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Abstract

Dysphonia is a common complaint, reported in nearly one-third of the population at some
point in their life and effecting almost every fourth child by producing a pathological voice. It
affects the formation of clear and distinct sounds in speech as a complex function. Dysphonia
is a pathological condition showing various symptoms due to several etiologic factors and
pathogenesis diversity.

The knowledge of the acoustical features that describe pathological changes can help
make a useful system for clinical practice. The system can provide clinical decision support
whether a patient has dysphonia just by reading a short text. It would not only recognize
dysphonic speech from a healthy one, but it would also recognize the type of dysphonia
(namely: functional or organic dysphonia) and determine the severity of hoarseness. In this
way the patient could be directed to the right health care facility faster and easier. The
purpose of my research was to show that it is possible for adult’s speech and for children’s
speech as well.

The structure of the dissertation is as follows: I briefly introduce the most important
questions of speech processing regarding dysphonia, followed by my research objectives. I
define dysphonia and its types, then characterize the type of change the illness causes in
the speech product. I describe one of the most common scales used in medical practice to
express the severity of dysphonia. I review the most common acoustic features, that can
be suitable for classifying healthy and disordered speech and to predict the severity of the
disordered voices automatically. I briefly list the artificial intelligence tools that are used in
speech technology in this domain.

In the sections that follow I write about my own research. I describe the speech databases,
statistical and machine learning methods I applied during my research. Based on the
Hungarian Dysphonic and Healthy Adult Speech Database and statistical analyses, I confirm
that the values of certain acoustic-phonetic features of speech change as a result of dysphonia.
I describe the steps in the creation of a regression model that aims to determine the severity
of hoarseness using the average rating which the four specialists used as target. Furthermore,
I investigate the accuracy of the detection of dysphonia with different types of machine
learning methods. I make a promising attempt on the automatic separation of functional and
organic dysphonia, to my knowledge, there is no other research aiming to solve this difficult
problem. I show that the methods and techniques used for the automatic classification of
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dysphonic speech in adults can be applied to children’s voice as well.
The obtained results in the theses allow us to implement a completely automatic diagnosis

support system to recognize dysphonia in adults and children.
At the end of the study I give a summary about my results and theses.
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1 INTRODUCTION

1 Introduction

Dysphonia (impaired voice production) generally refers to a condition where a person
produces voice with an irregularity and it is affecting roughly 30% of the world’s population
at some point in their life [1, 2, 3, 4]. Dysphonia is not to be confused with hoarseness, as
hoarseness is mostly reported by patients when they perceive an alteration in their voice
quality, while dysphonia is recognized by a medical expert as hoarse, breathy, harsh or rough
vocal qualities with a lower degree of phonation functionality.

Dysphonia affects patients of all ages, however research suggests that risks are higher in
paediatric and elderly (>65 years of age) populations. Dysphonia is more common among
professors, pedagogues, older adults and generally people who use their voice significantly
more than the average in their professions [5, 6, 7, 8]. 23.4% of paediatric patients have
dysphonia at some point during their childhood [9, 10, 11, 12]. The data therefore suggests
that almost every fourth child produces a pathological voice. Studies agree that dysphonia
is more often reported among boys than girls, the ratio being 70-30%.

People with various professions are affected by dysphonia but there is a higher likeli-
hood of developing dysphonia among singers and entertainers, legal professionals, teachers,
telemarketers etc [1, 13, 14, 15, 16, 17, 18]. Patients affected may experience an overall
decrease in quality of life as it can affect a person’s ability to work [19]. These people are
in danger to miss work, lose wages, suffer from social isolation and develop depression. An
incomprehensible speech limits a person’s ability to communicate.

Dysphonia is classified as either an organic or a functional disorder of the larynx. Organic
dysphonia (OD) results from some sort of physiological change in one of the subsystems
of speech, while functional dysphonia (FD) refers to a voice problem in the absence of
a physical condition. According to the American Speech-Language-Hearing Association,
organic disorders can be subdivided into neurogenic and structural [20]. Neurogenic voice
disorders include voice problems caused by abnormal control, coordination, or strength
of voice box muscles due to underlying neurological diseases such as stroke, Parkinson’s
disease, multiple sclerosis, myasthenia gravis, and amyotrophic lateral sclerosis. Structural
organic disorders include morphological alterations such as vocal cord nodules, polyps,
gastroesophageal reflux disease (GERD), cyst and vocal cord paralysis (recurrent paresis,
RP) [21].
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2 Research objectives

I would like to contribute with my research to the speech-based detection of dysphonia and
automatic estimation of its severity in the speech of adults and children by getting a deeper
understanding of the effect of functional and organic dysphonia on speech. My specific goals
during the research are:

a) Examining the possibilities of automatically detecting the severity of dysphonia;

b) Attempting a binary classification to separate dysphonic and healthy speech using
different machine learning approaches;

c) Analysing the possibilities of automatically separating functional and organic dyspho-
nia;

d) Analysing the possibilities of automatically separating healthy and dysphonic voices in
children.

Contribution of my theses can be summarized as follows. I used Hungarian speech samples
in all of my analyses. Hungarian is a language relatively poorly researched. In fact, the topic
of automatic classification of dysphonic and healthy voices using Hungarian speech samples
has not been studied yet, neither in adults, nor in children.

All my analyses are done in case of continuous speech. Sustained vowels might be
easier to use because they do not require a resource intensive and language-dependent
segmentation. However, they lack the information (such as prosody) that could be gathered
from a continuous running (context rich) speech. Continuous speech has several advantages
over the analysis of sustained vowels. For example, it contains variations of fundamental
frequency, pauses and phonation onsets, and provides an opportunity to examine different
variations of speech sounds. Treating continuous speech constitutes a new challenge, as it
requires a different approach. However, due to its many advantages I adopted this paradigm
in my research.

Furthermore, I tried to automatically separate functional and organic dysphonia. To my
best knowledge, there has been no research aimed at the automatic separation of functional
and organic dysphonia to this date. Having such a diagnosis supporting system that can
separate not only healthy from dysphonic voices, but also can predict the type of dysphonia,
can greatly accelerate the process in which patients are referred to specialists. If the system
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2 RESEARCH OBJECTIVES

detects functional dysphonia, the patient would be directed to a phoniatrist or speech
therapist. However, if the system detects organic dysphonia, the patient would be directed
to an otolaryngologists or oncologist. This could save a lot of time, leading the patient to
care as soon as possible.

I tried to automatically separate the voices of healthy children from the ones with
dysphonia. The end goal is to create a screening system that can be used by pre-school
workers. If a child with dysphonic voice can be found on time, she or he has a better chance of
getting professional help from an ear, nose and throat (ENT) specialist or a speech therapist.
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3 Biomarkers, speech and dysphonia

3.1 Speech as an objective biomarker

Biomarkers are biological markers that indicate, among other things, the presence of a
disease. They can be very diverse, such as inflammatory CRP (C-reactive protein) in the
blood or a specific antibody that indicates the presence of an infection. Our voice is another
biomarker which can refer to several diseases [22].

Speech is the most important way of human communication, but it contains much more
information than the meaning of spoken words [23]. It tells a great deal about our mental
and physical condition. If a person is sad, tired, has a cold etc. one might immediately hear
it in his or her voice.

Speech production is a complex process that results in a mechanical wave propagating in
a resilient medium that creates a sense of sound in the living beings.

When we speak, many of our organs are involved in the phonation process, so if any
change occurs in these organs, then the properties of the produced speech will also change.
If the change is audible and visible (for example in a waveform or in a spectrogram), it can
be measured. This is possible by examining the acoustic features of the voice.

3.2 Speech production

Speech is an acoustic product with a linguistic meaning, but it also carries rich information
that is not related to this linguistic meaning [23]. The physical signal corresponding to
speech sounds is created by very precisely controlled physiological functions. Not only is
speech generation a complex process, but the physical appearance of the signal produced,
and the vibration of the speech itself demonstrates complexity and dynamical changes in
frequency, time, and loudness.

The linguistic and non-linguistic characteristics of speech are simultaneously present in
the complex acoustic signal generated during speech production. Linguistic features carry
conceptual content expressed in written word forms, while non-linguistic features carry
information such as the gender of the speaker, physical condition (fatigue, illness), or the
emotional state of the speaker (joy, anger, amazement, excitement, sadness, disgust, etc.).
These two components make speech feel more expressive and livelier than typed or written
punctuation.

16



3 BIOMARKERS, SPEECH AND DYSPHONIA

The basic physiological organs involved in speech production are divided into three areas.
The lowest part is the subglottal space, where the lungs and trachea are located, followed
by the glottal space with the larynx, and finally the supraglottal space where the pharynx,
mouth and nasal cavity are located, also called the vocal tract. The functioning of each
organ is controlled by the human brain. When the diaphragm contracts the lungs, air flows
upward through the trachea to the larynx, which is the source of speech, the primary area of
sound production. If we pronounce a voiced sound, the quasi-periodic opening of the vocal
cords results in the formation of a quasi-periodic sound due to the opening and closing of
the vocal cords. In the case of an unvoiced sound, the air passes unhindered through the
larynx (blowing position). The air continues to pass through the oral and nasal cavities,
where passive articulation organs (teeth, palate) and active articulation organs (tongue,
uvula, lips, jaw) modify the waveform. Each individual phone has a specific articulation
position of the articulation organs.

People’s speech organs are not the same, they differ to a greater or lesser extent, which
is why speech produced by humans is acoustically different (speech style, tone of voice). The
acoustic structure of speech is influenced by the fact that articulation is not uniform across
speakers. This is called the variation of speech between speakers (or sometimes inter-speaker
variability). Furthermore, intra-speaker variability means that a person’s acoustic product is
not constant, beside a natural fluctuation it depends on the speech situation and on the
current physical, health and emotional state of the person. Moreover, individual phones
in continuous speech are connected by co-articulation during the phonation. Phones are
connected to each other by a continuous transition. The transition parts are at least as
important as those representing the phone‘s nuclei. During the co-articulation effect the
pronunciation of phones is affected by the phones preceding and following them. This effect
also causes intra-speaker variability of the acoustic characteristics of the phones.

The acoustic characteristics of the produced phones can be measured by objective
methods. Due to the variations listed above, the acoustic characteristics of the individual’s
phones, and associated waveforms will not be the same, but in the best case they will
be similar in healthy pronunciation. Human speech perception ensures that, despite these
acoustic variation, phonological decisions can remain the same.
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3.3 Dysphonia, and its relation to voice hoarseness

3.3 Dysphonia, and its relation to voice hoarseness

At a certain point in their lifetime almost one-third of the population is affected by a very
frequent medical complaint that is called dysphonia [1, 2, 3, 4]. In common language it is
called impaired voice production. The term dysphonia is often inter-charged with hoarseness,
nevertheless this terminology is inaccurate because hoarseness is a symptom of altered
voice quality reported by patients, while dysphonia is typified by a clinically recognized
disturbance of voice production [24].

Its occurrence shows wide variety as it can affect patients of all ages and sexes, but shows
an increased number among teachers, older adults and others with exceptional voice needs
[5, 6, 7, 8].

Source of statistics say that annually 1 in 13 adults are somehow affected by voice
problems [25]. A significant number of patients do not seek medical assistance even though
the voice problems occurred and are recognized by the patients [25, 26, 27]. Dysphonia has
a huge negative impact on productivity and economy, due to work absenteeism caused by
the dense requisition of health care services [28]. Dysphonia is frequently caused by benign
or self-limited conditions, but sometimes the existing symptom predicts a more severe or
progressive condition, which requires immediate diagnosis and treatment.

A Clinical Practice Guideline was developed for hoarseness and dysphonia by Stachler and
his colleagues [1]. The working definition developed by a guideline panel for dysphonia is the
following: “Altered vocal quality, pitch, loudness, or vocal effort that impairs communication
as assessed by a clinician and/or affects quality of life”, while hoarseness is defined as follows:
“A symptom of altered voice quality reported by patients”. The panel’s hypothesis is that
this voice condition affects people diversely. The target population of this directive includes
all individuals with dysphonia regardless of age. The guideline panel is extremely useful
for all physicians who diagnose and treat patients with dysphonia. Henceforth the guide is
applicable in any case where identifying, treating and monitoring dysphonia is targeted.

This guideline drew attention to many important things. Deficiency of knowledge and
privity about dysphonia and its causes prevent the adequately care. For instance: ageing
causes natural voice changes that are considered by older people as a natural process, while
in this older age group some dysphonia may refer to symptoms of major and underlying
diseases. Furthermore, parents misinterpret or consider hoarseness as being normal for their
child. Such misinterpretations of symptoms hold back the proper evaluation, diagnosis and
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3 BIOMARKERS, SPEECH AND DYSPHONIA

treatment of some serious underlying health conditions. In order to minimize incorrect
diagnoses and improve the quality of care, it is crucial to update the knowledge of health
care professionals.

The guideline is useful for prevention by making recognition and diagnosis easier, as well
as setting up targeted treatment for dysphonia. Furthermore, it points out and updates the
needs and treatment options for specific populations. In a nutshell, the guideline’s aim is to
enrich the knowledge of professionals in the treatment, prevention and – through assessment
– the promotion of appropriate treatment options for individuals affected by dysphonia.

3.3.1 Types of dysphonia

The concepts of voice disorder and dysphonia are not the same, yet many sources do not
sharply separate the two. Voice disorder happens once somebody’s voice quality, pitch, and
loudness are inappropriate for an individual’s age, gender, cultural background, or geographic
location, while dysphonia bounds the auditory-perceptual symptoms of voice disorders [20].
Auditory-perceptual quality of voice in people with voice disorders will vary depending on
the disease type and the severity of it. The severity of the voice disorder cannot always be
determined based alone on auditory-perceptual voice quality [20, 29, 30].

According to the American Speech-Language-Hearing Association, voice disorders can be
divided into two groups: organic voice disorders and functional voice disorders [20]. Organic
disorders fall into two groups: structural and neurogenic [20]. Neurogenic voice disorders
are caused by a problem in the nervous system, that include voice problems caused by
abnormal control, coordination, or strength of voice box muscles due to an underlying
neurological disease such as stroke, Parkinson’s disease, multiple sclerosis, myasthenia gravis,
and amyotrophic lateral sclerosis. Structural disorders on the other hand involve something
physically wrong with the mechanism, such as alterations in vocal fold tissues such as
oedema or vocal nodules, polyps, gastroesophageal reflux disease (GERD), cyst and vocal
cord paralysis (recurrent paresis, RP) [21, 30].

From this we can state that dysphonia as well can be etiologically classified into two
fundamental categories: functional dysphonia (FD) and organic dysphonia (OD) [20, 29, 30].
Organic dysphonias are the consequences of aspects non-related to the use of voice. Functional
dysphonia refers to a voice problem without a physical condition resulting from poor vocal
technique, and/or muscle imbalance, with or without psychoemotional involvement.
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Organic dysphonia may occur from a large number of factors. For example, acute laryngitis
can be caused by viral or bacterial infection, chronic laryngitis can be a result of heavy
smoking or GERD. Trauma can be caused by surgery or intubation. On the other hand,
function dysphonia is the result of improper or inefficient use of the vocal mechanism.

Symptoms of a patient suffering from dysphonia may present altered voice quality overall
with hoarseness and a sore or dry throat. Other related symptoms may be for example loss
of appetite and loss of weight, coughing up blood, acid reflux or heartburn, non-anginal
chest pain and difficulty in swallowing [1, 30].

Any person who has a hoarse voice for four weeks or more is ought to seek for therapeutic
thought from a doctor. Each condition has its own specific treatment, and the treatment
needs to be customized to each individual by an ear, nose and throat (ENT) specialist or a
speech therapist [1, 28, 30].

This traditional division of voice disorder classification is much criticized and is a rather
vague division. Phoniatrist specialists and speech therapists do not deal with hoarse voices but
with pathological voice formations. Therefore, the study of the formation of a “hoarse voice”
is more of a physical-acoustic task [31]. Organic lesions also cause functional dysfunctions.
Therefore, there are dysfunctions of organic origin and those of non-organic origin. Non-
organic dysfunctions are criticized to call functional dysfunctions. The equivalent of inorganic
dysphonia is not “functional” but “regulatory” [30].

A recent paper recommends the replacement of the term “functional dysphonia” with
the term “malregulative dysphonia” [32]. Hacki and his colleagues argue that the term
“functional” is by now so muddled and confused in everyday clinical usage and it is unclear
what it means in any given clinical case.

3.3.2 Prevalence of dysphonia

Based on a 2001 US analysis the point incidence of dysphonia is 0.98% (536,943 patients
with dysphonia per 55,000,000 patients). Corresponding to previous studies’ proportion
results, they noted higher rates among females (1.2% vs. 0.7% for males) and among those
>70 years of age (2.5% vs. 0.6%-1.8% for all other age groups) [33, 34, 35, 36]. By the
International Classification of Diseases, Ninth Revision, most frequently dysphonia related
diagnosis made by medical professionals were acute laryngitis, non-specific dysphonia, benign
vocal fold lesions (e.g., cysts, polyps, nodules), and chronic laryngitis. The real occurrence

20



3 BIOMARKERS, SPEECH AND DYSPHONIA

of dysphonia related conditions are probably higher, because the majority of patients who
suffer from voice changes do not seek treatment, especially if the symptoms are temporary
and linked to an upper respiratory infection [33]. A previous study conducted a random
survey in Utah and Iowa among adults who did not request medical treatment, and reported
a 29.9% cumulative lifetime risk of a voice abnormality before 65 years of age.

3.3.3 Cost

Expenditures of dysphonia treatments are significant. According to a broad administrative
database study direct cost of dysphonia treatments is estimated on average US $ 577 to US
$ 953 per patient per year [37]. If the estimated 5.2 million affected patients by dysphonia
would require treatment each year, the total direct health care would cost approx. US $13.5
billion. For comparison, these expenditures are similar to the amount spent on conditions
such as chronic obstructive pulmonary disease, asthma, diabetes, and allergic rhinitis.

3.3.4 The impact on quality of life

Dysphonia primarily impairs the quality of life, unless it is the cause of a more severe
condition (e.g., increased risk of death or morbidity). Impacts of dysphonia can affect the
quality of life substantially. Limitations caused by dysphonia often bring side diseases as
depression, social isolation, anxiety, missed work etc. [33, 38, 39]. Those studies which
investigate voice abnormalities noted that quality of life consequences and work productivity
losses are similar to those patients who suffer from other respiratory diseases like asthma,
chronic obstructive pulmonary disease, acute coronary syndrome or even depression [26, 27].
In those cases when patients suffer from more serious types of the disease, e.g., unilateral
vocal fold paralysis, a significant decrease in quality of life and productivity loss can be
observed.

