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Abstract
Information Systems Technology and Design

Doctor of Philosophy

Analysis and Synthesis of Audio with AI:
From Neurological Disease to Accented Speech and Music

by Jan MELECHOVSKY

In the modern era, new technology is opening opportunities to help various groups
of people around the world. In this thesis, deep learning and audio processing is utilized
to target the needs of and develop specific applications for patients with progressive
neurological diseases, speakers of non-native English accents, and amateur and leisure
musicians and music enjoyers. Throughout the thesis, we deal with datasets of limited
size, controllability of deep generative audio models, and creation of new datasets to
target both these aspects.

First, we propose a pipeline for an automated assessment of oral diadochokinesis
in neurological patients and analyze acoustic features among disease type, dysarthria
type, and dysarthria severity. The results confirm some of the hypotheses about the
manifestation of different dysarthria and disease types in speech while showing the
major effect of dysarthria severity on oral diadochokinesis performance.

Following the investigation of dysarthric speech, we focus on another part of "non-
standard" speech – foreign accents of English. Specifically, in Text-to-Speech models, we
deal with converting a speaker’s accent into a different target accent while preserving
their original speaker identity. We pioneer the development of accent-converting Text-to-
Speech with a family of models that aim to achieve full control over accent and speaker
identity in synthesized speech by disentangling the two attributes. This application
could benefit minorities with non-native English accents by allowing them to customize
the system’s speech output for better intelligibility.

Immersed in controllable generative models, we continue our journey in the music
generation domain with focus on high controllability. To counter the odds of limited
availability and size of public datasets and to enable fine controllability of the proposed
models, we propose and demonstrate methods of enhancing and augmenting music
datasets, with the introduction of MidiCaps, a large-scale captioned MIDI dataset, and
with MusicBench, a music audio dataset with enhanced text captions. We utilize Mu-
sicBench to build Mustango, a controllable Text-to-Music generation system with focus
on music specific commands of chords, beats, key, and tempo. Finally, we introduce
SonicMaster, a text-controllable all-in-one music restoration and mastering model that
we train with our proposed SonicMaster dataset.
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Introduction

Welcome, reader! Thank you for reading my thesis titled Analysis and Synthesis of
Audio with AI: From Neurological Disease to Accented Speech and Music. As the name
suggests, there are various topics covered in this thesis, which is why the thesis consists
of three distinctive parts. We describe them brie�y below:

In Part I, we dive into automated analysis of dysarthric speech present in patients
with various neurological diseases. We utilize the biggest dataset with multiple disease
types, dysarthria types, and dysarthria severity levels, collected to this date, in a collabo-
ration with a research group from the Czech Technical University in Prague led by Prof
Jan Rusz. We develop an automated way of analyzing oral diadochokinesis, a special
task performed by patients (and healthy individuals) that can detect slight changes in
speech motor control. Then, we analyzed the differences among different neurological
diseases, dysarthria types, and dysarthria severity levels. This vast comparison makes
this study a �rst of its kind at such a scale. This part is covered by our publication:

• Melechovsky, J., Novotny, M., Tykalova, T., Klempir, J., Herremans, D., & Rusz,
J. (2025). Automated Deep Learning Assessment of Oral Diadochokinesis
Among Progressive Neurological Diseases, Dysarthria Types, and Dysarthria
Severities. – under review in a journal [redacted]

Part II of this thesis focuses on accent in speech and its use and integration in speech
technology, especially speech synthesis with Text-to-Speech models. We treat accent as a
variable speech attribute that is common across a certain group of people, in our case
tied to their mother tongue and region. In our work, we aimed to disentangle accent and
speaker identity representation to achieve a more customizable Text-to-Speech synthesis
in which one can choose the desired speaker identity and pair it with an accent of their
liking. The purpose of matching the accent of the system to that of the listener is to
maximize intelligibility. This part is covered by our publications:

• Melechovsky, J., Mehrish, A., Sisman, B., & Herremans, D. (2024). Accented
Text-to-Speech Synthesis with a Conditional Variational Autoencoder. In TEN-
CON 2024 - 2024 IEEE Region 10 Conference (TENCON), Singapore, Singapore,
2024, pp. 343-346.

• Melechovsky, J., Mehrish, A., Herremans, D., & Sisman, B. (2023). Learning
Accent Representation with Multi-Level VAE Towards Controllable Speech
Synthesis," In 2022 IEEE Spoken Language Technology Workshop (SLT), Doha,
Qatar, 2023, pp. 928-935.

• Melechovsky, J., Mehrish, A., Sisman, B., & Herremans, D. (2024). Accent
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Conversion in Text-to-Speech Using Multi-Level VAE and Adversarial Train-
ing. In TENCON 2024 - 2024 IEEE Region 10 Conference (TENCON), Singapore,
Singapore, 2024, pp. 473-476.

• Melechovsky, J., Mehrish, A., Sisman, B., & Herremans, D. (2024). DART:
Disentanglement of Accent and Speaker Representation in Multispeaker Text-
to-Speech. InAudio Imagination 2024 workshop of Neural Information Processing
Systems 2024 (NeurIPS) conference.

In Part III, we deal with music generation topics. To develop highly controllable
systems, we utilize custom datasets that we create by enhancing and augmenting
existing datasets. This enhancement is done in a way that promotes controllability,
such as adding extra captions that describe certain music attributes (chords, key, tempo,
etc.). Augmenting the data by altering tempo or shifting pitch then helps us achieve
model robustness. We built MidiCaps, a �rst large-scale MIDI dataset with descriptive
text captions that allows Text-to-MIDI models to be trained. Further, we developed
Mustango, a Text-to-Music generation system that directly outputs audio based on
the input text prompt. Mustango is highly controllable, allowing generation not only
of speci�c genres and instruments, but also of speci�c chords or keys. Finally, we
developed SonicMaster, an all-in-one text-controlled model for music restoration and
mastering, which can help amateur musicians enhance their music, such as music
recorded on a phone in a reverberant rehearsal room. To achieve this, yet another
custom dataset was created. This part is covered by our publications:

• Melechovsky, J., Roy, A., & Herremans, D. (2024). MidiCaps: A Large-Scale
MIDI Dataset With Text Captions. In Proceedings of the 25th International Society
for Music Information Retrieval Conference, 858–865.

• Melechovsky, J., Guo, Z., Ghosal, D., Majumder, N., Herremans, D., & Poria, S.
(2024, June). Mustango: Toward Controllable Text-to-Music Generation. In
Proceedings of the 2024 Conference of the North American Chapter of the Association
for Computational Linguistics: Human Language Technologies, Volume 1: Long
Papers, pp. 8286-8309.

• Melechovsky, J., Mehrish, A., & Herremans, D. (2025). SonicMaster: Towards
Controllable All-in-One Music Restoration and Mastering. arXiv preprint
arXiv:2508.03448. – under review in a conference [redacted]

While it might seem that these three parts do not have much in common, the opposite
is true. First of all, as the thesis title re�ects, all three parts are focused on audio, and
all three parts utilize AI, or more speci�cally, deep learning, to achieve the goals stated.
Furthermore, the �rst and second parts deal with non-standard speech – dysarthric and
accented. These applications have signi�cant meanings. Development in neurological
disease detection and understanding can lead to early treatment or even help create
potential cures. Integrating various accents into speech technology helps to make speech
technology more accessible and useful for minorities, instead of implicitly causing
discrimination by forcing everyone to adapt to one "true" native accent.
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The commonality between the second and third parts lies in their generative nature.
In both Text-to-Speech and Text-to-Music, we generate audio inputs based on (condi-
tioning) text inputs. Further, we could label these two parts to be multimodal, as we are
working with multiple (text and audio) domains. Furthermore, both these parts focus on
enhancing controllability of current systems, e.g., by including accent as a controllable
attribute, or by focusing on music-speci�c attributes of chords, key, tempo, or beat count.
Last but not least, all three parts are connected through data. We mostly deal with small
datasets (limited dataset of neurological disease patients having only up to 20 patients
per group, an accented speech dataset with only 4 speakers per accent group, or using a
small evaluation set to train a robust Text-to-Music model). Through careful design of
the deployed methods, such as class-imbalance friendly metrics and classi�ers, or by
employing enhancement and augmentation techniques, we deal with the small size of
our data to achieve meaningful results.

Summary of contributions of this thesis:

1. We developed an automated method to assess oral diadochokinesis in neurological
disease patients and conducted a thorough analysis across multiple neurological
diseases, dysarthria types, and dysarthria severity levels, marking this a �rst study
of such ambition and scale.

2. We pioneered the development of accented Text-to-Speech systems by developing
multiple models (utilizing various Variational Autoencoder models) to address
the disentanglement of speaker identity and accent. Such models can synthesize
speech with new voices that keep the original speaker identity while providing
a change in accent. In our journey, we went from conditional and multi-level
variational autoencoders through utilizing adversarial learning to our ultimate
model, DART, which utilizes pre-training and vector quantization to achieve
superior accent conversion while preserving speaker identity. Our experiments
and conclusions provide insightful knowledge to be built upon.

3. We presented the �rst large-scale MIDI dataset with descriptive text captions,
MidiCaps, which enables the development of text-MIDI applications such as
Text-to-MIDI music generation.

4. We developed Mustango, a Text-to-Music generation model focused on �ne-
controllability of music attributes. This marked a milestone in both controllable
music generation and open source music generation models, as previous models
had not focused on such �ne controllability, nor had they published their data or
code. We managed to train our model on a very small dataset meant for evaluation,
which we expanded using enhancement and augmentation techniques to create
the MusicBench dataset, which helped us achieve robustness and controllability
of our model.

5. We presented SonicMaster, an all-in-one text-controlled music restoration/mastering
model designed with a thought to help amateur musicians enhance their music
recordings gathered under poor conditions to sound semi-professional. To develop
SonicMaster, we curated and enhanced a custom dataset, the SonicMaster dataset,
which allowed the training of our model, its text controllability, and robustness.
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Chapter 1

Neurodegenerative disease and
dysarthria

1.1 Introduction

Validated progressive digital biomarkers allowing to measure the effectiveness of exper-
imental treatments on slowing the progression of neurodegenerative diseases are rather
scarce (Hansson, 2021). Establishing suitable biomarkers would be a game-changing
milestone that would impact the diagnosis and future treatments of progressive neu-
rological diseases. As the most complex human motor skill involving more than 100
muscles, speech is a sensitive marker of damage to neural structures engaged in mo-
tor system control (Joseph R. Duffy, 2020). Hence, speech changes can be the �rst or
only manifestation of neurological disease (Joseph R. Duffy, 2020). Monitoring speech
changes provides intriguing potential advances due to the low cost, noninvasiveness,
and availability of remote recordings that can be made digitally, facilitating future
scalability to a larger population (Stegmann et al., 2020). Oral diadochokinesis is a
traditional component of motor speech assessment, which estimates the motor abilities
of the speech articulators and reveals their movement limitations (Joseph R. Duffy, 2020),
making it a potentially very useful tool for detection of developing neurodegenerative
diseases in early stage.

This part of the thesis deals with neurological diseases and their assessment from
recorded speech. In particular, we investigate the speech performance of a large cohort
of patients with various diseases in oral diadochokinesis. Acoustic features are extracted
with the help of a developed speech segmentation algorithm and compared among
diseases. Furthermore, we investigate the suitability of the oral diadochokinesis task
to classify dysarthria, a speech disorder that is present in most neurological diseases
due to damage to the central nervous system, and analyze the results in relation to the
dysarthria severity as well.

