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ABSTRACT

PHYSIOLOGICALLY BASED FEATURES RELATED
TO VOCAL HYPERFUNCTION:
FROM LABORATORY TO AMBULATORY DATA

JUAN PABLO CORTES SOTOMAYOR, B.S., M.S.

Doctor of Philosophy
Universidad Técnica Federico Santa Maria
Valparaiso, Chile, 2020

Dr. Matias Zanartu Salas, Advisor

The following thesis proposal describes a framework for the analysis of signal-
based features related to vocal pathologies, namely phonotraumatic vocal hyper-
function (PVH) and non-phonotraumatic vocal hyperfunction (NPVH), using an
accelerometer attached to the neck-skin in an ambulatory setting. The first stage
consists of extracting physiologically relevant features that are associated with
PVH on a daily basis. A clinical set-up (In Lab) that captures key components
of vocal function, such as acoustics (microphone) and aerodynamics (oral airflow)

from a reading passage, provides a set of model parameters to characterize vocal

viil



function. An impedance-based inverse filtering (IBIF) technique is used to es-
timate glottal airflow and related features from the accelerometer signal and to
obtain the same features for the ambulatory data (In Field). An in-depth analysis
of IBIF aerodynamic measures is done in the context of machine learning classi-
fiers. Subsequently, an adaptive version of the IBIF filter (i.e., Kalman smoother)
is proposed in order to estimate the airflow signal, incorporating modeling and
observation noise. The Kalman smoother is compared to the original IBIF fil-
ter with In Lab and In Field data within a classification task to determine the
efficiency and relevance of both approaches. Additional efforts are presented to
provide insights on the capabilities of machine learning tools to be used on PVH
and NPVH patients when compared to their matched-controls. First, a case study
with 4 pairs of PVH and controls is used to determine how the variability of the
IBIF parameters can affect the classification performance with In Lab data. Later,
classical machine learning algorithms are used to investigate the nuances in the
classification of NPVH subjects vs. controls, while a final effort explores the use
of wavelets with deep learning to separate Pre vs Post therapy in NPVH patients.
The main contributions of this thesis are: 1) to develop a machine learning frame-
work for the analysis and classification of neck-surface acceleration signals using
aerodynamic features; 2) to propose an alternative filtering scheme to IBIF based
on adaptive filtering; and 3) to support the first two contributions by exploring

pilot studies on salient features for NPVH, IBIF parameter uncertainty, and ther-
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apy effects on NPVH. Discussions and conclusions are included in each chapter
to interconnect the ambulatory analysis of glottal flow with machine learning,
to establish the potential benefits and limitations of these approaches in clinical

settings.
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Chapter 1

Introduction

1.1 Motivation

The overall goal of this work is to improve the contribution of ambulatory
voice data to clinical assessment of vocal hyperfunction (VH) [2]. It is hypothe-
sized that some voice disorders such as the formation of vocal fold polyps, nodules,
and muscle tension dysphonia are a result of the misuse and inappropriate com-
pensatory mechanisms [12]. Symptoms of VH can go from vocal fatigue [13] to
permanent tissue damage [14], and they could be developed during long periods
of time through accumulation of vocal loading. However, voice therapists typi-
cally access only a snapshot of time using clinical recording techniques such as
acoustic and aerodynamic measurements and laryngeal imaging [15, 16, 17, 18] to
obtain objective voice data. Standardized subjective clinical assessment is very
relevant for this purpose, but it is also limited to specific instances of time where
the evaluation takes place [19]. Most information regarding daily voice use is

subjective to the perception of the patient [20], which has been found to be er-



ratic and less useful. Therefore, a key step for the objective voice assessment is
the incorporation of ambulatory sensors that can measure relevant voice function
features over long periods of time. Assessment of voice function through ambula-
tory monitoring of relevant physiological parameters could have great benefits for
clinicians and patients, as it could provide complementary information for clinical
voice assessment, which imply improvements in voice therapy, real-time biofeed-
back, and, hopefully, some progress on the understanding of the etiology for some
vocal pathologies. In the last decade there have been some efforts to monitor
and quantify voice function using different tools that measure neck-skin vibration
with an accelerometer attached just below the thyroid notch [21, 22, 23]. Most
of these devices provide estimations of Sound Pressure Level (SPL), fundamental
frequency (fy), and three vocal doses: Phonation time, cycle dose, and distance
dose [24]. The purpose of these measures is to quantify vocal loading, which is
related to the stress affecting the vocal folds during long periods of time. At eval-
uation, these measures might provide indirect evidence of the severity of a voice
problem, even if they cannot pinpoint the specific etiologies or pathologies [18].
In contrast, aerodynamic measures of voice production, such as glottal airflow
and subglottal pressure, provide physiologically insights and can differentiate VH
related pathologies from healthy vocal subjects [12, 25, 26, 27]. To improve the
assessment of vocal function, a smartphone-based ambulatory monitoring frame-

work was proposed to analyze neck-skin accelerometer signals from daily voice



use. The smartphone application, referred as the Voice Health Monitor (VHM)
system [23], has the advantage to be user friendly and easily programmable using
the Android operating system. In this thesis, we aim to use the VHM system to
include features that are based on physiological events from voice production, for
example, the peak to peak amplitude of the unsteady glottal airflow (ACFL or
AC-flow) and the maximum flow declination rate (MFDR), using estimations of
the glottal airflow [28], and to use an adaptive filter (e.g, Kalman filter) to quan-
tify the uncertainty on those measurements. The goal of this effort is to make the
ambulatory assessment of vocal function more aligned with previous methods and
findings on VH [12]. In addition, the large amount of data provided by subjects
with VH and healthy controls opens up the possibility to explore Machine learning
algorithms [29] for supervised and unsupervised classification tasks. Even though
there has been a great advance on complex Machine Learning algorithms (e.g.,
deep learning [30]) for several applications, they usually behave as a “black box”
where the input is raw data and little is known about the learning process. In clin-
ical applications such as voice assessment, it is important to consider physiological
relevant features as input to learning algorithms, such that clinicians can better
interpret the results of such algorithms. This thesis presents the first attempt
to incorporate estimations of aerodynamic features from VH patients wearing a
VHM during a week with the purpose of applying machine learning algorithms for

an analysis of the differences between VH patients and healthy control subjects.



1.2 Goals

1.2.1 General aim

To develop a signal processing and classification framework to study vocal

function using ambulatory aerodynamic features.

1.2.2 Specific aims

1. Specific Aim 1 (SA1): To develop a signal processing and machine learn-
ing framework using ambulatory aerodynamic measures to distinguish statis-

tical features from both subjects with PVH and NPVH and healthy controls.

2. Specific Aim 2 (SA2): To develop a Bayesian framework to quantify
and to explore the role of uncertainty in the estimation of the ambulatory

aerodynamic features in the signal structure and classification tasks.
1.3 Hypotheses

Hypothesis 1 (H1) Events of phonotraumatic vocal hyperfunction will be
correlated with amplitude-based glottal features (AC-flow,MFDR), while non-
phonotraumatic vocal hyperfunction will be correlated with frequency-based glot-
tal features (H1-H2, open quotient). Specifically, ambulatory measures of AC-flow
and MFDR will be positively correlated to higher vocal fold collision forces on

patients with PVH than healthy-matched controls, while ambulatory measures of



H1-H2 (or other frequency-dependent measure) will have higher values on patients
with NPVH than their healthy-matched controls. The results will be reflected on
the classification tasks when using the measures alone and normalized with SPL

(for AC-flow and MFDR) as well.

Hypothesis 2 (H2) Variability and errors in the ambulatory aerodynamic data
will be reduced by incorporating a Bayesian framework in the estimation of glottal
features by discarding those with high variability. The incorporation of physiolog-
ically model-based features with low variance error in machine learning algorithms

will improve classification of PVH subjects vs. healthy-matched controls.

Hypothesis 3 (H3) Classification of NPVH patients vs. matched controls is
a more difficult task than classification of PVH subjects vs. matched controls.
A deep learning approach to classification, for example the classification of pre
vs. post therapy for NPVH subjects, will improve accuracy, at the cost of feature

interpretation.

1.4 Contributions

This thesis introduces the first attempt to make a connection between glottal
aerodynamic signals taken in clinical settings and related measures from ambula-
tory settings. By using an impedance-based inverse filtering scheme to estimate

the unsteady glottal airflow component from a neck-surface accelerometer, it is



obtained and quantified, for the first time, aerodynamic features in an ambula-
tory assessment and a comprehensive framework. These features have been shown
to be physiologically relevant for vocal hyperfunction in laboratory settings and
computational studies. Prior efforts to obtain aerodynamic features from neck
surface acceleration were limited to sustained vowels and simple proof of concept
examples. The incorporation of subject-specific model parameters from clinical
recordings and their application to the same subjects in ambulatory data within a
stochastic framework is introduced for the first time in this work. Machine learn-
ing algorithms are used to for the first time with highly relevant clinical features
(i.e., glottal airflow) to find model parameters on vocal use that are unique on
subjects with VH.

There is an opportunity to enhance clinical medicine based on machine learning
models. In the specific case of voice assessment, tracking data from patients
could provide valuable information regarding the state of a specific voice disorder.
The results of machine learning algorithms provide insights on what voice related
features have more impact on a daily basis for patients with PVH and NPVH. As
a result, clinicians can make better decisions regarding what procedure or therapy
to follow, and how the patient is responding to such approach. The ultimate goal
would be to optimize the health care system in the voice area by lowering costs

of unnecessary treatments.



Chapter 2

Background

2.1 Voice pathologies

Vocal pathologies are a health problem of growing concern in our society. In
the US these pathologies affect about 6.6 % of the working population [31] and
in Chile there is more than 50 % prevalence of vocal pathologies in teachers [32].
One of the reasons that cause many voice pathologies is the misuse of the voice
from a functional point of view, i.e., normal and balanced functioning of the voice
is altered causing efforts mainly affecting the vocal folds. These appear when the
quality, pitch, or loudness of an individual differ from voice characteristics that are
normal for the gender, age, and population of the individual. Fig 2.1 shows healthy
vocal folds when they are closed (adducted). Overall, voice pathologies might
arise by three distinct factors: Maladaptive or inappropriate voice use, structural,
medical, and neurologic alterations of the respiratory, laryngeal, and vocal tract
mechanisms, while others originate in direct response to psychological factors.

There is also a considerable overlap between these three groupings [18]. A major



grouping of laryngeal pathologies and voice disorders was organized by the Special
Interest Division 3 of the American Speech-Language-Hearing Association in a
volume called the Classification Manual for Voice Disorders -I [33], where clinical
pathologies of the laryngeal mechanism where divided broadly into 8 groups:
1. Structural Pathologies of the Vocal Fold
(a) Malignant Epithelial Dysplasia of the Larynx
(b) Bening Epithelial and Lamina Propia Abnormalities of the Vocal Fold
(c) Congenital and Maturational Changes Affecting Voice
2. Inflammatory Conditions of the Larynx
(a) Cricoarytenoid and Crycothyroid Arthritis
(b) Acute Laryngitis
(¢) Laryngopharyngeal Reflux
(d) Chemical Sensitive/ Irritable Larynx Syndrome
3. Trauma or Injury of the Larynx
(a) Internal Laryngeal Trauma
(b) External Trauma and Arytenoid Dislocation
4. Systematic Conditions Affecting Voice
(a) Endocrine Disorders
(b) Immunologic Disorders
5. Nonlaryngeal Aerodigestive Disorders Affecting Voice

(a) Respiratory Diseases



(b) Gastroesophageal Reflux Disease
(c) Infectious Diseases of the Aerodigestive Tract
6. Psychiatric and Psychological Disorders Affecting Voice
(a) Psychogenic Conversion Aphonia and Dysphonia
(b) Factitious Disorders or Malingering
(¢) Gender Dysphoria or Gender Reassignment
7. Neurologic Disorders Affecting Voice
(a) Peripheral Nervous System Pathology
(b) Movements Disorders Affecting the Larynx
(¢) Central Neurologic Disorders Affecting Voice
8. Other Disorders of Voice Use
(a) Vocal Abuse, Misuse, and Phonotrauma
(b) Vocal Fatigue
(¢) Muscle Tension Dysphonia (Primary and Secondary)
(d) Ventricular Phonation (Plica Ventricularis)
(e) Paradoxical Vocal Fold Motion (Vocal Fold Dysfunction) or Episodic
Dyspnea
The main body of this work will be concentrated on the analysis of vocal fold
nodules and polyps (structural pathologies that are benign in the epithelial and
lamina propia). Nodules represent an inflammatory degeneration on the super-

ficial layer of the lamina propia. They are usually bilateral and tend to appear



in the location of greatest amplitude of the vocal folds. Figure 2.2 shows vocal
folds with bilateral nodules in the close phase. Even in adducted state, there is
an opening in the posterior and anterior part of the glottis due to the blocking of
the nodules for a complete closure.

Vocal fold nodules/polyps are hypothesized to be developed through condi-
tions of abuse and/or misuse of the vocal mechanism due to excessive and/or
“Iimbalanced” muscular forces [12]. Due to the lack of loudness, patients try to
compensate with excessive muscle tension causing a sub-optimal position of the
vocal cords [34]. This alteration to the status of the voice, is known as hyperfunc-
tional voice (VH) [12, 35] and is associated with a number of recurring pathologies

in patients with positive clinical diagnosis.

Figure 2.1: Normal vocal folds (adducted).
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Figure 2.2: Vocal folds with bilateral nodules (adducted).

Vocal hyperfunction can manifest in two conditions: Phonotraumatic (PVH)
and non-phonotraumatic (NPVH) [2]. PVH is a type of pathology associated to
the increase of muscular tension on the vocal folds, producing high stiffness and
higher collision forces on these. Subglottal pressure and higher glottal airflow
could also increase above normal levels [12, 36, 37]. There are different degrees
PVH, from vocal fatigue, inflammation of vocal fold tissue, to the formation of
inflammatory lesions the superficial layer of the lamina propia, such as polyps or
nodules. During any of these stages, if the vocal fold trauma diminishes due to
vocal therapy, it is possible to recover to a normal voice state. However, if the
trauma persists due to higher contact forces from lesions on the vocal folds, these
lesions would become permanent and surgery should be the next step for recovery

[12]. On the other hand, NPVH is a type of pathology that is associated with
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dysphonia due to the incomplete closure and high stiffness of the vocal folds. The
etiology of NPVH is less well understood because there is no vocal fold trauma.
Fig 2.3 shows the vocal folds of a subject with primary muscle tension dysphonia
(MTD, one manifestation of NPVH) during the close phase of the vibratory cycle,

where is incomplete closure due to the pathology.

Figure 2.3: Muscle tension dysphonia (adducted).

In order to understand the causes of VH, it is necessary to have objective
measures that can describe the mechanisms of laryngeal function. Objective clin-
ical assessment of vocal function includes the use of instruments that measure
components, such as acoustic output, aerodynamic function, laryngeal imaging,
among others. The main purpose of acoustic analysis is to obtain estimations of
fo, intensity (i.e., sound pressure level, SPL), signal /harmonics-to-noise-ratio, per-

12



turbation measures, and spectral /cepstral features, most of them related to voice
quality. The aerodynamic assessment includes measures of airflow rate and lung
volume, subglottal (intraoral) pressure, phonation threshold pressure, and laryn-
geal resistance. Laryngeal imaging provides information of the gross structure and
movements of the vocal folds, vibratory characteristics, and vibratory onset /offset
(only with high-speed video). It is recommended to record acoustic signals with a
professional grade, condenser type of microphone with unidirectional, or cardioid
filtering characteristics [38, 39]. Ideally, the microphone must be positioned from
the subject’s mouth an approximate distance between 3 to 8 cm for sustained
vowels, even though longer distances are acceptable for connected speech, and
ambient noise should be minimal (42 dB signal-to-noise ratio recommended) in
order to obtain reliable measurements [40]. Aerodynamic measurements are usu-
ally taken with a pneumotachohaph device that uses differential pressure across
a known resistance to estimate flow rate. To measure oral airflow and pressure,
a mask developed by Rothenberg [41] is typically used. The mask contain wire
mesh screen vents that serve as the resistance and the pressure drop is calculated
from inside the mask relative to atmospheric pressure. Fig 2.4 shows the proce-
dure of taking aerodynamic measurements with the Rothenberg mask. Laryngeal
imaging provides more information about the severity and possible etiology of a
voice disorder than other measurements [17]. However, it is more invasive to the

patient and there is a learning curve for the interpretation of a given video/image
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due to visual perception judgment. Typical imaging techniques to assess voice
disorders, using a rigid or flexible endoscope, include stroboscopy, kymography,
and high-speed video. Each one has its advantages and limitations, and they can
be used synchronously with devices that record other measures (i.e., acoustic) to

better cross-validate perceptual judgment of vocal fold movement [42].

