know all about my grandfather. Well, he is nearly 93 years old, yet he still thinks as swiftly as ever. He dresses himself
in an old black frock coat, usually several buttons missing. A long beard clings to his chin, giving those who observe him a
pronounced feeling of the utmost respect. We have often urged him to walk more and smoke less, but he always answers, “Banana

oil”” Grandfather likes to be modern in his language.

2. PLEASE SAY “AAAHHH” for AS LONG AS YOU CAN WHILE WE RECORD YOQOU.

3. PLEASE SAY THE DAYS OF THE WEEK, STARTING AT MONDAY, IN ONE BREATH

4.1. PLEASE REPEAT /palta/ka/ - /pal/ta/ka/ AS FAST AND AS CLEARLY AS YOU CAN FOR 10 SECONDS.

4.2.NOW, PLEASE REPEAT /pa/ta/ - Ipa/tal AS FAST AND AS CLEARLY AS YOU CAN FOR 10 SECONDS.

5. WHEN YOU ARE READY, | WILL ASK YOU TO TELL ME A NICE PERSONAL STORY OR FAVORITY MEMORY WHILE |

RECORD YOU FOR ONE FULL MINUTE. PLEASE, CONTINUE SPEAKING UNTILL | TELL YOU TO STOP.
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Appendix B: Perceptual analysis of speech scores

Participant:

Date:

Rater:

Domain

Feature

Severity (0-4)

Additional

notes

Consensus rating

(0-2)

General

Naturalness

Inteligibility

Pitch

Monopitch

Pitch breaks

Voice tremor

Respiration

Audible inspiration

loudness

Monoloudness

Loudness decay

prosody

Rate

Variable rate

Reduced stress

Prolonged intervals

voice

Rough

Breathy

Strained

articulation

Imprecise

consonants

Prolonged

phonemes

Repeated phonemes

Irregular
articulatory

breakdowns

Distorted vowels

Groping
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Phonemic errors

False starts

Resonance Hypo/Hypernasality
DDK Speed
Regularity
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