3.3.5 Dysphonia as symptom of an underlying disease

Dysphonia is a common symptom of many diseases. In case of head and neck cancer dys-
phonia may be an accompanied symptom, so it is crucial to recognise and pay attention to
the early signs of it. Inaccurate examination of the larynx may delay the accurate diagnosis
of cancer resulting higher stages, more invasive treatment and higher mortality rates [40].
Neurological conditions also bring forth dysphonia eg vocal fold paralysis (or recurrent paresis

21



3.3 Dysphonia, and its relation to voice hoarseness

- RP), spasmodic dysphonia (SD), essential tremor, Parkinson’s disease, amyotrophic lateral
sclerosis, multiple sclerosis, gastrointestinal (eg reflux, eosinophilic esophagitis), rheuma-
tologic/autoimmune (eg rheumatic arthritis, Sjögren’s syndrome, sarcoidosis, amyloidosis,
granulomatosis with polyangitis), allergic, pulmonary, musculoskeletal (e.g., muscle tension
dysphonia, fibromyalgia, cervicalgia), psychological (functional voice disorders), traumatic
(e.g., laryngeal fracture, inhalational injury, iatrogenic injury, blunt/penetrating trauma),
and infectious (e.g., candidiasis).

The incidence rate of dysphonia within these circumstances may of course change. For
instance, almost all patients with SD or other laryngeal dystonia appear to have dysphonia,
but not all patients who suffer from reflux have dysphonia.

3.3.6 Dysphonia and age

Voice changes and disorders affect all ages, but some proof points out there is a higher risk to
occur among paediatric and ageing (>65 years of age) populations. According to estimated
numbers, 23.4% of children have dysphonia at a certain point in their lifetime with increased
incidence among boys and children between age 8 to 14 years [9, 10, 11, 12]. Incidence of
dysphonia is also significantly higher between older adults with presbylarynx, which is an
age dependent laryngeal mutation [34].

According to a huge broad administrative insurance claim database the percentage of
elderly population requesting treatment for dysphonia was 1.3% (age range 60 to 69 years)
and 2.5% among patients >70 years [2, 36]. In this group the most common diagnoses
were acute chronic laryngitis, non-specific dysphonia, and laryngeal lesions. As stated by a
previous survey made among elderly volunteers who forbore any kind of medical treatment,
47% suffered by a voice disorder during their lifetime and 29% were actively experiencing
dysphonia [41]. Another study examined 120 elderly people at the Atlanta Volunteer Lifestyle
Facility and found a 20% point prevalence of voice disturbance based on sound-related quality
of life scores [42].

3.3.7 Dysphonia and profession

Among professions which require high vocal demands, dysphonia has a much higher chance
to appear. In the most endangered position are singers and entertainers, legal professionals,
teachers, coaches, clergy and anyone whose profession needs outstanding voice capacities
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[1, 13, 14, 15, 16, 17, 18].
From this perspective it’s axiomatic that voice diseases especially dysphonia have a big

influence on a person’s ability to work [19]. In the United States about 28 million workers
live with voice problems on a daily basis [15]. From surveyed population in general 7.2% of
the respondents missed work for ≥ 1 more days because of a voice problem, and 1 out of 10
fill short term disability claim [33]. In fact, 20% of teachers are absent from work due to
dysphonia. This high rate of absenteeism just on this particular professional area causes $
2.5 billion loss annually in the United States [15].

3.3.8 Environmental factors

In addition, environmental conditions can affect voice as well, such as background noise, poor
air quality, and dry environments [43, 21, 44]. High levels of environmental or occupational
irritations can also increase the likelihood of developing dysphonia, such as exposure to
chemicals, smoke, dust particles, and contaminants.

One study examined 10 rescue workers working at the World Trade Center disaster site.
The altered and hoarse voices of rescue workers were associated with the large amount of
irritants present at the scene [45]. Dry or arid environments can also be harmful to our voice
production.

At the same time, environmental humidification has had a beneficial effect on the
dehydration of the superficial larynx, which may help prevent or reduce negative voice
changes [46].

3.4 Inference

From the above subsections, it can be concluded that dysphonia affects a large number of
people, with a third of the population affected by the disease during their lifetime. The
change in voice affects not only the elderly but also the children. People who are more likely
to use their voices during of their work (teachers, singers, etc.) are more prone to developing
dysphonia, while the condition can affect a person’s ability to work. Dysphonia can be caused
not only by the frequent use of one’s voice - it can be caused by many reasons, one of which
is the constantly increasing environmental noise, environmental pollution, dry environment.
The cost of treatment is a significant burden on health care.

Dysphonia can serve as an indicator to many serious and less serious diseases. For
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example, hoarseness can be a sign of a life-threatening disease, such as laryngeal cancer.
Moreover, hoarseness can also indicate vocal cord paralysis, that is often caused by lung
cancer. Dysphonia also reduces people’s quality of life in general and can lead to loneliness
and depression. In conclusion, early diagnosis and therapy can be lifesaving.

The lack of knowledge and awareness about dysphonia and its causes are also potential
blockers to receive appropriate health care. Older adults may perceive the changing of voice
as part of ageing, but some symptoms may indicate a more serious underlying disease.
Furthermore, a parent may misperceive hoarseness as being normal for his or her child. This
assumption can slow down the exploration, diagnosis, and treatment of a child’s condition.
This is why improved education is needed on the topic among pedagogues and health
professionals.

These facts all point to the need to provide physicians with tools to be able to diagnose
dysphonia more easily and quickly at an early stage. It is advisable to separate the different
types of dysphonia as soon as possible, thus speeding up the medical procedure. In addition,
automatic determination of the severity of dysphonia would help to better map the patient’s
condition.

Educators who work with children would need tools to screen those with hoarseness. This
way children could have access to a specialist or speech therapist as soon as possible. Such
a system could even save lives. A voice-based diagnostic support system using continuous
speech would all be suitable for this.

3.5 Scales of hoarseness and the RBH scale

Traditionally, the perception of voice quality of the listener has been attributed to a myriad
of attributes that have developed under the influence of local linguistic traditions [30].
Associations often rely on impressions transmitted by other senses: dark, light, veiled, dull,
sharp, and so on. Science therefore seeks to introduce voice categories that can be associated
with the physiological-acoustic reality of phonation. However, advanced acoustic analysis
is still unable to determine and classify the voice characteristics perceived by our hearing
system in full detail, so we are (still) in need to rely on judgement of the ear. The most
important area of auditory judgement, is hoarseness - which is the difference in voice quality
from the usual, as stated in Section 3.3.

It is crucial for the judgement that the number of categories should not be large, but
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rather clear. The differences between the categories should be substantial though. Above all,
it is necessary for the experienced investigator to reproduce his or her judgements and for
consensus to be established between several experienced investigators.

Hoarseness as a pathological category of voice quality is physiologically traced back to
the roughness, as the irregularity of the vibration of the vocal cords and breathiness to the
flow turbulences resulting from the inadequate closure of the vocal cords.

Hoarseness is measured by the GRBAS (Grade - overall judgement of hoarseness, Rough-
ness, Breathiness, Asthenia, Strain) scale according to Hirano’s study in 1981 in Anglo-Saxon
and Japanese territory [47] [48]. Categories should be graded (G) from 0 to 3, where 0 is
the lack of hoarseness (normal), 1 is a slight degree, 2 is a medium degree, and 3 is a high
degree of hoarseness.

The powerlessness and tension categories describe the general tone of the patient. The
Grade (G) gives the overall impression, an overall judgement of hoarseness, without any
numerical addition. Based on clinical experience, the GRBAS scale is very useful and well
applicable despite the fact that the distinction of the last two categories by hearing is
sometimes difficult.

In the German-speaking area, the RBH scale has been widely used in auditing judgement
of voice quality. The RBH scale gives the severity of dysphonia, where R stands for roughness,
B for breathiness and H for overall hoarseness. The degree of the category H cannot be less
than the highest rate of the other two categories. For example, if B = 3 and R = 2, H is 3,
and cannot be 2 or 1. A healthy voice’s code is R0B0H0; the maximum H and respectively
RBH value is 3, so a voice’s code with severe dysphonia is R3B3H3. Ptok and his colleagues
demonstrated that the application of the RBH scale is suitable for clinical purposes [49].

The recorded voice samples in my experiments were classified by a leading phoniatrist
according to the RBH scale [50]. This scale was used to differentiate the degree of voice
disorders in the database. Speech examples of patients were labelled on the base of this
numeric scale. In my work the overall hoarseness H was used. The interpretation of H is
shown in Table 1. If H equals to 0 it can be said that the voice of the patient is not hoarse. If
H equals to 1, it is interpreted as mild hoarseness, 2 as moderate, while 3 as severe hoarseness.
A hoarse voice may indicate a serious underlying disease.

Another severity measure worth mentioning is the Dysphonia Severity Index (DSI)
[51, 52]. This combines different features that describe voice, such as highest frequency and
lowest intensity of the voice from the Voice Range Profile (often called the “phonetogram”),
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Table 1: Interpretation of the H score.

Value of
H Interpretation

0 No hoarseness
1 Mild hoarseness
2 Moderate hoarseness
3 Severe hoarseness

jitter in percent and the maximum phonation time in seconds. Note that this measure can
only be used with sustained vowels.
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4 Related work - relationship between dysphonia and

speech

4.1 Automatic classification of dysphonia

There are several approaches for the binary classification to separate samples of a healthy
subject from voices affected by some disorder. The first question is whether to use sustained
vowels or continuous speech. To date, researchers have achieved decent results in the
separation of healthy speech and speech affected by some disorder using sustained vowels
[53, 54, 55, 56, 57]. Sustained vowels have their advantages since they are easy to use because
there is no need for a resource intensive and language-dependent segmentation. However,
a significant proportion of researchers use continuous speech in their research [58, 59, 60].
Vicsi and her colleagues [58] point out that higher classification results can be achieved by
using continuous speech. Continuous speech has many benefits over the analyses of sustained
vowels providing fundamental frequency changes, pauses, phonation onsets, and it allows
us to explore various differences of phones. The research findings are expected to be more
applicable to practical work since continuous speech is used in real-world situations. Thus, a
more natural way of voice production can be examined. For these reasons, continuous speech
was used in form of read text material in my Thesis.

Several voice disorder speech databases exist for research use containing sustained vowels,
such as the Arabic Voice Pathology Database (AVPD), the German Saarbrücken Voice
Database (SVD) and the Massachusetts Eye and Ear Infirmary (MEEI) speech database.
However, speech databases containing continuous speech is not easy to find. A carefully
designed Hungarian dysphonic speech database that contains continuous speech is required.

It is worth noting, that Parkinson’s disease can lead to a dysphonic voice (but not
necessarily a hoarse one), so there are studies in which acoustic features are utilized in
typical dysphonic speech research to recognize Parkinson’s disease. Acoustic features like
jitter, shimmer, Harmonics-to-noise ratio (HNR) (or Noise-to-harmonics ratio - NHR) values
were taken into consideration. These acoustic features are also called “dysphonia measures”
among other acoustic features [61].

Several types of input vectors are constructed for inspection, for example: x-vectors and
i-vectors [62], glottal flow descriptors [63], auto-correlation and entropy features in different
frequency regions [57], ASR posterior features [64] etc.
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Choosing the most suitable classification algorithm poses another challenge. Deep neural
networks usually require a lot of data, but there are examples in the literature [65, 66, 67,
59]. On smaller databases, however, we may want to try other classifiers that have good
generalization capability on smaller data sets, such as SVM [58, 60, 57, 62].

Researches mainly focus on the binary classification between healthy and disordered
speech [63, 65]. The classification results vary widely, depending on the type of dysphonia to
be separated, the size of the speech database, the type of voice material used (sustained vowels
or continuous speech), the pre-processing methods chosen and the classifier. Using sustained
vowels usually lead to higher accuracies. In [55] researchers use the MEEI voice disorder
database to test their designed and implemented health care software for the detection
of voice disorders in non-periodic speech signals. The classification was done with SVM
and the maximum obtained accuracy was 96.21%. In their experiment the sustained vowel
/ah/ was used, vocalized by dysphonic patients and healthy people. In [57] accuracies are
reported to be were 99.54%, 99.53%, and 96.02% for MEEI, SVD, and AVPD. In their study
SVM was applied as a classifier and sustained vowel /a/ for both normal and pathological
voices were extracted from the databases. Some of the works presented on the MEEI voice
disorder database reveal very high results that led researchers to question the usefulness
of the database. Muhammad et al. in [68] argues that the normal and pathological voice
recordings are recorded in two different environments in this database. Therefore, it is hard
to distinguish whether the system is classifying voice features or environments. Therefore,
the results interpreted on the MEEI database should be treated with caution. Also, it points
out the importance of the creation of an appropriate speech database to conduct such
studies. Huiyi Wu and his colleagues [65] use sustained vowel /a/ for their examination of
Saarbruecken Voice Database of 482 were healthy people and 482 patients who are diagnosed
with organic dysphonia. A Convolutional Neural Network (CNN) was used for automatic
feature extraction and classification between healthy and organic dysphonia. 88.5%, 66.2%
and 77.0% accuracy were obtained on training, validation and testing data set respectively.

Using continuous speech, the task is more difficult, but these results are expected to
be more applicable to real life practical work. In [59] researchers used the phrase “Guten
Morgen, wie geht es Ihnen?” from the German Saarbrücken Voice Database to classify
dysphonia and healthy voices. A 66% f1-score was reached in their experiment with Long-
Short-Term-Memory and Convolutional Network for classification. The researchers point out
that using Deep Learning to classify pathological speech requires a huge amount of data.
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Vicsi and her colleagues in [58] used acoustic features measured from continuous speech to
classify 59 speakers into healthy (26 speakers) and dysphonia (33 speakers) groups. Their
classification accuracies were in the range of 86%-88%.

In some cases, researches focus on the separation of healthy speech and some specific
disease, but some papers focus on multi class classification [59]. For example, in the work
of Kazinczi et al. [69] researchers first show that an SVM based classifier can separate the
healthy and pathological voices automatically with a relatively high 87% accuracy. Then a
multi class classification was carried out providing 60% accuracy between healthy, FD and
RP groups. Additionally, a two-class classification provided 85% accuracy between healthy
and RP, 78% accuracy between FD and RP, 66% between healthy and FD groups. Another
example is the work of Muhammad et al. [70] where researchers apply only formant values as
features that aims the separation of multiple pathological diseases in a multi-class scenario.
The setup aims to separate multiple organic dysphonia disease types, namely: cyst, GERD,
paralysis, polyp and sulcus. Their classification rates are 67.86% for female and 52.50% for
male speakers. Researchers of the referenced publication [59] not only performed binary
classification between dysphonia and healthy speech but also attempted to classify dysphonia,
laryngitis, paralysis of vocal cords and healthy voices at once. They obtained 40% of f1-score
for the four classes, 67% between laryngitis and healthy and 80% between paralysis and
healthy speech. In another interesting work [60] researchers created three classes: healthy
subjects, subjects diagnosed with vocal fold oedema and nodules (physical disorders) and
subjects diagnosed with unilateral vocal folds paralysis (neuromuscular disorder). Their main
objective was to compare the performance of voice pathologies identification using continuous
speech with the sustained vowel /a/ typically used in these applications. The results showed
that continuous speech allows better results for the two systems and that Gaussian Mixture
Model (GMM) classifier overcame the SVM classifier. GMM system reaches 74% accuracy
rate while the SVM system obtains 72% accuracy. For the sustained vowel /a/, the accuracy
achieved by the GMM and the SVM is 66% and 69% respectively.

To my best knowledge there is no study aiming at the automatic separation of FD and
OD groups, although it would be a very important and interesting topic. On the other hand,
separation of the two groups would speed up the screening of potentially more serious cases.
In Thesis III I show that the separation of these two groups is feasible.
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4.2 Automatic assessment of dysphonia

Objective assessment of vocal quality is a fundamental part of the evaluation process. Some
subjective scales of dysphonia used in the medical field to quantify the severity of the disorder
were discussed in 3.5. However, we face a difficulty in achieving reliable scores for severity,
given that they depend on the internal standards of the examiner.

Specialists who deal with patients may have different sensitivity for specific dimensions
(like roughness or breathiness), fatigue, attention, exposure to a range of voice pathologies
and training in the perceptual qualification of vocal quality may also be factors that can
lead to inconsistent judgements [71]. Due to these inaccuracies researches sought to correlate
acoustic features with dysphonia severity scores. With today’s technology, we have the
opportunity to extract acoustic features from voice recordings and provide an objective
estimate of the severity of dysphonia. This procedure provides non-invasive estimation and
it is independent from the expertise of the medical professional.

Another question that arises is how to select the target variable for a regression procedure.
Researchers perform regression based on the evaluation of one expert, or better, they take
the mean of the evaluation of several professionals [72, 64, 73]. However, the consistency
of professional evaluation has been examined only in a few cases. Due to the differences
mentioned above, this can be a problem, therefore it is worth examining the evaluations of
professionals in terms of consistency.

Furthermore, the already elicited problem of using continuous speech or sustained vowels
has an impact on human rating. Studies revealed that listeners rate dysphonia, and especially
breathiness, more severely in sustained vowels than in continuous speech [74, 75, 76, 77]. As
mentioned before, using continuous speech is a more natural way of voice production.

In a research conducted by Maryn and his colleagues the relationship between acoustic
features and the overall perceptual evaluations of vocal quality were examined [72]. Voice
recordings from 22 vocally normal and 228 voice-disordered (both FD and OD) speakers were
used in their experiment, both sustained vowel phonation and continuous speech. A model
was developed using several acoustic features that aimed to determine the overall quality of
voice based on the perceptual ratings of five experienced voice clinicians. Acoustic measures
such as the smoothed cepstral peak prominence, HNR, shimmer local, shimmer local dB,
slope of the long-term average spectrum, tilt of the trend line through the long-term average
spectrum were used to build an equation (called the acoustic voice quality index) to quantify
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the severity of overall dysphonia. The correlation of the mean ratings of the specialist of
overall voice quality and the acoustic voice quality index resulted in 0.78. Although this
research is promising, a fast clinical severity assessment can be troublesome if the patient
needs to produce both sustained voice and continuous speech, as this prolongs the duration
of the medical examination.