X\

Figure 2.4: Extraction of aerodynamic measurements with a Rothenberg mask. Voice
Production Laboratory (VPLAB), Universidad Técnica Federico Santa Maria, Val-

paraiso, Chile

The main purpose of objective measurements for voice functions is to pro-

vide clinicians reliable information on speech behavior. All objective tools men-
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tioned before provide indirect measurements of vocal function, which are limited
by equipment errors, calibration, and subjective interpretation of results [18].
Nevertheless, objective measurements have provided useful knowledge on the pre-
dictive power of vocal measures with respect to perceptual or self-rating measures
[43, 44]. Using multivariate analysis, Wuyts et al. [45] created the Dysphonia
Severity Index (DSI) to assess voice quality based on perceptual analysis and four
objective measures: fp, SPL, maximum phonation time, and jitter (measure of
frequency instability). The DSI has been used to discriminate between organic
and non-organic etiologies in a large population [46]. Due to the large variability
of acoustic measurements between subjects, there is not a single indicator that
could predict a voice disorder. Multiple measures are used instead, and subjective
analysis is combined to assess a vocal disorder. In the case of dysphonia, there is
one feature that has been used to assess it: the Cepstral Peak Prominence (CPP).
The cepstral domain, or cepstrum, is the inverse discrete-time Fourier Transform
(IDTFT) of the logarithm of the magnitude of the discrete-time Fourier Trans-
form (DTFT) of a signal [47]. This transformation alters the spectrum plot of all
harmonic peaks to a cepstrum plot, which emphasizes the peaks of the strongest
harmonics, including the fundamental frequency f,. The CPP compares the mag-
nitude of the cepstral peak to the linear regression of all frequencies in the voice
signal [18]. A number of variations on cepstral analysis have been shown to corre-

late with perceptual judgements of breathy and rough voices [48, 49, 50, 51]. In a
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meta-analysis of acoustic measures, CPP resulted as a robust measure correlated
to listener judgments of dysphonia severity [52]. The main issue with acoustic
measures is that they do not provide an understanding of the etiology of the voice
disorder. They provide relationships with symptoms of a voice pathology. For
example, vocal effort has been associated with SPL, LH ratio and HNR for both
speaker and listener ratings [53]. Voice quality, such as breathy voice, has strong
correlation with spectral features such as the difference in magnitude between the
first and second harmonic (H1-H2) [54, 55]. A measure called relative fundamental
frequency (RFF) has been associated with vocal effort for subjects with VH [56]
and spasmodic dysphonia [57]. Objective assessment using aerodynamic measures
show promising results on the etiology of VH that includes nodules and polyps
[12]. By using inverse filtering of the oral flow signal, reliable measurements of
the glottal flow can be achieved in different voice conditions [25]. Subjects with
VH have higher values of AC-flow, MFDR and subglottal pressure compared to
normal groups [12, 26, 58, 27, 59]. Numerical models of the vocal folds can ex-
plain the experimental results of the resulting compensation of VH subjects due
to increasing aerodynamic efforts to keep an adequate acoustic level [60]. The
present thesis continues the effort of providing tools and evidence to calculate
glottal flow and investigating how the signal compares between subjects with VH

and controls.
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2.2 Ambulatory voice monitoring

Most vocal pathologies develop during a period of time where subjects might
develop stress on the vocal folds due to high vocal demand, which usually is de-
scribed as vocal fatigue [13]. As a consequence, it is beneficial for the speech
therapist to have objective information of the voice use during long periods of
time for a subject who suffers from vocal fatigue and might develop an organic
pathology. Therefore, researchers have developed monitor devices whose purpose
is to monitor voice use and/or obtain real-time biofeedback to the user. Holbrook
et al. [61] developed one of the first devices for ambulatory bio-feedback with a
contact mic over the traquea. Zicker et al. [62] developed a similar device but in-
stead used a throat microphone for biofeedback. Both devices only use sound level
as vocal parameters. Ryu et al. [63] and Szabo et al. [64] designed ambulatory
monitors with a contact mic (over trachea) to monitor duration of voicing while at
the same time sound level and fundamental frequency, respectively. Other devices
include a monitor with a piezoelectric microphone attached to the thyroid that
measures duration and fy [65], a contact microphone that measures duration and
sound level [66], and free-air microphone (head mount) that measures sound level
and duration [67].

Currently, there have been three commercially available ambulatory voicing

devices for clinical and research purposes: The Ambulatory Phonation Monitor
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(APM) (KayPENTAX, Lincoln Park, NJ, USA), the VoxLog (Sonvox AB, Umea,
Sweden), and the VocaLog (Griffin Laboratories, Temecula, CA). While the three
of them can monitor SPL and phonation time with biofeedback, in addition, the
APM and VoxLog provide f, measurements and additional vocal doses related
to vocal loading [24]. The APM employs medical-grade adhesive to hold the
accelerometer against the neck, while the VoxLog employs a collar for the same
purpose, and the latter includes an air microphone to measure environmental
noise. The Vocal.og employs a collar as well but uses a contact microphone
instead of an accelerometer. The devices only store the vocal measurements, i.e.,
no data is recorded due to privacy issues. Calibration for SPL is different for all
three devices, and there is report of some differences in performances, mostly due
to the analysis window employed by each device and by the differences in the
calibration procedure [68].

Different efforts have been reported to monitor daily voice use in order to ob-
tain insights on the pathophysiological process leading to vocal pathologies. A
Digital Signal Processor (DSP) prototype for a portable device captures features
related to voice quality, such as fy, jitter, and relative average perturbation, us-
ing a small, contact-less, microphone signal which only captures vowels for offline
processing [69]. An ambulatory system based on surface electromyography for
detecting muscle activation is used to classify simulated characteristics of MTD

from normal voice in a laboratory setting, with potential for ambulatory mon-

18



itoring [70]. A portable vocal accumulator (PVA) designed to record neck-skin
vibration signals using an accelerometer (similar to the APM) was tested on 99
participants with normal or dysphonic voices,and ambulatory testing was made
with 4 participants for an average of a day of recordings [21]. Using a similar ac-
celerometer setup, a voice dosimetry developed by The National Center for Voice
and Speech (NCVS) [22] was used to measure silence and voice accumulation from
teachers during two weeks in which subjects voiced for about 23% of the total time
at work [71]. The same dosimeter was used for an objective study of vocal fa-
tigue where seven professional singers used the device for a two-week period [72].
In a study of silence and voicing accumulation, the APM was used to determine
voicing duration for 26 primary school teachers during an average of 4 hours per
workday, that were divided in three groups: those with organic voice disorders,
those with functional voice symptoms, and normal voice quality [73]. Another
study estimated the voice quality of healthy college singing students using the
VoxLog device plus an acoustic microphone to obtain parameters such as long-
term average spectrum slope, alpha ratio, and harmonic-to-noise ratio [74]. In
addition to those devices, the Voice Health Monitor (VHM) system improves on
the previous ones by incorporating a smartphone application [23]. The cellphone
is connected to a special designed circuit that conditions the acceleration signal
coming from an accelerometer attached to the neck-skin, in the same design as

the APM. Similarly, the VHM extracts SPL estimations (previous a calibration
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procedure), fo, and vocal doses every 50 ms. Studies using the VHM on vocal
hyperfunction have been reported on ambulatory data from subjects wearing the
device from 1 to 4 weeks [11, 75].

Perceptual assessments of voice use have also been reported in ambulatory
monitoring. In a study, school teachers with self-estimated voice problems were
recorded along match control subjects using the APM device, and self-subjective
voice evaluations were correlated with the APM results [76]. A four-day follow-
up study on self-reported voice condition on 27 teachers was performed using a
Voice-Care device [77], where variation in vocal SPL was significantly associated
with self-reported voice conditions [78]. Music theory teachers were monitored
during one week with a voice dosimeter and correlations were calculated between
vocal load index (VLI) and self-assessed voice quality, vocal fatigue, and amount
of singing and speaking voice produced [79]. Six patients with voice disorders were
matched with healthy controls and six low voice users for one week of phonation
monitoring using the APM and self-reports were correlated with phonation time
[80]. In a large study of ambulatory monitoring of 84 subjects with VH (74
matched controls) during one week concluded the reliability of ratings of difficulty
producing soft, high-pitched phonation, discomfort, and fatigue using the VHM
device [81].

The estimated features obtained from ambulatory data usually are fy, SPL,

and a set of vocal doses that include phonation time, cycle dose, and distance
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dose [24], derived from the same estimations of SPL and f;. These features are
related to pitch, intensity, and vocal loading, respectively. However, these are
not features related to aerodynamic process of the vocal folds that could con-
tribute information on the etiology of a particular pathology. For example, it
has been shown that SPL measures do not have significant differences between
a group of PVH and normal subjects [75]. Changes in pitch or vocal loading
might be a secondary effect due to a primary lesion, for example, the change in
mass of the vocal folds due to nodules or polyps. In the specific case of PVH,
features based on aerodynamic measures (i.e., AC-flow, MFDR, collision forces)
are in direct connection to the mechanical change that might produce a primary
organic vocal pathology. Estimation of features based on empirical equations for
estimating collision forces of the vocal folds have been investigated in [82]. The
estimation of another aerodynamic measure, subglottal pressure, is currently un-
der research for ambulatory purposes through its estimation from neck-surface
acceleration [83, 84]. Most common vocal pathologies have origin in biomechani-
cal disorders. These disorders are intrinsically related to changes in aerodynamic
forces compared to normal voice production. Measures of those changes can be
critical to determine the origin of a specific pathology, such as PVH [85]. How-
ever, estimation of aerodynamic features is a difficult task, even in clinical cases.
It usually involves a process of inverse filtering to remove resonances of the vocal

tract [25] or estimation of the neck-skin impedance if the filtering is done through
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an accelerometer [85]. Moreover, the inverse filtering is limited to vowels or short

phrases, with a few examples on ambulatory settings with a small pool of subjects

[10].

2.3 Classification and clustering with machine
learning

Since early 1980s there has been studies for the detection and classification
of vocal fold pathologies using basic techniques of pattern recognition, when ma-
chine learning where not as popular as it is nowadays [86]. Most of the work
related to classification of vocal fold pathologies use sustained vowels for their
experiments, which its limited to the estimation of acoustics of the vocal tract
to estimate the glottal flow itself. Therefore, most of them use an acoustic mi-
crophone. Typical datasets are recordings of normal and pathological subjects
with sustained vowels or continuous speech. Open available standard datasets in-
clude the Massachusetts Eye and Infirmary (MEEI) dataset, Saarbruecken Voice
Database (SVD), and the Arabic Voice Pathology Database (AVPD). Details of
these databases can be found in [87]. Some work related to the classification of
phonotraumatic vocal hyperfunction (vocal nodules and /or polyps) can be found
in Krishna et al. [88], where they utilized energy spectrum features and k-nearest
neighbor (KNN) to classify several vocal disorders, including vocal fold polyps

and nodules, using sustained vowels from MEEI. Behroozmand et al. [89] used
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Wavelet packet sub-band and Mel-Frequency Cepstrum Coefficients (MFCCs) to
detect vocal fold nodules and polyps with artificial neural networks (ANN) and
Support Vector Machines (SVM) from a local dataset. Fonseca et al. [90] uti-
lized Daubechies’ discrete wavelet transforms with SVM in order to detect vocal
fold nodules from voice signals with sustained Brazilian Portuguese phonemes.
Nayak et al. [91] used Wavelet transformation patterns with ANNs to detect hy-
perfunctioning of vocal folds from the MEEI database. Turkmen et al. [92] used
videolaryngostroboscopy to perform nodule-cyst classification with SVM, Random
Forest and KNN. Aguiar et al. [93] utilized a vector-quantizing-trained distance
classifier with LPC and Mel cepstral features to classify different vocal patholo-
gies, including nodules, using the MEEI database. Arias-Londono et al. [94] used
Hidden Markov Models (HMM) with MFCC and short-term noise parameters to
classify a variaty of vocal pathologies, including nodules and polyps. They used
the MEEI and an internal database from the Universidad Politécnica de Madrid.
Carvalho et al. [95] used ANN with Wavelet features to detect vocal fold nodules
from sustained /a/ Portuguese vowels. Saeedi et al. [96] tested the MEEI database
with Wavelet Filter Banks and SVM to detect a variety of pathologies, includ-
ing nodules and polyps, where they reach 100% accuracy. Similarly, Muhammad
et al. [97] developed a multidirectional regression-based features using Gaussian
Mixture Models (GMM) to classify several vocal pathologies, including nodules,

with a 99% accuracy on a database composed of arabic digits. Al-Nasheri et al.
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(98] utilized three databases: the MEEI, SVD, and AVPD to classify several vocal
pathologies using autocorrelation and entropy features.

Regarding NPVH, Schlotthauer et al. [99] used acoustical measurements with
an ANN; Hemmerling et al. [100] used several acoustic features with their statistics
to classify hyperfunctional dysphonia (among other pathologies) using Random
Forest; and Markaki et al. [101] investigated the combination of modulation spec-
tral features and MFCCs to classify dysphonia, nodules, and polyps using an SVM
with the MEEI database. Recently, Sklanny et al. [102] developed a genetic clas-
sification algorithm to assess glottal insufficiency of vocal fold nodules in children
using acoustic and electroglottographic signals. There are plenty of work related
to classify different voice pathologies, however, they all share similar databases:
sustained vowels from healthy and pathological subjects with microphones under
laboratory conditions. For example, a common database, the MEEI, has been
used for several studies in vocal pathologies. Usually, classification scores for this
database are very good, above 90% in accuracy. However, a study from Daoudi
et al. [103] revealed some issues with MEEIL Specifically, they found that the
dataset is perfectly separable and they found a single scalar parameter capable
of perfect classification accuracy. Therefore, MIIE could be considered as a “toy
example” [103] not suitable for voice research where high classification is not the
most important characteristic. Having only specific vowels on these databases

could contribute to a high bias for separability, but the etiology and development
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of a voice pathology is complex and it requires the analysis of a richer set of data
to better understand the problem.

Classification/detection of other vocal pathologies using running speech have
been reported in [104] for Parkinson’s disease, [105] for physiological and neu-
romuscular larynx pathologies, and [106] for a variety of organic, neurological,
traumatic, and psychogenic factors. Nonetheless, these studies with continuous
speech have been done under laboratory conditions as well, which limits all the
dynamics that can occur in spontaneous speech in an ambulatory setting. There
are very few studies of ambulatory data, mainly on the use of a portable dosime-
ter, as mentioned in the previous subsection, [22] to measure SPL, fj, and vocal
doses [24]. Relevant work using this device has been reported on the variations of
these measures between occupational versus non-occupational settings for teachers
[107], the silence and voicing accumulations between teachers with and without
voice disorders [73], and the comparison of vocal-dose measures using formulas for
estimating collision stress on the vocal folds from schoolteachers [82]. However,
those studies do not use advance statistical learning (i.e., machine learning) for
classification. On ambulatory voice monitoring, Ghassemi et al. used the VHM
system with supervised machine learning to classify PVH subjects vs. controls
using high-order statistical features of SPL, fo and vocal doses [11]. The same
group used an unsupervised machine learning technique called symbolic mismatch

to identify clusters within the ambulatory data from NPVH subjects and controls
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[108]. No prior studies have included aerodynamic features in an ambulatory
setting.

Most of the work related to classification of vocal pathologies use supervised
learning: it consists on the use of features to construct a parametric model to
predict a label (or response) [109]. The process for finding the best parameters
that fits the label is called training. The process of applying the trained model
to unseen data is called testing.Supervised learning works well when the label
assigned to an instance of the data corresponds to the true label of classifica-
tion. However, there are cases in which it is difficult to assign a label to a data
point. For example, some subjects with voice pathologies do not always exhibit
the pathology during daily voice use, just as well as some normal subjects might
show characteristics of a pathology in their voice use. People experience differ-
ent degrees of vocal effort depending on how they are using their voice during
the day. For example, a person could have more difficult voicing after work than
at the beginning of the day. Individuals who have vocal pathologies might not
always exhibit features related to the pathology, in the same way as individu-
als with normal vocal folds sometimes might exhibit voicing that is related to a
particular pathology. Therefore, it is necessary to identify segments of time for
which phonation becomes more problematic. In the case of lacking a reliable set
of labels, unsupervised learning [109] can be useful to find patterns or clusters

in the data without requiring a ground truth label set for every data point. Un-
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supervised learning involves clustering data without having ground truth labels.
The task of finding common patterns becomes difficult when voicing has a great
variability within days and across subjects.The challenge becomes difficult as we
narrow down specific voice behavior patterns and cluster them in categories to

aid diagnosis and therapy.

2.4 Bayesian tracking

One of the limitations of previous models is the lack of a mechanism to quan-
tify measurement uncertainty for clinical applications. This is important since
different combination of parameters in a model could give the same output, but
there is no way to explain the most likely solution within a credibility interval
for a particular combination. In this case, a probabilistic state-pace approach to
modeling might be useful for tracking uncertainty in measurements. In dynamic
systems, the state-space approach focuses on the state vector, which contains
all relevant information of the system under investigation. For example, in vo-
cal tract estimation problems, the state vector could represent the air-volume of
traveling waves from a model with concatenated tubes [110]. The measurement
vector represents observations of the system that are related to the state vector.
In order to analyze and make inferences about this system, it is necessary to have

a state model describing the evolution of the system and an observation model
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relating the measurements to the state. Assuming a probabilistic framework, both
models should incorporate noisy distributions as well. In this context, Bayesian
estimation is the process of constructing the posterior probability density func-
tion (pdf) of the state based on all available information, including the received
measurements [111]. Recursive filtering is used when the problem requires a new
estimate from past and current measurements, where the posterior pdf of the
state is predicted with past measurements (prediction stage) and then updated
with the current measurement (update stage). Bayes’s theorem is the mechanism
to update information about the state based on new data information. The gen-
eral framework for nonlinear Bayesian tracking is the following: Consider a state

sequence x,,n € N of a target given by:

Ty = fn(mn—la vn—l) (21)

where f, : R x "™ — R™= is a possible nonlinear function of the state
T, 1, v,,n € Nis an i.i.d. process noise sequence, m,, m, are the dimensions of
the state and process noise, respectively. The objective of tracking is to recursively

estimate x,, from measurements:

z, = hy(x,, w,) (2.2)

where h,, : ™" x R™» — R™= is a possible nonlinear function of the state
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x, and w,,n € N is an i.i.d. measurement noise sequence. The goal of Bayesian
estimation is to find filtered estimations of x,, at time n given the measurements
Z1., up to time n. Therefore, it is necessary to construct the pdf p(x,|z1.,).
Assuming that p(x,_1|21.,—1) at time n — 1 is available, we can obtain the prior

pdf of the state at time n with the Chapman-Kolmogorov equation:

p(mn|z1:n—1> = /p($n|$n—1)p(ﬂ3n—1|Z1:n—1)dﬂ3n—1 (2-3)

At time n, when a new measurement z, becomes available, the prior can be

updated using Bayes’s rule:

p(zn‘mn)p<mn‘zlzn—l>
p(zn|z1:nfl)

p(wn’zlzn) = (24)

where the normalizing constant p(zn|z1m-1) = [ p(zn|@n)p(@nl2z1m-1) de-
pends on the likelihood function p(z,|®,) defined by the measurement model
in eq. 2.2 and the known statistics of w,. The recurrence relations of prediction
(eq. 2.3) and update (eq 2.4) form the basis of the optimal Bayesian solution. In
general, these equations cannot be determined analytically. There are restrictive
cases when the solution is traceable, as well as sub-optimal solutions, which will
be explained in chapter 4. Bayesian methods for estimating underlying physi-
cal properties have been applied successfully in dynamical models of the vocal

folds, such as in [112] and [113], where they use particle filtering and an extended
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Kalman filter, respectively.