In this chapter, we �rst introduce several important terms, including dysarthria
and its types, various neurological diseases that cause dysarthria, and the task of oral
diadochokinesis. Then, in the second chapter, we dive into the automated assessment of
oral diadochokinesis among progressive neurological diseases, dysarthria types, and
dysarthria severities (Melechovsky, Novotny, et al., 2025).
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1.2 Dysarthria

A symptom that most neurological diseases affecting the central nervous system share
is impaired speech. Dysarthria, a term that comes from the Greek word "arthron" for
"joint" or "articulation", and from "dys" to indicate dif�culty, is a condition impairing
speech that is common in neurological diseases. A de�nition given by Duffy (Joseph
R. Duffy, 2020, p. 24) describes dysarthria as: "Dysarthria is a collective name for a
group of neurologic speech disorders that re�ect abnormalities in the strength, speed,
range, steadiness, tone, or accuracy of movements required for the breathing, phonatory,
resonatory, articulatory, or prosodic aspects of speech production. The responsible
neuropathophysiologic disturbances of control or execution are due to one or more sen-
sorimotor abnormalities, which most often include weakness, spasticity, incoordination,
involuntary movements, or excessive, reduced, or variable muscle tone."

Duffy (Joseph R. Duffy, 2020, p. 24) further notes that this de�nition implies or
recognizes the following: "1) Dysarthria is neurologic in origin. 2) It is a disorder of
movement. 3) It can be categorized into different types, each type characterized by
distinguishable perceptual characteristics and, presumably, a different underlying neu-
ropathophysiology. The ability to categorize the dysarthrias, therefore, has implications
for the localization of the causal disorder."

There are a few types of dysarthria, which differ in their manifestation and under-
lying pathophysiology. They are: 1) hypokinetic, 2) hyperkinetic, 3) ataxic, 4) �accid,
5) spastic, and 6) unilateral upper motor neuron dysarthria. We describe them in the
following paragraphs.

Hypokinetic dysarthria is associated with basal ganglia control circuit pathology,
such as in Parkinson's disease (Joseph R. Duffy, 2020, p. 343). Its effects are mainly
apparent in voice, articulation, and prosody. This disorder re�ects the rigidity and
reduced range of movement and strength due to the basal ganglia impairment, resulting
in speech that feels "attenuated". Hypokinetic speech can manifest with some or all of
the following descriptors: monotonic voice, monoloudness of voice, reduced loudness,
variable rate of speech, increased overall rate, short rushes of speech, reduced stress,
or palilalia (involuntary repetitions of syllables, words, or even sentences) (Darley,
Aronson, and Brown, 1969b; Joseph R. Duffy, 2020, p. 775).

Hyperkinetic dysarthria is a perceptually distinct group that is often associated with
disorders of the basal ganglia control circuit (Joseph R. Duffy, 2020, p. 398). It mainly
affects prosody and the rate of speech. Interestingly, unlike in most other dysarthrias,
manifestations of hyperkinetic dysarthria can be a result of abnormal movements at
only one level of the speech system, sometimes only a few muscles. Typical features of
hyperkinetic dysarthria are: imprecise consonants, prolonged intervals, variable rate,
harsh voice, monopitch, excess loudness variation, distorted vowels, sudden forced
inspiration/expiration, voice tremor, or inappropriate vocal noises (Darley, Aronson,
and Brown, 1969b; Joseph R. Duffy, 2020, p. 775).

Ataxic dysarthria is associated with damage to the cerebellar control circuit (Joseph
R. Duffy, 2020, p. 295). It mainly manifests in articulation and prosody. Ataxic dysarthria
re�ects the effects of incoordination and reduced muscle tone, resulting in slowness
and inaccuracy in the force, range, timing, and direction of speech movements. Among
the most prominent features, we can �nd: imprecise consonants, excess and equal
stress, irregular articulatory breakdown, distorted vowels, harsh voice, excess loudness
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variation, or telescoping of syllables (Darley, Aronson, and Brown, 1969b; Joseph R.
Duffy, 2020, p. 775).

Flaccid dysarthrias are a perceptually distinct group associated with injury or dis-
ease affecting the lower motor neurons of one or more cranial or spinal nerves (Joseph R.
Duffy, 2020, p. 193). They re�ect problems in the motor units of the �nal common path-
way (nuclei, axons, or neuromuscular junctions). Typical features of �accid dysarthrias
consist of: hypernasality, audible nasal emission, diplophonia, imprecise consonants,
breathy voice, speaking on inhalation, short phrases, rapid deterioration and recovery
with rest, or monopitch (Darley, Aronson, and Brown, 1969b; Joseph R. Duffy, 2020,
p. 775).

Spastic dysarthria is associated with bilateral damage to the direct and indirect
pathways of the central nervous system (Joseph R. Duffy, 2020, p. 255). It may manifest
in any or all of the phonatory, respiratory, resonatory, and articulatory components
of speech. Its main characteristics are slowed movement and its reduced range and
force. Main features include: slow rate, harshness, low pitch, pitch breaks, or strained-
strangled quality of voice (Joseph R. Duffy, 2020, p. 775).

Unilateral upper motor neuron dysarthria is associated with damage to the upper
motor neuron pathways that carry impulses to the cranial and spinal nerves (Joseph R.
Duffy, 2020, pp. 463–465). It mainly manifests in articulation, phonation, and prosody.
The main characteristics are weakness, but spasticity and incoordination can sometimes
be observed too. Compared to the other dysarthria types, unilateral upper motor neuron
dysarthria has not received as much attention, likely to two factors: 1) it is often mild
and short-lived, and 2) it usually co-occurs with other de�cits, such as apraxia of speech
of aphasia, which makes it dif�cult to isolate and study the dysarthria (Joseph R. Duffy,
2020, p. 464). The main features of this dysarthria are slow rate of speech, irregular
pace, irregular articulatory breakdowns, harshness, "thick tongue", or "slurred speech"
(Joseph R. Duffy, 2020, pp. 478–483, 775).

Some dysarthrias, such as the unilateral upper motor neuron dysarthria, can be a
result of factors other than neurological disease, such as traumatic brain injury or strokes.
In our work, we focus only on patients with neurological diseases and dysarthrias caused
by them.

1.3 Progressive Neurological Diseases

In this section, we brie�y describe neurological diseases investigated in this study. While
this list is not exhaustive, it covers a spectrum of common neurological diseases that
represent the �ve main categories of dysarthria – hypokinetic, hyperkinetic, ataxic,
spastic, and �accid.

Cerebellar ataxia (CA) is a neurological condition affecting the cerebellum, which is
the center of coordination and balance (Rossi et al., 2014). Damage to the cerebellum can
be caused by genetic disorders, such as in spinocerebellar ataxia, in which the expansion
of CAG trinucleotide repeats in speci�c gens, causing polyglutamine expansions in
proteins, leading to interference with the neuronal function; or Friedreich's ataxia, in
which the expression of frataxin, a mitochondrial protein, is reduced. Other forms of
CA, such as in Isolated Late-Onset Cerebellar Ataxia (ILOCA), are associated with a loss
of Purkinje cells and atrophy of cerebellar cortex and white matter (Novis et al., 2025;
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Lin, Hermann, and Schmahmann, 2016). Dysarthria in CA is of ataxic type, sometimes
mixed with spastic (Darley, Aronson, and Brown, 1969b).

Multiple sclerosis (MS) is a chronic autoimmune disease characterized by demyeli-
nation in the brain and spinal cord (Thompson, Baranzini, et al., 2018). Myelin is a
protective sheath that covers nerves, and its absence causes disruption in the propa-
gation of electrical impulses along the nerves. The characteristic demyelination in MS
can result in a wide variety of symptoms, including muscle stiffness, fatigue, blurred
vision, cognitive impairment, or paresthesia (tingling and burning sensations), which
is often �rst observed in the limbs and progresses to other areas of the body over time
(Thompson, Banwell, et al., 2018). A typical phenomenon of MS is the existence of
relapse and remission periods, which is especially present in the relapsing-remitting
subtype of MS. In relapse, patients experience a so-called attack, or �are-up, during
which the symptoms worsen signi�cantly. In remission, the symptoms improve or
disappear. The diagnosis of MS is based on identifying lesions in different areas of the
central nervous system, typically through magnetic resonance imaging (MRI); con�rm-
ing multiple clinical attacks (relapses); and supporting evidence from blood tests (to
rule out other autoimmune diseases) and lumbar puncture (Thompson, Banwell, et al.,
2018). Patients with MS can also suffer from dysarthria, which is either spastic, ataxic,
or a mix of the two (Darley, Aronson, and Brown, 1969b; Hartelius, Runmarker, and
Andersen, 2000).

Parkinson's disease (PD) is a progressive neurodegenerative disease affecting the
central nervous system, speci�cally associated with a loss of dopaminergic neurons
in the substantia nigra pars compacta, a part of the basal ganglia, that is crucial for
motor control (Kouli, Torsney, and Kuan, 2018). Due to this loss, movements of a
Parkinsonian patient could be super�cially described as slow and rigid. Patients with
PD experience rest tremor, bradykinesia (slowed movement), muscular rigidity, and
postural instability. Diagnosis of PD is possible in case of at least two of these symptoms
being present; however, a de�nitive diagnosis must be assessed histopathologically via
the identi�cation of alpha-synuclein-containing Lewy bodies (Kouli, Torsney, and Kuan,
2018). Treatment of PD focuses on symptomatic relief by restoring dopamine levels
with drugs, so-called dopaminergic agents, such as levodopa (Muthuraman et al., 2018).
Administering these improves the symptoms of slowness and rigidity; however, over
time, the effect of these drugs decreases until they are no longer effective. In such cases,
patients can undergo a special invasive therapy called Deep Brain Stimulation, in which
electrodes are placed in their brain and wired to a neurostimulator placed under the
skin in the chest. However, while providing improvement in movement and tremor, it
can also worsen the patient's speech ability, further requiring the patient to undergo
speech therapy (Muthuraman et al., 2018). Speech of PD is impaired with hypokinetic
dysarthria, manifesting with monotonic voice, reduced loudness, mumbling, and with
rushes of speech (Rusz, Cmejla, et al., 2011; Novotný et al., 2014; Karlsson et al., 2020;
Atalar, Oguz, and Genc, 2023).

Progressive supranuclear palsy (PSP) is a rare, progressive neurodegenerative
disorder that often shows symptoms very similar to those of PD, such as bradykinesia
or postural instability (Golbe, 2014). It is to no surprise that PSP belongs to a group of
neurodegenerative diseases known as Parkinson-plus syndromes. In PSP, neurons and
glial cells in the brain are affected by accumulation of hyperphosphorylated tau protein
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(so called neuro�brillary tangles, which also occur in Alzheimer's disease) (Pollock et al.,
1986; Golbe, 2014). This can affect areas of the basal ganglia, brainstem, cerebral cortex,
cerebellum, and spinal cord. Unlike in PD, the onset of PSP is usually symmetric, and
resting tremor is rare or absent. However, due to the wider coverage of affected areas,
PSP manifests with other symptoms such as early development of dementia affecting
executive function or vertical gaze palsy. Dysarthria in PSP is mainly hypokinetic, with
frequent occurrence of spastic and ataxic components mixed in (Penner, N. Miller, and
Wolters, 2007; Rusz, C. Bonnet, et al., 2015).

Multiple system atrophy (MSA) , as the name suggests, is a rare condition with
widespread atrophy in the brain covering multiple systems. Like PSP, this progres-
sive neurodegenerative disease belongs to the Parkinson-plus syndromes, and it is
characterized by varying degrees of parkinsonism, cerebellar ataxia, and autonomic
failure (Gregor K Wenning et al., 2004). The degeneration in the brain is caused by the
accumulation of insoluble alpha-synuclein within oligodendrocytes, which forms glial
cytoplasmic inclusions. This leads to severe loss of neurons in multiple regions of the
brain, including the cerebellum, basal ganglia, brainstem, and spinal cord. The oligo-
dendroglial dysfunction also leads to demyelination and neuroin�ammation (Watanabe
et al., 2022). Dysarthria in MSA is usually severe and of mixed types involving hy-
pokinetic, spastic, and ataxic components (Penner, N. Miller, and Wolters, 2007; Rusz,
C. Bonnet, et al., 2015).