Further difference among researches is whether they determine the severity of dysphonia
by classifying into severity groups [63, 64, 78] or by applying a regression procedure [52, 79, 80].
In [63] the AVPD database is used, by applying perceptual analysis the speech samples were
graded into three severity levels: mild, medium and severe. In case of cyst the classification
accuracy of mild, medium and severe severity categories was 73.8%, in case of paralysis
95.2%, in case of polys 67.5%. The experiment also shows that diseases can be classified
according to severity groups with different efficiencies. The models trained may be highly
dependent on the types of disease found in the training databases. In [64] researchers use
utterance-level ASR posterior features as an SVM input to classify utterances into categories
of mild, moderate and severe disorder. The two-class classification accuracy for mild and
severe disorders is 90.3%, between mild and moderate disorders a significant confusion is
observed. The goal of the research described in [78] was to distinguish grade, roughness,
breathiness, asthenia, strain (GRBAS) scale scores of pathological voices directly by using
a one-dimensional convolutional neural network (1D-CNN). They used an original dataset
containing 1,377 voice samples of sustained phonation of the vowel /a/. Each voice sample
was rated by three experts according to the GRBAS scale and the median values were used
as the correct answer label. The accuracy and quadratic weighted Cohen’s kappa was given
as metric for the testing dataset. The accuracy for the G scale was 77.1% and substantial
agreement (kappa equals to 0.710). The model for the R scale had an accuracy of 76% with
moderate agreement (kappa equals to 0.536).

Since the RBH scale was developed on the basis of the GRBAS scale, we can find
researches using both GRBAS [78, 52, 81] and RBH [80, 82] subjective scales. Both scales
are widely applied by experts in the field and together they cover all types of voice disorders,
regardless of their etiology [82].
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4.3 The relationship between dysphonia and children’s speech

Studies on the acoustic analyses of paediatric dysphonia are rare in literature, even though
it is a very important field of interest. Approximately, 23.4% of children are affected by
dysphonia [1]. Dysphonia has a negative impact on the physical and mental health of a
child, as a dysphonic voiced child is unable to communicate properly, may face struggles in
social and educational development and may also develop self-esteem and self-image issues
[83]. Another major problem is that parents do not perceive dysphonia symptoms as vocal
disorders in their children which can potentially delay diagnosis and proper medical care.

Since vocal nodules are the most common cause of dysphonia in children [84], the
relationship of vocal nodules and changes of speech is in focus. A large study involving
254 patients documented a relationship between nodule size and severity of hoarseness,
breathiness, straining, and aphonia [85]. Another study on 40 patients found no statistical
relationship between nodules and objective or subjective voice measures. Objective measures
included fundamental frequency abnormality, perturbation, shimmer, decreased respiratory
support, air loss, or significant muscle tension [86].

Because the sample size of speech databases containing dysphonic children’s voice is
small, researchers focus mainly on statistical analyses rather than classification [87, 88, 89].
Correlation dimension (D2) values for sustained vowels were significantly higher in dysphonic
children than in healthy children and analysis showed markedly higher percent jitter in
dysphonic children than in healthy children [88]. Janete Coelho and his colleagues analysed
the perceptual and acoustic vocal parameters of school age children with vocal nodules
and compared them to a group without vocal nodules [90]. Five children were examined
from both genders, aged from 7 to 12 years. The Mann–Whitney U test, with significance
level p < 0.05 was used in their study. Statistically significant differences were registered
between the group with vocal nodules vs. the group without vocal nodules, regarding the
following parameters: fundamental frequency, shimmer, HNR, maximum phonation time
for /a/ e /z/, s/z coefficient. The study of Gopi Kishore Pebbili and his colleagues [91]
aimed to document the Dysphonia Severity Index (DSI) scores of 42 Indian children aged
8–12 years. DSI values were found to be significantly higher (p=0.027) in girls than in boys.
DSI attempts to measure the severity of dysphonia based on the sustained production of a
vowel, using a weighted combination of maximum phonation time, highest frequency, lowest
intensity, and jitter of an individual. While using continuous speech t-tests revealed that
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variations of jitter and shimmer, HNR and the first component (c1) of the mel-frequency
cepstral coefficients are good indicators to separate healthy and dysphonic voices in children
[87].

More data would be beneficial for the development of a clinical diagnosis support system
and for the assessment of paediatric voice disorders. To my best knowledge there is no study
aiming the automatic separation of healthy and dysphonic voices of children. In Thesis IV I
show that it is possible to separate these two groups with high accuracy using continuous
speech.
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5 Materials and methods

5.1 Databases

5.1.1 Dysphonic and Healthy Adult Speech Database

Voice samples from patients were collected during their appointments at the Department of
Head and Neck Surgery of the National Institute of Oncology. Their speech was recorded in
a quiet medical consulting room. Each patient was a native speaker of Hungarian, so there
was no language barrier. All of them gave signed consent for their voices to be recorded.

It is known that the voice recording conditions affect the outcome of algorithms that
measure the acoustic features used for classification or for the estimation of dysphonia
severity. This influence is not to be underestimated. External or environmental noises, such
as the fan noise of the computer, the air conditioner’s noise, the noise of a cell phone ringing
or vibrating, or sounds outside the recording room (eg traffic sounds or heavy winds) may
all be captured by the microphone. For these reasons it is crucial to minimize noise in the
recording room to attain an optimal signal-to-noise ratio (SNR). An SNR level of 30 dB is
the minimum expectation to make a reliable recording worth analysing [92]. In order for the
classification / regression algorithms to work well in a medical room, the voice recordings
used for training must be also made in a medical room environment. While collecting the
recordings this was considered as well.

The recordings were made using a near field microphone (Monacor ECM-100), Creative
Soundblaster Audigy 2 NX outer USB sound card, with good quality A/D converter and
low noise level (audio coding: PCM, sampling rate: 16 kHz, quantization: 16-bit). Each
patient had to read out aloud one of Aesop’s Fables, “The North Wind and the Sun”. This
folk tale is frequently used in phoniatrics as an illustration of spoken language. It has been
translated into several languages, Hungarian included. The text is eight sentences long.
The database was annotated and segmented on phone level with the help of an automatic
phone segmentator which was developed in the Laboratory of Speech Acoustics [93] and
was followed by manual corrections. The annotation was done using the SAMPA phonetic
alphabet [94]. In the rest of this thesis, vowels and other speech sounds will be referred with
SAMPA characters in brackets.

The collected speech database contains voices from people suffering from diseases such
as tumours at various places of the vocal tract, gastroesophageal reflux disease, chronic
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inflammation of larynx, bulbar paresis, amyotrophic lateral sclerosis, leucoplakia, spasmodic
dysphonia, etc. The most frequent diseases are functional dysphonia (referred to as ‘FD’)
and recurrent paresis (referred to as ‘RP’). We refer to the recordings from patients with
dysphonia as ‘Dys’. Recordings from healthy control were collected as well. These recordings
are used as comparison, and they were collected from people who had attended for unrelated
check-ups. We refer to these recordings as ‘HC’.

The distribution of the voice recordings in the database is shown in 2. The database
contains a total of 450 recordings, 257 from patients with dysphonia (156 females and 101
males) and 193 from people with a healthy voice (108 females and 85 males).

In the course of my research the database was constantly expanding with new recordings,
this is why I drew my conclusions from a smaller database in case of some thesis statements.
At each thesis point I present the database I used.

Table 2: Dysphonic and Healthy Adult Speech Database.

Diagnosis
Sex Dysphonia Healthy Total

Female 156 108 264
Male 101 85 186
Total 257 193 450

5.1.2 Dysphonic and Healthy Child Speech Database

Voice samples from children were collected at several kindergartens. All the recordings were
made with parental consent, mostly in the presence of the children’s parents. The children
recited a poem entitled “The Squirrel”, written by Erika Bartos. This poem was chosen
for therapeutic reasons, speech therapists use the it during treatment. As children in the
5-10 year old age group are very fond of the poem, it is easy for them to learn it. The most
frequent vowel in the poem is the vowel [o], with 16 pieces followed by 14 pieces of the vowel
[O] and 9 pieces of vowel [E].

The recordings were created using a near field microphone (Monacor ECM-100), Creative
Soundblaster Audigy 2 NX outer USB sound card, with 44.100 Hz sampling rate and 16-bit
linear coding. The duration of the recordings is about 20 seconds each.

The segmentation was made with the help of an automatic phone segmentator (mentioned
in Section 5.1.1), followed by manual corrections. A total of 59 recordings were used in this
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work: 25 voices from children with dysphonia (mean age: 6.52(±1.94)) (3 children had vocal
nodes, the rest had functional dysphonia) and 34 recordings from healthy children (mean age:
5.35(±0.54)). Table 3 summarizes the recordings from the database used in the experiments.

Table 3: Dysphonic and Healthy Child Speech Database.

Diagnosis
Sex Dysphonia Healthy Total
Girl 5 15 20
Boy 20 19 39
Total 25 34 59

5.2 Creating the input vector

5.2.1 Input vector from acoustic features

This section provides a description of the acoustic features I applied in order to process
speech signals to extract clinically useful information. These features are widely used in the
speech signal processing research community and have been developed for various purposes,
including speaker identification, speech recognition, speech synthesis etc., and -as is the case
with the present study- for extracting clinically relevant information. Other tools have been
developed within distinct but related disciplines such as time series analysis.

When I examined adults’ voice, I created the input vector for the classifiers used from
acoustic features measured on vowel [E] (being the most frequent vowel in the read text), on
different phonetic classes and on the whole wave file.

For vowel [E] jitter(ddp), shimmer(ddp), HNR (Harmonics-to-Noise Ratio) and the
first component (c1) of the mel-frequency cepstral coefficients (referred to as ‘mfcc01’) were
measured. On different phonetic classes Soft Phonation Index (SPI) and Empirical
mode decomposition (EMD) based IMF entropy frequency band ratios were measured on
the voiced parts of speech, and the measured features were grouped into different phonetic
classes: the vowel [E], nasal phones marked with [m], [n] and [J], on high vowels marked
with [E], [e:], [i], [2] and [y], on low vowels marked with [O], [A:], [o] and [u], voiced spirants
marked with [v], [z] and [Z], voiced plosives and affricates marked with [b], [d], [g], [dz], [dZ]
and [d’]. SPI was calculated on the whole sample as well. Derived (utterance level)
acoustic features were calculated as the means, standard deviations and ranges of acoustic
features (range is defined as max - min of raw values). In this way, a total of 49 acoustic
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features were measured per each patient’s voice sample, so 49 dimensional input vector was
prepared from acoustic features. This feature set is further referred to as ‘the 49 feature set’.

When dealing with children’s speech, acoustic features were measured on vowel [o] (being
the most frequent vowel in the poem), on different phonetic classes and on the whole wave
file.

For vowel [o] the following acoustic features were measured: jitter, shimmer, HNR
(Harmonics-to-Noise Ratio), 12 mfccs, the fundamental frequency (F0), formant frequency
(F1, F2, F3), Formant frequency bandwidth (F1BW, F2BW, F3BW). On different pho-
netic classes SPI and IMF entropy frequency band ratios were measured on the voiced
parts of speech, and the measured features were grouped into different phonetic classes: on
vowel [o], on nasal phones, on high vowels, on low vowels, on voiced spirants, on voiced
plosives and affricates. SPI was calculated on the whole sample as well. Derived acoustic
features were calculated as the means, standard deviations and ranges of acoustic features.
A total of 103 acoustic features were calculated per each children’s voice sample.

A brief description of the used acoustic features follows.

Jitter [%]
Jitter (ddp) is the average absolute difference between the duration of consecutive time

periods (T) in speech, divided by the average time period. The abbreviation ‘ddp’ refers to
Difference of Differences of Periods. Calculation of jitter goes as follows:

Jitterddp =
∑N−1
i=2 |2 · Ti − Ti−1 − Ti+1|∑N−1

i=2 Ti
· 100[%]. (1)

Ti is the duration of the i-th interval and N is the number of intervals.

Shimmer [%]
Shimmer (dda) is the mean absolute difference between consecutive amplitude differences

of consecutive periods. The abbreviation ‘dda’ refers to Difference of Differences of Amplitudes.
Its calculation goes in a similar way:

Shimmerdda =
∑N−1
i=2 |2 · Ai − Ai−1 − Ai+1|∑N−1

i=2 Ai
· 100[%]. (2)

In the formula, Ai is the magnitude of the i-th period and N is the number of intervals.
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Harmonics-to-Noise Ratio (HNR) [dB]
HNR represents the degree of acoustic periodicity. It is calculated with the following

formula

HNR = 10 · log EH
EN

[dB], (3)

where EH is the energy of the harmonic component, while EN is the energy of the noise
component.

When measuring jitter, shimmer and HNR a pitch calculation time step of 0.01 seconds
and calculation window of 0.064 seconds was used.

Mel Frequency Cepstral Coefficients (MFCCs)
MFCCs are widely used in automatic speech and speaker recognition, where frequency

bands are equally spaced on the mel scale, that approximates the human auditory system’s
response. To calculate the MFCCs on needs to do the following steps:

1. First, we need to frame the speech signal into short frames (usually into 20-40 ms
frames, 25 ms is standard). Frame step is usually 10 ms, which allows some overlap to
the frames.

2. For each frame we need to calculate the periodogram estimate of the power spectrum.

3. Then we apply the mel filter bank to the power spectra. The Mel-spaced filter bank
is a set of 20-40 (26 is standard) triangular filters that we apply to the periodogram
power spectral estimate.

4. We sum the energy in each filter and take the logarithm of all filter bank energies (Pj).

5. MFCCs are the output of a Discrete Cosine Transform (DCT) on spectral values Pj.
Usually we keep the 1-12 DCT coefficients and discard the rest. DCT is given by the
following equation:

ck−1 =
N∑
j=1

Pj · cos(π · (k − 1)
N

· (j − 0.5)), (4)
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where N represents the number of spectral values and Pj the power in dB of the j-th
spectral value (k runs from 1 to N). In case of adults the first component (c1) of the mel-
frequency cepstral coefficients (referred to as ‘mfcc01’) was used. When measuring MFCCs
the time step was 0.01 seconds and a window size was 0.025 seconds.

Soft Phonation Index (SPI)
Soft Phonation Index (SPI) and Empirical mode decomposition (EMD) based IMF entropy

frequency band ratios were measured on the voiced parts of speech, and the measured features
were grouped into different phonetic classes: nasal phones marked with [m], [n] and [J], on
high vowels marked with [E], [e:], [i], [2] and [y], on low vowels marked with [O], [A:], [o] and
[u], voiced spirants marked with [v], [z] and [Z], voiced plosives and affricates marked with
[b], [d], [g], [dz], [dZ] and [d’]. SPI was calculated on the whole sample as well; no standard
deviation was calculated here.

SPI is the average ratio of energy of the speech signal in the low frequency band (70-1600
Hz) to the high frequency band (1600-4500 Hz).

SPI = E70−1600Hz

E1600−4500Hz
[dB]. (5)

A time step of 0.01 seconds and a window size of 0.025 seconds was used during
calculations.

Empirical mode decomposition (EMD) based IMF entropy frequency band
ratios

Empirical mode decomposition (EMD) was proposed by Huang et al. for analysing non-
stationary and non-linear time series [95] [96]. EMD can be combined with Hilbert spectral
analysis that is called Hilbert - Huang Transform (HHT). HHT preserves the characteristics
of the varying frequency which is an important advantage in real-world signals. In the EMD
process a multicomponent signal is decomposed into elementary signal components called
intrinsic mode functions (IMFs). The decomposition is based on the local characteristic
time scale of the data, it is applicable to nonlinear and non-stationary processes, such as
biomedical signals like speech. IMFs represent zero-mean amplitude and frequency modulated
components [97]. EMD is a fully data-driven, unsupervised signal decomposition. EMD is
similar to Fourier and wavelet analysis as it also satisfies the perfect reconstruction property,
i.e. the extracted IMFs together with the residual slow trend reconstructs the original signal
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without information loss or distortion. The most challenging problem of the procedure is to
interpret the extracted IMFs in physical terms. During the algorithm, the IMFs are arranged
in a matrix in sorted order according to frequency.

The EMD algorithm can be summarized in five steps:

1. Define the minimum and maximum of the signal (in our case waveform);

2. Use cubic spline interpolation to create a bottom envelope from connected minimums
and an upper envelope from connected maxima;

3. Calculate the mean time series of the envelopes;

4. Subtract the mean time series from the data to obtain the next IMF component;

5. Repeat steps 1-4 so that the starting signal is the signal from the previous step.

Stop the process when the received signal meets the given end criterion.
An example of the EMD decomposition of a non-stationary time series S(t) = cos(7t) +

sin(4t) + 0.1t can be seen in Figure 1, while a decomposition of a [E] phone from continuous
speech in Figure 2.

In Figure 1 the signal constructed by a sinus and cosine component was generated for 10
seconds, the EMD decomposition provided four IMFs. While the signal showed in Figure 2
is from the first [E] phone from the Hungarian word “egyszer”. The length of the phone is 70
ms, the EMD decomposition provided seven IMFs.

The first few IMFs represent the high frequency components of the signal, the latter
IMFs represent the lower frequency components. I calculate the entropy (H) for each IMF.
The frequency band ratios of entropy were calculated the following way:

IMFentropy =
∑2
d=1 Hd∑D
d=2 Hd

. (6)

Hd is the value of Shannon entropy for each d = 1,2,...D of the log-transformed IMFs. D
is the total number of extracted IMFs.
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Figure 1: An EMD decomposition of the non-stationary time series
S(t) = cos(7t) + sin(4t) + 0.1t.

Figure 2: An EMD decomposition of a female [E] phone from continuous speech.
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For a discrete random variable x, which can take a finite number n of possible values
xi ∈ {x1, . . . , xn}, with probabilities of pi ∈ {p1, . . . , pn}, the Shannon entropy is defined as

H(x) = −K
n∑
i=1

pilogpi, (7)

where K is a positive constant.
The entropy of a signal is calculated from the distribution (histogram) of the amplitude

values, which can be considered as a density function. The value of pi can be interpreted as
the ‘probability of occurrence’ for a given amplitude.

In this way, a total of 49 acoustic features were measured per each patient’s voice sample,
so 49 dimensional input vector was prepared from acoustic features.

Fundamental frequency (F0) [Hz]
Human voices can be divided into two groups: voiced and unvoiced. In case of voiced

sounds when the vocal cords open and close quasi-periodically as a function of the change
in pressure conditions, the resulting amplitude-time function can be regarded as periodic
or quasi-periodic. The time taken for the vocal folds to complete one oscillation (cycle) is
known as pitch period T (sec). The fundamental frequency is the reciprocal of this period,
thus its value is given by the following formula:

F0 = 1
T

[Hz]. (8)

Speakers have a wide range of fundamental frequencies, but the average range of fun-
damental frequencies is different for children (250-500 Hz) [98], women (150-300 Hz), and
men (80-150 Hz) [99] [23]. This is because men and women have different vocal fold sizes,
which causes different patterns of vibration, in particular the number of times the vocal
folds vibrate during a second. This is also true for children as their vocal organs are not fully
developed yet.