2.5 Summary

This section provided an overview on the topics related to this thesis work. It
began with a description of vocal fold pathologies, specifically PVH and NPVH,
which are common among women and are associated to occupations with high
vocal demand (e.g., teachers, singers) [72, 107, 78, 114, 115]. Bad vocal behavior,
including talking loudly, using inappropriate pitch, and inefficient phonation might
produce VH. Estimating aerodynamic measures, e.g., glottal airflow, can provide
insights on the pathophysiology of VH, specially in the case of PVH, where organic
lesions occur. Although aerodynamic measures can be extracted in laboratory,
vocal behavior is meaningful in the long term, as patients develop VH through time
in daily activities. Ambulatory monitoring can provide a useful tool for detecting
and/or summarizing specific vocal behavior. Using an accelerometer attached to
the neck-skin of the patient has become common in recent research of ambulatory
monitoring. This thesis combines for the first time efforts on obtaining estimation
of aerodynamic measures on ambulatory settings for the objective assessment of
VH. In addition, a bayesian framework is included to improve the estimations of
the glottal airflow signal by incorporating variability to the estimation. Additional

analysis is provided using machine learning for difficult tasks such as classifying
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NPVH with matched-controls and pre-therapy vs. post therapy. The conclusions

explain how the hypotheses and aims relate to each experiment.
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Chapter 3

Assessment of vocal

hyperfunction using ambulatory
data

The following chapter provides methods and results on the use of ambula-
tory voice data from neck-skin acceleration signal by estimating features from the
glottal flow. Following the main objective of aim 1 (SA1), the analysis will be
based on statistical features from the ambulatory data using IBIF and compare
PVH subjects (pre-therapy) with healthy-matched controls. Machine learning al-
gorithms will allow to classify subjects in a weekly basis, while statistical analysis
will determine the features that are salient for PVH subjects. A final discussion

on how these results relate to hypothesis 1 (H1) finishes the chapter.

3.1 Subglottal impedance based inverse filtering
for ambulatory monitoring of voice

In this section, the IBIF algorithm [85] is summarized but also extended and
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optimized for ambulatory voice monitoring. The IBIF is a model-based scheme to
estimate the glottal airflow from neck-surface acceleration [85]. The method uses a
mechano-acoustic transmission line model to account for the acoustic propagation
in the subglottal system and neck skin characteristics. The scheme is illustrated in
Fig 3.1, where the electrical equivalent circuit shows the interconnection between
the subglottal tracts above and below the location of the accelerometer (subl and
sub2, respectively) and load impedance of the skin Z;,, that also includes the
radiation load of the accelerometer sensor Z,,4. The glottal airflow signal estimate
Ug4(t) to be obtained from the accelerometer signal g, (t) is calculated using Eq

(3.1):

Tlg(t) — ‘/—_-71 (_ USk;zS:)(WI;QCC) : (31)

with

Hsubl (Cd) : ZsubZ(w) : jw

TS in = s 3.2
g (W) Zsub2(w) + Zskin<w) ( )
1 .
Zsin(w) = " {Rm + jwM,, — %Km + Zmd(w)} , (3.3)
W - Macc
Zrad(w) = jA—a (34)

where F~! (+) is the inverse Fourier transform, H,p1(w) = Usup1 (w)/Usup(w) is
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the transfer function of subglottal section sub1 (see Fig 3.1), A, the accelerome-
ter area (cm?), M,.. the accelerometer mass (gr), and Usiein (w) is the acceleration
signal in frequency domain. Z;0 and H,,,; are calculated using an anatomically
based, acoustic model of the subglottal system [116, 117, 85]. Z, .4 corresponds to
the radiation impedance from the accelerometer. All frequency and time-domain

expressions are sampled and processed appropriately [118].

(a) , ‘ (b)
Glottis —@

Accelerometer ==
location —

SUngOttiS subl t Us‘ub? Us‘ul)l Us’lll)

s < < ———o0
Subglottis {
[ Uskin

sub2 <—| <—|
sub2 Zsul)‘l Zs‘kin subl Zsuh

_ -

Figure 3.1: Representation of the subglottal system. (a) Accelerometer position and
subl and sub2 system parts. (b) A mechano-acoustic analogy of the subglottal system

including load impedance from skin. Reproduced with permission.

In order to use IBIF as a signal processing tool, subject-specific parameters
need to be estimated. These IBIF parameters are scaling factors that adjust

default values of the mechanical impedance model of neck skin surface, length of
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the trachea, and accelerometer location. The parameters are represented in a set
Q = {Q;}i=1,. 5 for neck skin resistance R,,,, mass M,,, and stiffness K,,, as well as
length of the trachea Ly,qcheq and accelerometer placement L. Each of these Q
parameters is bounded to maintain physiological plausibility [85]. The magnitude
terms in Eq (3.3) are the default values for each parameter [119], which are scaled
for normalized Q factor as, R, = 2320 - Q; in (g-s™'-cm™2), M,, = 2.4- Q5 in
(g-em™2), K,, = 491000 - Q3 in (dyn - cm™3), and for Z,ua(w), Lirachea = 10+ Qy,
and Lgp = 5 - Q5 are in (cm). Note that default model parameter are obtained
for Q = [1,1,1,1,1] [85].Using these subject-specific factors will allow to filter out
neck-skin and subglottal resonances, making the estimated glottal airflow signals
comparable between subjects.

To obtain subject-specific IBIF parameters, we compare the IBIF-derived glot-
tal airflow waveform estimates with that from the current gold standard, namely
an inverse filtered glottal airflow signal obtained from recordings using a CV pneu-
motachograph mask [120]. Inverse filtering in this case is a challenging task given
the reduced bandwidth of the CV mask due to the airflow transducers (PT-2E,
Glottal Enterprises) and the type of voices that will be analyzed (high-pitched
female voices exhibiting pathology). Inverse filtering of the oral airflow was per-
formed using a semi-automatic approach, as recently described in[27]. This ap-
proach was particularly designed to inverse filter normal and pathological high-

pitched voices from a CV mask signal.
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Once we obtain an estimate of the glottal airflow from the CV mask, we run a
Particle Swarm Optimization (PSO) scheme [121], which consists in the optimiza-
tion of a non-linear continuous fitness function thorough the search of optimal
“particles” (parameters) by searching its best set. For this case, PSO searches
the optimal Q parameters that represent the subject’s anatomical features. The
fitness function in this optimization process needs to yield robust and consistent
solutions. We minimize the following normalized weighted absolute error (NWAE)

function, such that

3

NWAE(Q) =) w; - €:(Q), (3.5)
=1
with
3
dwi=1, 0<w; <1, (3.6)
=1
and

Ziv:_ol ‘A(i_l)ag — A(i_l)ag
S 1A

€(Q) = : (3.7)

where 4 is the CV mask-based inverse-filtered glottal airflow signal, g4 is a time-
aligned IBIF-based glottal airflow signal, A=Y the time-derivative operator of
order (i —1), and 7 represents the index of the corresponding error function e; and
its weight w;. Each weighting w; was set to 0.3. The increased order of the time-
derivative operator is used to balance the energy of higher harmonics in NWAE to
avoid over-fitting in the low frequency range. Therefore, the optimization problem
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is stated as:

A~

Q = arg mqin NWAE(Q), subject to Q € D | (3.8)

where D = {D;},—1 5, is a set of restrictions for each parameter within the Q
set that is designed to maintain physiological plausibility [85]. To reduce the
computational load of PSO, several configurations of subglottal systems were pre-
calculated (i.e., before the PSO algorithm started) for a set of equally spaced
values of tracheal length and accelerometer position. Each pre-calculated (Zsy
and Hg,p) transfer function was indexed and retrieved inside the PSO algorithm.
This approach substantially reduces the computational time of the optimization
process.

The time-alignment of the oral airflow and acceleration signals is as follows.
A first approximation is to align using the sample cross-correlation function [118]
and find the maximum peak shifted in the neighborhood of mid-lag position [122].
To improve this initial approximation, a delay parameter d is added in the PSO
algorithm by shifting the indices of signal vectors (oral airflow and neck accelera-
tion). Since the shifted signal (oral airflow) is delayed for only a few samples, the

search space is limited to d € Dy = [—dp, do] where dj is a small number € Z*.

Then, given N (> dy) samples of data, @, and @, are replaced in (3.7) by
Uge(nT) 5 n€[dy, N —1—dpl, and (3.9)
ﬂgtd(nT) ; ne [do +d,N —1—dy+ d] (310)
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Note that g (nT") is a trimmed version of uy(nT) and Gyq(nT") is a trimmed,
delayed version of @,(nT") both with N — 2d, samples, where T is the sampling
period. An initial value for dy was half the average glottal cycle duration.

In the case of incomplete glottal closure, coupling between the subglottal tract
and vocal tract is embedded in the resulting dipole source [123]. Therefore, the
glottal flow with all the source-filter interactions can be estimated without the

need to model glottal coupling.
3.2 Experimental setup and participants

The human studies protocol used to collect the data for this study (Ambulatory
monitoring of vocal function to improve voice disorder assessment: #2011P002376)
was approved by the Institutional Review of the Partners Healthcare System - the
Massachusetts General Hospital is a founding member of this organization. Study
participants were 48 pairs of adult females (total of 96 subjects) with each pair
comprised of one patient with PVH (diagnosed with vocal nodules) and one nor-
mal control subject matched to the patient by age and occupation (see Table 5.1
for more details). Diagnoses were based on a complete team evaluation by laryn-
gologists and speech-language pathologists at the Massachusetts General Hospital
Voice Center that included (a) a complete case history, (b) endoscopic imaging of
the larynx, (c) aerodynamic and acoustic assessment of vocal function based on

Mehta et. al. [34], (d) a patient-reported Voice-Related Quality of Life question-
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naire, and (e) a clinician-administered Consensus Auditory-Perceptual Evaluation
of Voice assessment (CAPE-V). All patients were enrolled prior to the adminis-
tration of any voice treatment. Written informed consent was obtained from all
subjects. All subjects were 18 years of age or older. Due to the higher incidence
of female patients with PVH than men in the overall population [37], only women
were subjects for this study. Zhukhovitskaya et. al.[124] have shown significant
differences (p < 0.0001) in the number of bilateral midfold lesions between males
and women. Moreover, the inclusion of men would create confounding variables
due to sex-specific characteristics. The matching is done to normalize for general
vocal behavior differences. For example, males and females have anatomical differ-
ences, there are voice changes with age (for example, presbyphonia usually occurs
when people gets older), and the type of occupation is related to how much voic-
ing is used during a typical day at work. On the other hand, the subject-specific
parameters from IBIF are normalized for each individual, so signals can be com-
parable, due to differences in neck-skin and subglottal anatomy. Therefore, these
are not matched on healthy-patient pairs.

Each subject was recorded as they engaged in normal daily activities during
one week using the smartphone-based ambulatory voice monitor [2, 23]. The
system employs an accelerometer attached to the front of the neck below the
larynx as the phonation sensor (see Fig 3.2). The sampling frequency was 11,025

Hz and the average total recording time for a subject was approximately 80 hours,

39



as in [2, 75].

Figure 3.2: Example of VHM system. Illustration of the smartphone-based ambula-
tory voice monitor that uses a neck-surface accelerometer attached to the skin halfway

between the thyroid prominence and the suprasternal notch of a female subject.

Each subject underwent a session in the laboratory to obtain a subject-specific
calibration for the IBIF algorithm. The session involved simultaneous and syn-
chronous recordings of CV mask-based oral airflow and neck skin acceleration in
an acoustically treated room. Each subject performed a series of sustained vowels
gestures (/a/ and /i/) with a constant pitch using comfortable and loud (approx-
imately 6 dB increase) voice. For each gesture, a bandpass filter (60 — 1100 Hz)
oral airflow vowel segment was used to perform inverse filtering with a single notch
filter constrained to unitary gain at DC [125].

Once a glottal airflow approximation is obtained from the CV mask, Q pa-
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rameters are estimated using the optimization scheme described in the Subglottal
Impedance Based Inverse Filtering for Ambulatory Monitoring of Voice section.
The whole process, from estimation of parameters to classification and statistical

analysis was done with MATLAB (The MathWorks, Inc.).

Table 3.1: Occupations and mean age of adult females with PVH and matched-control par-

ticipants analyzed (48 pairs)

Occupation Pairs Age ¢ Diagnosis CAPE-V overall *

Singer 34 21.3 (3.7) Nodules (31) 21.2 (12.6)
Polyp (3) -

Teacher ) 38.9 (12.1) Nodules 33.8 (18.8)

Consultant 2 23 (1.4) Nodules (1) 22.0 (5.7)
Polyp (1) -
Psychologist 1 34(P) 30 (C) Nodules —

Recruiter 2 23.5 (0.8) Nodules 40.5 (13.4)
Marketer 1 22 (P) 25 (C) Nodules 25
Media relations 1 32 (P) 31 (C) Nodules 30
Registered nurse 1 57 (P) 58 (C) Polyp 40

®Mean age and (standard deviation) are shown for pairs > 2. Otherwise, the age is shown

for the phonotraumatic (P) and control (C) subject.

®Mean overall severity score (0-100) and (standard deviation) are shown patients from pairs

> 2. Otherwise, the patient’s score is shown.
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3.3 Ambulatory glottal airflow assessment

Estimates of individual Q parameters, which were assumed to be time-invariant
for each subject, were applied in Eq (3.1). The assumption of time-invariance is
due to the properties of the neck skin, which should not change over time. Prelim-
inary studies of the use of IBIF calibrated for a sustained vowel [126] and on the
variability of these calibrated parameters [127], have shown that using a sustained
vowel works well on running speech (e.g., the rainbow passage). Current research
aims to explain in more detail the estimation and variability of these parameters
under different speech conditions. g, (k) the discrete time-domain equivalent
of the acceleration signal Uskm(w), is convolved with ts, (k) the inverse transfer
function of the skin in time domain, where its frequency domain expression is
represented by Eq 3.2.

By taking the inverse fast Fourier transform (IFFT) with 1102 coefficients, we
obtain ts,(k), a FIR filter. We take every consecutive hour of the acceleration
signal g, (k) and convolved it with ¢, (k) to obtain the estimated glottal flow
signal u4(k). This signal was segmented into 50 ms non-overlapping windows.
Voiced frames from the ACC signal were identified based on the same voice ac-
tivity detection algorithm used in [2], where a combination of periodicity and
spectral metrics determines whether a frame is voiced or unvoiced. In addition,

we discarded frames in which the absolute ratio of the RMS values of the first
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half divided by the second half of the frame was greater than a threshold (1.5 for
these experiments); thus, frames exhibiting onsets or offsets were removed since
they typically result in incorrect inverse filtering estimates due to cycle-by-cycle
variations in the signal. As with many inverse filtering methods [128], IBIF has
difficulty analyzing signal with high f, values due to the short closed phase dur-
ing which vocal tract information must be estimated (females and singers, espe-
cially, produce high-pitched phonation). Performance of traditional glottal inverse
methods could be accurate up to a f; of 400 Hz [129]. By visual inspection, the
estimation of IBIF voiced frames deteriorated around a f; of 500 Hz. Thus, voiced
frames with f, higher than 500 Hz were not processed by IBIF. Future research
will analyze sensitivity tests to find the range of frequencies for which the IBIF

method fails.

Table 3.2 lists the 11 glottal airflow measures computed within each analyzed
frame. Fig 3.3 shows an example of the estimated glottal airflow signal and its
derivative for a single frame. Since the accelerometer is an AC signal, the glottal
airflow does not have a DC component. As in previous studies [12, 25, 27], ACFL
was obtained as the difference between the maximum and minimum amplitude
(peak-to-peak) within each glottal cycle. MFDR was the minimum value of the
derivative of one glottal cycle. For open and speed quotient, the closed phase in

ambulatory settings often exhibits more fluctuations than in laboratory conditions
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using sustained vowels. For robust estimations of open and speed quotient, two
lines are fit from the glottal cycle peak to median values left and right. The lines
are extended until 80% of ACFL is passed. The points of the slopes in the x-
axis are the beginning and end of the open phase (see Fig 3.3 (A)). Then open

quotient is defined as the open phase divided by the period T0O = f_lo (0Q = %),

t1l

i3, and the normalized amplitude quotient (NAQ) as

speed quotient as SQ =

__ __ACFL
NAQ ~ MFDR-TO"

A
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Figure 3.3: Example of ambulatory IBIF analysis. (A) Estimated glottal airflow wave-
form and (B) its derivative, showing how time-domain measures were derived per glottal
cycle. Measures were then averaged over all cycles to yield a single value per frame for

each time-domain measure.

We also included 4 additional measures derived from the time-domain mea-

sures:
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Table 3.2: Frame-based glottal airflow measures estimated from the ambulatory neck-

surface accelerometer signal using impedance-based inverse filtering.

Glottal airflow measures Description Units

ACFL Peak-to-peak glottal airflow. mL/s

MFDR Negative peak of the first deriva- L/s?
tive of the glottal waveform.

Open Quotient (0Q) Percentage of the open time of %
the glottal vibratory cycle to the
corresponding cycle period.

Speed Quotient (SQ) Percentage of the opening time %
of the glottis to the closing time.

H1-H2 Difference between the magni- dB
tude of the first two harmonics.

Harmonic Richness Factor (HRF) Ratio of the sum of the ampli- dB
tudes of the first 8 harmonics to
the amplitude of the first har-
monic.

Normalized Amplitude Quotient (NAQ) Ratio of ACFL to MFDR di- —
vided by the glottal period.

logMFDR 10log10|MFDR?. dB

logACFL 10log10| ACFL|? dB

MFDR’ Ratio of estimated SPL (dB —
SPL) to logMFDR.

ACFL’ Ratio of estimated SPL (dB —

SPL) to logACFL.
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e Logarithmic versions of ACFL and MFDR squared: 10log;, |[ACFL|? (dB)

and 10log;, [IMFDR|* (dB).

e SPL normalized by ACFL (dB) and MFDR (dB): SPL/(101log;, |ACFL|?)
and SPL(/101log;, IMFDR/?). Estimates for SPL are calculated using a lin-
ear regression equation: y = mx +b, where m and b are the coefficients from
the subject obtained from accelerometer amplitude (z) and corresponding
acoustic SPL (y). The calibration is done daily in the morning with a hand-
held microphone yielding the reference SPL [23, 130]. These ratios have

shown to be significantly different between PVH and control subjects [27].