Huntington's disease (HD) , similarly to PD, is also a progressive neurodegenerative
disease that affects the basal ganglia; however, the resulting effect of the degeneration
on motor activity is disinhibitory instead of the inhibition observed in PD (Dayalu
and Albin, 2015). In HD, the basal ganglia's indirect pathway, which is responsible for
inhibiting unwanted movement, is impacted through the degeneration of the striatum's
GABAergic neurons (Garret et al., 2018). This leads to reduced inhibition in the indirect
pathway of the basal ganglia, thus resulting in the nervous system being overexcited
and the disease manifesting with involuntary, sudden, and jerky movements known
as chorea. In later stages of the disease, the direct pathway would also suffer degen-
eration, leading to the development of symptoms similar to those of PD. Drugs such
as tetrabenazine, haloperidol, or amantadine are used to treat the symptoms of HD.
Unlike other diseases in this study, HD is a genetically inherited disease. Due to the
underlying mechanisms, speech of HD patients tends to �uctuate in rhythm, intonation,
and volume (Skodda et al., 2014), and is almost exclusively of hyperkinetic dysarthria
type.

Amyotrophic lateral sclerosis (ALS) is characterized by the degeneration of both
upper and lower motor neurons (Hardiman et al., 2017). In ALS, abnormal accumula-
tion of proteins such as TDP-43 leads to neuronal destruction (Hardiman et al., 2017).
Symptoms include muscle twitching, weakness, and rigidity, usually beginning in one
limb or in the mouth before spreading to other areas over time; dysphagia (dif�culty
swallowing); clumsiness; or breathing dif�culties leading to the need for assisted venti-
lation in the late stages of the disease. Speech in ALS patients exhibits hypernasality,
a strained and breathy voice, defects in articulation, and slow and imprecise speech,
all due to the associated �accid-spastic dysarthria type (Darley, Aronson, and Brown,
1969a; Tomik and Guiloff, 2010; Rong, 2020).

Essential tremor (ET) is a progressive neurodegenerative disease which mainly
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manifests with tremor of the hands (Zesiewicz et al., 2010; Gironell et al., 2015). However,
unlike in PD, this tremor is not a resting tremor, but a tremor that occurs during
movement or when holding a position(Zesiewicz et al., 2010). Other symptoms include
tremor of the head and other body parts, and voice tremor. The cause of ET is poorly
understood, with some studies suggesting that ET is caused by abnormal electrical
activity in the inferior olivary nucleus, a part of the cerebellum (Louis and J. P. G.
Vonsattel, 2008; Louis, 2014). More recent studies point to degeneration of the cerebellum,
in particular, the loss of Purkinje cells Louis, M. Lee, et al., 2014; Louis and Lenka, 2017.
Dysarthria in ET is primarily hyperkinetic, with a potential mix of the ataxic type
Rios-Urrego, Rusz, and Orozco-Arroyave, 2024.

1.4 Oral Diadochokinesis

One of the ways to assess the state of dysarthria and underlying disease in a patient
is to examine oral diadochokinesis (DDK) (Ray D Kent, Y. Kim, and L. -m. Chen, 2022).
Diadochokinesis is a term of Greek origin – from "diadochos" (succeeding) and "kinesis"
(movement). It refers to the ability to make rapid alternating movements, e.g., of limbs,
or speech motor apparatus. When examining speech, we talk about oral DDK, which
has two components: 1) alternate motion rates (AMR), and 2) sequential motor rates
(SMR). Both typically rely on the syllables of /pa/, /ta/, and /ka/; or in another
phonetic transcription as /p 2/, /t 2/, and /k 2/. Each of these syllables has its speci�c
movement dependent on the present stop consonants, also known as plosives. These
plosive consonants are produced through a sudden release of blocked air�ow. In /pa/,
the lips are used to open the air�ow and release pressure (a so-called bilabial consonant);
in /ta/, the tip of the tongue �rst presses against the alveolar ridge (behind the upper
front teeth) and is then released; and in /ka/, the back of the tongue pushes the velum
(the soft palate at the back of the roof of the mouth cavity) and is then released.

In AMR, one of these three syllables would be repeated as rapidly and accurately as
possible in a single breath, which requires the subject in examination to change their
muscle positions fast and consistently. Performance of individuals can vary based on
their dysarthria, e.g., slow rate, acceleration, or irregular rhythm could be observed.

In the SMR task, a sequence is used to examine the subject, most often in the form of
the /pa/-/ta/-/ka/ syllable train (Fletcher, 1972), which requires the subject to alternate
between the bilabial, alveolar, and velar places of articulation, which is considered
more dif�cult than the AMR task. The subject is required to repeat this syllable train
(cycle through the syllables – /pa/-/ta/-/ka/-/pa/-/ta/-/ka/-/pa/-...) as rapidly and
accurately as possible on a single breath.

Among the two most common oral DDK measures that quantify rate and regularity,
several other features representing the precision of consonant articulation, vowel length,
or changes in loudness have been reported to be potentially helpful in differentiation
between dysarthric and healthy speech (Rosen, Raymond D Kent, and Joseph R Duffy,
2005; Novotný et al., 2014; Montaña, Campos-Roca, and Pérez, 2018). The use of voiceless
consonants in both AMR and SMR tasks allows us to also observe the time difference
between the burst of the plosive consonant and the start of the vocal cords vibration,
which is known as voice onset time (VOT). For instance, differences in VOT have been
observed in patients with forms of parkinsonism (Novotný et al., 2014; Tykalova et al.,
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2017). Besides voiceless plosives, the deployment of voiced plosives is also possible in
the form of /ba/, /da/, and /ga/. These have the potential to show more signi�cant
change in irregularity in differential diagnosis (Rozenstoks et al., 2020).
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Chapter 2

Automated Deep Learning
Assessment of Oral Diadochokinesis
Among Progressive Neurological
Diseases, Dysarthria Types, and
Dysarthria Severities

In this chapter, we develop an automated method for assessing oral diadochokinesis
among progressive neurological diseases, dysarthria types, and dysarthria severities.
For this purpose, we develop Hillbilly, a speech segmentation algorithm designed for
segmenting oral diadochokinesis. Then, using a set of acoustic features, we perform
a thorough analysis among different disease types, dysarthria types, and dysarthria
severity levels. This chapter is covered by our publication:

• Melechovsky, J., Novotny, M., Tykalova, T., Klempir, J., Herremans, D., & Rusz,
J. (2025). Automated Deep Learning Assessment of Oral Diadochokinesis
Among Progressive Neurological Diseases, Dysarthria Types, and Dysarthria
Severities. – under review in a journal [redacted]

2.1 Problem statement

Oral DDK might provide a unique and effective diagnostic tool for detecting even mild
oral–motor de�cits that may not be seen in regular, connected speech (Rong et al., 2018).
Indeed, articulatory impairments via oral DDK have been reported in several progressive
neurological diseases (Ray D Kent, Y. Kim, and L.-m. Chen, 2022), particularly in
amyotrophic lateral sclerosis (ALS) (Rong, 2020), cerebellar ataxia (CA) (Vogel et al.,
2020), and Parkinson's disease (PD) (Karlsson et al., 2020), but also sporadically in
multiple sclerosis (MS) (Rozenstoks et al., 2020), Huntington's disease (HD) (Rusz,
Tykalova, et al., 2021), essential tremor (ET) (Lundy et al., 2004), multiple system atrophy
(MSA) (Rusz, C. Bonnet, et al., 2015), and progressive supranuclear palsy (PSP) (Rusz,
C. Bonnet, et al., 2015). However, all these etiologies were mostly studied individually,
and thus, the interpretation and comparability of previous studies are limited due to
small sample sizes being available and different methodologies used for analysis. To
the best of our knowledge, the only study by Rowe et al. (Rowe et al., 2022) compared
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four distinct etiology groups, including ALS, PD, CA, and apraxia of speech, leading
to promising evidence of distinct articulatory phenotypes. Distinctive progressive
neurological diseases typically present differing types of dysarthria, which may re�ect
the underlying pathophysiology of the disease (Joseph R. Duffy, 2020). In particular,
oral DDK is then considered an essential speech paradigm for the differential diagnosis
of dysarthria (Joseph R. Duffy, 2020). According to the Mayo System (Joseph R. Duffy,
2020), it is assumed that slow and regular DDK is distinct for spastic dysarthria, irregular
DDK for ataxic dysarthria, rapid (blurred) DDK for hypokinetic dysarthria, and slow
and irregular DDK for hyperkinetic dysarthria. In addition, recent evidence supports
that slow and irregular syllable repetitions are especially dominant in patients with ALS,
which typically present combinations of �accid and bulbar dysarthria elements (Rong,
2020). In fact, a number of neurological diseases manifest multiple dysarthria subtypes
due to more than one component of the motor system being affected, which may pose
various dif�culties for patients to perform oral DDK. However, previous studies have not
systematically investigated whether the oral DDK evaluation is differentially valuable
by directly comparing several dysarthria subtypes. Last but not least, oral DDK might
also provide a useful paradigm for determining the severity of speech motor control
dysfunction (Rong, 2020). Indeed, greater dysarthria severity leading to poorer oral
DDK performance has been reported in diseases with faster disease progression, such
as ALS, PSP, and MSA (Rusz, C. Bonnet, et al., 2015; Rong, 2020). On the other hand,
dysarthria severity might pose as a potentially complicating factor for oral DDK to be
considered a useful tool in the classi�cation of dysarthria subtype (Y. Kim, Raymond D
Kent, and Weismer, 2011). Yet, how dysarthria severity contributes to the distinctiveness
of oral diadochokinesis in dysarthria types remains unknown.

Reliable and automatic methods for accurate assessment of oral DDK are needed to
facilitate its use in common clinical practice. To date, the gold standard for DDK analysis
is still represented by manual annotation of the acoustic signal to obtain the number
and duration of syllables and syllable boundary locations. Yet, several automated
approaches using traditional signal processing approaches have already been proposed
for the estimation of DDK performance, particularly using the speech signal's energy
envelope based on its amplitude or spectral properties (Y. -T. Wang et al., 2009; Novotný
et al., 2014; Montaña, Campos-Roca, and Pérez, 2018; Orozco-Arroyave et al., 2018; Rong,
2020). Interestingly, two recent studies aimed to assess the performance comparison of
several automated methods in ALS cohorts (Novotny et al., 2020; Tanchip et al., 2022).
As a result, a multistep approach by Novotny et al. (Novotný et al., 2014) combining
�ltering in the spectrogram, Bayesian detection, and polynomial thresholding appears
to provide the most stable performance among tested algorithms, at least in mild and
moderate dysarthria stages. Nevertheless, recent advances in using convolutional neural
networks (CNN) for object detection (S. Ren et al., 2017) indicate that a CNN-based
approach could be bene�cial for the precise detection of syllables during oral DDK. For
instance, a recent study used CNN to successfully model transitions between voiced
and unvoiced segments in dysarthric speech secondary to PD (Vásquez-Correa et al.,
2019). Only two previous studies applied a CNN approach to evaluate oral DDK in
dysarthrias. In Rozenstoks et al. (Rozenstoks et al., 2020), an approach using a Faster
R-CNN model was chosen; however, this algorithm was tested solely using patients
with mild spastic-ataxic dysarthria secondary to multiple sclerosis and allowed only
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rate and regularity estimation. A concurrent study (Segal-Feldman et al., 2025) has
explored multiple deep learning approaches for oral DDK segmentation in PD with
unreported disease stage and dysarthria severity. To date, no automated approach
exists to allow accurate evaluation of oral diadochokinesis across various neurological
diseases, dysarthria types, and dysarthria severities.