The fundamental frequency calculation was done by an autocorrelation method described
in [100] with a pitch calculation time step of 0.01 seconds and a calculation window of 0.064
seconds.
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The first, the second and the third formant frequency (F1, F2, F3) [Hz]
In the case of voiced sounds, the vibration of the vocal cords excites the articulation

channel. The sound produced at the vocal cords can be resolved to the fundamental frequency
and its harmonics (integer multiples of the fundamental frequency), up to about 5000 Hz
in healthy cases. In general, a decrease of 12 dB / octave in the amplitude values of the
harmonic structure is observed. The fundamental frequency has the highest amplitude. This
harmonic structure enters the articulation channel, where amplifications can be observed in
certain areas of the spectrum, around the resonant frequencies generated by the articulation
channel. Such amplified spectral areas in the spectrum are called formant frequencies. The
frequency of a given formant refers to the location of the maximum amplitude of the envelope
of the resonance frequency range [23].

Each voiced sound has its typical formant frequency values. I case of vowels the first and
second formant frequencies clearly define the vowel. If, for a given sound, the values of the
formant frequencies differ significantly from the formant values of the sound specified by the
language, it is considered an articulation error.

Formant frequency tracking was realized by applying Gaussian window for a 150 ms long
signal at a 10 ms rate. For each frame LPC coefficients were measured.

The bandwidths of the first, the second and the third formant frequency
(F1BW, F2BW, F3BW) [Hz]

Bandwidth in signal processing is defined as the frequency region in which the amplifica-
tion differs less than 3 dB from the amplification at the centre frequency. This is the range
of a lower and upper frequency cut-off values. In speech technology the term is the same as
in signal processing, formant frequencies being the centre frequencies.

The bandwidths of each formant frequency are denoted as F1BW, F2BW, F3BW and
so on, similarly to formant frequencies. The higher the formant number, the broader the
bandwidth is generally [23]. Increased bandwidth values compared to normal speech indicate
that the amplification of formant frequencies is inadequate, which is an articulation error.

5.2.2 Input vector from phone level posterior probability values of an ASR

The acoustic models of Automatic Speech Recognizers (ASR) can also be used to extract
features for dysphonia detection and classification. Today‘s state-of-the-art hybrid ASR
acoustic models are composed of a transition model (a Hidden Markov Model) and a phone
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classifier (DNN) [101]. The phone classifier can also be used to classify frames in standalone
mode (without adding the recognition network and the ASR decoder) by using a forward
pass for the speech frames one-by-one. In this way we obtain posterior probabilities of phones
every 10 ms time frame from the DNN softmax layer of the phone classifier. Hence, only the
phone classifier component of the acoustic model is used for prediction.

The acoustic model used for my experiments was trained on Hungarian data mixed from
BABEL [102], the Hungarian Reference Speech Database (MRBA) [103] and the Hungarian
Broadcast News Database [104] with the Kaldi toolkit [105], following the ‘nnet2‘ WSJ recipe.
Its phone classifier is based on spliced and LDA+MLLT transformed MFCC features input
into a feed-forward DNN with 4, 1024 dimensional hidden layers with p-norm nonlinearity
(p=2) and a softmax output for up to 2500 senones (context sensitive logical phone entities).
After the forward pass in inference time, the senones are collapsed to phones of the 39
element SAMPA Hungarian phone set [102].

When the phoneme in question takes the highest probability value of all the other
phonemes in the frame (i.e., the phoneme ‘wins its frame’), I stored the values in a list, then
I calculated the mean, standard deviation and the range. I did the calculations for vowels
[E], for nasals, high vowels, low vowels, voiced spirants and plosives and affricates, for each
recording. This resulted in a 21 dimensional vector per recording. I refer to this input vector
as “ASR posterior features” to maintain coherence of terms with international literature,
although as we have seen, these features are not ASR features in the strict sense, as they
are generated by the phone classifier of a small acoustic model.

5.3 Statistical methods

5.3.1 Chi-squared tests

The chi-square test is a non-parametric statistical technique [106]. The chi-square test uses
frequencies of categorical or ordinal data. The test can be used to determine the relationship
between categorical variables (test of Independence). Test statistics that follow a chi-square
distribution are independent and normally distributed. This assumption is often justified
due to the central limit theorem. The chi-square assumes that the data for the study is a
random sample from a population and the categories are mutually exclusive.

The chi-squared statistic summarizes the differences between the expected frequency
when an outcome occurs and the observed frequency of it. This is done by summing the
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squares of the differences, then normalized by the expected values over the categories. This
can be calculated with equation 9.

χ̃2 =
n∑
k=1

(Ok − Ek)2

Ek
, (9)

where O is the observed values (data), E is the expected values, k is the index and n is
the number of mutually exclusive classes. The null hypothesis (H0) for a chi-square test is
that the observed values and the expected values are independent, the alternative hypothesis
(H1) states that they are dependent. The test calculates a p-value. If p is greater than the
critical value for a given degree of freedom and a given level of significance, the test discards
H0, otherwise it retains it. I used a significance level of α = 0.05.

5.3.2 Mann-Whitney U test

Two independent sample sets can be compared using the Mann-Whitney U test, which is
also a non-parametric procedure [107]. With this test, I will investigate the homogeneity of
the two groups in light of their distribution with respect to the severity of dysphonia.

The Mann-Whitney U-test is an alternative to the independent samples t-test, and it does
not assume any specific probability distribution. It is not unusual to use the Mann-Whitney
U-test when the assumptions of the independent samples t-test have been violated, in
particular the assumption of normality. The null hypothesis (H0) is that the population
distributions are the same in the two independent sample sets. The alternative hypothesis
(H1) is that the distributions are not equal in the two sample sets.

The condition in which one can use this test are the following: the sample must be
random, the observations within each sample are independent, as well as the sample sets
must be independent from one another.

To perform the test, the following steps must be performed: first, the elements of the
two sample sets are merged and ranked in order (based on their values), and to each of
their values rank numbers are assigned. The sum of the rankings of the groups (R1 and R2)
is then determined for each group. If the groups do not have the same number of values,
denote the smaller group by N1 and the larger group by N2. We calculate the U-statistic for
the smaller sample using equation 10.
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U = N1 ·N2 + N1(N1 + 1)
2 −R1. (10)

The mean (x̄B) and the variance (S2
U) of the distribution are given by equations 11 and

12:

x̄U = N1 ·N2

2 , (11)

S2
U = N1 ·N2(N1 +N2 + 1)

12 . (12)

If N is greater than 8, then U has an approximately normal distribution. In that case,
the standardized value is given by formula (13.

z = U − x̄U
SU

, (13)

where SU is the standard deviation of the distribution.
Based on the z value, we can decide on the H0 (H0: R1 = R2) hypothesis. If, at the 0.05

level the relation -1.96 6 z 6 1.96 is true, then hypothesis H0 is accepted, otherwise it is
rejected. Rejection of H0 represents a significant difference in the distribution of samples
(H1: R1 6= R2).

5.3.3 Pearson correlation

In statistics, by correlation we typically mean the linear relationship between two probability
variables [108]. If two probability variables are independent, they are also uncorrelated, but
the opposite is generally not true, although in the case of normally distributed probabil-
ity variables, uncorrelation also indicates independence. If the correlation coefficient is 0
(H0), then the two variables are uncorrelated, otherwise there is a linear relationship (H1).
Acceptance or rejection of H0 is determined by the correlation coefficient as follows:

t = r ·
√
n− 2
1− r2 , df = n− 2, (14)
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where df is the degree of freedom, n is the number of sample pairs of the two probability
variables, and r is the correlation coefficient calculated by the following formula:

rxy =
∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
√∑n

i=1(yi − ȳ)2
, (15)

where xi and yi are the individual sample points indexed with i, x̄ and ȳ represent the
sample means. If t is greater than the critical value for a given degree of freedom and a given
level of significance, the test discards H0, otherwise it retains it.

To assign a meaning to the strength of the correlation, I used the guide that Evans
suggests to interpret the absolute value of r [109]:

• 0.00-0.19 “very weak”;

• 0.20-0.39 “weak”;

• 0.40-0.59 “moderate”;

• 0.60-0.79 “strong”;

• 0.80-1.0 “very strong”;

To inspect the relationship of the acoustic features with the severity of dysphonia the
Pearson product-moment correlation coefficient was calculated, as defined in equation 15.

To determine whether the correlation between the variables is significant, one must
compare the p-value to a significance level. During correlation analysis α = 0.01 level was
used. This significance level indicates that the risk of concluding an existing correlation, even
if it doesn’t exists, is 1%. When performing correlation analysis, if the calculated p-value is
less than or equal to the significance level, we can conclude that the correlation is different
from 0. If the p-value is greater than the significance level, we cannot conclude that the
correlation is different from 0.

5.3.4 Reliability Analysis

During my research I examined the consistency of four specialists’ RBH ratings with
Cronbach’s Alpha and the Intra Class Correlation Coefficient (ICC). Both methods are
widely used to estimate the reliability of a composite score.
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Cronbach’s alpha
Cronbach’s alpha is the most commonly used metric for measuring and expressing

internal consistency. Statistics are mainly used to test the consistency of respondents in
questionnaires, i.e. the reliability of their answers [110]. Sample size can influence Cronbach’s
alpha results scores, that have a low number of items tend to have lower reliability.

To use Cronbach’s alpha the data must satisfy the following conditions: unidimensionality,
(essential) tau-equivalence and independence between errors. Unidimensionality assumes the
questions we are measuring have only one dimension [111]. The tau-equivalence assumption
means that the same true score applies for all test items, or equal factor loadings of all items
in a factorial model [112].

The relationship between the alpha value and consistency is shown in Table 4.

Table 4: Meaning of Cronbach’s alpha values.

Cronbach’s alpha Internal consistency
α ≥ 0.9 Excellent

0.9 > α ≥ 0.8 Good
0.8 > α ≥ 0.7 Acceptable
0.7 > α ≥ 0.6 Questionable
0.6 > α ≥ 0.5 Poor

α > 0.5 Unacceptable

The alpha parameter is calculated as follows:

α = Nc̄

v̄ + (N − 1) · c̄ , (16)

where N is equal to the number of cases, c̄ is the mean covariance of the case pairs, here,
the mean covariance of the four estimates, and v̄ is the average variance over the the four
estimates.

Intraclass correlation coefficient (ICC)
In statistics, intraclass correlation coefficient is an inferential statistic that can be used

as a measure of the reliability of measurements or ratings. [113]. It describes how strongly
the given results of each measurement are similar to each other. The assumptions of ICC
include normality and homogeneous variance [114].

Its calculation follows the below principle:

48



5 MATERIALS AND METHODS

r = MSB −MSW

MSB + (k − 1) ·MSW
, (17)

where MSB (Mean Square Between groups) is the mean square among sample means,
while MSW (Mean Square Within groups) is the within group variation divided by its
degrees of freedom, and k is the number of cases.

Cicchetti in [115] provides the following interpretation for ICC inter-rater agreement
measures (Table 5):

Table 5: Meaning of ICC r values.

ICC Internal consistency
r <0.4 poor

0.4 <r <0.59 fair
0.6 <r <0.74 good
0.75 <r <1 excellent

5.4 Classification and regression methods

Applying machine learning methods, I performed classification and regression tasks to
investigate the accuracy of the automatic detection of dysphonia and the severity of dysphonia
using acoustic-phonetic features or phone level posterior probability values derived from
speech. During my research several machine learning methods were tested in order to perform
these tasks. In this Section I will briefly describe each method.

Binary classifications
The goal of binary classification was to distinguish healthy voices from the ones with

dysphonia in the case of adults and children. Furthermore, the automatic separation of
functional and organic dysphonia was performed as well.

For classification tasks I used support vector machines (SVMs) and Deep neural networks
(DNNs). The advantage of SVM is that it works well on small datasets. SVMs do not only
learns the training points, but also achieve high generalization ability. It provides particularly
good results for binary classifiers. DNNs on the other hand require “relatively” large datasets
to work well.

The best results for distinguishing healthy voices from the ones with dysphonia were
obtained using a Fully-Connected Deep Neural Network, with 4 hidden layers, each of them
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with 25 neurons [116]. ReLU (Rectified Linear Unit) activation function was used on the
hidden layers, Softmax on the output layer. The computationally efficient Adam optimizer
was used to update the network’s weights during training. This method can be used instead
of the classical stochastic gradient descent procedure [117]. To avoid overfitting, I used
dropout (with value of 0.25). More on it can be found in Section 5.4.2 and 6.2.

For classification with support vector machines, I used C-SVM with linear and radial
basis function (rbf) kernel [118] [119]. SVM is a supervised machine learning algorithm which
is used mainly for binary classification tasks [118]. It uses the kernel trick to transform data
and based on these transformations it finds an optimal boundary between the classes. The
classifier was used successfully in our previous work achieving high accuracy separating the
healthy and pathological voices [69]. Since DNNs require a lot of data, the classification
of functional and organic dysphonia and the classification of healthy and children with
dysphonia was performed with SVM.

Unsupervised cluster analysis
The k-means is one of the simplest clustering approaches [120]. This method is a fast

and simple approach to the problem: it is easy to implement, and it is easy to interpret the
clustering results. Cluster analysis is used to classify cases into relative groups called clusters,
in this case: individual assessments of severity of dysphonia. In cluster analysis, there is no
prior information about the cluster membership for any of the data. If the acoustic feature
set and the unsupervised learning method are fixed, it is possible to compare four cluster
models, in each case labelled by a specialist’s judgement. In order to examine the subjective
nature of RBH k-means, cluster analysis was done. More on this method in Section 5.4.1.

Regression analysis
Support vector regression (SVR) with linear and rbf kernel was used in order to automat-

ically determine the severity of dysphonia [121]. By its nature, linear regression only looks
at linear relationships between dependent and independent variables; linear regression also
assumes that there is a straight-line relationship between the input variables and the target.
SVR with rbf kernel has good generalization and strong tolerance to input noise. For the
regression task epsilon-SVR was used [121].
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Optimization techniques
The hyperparameters of the SVM and SVR methods were selected by grid search. In case

of grid search, you can specify which values to test for each hyperparameter, and the function
will automatically run the training for each given case and specify which combination achieves
the best result. The advantage of this method is that it is simple, it tries out each given
combination by itself, without having to manually adjust it. On the contrary, it only works
with discrete variables, and because it tests every combination, it can be very slow and time
consuming to have a slightly larger set of parameters to try.

In case of SVM and SVR with radial basis function hyperparameters (C - cost and γ)
were tested with grid search with values of the power of 2 in range -10 to 10.

In case of the DNN, I did not use an automatic tool to determine the best hyperparameters,
instead, I tried out several combinations of the number of hidden layers, the number of
neurons in the hidden layers and the droupout values, following rules of thumb. In my
experiments, I modified the number of hidden layers from 2 to 5. I adjusted the dropout
value between 0.2 and 0.5 in increments of 0.05. I tested the number of neurons in the hidden
layers between 10 and 50, with an increase of 5 neurons. The configuration that yielded
the best results, is the one with 4 hidden layers, containing 25 neurons in each layer and
a dropout value of 0.25. Consequently, that is the one referenced whenever I mention the
DNN model later in my Thesis.

5.4.1 k-means clustering

In unsupervised learning the data have no target attribute. What we are interested in is
discovering the structure underlying the data. We want to explore the data to find some
intrinsic structures in them.

Clustering is a technique for finding similarity groups in data, called clusters. The goal is
to show that there are groups of data sets that are more similar to each other than members
of other groups.

Clustering is often synonymous with unsupervised learning. This is because it takes no
class values denoting an a priori grouping of the data instances, as opposed to what we see
in supervised learning.

A cluster is a collection of data items which are ‘similar’ between them, and ‘dissimilar’
to data items in other clusters. The data within each cluster is similar to each other on
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the basis of some dimension and attributes, and at the same time they are different from
the elements of the other clusters. The formation of groups, i.e. clusters, can be done on
the basis of different distances and / or similarity measures. Another important feature of
the process is that the goal is to create groups that do not overlap as much as possible.
Note, some methods (fuzzy clusters) allow the creation of overlapping clusters, which may
be needed in specific applications.

The fact that two elements belong to the same group does not mean that they are the
same in every respect, similarity of certain attributes may be sufficient. The procedures
used in practice fall into two broad categories: hierarchical methods and non-hierarchical
methods.

K-means is one of the simplest algorithms that uses unsupervised learning method to
solve known clustering issues [120]. It assigns each element to the cluster whose center is
closest to that element. This method is a fast and simple approach to the problem: it is easy
to implement and the clustering results are easy to interpret. The standard algorithm (also
referred to as naive k-means) for a given an initial set of k means m(1)

1 , ...,m
(1)
k alternates

between two steps: the assignment step and the update step [122].
In the assignment step we assign each observation xp to the cluster S(t) with the least

squared Euclidean distance:

S
(t)
i =

{
xp :

∥∥∥xp −m(t)
i

∥∥∥2
≤
∥∥∥xp −m(t)

j

∥∥∥2
∀j, 1 ≤ j ≤ k

}
, (18)

where each xp is assigned to exactly one S(t), even if it could be assigned to two or more
clusters.

In the update step the means (centroids) are recalculated for the observations assigned
to each cluster with the following formula:

m
(t+1)
i = 1∣∣∣S(t)

i

∣∣∣
∑

xj∈S
(t)
i

xj. (19)

The biggest advantage of the algorithm is its simplicity and speed, which allows it to
be used on large data blocks [123]. The disadvantage, however, is that it does not give the
same result after different runs because the result of clustering is affected by the initial
randomization. It minimizes the variance within clusters, but does not result in the lowest
variance overall.
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5.4.2 Neural Networks

Deep learning is part of a broader family of machine learning that performs complex
calculations based on artificial neural networks with representation learning. Nowadays, it is
gaining ground and is getting better results in many applications. In this subsection I cover
the basics of Artificial Neural Networks (ANN).

The neuron
The most popular neuron model is the “perceptron”. The perceptron is a neuron capable

of separating two sets of linearly separable samples after training. In essence, it implements a
binary classifier that is made up of a neuron. In this context they are already called elemental
neurons. It was named after the neurons in the brain, because their structure and function
were modelled by them. Figure 3 shows the structure of the neuron. It assigns a weight to
each of the n inputs, then adds up the product of the inputs and their respective weights. It
then applies a so-called activation function to the sum that ensures nonlinearity [116]. In
addition to the weighted inputs, an extra input, called bias is usually added with a value of
1, which ensures that you may get a sum other than 0 even if each input sample has a value
of 0.

Figure 3: Artificial neuron.
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Activation functions
The activation function usually provides nonlinearity for neural networks, which is needed

because most of the problems and data in the world are nonlinear. When applied to the
sum of the inputs and weights multiplied by elementary neurons, it gives the output. The
interpretation range of the output is usually a set of real numbers. The set of values of the
output is a finite subset of real numbers, for example, a range of 0 to 1, or -1 to 1.

There are many activation functions, the choice of which depends on the problem to
be solved and the available data. The most common ones today include Linear, Sigmoid,
Reflected Linear Unit (ReLU), Tangential Hyperbolic (TanH) and Softmax activation
functions. The Linear Activation function is the simplest, in fact, it simply returns the value
obtained. TanH and Sigmoid are activation functions shown in Figure 4 and Softmax in
Figure 5.