Given that many of the glottal airflow features applied for vocal hyperfunction
analysis are cycle-based [12, 27, 25] and multiple glottal cycles occur within each
50 ms frame, we computed average features across all glottal cycles in each frame.
The idea was to provide a more consistent estimate of each measure, especially
given the inherent fluctuations from continuous speech in the ambulatory signal.
Fig 3.4 shows the spectrum of the estimated glottal airflow, from which spec-
tral measures H1-H2 and harmonic richness factor (HRF) were computed. These
measures have been correlated with voice quality [131, 55].

Histograms of features through weekly data provide insights on how the data is
distributed and how separable are controls with respect to PVH subjects. Overall,

there is a large overlap between groups for most of the features, but there are more
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Figure 3.4: Spectrum of the frame in Fig 3.3 (A)

differences between individual subject pairs. There is also an issue of variability
among subject pairs that contributes to the overlap of all group distributions.
For example, Fig 3.5 shows an histogram of MFDR’ with all subjects (controls
vs. PVH) and one particular example of the distribution of the pair F031. Even
though histograms for the general population, by visual inspection, overlap largely,
the histograms of the F031 pair show separation, where the distribution of the
PVH subject lags behind the distribution of the control. This indicate that the
PVH subject has a higher MFDR per SPL ratio overall, supporting the evidence
encountered in [12, 27]. However, this is not always the case for all subjects.
For example, Fig 3.6 shows another pair where the distribution is the other way

around: The PVH subject has a lower MFDR per SPL ratio than its control.
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Therefore, some features overlap for the general population.

SPL/MFDR 95% Percentile

[ All Control
1Al Positives

1.2 1.4 1.6 1.8 2 2.2 2.4
Normalized Units

Probability Density Function (PDF)  Probability Density Function (PDF)

1.6 1.7 1.8 1.9 2 2.1
Normalized Units

Figure 3.5: Histogram of MFDR’ (SPL/MFDR) for 48 subject pairs (top) and single

pair F031 (bottom)

There are other features where the differences in distribution are more visible,
such as the standard deviation of H1-H2 (Fig 3.7). In this case, PVH subjects

have a tendency to have lower deviation of H1-H2 values compared to controls.

3.4 Week-long univariate statistics for paired hy-
pothesis testing

The purpose of the following series of tests is to find the most differentiating
statistics between the PVH group and controls. Within-subject univariate statis-
tics were calculated for each week-long time series data from each subject: mean,
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Figure 3.6:

SPL/MFDR 95%Percentile

[ All Control
1Al Positives

1.2 1.4 1.6 1.8 2 2.2 2.4
Normalized Units
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[IPF049: 49.21%
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Normalized Units

Histogram of MFDR’ (SPL/MFDR) for 48 subject pairs (top) and single

pair F049 (bottom)

median, 5th percentile (trimmed minimum), 95th percentile (trimmed maximum),
standard deviation, skewness, and kurtosis. These statistics were used for paired
t-tests with 48 data points (number of subject pairs). Normality was tested with
a Chi-square goodness-of-fit test, and each statistic was not significantly different
from a normal distribution with p < 0.05. The false discovery rate is described by
Eq 3.11, where V is the percentage of false positives (type I error) and S is the
percentage of true positives. Since the false discovery rate is an expectation, we

have m possible outcomes from the hypothesis tests.

False discovery rate = <VL—|—S>
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Figure 3.7: Histogram of standard deviation of H1-H2 for 48 subject pairs (top) and

single pair F049 (bottom)

If we have Hy, Hs, ... H,, independent hypotheses, Benjamini-Hochberg (BH)
[132] showed that regardless of how many null hypotheses are true and regardless
of the distribution of the p-values, when the null hypothesis is false, we have the

following property [109]:

v
False discovery rate < a<qo (3.12)

where U is the proportion of true negatives. By setting o = 0.1, the procedure

sorts the m p-values and defines a threshold L:

L = max {k : P, < Ea} (3.13)
m
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We reject all hypotheses Hj, for which p, < p(r), the BH rejection threshold.
This procedure will find those statistics with at most an « false discovery rate
between PVH subjects and controls. It is important to remember that the false
discovery rate is not the same as the type I error, but is the expected proportion
of false positive features among the list of features that are significant according
to the test. An example in reference [109] (page 687) uses a false discovery rate
of 0.15, which is typical for analyses that are exploratory in nature [133]. In this
case, we find the most differentiating statistics using this test, in contrast with
a Bonferroni-corrected t-test, which yields a conservative comparison for which

there is no statistically significant difference between any statistic.

3.5 Classification methods

Following the same procedure as Ghassemi et al. [11], each subject’s week-
long ambulatory recording was subdivided into 5-minute windows (6000 frames,
non-overlapping). Only windows exhibiting voicing were only included in the clas-
sification task; voiced windows were defined as containing at least 0.5% voicing
(30 voiced frames). We then calculated the following univariate statistics over
the voiced frames within each window for each measure in Table 3.2: mean, me-
dian, 5th percentile, 95th percentile, standard deviation, skewness, and kurtosis.

Windows with less than 0.5% voicing were discarded due to data sparsity. Each
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window-based statistic was z-normalized (subtracting by the mean and dividing
the result by the standard deviation) in two ways: a) by week, across voiced win-
dows from all subjects (PVH and controls) and b) by day, across voiced windows
within their respective days.

The full feature vector is composed of 154 features: 77 weekly and 77 daily
z-score normalization the features derived from the 7 window-based univariate
statistics for each of the 11 frame-based glottal airflow measures in Table 3.2. Since
we only have a small amount of training data, we reduce feature dimensionality
before training. As a first pass, forward feature selection (FFS) [134] is applied to
the full feature matrix. The procedure is a greedy search algorithm that starts with
an empty set I and iteratively selects a new feature z from the set of features not
in I that minimizes a cost function J (a quadratic discriminant analysis classifier).
The feature x is added to I, and the procedure is repeated until a threshold (107°
in this case) of consecutive results is achieved. FE is the quadratic discriminant
analysis classification error using 5-fold cross-validation. The final reduced feature
vector is composed of 55 features. It is worth mentioning that this subset is
suboptimal since further reduction can be achieved through LASSO selection,
which is applied later on. We use these features to build both logistic regression
and support vector machine (SVM) supervised classifiers.

Logistic regression is a type of discriminative classifier that models the class-
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conditional probability as:

1

where x € R" is the feature vector, y = 1 € R' is the class labeled as y; = 1
(PVH) or y; = 0 (control), and  is the vector of coefficient weights. In order to
find the coefficients 5, we maximize the following penalized log-likelihood using

N data points of the training set with p feature vectors:

max % Z{yz log p(z;) + (1 — ;) log(1 — p(x))} + M| 5|1, (3.15)

ﬂeRIH-l

where x; is the data point for instance ¢ and A is the regularization parameter for
the LASSO constraint. The L; penalty reduces the number of features used in the
model. The regularization parameter A is selected from 50 values ranging from
1 to 1075, through a 5-fold cross-validation procedure with the training data, as
shown in Fig 3.8. A lower \ will tend to lower the deviance (error) of the model.
However, a small value of A\ will tend to overfit the model to the training data,
which is not the purpose of regularization. Therefore, instead of choosing the A
that outputs the minimum deviance, we select A to be 1 standard deviation error
(blue line in Fig 3.8) from the value with minimum deviance error (green line in

Fig 3.8). The optimization method to maximize Eq 3.15 is a gradient coordinate
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Figure 3.8: Deviance of the model for a given training data set with 50 different A\ values

using 5-fold cross-validation.

descent [135]. The procedure is repeated for each of the 48 trained models.
SVMs are commonly used machine learning tools for classification [136]. The

weight vectors w € R" are optimized to create a linear L; SVM classifier:

N

min Z(max(o, 1 —yw’x))? + Ollw]; (3.16)

w
i=1
where C' is a regularization parameter similar to A for logistic regression. The goal
is to create a sparse w that solves the Ly-loss support vector classifier [137].
Fig 3.9 shows a flowchart of the feature extraction and classification process.
We first divided data using leave-one-out cross-validation to generate 48 datasets,
each consisting of 47 training pairs and one test pair. All windows from the 47

training pairs (94 subjects total) were then subdivided using 5 cross-validation
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(1/5th validation and 4/5ths training in each fold). The validation sets are used
to find the best set of parameters with respect to the area under the ROC curve
(AUC) and these are selected for the model to be used in the test set. The fol-
lowing metrics are used to check the performance of the logistic model on the
test pair: AUC, F-score, accuracy, sensitivity, specificity, positive predictive value
(PPV), and negative predictive value (NPV). From this procedure, we test two
scenarios: Classification with all the features after selection and using subsets of
those features. The latter is done by sorting the absolute Beta values and running
Ly logistic regression again by starting with all selected features. Then we took
out the feature with lowest Beta value in magnitude and ran the classification
again, and so on. The positive Beta weights are associated with subjects with

PVH, whereas the negative weights are associated with control subjects.
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Figure 3.9: Flowchart: Feature extraction and classification process for 96 subjects
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3.6 Results

3.6.1 Week-long univariate statistics for paired hypothesis
testing

Table 3.3 shows the first 11 features sorted from lowest to highest p-value
from the paired t-tests H; ... Hi;. The BH test rejects the first 8 null hypotheses
H, ... Hsg, i.e., they are significantly different at the 95% confidence level. Min-
imum and median ACFL were the most discriminative statistics, with medium
effect sizes (Cohen’s d [138]) of 0.59 and 0.55, respectively. In general, statistics
of the ACFL measure had the best differentiating power among all the week-long
paired t-tests. In contrast, average values for estimated SPL for subjects from
the same database were not significantly different between subjects with PVH
and control subjects [75, 2]. This result suggests that high ACFL values are po-
tentially good indicators of subjects with PVH, if the SPL distributions of both

groups are statistically similar.

3.6.2 Supervised classification task

Most classifiers output a decision vector with probabilities that a data window
is positive (labeled 1) or negative (labeled 0). Decision labels are created with a
threshold number between 0 and 1, where the data window is labeled as positive if
its probability is above the threshold, or labeled negative otherwise. The threshold

is selected as the one that provides maximum accuracy in the test set. An example
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Table 3.3: Top 11 week-long summary statistics (from a total of 77) sorted by p-value

from the 48 paired t-tests. Statistically significant differences (*) were found by applying

the Benjamini-Hochberg method using a false discovery rate of 0.1.

Voice Use Summary Statistic|Patient Group|/Matched-Control Group|p-value|Effect Size
logACFL minimum 38.5+3.3 36.6 £2.9 0.0011* 0.59
logACFL median 49.2+ 3.5 473+ 3.7 0.0015* 0.55
ACFL minimum 90.8 & 40.6 71.6 +23.5 0.0016* 0.58
logACFL mean 48.7+ 3.5 46.9 £ 3.5 0.0025* 0.52
ACFL median 315 &+ 140 251 £99.0 0.0030* 0.53
H1-H2 kurtosis 10.9 +4.30 8.8+2.6 0.0061* 0.59
logACFL kurtosis 3.17 £ 0.60 2.93+£04 0.0076* 0.50
ACFL mean 359 + 163 296 £ 117 0.0091* 0.45
H1-H2 minimum 2.39 +£4.20 0.38+4.4 0.0120 0.48
HRF kurtosis 11.6 £4.7 10.0 £ 2.9 0.0230 0.42
MFDR median 365.4 +171.8 310.6 £ 127.7 0.0270 0.37
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of the selection of a threshold for a test set is shown Fig 3.10, where the top panel
displays the accuracy score with respect to threshold, and the bottom panel is the

receiving operating characteristic (ROC) curve. The threshold selected is shown

in red.
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Figure 3.10: Top: Accuracy of model vs. threshold. Bottom: ROC curve of true

positives vs. false positives

Table 3.4 shows a summary of the classification results for both implemented
classifiers using the multiple performance metrics. Fig 3.11 displays performance
of the L logistic regression classifier for each of the 48 pairs for a subset of the
performance metrics. There is a large spread of AUC scores across the subjects
with an average of 0.82. AUC scores less than 0.5 indicate that the model places
weight on positive examples versus negative ones and vice versa. The large AUC

variance, including values less than 0.5, could be explained from the labels; e.g.,
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Table 3.4: Classification performance of L1 logistic regression (L1-LR) and support
vector machine (SVM) approaches for 96 subjects using IBIF features. Mean (standard
deviation) is reported for the performance metrics. Previous results using 51 pairs [2]
and 20 pairs [11] are also shown. It is worth noting that the distribution of metrics such
as AUC, across all models, may be non-normal and may benefit from other summary

statistics such as median (IQR).

Method AUC |Accuracy| F-score |Sensitivity|Specificity| PPV NPV |Threshold
L1-LR (IBIF) 0.82 (0.25)|0.83 (0.14)]0.77 (0.27)| 0.78 (0.29) | 0.85 (0.22) |0.81 (0.21)[0.82 (0.18) 0.54 (0.25)
SVM (IBIF) 0.82 (0.26)|0.84 (0.14)[0.78 (0.27)| 0.79 (0.28) | 0.84 (0.24) |0.83 (0.22)|0.82 (0.21) 0.02 (0.67)
Mehta et al.[2] 0.74 (0.27) - 0.77 (0.20)| 0.74 (0.30) | 0.77 (0.29) - - -
Ghassemi et al.[11]| 0.71 (-) 0.66 (-) 0.63 (-) 0.50 (-) 0.81 (-) 0.72 (-) 0.62 (-) -

subjects with PVH do not always exhibit vocal behavior typical for the pathology,
whereas control subjects might exhibit some vocal behavior that differs substan-

tially from healthy vocal behavior.

Logistic regression and SVM have similar good results on all performance
metrics. Since L1 regularization was used in both cases, it could be that the re-
moval of redundant features in every training case helped the performance. The
mean (standard deviation) of the performance metrics for both classifiers improved
when compared with previous results on 51 matched-paired subjects: 0.74 (0.27)

for AUC, 0.77 (0.20) for F-score, 0.74 (0.30) for sensitivity, and 0.77 (0.29) for
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cates the average value for each performance metric
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specificity [2]. Fig 3.12 shows the proportion of labels classified as positive (VH)
for all subjects. 79 subjects from 96 were classified correctly by using a threshold

of 0.57. This corresponds to 82.3% of accuracy.

¥ PVH Subjects

v
Z r %X ¥, xx 4 *x L R O Control Subjects
3 b 4 ® X O

a ® & O

4 l|l|% *

© 0.8

g™ X x " O%

O

§0.6* X -~
g o M
£ X o (o] (o]

> 04l ® O o © o o
2 x x (o)

% o ® (o)

2 02+ x % x o (o}
° % x o° (o] o
RS X

£ oleeiin i i

S

a

o

a

Subject

Figure 3.12: Classification results from L1-logistic regression. The threshold (blue line)

at 0.57 classifies correctly 79 from 96 subjects (82.3%)

Feature selection is important for identifying the most relevant features that
can help to further understand the underlying process, as well as reducing the
complexity for future biofeedback applications. Table 3.5 shows the total number
of features (26) that were present in all 48 models after using LASSO with the

resulting 55 features after FFS. Table 3.6 shows the results for all 26 models and
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the subset of features by sorting beta values. The mean F-score is stable in the
0.7 region until the number of features is 9. After that, the performance degrades
moderately, where the AUC is 0.68 and the accuracy is 0.71 with only 7 features.
Fig 3.13 shows boxplots of the same models versus F-score, where we can see
the same trend: classification performance is more or less similar if we left in 9

features or more in the classifier.
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Figure 3.13: F-score distributions from Table 3.5. From all 26 features (rightmost box plot) to

only one feature (H1-H2 95th%, leftmost box plot)

Fig 3.14 shows the association counts of features with PVH subjects as odds ra-
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Table 3.5: Association count of Beta (weight) variables that were included in all 48 models.

These 26 features were present in each logistic regression model.

Associated Feature Phonotraumatic|Control| Beta Weight Mean|Standard Deviation
H1-H2 95th% (Daily Normalized) 48 0 2.50 0.16
NAQ mean 48 0 1.42 0.11
HRF skewness 48 0 1.38 0.09
logACFL standard deviation 48 0 1.30 0.10
HRF 5th% (daily normalized) 48 0 1.21 0.15
logACFL skewness (daily normalized) 48 0 1.17 0.05
SQ 5th% 48 0 1.16 0.05
SQ standard deviation 48 0 1.12 0.06
MFDR’ 95th% 48 0 1.01 0.13
0Q 5th% 48 0 0.94 0.12
H1-H2 standard deviation (daily normalized) 48 0 0.71 0.09
HRF standard deviation (daily normalized) 48 0 0.43 0.06
logMFDR 5th% (daily normalized) 48 0 0.32 0.06
ACFL’ standard deviation (daily normalized) 48 0 0.18 0.02
SQ skewness (daily normalized) 0 48 -0.12 0.03
SQ standard deviation (daily normalized) 0 48 -0.21 0.02
0Q 5th% (daily normalized) 0 48 -0.27 0.04
SQ 5th% (daily normalized) 0 48 -0.41 0.02
NAQ mean (daily normalized) 0 48 -0.47 0.05
HRF skewness (daily normalized) 0 48 -0.89 0.06
logACFL standard deviation (daily normalized) 0 48 -0.97 0.07
0OQ mean 0 48 -1.00 0.13
H1-H2 standard deviation 0 48 -1.28 0.13
logACFL skewness 0 48 -1.58 0.07
HRF 5th% 0 48 -1.86 0.29
H1-H2 95th% 0 48 -4.47 0.31
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Table 3.6: Mean and (standard deviation) performance metrics from L1-logistic regression for
different group of features from Table 3.5, starting with the whole set of 26 features. Iteratively,

the following group is obtained by taking out the feature with the smallest absolute Beta value.