Therefore, we aimed to address the following aims: (i) To develop a robust, fully
automated CNN-based segmentation algorithm enabling the accurate detection of sylla-
ble events, including burst, vowel onset, and vowel offset, from different neurological
diseases. We hypothesized that with a large cohort of patient data available for training,
a CNN-based approach would achieve higher segmentation accuracy than traditional
digital speech signal processing methods. (ii) To design several temporal and spectral
acoustic features to ascertain how well oral DDK is suitable to distinguish among disease
type, dysarthria type, and dysarthria severity. Following the Mayo System (Joseph R.
Duffy, 2020), we hypothesized that dysarthria type would be the main factor in�uencing
DDK performance.

2.2 Dataset

All the subjects in this study were native Czech speakers, who were recruited between
the years of 2011 and 2021. In accordance with the ethical standards established in
the 1964 Declaration of Helsinki, this study was approved for procedure by the Ethics
Committee of the General University Hospital in Prague, Czech Republic. Each of the
participants provided written informed consent to participate. The dataset consists of
oral DDK recordings of /pa/-/ta/-/ka/ syllable trains from 151 patients of 8 progressive
neurodegenerative disease groups (Table 2.1 and §2.2), and 80 age- and sex-matched
healthy control (HC) speakers (Age: 62.5±13.1, Min=36, Max=83; Sex: 40 female, 40
male). The progressive neurodegenerative disease groups consist of 20 patients with
PD (10 female, 10 male; de-novo PD examined before antiparkinsonian treatment was
started); 14 with PSP (4 female, 10 male; comprising 10 with Richardson's syndrome,
two with PSP-parkinsonism, and two with PSP-pure akinesia with gait freezing), 20
with MSA (12 female, 8 male; 17 with a parkinsonian variant and 3 with a cerebellar
variant), 20 with HD (10 female, 10 male), 20 with ET (10 female, 10 male), 17 with CA (8
female, 9 male; 10 with sporadic late-onset CA other than MSA, 7 with spinocerebellar
ataxia); 20 with MS (11 female, 9 male; 10 of those with relapsing-remitting type, 5 with
primary progressive MS, and 5 with secondary progressive MS), and 20 with ALS (14
female, 6 male).

All the patients were examined, and their disease severity assessed on relevant
performance scales by a neurologist with experience in neuromuscular, demyelinating,
and movement disorders. For PD, the diagnosis was done in accordance with Movement
Disorder Society clinical diagnostic criteria (Postuma et al., 2015); severity was assessed
using the Movement Disorder Society–Uni�ed Parkinson's Disease Rating Scale (MDS-
UPDRS) Part III (Goetz et al., 2008). PSP was diagnosed by the Movement Disorder
Society diagnostic criteria for PSP (Höglinger et al., 2017), and MSA was diagnosed
by the consensus diagnostic criteria for MSA (Gilman et al., 2008). Severity of both
PSP and MSA groups was assessed with The Natural History and Neuroprotection in
Parkinson Plus Syndromes–Parkinson Plus Scale (NNIPPS-PPS) (Payan et al., 2011); HD



Chapter 2. Automated Deep Learning Assessment of Oral Diadochokinesis Among
Progressive Neurological Diseases, Dysarthria Types, and Dysarthria Severities

12

was diagnosed by clinical and genetic testing (Kieburtz et al., 1996) and severity assessed
through Uni�ed Huntington's Disease Rating Scale (UHDRS); ET was diagnosed by
published clinical research criteria (Louis, Faust, et al., 2007) and severity assessed
with Tremor Research Group Essential Tremor Rating Assessment Scale (TETRAS);
CA was diagnosed by genetic testing or results of neurological, neuropsychological,
and magnetic resonance imaging testing, and severity was assessed with the Scale for
the Assessment and Rating of Ataxia (SARA) (Schmitz-Hubsch et al., 2006); MS was
diagnosed by the revised McDonald Criteria (Thompson, Banwell, et al., 2018) and
severity assessed by the Expanded Disability Status Scale (EDSS) (Kurtzke, 1983); and
ALS was diagnosed according to the El Escorial Criteria from the World Federation
of Neurology (B. R. Brooks et al., 2000), and severity assessed with the Amyotrophic
Lateral Sclerosis Functional Rating Scale–Revised (ALSFRS-R) (Cedarbaum et al., 1999).

The presence, type, and severity of dysarthria were determined by consensus
auditory-perceptual judgment from two experienced speech-language pathologists,
each with over 10 years of expertise in movement disorders. These pathologists were
informed of each patient's medical diagnosis, and their assessments were based on audio
recordings, following the perceptual criteria established by Darley et al. (Darley, Aron-
son, and Brown, 1969a; Darley, Aronson, and Brown, 1969b), The types of dysarthria
identi�ed across eight neurological conditions included ataxic, spastic, �accid-spastic,
spastic-ataxic, hypokinetic, hyperkinetic, hypokinetic-spastic, hypokinetic-ataxic, and
hypokinetic-spastic-ataxic (Table 1). Furthermore, the severity of dysarthria was rated
on a 4-point scale (0 = none, 1 = mild, 2 = moderate, 3 = severe). In PD and MS, a lower
average dysarthria severity was observed, with a statistically signi�cant difference to all
the other groups with p<0.01 (Table 1). Participants were excluded from the study if
they did not exhibit perceptible dysarthria severity, had language disorders or apraxia of
speech, or had speech impairments unrelated to their diagnosed neurological condition.

Each subject was recorded in a quiet room with a low ambient noise level using a
head-mounted condenser microphone (Beyerdynamic Opus 55) placed approximately
5 cm from the subject's mouth. Speech signals were sampled at 48 kHz with 16-bit
resolution. A speech specialist was guiding each subject through the standardized
protocol. Each subject was instructed to repeat the syllable train of /pa/-/ta/-/ka/ as
quickly as possible while keeping pronunciation accurate, at a consistent pace, all in one
breath with at least 6 syllable train repetitions. This task was repeated twice in every
participant except for 10 subjects where only one repetition was available.

All the recordings (n=452) in the dataset are accompanied by human-annotated
syllable position labels. Each syllable, be it /pa/, /ta/, or /ka/, consists of three distinct
events: 1) the initial burst of the plosive consonant (from this point onwards referred to
as E, for `explosion' or `explosive' ), 2) the vowel onset (referred to as V, for `voicing'),
and 3) the vowel offset (referred to as O, for `occlusion'). The abbreviation EVO is
used throughout this work to refer collectively to all three label types. The dataset
was labeled with EVO labels following labeling criteria adopted from Novotny et al.
(Novotný et al., 2014). The criteria for labeling the separate E, V, O events can be
summarized as follows: 1) E position is the abrupt onset of noise energy visible as a
sudden wideband spectral peak in spectrogram, and oftentimes visible in time domain as
a sudden impulse; in the case of multiple bursts, the initial burst is labelled, 2) V position
marks the start of the vowel, distinguished by an energy contrast occupying fundamental
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and formant frequencies in spectrogram and by a periodic structure observed in time
domain, 3) O position is located at the end of the periodic structure of the vowel,
where the fundamental and formant frequencies weaken, especially the second formant
frequency (F2). O is considered the most dif�cult to annotate as the energy and time
contrasts are generally weak. For increased and consistent precision, time domain was
always the preferred cue to determine the �nal label position during the annotation
process for all three label types. All data were analyzed by one investigator (JM) as
the selection of boundaries is a simple and well-de�ned task, as also documented by
our previous researchers reporting high inter-rater reliability of 97.7% for the correct
temporal detection of syllable positions for the 20 ms tolerance value (Novotny et al.,
2020).

2.3 Hillbilly speech segmentation algorithm

For the purpose of automated labeling of an oral DDK (/pa/-/ta/-/ka/) task, we devel-
oped a speech segmentation algorithm called Hillbilly. Given an oral DDK recording,
the algorithm's goal is to �nd all the /pa/-/ta/-/ka/ syllables and label each with
its respective EVO positions. The design of the Hillbilly segmentation algorithm ex-
pands on the concept published in preliminary work as part of my Master's Thesis
(Melechovsky, 2020). The design choices of Hillbilly are a result of our motivation and
requirements. First, to foster the main idea of mimicking the manual labeling process
of a human annotator, we chose to utilize a CNN for its pattern recognition ability, as
an annotator intuitively scans for known patterns to label as well. Second, to ensure
high accuracy and precision in time, which is important for the extraction of temporal
features such as voice onset time (VOT), �ne-resolution fully connected layers form the
model's output. Third, to ful�ll correctness and continuity of the resulting segmenta-
tion, it should follow the form of E-V-O-E-V-O-E-V-O and so forth. For this purpose,
a rule-based correction mechanism was implemented. Therefore, Hillbilly's design is
intuitive, robust, explainable, and transparent.

2.3.1 Model architecture, optimization, and pipeline

The �rst model prototype comprised three convolutional layers that branched into a
trio of parallel fully connected layers and a postprocessing algorithm containing the
rule-based correction mechanism. To �netune the architecture and select a �nal model,
we performed a rough parameter search over different topologies by varying the number
of convolutional layers, �lter numbers and sizes, and the point of network `branching'
(as seen in Fig. 2.1). During this, the input and output shapes, the optimizer, and the
postprocessing algorithm parameters were �xed. Each topology was trained 10 times
with random initialization. The best model (both topology-wise and run-wise) was
selected based on performance score, which we de�ned as:

score � E10 � V10 � O10 � 3� MS � ES� (2.1)

where E10, V10, and O10, stand for E, V, and O position prediction accuracies with
10 ms tolerance;MS stands for missing syllable percentage, and ES for excess syllable
percentage. All these metrics are described in detail in the following section.



Chapter 2. Automated Deep Learning Assessment of Oral Diadochokinesis Among
Progressive Neurological Diseases, Dysarthria Types, and Dysarthria Severities

14
T

A
B

L
E

2
.1

:
C

lin
ic

al
ch

ar
ac

te
ris

tic
s

of
th

e
in

ve
st

ig
at

ed
su

bj
ec

ts
,p

ar
t1

D
is

ea
se

S
ex

M
ot

or
sc

or
e

M
ea

n/
S

D
(r

an
ge

)

A
ge

(y
ea

rs
)

M
ea

n/
S

D

(r
an

ge
)

S
ym

pt
om

du
ra

tio
n

(y
ea

rs
)

M
ea

n/
S

D
(r

an
ge

)

D
ys

ar
th

ria
ty

pe
D

ys
ar

th
ria

se
ve

rit
y

P
D

F
=

10
38

.7
/1

4.
7a

63
.5

/8
.9

1.
6/

1.
3

H
yp

ok
in

et
ic

(n
=

20
)

M
ild

(n
=

13
)

M
=

10
(1

8-
70

)
(4

2-
79

)
(0

.3
-5

.9
)

M
od

er
at

e
(n

=
7)

S
ev

er
e

(n
=

0)

M
ea

n
se

ve
rit

y:
1.

35
h

P
S

P
F

=
4

66
.6

/2
9.

8b
65

.6
/5

.1
4.

8/
2.

8
H

yp
ok

in
et

ic
(n

=
3)

M
ild

(n
=

3)
M

=
10

(1
9-

13
2)

(5
4-

71
)

(2
.0

-1
1.