Figure 4: Sigmoid and tangent hyperbolic activation functions.

In the equation in Figure 5, x is the input vector and K is the number of classes. The
Softmax activation function is generally used for multi class single label classification, so
usually it is used as an output node activation function. Softmax outputs a probability
distribution. If we sum the probabilities of all the classes, we get one as a result. The
predicted class is the one having the highest probability output.

Artificial Neural Network - ANN
The Artificial Neural Network (ANN) is one of the main tools used in machine learning,

often referred to simply as a “neural network”. The network itself is not an algorithm, but
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Figure 5: Softmax activation function.

rather a framework for machine learning algorithms [124]. In its name, the “neural” part
implies that the system’s operation was inspired by the brain and its function, and with the
help of it, we are trying to replicate the way in which a human being is learning. Like the
brain, ANN is made up of nodes, that is, neurons and the connections between them. The
network consists of an input and output layer, and possible hidden layers between the two,
in which neurons are grouped. The neurons in each layer transmit the signals from their
input to the next layer with the help of their connections. They pass the processed signal
until the output layer. The connections are assigned to a weight by which the passing signals
can be weakened or amplified. These weights are usually real numbers. As a result, by the
time the input data passes through each layer to the output layer, it is transformed.

Based on the connections between individual neurons, we can divide networks into two
main groups; feedforward neural networks and recurrent neural networks. If a directed
graph representing a network topology contains a loop, it is called recurrent, otherwise it is
feedforward.

Deep Neural Network - DNN
Numerous variants of neural networks already exist for various problems with different

structures, such as deep neural networks that have many hidden layers, convolutional neural
networks that work on the convolution of input data and shared weights, or recurrent neural
networks that already have memory and this makes them suitable for time series tasks. A
deep neural network is a neural network that has many hidden layers. There is no exact
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definition of how many hidden layers are considered deep, but usually two or more hidden
layers are already categorized as deep. As an example, in Figure 6 shows a Fully-Connected
feedforward deep neural network.

Figure 6: A feedforward deep neural network.

Stochastic Gradient Descent (SGD), cost functions and back propagation
The weight of the connections at first are randomly initialized, but can be trained

with Stochastic Gradient Descent (SGD) using backpropagation as a gradient computing
technique [125, 126, 127]. The SGD is one of the simplest general optimization algorithms in
multivariate functions. The backpropagation algorithm is a fast technique of computing the
gradient of the cost function. The training of the neural network with SGD goes as follows.

The training of neural networks consists of two parts: forward-propagation and backprop-
agation. During the forward pass the data is received by the neurons at the input layers,
their outputs are calculated, and then transmitted to the neurons of the next layer through
their connections. This continues until the output layer results in a value. The next step is
to evaluate the predicted output Ŷ against an expected output Y . This evaluation between
Ŷ and Y happens through a cost function (or loss function), which can be a simple MSE
(mean squared error) or a more complex function like cross-entropy. The lower the loss value,
the more accurate is the model, but if the loss is a high value, the training goes in the wrong
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direction and the weights need to be optimized. Depending on the nature of the task (e.g., a
classification task or a regression task) different cost functions might be worth applying.

The next step is backpropagation, where backpropagation aims to minimize the cost
function by updating the network’s weights. The level of adjustment is determined by the
gradients of the cost function with respect to those parameters. During backpropagation
the partial derivative of the error from the cost function (with respect to each parameter)
is calculated in a backward pass through the network. The extent to which the algorithm
modifies the weights depends on the learning rate. The learning rate is used to scale up
or down the magnitude of the update. If the learning rate is too low, the search for the
minimum loss can be very slow or you may even get stuck in a local minimum. Taking
too big steps in the loss space is avoidable as well. If the learning rate is too high, there
is a chance that you will not find the minimum. To avoid this, it is a good idea to use
optimization algorithms that use an adaptive learning rate.

The gradient descent only works with derivable functions, so it is important to choose
appropriate activation functions. In practice, the Tangential Hyperbolic and Sigmoid functions
are widespread. The two activation functions have the same shape only their value set is
different. While the value set of Tangential Hyperbolic is (-1, 1), the value set of of Sigmoid
is (0, 1) (see Figure 4).

Vanishing gradient problem and ReLU
The purpose of the SGD is to determine to what extent the actual value of each weight

contributes to the error. As shown in Figure 4, the Sigmoid activation function “squeezes”
the values into 0 and 1 and Tangential Hyperbolic activation function between -1 and 1.
As a result, when applied to hidden layers, the weights become very low, so that a larger
change in the input is hardly perceptible at the output. This is a so-called vanishing gradient
problem, which is solved by using the ReLU activation function on hidden layers, or some
variation of it, such as Parametric ReLU, as described as shown in Figure 7. The latter is
useful because while conventional ReLU resets negative values to 0, parametric ReLU allows
values below zero to pass through this range with a parametric multiplier (for example 0.1).
All you have to do is enter the parameter, which is 0.1 for the function shown in the figure.
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Figure 7: ReLU and Parametric ReLU activation functions.

Regularization techniques
Different regularization techniques can be used to avoid overfitting such as early stopping

or L1 and L2 regularization. In my work I used the so-called dropout regularization technique
[128].

During dropout, we can specify a probability value per neuron so that in some iterations
their outputs are not taken into account when calculating the model end result. By doing
so, it simulates that multiple models are taught and their results aggregated, thus avoiding
overfitting of the training data. It is a generally accepted rule of thumb that the dropout
value should be between 20% and 50%.

5.4.3 Support Vector Machines

The purpose of SVM is to create an optimal linear model for classifying samples represented
by a feature vector, that is, to determine the hyperplane in the space defined by the feature
vector that properly separates the training samples [118]. It is basically suitable for two-class
classification, which can be expanded to include multi-class classification. For a two-class
classification, the two classes are denoted by -1 and +1.

Linearly separable case
The training dataset samples are said to be linearly separable if you can specify a
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hyperplane between the classes defined by the samples that separates the classes without
error. However, it is possible that more than one such hyperplane can be specified, in
which case the SVM returns a hyperplane with a maximum margin, which maximizes the
generalization ability. The hyperplane can be specified by the equation w · x+ b = 0, where
w is a vector perpendicular to the hyperplane, b

||w|| is the distance between the hyperplane
and the origin.

To determine the hyperplane the SVM selects the x vectors that are closest to the
hyperplane from the training vectors, called support vectors. The main task of the SVM is
to determine the values of w and b so that the following set of equations is satisfied for the
training set while maximizing 1

||w|| :

y(xi · w + b)− 1 ≥ 0,∀i ∈ I, (20)

where y is the representation of the two classes by -1 and + 1, and I is the set of support
vector vectors.

Non-linear case
The SVM can also classify non-linearly separable patterns, using the so-called kernel

function, that transforms the original problem into a higher dimensional space where it is
possible to specify a separating hyperplane. The most common kernel functions are:

Linear : K(θ(xi), θ(xj)) = xTi · xj,

Polynomial : K(θ(xi), θ(xj)) = (γ · xTi · xj + r)d, γ > 0,

Radial − basisfunction(RBF ) : K(θ(xi), θ(xj)) = exp(−γ(||xi − xj||)b), γ > 0,

Sigmoid : K(θ(xi), θ(xj)) = tanh(γ · xTi · xj+)

(21)

where d, γ and r are hyperparameters for the given kernel functions.
However, transforming into too high a dimensional space can have a negative effect on

the generalization ability of the model, so it is worth introducing a weakening variable ζi,
which specifies the location of each vector in terms of the decision. ζi = 0 indicates that the
given vector is well classified and located outside the hyperplane margin. ζi = 1 indicates
that the given vector is misclassified, and 0 < ζi < 1 indicates that, although the vector is
well classified, it is within the margin of the hyperplane. Based on this, the original equation
system is modified as follows:
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y(θ(xi · w + b)− 1 + ζi ≥ 0,∀i ∈ I, (22)

while maximizing 1
||w|| , we can write the optimization problem as follows:

minw,b,δ{
1
2 ||w||

2 + C
k∑
i=1

ζi}, (23)

where k is the number of training samples. The constant C ≥ 0 hyperparameter controls
the magnitude of the penalty caused by ζi. For C = 0, we obtain the linearly separable case.

5.4.4 Support Vector Regression

In SVR, the training samples are not assigned to a class label but to a real number (y). The
task of the SVR is to select a function f(x) that approximates the y targets in an optimal
way. The optimum mode for SVR means looking for a function f(x) that follows the y values
with an error not larger than ε, with no sudden large changes, thus compromising between
the accuracy and generalization ability of the function.

The decision function of the SVR can be written in a matter similar to what we saw in
Section 5.4.3:

f(x) = w · x+ b. (24)

In order to minimize the change of f(x), the value of w must be minimized. Like SVM,
this is equivalent to minimizing 1

2 ·||w||, while satisfying the following system of equations:


yi − w · xi − b 6 ε

w · xi + b− yi 6 ε
∀i ∈ I, (25)

Similarly to SVM, it is possible that the system of equations cannot be solved, i.e. that
the function f(x) with an error ≤ ε does not exist in the original space of the training
samples. In this case, the method shown in SVM can be applied here too, so errors must
be enabled by adding the weakening variables (ζi and ζ∗i ) and transforming the original
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problem space using kernel functions. Based on this, the original equation system is modified
as follows (while minimizing 1

2 · ||w||):


yi − w · θ(xi)− b 6 ε+ ζi

w · θ(xi) + b− yi 6 ε+ ζ∗i

∀i ∈ I, (26)

This means minimizing the following expression while satisfying the former system of
equations:

minw,b,δ{
1
2 ||w||

2 + C
k∑
i=1

ζi + ζ∗i }, (27)

where k is the number of training samples. The constant C ≥ 0 hyperparameter can be
used to the minimize the change of the function.

5.4.5 Model building and testing procedures

Data can have different values by several orders of magnitude. Machine learning algorithms
perform better when numerical input variables are scaled to a standard range, so we usually
transform the available data, usually between -1 and 1 or 0 and 1, depending on the problem
to solve. There are several ways to do this, depending on the nature of the problem, we are
working with. We must pay attention to outliers because they can greatly distort the data
set during transformation [129].

One of the most commonly used methods is standardization, which converts data to
have an expected value of 0 and variance of 1. This can be achieved by determining the
distribution mean and standard deviation for each feature. In the next step we subtract the
mean from each feature, then we divide the values by its standard deviation. The way to
perform the standardization (or Z-score normalization) is shown in equation 28.

x′ = x− x̄
σ

. (28)

In the equation x is the original feature vector, x̄ is the mean of that feature vector, and
σ is its standard deviation.

Another method is called min-max scaling. In this case, the data is scaled to a fixed
range, typically between -1 and 1 or 0 and 1. The scaling can be carried out according to
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the equations 29 and 30, where xmin represents the minimal value of the data and xmax

represents the maximum value.

xscaled[0,1] = x− xmin
xmax − xmin

, (29)

xscaled[−1,1] = 2 x− xmin
xmax − xmin

− 1. (30)

During training the values of the acoustic-phonetic features included in the feature vector
were normalized between -1 and +1 in the case of SVM and 0 and 1 in case of DNN. In case
of regression the target variable (the overall hoarseness H from the RBH scale) values were
normalized as well.

To estimate and compare the performance of the machine learning algorithms Leave-one-
out cross validation (LOOCV) was used, where the result is a large number of performance
measures that can be summarized in an effort to give a more reasonable estimate of the
accuracy of your model on unseen data. A downside of this approach is that it can be a
computationally more expensive than a k-fold cross validation approach.

During LOOCV, it is not necessary to separate the dataset into training and testing
sets. A test consists of as many iterations as the number of samples in the dataset. At each
iteration, one sample is selected for testing and all others for training. We run the training /
testing procedure and select another sample to test and use the rest to train, accordingly.
This way, the evaluation process takes much longer, but we can use all the samples in the
database for training and testing. The use of this method is necessary due to the nature of
my research, that is, it is very difficult to access medical data, therefore a small sample size
was available.

Note, some experts suggest the use of nested cross-validation (also called double cross-
validation) to avoid the optimistic bias resulting from using the same cross-validation to set
the values of the hyperparameters of the classifier [130, 131]. In this case two k-fold cross
validation loops are performed: the inner loop is used for the model selection, and the outer
loop estimates the generalization accuracy. Others suggest that nested cross-validation could
just be a waste of computational time in cases where the classifier algorithms have only a
limited number of hyperparameters that must be tuned [132]. Furthermore, the use of nested
cross-validation is suggested when the dataset is small, a few thousand observations or less. On
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an even smaller dataset - a few hundred observations or less - the two k-fold cross-validation
loops reduce the number of training samples which leads to loss of information.

5.4.6 Feature selection

In order to reduce the dimensionality of the input vector the Forward Feature Selection
(FFS) algorithm was used [133]. Forward feature selection is an iterative algorithm, choosing
the best feature that improves the performance regarding to a cost or objective function. In
each step features are added to a set of already selected features. Here, the features were
selected using maximum accuracy as an objective function.

This process is structured as follows:

• The procedure starts from an empty feature vector.

• In each round, it adds an unused feature to the feature vector.

• For each added feature, the performance is estimated using, e.g., a cross-validation.

• Only the attribute giving the highest increase of performance (in my case accuracy) is
added to the feature vector.

• Then a new round starts with the modified selection.

• Finally, the procedure returns the vector with the highest accuracy.

A stopping behaviour parameter can be set that specifies when the process should be
stopped. In my case the iteration runs as long as there is any increase in performance for 3
speculative rounds. This parameter defines how many rounds will be performed in a row,
after the first time the stopping criterion is fulfilled. There are two cases: if the performance
increases or if it doesn’t. If the performance increases again during the speculative rounds,
the selection will be continued. If the performance does not increase, all additionally selected
features will be deleted, as if there were no speculative rounds at all. This technique helps
avoiding the problem of getting stuck in a local optima.
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5.4.7 Evaluation methods

In order to describe the performance of a classification or cluster model I present the
confusion matrices. From the confusion matrices I calculate the metrics accuracy, recall and
precision.

Table 6: 2x2 Confusion matrix.

Actual: Yes (Healthy) Actual: No (Dysphonia)
Predicted: Yes TP FP
Predicted: No FN TN

An example of a 2x2 confusion matrix is shown in Table 6. The confusion matrix is a
table with four different combinations of predicted and actual values: TP, FP, FN and TN.

The true positive (TP) is the number of cases when we predicted positive and it is true,
in my case the model predicted that a patient is healthy and the patient is in fact healthy.
The interpretation of a true negative (TN) is when we predicted negative and it is true,
in my case the model predicted that the patient is not healthy (predicted dysphonia) and
the patient is in fact not healthy (has dysphonia). The model successfully predicted the
non-existence of the condition. A false positive (FP) (also called as a Type I error) happens
when we predicted positive and it is false, so the model predicted that the patient is healthy
but in reality has dysphonia. In my work it is very important to minimize this number when
I attempt binary classification between healthy and dysphonic voices. Finally, false negative
(FN) (also called as a Type II error) happens when we predicted negative and it is false, so
the model predicted that the patient has dysphonia but in fact the patient is healthy. From
these values, we calculate the evaluation metrics as follows.

Accuracy
Accuracy is a measure of how likely the model is to find the correct answer, in other

words, how often is the classifier correct. Calculation method:

accuracy = TP + TN

TP + TN + FP + FN
(31)
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Recall
The recall value gives the value of all the positive classes, how much we predicted correctly.

It is calculated with the equation 32.

recall = TP

TP + FN
(32)

Precision
The precision answers the question if the model predicts yes, how many times it is correct.

Equation 33 gives us the calculation method.

precision = TP

TP + FP
(33)

In the medical world, it is common to use terms such as specificity and sensitivity to
evaluate medical tests. The concepts are very similar, but it can be misleading. To avoid
misunderstandings, I give the definitions of the two terms.

Specificity
Specificity is the true negative rate, or the proportion of true negatives to everything

that should have been predicted as negative.

specificity = TN

TN + FP
(34)

Sensitivity
Sensitivity measures the proportion of positives that are predicted correctly. It is calcu-

lated with the equation 35.

sensitivity = TP

TP + FN
(35)

We can see that recall and sensitivity are the same, but precision and specificity are
different.
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To describe the accuracy of the regression tasks, two descriptive features are given. The
performance of the regression methods is evaluated by the root mean square error (RMSE)
value, the linear relationship between the target and the predicted H scores is described by
Pearson correlation.

Root mean square error
The RMSE is a widely used measure to describe a regression model performance, by

measuring difference between predicted values and the actual values. It is calculated by the
following equation.

RMSE =
√∑N

t=1(ŷt − yt)2

N
. (36)

In the equation ŷt are the predicted values and yt are the actual values, while N is the
sample size.

Pearson correlation
Pearson correlation coefficient is defined in statistics as the measurement of the strength

of the relationship between two variables and their association with each other. It is used to
describe the effect of change in one variable when the other variable changes. The value of
the coefficient is between +1 and -1, where value of +1 is interpreted as perfectly positive
correlation, 0 is no linear correlation, and -1 is perfectly negative correlation.

The calculation of the Pearson correlation is shown in equation 15.

ASR phone error rate
The ASR phone classifier DNN soft-max layer generates a 10 ms frame-level phone

posterior distribution (as mentioned in Section 5.2.2). We can get the phone with the highest
probability from the each 10 ms frame, thus obtaining a phone label for each 10 ms. The
obtained phone label can be compared with a reference (given by the automatic phone
segmentator’s forced alignment and the manual corrections) frame by frame. We have two
scenarios: we get a matched frame if the obtained phone is the same as the reference. If the
obtained phone is not equal to the reference we count it as a mismatch and the phone error
rate (PER) is computed as follows:

PER = Total number of phones mismatched
Total number of phones in the reference sequence (37)
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5.4.8 Softwares used

Voice recordings were made using Cool Edit Pro. I needed to mark speech sounds and their
boundaries, for example where the vowels are positioned in time in a voice recording. For
this task the BME-TMIT-LSA Language-independent Forced Speech Segmenter was used
[134]. The manual correction of the segmentation was made in Praat [135]. Acoustic features
were also calculated with the help of Praat.

For SVM SVR classifications and regression tasks LibSVM was used [136]. The DNN
used for classification was implemented in an open-source neural-network library written in
Python [137] called Keras [138].