Added feature ‘Number AUC ‘F-score Sensitivity‘Speciﬁcity‘ PPV ‘ NPV ‘

Accuracy
Daily norm. Log ACFL Skew 26 |0.82 (0.25)[0.76 (0.30)[0.84 (0.14) 0.77 (0.32) 0.87 (0.19) |0.79 (0.27)|0.83 (0.19)
Daily norm. ACFL’ stand. dev. 25 0.82 (0.25)|0.76 (0.30)]0.83 (0.14) 0.77 (0.32) 0.87 (0.19) |0.79 (0.27)|0.83 (0.19)
Daily norm. SQ stand. dev. 24 |0.82 (0.25)[0.76 (0.30)|0.84 (0.14) 0.7 (0.32) 0.87 (0.19) [0.79 (0.27)|0.83 (0.19)
Daily norm. OQ 5th% 23 [0.82 (0.25)[0.77 (0.28)[0.83 (0.14) 0.77 (0.30) 0.86 (0.19) |0.80 (0.24)|0.83 (0.19)
Daily norm Log MFDR 5th% 22 |0.82 (0.25)[0.77 (0.28)0.83 (0.15) 0.78 (0.30) 0.85 (0.23) |0.81 (0.25)|0.82 (0.22)
Daily norm. SQ 5th% 21 |0.82 (0.25)[0.77 (0.28)[0.83 (0.15) 0.78 (0.30) 0.85 (0.22) |0.81 (0.25)|0.81 (0.22)
Daily norm. HRF stand. dev. 20 |0.82 (0.27)[0.78 (0.28)|0.83 (0.15) 0.79 (0.30) 0.85 (0.23) [0.81 (0.25)|0.82 (0.22)
Daily norm. NAQ mean 19 0.82 (0.27)]0.78 (0.28)|0.84 (0.15) 0.79 (0.30) 0.85 (0.22) [0.79 (0.27)|0.82 (0.22)
Daily norm. H1-H2 stand. dev. 18 |0.82 (0.26)[0.77 (0.28)]0.83 (0.15) 0.78 (0.30) 0.85 (0.22) |0.80 (0.25)|0.81 (0.22)
Daily norm. HRF skew 17 [0.79 (0.24)|0.74 (0.28)]0.80 (0.14) 0.75 (0.30) 0.81 (0.23) |0.76 (0.26)|0.78 (0.21)
0Q 5th% 16 0.7 (0.24)|0.71 (0.30)[0.79 (0.15) 0.73 (0.33) 0.80 (0.26) |0.74 (0.26)|0.77 (0.21)

Daily norm. Log ACFL stand. dev. 15 ]0.77 (0.24)]0.71 (0.30)|0.79 (0.14) 0.73 (0.32) 0.80 (0.25) |0.77 (0.24)|0.77 (0.21)

0Q mean 14 ]0.78 (0.24)[0.72 (0.29)|0.79 (0.14) 0.73 (0.32) 0.80 (0.26) |0.77 (0.24)[0.78 (0.21)
MFDR’ 95th% 13 ]0.78 (0.24)[0.71 (0.29)|0.79 (0.14) 0.72 (0.32) 0.81 (0.25) |0.78 (0.21)[0.77 (0.21)

SQ stand. dev. 12 [0.78 (0.24)]0.71 (0.30)|0.79 (0.14) 0.72 (0.33) 0.82 (0.25) [0.77 (0.24)|0.77 (0.21)

SQ 5th% 11 [0.78 (0.24)]0.73 (0.27)|0.79 (0.14) 0.75 (0.30) 0.79 (0.26) |0.76 (0.24)|0.78 (0.21)

Daily norm. Log ACFL skew 10 [0.78 (0.25)]0.73 (0.28)|0.79 (0.15) 0.75 (0.31) 0.79 (0.27) |0.76 (0.24)|0.78 (0.21)
Daily norm. HRF 5th% 9 [0.75 (0.23)|0.71 (0.25)[0.75 (0.13) 0.74 (0.28) 0.72 (0.30) [0.73 (0.20)0.75 (0.19)
H1-H2 stand. dev. 8 [0.74 (0.22)[0.69 (0.26)[0.75 (0.13) 0.72 (0.29) 0.72 (0.29) |0.73 (0.20)|0.73 (0.19)
Log ACFL stand. dev. 7 ]0.68 (0.22)[0.62 (0.29)[0.71 (0.12) 0.66 (0.33) 0.69 (0.28) |0.63 (0.26)|0.66 (0.23)
HRF skew 6 [0.69 (0.22)[0.63 (0.29)[0.71 (0.12) 0.67 (0.32) 0.68 (0.29) |0.63 (0.26)|0.67 (0.23)

NAQ mean 5 [0.68 (0.23)|0.63 (0.29)[0.71 (0.12) 0.68 (0.34) 0.68 (0.29) [0.63 (0.26)0.68 (0.24)

Log ACFL skew 4 [0.66 (0.24)|0.63 (0.27)[0.70 (0.13) 0.67 (0.32) 0.67 (0.33) |0.64 (0.25)|0.66 (0.23)
HRF 5th% 3 ]0.63 (0.30)[0.64 (0.29)[0.71 (0.15) 0.69 (0.34) 0.67 (0.36) |0.66 (0.37)|0.74 (0.22)

Daily norm. H1-H2 95th% 2 ]0.63 (0.33)[0.64 (0.33)[0.74 (0.16) 0.67 (0.38) 0.76 (0.34) |0.69 (0.32)|0.70 (0.29)
HI1-H2 95th% 1 ]0.58 (0.22)]0.53 (0.30)|0.65 (0.10) 0.58 (0.37) 0.64 (0.35) |0.58 (0.26)|0.64 (0.16)
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Odds Ratio

tios. Odds ratios represent the association with a one-unit increase in the features.
These features represent a combination of time and frequency-domain features
that were consistently present in all 48 logistic regression models with p < 0.05
[2]. The 95th percentile of H1-H2 (daily normalized) had a large association with
PVH labels, which is a voice measure correlated with voice quality [131]. How-
ever, the large confidence interval for this feature represents low level of precision
of the odds ratio. The 95th percentile ratio of SPL and MFDR (MFDR’ 95%ile
in Fig 3.14) has a moderate association compared to the rest of the features with

a small confidence interval, representing a higher precision on the odds ratio.
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Figure 3.14: Odds Ratio association with phonotraumatic subjects.
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3.7 Discussion

The efforts described in this chapter sought to determine whether optimized
IBIF-based estimates of glottal airflow measures extracted from ambulatory voice
(accelerometer-based) recordings can be used to differentiate between normal vo-
cal function and pathophysiological mechanisms associated with PVH. Results
showed that this approach can be quite successful in classifying subjects as being
normal or having PVH. Within-subject univariate analyses identified eight aero-
dynamic features that were statistically different between the patient and matched
control groups. ACFL was the most significant measure with medium effect sizes
exhibited. These findings are in agreement with previous laboratory studies that
used measures extracted from the inverse filtered oral airflow [12, 27] and with
computer modeling that suggests that increases in ACFL may reflect the type of
increased compensatory effort (i.e., increased vocal hyperfunction) that is neces-
sary for PVH patients to maintain adequate phonation in the presence of vocal
fold fold trauma/lesions [139, 60]. Such increases in vocal effort are believed to
reflect the “vicious cycle” of progressive concomitant increases in PVH and vocal
fold trauma that contribute to perpetuating these disorders.

From Table 3.4, use of the IBIF-based glottal airflow measures in the super-
vised classification task produced results that outperformed previous reports that

used acoustic-based features extracted from ambulatory recordings of the accelera-
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tion signal to differentiate between subjects with PVH and normal controls [11, 2].
The improvement in performance using IBIF-based features, in combination with
the capability of such features to provide better insights into pathophysiological
mechanisms, supports the potential that this approach has to improve the clini-
cal assessment of hyperfunctional voice disorders. Future research could explore
the performance of IBIF-based features with other pathologies, such as unilateral
vocal fold paralysis [140].

There are several limitations to the current study which may serve to constrain
any addition improvement in classification performance. First, even though the
use of univariate statistics over 5-minute windows showed good performance, such
an approach could smooth out fast variations in some features that may provide
important information related to pathophysiology. Moreover, discarding silence
periods from the analysis windows might be eliminating information that could
further differentiate normal and pathological vocal function by indicating relative
differences in non-vocal (non-phonatory) recovery times.

In addition, determination of the IBIF Q parameters is based on accurate
estimates of the glottal volume velocity waveform obtained by inverse filtering
the oral airflow recorded in the laboratory during sustained vowel production.
However, the process of inverse filtering to estimate the glottal flow is still a topic
of research and any method will have a degree of error (see [141, 142] for general

discussions). The inverse filtering process is particularly challenging when applied
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to pathological female voices, as was done in this study. The process was made
even more demanding by that fact that many subjects in this study were singers
who regularly reached very high pitches (above 400 Hz) daily during practice that
tend to cause the inverse filtering and IBIF methods to fail. In addition, every
feature has an associated uncertainty from the accelerometer measurements, and
the task becomes difficult when we combine multiple estimated features (e.g.,
for the SPL-normalized measures of ACFL’ and MFDR’) since those errors may
propagate and increase the total uncertainty in an ambulatory setting.

Finally, the task of differentiating normal and pathological subjects was made
more difficult because the patients with PVH in this study were classified as
having only mild-to-moderate voice disorders. We know from clinical experience
that such patients can display periods of seemingly normal vocal function, and,
conversely, normal speakers can display transient episodes of VH that do not
develop into chronic conditions. Future studies could attempt to address these
issues by developing estimates of uncertainty for the extracted IBIF parameters
and using other analysis methods such as unsupervised learning to better pinpoint
specific segments of abnormal vocal function, as has been initially demonstrated
in [108]. In addition, efforts to incorporate aerodynamic features in the framework

of ambulatory biofeedback to improve voice therapy are currently underway [143].
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3.8 Conclusion

In this chapter, we further develop prior ambulatory efforts, by improving the
ability to discriminate pathological voices from healthy ones. Using an impedance-
based inverse filtering scheme to estimate the unsteady glottal airflow component
from a neck-surface accelerometer and a smartphone platform, we obtain and
quantify, for the first time in an ambulatory assessment and a comprehensive
framework, aerodynamic features that have been shown to be physiologically rel-
evant for vocal hyperfunction in recent laboratory settings and computational
studies. Prior efforts to obtain aerodynamic features from neck surface accelera-
tion were limited to sustained vowels [85] and simple proof of concept examples
[2]. Therefore, the work addresses the specific aim 1 (SA1) for this thesis, in which
ambulatory features from glottal airflow help to discriminate PVH subjects from
controls.

Regarding Hypothesis 1 (H1), higher-order statistics of glottal features are
able to discriminate PVH from controls. Specifically, the amplitude-based fea-
tures (i.e., ACFL and MFDR) with statistics such as daily-normalized skewness
and standard deviation (ACFL) and daily-normalized 5th and 95th percentiles
(MFDR) contribute to the classification models, confirming H1. However, spec-
tral features from the glottal flow contribute strongly to the classification as well.

The standard deviation and 95th percentile of H1-H2, and the skewness and 5th
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percentile of HRF are indicators, to some extent, of PVH. It is a surprising re-
sult, since H1-H2 would predict that those features would be more associated to
NPVH subjects. H1-H2 and HRF are related to the spectral tilt of the glottal
flow. Since those measures are related to perceptual voice quality (e.g, breathi-
ness) [144, 48, 145, 146], it can be inferred that PVH subjects with distinct voice
quality than controls tend to have salient glottal spectral features. For example,
the low standard deviation in H1-H2 for PVH subjects could be related to a ten-
dency in keeping vocal quality around a high mean value, which would correspond
to breathy vocal quality. It is known that he resultant dysphonia from vocal fold
nodules is perceived as breathy with various degrees of turbulent noise, strained
vocal quality, roughness, instability and vocal fry/creak, with a tendency toward
a low pitch [147, 148, 149]. Control subjects tend to have a larger variability
of H1-H2, for which there is some evidence that the phonatory characteristics
of H1-H2 seems to be speaker dependent [55]. Therefore, it seems that healthy
subjects have greater control in varying voice quality, which is reflected by the
greater variance in H1-H2. However, further studies need to investigate the role
of H1-H2 in healthy subjects compared to PVH subjects.

The result of this comprehensive quantitative analysis show that these am-
bulatory glottal airflow measures can be successfully used to differentiate be-
tween normal vocal function and pathophysiological mechanisms associated with

phonotraumatic vocal hyperfunction, and outperform state-of-the-art reports us-
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ing sound pressure level, fundamental frequency, and related vocal doses. Due to
its physiological relevance, the proposed aerodynamic ambulatory approach has
already potential to improve the clinical assessment of hyperfunctional voice dis-
orders, including the evaluation of treatment outcomes. One important aspect
on the analysis of estimated glottal flow features is to determine if the signal
estimated is robust against external factors, such as deviations from the ground
truth flow signal and uncertainty on the variation of Q parameters. The former
is investigated in chapter 4 by using a different implementation of the IBIF filter,
while the latter is tested in section 5.1 with a pilot study using reading passages

in lab conditions.
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Chapter 4

Calculating deviations from IBIF
measures using a state-space
model for Bayesian processing

Subglottal Impedance-Based Inverse Filtering (IBIF) allows for the continuous,
non-invasive estimation of glottal airflow from a surface accelerometer over the
anterior neck skin below the larynx, which has been shown to be advantageous for
the ambulatory monitoring of vocal function, as shown in chapter 3. In spite of
these advances, there is a need to quantify the magnitude of the deviation of the
parameters in the estimation process of the IBIF filter, and to potentially improve
the estimation of the aerodynamic signals.

During the long-term (> 1 week) ambulatory recordings, conditions may drift
from the laboratory environment where the IBIF parameters are initially esti-
mated. There are unquantified uncertainties in the estimation of the glottal air-
flow signal with the IBIF scheme due to a number of factors. First, the deter-

mination of the IBIF model parameters uses inverse filtering of the oral airflow
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from sustained vowels, which can lead to IBIF parameter variations for different
vowels and pitch conditions [150]. The latter becomes especially challenging for
high-pitch female pathological voices, which is common in ambulatory studies. In
addition, there is measurement uncertainty from the accelerometer due to sensor
positioning, skin attachment, temperature, etc. Furthermore, there is no direct
reference that can be used to quantify these combined effects in ambulatory sce-
narios. Observation and model uncertainties may result in significant deviations
in the glottal airflow estimates, but are very difficult to quantify in ambulatory
conditions. An example of the drifting conditions of the IBIF filter with constant
parameters can be seen in Fig 4.1 and Fig 4.2 Fitting the Q parameters to an
/a/ vowel results in a good match between the accelerometer signal and the GVV
waveform, including its derivative, as seen in Fig 4.1. If we switch to an /i/ vowel
using the Q parameters from vowel /a/, there is a deviation of the accelerometer

signal from the GVV waveform, specially in the close phase as seen in Fig 4.2.

During ambulatory recordings, there is no access to the estimated glottal air-
flow from oral flow but only the accelerometer signal is available. By applying
IBIF we can obtain an estimated GVV signal. Since constant () parameters ob-
tained from an /a/ vowel with comfortable SPL are used in the IBIF filter, we
expect deviations from the ground-truth GVV. Taking frames from the ambu-

latory data, Fig 4.3 shows an expected GVV waveform, possible an /a/ vowel.
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Glottal Volume Velocity (GVV) for vowel /a/ Subject: NFO70
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Figure 4.1: Glottal volume velocity (GVV) using inverse filtering from oral flow (blue
waveform, top) and IBIF filtering from accelerometer (red waveform, top) for the vowel

/a/, and their respective derivatives (bottom).

Fig 4.4 shows a waveform that is unlikely to be a good filtered signal due to the
morphology of the waveform.

To address this issue, we propose a discrete-time space model implementation
of the IBIF filter, which allows for both estimating the deviations of the IBIF
model and adapting the airflow estimates to correct for potential deviations in
the airflow signal estimates. In addition, the state-space model can be used as a
data pruning tool to identify segments of the glottal airflow estimates with high
adaptation to the IBIF model. Thus, the proposed approach is tested in the
context of a classification task to discriminate between vocal fold nodules patients

and healthy control subjects using ambulatory accelerometer data.
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Glottal Volume Velocity (GVV) for vowel /i/ Subject: NFO70
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Figure 4.2: Glottal volume velocity (GVV) using inverse filtering from oral flow (blue
waveform, top) and IBIF filtering from accelerometer (red waveform, top) for the vowel

/i/ (using the Q parameters for an /a/ vowel), and their respective derivatives (bottom).

GVV from accelerometer (IBIF): In Field. File: NFO70_20130101_01.mat
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Figure 4.3: Estimated GVV signal (top figure) from IBIF during ambulatory recordings

and its derivative (bottom figure).
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GVV from accelerometer (IBIF): In Field. File: NFO70_20130101_03.mat
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Figure 4.4: Estimated GVV signal (top figure) from IBIF during ambulatory recordings

and its derivative (bottom figure).

Results show that the deviation between the proposed state-space model and
direct IBIF implementation is not sufficiently strong to alter the classification per-
formance, thus indicating that the effects of modeling variations with respect to
the deterministic IBIF filter are not significant for these kinds of tasks. As a con-
sequence, it is not necessary to calibrate the parameters of the IBIF filter for the
collection of large amount of data. Other applications may take more advantage

from the adaptation offered by using a Bayesian state-space implementation.

4.1 Discrete state-space methods

The state-space form the relationship between input, output, and noise signal

in a convenient way of a linear dynamical system of a first-order of difference
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equations. It has been used in numerous cases of physical phenomena [151] due to

its simplicity and efficacy. The general framework in matrix form is the following:

x(k + 1) = A()x(k) + B(0)w(k) + E(60)x, (k) (4.1)

2(k) = C(0)x(k) + D(0)v(k) (4.2)

where x(k) is the vector state of the process at time k, z(k) is the vector
observation model at time k, x,(k) is a deterministic vector input signal, w(k) and
v(k) are vectors with random noise of the process and observation, respectively,
and A(0), B(0), E(0), C(6), and D(0) are matrices with parameters € that control
the state equations. Assuming the following conditions:

1. w(k) and v(k) are drawn from Gaussian distributions of known parameters,

where B(#) and D(0) are identity matrices.