0)
H

yp
ok

in
et

ic
-s

pa
st

ic
(n

=
3)

M
od

er
at

e
(n

=
5)

H
yp

ok
in

et
ic

-a
ta

xi
c

(n
=

3)
S

ev
er

e
(n

=
6)

H
yp

ok
in

et
ic

-s
pa

st
ic

-a
ta

xi
c

(n
=

5)
M

ea
n

se
ve

rit
y:

2.
21

M
S

A
F

=
12

79
.1

/2
1.

1b
62

.0
/7

.0
4.

4/
1.

8
H

yp
ok

in
et

ic
(n

=
3)

M
ild

(n
=

1)
M

=
8

(3
5-

11
5)

(4
5-

73
)

(2
.0

-7
.5

)
S

pa
st

ic
-a

ta
xi

c
(n

=
1)

M
od

er
at

e
(n

=
12

)
H

yp
ok

in
et

ic
-s

pa
st

ic
(n

=
8)

S
ev

er
e

(n
=

7)
H

yp
ok

in
et

ic
-a

ta
xi

c
(n

=
3)

H
yp

ok
in

et
ic

-s
pa

st
ic

-a
ta

xi
c

(n
=

5)
M

ea
n

se
ve

rit
y:

2.
30

H
D

F
=

10
24

.8
/9

.9
c

53
.1

/1
1.

0
5.

2/
3.

6
H

yp
er

ki
ne

tic
(n

=
20

)
M

ild
(n

=
1)

M
=

10
(8

-4
2)

(3
4-

69
)

(1
.0

-1
6.

0)
M

od
er

at
e

(n
=

13
)

S
ev

er
e

(n
=

6)

M
ea

n
se

ve
rit

y:
2.

25

E
T

F
=

10
17

.5
/7

.6
d

64
.3

/1
1.

1
28

.9
/1

7.
5

H
yp

er
ki

ne
tic

(n
=

18
)

M
ild

(n
=

5)
M

=
10

(6
-3

5)
(4

0-
82

)
(3

.0
-6

0.
0)

H
yp

ok
in

et
ic

(n
=

1)
M

od
er

at
e

(n
=

9)
S

pa
st

ic
(n

=
1)

S
ev

er
e

(n
=

6)

M
ea

n
se

ve
rit

y:
2.

05



Chapter 2. Automated Deep Learning Assessment of Oral Diadochokinesis Among
Progressive Neurological Diseases, Dysarthria Types, and Dysarthria Severities

15

T
A

B
L

E
2

.2
:

C
lin

ic
al

ch
ar

ac
te

ris
tic

s
of

th
e

in
ve

st
ig

at
ed

su
bj

ec
ts

,p
ar

t2

C
A

F
=

8
14

.0
/4

.9
e

55
.1

/1
2.

8
11

.5
/8

.5
A

ta
xi

c
(n

=
5)

M
ild

(n
=

5)
M

=
9

(4
-2

4)
(3

4-
72

)
(0

.5
-2

8.
0)

S
pa

st
ic

(n
=

1)
M

od
er

at
e

(n
=

6)
S

pa
st

ic
-a

ta
xi

c
(n

=
10

)
S

ev
er

e
(n

=
6)

H
yp

ok
in

et
ic

-a
ta

xi
c

(n
=

1)
M

ea
n

se
ve

rit
y:

2.
06

M
S

F
=

11
4.

6/
0.

8f
52

.2
/1

0.
1

17
.8

/8
.6

A
ta

xi
c

(n
=

7)
M

ild
(n

=
16

)
M

=
9

(4
-7

)
(3

3-
74

)
(6

.0
-3

2.
0)

S
pa

st
ic

(n
=

3)
M

od
er

at
e

(n
=

3)
S

pa
st

ic
-a

ta
xi

c
(n

=
10

)
S

ev
er

e
(n

=
1)

M
ea

n
se

ve
rit

y:
1.

25
h

A
LS

F
=

14
35

.6
/6

.5
g

62
.1

/1
1.

1
1.

9/
1.

2
S

pa
st

ic
(n

=
4)

M
ild

(n
=

5)
M

=
6

(2
2-

45
)

(3
7-

85
)

(0
.5

-5
.0

)
F

la
cc

id
-s

pa
st

ic
(n

=
16

)
M

od
er

at
e

(n
=

6)
S

ev
er

e
(n

=
9)

M
ea

n
se

ve
rit

y:
2.

20
To

ta
l

F
=

79
-

59
.7

/9
.6

9.
4/

5.
7

H
yp

ok
in

et
ic

(n
=

27
)

M
ild

(n
=

49
)

M
=

72
(3

3-
85

)
(0

.3
-6

0)
H

yp
er

ki
ne

tic
(n

=
38

)
M

od
er

at
e

(n
=

61
)

A
ta

xi
c

(n
=

12
)

S
ev

er
e

(n
=

41
)

S
pa

st
ic

(n
=

9)
F

la
cc

id
-s

pa
st

ic
(n

=
16

)
M

ea
n

se
ve

rit
y:

1.
95

S
pa

st
ic

-a
ta

xi
c

(n
=

21
)

H
yp

ok
in

et
ic

-s
pa

st
ic

(n
=

11
)

H
yp

ok
in

et
ic

-a
ta

xi
c

(n
=

7)
H

yp
ok

in
et

ic
-s

pa
st

ic
-a

ta
xi

c
(n

=
10

)
a M

D
S

-U
P

D
R

S
P

ar
tI

II
to

ta
ls

ca
le

,b
N

N
IP

P
S

-P
P

S
to

ta
ls

ca
le

,c U
H

D
R

S
to

ta
ls

ca
le

,d
T

E
T

R
A

S
pe

rf
or

m
an

ce
sc

or
e

sc
al

e,
e S

A
R

A
to

ta
ls

ca
le

,f E
D

S
S

to
ta

ls
ca

le
,g

A
LS

F
R

S
-R

to
ta

ls
ca

le
.

P
D

=
P

ar
ki

ns
on

's
di

se
as

e,
P

S
P

=
pr

og
re

ss
iv

e
su

pr
an

uc
le

ar
pa

ls
y,

M
S

A
=

m
ul

tip
le

sy
st

em
at

ro
ph

y,
H

D
=

H
un

tin
gt

on
's

di
se

as
e,

E
T

=
es

se
nt

ia
lt

re
m

or
,C

A
=

ce
re

be
lla

r
at

ax
ia

,M
S

=
m

ul
tip

le
sc

le
ro

si
s,

A
LS

=
am

yo
tr

op
hi

c
la

te
ra

ls
cl

er
os

is
,

h
T

hi
s

gr
ou

p
w

as
fo

un
d

to
ha

ve
si

gn
i�c

an
tly

lo
w

er
de

ve
rit

y
of

fy
sa

rt
hr

ia
co

m
pa

re
d

to
P

S
P,

M
S

A
,H

D
,E

T,
C

A
,a

nd
A

LS
gr

ou
ps

w
ith

p
<

.0
1.



Chapter 2. Automated Deep Learning Assessment of Oral Diadochokinesis Among
Progressive Neurological Diseases, Dysarthria Types, and Dysarthria Severities

16

The �nal model (as depicted in Fig. 2.1) consists of three 1D-convolutional layers
with 32 �lters of sizes 7, 35, and 65, respectively, and strides of 2, 1, and 2, respectively.
The model further splits into three branches representing E, V, and O parts. Thus, 2 trios
of convolutional layers follow with 32 �lters each, and �lter sizes of 135 for E branch
layers, and 255 for V and O branch layers. The output of the model contains a trio of
�atten, dropout, and fully-connected layers (3x1800) to provide the �ne-resolution E, V,
and O probability signals.

The data for training and evaluating the model were randomly split into 25/25/50 %
of the total size for train/validation/test sets. During the splitting, an equal representa-
tion of each disease, sex, age, and similar dysarthria severity was ensured among all
three sets. First, we trained the model with HC data only, then used the whole train
dataset to continue the training. In both cases, we utilized an early stop criterion based
on validation loss with patience of just 1 epoch and used the ADAM optimizer.

In the training phase, all the audio data is �rst downsampled to 16 kHz and cut into
windows of 7200 samples (450 ms), typically containing 1 to 3 syllables, with a shift
of 25 % of the window size (1800 samples). EVO label positions, represented as three
multi-hot vectors of 4 kHz sampling frequency, are �rst convoluted with a Gaussian
kernel of length 50 to create the ground truth EVO probability vectors. We do this to
provide some target tolerance in the training process. The probability vectors are then
cut into respective windows (3x1800 samples) with a corresponding window shift to
match the input audio windows in time.

In the inference phase, the audio input is downsampled to 16 kHz and cut into
windows of 7200 samples with a shift of 10 % of the window size. These windows are
passed through the model, and outputs are summed up using the overlap and add
(OLA) method and linearly interpolated back to a 16 kHz sampling frequency. These 3
output signals represent the predicted probability of E, V, or O position occurrence at
a certain time in the associated audio recording. We refer to these as EVO prediction
vectors from now on (a visual example can be seen in Fig. 2.2).

After passing the data through the CNN model, the EVO prediction vectors are
processed with an algorithm for �nding local maxima. First, an estimate of the rhythm
is found through �nding V peaks of high prominence, calculating the distance between
consecutive peaks, sorting them, and taking the median of the lowest 25 %, multiplied
by 0.75. This peak distance value is then used to �nd the rest of the V peaks as well as E
and O peaks, while setting the peak prominence threshold lower than the initial one.

Following the detection of peaks, a rule-based correction process, whose goal is to
make sure that the detected sequence of labels in time is E-V-O-E-V-O-E-V-O and so
forth, takes place. The algorithm cycles through the labels in triplets (E-V-O, V-O-E,
O-E-V, etc.) and is based on the following rules:

• Pattern E-V-O is not detected:

If E-V-E, �nd local maximum corresponding to O to insert (between the 2nd
and 3rd labels)

If E-V-V, look at the prominence of all these peaks and the one after that; if
prominent, �nd local maximum corresponding to O to insert

Else, remove the 3rd label as false detection
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FIGURE 2.1: Flowchart of Hillbilly's design process, architecture, and
intended use (inference).
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• Pattern V-O-E is not detected:

If V-O-V, look for O after this (at 4th label), if this O exists, �nd local maximum
corresponding to E to insert

If V-O-V, and 3rd label (2nd V) is a prominent peak, �nd local maximum
corresponding to E to insert

If V-O-O, and 3rd label (2nd O) is a prominent peak, �nd local maximum
corresponding to both E and V to insert between the 2nd and 3rd labels

Else, remove the 3rd label as false detection

• Pattern O-E-V is not detected:

If O-E-O, and there is an E after this, �nd local maximum corresponding to V
to insert

If O-E-O, and the 3rd label is a prominent peak, �nd local maximum corre-
sponding to V to insert

Else, remove the 3rd label as false detection

An illustrative example of EVO position detection and correction can be seen in
Fig. 2.2. The whole design process of Hillbilly, including topology optimization, training
and inference process of the �nal model, is illustrated in Fig. 2.1.

2.3.2 Performance evaluation

To evaluate the performance of Hillbilly, we looked at two main indicators – syllable and
EVO detection accuracies. A syllable is correctly detected if its center falls in the interval
set by the original syllable (interval between E-O ground truth labels). If a detected
syllable's center does not fall into any interval set by the ground truth syllable labels,
it is deemed as an excess syllable; similarly, if there is no detected syllable belonging
to a ground truth syllable, it will add to the missing syllable count. Each ground truth
syllable can be paired with only one detected syllable (e.g., if there are two detected
syllables that would fall into a range set by one ground truth syllable, only the better �t
is chosen as the pair, resulting in one match and one excess detection). We then report
the percentage of exceeding and missing syllables.