To carry out statistical tests IBM SPSS Version 22.0. was used [139].
Data preparation, classifications and regression tasks was done in RapidMiner [140] and

with Python [137].
Figures and plots were also created with Python. The examples of the EMD decomposition

were made with the package PyEMD [141].
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6 Results

6.1 The examination of the automatic assessment of the severity

of dysphonia

6.1.1 Phonetic-class based correlation analysis for the severity of dysphonia

In the diagnosis and management of dysphonic speech, a voice clinician typically assesses the
quality of a patient’s voice personally. The assessment is subjective by nature. The target
severity of a voice is usually defined as one clinician’s assessment or as the median or average
severity rating determined by a group of experienced raters assessing the voice [73, 142].
If multiple raters are recruited for the subjective assessment of severity of dysphonia, the
assessment is done by listening to the previously recorded voice samples. The assessment
can vary among raters; thus, analysis of rating consistency is advisable. In the work of
Law and his colleagues [143], it was found that higher intra-rater reliability was achieved
with continuous speech than with sustained vowel samples. In most voice clinics, acoustic
measures are derived from sustained vowel samples; however, continuous speech has several
advantages over analysis of sustained vowels. It contains a variation of fundamental frequency,
pauses and phonation onsets, and there is the opportunity to examine different combinations
of speech sounds.

An important task is to identify relevant acoustic features to predict the severity of the
dysphonic voices automatically. The following theses address this issue.

Using a small speech database, it is very important to optimize the speech features as
much as possible, rather than to use a lot of acoustic features, with the risk of bringing
unwanted noise into the system. My hypotheses are the followings: speech defect severity
determined by a clinician (RBH) is correlated (coincides) with the distortion degree of the
characteristic acoustic features.

In my first thesis I performed correlation analysis between acoustic features (presented in
subsection 5.2.1) and the severity of hoarseness given by a specialist. The specialist treated
the patient and determined the diagnosis. The specialist directly listened to and evaluated the
quality of the patient’s speech during the consultations. The Pearson correlation coefficient
was calculated in every case where correlation was significant at the 0.01 level (2-tailed)
between the acoustic feature and the subjective rating.

The analysis was carried out on a subset of the database presented in subsection 5.1.1.
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The distribution of the voice recordings by H used in this experiment is shown in Table 7.
Note that the recordings with the value H equal to 0 are all recordings from healthy patients.
Thus, a total of 136 records from healthy people and 206 records from patients suffering
from dysphonia were used.

Table 7: Distribution of healthy and dysphonic speakers in the database, depending on the value
of H.

Count Value of H Total0 1 2 3
Male 67 34 20 32 153
Female 69 72 27 21 189
Total 136 106 47 53 342

The results presented on Figure 8 indicate that features such as jitter(ddp), shimmer(dda),
Harmonics-to-Noise Ratio (HNR) and “mfcc01” correlate with the severity of dysphonia.
In the figures, the absolute values of the Pearson correlations are shown where correlation
is significant at the 0.01 level (2-tailed). The greater the absolute value of the correlation
coefficient, the stronger the relationship between the acoustic features and the severity of
hoarseness. According to Evans suggestions, the correlation of jitter.std.[E] and mfcc01.std.[E]
with the severity of hoarseness is “very weak”, the correlation of shimmer.std.[E] is “weak”,
the correlation of jitter.mean.[E], shimmer.mean.[E], HNR.mean.[E] and HNR.std.[E] is
“moderate”, while the correlation of mfcc01.mean.[E] with the severity of hoarseness can be
considered “strong”.

When SPI was measured on phonetic classes, the Pearson correlation coefficients ranged
from 0.11 and 0.23, indicates “very weak” and “weak”, but significant correlation. The results
are shown in Figure 9.

EMD-based IMF entropy frequency band ratios correlate with the severity of dysphonia,
as Figure 10 suggests. IMF.std.[E], IMF.std.[Nasal], IMF.std.[VoicedSpirants],
IMF.std.[VoicedPlosives] show “weak” correlation, while IMF.mean.[E], IMF.mean.[Nasal],
IMF.mean.[HighVowels], IMF.std.[HighVowels], IMF.mean.[LowVowels],
IMF.std.[LowVowels], IMF.mean.[VoicedSpirants] and IMF.mean.[VoicedPlosives] show
“moderate” correlation with the severity of dysphonia.
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Figure 8: Pearson correlation with commonly used acoustic features.

Figure 9: Pearson correlation with SPI measured on phonetic classes.
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Figure 10: Pearson correlation with IMF entropy-based frequency band ratios measured on
phonetic classes.

Thesis I. A. [C4] I showed that jitter(ddp), shimmer(dda), Harmonics-to-Noise Ratio
(HNR), mfcc01, Soft Phonation Index (SPI) and Empirical mode decomposition (EMD) based
IMF entropy frequency band ratios measured at specific phones show significant correlation
at the 0.01 level with the severity of dysphonia when measured on the Hungarian Dysphonic
and Healthy Adult Speech Database.

6.1.2 Unsupervised and supervised learning methods for the modelling of the
four grade assessments of the specialists

It is also an important question whether the acoustic features selected by the correlation
analysis are suitable for modelling the four grade assessments of the specialists (RBH
subjective scale). In this investigation two datasets were used, the Initial Dysphonic and
Healthy Database and the Selected Dysphonic and Healthy Database. An unsupervised
learning method, the k-means algorithm was used on the Selected Dysphonic and Healthy
Database. K-means clustering is a type of unsupervised learning where we have unlabelled
data. The goal of the algorithm is to find groups in the data called clusters, with the
number of groups represented by the variable k. More details on the k-means method can be

71



6.1 The examination of the automatic assessment of the severity of dysphonia

read in Subsection 5.4.1. Before I performed the unsupervised learning method a two-class
classification was performed to find out whether the chosen acoustic features are rich enough
in information to differentiate between healthy and dysphonic voices, even after reducing
the dimensionality of the input vector.

The Initial Dysphonic and Healthy Database contains a total of 263 speech recordings,
127 recordings from healthy subjects (62 male and 65 female) and 136 recordings from
patients suffering from functional or organic dysphonia (66 male and 70 female), thus each
recording is from a separate subject. The specialist who treated the patient determined the
diagnosis. The specialist evaluated the quality of the patient’s speech during consultation
time. This database was used for the two-class classification experiment.

Four specialists were asked to evaluate the voice recordings of the Selected Dysphonic and
Healthy Database with respect to the severity of the dysphonia. The Selected Dysphonic and
Healthy Database contains a total of 148 recordings, and it was used for the unsupervised
cluster and regression analysis. One of the four specialists set up the diagnosis and evaluated
the quality of the patient’s speech during the consultations; the other three specialists did
not know the patient and only listened to the previously recorded voice files and determined
the severity of dysphonia. Every rater is experienced in working with patients with voice
disorders and dysphonia.

A two-class classification was performed on the Initial Dysphonic and Healthy Database
using leave-one-out cross validation, with SVM classifier. Classification experiments were
made using several combinations. Liner and rbf kernels were also tried out. The default value
of C of support vector machine is 1, while γ is 1/number of features. In order to choose the
optimal hyperparameters for the SVM classifier grid search was used. Leave-one-out cross
validation was used in all cases.

The highest accuracy of 89% was reached by using an rbf kernel. The FFS feature
selection algorithm reduced the input dimensionality to 18 acoustic features. The acoustic
features selected by the FFS algorithm are the following: jitter.mean.[E], shimmer.mean.[E],
HNR.mean.[E], mfcc01.mean.[E], jitter.std.[E], shimmer.std.[E], HNR.std.[E], mfcc01.std.[E]
,SPI.std.[E], SPI.mean.[Nasal], SPI.std.[Nasal], SPI.std.[LowVowels],
SPI.mean.[VoicedSpirants], SPI.std.[VoicedSpirants], IMF.std.[E], IMF.mean.[Nasal],
IMF.mean.[VoicedPlosives], IMF.std.[VoicedPlosives].

It is an interesting question whether the chosen acoustic features can model the individual
assessments. Cluster analysis tries to identify structures, homogeneous groups of cases not
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previously known within the data. In my case, the hidden structure is the “true label” of
severity score for each recording given by an ideal examiner. The cluster analyses is used to
mimic this ideal examiner in order to get the true label for each recording. Of course, we
rely more on a specialist’s rating than on a clustering process, but if the found clusters are
really close to a specialist’s rating we can consider calling that assessment as true. Hence,
I need to compare four cluster models labelled by a specialist’s judgement. If the acoustic
feature set and the unsupervised learning method are fixed, it is possible to compare four
cluster models, for each case, labelled by a specialist’s judgement. To examine the subjective
nature of RBH, k-means cluster analysis was performed.

k-means clustering has the objective of putting the observations into k clusters, where k
is the number of clusters determined by the user as an input. I set the number of clusters to
four. The cluster analysis classified the observations into clusters A, B, C, and D.

The clusters where assigned to the severity value by the minimum mean of absolute
errors (minimum of MAE): A to H = 0, B to H = 1, C to H = 2, and D to H = 3. MAE
was calculated in the following way: initially, the clusters where assigned to the severity
values trying all possible combinations. A specialist’s judgement represents the true severity
value, while the cluster assigned severity is the given severity. The given severity values were
subtracted from the true values for each recording, then I took their absolute value. After
that I calculated the means in each combination. This is summarized in equation 38.

MAE = Mean(|True severity - Given severity|). (38)

The final assignment is where the MAE is minimal.
The confusion matrices for each specialist are shown separately in Table 8, 9, 10 and

11. The accuracies for the decision in case of each specialist in order is: 49%, 44%, 45%,
47%, the mean accuracy is 46.25% with 2.22% standard deviation. In the case of a balanced
distribution of 4 classes, the baseline classification would be 25%. From this experiment I can
conclude that the acoustic feature set is suitable for modelling the individual assessments of
dysphonia severity.
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Table 8: Confusion matrix based on the assessment of Specialist 1.

Specialist 1
(True Label of H)
0 1 2 3 Class precision

Predicted label

0 12 1 2 1 75%
1 13 33 5 3 61%
2 9 25 10 5 20%
3 2 4 6 17 59%

Class recall 33% 52% 43% 65%

Table 9: Confusion matrix based on the assessment of Specialist 2.

Specialist 2
(True Label of H)
0 1 2 3 Class precision

Predicted label

0 11 3 2 0 69%
1 5 26 23 0 48%
2 6 24 16 3 33%
3 0 2 15 12 41%

Class recall 50% 47% 29% 80%

Table 10: Confusion matrix based on the assessment of Specialist 3.

Specialist 3
(True Label of H)
0 1 2 3 Class precision

Predicted label

0 11 2 2 1 69%
1 2 20 25 7 37%
2 3 15 16 15 33%
3 0 1 9 19 66%

Class recall 69% 53% 31% 45%

Table 11: Confusion matrix based on the assessment of Specialist 4.

Specialist 4
(True Label of H)
0 1 2 3 Class precision

Predicted label

0 12 2 2 0 75%
1 7 24 18 5 44%
2 6 18 17 8 35%
3 0 6 6 17 59%

Class recall 48% 48% 40% 57%
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I calculated the Pearson correlation between the cluster defined severity scores and the
individual specialists’ ratings and I also evaluated this using the mean RBH perceptual
evaluation of the four specialists. Values are shown in Table 12. All correlations show
“moderate” relations. The mean correlation is 0.52 with 0.01 standard deviation. The highest
value was measured between the cluster defined severity scores and the mean of the ratings,
giving a value of 0.59. Since the found clusters correlate the best with the mean of the four
specialists, this is the true label I use for the regression analyses.

Table 12: Pearson correlation between the cluster defined severity scores and the specialists’
ratings.

Specialist 1 Specialist 2 Specialist 3 Specialist 4 The mean of
the ratings

Pearson
correlation 0.51 0.54 0.53 0.51 0.59

Thesis I. B. [C4, J4] I showed that when clustering the data, with the selected acoustic
features using k-means clustering, the found clusters correlate well with the severity of
dysphonia. A 0.59 Pearson correlation was achieved between the cluster defined values and
the mean of the four specialists’ ratings.

6.1.3 The automatic assessment of the severity of dysphonia with regression
analysis

This analysis was performed on the Selected Dysphonic and Healthy Database. As a result
of subsection 6.1.2 the mean RBH perceptual evaluation of specialists was used as the target
for my regression models.

It is important to analyse whether the rater reliability of the 4 experts is consistent
enough. The value of the internal consistency of the specialists gives us an idea of what is
the maximum correlation value we can expect from our regression model. We do not expect
the regression model to achieve better results than a well trained specialist. For measuring
internal consistency (“reliability”) of the raters’ evaluations Cronbach’s Alpha and the Intra
Class Correlation Coefficient (ICC) methods were used. Despite the interesting differences
among the decision of the specialists, a high degree of reliability (Cronbach’s Alpha = 0.89,
ICC = 0.89) was measured between their severity judgements when measuring internal
consistency.

75



6.1 The examination of the automatic assessment of the severity of dysphonia

Regression has a significant advantage compared to cluster analysis, since it’s prediction
is not an ordinal, but a continuous variable. This property can significantly improve the
quality of the model. Due to the small sample size, leave-one-out cross validation was used.
The performance of the regression methods is evaluated by the RMSE value, the linear
relationship between the target and the predicted H scores is described by Pearson correlation.
To find the optimal hyperparameters grid search was used.

In this analysis, support vector regression with linear and radial basis function kernel
were used. To reach the best performance the 18-feature set (described in 6.1.2) and the
result of the FFS algorithm was used, for SVR with linear and rbf kernel separately. As
previously mentioned the mean of the four specialists’ ratings was used as target. Table 13
summarizes the results.

Table 13: Regression analysis results – the mean of the four specialist’s ratings as target.

Acoustic
feature set

Type of
regression Correlation RMSE of H hyperparameters

18 feature set linear kernel 0.83 0.50 C = 1
Result of FFS,
8 feature set linear kernel 0.85 0.46 C = 1

18 feature set rbf kernel 0.81 0.51 C = 2, γ = 0.125
Result of FFS,
14 feature set rbf kernel 0.85 0.45 C = 4, γ = 0.25

The FFS algorithm reduced the original 49-dimension input to only eight features using
linear kernel. The following features were selected mfcc01.mean.[E], shimmer.mean.[E],
SPI.std.[LowVowels], HNR.std.[E], SPI.mean.[HighVowels], IMF.mean.[Nasal],
SPI.std.[VoicedPlosives], IMF.std.[LowVowels]. This configuration gave the highest 0.85
correlation.

When rbf kernel was used, the FSS algorithm selected 14 features, these were the following:
shimmer.mean.[E], HNR.mean.[E], mfcc01.mean.[E], HNR.std.[E], SPI.mean.[E], SPI.std.[E],
SPI.std.[Nasal], SPI.mean.[HighVowels], SPI.mean.[LowVowels], SPI.std.[LowVowels],
SPI.mean.[VoicedPlosives], IMF.mean.[Nasal], IMF.mean.[VoicedPlosives],
IMF.std.[VoicedPlosives]. The lowest RMSE value of 0.45 was obtained here. Furthermore,
the FFS models gave only slightly better results than the models with the 18-feature set.

This illustrates the capacity of the proposed approach in predicting the severity of
dysphonia regardless of the speaker’s pathology or severity degree. Since the ICC value
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Figure 11: Automatically predicted dysphonia severity degree according to perceptual assessment
of H, using SVR with linear kernel regression with 8 parameters.

between the 4 specialists resulted in 0.89 it can be considered as a theoretical goal we want
to achieve. In light of this, the correlation value of 0.85 obtained by the regression model is
considered almost perfect.

Figure 11 depicts the automatically predicted severity of the dysphonia compared to
the reference perceptual assessment of speaker severity. The figure shows the SVR linear
kernel regression model created by the result of the FFS algorithm. The figure illustrates
once again the capacity of the proposed approach in predicting the severity of dysphonia
regardless of the speaker’s pathology or severity degree. It can be observed that the model
gives good prediction of severity of H = 1.

Figure 12 shows the distribution of the predicted H values from the SVR regression
model with linear kernel and the mean of the four specialist’s ratings. The distribution of the
predicted values of the model is very similar to the H values’ mean given by the specialists,
resulting in the same means (1.5 and 1.5), but the predicted values have a lower standard
deviation (0.86 and 0.73).

Thesis I. C. [C4, J4] I showed that an automatic estimation of the severity of dysphonia
is possible using only eight acoustic features as input vector with a SVR with linear kernel
reaching 0.85 Pearson correlation and 0.46 RMSE on the Selected Dysphonic and Healthy
Database.
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Figure 12: Histogram of the mean of the four specialist’s ratings and the predicted H scores.

6.2 The automatic classification of dysphonic and healthy speech

6.2.1 The comparison of SVM and DNN classifiers using acoustic features as
an input vector

In order to do a binary classification of dysphonic and healthy speech, researchers generally
use a wide variety of acoustic features, derived from speech and used as input vectors with
machine learning algorithms [144, 145].

For classification tasks, a common machine learning algorithm is based on SVMs [69, 58],
as they are good at dealing with small data samples, but Deep Learning technics are also
exploited [146, 147, 148, 149, 150, 151]. Deep neural networks (DNNs) are used on a variety
of tasks, usually on big datasets.

In this experiment I used two classification approaches. The first classifier used was SVM,
the second classifier was a Fully-Connected Deep Neural Network as described in Section
5.4. FFS algorithm was used in order to reduce dimensionality of the input vector in the
case when SVM was used as a classifier. More on the FFS algorithm in Section 5.4.6. In
order to choose the optimal hyperparameters for the SVM classifier grid search was used.

The database used in this experiment is the same database described in Section 5.1.1
and in Table 2. The database contains a total of 450 recordings, 257 from patients with
dysphonia (156 females and 101 males) and 193 people with a healthy voice (108 females
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and 85 males).
I created the input vector from acoustic features described in Section 5.2.1, thus 49

acoustic features were used as input vector.
The results of the binary classification with LOOCV between healthy and dysphonic

voices using acoustic features as input vector are shown in Table 14.

Table 14: Two-class classification results between HC and Dys in case of leave-one-out cross
validation.

Input
vector FFS

Number
of

features

Classifier
and configuration

Hyper-
parameters

LOOCV
accuracy

Acoustic
features Yes 11 SVM linear kernel C = 1 85%

Acoustic
features Yes 9 SVM rbf kernel C = 256;

γ = 0.0625 85%

Acoustic
features No 49 SVM linear kernel C = 4 83%

Acoustic
features No 49 SVM rbf kernel C = 1024;

γ = 0.00098 84%

Acoustic
features No 49 DNN dropout 0.25 88%

The first column of the table shows the type of the input vector, the next whether FFS
was performed on the input vector or not, then the classifier and the configuration used,
followed by the accuracy. In case of SVM, grid search was used in every case. In case of
DNN dropout value of 0.25 was used.

Using DNN as a classifier yields higher accuracy than the SVM approach with 3.53%
relative accuracy increase, resulting in the highest accuracy of 88%. Also, there is no
considerable difference in accuracy between linear and rbf kernel in case of SVM (85% and
85%).