2. A(0) is known and is a linear function of x(k) and w(k).

3. C(0) is known and is a linear function of x(k) and v(k)

it can be proved, when p(x(k)|z1.) is Gaussian, that the Kalman filter, a recursive
algorithm to solve the state-space equations, is the optimal linear estimator of
x(k) that minimizes the trace of the covariance of the estimation error [111, 152,
153]. The wide use of Kalman filters for real-time tracking of hidden states when

observations are available is an attractive tool for the problem of glottal flow
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estimation. Even though more advance tools could be applied to the problem of
flow estimation, such as deep neural networks, the simplicity and tractability of
the Kalman filter makes it ideal for a first approach to the specific problem of
estimating glottal flow from neck-skin acceleration. Moreover, if the estimation of
x(k) has available a delay of N time units, during which z(K +1),...,z(k+ N)

appear, the estimation of x(k) becomes:

%(k) = E[x(k)|2(0),2(1), ..., z(k + N)] (4.3)

which is a smoothed estimate. Even though there is a delay of N samples, the
smoothed estimate produced by a smoother is expected to perform better than
a filter [154]. This smoothed estimate will be used in the construction of the

Kalman filter in the following section.

4.2 Formulation of IBIF model based on Kalman
filter

Even though the IBIF algorithm works well in laboratory settings where the
calibration procedure is done with a Rothenberg mask, there are uncertainties
related to the application of the IBIF filter in ambulatory settings. First, the po-
sition and arrangement of the sensor during in field monitoring might not match
the laboratory specifications for inverse filtering, so the subject-specific parame-

ters could change slightly. In this case, one approach for tracking an unknown
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signal (i.e., GVV) of a given process (i.e., IBIF) based on the observation of a re-
lated noisy /perturbed signal (i.e., neck-skin acceleration) is the use of a Bayesian
approach to estimate the unknown signal and its uncertainty [111]. Under the
assumption of linearity and Gaussian distributions for the posterior distributions
of the unknown states, a Kalman Filter is the optimal estimator. In this work, we
propose an alternative formulation of IBIF combining the state-space framework

with the moving average (MA) canonical form [155]:

x(n+1) = Ax(n) + w(n), (4.4)

z(n) = Cx(n) + v(n). (4.5)

What follows is the instantiation of the general Kalman filter described by Eq 4.4
and Eq 4.5, to our particular problem, where x(n) is the state vector that will
contain the GVV signal: x(n) = [zr(n — N +1) 2(n — N +2) z(n— N +
3) -+ x(n)]T where N is the length of the skin-impulse response. A is a tran-

sition matrix that in this case is a simple time-shift matrix:

01 O 0 0
0 1 ... 00
A=1|: : - Do e RV*N
0 0 O 0 1
_0 0 O 0 |
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and w(n) is a stochastic driving noise with zero mean and covariance:

0 0 . 0 O
00 ... 00
Ro=1]: : . = ]| eRVXN
0 0 . 0O O
00 ... 0 o2

The initial conditions for this set of equations are the mean my = E(x() and

covariance Py = E((xg — mg)(xg — mg)T) of the initial state x.

The observation equation Eq 4.5 relates the accelerometer signal z(n) as a fil-
tering process between the unobserved state x and the neck-skin impulse response

h(n) with coefficients:

According to Eq 4.5, Gaussian noise v(n) with mean zero and variance o2 is as-
sumed to perturb the observed signal. The Kalman filter tracks point estimates of
state up to time n : x(n|n) and its covariance matrix P(n|n). It is important to
notice that, even though P(n|n) is usually used as a measure of uncertainty for the
point estimates x(n|n), it is not the measurement for uncertainty, or deviation,
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that is utilized in this work. Since the matrices A and C are constant, P(n|n)
converges to a constant value (see [156], chapter 6), which is not useful for the
current task. Instead, a comparison is made between the point estimate x(n|n)
and the output of the IBIF filter. The algorithm for the standard MA Kalman

filter as follows:

Algorithm 1 Kalman Filter Algorithm
1: procedure KALMAN(A, C, Ry, Ry, 10,%0,2(n))

2: Initialization: Set x(0]0) = uo and P(0]0) = X,

3: Filtering: Forn=1,2...T

4: Prediction equations:
5: x(njn —1) = Ax(n —1jn — 1)
6: P(njn —1) = AP(n — 1jn — 1)AT + Ry,

7 Update equations:

8: K(n) = P(njn — 1)CT(CP(njn — 1)CT + R,)!
9: x(n|n) = x(n|n — 1) + K(n)(2(n) — CTx(n|n — 1))
10: P(n|n) =P(njn — 1) — K(n)CP(n|n — 1)

Due to the structure as a time sequence of the state x = [x(n—N+1) z(n—
N+2) z(n—=N+3) -+ z(n)]?, x(n—N+1)is a smooth estimate of the GVV
waveform. This corresponds to a fixed-lag smoother, where z(n — N +1) = &(n —
Nin) = E[z(n)|2(0), =2(1), ...,z(n+ N)]. In this framework, the application
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of the traditional Kalman filter allows us to estimate a state that depends on N
samples ahead, for which is a smooth estimate that improves the estimation.
The implementation of the IBIF method in a Kalman filter framework has
two important additions: The adaptive tracking of the GVV signal using the
accelerometer and the modeling of state and observation noise. In the first case,
the adaptive tracking is done through the sample by sample correction of the
expected accelerometer signal by the Kalman gain K(n). In our hypothesis, the
correction allows to track a GVV signal that minimizes the deviations from the
GVYV signal obtained with IBIF. There are different methods to select the state
process noise variance o2 (mL?/sec®) and the observation noise variance R, =

o2 (em?/sec). These include the use of the Expectation-Maximization (EM)

algorithm to estimate those variables [157, 158], through iterative adaptation of
the state [159] and observation model [160], and on heuristics based on previous
knowledge of the state and noise models [110, 161]. For simplicity, we assume
constant noise statistics that are obtained with data through a grid-search process
in which we compare the root-mean-square error (RMSE, mL/sec) between the
Kalman state z(n — N + 1) and a reference GVV signal obtained from the OVV
signal [27]. Fig 4.5 shows different values of 62 and o2 where multiple minimums
(RMSE = 17.268) are found within a range for one subject saying the vowel

/a/. Most blue RMSE values in Fig 4.5 corresponds to RMSE = 17.273 which

are very close to the minimum. Similar trends were found for other subjects and
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vowels. We selected 02 = 100 and ¢ = 1 in this work, which are plausible values
for the state and measurement noises due to the assumption of higher process

noise due to glottal flow variance with low observation noise, while they produce
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Figure 4.5: RMSE values for different combinations of o2 and o?2.

4.3 Glottal flow model as input to Kalman filter

According to Fant’s theory of the source-filter model of speech production
[162], the laryngeal excitation can be consider independent of the vocal tract.
Even though there is evidence for certain cases of non-linear coupling between
the glottal source and the vocal tract [71, 123], the source-filter theory has served
well for the development of glottal source modeling and estimation. In terms of

modeling the glottal source, there is parametric modeling in the time domain, for
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example the Rosenberg model of glottal pulse [163] and the Lijecrants-Fant (LF)
model of the derivative of the glottal pulse [164] are the most known parametric

models in the time domain, from which other models have been derived.

4.3.1 Glottal source as a low-pass filter

The source-filter theory models the glottal source as a low-pass system in the
spectral domain. Therefore, the glottal flow is the output of this low-pass filter to
an impulse train. Originally, Fant [162] used four poles on the negative real axis

to model the glottal source:

where [s,1] ~ |syo| = 27100 Hz and s,3 = 272000 Hz, s.4 = 274000 Hz, and
Uyo is a gain factor. According to Fant, s,5 and s,4 are fixed, |s,1| and |s,2| account
for variability to regard speaker and stress, where the fundamental frequency fy
it’s included. Therefore, this is a 6 parameters spectral model (fo, Uy, and four
poles) [165].

This model of glottal flow has been used in numerous applications, including for
the derivation of linear prediction equations for speech [166], where only two poles
are used due to the linearity of the acoustic model that only holds for frequencies

below 4000 Hz. In this case, the model simplifies to three parameters: The
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constant gain Uy, fo and a frequency parameter s,; ~ s,o. Therefore, the spectral
characteristics of the glottal pulse are those of a second-order filter frequency
response, with a spectral tilt of about —12dB/oct.

A low-pass Butterworth filter [118] is designed to model the glottal source.
The magnitude-squared frequency response of a second-order Butterworth filter

is:

G2
|HQ)]? = ’

" T/ -

where (2. is the cut-off frequency approximately at —3dB and Gy is the DC

gain. In the s domain (s = j2), Eq 4.7 can be rewritten as:

GZ

H(s)H(—s) = 0 : 4.8
(VH(=9) = T o7y (48)

The poles s of the filter correspond to:
sp = QeI 2ei R/ (4.9)

The transfer function corresponds to:
Q.G

H(s) = 0 (4.10)

(s = 50)(s = 1)
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The impulse invariance method [118; 167] is used to convert the filter to digital

form, so the conversion:

z=eT (4.11)

is used, where T' = 1/ f; is the sampling period and f; the sampling frequency.
Therefore, the poles corresponding to the z domain correspond to zy = e*°? and
21 = e*'T. By substituting the poles from equation 4.9 into the transfer function

4.10, we obtain the following:

H(z) = e (4.12)

By expanding and doing some algebraic work, the following transfer function
is obtained:
QQ 2—2

H(z) = < 4.13
(2) 1 —2a127 1+ apz2 ( )

where a; = e%ﬁgcT cos ‘/TQQCT, = e*‘/ch, and €. = 27 f., where f, is the
cut-off frequency of the low-pass filter.

From Eq 4.13 we can modify matrix A from the general Kalman filter to an
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AR model, so the white noise entering the system is “colored” by the low-pass

filter representing the glottal source. The new A;, matrix is:

(0 1 0 0 0]

00 1 ... 0 0
Ap=1|i 1 0 e RV
00 0 ... 0 1
_0 0 0 —20(1 O./Q_

An example of the estimated GVV using matrix Ay, is shown in Fig 4.6 and
compared to the estimated GVV using the original matrix A. The upper plot
shows the tracking of the first state, which corresponds to the smoothed GVV. It
is visible that there are no differences between the original proposal of Kalman
and the one incorporating a low-pass filter as input noise. There is a slight differ-
ence in the tracking of the last state of the GVV, which corresponds to the state
considering all past samples up to the current sample n. The original Kalman
outputs a zero-mean signal, while the Kalman with a low-pass input tracks a

very-small amplitude signal similar to an expected GVV.

4.3.2 Rosenberg model for glottal pulse

A parametric model of the glottal pulse can be obtained from the Rosenberg

model [163]. Following an example from Rabiner et al. [47], the Rosenberg model
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Figure 4.6: Top panel: GVV output (first state) using A (blue) and Ajp (red). Bottom

panel: GVV output (last state) using A (blue) and Ay, (red)

can be written as:

0.5[1 — cos(m(n+1))/Ny] 0<n<N —1
gln] =< cos(0.5bm(n+1—Ny)/Ny) Ny <n< N+ Ny—2
0 otherwise

where N; is the number of samples of the open phase and Ny is the number
of samples of the closing phase. For a sequence of 96 samples, with N; = 25 and

Ny = 10, the z-transform G(z) has the form:

G(z) =2 " T[(=e) ]2 - bw2) (4.14)

where by, corresponds to the zeros of G(z), which can also be written in the
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following form:
G(z) = gl0] + g[1]z " + g[2]z 2 + -+ + g[N — 1]z~ V7

The glottal pulse g[n] and its spectrum are plotted in Fig 4.7

(4.15)
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Figure 4.7: Rosenberg model in time domain (only first 50 samples shown, top panel)

and its frequency response (bottom panel).

The periodic excitation p[n| is modeled as one-sided quasi-periodic impulse

train:

pln] =) 7"s[n — kN,

k=0
which has z-transform:
P =3 =
k=0 L=z

(4.16)

(4.17)



where N, = fs/ fo (fundamental period in samples) and + is a number close to

1 (e.g, 0.999) to make the filter stable. Fig 4.8 shows the spectrum of the periodic

input P(z) with a fundamental frequency of f, = 210Hz (N, = 96).
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Figure 4.8: Frequency response of periodic input for voicing modeling (fy = 210H z)

before multiplication with Rosenberg source spectrum.

Therefore, P(z)G(z) is the z-transform of the glottal flow model (spectrum

shown in Fig 4.9). This is an ARMA model that can be constructed as a shaping

filter input to the canonical MA model (Eq 4.18) [168, 169].

zsp(n) = — Zakxsf(n —k)+ Zﬁkwg(n — k) (4.18)
k=1 k=0

where z5¢(n) is the state of the shaping filter, oy and betay are the kth coef-

ficient of the AR and MA model, respectively, and wy(n) is Gaussian noise with

mean 0 and variance 012”2. The state-space equations for this model is:
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Figure 4.9: Periodic input P(z) multiplied by Rosenberg model G(z), which corresponds

to an ARMA model (fy = 210Hz).

XSF<TL + 1) = ASFXSF(TZ) + BSFU]Q(n), (419)
w1 (n) = CSFXSF(n)‘ (420)
where xg¢(n) = (rgp(n —p+1) zsp(n—p+2) ... zsr(n))? is the state

vector, where p is the order of the AR model. Since the periodic input has N,

poles, the order of the AR model is p = N,. Agp is the transition matrix p x p:

0 1 0 0 0
0 0 1 ... 0 0
Agr=| : P Pl eRPP
0 0 0 0 1
|~y —0p1 —Qpo ... —Qp —Qq]




Bsr = 1[0 0...1)7 € RP*! and wq(n) is a stochastic driving noise with zero
mean and variance o2, . The MA equation (Eq 4.20) contains Cs¢ = [B; Bq—2...01 Bo] €
R+ and the colored noise w;(n) € R is the dot product of Cg¢ and xg(n).
wi(n) is the input the MA state model in Eq 4.4. A continuous time diagram of
this augmented system is shown in Fig 4.10. The white noise ws(t) is input to the
shaping filter, which is the Rosenberg model convolved with the periodic input
(Fig 4.9). the output of this filter is the colored white noise w(t), which is the in-
put noise to the canonical MA system (physical system in Fig 4.10), whose output
z(t) is the observed signal, i.e., the neck-skin acceleration. The new state-space

equations in discrete-time are:

z(n) = CrXr(n) + v(n). (4.22)

where

e (4.23)
By — [B‘;F] (4.24)
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Cr=[C 0] (4.25)

X = { * ] (4.26)

XSk

An example of the Kalman filter with a Rosenberg (ARMA) noise input is
shown in Fig 4.11. The GVV from a sustained vowel /a/ from a healthy female
with an average frequency of fy = 210 Hz using the MA Kalman filter and the
MA Kalman filter with ARMA noise as input. The top panel shows the last state
x(n — N — P + 1) which is the smooth estimate. Again, N is the length of the
impulse response of the neck-skin (350 pts.) while p is the order of the AR model
(96 pts.). Both signals are very similar, therefore, the smoothing in both cases
converges to the same type of signal. For the case of the bottom panel, the MA
Kalman filter tracks the current state x(n), while the MA Kalman filter with
ARMA input tracks the state z(n — p), which is the state after the ARMA filter
is applied (corresponding to z(n) in the original MA KF). The state xz(n — p)
from the MA KF with ARMA input is able to track a GVV signal similar to the

smoothed state from the top panel with the same amplitude.
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Figure 4.10: Diagram of augmented Kalman Filter in a continuous time domain. The
Physical system corresponds to the MA Kalman Filter, the shaping filter is the colored

noise system composed of an ARMA Kalman Filter.
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Figure 4.11: Top panel: GVV output (first state) using A (blue) and A, (red). Bottom

panel: GVV output (last state) using A (blue) and Ay, (red)

The augmented Kalman Filter has a physiological meaning in the sense that
a stochastic input, a parametric model of the GVV signal, is used within the
Kalman framework to estimate the GVV signal from an IBIF modeling. The is-
sues with this framework is the necessity to know before hand N, (i.e., fy) in order
to construct the ARMA filter, and this might change over time, so the matrices
need also to adjust their sizes for these changes. Another issue is the simplicity
of the model, which might no be applicable to pathological voices due to the lack
of parameters in the Rosenberg model to modify the signal to pathological cases.
Moreover, it is necessary to know opening and closing phases percentages to con-
struct the model, which can only be assumed since there is no prior information

on the shape of the GVV waveform. Since the smoothed state is very similar
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to the smoothed state incorporating the stochastic ARMA input, only the MA

Kalman Filter will be used on the following experiments.

4.4 Experimental setup

4.4.1 Participants

The human studies protocol used to collect the data for this study was ap-
proved by the Institutional Review of the Partners Healthcare System - the Mas-
sachusetts General Hospital (MGH) is a founding member of this organization.
Study participants were 16 pairs of adult females (total of 32 subjects) with each
pair comprised of one patient with PVH (diagnosed with vocal nodules) and one
normal control subject matched to the patient by age and occupation. Due to
the higher incidence of female patients with PVH than male in the overall popu-
lation [37], only women were subjects for this study. Zhukhovitskaya et. al.[124]
have shown significant differences (p < 0.0001) in the number of bilateral midfold
lesions between males and women. Moreover, the inclusion of men would create
confounding variables due to sex-specific characteristics. The patient matching
is done to normalize for general vocal behavior differences. Clinical diagnoses
were based on a complete team evaluation by laryngologists and speech-language
pathologists at the MGH Voice Center that included (a) a complete case history,

(b) endoscopic imaging of the larynx, (c¢) aerodynamic and acoustic assessment
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of vocal function based on Mehta et. al. [34], (d) a patient-reported Voice-
Related Quality of Life questionnaire, and (e) a clinician-administered Consensus
Auditory-Perceptual Evaluation of Voice assessment (CAPE-V). All patients were
enrolled prior to the administration of any voice treatment. Written informed con-

sent was obtained from all subjects. All subjects were 18 years of age or older.