Regarding the EVO detection accuracy, we consider only the correctly detected
(matched) syllables. We calculate the absolute time difference between the ground truth
and detected EVO positions and construct an empirical cumulative distribution function.
Then, we evaluate the empirical cumulative distribution function values at 5 ms, 10
ms, and 20 ms time difference tolerance points for each of the EVO positions, with a
primary focus on the 10 ms mark. Finally, we compare Hillbilly with a traditional signal
processing segmentation algorithm by Novotny et al. (Novotný et al., 2014), which
is a multistep principally driven solution based on interpretable physiological speech
markers such as formants and spectral energy. We refer to this baseline as DSP-multistep.

Both the syllable and EVO detection accuracy evaluation take only the middle 10
syllable trains, set by the boundaries of the 4th and the 33rd ground truth syllables,
into account. For the purpose of maximizing comparability, we decided to evaluate our
segmentation algorithm in these boundaries, as instructions given to subjects restricted
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the minimum number of syllable train repetitions, but did not restrict the maximum.
Our subsequent feature extraction and evaluation utilize the same boundaries. If the
examined speech sample has fewer than 34 syllables, we would take the penultimate
syllable (less than the 33rd) as the upper boundary.

To do this, we run Hillbilly with the whole uncut audio recording to get predictions.
Then, we cut all the input and output signals at the O position of the 3rd ground truth
syllable. The �rst detected E after this cut determines the �rst detected syllable. We also
cut at the E position of the 34th ground truth syllable. The last detected O (before the
cut) determines the last detected syllable. If the speech sample has less than 34 syllables,
we use the last and the penultimate syllables instead of 34th and 33rd, respectively.

2.4 Feature Extraction

In this study, we designed 8 features for assessment of dysarthric speech via oral
diadochokinesis paradigm including DDK rate, DDK regularity, vowel length, voice
onset time (VOT), interquartile range of voice onset time (iqrVOT), deceleration, intensity
slope, and relative intensity range variation (RIRV) (Rusz, Cmejla, et al., 2011; Novotný
et al., 2014; Rusz, Hlavni�cka, �Cmejla, et al., 2015; Montaña, Campos-Roca, and Pérez,
2018). The detailed principle of each of these features is described in Table 3, whereas a
graphical illustration of each of the features' principles is displayed in Fig. 2.3 using the
example of dysarthric and healthy speech. As mentioned in the Speech Segmentation
Algorithm section, we extract features from the 4th syllable until the 33rd syllable
inclusive if the audio recording contains 34 or more syllables. In the case of the recording
having less than 34 syllables, we extract the features from the 4th syllable until the
penultimate one inclusive.

• DDK Rate (Syllable Rate) – The number of syllables per time elapsed.

Get the number of detected syllables

Compute the time difference between the �rst and the last V position

Divide the number of the syllables -1 with the time difference, and multiply
by sampling frequency

Take this asDDK Rate

• DDK Regularity – The RMSE of time differences of consecutive syllables

Compute V position time differences between consecutive syllables

Use the Deceleration �t and the time difference vector to compute Root-Mean-
Square-Error (RMSE)

Take the RMSE value asDDK Regularity

• Vowel Length – The median of V-O time difference divided by E-O time difference
of each syllable.

Compute V-O and E-O time difference in each syllable

Perform element-wise division of V-O (numerator) time differences with E-O
time differences (denominator)

Take the median of this vector as Vowel Length
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• Voice Onset Time (VOT) – Median of E-V time differences of each syllable.

Compute E-V time difference in each detected syllable

Take the median value as VOT

• Interquartile range of Voice Onset Time (iqrVOT) – Interquartile range of E-V
time differences of each syllable.

Compute E-V time difference in each detected syllable

Take the interquartile range value as iqrVOT

• Deceleration – The trend of a regression line �tted on the vector of time differences
between consecutive syllables.

Compute V position time differences between consecutive syllables

Fit a robust linear �t on this difference vector, x axis is a vector of positive
integers from 0 to number of syllables -1

Take the trend of this �t as Deceleration

• Intensity Slope – The trend of a regression line �tted on a logarithmic energy
envelope.

Perform moving average �ltration with a 20 ms window on the energy signal

Convert the result into dB scale (10log10)

Fit a robust linear model on this logarithmic energy signal (from start to end
with a 10 ms time shift to account for the MA �ltration)

Take the trend of this �t as Intensity Slope

• Relative Intensity Range Variation (RIRV) – The RMSE of the logarithmic energy
envelope.

Perform moving average �ltration with a 20 ms window on the energy signal

Convert the result into dB scale (10log10)

Use the intensity slope �t and the logarithmic energy signal to compute Root-
Mean-Square-Error (RMSE)

Take this value as RIRV

2.5 Evaluation Methodology

2.5.1 Statistical Analysis

For the purpose of evaluating differences among the groups, we use Analysis of Co-
variance (ANCOVA) across the 8 features and each of the 3 possible conditions (disease,
dysarthria, severity of dysarthria). When comparing HC to other groups, we set the
ANCOVA covariates to subjects' age and sex. To compare among disease and dysarthria
type, the ANCOVA covariates were subjects' age, sex, and dysarthria severity (except for
when investigating severity of dysarthria itself, where the covariates were set to age and
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FIGURE 2.3: Illustration of extracted features with example values for
healthy and dysarthric speech. Note that the depicted dysarthric speech
samples are picked from multiple different dysarthria types. Captions:
DDK – diadochokinetic, VOT – voice onset time, iqrVOT – interquartile

range of voice onset time, RIRV – relative intensity range variation.
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sex only). To assess the reliability of the Hillbilly speech segmentation algorithm, we
calculated Pearson's correlation coef�cients between features extracted by the algorithm
and the hand labels.

2.5.2 Classi�cation Experiments

To further assess the signi�cance of the extracted features, we performed a few classi-
�cation experiments, which gave us a slightly different interpretation of results. Our
goal here is not to �nd the best possible classi�cation settings, but rather to demonstrate
the differences in classi�cation accuracy among the different types of grouping (disease,
dysarthria type, dysarthria severity). We use CatBoost (Dorogush, Ershov, and Gulin,
2018; Prokhorenkova et al., 2018) classi�er and perform Leave-One-Out Cross-Validation
(LOO) in all of our experiments. Both the decisions to choose this classi�er and use LOO
were made with respect to the low number of samples in the dataset and their imbal-
ance. Additionally, to account for the class imbalance in the data, we utilize inversely
proportional weighting (Eq. (2.2))

CWi �
1
ni

(2.2)

where ni represents the number of samples in classi .
The learning rate was set to 0.001, after a rough grid search, and stayed the same

for all the experiments. The other parameters of the CatBoost classi�er remain default.
We evaluate the experiments through class-balanced accuracy, normalized accuracy
to chance ratio (nACR), and macro-averaged one-vs-rest F1 and ROC AUC (receiver
operator characteristic area under curve) scores. Macro-averaged metrics are useful
to evaluate scenarios with class imbalance, while the listed nACR, F1 and ROC AUC
metrics are useful to make comparisons among all the different experiments (with
different groupings) to help us see which grouping shows the most distinguishability.
We calculate nACR (Eq. (2.3)) as

nACR �
Accuracy � Chance

1 � Chance
(2.3)

where Chance is given as the inverse of total number of classes and represents a fair
dice roll.

The three main classi�cation experiments focus on how the classi�cation results differ
based on the chosen condition (i.e., disease, dysarthria type, or severity of dysarthria). To
get further insights into the differences among dysarthria types, we decided to classify
the subjects with single dysarthria types only, i.e., we removed all the mixed dysarthria
type subjects from the dataset except for the �accid-spastic mixed type, since it is the
only type in our dataset containing a �accid component.

Given the fact that multiple dysarthria types (mixed dysarthria) can be present in a
single patient, performing multilabel classi�cation presents itself as an intuitive choice.
Therefore, we also performed multilabel classi�cation of dysarthria type using a set of
one-vs-rest CatBoost classi�ers. For evaluation metrics, we report F1 and ROC AUC
scores, subset accuracy (successful prediction of a multilabel sample is that with all its
labels predicted correctly), and Hamming loss.
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TABLE 2.3: Hillbilly detection accuracy on the test set in comparison to
DSP-multistep algorithm and across different severities of dysarthria. It
shows the percentage of missing (not detected) and excess (false detection)
syllables; and the percentage of accurate EVO detections within a 10 ms
tolerance. Captions: E = explosion, V = voicing, O = occlusion, EVO =

explosion-voicing-occlusion.

Missing
syllables

Excess
syllables

E accuracy
at 10 ms

V accuracy
at 10 ms

O accuracy
at 10 ms

EVO accuracy
avg at 10 ms

Hillbilly HC 0.00 0.17 95.18 99.33 92.08 95.53
Hillbilly Mild 0.13 0.13 94.49 98.00 91.48 94.66
Hillbilly Moderate 2.78 1.66 90.23 97.00 84.95 90.73
Hillbilly Severe 2.37 3.06 81.71 95.68 72.92 83.44
DSP-multistep HC 0.71 0.88 85.07 92.43 74.39 83.96
DSP-multistep Mild 0.90 0.83 84.80 91.42 87.12 87.78
DSP-multistep Moderate 3.29 2.53 81.27 91.12 85.29 85.89
DSP-multistep Severe 5.71 6.93 74.23 90.37 75.32 79.97
DSP-multistep all 2.34 2.45 81.98 91.49 79.94 84.47
Hillbilly all 1.14 1.08 91.21 97.77 86.49 91.82

2.6 Results

2.6.1 Speech Segmentation Algorithm Performance

Here, we present the results of our proposed speech segmentation algorithm, Hillbilly.
On the test set, it achieved a missing syllables error rate of 1.14 % and excess syllable
error rate of 1.08 %, opposed to the DSP-multistep algorithm which achieved 2.34 % and
2.45 % error rates, respectively Table 2.3.

We further used the empirical cumulative distribution function to assess the accuracy
of EVO position detection. Fig. 2.4 shows a comparison of train, validation, and test sets,
as well as the baseline of DSP-multistep algorithm on the test set, depicted for E, V, and O
positions separately. As expected, the accuracy on the train set is slightly higher than on
the validation and test sets for all EVO detection. At 10 ms tolerance (Table 2.3), Hillbilly
achieved accuracies of 91.2 % for E, 97.8 % for V, and 86.5 % for O positions on the test
set, giving an average of 91.8 %, while DSP-multistep algorithm reached 82.0, 91.5, and
79.9 % for E, V, and O, respectively, with an average of 84.5 %. At 20 ms tolerance, the
average EVO detection accuracy is 97.3 % for Hillbilly, and 92.6 % for DSP-multistep.
The biggest performance gap is visible in O position, especially when considering 5 ms
tolerance, where DSP-multistep algorithm achieved 44.0 % accuracy, while Hillbilly
achieved 66.0 %. Both algorithms perform worse with increasing dysarthria severity.

Furthermore, we computed Pearson's correlation coef�cient between ground truth
and extracted features (Table 2.4). There is a very high correlation between these features,
even across different dysarthria severity groups (r = 0.80–1.0, p < 0.001). In the severe
dysarthria group, we can observe a drop in the correlation coef�cient for vowel length,
VOT, iqrVOT, and deceleration features.

2.6.2 Effect of Neurological Disease Type

When compared to HC (Fig. 2.5), all disease types except PD showed a statistically
signi�cant decrease in DDK rate. In DDK regularity, all disease types except for MS and
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FIGURE 2.4: Empirical cumulative distribution function of Hillbilly
EVO detection accuracy; comparison across different sets and with DSP-
multistep algorithm on the test set. E (explosion) position in top, V

(voicing) in middle, and O (occlusion) in bottom sub�gures.
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TABLE 2.4: Pearson's correlation coef�cient on the test set between fea-
tures computed utilizing ground truth EVO labels, and Hillbilly pre-
dicted EVO labels; shown for the whole test set and different severity of
dysarthria categories (HC = healthy controls; mild, moderate, and severe
dysarthrias) all the values are statistically highly signi�cant with p<0.001.
Captions: DDK = diadochokinetic, VOT = voice onset time, iqrVOT =
interquartile range of voice onset time, RIRV = relative intensity range

variation.