The confusion matrix using FFS and SVM with linear kernel is shown in Table 15, while
the confusion matrix of the DNN scenario in Table 16. When using SVM the class precision
of the HC class is 84.83%, while the precision of the Dys class is 84.56%. The recall for class
HC is 78.24% and 89.49% for class Dys.

The confusion matrix of the 88% accuracy setting is shown in Table 16. As the table
suggests, the class precision of the HC class is 79.75%, while the precision of the Dys class is
98.12%. This means that the number of cases where the two classes were predicted correctly
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Table 15: Confusion matrix using FFS and SVM with linear kernel.

true HC true Dys class precision
pred. HC 151 27 84.83%
pred. Dys 42 230 84.56%
class recall 78.24% 89.49%

Table 16: Confusion matrix using a Fully-Connected Deep Neural Network.

true HC true Dys class precision
pred. HC 189 48 79.75%
pred. Dys 4 209 98.12%
class recall 97.93% 81.32%

is not balanced. The recall for class HC is 97.93% and 81.32% for class Dys.
Accuracy is not the only absolute measure by which we characterize our classifier. It

obscures a lot of important information, so it should be handled with care. We like confusion
matrices if they are symmetric, if the mismatch weights of the classes are even. In medical
applications, in general, the confusion matrix is not a symmetric matrix. Classifying a sick
person as healthy is a more serious mistake than classifying a healthy person as sick. This
means that the recall (also known as sensitivity) of class Dys is also a very important
aspect of the classifier. The lower the risk that a person with dysphonia is miss-classified as
healthy the better. We rather have some healthy people labelled dysphonic over predicting a
dysphonic person healthy. In this sense, using FFS and SVM with linear kernel seems to be
a better approach since the recall of Dys is 89.49%, while when using DNN the recall of Dys
is 81.32%.

If false negatives and false positives have similar costs two decision tables can be
constructed by expected number of good predictions and the number of miss-predictions and
the achieved number of good predictions and the number of miss-predictions, then chi-square
test be performed. The p-value of the test was 0.09, so there was no statistical difference
found between the system with 85% accuracy (provided by the SVM with linear and rbf
kernel) and the 88% accuracy Fully-Connected Deep Neural Network.
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Thesis II. A. [C2, C9] I showed that the binary classification of dysphonic and healthy
voices is possible for Hungarian. When applying a Fully-Connected Deep Neural Network,
an accuracy of 88% can be achieved with LOOCV, using acoustic features as input on the
Hungarian Dysphonic and Healthy Adult Speech Database.

6.2.2 Using ASR posterior probability features as input vectors for the DNN
classifier

Automatic speech recognition (ASR) is traditionally decomposed into creating an acoustic
and a language model with a vocabulary [152]. The acoustic model is most often a hybrid of
a Hidden Markov Model (HMM) to facilitate dynamic warping for alignment, and a set of
phone or phone alike models (obtained through a decision tree to group acoustically similar
entities) responsible for providing similarity measures between the actual frame(s) to be
classified and the phone (senone) set. Although this set of models rarely corresponds to pure
phone models, for simplicity I will refer to this as a ‘phone model’, especially as the output
of the phone model can be collapsed to phone posteriors. It is obvious that these phone
posteriors can be used individually to classify frames, or better, to derive a Goodness of
Pronunciation (GOP) score [153] which can be used in speech assessment to automatically
evaluate pronunciation.

Using the GOP or pure phone posteriors as additional or standalone features to detect
or classify voice disorders – although not particularly dysphonia – has been addressed by
many researchers. For example, in [154] and [64] researchers use ASR posteriors to predict
the severity of ‘general’ voice disorders, where the type and characteristics of the disorders
are not classified, but their severity is known. The frame level posteriors, produced by a
DNN phone model, are a good measure of the acoustic mismatch caused by voice quality
change, and thus can be exploited for classification and assessment of voice disorders.

Nevertheless, training a phone model for ASR has a different objective than the recognition
of dysphonia requires. An ASR has to tolerate high inter- and intra-speaker variance, and
whether samples from dysphonic speech are used or not for its training is not controlled. In
brief, a phone model is not trained to discriminate between dysphonia and normal speech.
However, it is still used, because of the hypothesis that dysphonic speech is nonstandard
and therefore the phone posterior distribution will not be peaky, but rather flat (indicating
that the phone classifier is uncertain about its decision).
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I argue that this method should be treated with caution in dysphonia. It is questionable
whether an acoustic model trained for normal speech recognition can be used to distinguish
dysphonic speech at all. The training of an Automatic Speech Recognition system requires
large amounts of training data, recorded from speakers who have different regional accents,
voice characteristics, education backgrounds and genders etc. This data might include
different accents and dialects, voices of smokers, young or elderly people. Hence, dysphonic
speech, is possibly present, in larger numbers, in the database.The general goal of speech
recognition is to recognize hoarse, nasal, sad, cheerful, old and young speech equally. I wanted
to verify this hypothesis, whether using or adding phone posteriors might produce a better
classification system for dysphonia than using acoustic features as input vector. To the best
of my knowledge, this issue has never been evaluated for dysphonic speech.

I created the input vector from posterior probabilities of phones as described in Section
5.2.2, thus 21 phone posterior features were used as input, then the input vector was fed into
a dysphonia classifier (DNN) and compared to the result presented in section 6.2.1. Results
show that using acoustic features as the input vector of the classifier outperforms the ASR
posterior features using DNN as a classifier. An accuracy of 88% was reached when acoustic
features were used as input and 60% when ASR posterior features were used as input vector.

Since the ASR posterior features fall short behind the results obtained by the acoustic
features, I examined whether the combination of the two input vectors (called “joint feature
vector”) increases the result of the classification accuracy. Results of the classifications are
shown in Table 17. When the joint feature vector was used at the input of the neural network,
the classification accuracy increased to 89%. While this is better than just using acoustic
features, there is no significant impact of using ASR posterior probability values.

The confusion matrix of the DNN with the joint vector feature input can be seen in
Table 18. The class precision of the HC class is 86.98%, while the precision of the Dys class
is 89.92%. The recall for class HC is 86.53% and 90.27% for class Dys.

The class recall of Dys, when using the joint feature vector, is 90.27%. Which is higher
than the 81.32% achieved when using only acoustic features. However, when comparing
the joint feature vector’s result with the case when acoustic features where used with FFS
and SVM with linear kernel (presented in Table 15) the increase in the recall of Dys is not
significant.

If false negatives and false positives have similar costs and chi-square test are performed,
there is no significant difference between the classifications with accuracy of 85%, 88% and
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Table 17: Two-class classification results between HC and Dys using DNN and comparing input
vectors.

Input
vector FFS

Number
of

features

Classifier
and configuration

Hyper-
parameters

LOOCV
accuracy

Acoustic
features No 49 DNN dropout 0.25 88%

ASR posterior
features No 21 DNN dropout 0.25 60%

Joint
features No 70 DNN dropout 0.25 89%

Table 18: Confusion matrix using a Fully-Connected Deep Neural Network with the joint features
vector.

true HC true Dys class precision
pred. HC 167 25 86.98%
pred. Dys 26 232 89.92%
class recall 86.53% 90.27%

89%. The p-value between the acoustic features with SVM and the joint feature vector with
DNN is 0.07, while between acoustic features with DNN and the joint feature vector with
DNN is 0.91. Based on these, it can be concluded that it is not worthwhile to calculate ASR
phone posterior, as it has no significant impact, but it can greatly complicate and slow down
the current proposed system.

I calculated the frame level phone error rate (PER) to verify why the ASR posterior
probability features failed to improve the classification accuracy. The DNN soft-max layer
generates a 10 ms frame-level phone label that can be obtained by identifying the phone with
the highest posterior. If the phone label matches with the reference given by the automatic
phone segmentator’s forced alignment (that was followed by manual corrections), this frame
is said to be a matched frame. If the two 10 ms frames do not match, then the phone error
rate (PER) is computed as the ratio of total number mismatched frames to the total number
of frames in the reference (see equation 37). The mean PER on recordings containing healthy
people’s voice is 0.46, with 0.08 standard deviation, while it is 0.49 with 0.14 standard
deviation on recordings containing dysphonic speech.

As mentioned in Section 6.1.2 four specialists were asked to evaluate the voice recordings
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of the Selected Dysphonic and Healthy Database, thus a total of 148 recordings were
evaluated by four specialists, the rest were evaluated by only one specialist. Since the internal
consistency of the four specialists was high, I considered the dysphonia severity evaluation
of the specialist, who gave the diagnosis, as true labels for the recordings. I calculated the
Pearson correlation between the PER and the severity of dysphonia (H score from the RBH
scale). The coefficient resulted in 0.2, indicating “weak” correlation. This further explains
why the posterior probability features do not necessarily provide impact to the classification
accuracy. I also calculated the Pearson correlations between the ASR posterior features and
the H severity score (shown in Figures 13 and 14). In the figures ASR posterior features are
abbreviated to ‘post’.

As the figures show, the Pearson correlations vary in both cases from “very weak” to
“moderate” correlations. When joining ASR posterior features with acoustic features at the
input of the classifier, the ASR posterior features do not seem to provide additional relevant
information.

The distributions of a specific phone’s posteriors for the four severity categories (H) were
calculated. In my first approach, I calculated the highest posterior (where the phoneme
‘wins its frame’) of the frames across the four severity categories. In the second approach, I
calculated all the posteriors where the specific phone appeared. The results are shown in
Figure 15 and 16 for phone [E] and Figure 17 and 18 for phone [h]. It shows that different
severity categories do not separate well by the phone posteriors. Other phones have similar
trends.

My obtained results do not necessarily contradict those described in [154]. In the work
of Lee and his collegues, posterior features were examined in people with voice disorders.
However, many voice disorders (e.g., tongue root tumours) are not associated with hoarseness.
The RBH scale is primarily focused on hoarseness. Article [154] does not discuss the scale on
which the severity of a voice disorder was interpreted, or the basis of what audible auditory
characteristics were used to determine the severity of a voice disorder. This is an issue. On
the RBH scale, the voice of a patient with a tongue tumour, cold or GERD may easily take
on a value of R0B0H0, as these people are usually not hoarse, but there is an audibly severe
change in their voice formation. In my work I consider patients sick if the H severity score is
at least of value 1.

If we consider that dysphonia is quite common, and that the ASR model training corpora
is not controlled w.r.t. hoarseness, then we may argue that ASR train sets, most likely,
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Figure 13: Pearson correlation between ASR posterior features and H.

Figure 14: Pearson correlation between ASR posterior features and H.
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6.2 The automatic classification of dysphonic and healthy speech

Figure 15: Phone posterior distributions of highest probability [E] phones.

Figure 16: Phone posterior distributions of all [E] phones.
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Figure 17: Phone posterior distributions of highest probability [h] phones.

Figure 18: Phone posterior distributions of all [h] phones.
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6.2 The automatic classification of dysphonic and healthy speech

contain sufficient dysphonic samples to make the resulting models more tolerant to such
kinds of deviation in voice characteristics. Therefore, whereas ASR posteriors can be a
useful feature to address detection and classification of less frequent voice disorders – which
in contrast have higher impact on voice quality than the hoarseness primarily associated
with dysphonia – they are not ideal for the detection and classification of the severity of
dysphonia.

From these results the following theses can be formulated.

Thesis II. B. [C2, C9] I have shown, that using ASR phone posterior derived features,
that were trained for general ASR purpose, is less effective in the automatic classification of
healthy and dysphonic voices, than using the acoustic feature set directly. Deeper analyses
showed weak relation between phone posterior distributions and dysphonia severity scores.

Thesis II. C. [C2, C9] I have shown that adding ASR phone posterior derived features
to the acoustic features does not significantly improve the automatic classification accuracy
of healthy and dysphonic voices.
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6.3 The automatic classification of functional and organic dyspho-

nia

As mentioned in the Introduction (Section 1) dysphonia can be classified as either an organic
or a functional disorder of the larynx.

According to Barth [155] and Stern [156] we are talking about a functional phonation
disorder, if the diagnostic tools available to us do not detect organic lesions. The voice organs
are healthy, yet the interplay of the temporal and dynamic systems of the factors necessary
for voice production are disturbed. Weiss states that the “functional” indicator is temporary
and valid only until the means of science can reveal the real organ causes of the illness
[157]. Gundermann argues against this view and states it is not appropriate to use the term
“functional” instead of “lack of organic” [158]. Organ abnormality can be the starting point
of a functional disorder and vice versa, a functional disorder can lead to organic alteration.
From the literature presented above, the two categories do not seem to be always mutually
exclusive.

It is an interesting question whether it is possible to automatically separate functional
from organic dysphonia. If functional dysphonia were determined with high probability with
the help of a diagnosis support system, the patient would be directed to a phoniatrist or
speech therapist. If the system detected organic dysphonia, the patient would be directed to
an otolaryngologists or oncologist. This would save a lot of time and would lead the patient
to care as soon as possible.

There are disputes in the definition and separation of FD and OD, and that the two
categories may not be always mutually exclusive. It is natural that the two groups could
be better classified on a database where the distributions of the severity of hoarseness for
the two groups are statistically different, for example if the OD group has a statistically
significant higher degree of severity than the FD group. In this way, the classifier may divide
the severity of hoarseness (and not the disease types) into two groups: low and high. What we
really want to achieve instead is to classify the two disease types in two. To investigate this
phenomenon, the Filtered Dysphonic Database was created such a way that the distribution
of the severity of hoarseness was not significantly different in the OD and FD groups.

In this Section I make an attempt to automatically separate functional from organic
dysphonia. Although in subsection 6.2.1 I found that higher accuracy can be achieved using
DNN, since the datasets I used in this experience are limited, I used SVM as a classifier. In
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6.3 The automatic classification of functional and organic dysphonia

the present study two datasets were used, the Initial Dysphonic Database and the Filtered
Dysphonic Database.

Initial Dysphonic Database
The Initial database contains all the 257 recordings form the database presented in Table

2 (described in Section 5.1.1) that were collected from patients suffering from dysphonia.
From the Initial database 175 from patients were suffering from organic and 82 suffering
from functional dysphonia. The database contains 156 females (95 with OD and 61 with
FD) and 101 males (80 with OD and 21 with FD) recordings. The mean hoarseness score
given for the OD group was 2 with 0.8 standard deviation (mean: 1.9, std.: 0.8 for females,
mean: 2, std.: 0.9 for males), while for the FD group the mean was 1.4 with 0.7 standard
deviation (mean: 1.3, std.: 0.7 for females, mean: 1.5, std.: 0.8 for males). The description of
the Initial database is shown in Table 19.

Table 19: The Initial Dysphonic Database

Number of
female

recordings

Number of
male

recordings
H severity Female

H severity
Male

H severity

OD 95 80 2 (±0.8) 1.9 (±0.8) 2 (±0.9)
FD 61 21 1.4 (±0.7) 1.3 (±0.7) 1.5 (±0.8)

Filtered Dysphonic Database
The Filtered Dysphonic Database is the filtered version of the Initial Dysphonic Database

described above. Filtered Dysphonic Database was created is such a way that the distribution
of sexes and hoarseness levels in the OD and FD groups are equal. The Filtered Dysphonic
Database contains a total number of 164 recordings, 82 from patients suffering from organic
and 82 suffering from functional dysphonia. The database contains 122 females (61 with
OD and 61 with FD) and 42 males (21 with OD and 21 with FD) recordings. The mean
hoarseness score (H parameter from the RBH subjective scale) given for the OD group was
1.5 with 0.7 standard deviation, while for the FD group the mean was 1.4 with 0.7 standard
deviation. The description of the Filtered Dysphonic Database is shown in Table 20.

In the experiment SVM with FFS was used with LOOCV data split technique. More on
the SVM classifier and FFS algorithm in Section 5.4 and 5.4.6. As input, the 49 feature set
was used as described in Section 5.2.1.
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Table 20: The Filtered Dysphonic Database

Number of
female

recordings

Number of
male

recordings
H severity Female

H severity
Male

H severity

OD 61 21 1.5 (±0.7) 1.5 (±0.6) 1.5 (±0.8)
FD 61 21 1.4 (±0.7) 1.3 (±0.7) 1.5 (±0.8)

Classification using the Initial Dysphonic Database
Table 21 shows the classification results when the Initial Dysphonic Database was used.

The highest accuracy was 76% using FFS parameter selection and SVM with linear kernel.
The FFS algorithm selected 16 acoustic features, including the std and range of mfcc01,
mean of HNR, std of shimmer, the std of SPI on nasals, the range of SPI on low vowels,
the std and range of SPI on plosives, the mean, std and range of IMF entropy on nasals,
the range of IMF entropy on high vowels, the mean, std and range of IMF entropy on low
vowels and the std of IMF entropy on voiced spirants. The scenarios where FFS was used
outperformed the scenarios where the original 49 acoustic feature set was used.

Table 21: Two-class classification results between OD and FD on the Initial Dysphonic Database.

FFS
Number

of
features

Classifier
and configuration

Hyper-
parameters

LOOCV
accuracy

No 49 SVM linear kernel C = 0.03125 66%
Yes 16 SVM linear kernel C = 1 76%

No 49 SVM rbf kernel C = 8;
γ = 0.5 70%

Yes 5 SVM rbf kernel C = 0.25;
γ = 8 70%

The confusion matrix of the classification can be seen in Table 22. As the table suggests,
the class precision of the OD class is high (89%), but the precision of the FD class is much
lower (59%). This means that the number of cases where the two classes were predicted
correctly is not balanced. The recall for class FD was 80% and 74% for class OD.

Although the results are promising, the two classes differ in the severity of the hoarseness
and the classifier may divide the severity of hoarseness (and not the disease types) into two
groups: low and high. What we really want to achieve instead is to classify the two disease
types in two. To investigate this phenomenon, the Filtered Dysphonic Database was created
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6.3 The automatic classification of functional and organic dysphonia

Table 22: Confusion matrix using FFS and SVM with linear kernel on the Initial Dysphonic
Database.

true FD true OD class precision
pred. FD 61 27 69.32%
pred. OD 21 55 72.37%
class recall 74.39% 67.07%

and statistical analysis was made.

Statistical analysis of the two databases
Since the severity scores are ordinal, the Mann-Whitney U test was used to check

the statistical difference. Section 5.3 describes the Mann-Whitney U test in more detail.
Significance level of 95% (α = 0.05) was used.

Statistical analyses on the Initial Dysphonic Database
As Table 19 suggests, the mean hoarseness score given for the OD group was 2 with 0.8

standard deviation, while for the FD group the mean was 1.4 with 0.7 standard deviation.
Using the Mann-Whitney U test the calculated p-value equals 0.000 for the total sample,
0.000 in case of females and 0.008 in case of males. Since p-value is less than α (α = 0.05)
in all three cases, the null hypothesis is rejected (the null hypothesis states that the two
distributions are the same). The distribution of hoarseness of the OD group is considered not
to be equal to the distribution hoarseness of the FD group. In other words, the difference
between the distributions of hoarseness of the OD and FD groups is big enough to be
statistically significant, this is true for females and males separately.