4.4.2 Ambulatory data

Each subject was recorded as they engaged in normal daily activities during
one week using a smartphone-based ambulatory voice monitor [23, 2]. The system
employs an accelerometer attached to the front of the neck below the larynx as
the phonation sensor. The sampling frequency was 11,025 Hz and the average
total recording time for a subject was approximately 80 hours [75] [2]. An ex-
ample of the ambulatory setup for a patient is shown in Fig 3.2 from chapter 3.
The Kalman filter is processed for every sample of the ambulatory data, except
for those points where there is silence or unvoiced segments. Voiced segments are
selected using a voice activity detector (VAD) every consecutive 50 ms. When the
accelerometer data goes from an unvoiced to voiced segment, the filter continues

with the state and covariance from the previous voiced segment.

4.4.3 Aerodynamic features

Table 4.1 is a subset from table 3.2 in chapter 3 and describes the features ob-
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tained from the GVV waveform (and its derivative) from every 50 ms frame. Aero-
dynamic features have been shown to be good indicators of PVH within subjects
(12, 25, 27]. Time-domain features (AC-flow, MFDR, OQ, SQ, and NAQ [170])
are obtained by taking the median value of all cycles within the frame. Frequency-
domain features (H1-H2 and HRF) are computed using the whole frame. In con-
trast to [11], the median of the data frames are used as features, instead of their
higher-order statistics. An example of data collection during one day (19,067 data

frames) for the AC-flow feature using IBIF and Kalman is shown in Fig 4.12.

AC Flow Subject: NF065 day: 01
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Figure 4.12: Day 1: AC-flow values using Kalman and IBIF for a control

subject, including a linear fit and a 95% prediction interval.
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Table 4.1: Frame-based derived glottal airflow measures to be estimated from the am-

bulatory neck-surface accelerometer signal using impedance-based inverse filtering and

Kalman filter.

Glottal airflow measures Description Units
AC-flow Peak-to-peak glottal airflow. mL/s
MFDR Negative peak of the first deriva- L /s>

Open Quotient (0Q)

Speed Quotient (SQ)

H1-H2

Harmonic Richness Factor (HRF)

tive of the glottal waveform.

Ratio of the open time of the
glottal vibratory cycle to the
corresponding cycle period.

Ratio of the opening time of the
glottis to the closing time.

Difference between the magni-
tude of the first two harmonics.

Ratio of the sum of the ampli-
tudes of the first 8 harmonics to
the amplitude of the first har-
monic.

Normalized Amplitude Quotient (NAQ) Ratio of ACFL to MFDR di-

vided by the glottal period.

dB

dB
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4.4.4 1IBIF calibration with laboratory data

Each subject underwent a session in the laboratory to obtain a subject-specific
calibration for the IBIF algorithm. The session involved simultaneous and syn-
chronous recordings of a circumferentially vented mask-based oral volume velocity
(OVV) and neck skin acceleration in an acoustically treated room. Each subject
performed a series of sustained vowel gestures (/a/ and /i/) with a constant pitch
using comfortable and loud (approximately 6 dB increase) voice. For each gesture,
a bandpass filtered (60 — 1100 Hz) oral airflow vowel segment was used to perform
inverse filtering with a single notch filter constrained to unitary gain at DC [125].

Once a glottal airflow approximation is obtained from the mask, Q parameters
are estimated using the optimization scheme described in [85]. These are the
parameters describing the mechanical properties of the neck-skin, as well as the
length of the trachea and the position of the accelerometer with respect to the
glottis [85].

In order to reduce the complexity of the Kalman smoother, we need to reduce
the size of the matrices A and C. This is necessary due to the computational cost
of Kalman filter in the multiplications of state-space matrices of size 550 x 550
when processing clinical signal with recording time of approximately 80 hours.
Since A and C depend on the length of the neck-skin impulse response h(n), the

latter is truncated in the middle region and then windowed (Hann function) at a
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length of 350 points. This procedure seeks to maintain the performance of IBIF
filter because most of the energy of the impulse response is concentrated in the
middle section, while the extremes are considerably low in energy. As an example,
in Fig 4.13 we show a given h(n) in blue and the resulting truncated version in

red. The magnitude of the frequency response is shown in Figure 4.14.
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Figure 4.13: Neck-skin impulse response for a healthy female subject, full

impulse (blue) and truncated version with a Hann window (red).

An example of a patient subject saying the vowel /a/ and /i/ is shown in
Fig 4.15. The “ground truth” GVV is computed using a Single Notch Filter (SNF')
on the OVYV signal with an optimization procedure similar in [27] and [150]. The
Kalman filter signal shown is the first state z(n — N 4 1), which is a smooth esti-
mate computed considering future information in the acceleration signal z(n) and

102



—_
[\

—Tgin@)l

10 - |Tskin-trunc(w)|
o 8
©
=)
c 6
(@]
©
= 4

2

O L L L L

0 2000 4000 6000 8000 10000

Frequency (Hz)

Figure 4.14: Neck-skin frequency response for a healthy female subject,

full length (blue) and truncated version with a Hann window (red).

that is delayed due to the formulation of state transition equation (see Eqs 4.4
and 4.5). In this case, the “smooth” term does no refer to the classical approach
of Kalman smoothing, which can be written in fixed-lag form, fixed-interval, or
fixed-point form (for details, see [154, 153, 152]). The smoothing refers to the
structure of the state vector x, which has N points, we are observing the estimate
of the state z(n — N + 1|n), which is a delayed state of the current state at time
n. This is the reason we do not need to do a backward pass to the filtering al-

gorithm, as the state x(n— N +1|n) already has information of future predictions.

As was previously stated the IBIF and, therefore, the model based on Kalman

filter are both calibrated using a procedure based on the vowel /a/. The top plot of
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Fig 4.15 shows a good fit between all the estimations of GVV. This is expected due
to the calibration procedure of the Q parameters. The RMSE between Kalman
and the reference signal is 16.79, while the RMSE between IBIF and the reference
signal is 24.69. The bottom plot of Fig 4.15 shows the estimation results for the
vowel /i/ where we can see some differences on the IBIF and Kalman estimations
compared to the reference signal. Fig 4.16 shows a close zoom to one cycle of
the vowel /i/. In this case, the method based on Kalman follows the reference
signal a bit closer than IBIF. Even though the Kalman filter is an alternative
implementation of the IBIF filter, the adaptive filtering nature of Kalman allows
to track better the “ground truth” signal than IBIF. The RMSE between Kalman
and the reference signal is 36.46, while between the IBIF and the reference signal
is 46.01. Similar trends were found in different subjects and tokens.

For the selection of the window length to truncate the IBIF filter, we analyzed
different window lengths of the impulse response and checked the RMSE (FEs,
Eq 4.27) obtained from 42 subjects saying the sustained vowel /a/ by comparing

the original neck-skin impulse response and its shorter, windowed version,

N—-1
1
B = ~ z:; |h(n) — hipune(n)|2, (4.27)

where N is 550 points (the original length), h(n) is the original neck-skin impulse
response, and hy.ne(n) is the truncated, windowed impulse response of length L
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Figure 4.15: Sample of the Kalman filtered signal (red dashed), IBIF (blue solid) and a

reference signal (SNF, yellow) for the vowels /a/ (top) and /i/ (bottom).
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Figure 4.16: Zoom to one cycle of /i/ vowel signals corresponding to Fig 4.15 showing

the KF signal (red dashed), IBIF (blue solid) and the SNF reference signal (yellow).
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at the midpoint of h(n) towards the beginning (n = 0), while length L — 1 goes
from the midpoint towards the end (n = 549). From Fig 4.17 we can see that the
median F,;, is below 0.1 after L = 50. By selecting L = 175, we have a conserva-
tive truncated window where the median gets closer to zero and all subjects are

grouped together around that number. Therefore, we have a truncated window

of length 2L = 350.
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Figure 4.17: Number of samples L (one-sided) from middle point in original impulse

response vs. Fgps.

4.5 Results

A subset of the features obtained in an ambulatory setting using the IBIF filter
are compared with those obtained using Kalman Filter per subject in Table 4.2.

106



There is a large standard deviation for AC-flow and MFDR values for both the
IBIF method and the Kalman filter. It is natural for large variations in vocal
intensity to occur during the week for all subjects. We can see larger differences
between KF and IBIF mean MFDR values, while mean values of HI-H2 are similar
between KF and IBIF. This is due to the MFDR extraction, which is estimated
from the derivative of both signals, and that might introduce extra differences
between both the KF based method and the IBIF filter.

We compare classification results from Machine Learning simulations consid-
ering 4 different tasks/scenarios: 1) Using all the data frames available. 2) Ran-
domly selecting 50% of the data available. 3) Selecting the best 10% data frames
according to the lowest 10% RMSE between IBIF and KF waveforms, and 4) Se-
lecting the worst 10% data frames according to the highest 10% RMSE between
IBIF and KF waveforms. Examples of signals with error less than 10% of total
RMSE and higher than 90% are shown in figures 4.18 and 4.19, respectively. The
purpose of the comparison between different groups of frames is to identify any
differences in classification performance if the Kalman filter is used to extract
aerodynamic features. There are some differences in the morphology of the GVV
signal when Kalman and IBIF is used. For example, by visual inspection, phase
differences between peaks contribute to higher deviations from the IBIF output
in Fig 4.19.

An ensemble of bagged decision trees (Random Forest [109]) was used as a
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classifier. There are two hyperparameters: the number of trees and the maximal
number of decision splits per node, which are optimized using Bayesian Opti-
mization [171]. 25% of the total data was used (4 pair of subjects) as a test set.
Table 4.3 shows the results of the area under the ROC curve (AUC), the accuracy,
the f-score, the sensitivity, the specificity, the positive predicted value (PPV), and
the negative predicted value (NPV). The similarity in between results might indi-
cate that deviations of the estimated GVV signal using IBIF would not affect the
detection performance for an ambulatory classification task. This implies that, in
an ambulatory scenario, it is possible to have room for some error estimation in

the GVV signal without compromising the task at hand.

1501 ﬂ ‘ ” —IBIF
—KF
—~100 i
(&}
Q
R
— L B
E 50
S
T 0
50 1
100 150 200 250 300
Samples

Figure 4.18: GVV with IBIF (blue) and Kalman (red) from In Field data. RMSE is

less than 10% of the total day RMSE.
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Figure 4.19: GVV with IBIF (blue) and Kalman (red) from In Field data. RMSE is

more than 90% of the total day RMSE.
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Subject AC-flow (IBIF) AC-flow (KF) MFDR (IBIF) MFDR (KF) OQ (IBIF) 0Q (KF) H1-H2 (IBIF) H1-H2 (KF)

PF022 4939 (359.6)  469.1 (315.1)  G664.0 (488.8)  859.0 (696.0) 62.7 (19.7) 76.9 (28.1) 3.47 (7.73)  4.24 (7.14)
NF022  239.7 (231.4)  257.3 (237.8)  339.0 (385.6)  465.1 (555.9) 60.2 (20.0) 65.7 (22.0) 4.28 (7.04)  4.58 (6.79)
PF031 5182 (331.2)  434.3 (269.8)  466.0 (387.2) 526.5 (520.3) 78.8 (18.5) 80.0 (20.9) 10.6 (6.41)  8.67 (5.99)
NF031  307.9 (236.6)  299.3 (247.2)  380.8 (416.3)  454.3 (567.4) 67.6 (16.5) 67.8 (17.8) 12.8 (6.16)  12.4 (6.14)
PF038 2353 (115.3)  246.8 (127.3)  309.4 (190.0) 425.7 (306.3) 54.8 (11.7) 524 (124) 10.7 (4.90)  9.45 (4.89)
NF038  199.0 (142.1)  213.7 (153.9)  315.3 (271.6)  390.3 (366.6) 53.6 (20.2) 55.3 (21.3) 7.09 (5.23)  7.28 (5.07)
PFO056  436.3 (259.2)  342.6 (202.2)  616.6 (391.9)  669.6 (502.1) 77.8 (12.7) 75.4 (14.4) 808 (4.19)  7.86 (3.87)
NF056  327.5 (165.7)  313.6 (154.9)  372.3 (228.5)  499.5 (336.6) 68.6 (12.6) 69.4 (13.9) 10.5 (4.87)  9.65 (4.72)
PF063  262.3 (130.8)  281.1 (147.3)  253.3 (1544) 372.2 (301.5) 66.3 (13.1) 64.3 (16.9) 141 (5.81)  12.7 (5.91)
NF063  361.8 (172.5)  255.8 (1474)  464.2 (260.9) 473.2 (3425) 59.7 (11.6) 56.8 (14.2) 11.6 (5.17)  7.60 (5.90)
PFO65  167.9 (91.9)  199.8 (117.1)  270.0 (184.3) 406.2 (319.0) 63.3 (14.2) 66.3 (14.8) 104 (4.33)  10.2 (4.25)
NF065 2104 (128.7)  204.5 (121.2)  353.0 (222.3)  430.5 (274.1) 53.3 (17.2) 55.3 (17.6) 6.15 (6.28)  5.79 (5.95)
PF066 3185 (188.7)  321.1 (195.0)  373.0 (355.6) 434.9 (451.5) 53.8 (15.2) 53.9 (18.8) 8.73 (3.82)  9.06 (3.68)
NF066  367.5 (236.2)  365.5 (228.3)  557.5 (398.9) 713.9 (521.4) 50.0 (17.6) 51.1 (19.2) 7.25 (5.54)  7.63 (5.15)
PFO70  774.6 (460.9)  669.7 (415.9)  991.1 (654.9) 1164.3 (966.5) 75.4 (11.8) 75.5 (129) 10.8 (4.02)  9.64 (3.97)
NFO70  323.8 (245.5)  321.8 (248.7)  476.8 (403.1)  529.7 (519.8) 74.5 (17.9) 76.2 (20.0) 8.08 (6.93)  7.82 (6.73)
PFO79  280.8 (173.2)  314.2 (198.5) 4158 (309.2) 510.1 (384.4) 48.2 (15.4) 482 (16.1) 7.82 (4.56)  7.26 (4.34)
NFO79  150.5 (116.0)  159.4 (119.1)  239.1 (218.9)  309.5 (323.3) 64.0 (19.1) 66.7 (18.5) 811 (6.61)  8.69 (6.14)
PFO80 4923 (217.1)  473.3 (214.0)  744.6 (341.0) 1050.1 (599.4) 72.4 (14.6) 71.1 (155) 832 (4.73)  8.17 (4.53)
NF080  393.9 (248.2)  318.1 (208.6)  559.8 (385.7)  604.2 (467.1) 62.0 (15.6) 63.5 (17.0) 9.58 (4.77)  9.23 (4.66)
PFO87  560.9 (224.0)  581.4 (246.5)  939.6 (483.7) 11745 (668.1) 76.3 (11.5) 85.6 (14.5) 9.81 (3.68)  9.18 (3.45)
NF087 4038 (273.2) 4351 (311.1)  697.5 (573.4)  914.1 (789.9) 50.0 (17.8) 60.9 (23.9) 0.00 (5.10)  0.00 (4.59)
PF090  175.7 (117.7)  142.9 (96.3)  241.2 (181.6) 239.3 (199.2) 72.7 (12.1) 725 (25.6) 12.8 (4.98)  12.5 (4.90)
NF090  115.2 (87.9) 1004 (77.5)  124.7 (142.8) 137.8 (188.8) 61.5 (12.5) 59.8 (12.9) 12.2(6.10) 115 (5.95)
PF091  249.7 (143.6)  242.8 (152.7)  261.6 (230.7) 370.8 (391.5) 70.8 (15.3) 70.3 (19.7) 8.44 (4.90)  7.88 (4.72)
NF091 2011 (245.3)  274.2 (2354)  368.1 (330.9) 400.7 (424.7) 62.7 (18.9) 625 (20.2) 9.18 (6.46)  8.75 (6.25)
PF094 2065 (335.5)  143.4 (240.6)  201.5 (622.8) 230.4 (544.3) 80.0 (21.6) 87.5 (24.9) 7.59 (6.17)  6.93 (5.59)
NF094  563.7 (332.6)  469.0 (309.3)  560.1 (484.8)  609.9 (619.3) 59.4 (16.5) 55.8 (21.1) 12.1 (4.88)  10.5 (4.90)
PF098  203.8 (108.4)  201.7 (111.4)  246.3 (163.3) 263.2 (202.6) 70.1 (14.3) 71.6 (15.0) 12.2 (4.88)  12.0 (4.39)
NF098 2436 (93.1)  235.7 (91.6)  279.5 (131.2)  331.8 (183.6) 60.0 (10.7) 60.0 (11.2) 12.4 (4.33)  12.2 (4.30)
PF126 2864 (170.2)  243.6 (165.9) 338.3 (284.4) 3954 (461.1) 63.6 (16.3) 622 (19.7) 12.2(6.05)  10.9 (6.05)

NF126 2622 (174.2) 2529 (175.8)  367.6 (270.5) 4207 (332.9) 71.8 (13.1) 71.8 (14.0) 127 (5.50)  12.3 (5.45)

Table 4.2: Weekly summary (mean and standard deviation) of features using IBIF and
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Percentage of frames used AUC Accuracy F-score Sensitivity Specificity PPV NPV

All frames 0.80 0.72 0.74 0.74 0.68 0.74 0.69
50 % random frames 0.80 0.71 0.74 0.74 0.68 0.74 0.68
10% lowest error 0.78 0.70 0.73 0.74 0.66 0.73 0.67
10 % highest error 0.78 0.70 0.73 0.73 0.67 0.73 0.67

Table 4.3: Classification performance of Ensemble bagged trees (Random Forest) using

different portions of the data with aerodynamic features.

4.6 Discussion

The proposed method based on Kalman filter is an adaptive implementation of
the IBIF scheme, and therefore has some differences with the original IBIF design,
namely a forward prediction of the accelerometer signal (i.e., no filter is inverted)
and a truncation of the finite impulse response. In spite of these differences, it
is shown that the Kalman filter implementation allows for enhancing the glottal
airflow estimates, as it adapts to better predict the accelerometer signal and to
more closely resemble the glottal airflow estimates from a Rothenberg mask in
benchmark experiments. It is important to note that there are still differences
between the Kalman filter glottal airflow estimates and the reference signal from
the Rothenberg mask, due to supraglottal inverse filtering errors and measurement
uncertainty of the oral airflow signal, which are difficult to assess for the scenario

of high-pitch female pathological voices.