Group DDK Rate DDK Regularity Vowel Length VOT iqrVOT Deceleration Intensity Slope RIRV
All 1.00 0.97 0.88 0.90 0.85 0.85 0.95 1.00
HC 1.00 0.96 0.94 0.97 0.94 0.95 0.96 1.00
Mild 1.00 0.98 0.86 0.94 0.75 0.91 0.93 0.99
Moderate 1.00 0.92 0.96 0.93 0.90 0.93 0.95 0.99
Severe 0.99 0.98 0.84 0.80 0.80 0.82 0.97 0.99

PD showed an increase. In vowel length, only a signi�cant increase in ALS and HD was
observed. In VOT and iqrVOT, an increase in both was detected for ALS, MSA, and
PSP. In addition, an increase in VOT in PD and CA, and an increase in iqrVOT for ET
were seen. Both ALS and CA show more deceleration over time. In intensity slope, only
HD and MSA showed statistically signi�cant differences. Finally, ALS, ET, HD, and CA
showed an increase in RIRV.

When comparing disease groups among each other, ALS showed signi�cant differ-
ences to most disease types, mainly in DDK rate, vowel length, and RIRV. There was
no statistically signi�cant difference among disease types observed in DDK regularity.
In deceleration, CA showed statistically signi�cant differences to most of the disease
types, but not to ALS, as both are decelerated. In intensity slope, MSA showed a steeper
decrease compared to ALS, ET, HD, PD, and PSP. HD, on the other hand, showed the
least steep decrease, with a statistically signi�cant difference to both MSA and CA. In
RIRV, both the ALS and HD groups showed a signi�cant increase in score compared to
all disease types.

2.6.3 Effect of Dysarthria Type

When comparing HC to dysarthria types (Fig. 2.6), statistically signi�cant differences
were mainly detected for DDK rate, DDK regularity, VOT, and RIRV features. In
deceleration, we can see differences for the �accid-spastic, ataxic, and hypokinetic-ataxic
dysarthria types. In both DDK regularity and RIRV, we can observe an increase for
�accid-spastic, ataxic-spastic, ataxic, and hyperkinetic dysarthria types. The hypokinetic-
spastic-ataxic dysarthria further showed an increase in DDK regularity. In intensity
slope, there were no signi�cant differences between dysarthria types and HC. In all the
other features, the �accid-spastic group was always signi�cantly different from the HC.

Comparison among dysarthria groups mainly showed signi�cant differences in DDK
rate, vowel length, and RIRV, in which the �accid-spastic group differed from most
other dysarthria types with its slowest rate and highest vowel length. In RIRV, similar to
�accid-spastic dysarthria, the hyperkinetic dysarthria also showed signi�cant differences
to many other dysarthria types. There was no signi�cant difference among dysarthria
types in DDK regularity. In VOT, hyperkinetic dysarthria showed a signi�cant decrease
compared to ataxic, hypokinetic, hypokinetic-ataxic, and hypokinetic-ataxic-spastic
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dysarthria types. In intensity slope, hyperkinetic dysarthria showed a difference to
ataxic-spastic, ataxic, and hypokinetic dysarthria types. Finally, in deceleration, the
hypokinetic-ataxic dysarthria showed a statistically signi�cant increase in comparison to
ataxic-spastic, hyperkinetic, hypokinetic-spastic, and hypokinetic-spastic-ataxic groups.

2.6.4 Effect of Severity of Dysarthria

In the dysarthria severity comparison (Fig. 2.7), when compared to the HC group, we
can observe a statistically signi�cant decrease in DDK rate for the moderate and severe
dysarthria. We can further see increases in DDK regularity, VOT, iqrVOT, and RIRV
for the moderate and severe dysarthria as well. Vowel length and deceleration show a
signi�cant increase only for the severe dysarthria. However, in VOT, we can already see
a signi�cant increase in the mild dysarthria.

The features of DDK rate and DDK regularity, followed by RIRV, are the best indi-
cators of dysarthria severity. In VOT and deceleration, the severe dysarthria showed
an increase over mild and moderate dysarthria. Vowel length in mild dysarthria was
signi�cantly decreased when compared to moderate and severe dysarthrias. In iqrVOT,
there is only a signi�cant difference between mild and severe dysarthria, whereas there
is no signi�cant difference among the dysarthria severities (including HC) for intensity
slope.
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2.7 Classi�cation Experiment Results

This section presents the classi�cation results through evaluation metrics of accuracy,
nACR, F1 score, and ROC AUC score (Table 2.5). Furthermore, we analyze each classi�-
cation case with the help of confusion matrices.

2.7.1 Classi�cation of Disease

In Table 2.6, we can see the confusion matrix for classi�cation by disease. As expected,
the HC group is the easiest to classify. There is a visible misclassi�cation of PD as HC
and vice versa. A substantial portion of HC is also misclassi�ed as MS, and MS seems
to be most often misclassi�ed as PD. Upon closer inspection, we found out that out
of the 8 PD cases misclassi�ed as HC, 7 are of mild severity, and all the 7 MS samples
misclassi�ed as PD are of mild severity as well. We note that both the MS and PD groups
have lower dysarthria severity compared to other groups, as mentioned in the Dataset
section (§2.2), which could be the main driving factor behind these misclassi�cations.
To add to this point, the 5 observed misclassi�cations of ALS as HC consist of 4 mild
and 1 moderate dysarthria cases.

The most dif�cult disease to classify seems to be ET, followed by CA, PD, and MS.
In the case of ET misclasi�cation, we can see a link to the previous observation of ET
features not showing any statistically signi�cant difference from the other diseases in
most features. Overall, with the accuracy of 0.279, nACR of 0.189, F1 score of 0.277, and
ROC AUC of 0.712, the classi�cation result is reasonable, but still far from accurate.

2.7.2 Classi�cation of Dysarthria Type

When it comes to classi�cation by dysarthria type, we get worse results than in classi�-
cation by disease, as seen in Table 2.7, with accuracy of 0.216, nACR of 0.129, F1 score
of 0.197, and ROC AUC of 0.642. We can even see some of the dysarthria groups get
no correct predictions, such as the spastic and hypokinetic-ataxic groups. Furthermore,
the other mixed types perform quite poorly too, such as ataxic-spastic with 1 out of 21
correct predictions, and both hypokinetic-spastic and hypokinetic-spastic-ataxic with 2
correct predictions each out of 11 and 10, respectively.

If we remove the HC group and run the experiment again, we get even worse
performance with accuracy of 0.178, nACR of 0.076, F1 of 0.155, and ROC AUC of

TABLE 2.5: Classi�cation results showing achieved accuracy, nACR, F1
score, and ROC AUC for different classi�cation tasks. Captions: nACR
= normalized accuracy to chance ratio, ROC AUC = receiver operating

characteristic area under curve.

Classi�cation task Accuracy nACR F1 score ROC AUC
Disease 0.279 0.189 0.277 0.712
Dysarthria type 0.216 0.076 0.197 0.642
Single dysarthria type 0.388 0.266 0.369 0.729
Severity of dysarthria 0.562 0.416 0.550 0.822
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TABLE 2.6: Disease classi�cation results – confusion matrix.

Disease HC ALS ET HD MS MSA PD PSP CA Count
HC 50 4 1 0 8 1 13 2 1 80
ALS 5 5 2 2 1 0 0 1 4 20
ET 1 3 2 3 2 2 2 1 4 20
HD 3 4 2 5 0 1 1 3 1 20
MS 1 2 1 0 4 2 7 1 2 20

MSA 1 4 0 0 2 7 0 2 4 20
PD 8 0 0 1 3 1 4 2 1 20
PSP 1 1 1 3 1 1 1 5 0 14
CA 0 3 3 1 3 3 1 0 3 17

TABLE 2.7: Dysarthria type classi�cation results – confusion matrix; HC =
healthy controls, Fl = �accid, Sp = spastic, At = ataxic, Ho = hypokinetic,

He = hyperkinetic, combinations represent mixed dysarthria types.

Dysarthria HC Fl-Sp Sp At-Sp At Ho He Ho-Sp Ho-At Ho-Sp-At Count
HC 47 0 7 1 3 4 1 9 2 6 80

Fl-Sp 1 4 0 2 5 1 1 1 1 0 16
Sp 4 1 0 0 0 1 0 2 1 0 9

At-Sp 1 3 0 1 6 3 3 2 2 0 21
At 0 3 1 1 6 1 0 0 0 0 12
Ho 8 3 0 1 3 5 0 5 1 1 27
He 3 5 1 3 8 0 8 4 6 0 38

Ho-Sp 2 0 0 0 2 1 1 2 0 3 11
Ho-At 1 0 1 0 1 0 2 1 0 1 7

Ho-Sp-At 2 1 0 0 0 0 2 3 0 2 10

0.604, which is substantially worse than when HC group was involved. This further
demonstrates the dif�culty of distinguishing by dysarthria type.

2.7.3 Classi�cation of Dysarthria Severity

As expected, the severity classi�cation results (Table 2.8) are the best out of the three
possible groupings, with accuracy of 0.562, nACR as of 0.416, F1 of 0.550, and ROC
AUC of 0.822. Furthermore, 22 HC cases were misclassi�ed as mild dysarthria, and
12 mild dysarthria cases were misclassi�ed as HC. In moderate dysarthria, 19 cases
were misclassi�ed as severe, and in severe dysarthria, 12 cases were misclassi�ed as
moderate. It is as if the classi�cation results show an imaginary line separating these two
conglomerates (HC + mild, and moderate + severe), which can be seen as an emulation
of a binary classi�cation problem.

2.7.4 Single Dysarthria Type Classi�cation

The single dysarthria classi�cation results (Table 2.9) show slight improvement in some
of the class predictions over the complete dysarthria classi�cation in Table 2.7, mainly
in HC, hyperkinetic, and hypokinetic groups. This could be attributed to the task
being simpler by having less classes in total. Interestingly, the predictions of ataxic
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TABLE 2.8: Dysarthria severity classi�cation results – confusion matrix.

Severity HC Mild Moderate Severe Count
HC 51 22 6 1 80

Mild 12 27 8 2 49
Moderate 5 14 23 19 61

Severe 0 1 12 28 41

TABLE 2.9: Single dysarthria type classi�cation results – confusion matrix;
HC = healthy controls, Fl-Sp = �accid-spastic, Sp = spastic, At = ataxic,

Ho = hypokinetic, He = hyperkinetic.

Dysarthria HC Fl-Sp Sp At Ho He Count
HC 54 0 9 2 13 2 80

Fl-Sp 2 5 0 4 1 4 16
Sp 3 0 1 2 3 0 9
At 0 2 1 6 1 2 12
Ho 8 3 1 5 9 1 27
He 5 8 0 7 3 15 38

and spastic groups do not see much improvement, as spastic group shows 1 out of 9
correctly classi�ed (up from 0), which is still very bad, while ataxic stayed at solid 6,
which is 50 %. These observations show that even when we try to simplify the task, the
differences in features among the dysarthria types are not signi�cantly different enough
to cause large improvement in accuracy for all the classes.

The performance metrics show accuracy of 0.388, nACR of 0.266, F1 of 0.369, and
ROC AUC of 0.729, which shows an improvement over the full-scale dysarthria classi�-
cation performed earlier. This performance increase could be attributed to the mixed
dysarthria types being absent, as those were the most dif�cult to classify previously
Table 2.7. Furthermore, if we remove the HC group and run the single dysarthria experi-
ment again, we get an accuracy of 0.362, nACR of 0.203, F1 of 0.341, and ROC AUC of
0.674, which all show decrease compared to when HC was included.