Statistical analyses on the Filtered Dysphonic Database
The Filtered Dysphonic Database is constructed with the purpose that it should not have

significant difference in the distribution of the severity in the OD and FD dataset. As Table
20 shows, the mean hoarseness score is more balanced. When performing the Mann-Whitney
U test, the calculated p-value equals to 0.650 for the total sample, 0.388 in case of females,
0.650 in case of males (p-value > α). The distribution of hoarseness of the OD group is
considered to be the same to the distribution of hoarseness of the FD group. In other words,
the difference between the distributions of hoarseness of the OD and FD populations is
not big enough to be statistically significant. Thus, the Filtered Dysphonic Database is
suitable for further classification investigation as it excludes the possibility that the classifier
is classifying the degree of hoarseness.
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Classification using the Filtered Dysphonic Database
Table 23 shows the classification results in case when the Filtered Dysphonic Database

was used. The highest accuracy was 71% using SVM with linear kernel. The FFS algorithm
selected 5 acoustic features: the std of SPI on nasals, the std and range of IMF entropy
measured on high vowels and the mean and std of IMF entropy on spirants. The scenarios
where FFS was used outperformed the scenarios where the original 49 acoustic feature set
was used in case of SVM with linear kernel, but not with rbf kernel.

Table 23: Two-class classification results between OD and FD on the Filtered Dysphonic
Database.

FFS
Number

of
features

Classifier
and configuration

Hyper-
parameters

LOOCV
accuracy

No 49 SVM linear kernel C = 0.125 66%
Yes 5 SVM linear kernel C = 1 71%

No 49 SVM rbf kernel C = 128;
γ = 0.0005 67%

Yes 10 SVM rbf kernel C = 2;
γ = 0.00781 66%

The confusion matrix of the 71% classification result can be seen in Table 24. The class
precision of the OD class is 72.37% and 69.32% in case of FD. The recall for class FD was
74.39% and 67.07% for class OD. This classification accuracy value is more reliable, than
the classification on the dysphonic recordings from the database presented in Section 5.1.1,
since it is unaffected by the difference in severity of hoarseness between the two groups.

Table 24: Confusion matrix using FFS and SVM with linear kernel on the Filtered Dysphonic
Database.

true FD true OD class precision
pred. FD 61 27 69.32%
pred. OD 21 55 72.37%
class recall 74.39% 67.07%

The results clearly indicate that the separation between the two diseases can be done. I
have mentioned that there are disputes in the definition and separation of FD and OD, and
that the two categories may not be always mutually exclusive [155, 156, 157, 158]. Based on
our experiment, it is clear that some acoustic parameters of speech change in case of FD,
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6.3 The automatic classification of functional and organic dysphonia

and the automatic separation from OD is possible. This means that the acoustic parameters
in FD change differently than in case of OD, so their separate group treatment is justified.

Thesis III. A. [C3] I showed that the automatic separation between organic and functional
dysphonia based on acoustic features is possible with 71% accuracy using an SVM with linear
kernel on the Hungarian Filtered Dysphonic Database.
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6.4 The automatic classification of the voices of children with

dysphonia

In Section 4.3 I presented a brief summary of some of the previous studies regarding the
analysis of pathological children’s voice. In my previous work [87] samples from healthy
children and adult voices were compared giving a clear conclusion that differences exist in
the examined acoustical parameters even between the two groups. But it is necessary to
carry out the investigations separately on children’s voices as well, we cannot use adult
voices to draw any conclusions regarding children’s voices.

Researchers mostly work with small sample sizes because it is difficult to collect recordings
from children. In Section 5.1.2 I presented the Dysphonic and Healthy Child Speech Database
which was built during the years of my research. It was essential to create a well-structured
speech database containing children’s speech samples, both from healthy children and children
suffering from dysphonia. The database contains 59 recordings: 25 voices from children with
dysphonia and 34 healthy children. Three children from the dysphonic group had vocal
nodes, the rest had functional dysphonia.

The goal of this section is to make an attempt to automatically distinguish healthy voices
of children from ones with dysphonia using SVM. The acoustic parameters used in this
experiment are presented in Section 5.2.1.

For the binary classification an SVM classifier was used with linear and radial basis
function (rbf) kernel. First, all 103 features calculated were used as input, then the FFS
algorithm was used to reduce the dimensionality of the input vector. Usually in the case of rbf
kernel the hyperparameter C is set to the number of parameters, while γ is set to 1/number
of parameters. During the examination I used grid search to tune the hyperparameters.
Leave-one-out cross validation was used in all cases. Classification results are summarized in
Table 25.

As the table shows that the highest accuracy of 93% was reached using linear and rbf
kernel. The features selection algorithm reduced the input dimensionality to 8 acoustic
features, while achieving higher accuracy than in the case when all the starting features
were used.

The confusion matrix can be seen in Table 26 when FFS and linear kernel was used. The
class precision of the Healthy class is 94% and 92% in case of Dysphonia. The recall for the
HC class was 94% and 92% for Dys.
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Table 25: Two-class classification results on the Dysphonic and Healthy Child Speech Database.

FFS
Number

of
features

Classifier
and configuration

Hyper-
parameters

LOOCV
accuracy

No 103 SVM linear kernel C = 1 88%

No 103 SVM rbf kernel C = 124;
γ = 0.008 86%

Yes 8 SVM linear kernel C= 1 93%

Yes 8 SVM rbf kernel C = 10;
γ = 0.1 93%

A successful classification should have a symmetric confusion matrix if the weights
of the mismatch of the two classes are even. Otherwise, an asymmetric confusion matrix
might indicate a biased classifier. The confusion matrix presented with 93% accuracy is as
symmetric. However, as I mentioned earlier, confusion matrix is not symmetric in a medical
system. Predicting a healthy child as dysphonic is less bad than predicting a child with
dysphonia as healthy.

Furthermore, in my research it is essential that the number of true Dys cases misclassified
as HC should be minimized. This happens only twice, resulting in a high 92% recall of class
Dys.

Table 26: Confusion matrix using FFS and SVM with linear kernel.

true HC true Dys class precision
pred. HC 32 2 94%
pred. Dys 2 23 92%
class recall 94% 92%

The trend however is clear and promising; the automatic separation of healthy from
pathological voices in the case of children is possible. We can conclude that using input
vectors built by acoustic features have great power to distinguish healthy from dysphonic
voices of children. Based on this result, it seems that dysphonia can be better screened at an
early age, but much more data need to be collected to make such statements. This research
can be a reference point in the classification of the voices of healthy children and voices of
children with dysphonia using continuous speech.
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Thesis IV. A. [J2] I showed that the automatic separation of the voices of healthy
children and children with dysphonia is possible. A classification accuracy of 93% can be
achieved using SVM with linear or rbf kernel on the Dysphonic and Healthy Child Speech
Database.
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7 Applicability of my results

The results demonstrate that developing a diagnosis support system which can differentiate
dysphonic speech from healthy one is practically feasible. It is important to note, that
while the system could be used for pre-screening, giving an exact diagnosis remains the
responsibility of the physician.

The system proposed for adults comprises several steps: the speech recordings of the
patients are arranged into speech databases (Dysphonic and Healthy Adult Speech Database).
The recordings are normalized and segmented on phone level. After selecting the phones to
be analysed, acoustic features are extracted and arranged into a feature vector. The feature
vector is given to a classifier to perform the binary classification (healthy or unhealthy) in
possession of prior knowledge. If the recording is classified as healthy the process stops. If it
is classified as unhealthy this practical diagnosis support system would recognize the type of
dysphonia, namely: functional or organic dysphonia, whilst performing the estimation of the
severity of dysphonia based on a regression module.

Prior knowledge is gained by the procession of a carefully built speech database and
optimal classification and regression models described in Sections 5.1.1, 6.1, 6.2, 6.3 and 6.4.

The class (healthy / unhealthy) or the severity of dysphonia is unknown for new speech
samples. The preprocessing of the speech record is the same and after the acoustic features
are measured on phone level a testing feature vector is constructed that enters a comparative
unit, thus the classifications or regression are performed. This process is summarized in Fig
19.

If functional dysphonia can be determined with high probability, with the help of a
diagnosis support system, the patient would be directed to a phoniatrist or speech therapist. If
the system detected organic dysphonia, the patient would be directed to an otolaryngologists
or oncologist. This would save a lot of time and would lead the patient to care as soon
as possible. The end system proposed in this study can help young physicians or general
practitioners filter out patients with dysphonia more efficiently and determine the severity
of dysphonia automatically.

A diagnostic support system for the early recognition of dysphonia in the voices of
children would follow the same logic described above, with the difference that the separation
of organic from functional causes of dysphonia is not yet possible. Since the classification
results in case of children’s voice are promising, collecting further speech records to generalize
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Figure 19: Proposed framework of a practical diagnosis support system for adults.

the classification model on a larger dataset is advised. In the long term it is worth developing
a tool for the automatic detection of dysphonic voices among children. Mobile devices are
suitable for implementing this method and using it in practice. Mobile health applications
are usually designed for smart-phones or tablets, on some occasions smart-watches. They
allow users to access information when and where they need it; reducing the time wasted
with searching for specific data. These devices are cheap, easy-to-use and lightweight. Voice
samples, metadata, acoustic feature values and the classifier output can be collected and
uploaded to a cloud server. In this way, we can monitor the quality of the children’s voice
over the long term. The goal is to build a screening system that can be used by pre-school
workers. If a child with dysphonic voice can be filtered in time, they will have a better chance
of getting a professional help from an ear, nose and throat (ENT) specialist or a speech
therapist.
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8 Summary of my theses

In my Thesis I examined the effect of dysphonia on speech with the use of acoustic-phonetic
features. With the help of these acoustic features, I examined the possibilities of automatic
separation of a healthy voice from dysphonia, as well as the possibility of further automatic
separation of the dysphonic voices according to the type of dysphonia. I also examined the
possibilities of the estimation of the severity of dysphonia.

I have shown the importance of using feature selection, namely that its use results in a
significant improvement in the recognition of dysphonia and in the estimation of the severity
of dysphonia.

I proved by correlation analysis that some of the derived acoustic-phonetic features of
speech change significantly under the influence of dysphonia, they significantly correlate
with the severity of the hoarseness. I examined the auditory judgement of specialists to
quantify the severity of dysphonia. I proved that there is a high degree of consistency among
specialists when determining the severity of dysphonia using a popular subjective auditory
scale (RBH). In order to examine the subjective nature of the RBH scale, k-means cluster
analysis was done. I compared four cluster models, each of them labelled by one specialist’s
judgement. I showed that the severity of dysphonia can be clustered into four classes. Then,
using the mean RBH perceptual evaluation of specialists as target I created regression models
for the automatic assessment of the severity of dysphonia.

I showed that the binary classification of dysphonic and healthy voices is possible for
Hungarian as well. I tried out and compared different classifiers such as SVMs and a Fully-
Connected Deep Neural Network, as well as different input vectors for the classifier, such
as acoustic features, ASR posterior probability features and the combination of the two. I
concluded that it is not worthwhile to calculate ASR phone posterior for the classification of
healthy and dysphonic voices, as it has no significant impact on the proposed system, but it
can greatly complicate and slow it down.

I made a successful attempt to automatically separate organic and functional dysphonia
based on acoustic features. There are disputes in the medical definition and separation of
organic and functional dysphonia, but my results show that their automatic separation is
possible and their treatment as separate groups is justified.

Lastly, I showed that the automatic classification of healthy speech and dysphonic speech
is possible for children’s speech as well. With the data collected so far it seems that dysphonia
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can be better screened at an early stage, but we need to collect much more data to support
this assertion.

In the following, I list my theses presented in my work as well as a brief summary of
them.

Thesis I. A. [C4] I showed that jitter(ddp), shimmer(dda), Harmonics-to-Noise Ratio
(HNR), mfcc01, Soft Phonation Index (SPI) and Empirical mode decomposition (EMD) based
IMF entropy frequency band ratios measured at specific phones show significant correlation
at the 0.01 level with the severity of dysphonia when measured on the Hungarian Dysphonic
and Healthy Adult Speech Database.

In my first theses group, I examined the possibilities of automatically estimation of the
severity of dysphonia.

Thesis I. A. states that dysphonia has an effect on the values of the acoustic features
discussed. I verified my thesis statistically with the help of the Hungarian Dysphonic and
Healthy Adult Speech Database, using speech samples from healthy people and from people
suffering from dysphonia. A further consequence of the thesis is that the more severe the
condition of dysphonia is, the more the values of the acoustic features differ from the values
measured in the voices of healthy people.

Thesis I. B. [C4, J4] I showed that when clustering the data, with the selected acoustic
features using k-means clustering, the found clusters correlate well with the severity of
dysphonia. A 0.59 Pearson correlation was achieved between the cluster defined values and
the mean of the four specialists’ ratings.

In this thesis I examined the subjective nature of the dysphonia severity judgements of
four highly educated specialists. Using k-means clustering algorithm the observations were
classified into clusters, then clusters where assigned to the severity scores and four cluster
models were compared. I calculated the Pearson correlation between the cluster defined
severity scores and the individual specialists’ ratings and I also evaluated this using the mean
RBH perceptual evaluation of the four specialists. From this experiment I could conclude
that the acoustic feature set used for clustering is suitable for modelling the individual
assessments of dysphonia severity, and that the cluster defined severity correlate well with
the severity values given by the specialists. The highest correlation value was measured
between the cluster defined severity scores and the mean of the ratings. The mean of the
four specialists’ rating is the true label I use for the regression analyses.
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Thesis I. C. [C4, J4] I showed that an automatic estimation of the severity of dysphonia
is possible using only eight acoustic features as input vector with a SVR with linear kernel
reaching 0.85 Pearson correlation and 0.46 RMSE on the Selected Dysphonic and Healthy
Database.

This thesis states that the automatic estimation of the severity of dysphonia is not only
possible, but it is possible with a low error. The consistency among the 4 specialists is of
high degree and it can be considered as a theoretical goal we want to achieve. The regression
model created greatly approximates the decision of the professionals.

Thesis II. A. [C2, C9] I showed that the binary classification of dysphonic and healthy
voices is possible for Hungarian. When applying a Fully-Connected Deep Neural Network,
an accuracy of 88% can be achieved with LOOCV using acoustic features as input on the
Hungarian Dysphonic and Healthy Adult Speech Database.

In my second theses group, I examined the possibilities of binary classification of dysphonic
and healthy speech using different machine learning approaches. Thesis II. A. states that
the binary classification of dysphonic and healthy voices is possible for Hungarian. I verified
the statement of my thesis with the help of the Hungarian Dysphonic and Healthy Adult
Speech Database, by testing SVM-based classification models and a Fully-Connected Deep
Neural Network. The highest accuracy of 88% was achieved with the later classification
model using acoustic features as an input vector. The DNN as a classifier outperforms the
SVM approaches with 3.53% relative accuracy, but it is also important to lower the risk that
a person with dysphonia is miss-classified as healthy. In this sense using FFS and SVM with
linear kernel seems to be a better approach.

Thesis II. B. [C2, C9] I have shown, that using ASR phone posterior derived features,
that were trained for general ASR purpose, is less effective in the automatic classification of
healthy and dysphonic voices, than using the acoustic feature set directly. Deeper analyses
showed weak relation between phone posterior distributions and dysphonia severity scores.

In Thesis II. B. and Thesis II. C. I verified that using or adding phone posteriors might
produce a better classification system for dysphonia than using acoustic features as input
vector. I showed that the direct use of ASR posterior features falls short behind the results
obtained by the acoustic features, as 60% accuracy was achieved when ASR posterior features
were used as input vector and fed into the Fully-Connected Deep Neural Network.
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Thesis II. C. [C2, C9] I have shown that adding ASR phone posterior derived features
to the acoustic features does not significantly improve the automatic classification accuracy
of healthy and dysphonic voices.

In this thesis I examined whether the combination of the two input vectors increases the
result of the classification accuracy. While this approach yielded better accuracy than using
only acoustic features, there was no significant impact of using ASR posterior probability
values. Using the combined feature vector as the input of the neural network, the classification
accuracy increased to 89%. If false negatives and false positives have similar costs and chi-
square test are performed there is no significant difference between the classifications with
accuracy of 85% (using acoustic features as input with FFS and SVM with linear kernel),
88% (using acoustic features as input of the DNN) and 89%.

One explanation why ASR posterior features did not help improve the classification
result is that ASR model training corpora are not controlled w.r.t. hoarseness ASR train sets
most likely contain sufficient dysphonic sample to make the recognizer robust to dysphonic
voices. Therefore, whereas ASR posteriors can be a useful feature to address detection and
classification of less frequent voice disorders they are not ideal for the detection of dysphonia.

Thesis III. A. [C3] I showed that the automatic separation between organic and functional
dysphonia based on acoustic features is possible with 71% accuracy using SVM with linear
kernel on the Hungarian Filtered Dysphonic Database.

In this single standing thesis I made a successful attempt to automatically classify
dysphonic voices by the type of dysphonia. Dysphonia can be classified into two fundamental
categories: functional and organic dysphonia. This classification is much criticized as the two
categories may not be always mutually exclusive, organic abnormality can cause a functional
disorder, a functional disorder can lead to organic alteration. The two dysphonia types may be
different in the severity of voice quality, this could affect the classification attempt. Thus, it is
important to construct a database where there is no significant difference in the distribution
of the severity of dysphonia in the two groups. The Hungarian Filtered Dysphonic Database
was constructed in such way and is suitable for classification investigation as it excludes the
possibility that the classifier is classifying the degree of hoarseness instead of the type of
dysphonia. The Filtered Dysphonic Database is a subset of the Hungarian Dysphonic and
Healthy Adult Speech Database. In this thesis I showed that the separation of organic and
functional dysphonia can be done.
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Thesis IV. A. [J2] I showed that the automatic separation of the voices of healthy
children and children with dysphonia is possible. A classification accuracy of 93% can be
achieved using SVM with linear or rbf kernel on the Dysphonic and Healthy Child Speech
Database.

In my final single standing thesis I addressed the problem of recognizing dysphonia in
children’s voice. It is necessary to carry out the investigations separately on children’s voices
as we cannot use adult voices to draw any conclusions regarding children’s voices. The thesis
states that the automatic separation of the voices of healthy children and children with
dysphonia is possible. I used the Dysphonic and Healthy Child Speech Database in order to
prove this assertion. The Dysphonic and Healthy Child Speech Database currently contains
59 recordings: 25 voices from children with dysphonia and 34 healthy children. Much more
data is needed to obtain better and more general results, plus to avoid overfitting issues.
However it is clear, that the classification can be done with high accuracy and high recall
for the dysphonia class.
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