2.7.5 Multilabel Classi�cation

In the �rst multilabel experiment, the HC group is excluded, hence we are operating
with 5 labels (ataxic, �accid, hyperkinetic, hypokinetic, and spastic). The achieved
performance shows F1 score of 0.498, ROC AUC of 0.662, subset accuracy of 0.291,
and Hamming loss of 0.289. Performing the experiment with the HC group included
yields these results: F1 score of 0.459, ROC AUC of 0.734, subset accuracy of 0.277,
and Hamming loss of 0.267. Even though some metrics show better values in this
second experiment, such as ROC AUC and Hamming loss, we also see that F1 score
and subset accuracy are a bit lower, which could be caused by the introduced class
imbalance when including HC. Upon close inspection of the predictions, we observe a
few unrealistic scenarios, such as samples being predicted as a combination of ataxic,
�accid, hyperkinetic, and spastic dysarthrias, or even all �ve types together. Even worse,
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some samples are predicted as both having one or more dysarthria types while also
belonging to HC.

2.8 Discussion

2.8.1 Segmentation algorithm

The developed Hillbilly algorithm was able to correctly identify positions of individ-
ual syllables with a very high average accuracy of 98.9 %, exhibiting correct temporal
detection of EVO positions with an average EVO accuracy of 91.8 % for 10 ms (91.3,
97.8, and 86.5 % for E, V, and O positions, respectively) and 97.3 % for 20 ms tolerance.
Thus, Hillbilly substantially outperformed the conventional method based on traditional
digital speech signal processing by Novotny et al. (Novotný et al., 2014), which reached
an average EVO accuracy of only 84.5 % for 10 ms tolerance and 92.6 % for 20 ms toler-
ance. Compared to algorithms based on standard digital signal processing approach
like DSP-multistep (Novotný et al., 2014), the advantage of the CNN-based solution is
that it has the potential to reach very high accuracy of detection and is computationally
fast once the model is established. However, it requires hand-labeled data from a rea-
sonable number of patients for training the model. Furthermore, the correlation analysis
results veri�ed that features extracted from EVO positions detected by Hillbilly were
signi�cantly and highly correlated to features extracted from human annotated EVO
positions. From a clinical perspective, accurately assessing a patient's overall speech
performance is more important than precisely determining the position of individual
boundaries. As expected, the performance of the algorithm declined with increased
dysarthria severity, as the negative effects of dysarthria severity on the speech signal
cause the typical EVO patterns in the audio signal to be less recognizable. While the
future improvements might focus on enhancing the overall robustness of segmentation
accuracy, in our cohort, even the patients with severe dysarthria were able to perform
a DDK sequence composed of at least a six-syllable trio in one breath, which could
be considered to be a vital performance for the meaningful estimation of investigated
speech features through oral diadochokinesis.

2.8.2 On the effect of Disease

Compared to controls, DDK rate was abnormal in all investigated diseases except for
PD, and DDK regularity in all diseases except for PD and MS. This �nding is well in
agreement with previous literature showing that slow oral diadochokinesis is not a
primary feature of PD (Joseph R. Duffy, 2020). Interestingly, in accordance with previous
research (Rong, 2020; Lundy et al., 2004), the abnormalities in rate and regularity were
most pronounced in ALS and CA groups, and were statistically signi�cant from all
groups manifesting parkinsonism, such as PD, PSP, and MSA. This can be explained
mainly by corticospinal and corticobulbar tract degeneration in ALS, which affects the
actual ability to generate movement, and cerebellum atrophy in CA, which is responsible
for poor timing coordination. Impaired control of movement due to basal ganglia
dysfunction in parkinsonism appears not to have such a pronounced effect on oral
diadochokinesis performance. Other phenomenon of prolonged vowel phonation and
increased variability in the loudness of repetitive vocalizations were mainly pronounced
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in ALS, HD, and CA groups and likely shares similar pathomechanisms with rate
and regularity. Both prolongation of vowel length and increased loudness variations
have been hypothesized to be mainly a result of cerebellar ataxia (R. Kent et al., 1997;
Joseph R. Duffy, 2020). In accordance with previous literature (Tykalova et al., 2017),
increased voice onset time was found to be particularly prolonged in parkinsonian
groups, and is assumed to be caused by inappropriate timing control of lip and tongue
movements due to bradykinesia. On the other hand, variability in VOT was signi�cantly
increased only in ALS, ET, MSA and PSP groups. Previous research noted that the
vocal intensity of speakers with PD declined more rapidly than that of controls in
DDK tasks (Rosen, Raymond D Kent, and Joseph R Duffy, 2005; Rusz, Cmejla, et al.,
2011). In our study, intensity slope was decreased only in MSA, which might re�ect
impairment of respiratory function (Asakawa et al., 2023). Finally, PD patients manifest
oral festination, a tendency to speed up when performing repetitive movements such as
during oral DDK paradigm (Moreau et al., 2007). We did not con�rm this tendency in
our parkinsonian cohorts, which might be due to lower stages of diseases, as the extent
of DDK accelerations appears to be correlated with disease duration (Rusz, Hlavni�cka,
�Cmejla, et al., 2015). However, we noted that ALS and CA tended to progressively
decelerate their DDK tempo, a non-expected phenomenon that, to the best of our
knowledge, has never been reported in literature.

2.8.3 Dysarthria Type analysis

Our hypothesis of the effect of dysarthria type on oral diadochokinesis was driven by
Mayo System (Joseph R. Duffy, 2020), which de�nes that spastic dysarthria manifest
slow and regular motions, ataxic and hyperkinetic dysarthria irregular motions, and
hypokinetic dysarthria rapid motions. By adjustment of analysis by dysarthria severity,
we were able to only partly con�rm this hypothesis. The higher extent of disability was
observed for hyperkinetic and ataxic dysarthria, which showed both slow and irregular
motions. Patients with hypokinetic dysarthria were slightly slower but regular, and there
were no changes for patients with spastic dysarthria. Patients with mixed dysarthria
typically manifested both slow and irregular motion rates. Findings of other acoustic
features were generally in line with observations across neurological diseases and their
corresponding type of dysarthria. In summary, the dominant oral DDK abnormalities
across majority of features were detected for �accid-spastic dysarthria associated with
ALS. Increased variability in the loudness of repetitive vocalizations was detected mainly
in excessive dysarthria types with �accid-spastic, hyperkinetic, and ataxic components.
Longer VOT was mainly associated with hypokinetic dysarthria components. Change in
intensity slope was not associated with any speci�c dysarthria type. Finally, deceleration
was speci�c for ataxic dysarthria and �accid-spastic dysarthria of ALS.

2.8.4 Effect of Dysarthria Severity

Most of the features showed progressive change towards dysarthria severity, which is
in contrast with previous literature showing that oral diadochokinesis well re�ects the
extent of dysarthria (Tanchip et al., 2022; Ray D Kent, Y. Kim, and L. -m. Chen, 2022;
Ziegler, 2002). The most signi�cant increase can be seen for the main features of DDK
rate and DDK regularity, despite that the mild dysarthria category does not show a
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signi�cant increase over HC. Similar level of distinguishability among the groups was
also detected for VOT, its variability, and abnormalities in loudness variability among
vocalizations. Interestingly, VOT is the only feature to show a statistically signi�cant
increase in the mild dysarthria compared to HC. The features representing deceleration
and vowel length were only able to separate severe dysarthria from HC, making them
not so useful descriptors of dysarthria severity. The intensity slope was the only feature
completely independent on dysarthria severity.

2.8.5 Factors Most Contributing to the Oral Diadochokinesis Impairment

The classi�cation experiments gave us additional insights on whether oral diadochokine-
sis impairment is most sensitive to disease type, dysarthria type, or dysarthria severity.
The classi�cation analysis showed a normalized accuracy score of 18.9 % for the type
of neurological disease, 7.6 % for dysarthria type, and 41.6 % for dysarthria severity.
Thus, the observed results con�rmed that severity of dysarthria is the most signi�-
cant contributor to differences in investigated features. Not only that classi�cation by
severity of dysarthria achieved the best performance among the various classi�cation
tasks, but the observations in both the disease and dysarthria type classi�cation experi-
ments revealed that a substantial number of samples are misclassi�ed on a none to mild
dysarthria severity level, typically between HC, PD, and MS. Furthermore, results re-
vealed that classi�cation of neurological disease type is more accurate than classi�cation
of dysarthria subtypes. However, the comparison of the two is complicated by the fact
that the dysarthria grouping has a more imbalanced class distribution compared to the
disease grouping.

By removing the mixed dysarthria types, the single dysarthria type classi�cation
experiment showed a normalized accuracy of 26.6 %. However, the classi�cation by
dysarthria is still dif�cult, as some of the groups showed no improvement in classi�ca-
tion accuracy. For instance, spastic dysarthria had only 1 out of 9 correct predictions.
Naturally, having more data at disposal to train the classi�cation model with would very
likely lead to an increase in performance, as some of the groups contained a low number
of samples. Furthermore, the class imbalance present in the dataset adds complexity to
the experiment, even after attempting to adjust for it through class weighting and class
imbalance invariant macro-averaged metrics.

It is perhaps unsurprising that acoustic similarities are observed across different
etiologies and types of dysarthria, as previous studies have noted overlap not only in
oral diadochokinesis but also in other acoustic measures (Weismer, 2006). Accumulating
evidence suggests that diverse neuropathologies may similarly disrupt the neuromotor
control of speech production, resulting in comparable acoustic features across disorders
(Y. Kim, Raymond D Kent, and Weismer, 2011; Illner et al., 2023). However, combining
oral diadochokinesis characteristics with other distinct, pathognomonic features such as
strained-strangled voice quality, slow speech rate, and reduced loudness variability in
spastic dysarthria, or normal speech rate and excessive loudness variability in ataxic
dysarthria, may substantially improve the accurate classi�cation of dysarthria type or
underlying disease etiology in future studies.
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2.8.6 Limitations

This study has certain limitations. Although the study is based on one of the largest
multi-disease and multi-dysarthria datasets ever collected, the analysis would naturally
bene�t from having more samples available for each of the disease and dysarthria
type groups. In fact, eight patient groups were selected to encompass a broad spec-
trum of common movement disorders, each associated with distinct pathophysiological
mechanisms underlying oral diadochokinesis impairment. Some of these conditions
resulted in mixed dysarthria, which limited the sample size for speci�c dysarthria sub-
types. Further studies with larger, more balanced samples across different diseases and
dysarthria types are needed to validate and expand upon these �ndings. Additionally,
as the study was conducted exclusively in Czech, future research should assess the
language independence of the applied methods. Encouragingly, recent multilingual
studies demonstrated broadly similar dysarthria pro�les across different languages in
PD, HD or ALS (Rusz, Hlavni�cka, Novotný, et al., 2021; Fahed et al., 2024; Kothare et al.,
2024).

2.9 Conclusion

With the development of Hillbilly, we demonstrated that incorporating a CNN archi-
tecture can improve segmentation performance in quantifying oral diadochokinesis
across different dysarthria types and severities compared to traditional signal processing
algorithms. Despite the suggested value of oral diadochokinesis in differential diagnosis,
results indicate that severity of dysarthria is the factor with the most impact, followed
by disease type and dysarthria type. Future longitudinal studies should corroborate
the sensitivity of oral diadochokinesis de�cits to disease progression and differential
diagnosis among neurological disorders. We anticipate that our results will contribute
to a range of technological solutions for automated dysarthria assessment, ultimately
enhancing the quality of life for patients with neurological diseases.
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Part II

Changing one's accent – accent
conversion in Text-to-Speech
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