111



The signal deviations between the Kalman filter and the original (time invari-
ant) FIR IBIF glottal airflow estimates are relatively small, although the former
reduces the RMSE in up to 40% in some cases. These differences can be relevant in
some cases, depending on the application. When assessing the relevance of these
differences in a classification task to discriminate between vocal fold nodules pa-
tients and control subjects using ambulatory accelerometer data, no significant
variations in the classification were found, even when comparing frames with low
and high error (or deviation). Thus, the classification task seems to be fairly
insensitive to the uncertainty of the airflow estimates from IBIF model parame-
ters, sensor positioning, and other effects. This supports the use of the original
FIR version of the IBIF scheme for such classification tasks, which indicates that
factors affecting the classification performance in chapter 3 were not degraded by
the airflow estimates. However, other applications more sensitive to signal quality
can further benefit from the enhancement offered by the proposed Kalman im-
plementation to estimate more accurate glottal airflow in running speech and/or
ambulatory scenarios.

The main current limitation of the proposed Kalman filter approach is its rel-
atively high computational cost due to its FIR-inspired construction, which can
become a problem when processing many hours of recordings (as in ambulatory
monitoring) in numerous subjects. Future efforts can be devoted to optimize the

approach via more efficient methods, using for example an autoregressive model
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in the construction of the state space model. Other variations in the construction,
e.g., addition of a random walk term or an extended Kalman filter could be ex-
plored as well to encompass non-linear implementations of the neck accelerometer

to glottal airflow signal transformation.

4.7 Conclusion

A Kalman filter implementation of the subglottal impedance based inverse
filtering scheme was introduced to enhance the estimates of glottal airflow from
recordings of a neck surface acceleration signal and to assess the relevance of
model uncertainty in such estimates. The approach is capable of adapting the
signal estimates to correct for inverse filtering errors, as observed in benchmark
experiments with sustained vowels. To explore the relevance of the signal deviation
in the context of ambulatory study, accelerometer data from 32 subjects during
1 week-long recordings was utilized in the context of a classification task used in
prior studies to discriminate normal from pathological voices. When comparing
the performance using the standard and Kalman IBIF implementations, no strong
differences in the classification performance were observed. Therefore, hypothesis
H2 is rejected due to the insufficient evidence to show that reducing the variability
of the IBIF filter would improve the classification performance between PVH and

control subjects in an ambulatory setting. It is concluded that the IBIF filter has
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good performance in the task of classification, especially with high-order statistics,
even if there are error on the measurements. The high amount of data available
from weekly recordings allows that the features obtained from the estimated GVV
signal are robust enough to construct machine learning models with parameters
that do not deviate enough to change performance scores drastically. With respect
to the MA Kalman filter, although is more computationally expensive than the
FIR IBIF, there is an opportunity to improve the design of an ARMA filter that
estimates the GVV signal through a Bayesian framework. Further improvements
on the design of a parametric glottal flow input could aid on the development of a
physiological relevant filter that do not require as many states as the MA Kalman
filter, with as good, or better performance on estimation of features relevant to

the voice function.
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Chapter 5

Additional tools on supervised
classification and uncertainty

analysis from accelerometer voice
data

The following set of experiments are aimed to understand better the clas-
sification performance using different data sets from chapter 3 and to quantify
uncertainty with a different approach from chapter 4. The goal is to answer aims
SA1 and SA2 with pilot projects that could take a large scale (i.e., larger datasets)
and at the same time, to answer hypothesis H1 and H2. Section 5.1 develops on
the supervised classification task of ambulatory data from NPVH subjects. Sec-
tion 5.2 quantifies the uncertainty of IBIF parameters using In Lab accelerometer
data. Section 5.3 develops a framework for classification of NPVH therapy by
using In Lab accelerometer data and deep learning. Results and conclusions, in-
cluding their connections to the aims and hypothesis of this thesis, are included

at the end of the chapter and each section.
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5.1 Supervised classification of subjects with mus-
cle tension dysphonia

Primary muscle tension dysphonia, or non-phonotraumatic vocal hyperfunc-
tion, refers to a speech disorder characterized by variable symptoms of voice dis-
ruption without the presence of a laryngeal pathology [18]. It is usually associated
to high levels of steady (DC) flow [12] but not to high levels of unsteady AC-flow
or MFDR [12, 27] which could explain the lack of organic lesions for this type of
pathology. This type of dysphonia is referred as Primary MTD, which arises from
apparent excessive user or misuse from hyperfunctional patterns in the absence of
an organic vocal fold pathology, psychogenic, or neurological etiology [33].

The work described in this section of the chapter aims to classify healthy sub-
jects from MTD subjects, similar to the task developed in chapter 3. In this case,
in addition to the study of aerodynamic features, features related to speech pro-
cessing are analyzed as well, to investigate further those features that are salient
for this type of pathology. Due to the lack of enough components that could derive
physiological features related to the pathology, there is no strong prior informa-
tion on which voiced features could be important on detecting the characteristics

of NPVH, especially in an ambulatory context.
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5.1.1 Methods

Ten subjects with NPVH and 10 matched controls were recruited for a week
of ambulatory monitoring. Occupation and CAPE-V scores of participants are
shown in Table 5.1. Following the same methodology from chapter 3, ambulatory
features were extracted for each 50 ms frames of non-overlapping accelerometer
data. Statistical features were obtained for each subject during an average of 7
days of voicing data. IBIF features were extracted from the same subjects, with
the exception of the pair whose occupation are teachers, due to difficulty of ob-
taining an ambulatory aerodynamic signal from the control subject. Therefore,

the classification learning with IBIF features was applied to 9 pairs.

Accelerometer features were those features from which IBIF is not applied
beforehand. These are taken directly from the calibrated accelerometer and are
estimated from the time and spectral domains. Table 5.2 lists the accelerometer
features used for ambulatory analysis. Sound pressure level is obtained using linear
regression with respect to the skin acceleration signal from a calibration proce-
dure [130]. The fundamental frequency of the skin-acceleration signal is directly
correlated to the fundamental frequency of the vocal fold vibrating cycle. The
cepstral peak prominence is the magnitude of the highest peak in the power cep-

strum [172]. The zero crossing rate corresponds to the proportion of the number
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Table 5.1: Occupations and mean age of adult females with PVH and matched-control par-

ticipants analyzed (48 pairs)

Occupation Age Diagnosis CAPE-V overall
Non-Classical Singer 19 (P) 18 (C) MTD 11
22 (P) 20 (C) MTD 16
Teacher 48 (P) 51 (C) MTD 60
Actress 59 (P) 60 (C) MTD 5
Pilates Instructor 26 (P) 22 (C) MTD 17
Nurse 59 (P) 51 (C) MTD 28
Social Worker 54 (P) 50 (C) MTD 19
Administrative 39 (P) 40 (C) MTD 15
Assistant
System Analyst 44 (P) 47 (C) MTD 15
Home School Teacher 43 (P) 42 (C) MTD 16
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of times that the signal crosses its mean within a frame. H1-H2 is the magnitude
difference between the first and second harmonic [173]. The harmonic spectral
tilt is a linear regression of the first 8 spectral harmonics [174]. Similar to the
harmonic spectral tilt, the low-to-high spectral ratio is the difference of spectral
power below and above 2000 Hz [175]. The skin-acceleration level is the RMS of
the accelerometer signal in dB per frame. The autocorrelation peak amplitude is
the relative amplitude of the first non-zero peak in the normalized autocorrelation

function [23].

Accelerometer Features Voicing criteria Units
Sound Pressure Level (SPL) 45-130 dB
Fundamental Frequency (f;) 70-1000 Hz
Cepstral Peak Prominence (CPP) 10-35 dB
Zero Crossing Rate (ZCR) 0-1 -
H1-H2 -60-50 dB
Harmonic Spectral Tilt -25-0 dB/octave
Low-High Spectral ratio 22-50 dB
Skin Acceleration Signal (SAL) 5-200 dB
Autocorrelation Peak Amplitude (NPeak) 0.60-1 dB

Table 5.2: Features estimated from the accelerometer.

Fig 5.1 and Fig 5.2 show the relationship between distributions of 5 IBIF

and accelerometer features, respectively, from a given week between NPVH and
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control subjects. The features were sorted by lowest p-value in a two-sample t-test
with Bonferroni correction [176]. Therefore, the 95th percentile of MFDR (in dB)
and the mean value of skin-acceleration Level (SAL) were the features that most
separated NPVH subjects from controls, in the IBIF and accelerometer pool of
features, respectively.

It is worth to notice that the top 5 IBIF features are derivations from ACFL
and MFDR, which in turn are related to PVH behavior [1, 12, 27]. Previous
results on aerodynamic measures using NPVH and controls showed significant
differences only on subglottal pressure and open quotient [27]. One reason that
OQ was not a salient feature for NPVH could be due to he estimation procedure,
which is particularly difficult in ambulatory settings because it is necessary to
know the exact closing time. Moreover, subglottal pressure is not estimated for
this ambulatory task. Therefore, measures such as MFDR and ACFL seem to
provide new insights on NPVH subjects during ambulatory monitoring. The fact
that MLR features (SPL divided by MFDR) are included, indicate some type of
compensation from NPVH subjects to keep a certain SPL levels, as the histograms
of median and 95th percentile of MLR show an overall lower value for NPVH
compared to controls, indicating that higher MFDR is needed to keep a certain
SPL value [60].

The top 5 features from the accelerometer signal are mixed between intensity-

related (SAL mean), spectral-related (H1-H2 and LH Ratio), and temporal-related
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(zero-crossing rate).
In the task of machine learning, five different classifiers were used to iden-

tify 5-minute frames from MTD subjects versus controls. In addition of using a
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Figure 5.1: Distribution of 5 IBIF features for patients (red) and controls (blue). The features were
selected based on a two-sample t-test procedure, where the features with lowest p-values, based on

a Bonferroni correction, are displayed.
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Figure 5.2: Distribution of 5 accelerometer features for patients (red) and controls (blue). The

features are selected based on a two-sample t-test procedure where the features with lowest p-values,

based on a Bonferroni correction, are displayed.
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L1- Logistic Regression and Linear Kernel SVM, a SVM with Gaussian kernel,
a Random Forest, and a Feedforward Neural Network were tested as well. Hy-
perparameters for the Gaussian SVM were found through Bayesian optimization
[171]. Hyperparameters for Random Forest were found using 5 fold CV, while
the number of nodes and layers of the neural network were chosen after trial of

different configurations that would not overfit the data.

5.1.2 Results

Table 5.3 show results of the classifiers using IBIF features only. The mean
performance is worse than the mean results for PVH subjects using the same IBIF
features. The standard deviation is larger for NPVH subject pairs, indicating
that some test subjects performed very well with the trained model, and others
performed extremely poor with the trained model. These extreme cases explain
the mean performance on all scores, as indicated in Fig 5.3.

The classification map in Fig 5.4 reflects the classification zones of both NPVH
and control subjects, where those who are closer to 1 are more associated to
NPVH, and those closer to 0 are more associated to the control group.

The odds ratio for features that have high association to NPVH (statistically
significant effect of p < 0.001 for absolute odds ratio > 1.10 in every pair) is shown

in Fig 5.5. The skewness of the NAQ feature has on average a large odds ratio,
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Method AUC Accuracy F-score Sensitivity Specificity PPV NPV

LR-L1 0.55 (0.43) 0.54 (0.37) 0.51 (0.39) 0.50 (0.39)
SVM-Linear Kernel 0.53 (0.40) 0.69 (0.17) 0.59 (0.36) 0.68 (0.40)
SVM-RBF Kernel 0.61 (0.14) 0.61 (0.24) 0.62 (0.09) 0.70 (0.32)
Random Forest 0.62 (0.38) 0.72 (0.20) 0.57 (0.43) 0.62 (0.47)

Neural network 0.52 (0.34) 0.66 (0.12) 0.48 (0.37) 0.52 (0.42)

0.59 (0.35) 0.53 (0.39) 0.56 (0.35)
0.69 (0.35) 0.55 (0.35) 0.68 (0.30)
0.47 (0.39) 0.56 (0.22) 0.46 (0.33)
0.78 (0.36) 0.65 (0.40) 0.68 (0.31)

0.74 (0.33) 0.55 (0.33) 0.61 (0.27)

Table 5.3: Classification performance for 9 NPVH and 9 matched control pairs using

IBIF features
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Figure 5.3: Logistic regression classification scores per pair (NPVH vs control) using

IBIF features
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Figure 5.4: Classification map of 18 subjects (9 NPVH, 9 controls) during 1 week of

ambulatory data using Logistic Regression.

however, it has a large deviation across subjects. The 5Hth percentile of MLR
has lower deviation, indicating that MFDR has a strong association to NPVH
subjects. H1-H2 has also a consistent association to NPVH, which is related to
quality of voice [55].

The classification performance improves slightly when features from the ac-
celerometer are used, as can be seen from Fig 5.6. However, it is difficult to
interpret the features that are more relevant in NPVH with a physiological pro-
cess. For example, in Fig 5.7 the features that are associated with NPVH could
have multiple interpretations but since none are directly related to an amplitude-
based aerodynamic process, it is a bit more difficult to interpret the results. The

largest associated feature is the mean of the zero-crossing rates, which indicates
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less periodicity in the signal. The skewness of CPP and the standard deviation of
the spectral tilt are related to voice quality, which is at the same time related to
spectral characteristics of the glottal flow. These last features can be comparable
to features extracted to the ground-truth glottal flow, as there are positive corre-
lation between the neck-skin acceleration and glottal flow signal for those features

177).
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Figure 5.5: Features with odds ratio greater than 1 for all 9 pair of subjects.
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Method AUC Accuracy F-score Sensitivity Specificity PPV NPV

LR-L1 0.59 (0.27) 0.65 (0.25) 0.68 (0.12) 0.71 (0.30) 0.59 (0.35) 0.62 (0.24) 0.63 (0.25)
SVM-Linear Kernel 0.60 (0.26) 0.65 (0.25) 0.68 (0.12) 0.73 (0.31) 0.57 (0.35) 0.61 (0.24) 0.76 (0.15)
SVM-RBF Kernel 0.61 (0.14) 0.61 (0.24) 0.62 (0.09) 0.70 (0.32) 0.47 (0.39) 0.56 (0.22) 0.46 (0.33)
Random Forest 0.58 (0.17) 0.59 (0.23) 0.63 (0.09) 0.68 (0.35) 0.49 (0.41) 0.67 (0.13) 0.57 (0.32)

Neural network  0.64 (0.16) 0.66 (0.23) 0.66 (0.11) 0.77 (0.30) 0.49 (0.38) 0.68 (0.13) 0.71 (0.13)

Table 5.4: Classification performance for 10 NPVH and 10 matched control pairs using

accelerometer features
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data using Logistic Regression.
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Odds Ratio Per-Patient Models: Association with MTD Subjects
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Figure 5.7: Features with odds ratio greater than 1 for all 10 pair of subjects.
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5.1.3 Discussion

NPVH subjects suffer from excess laryngeal tension without other primary
etiology that causes this dysfunction. Therefore, the causes of NPVH are difficult
to assess without an organic or neurological symptom from which the pathology
can be classified. The set of experiments shown in this section improves on the
idea that aerodynamic forces might not be a strong indicator of the presence of
NPVH. On average, classification scores between NPVH and control is almost
random due to some of pair of subjects were correctly classified and others were
not. An interpretation of these results indicate that aerodynamic features are
highly indicative of NPVH, as indicative of the high AC-flow and MFDR values
(normalized by SPL) compared to some controls. However, there are cases of pairs
where the results are backwards: the NPVH subject behaves as the control (from
the training data) and the control behaves as the NPVH. In the assumption that
controls do not have aerodynamic alterations in their vocal behavior, this indicate

that aerodynamic features are poor indicators of NPVH for these subjects.
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5.2 Classification performance of paired subjects
with vocal hyperfunction in the presence of
inverse filtering uncertainties: Pilot Study

The impedance-based inverse filter in [85] is subject-specific due to the filter
parameters that are related to default neck-skin mechanical properties such as
resistance, inertance, and stiffness [119], as well as trachea length [178, 179] and
sensor position. The main assumption is that these parameters are constant for
each individual, even though there are anatomical differences that could affect pa-
rameter values, such as skin fat and changes in head position, or other components
in the system such as tracheal diameter and losses in the subglottal system [85].
Even though IBIF filter parameters are calibrated for each subject through the
Q scaling factors, these are assumed to be constant for ambulatory tasks, which
might not be the case due to changes on the assumptions mentioned before. For
instance, there is evidence that the (Q parameters are not purely constant, but
they behave as random variables when they are calculated from different vowels

as reference [150].

The experiment in this section of the chapter aims to quantify the effect of
uncertainty on the Q parameters for a simple classification task between Spanish
speakers with healthy voice and PVH. The Q parameters will be assumed to be

random variables from Gamma distributions [176] because QQ parameters are pos-
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itive (random variables from Gamma distributions are positive), the similarity to
Gaussian distributions, and the possibility to parameterize long tails to the right
for Q values that are much higher than its mode. Glottal airflow estimations will
be obtained with different realizations of the ) parameters using Montecarlo sim-
ulation. Features from Table 3.2: ACFL, MFDR, OQ, H1-H2 and HRF will be
used as input to a Ll-logistic regression model. The classification scores will pro-
vide histograms from which distributions can be inferred. Uncertainty measures
will be obtained in order to compare how the deviation of () parameters affect the

deviation of classification scores.

5.2.1 Methods

In this experiment, 8 female subjects participated in lab and ambulatory ses-
sions, where 4 were diagnosed with PVH nodules and 4 were healthy-matched
controls. Aerodynamic measurements were taken in the Voice Production Lab-
oratory at Universidad Técnico Federico Santa Maria. Following a very similar
procedure from chapter 3, the subjects phonated different token vowels with dif-
ferent intensity, as well as reading a Spanish passage called “El Abuelo” [180] that
is phonetically balanced. Nominal () parameters were obtained from a calibration
procedure using the /a/ and /i/ vowels under different loudness conditions. Most
of the subjects had similar () values when the calibration was replicated under the

mentioned conditions, therefore, they were kept fixed. Other subjects had different
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() values for different conditions, for which the mean and variance were estimated.

Following the procedure from [150], a Gamma distribution is used to extract

random variables from the first 3 @) values:

ba
Ga(T|shape = a,rate = b) = 11<a)T‘l’1e’Tb, (5.1)
where I'(a) is the gamma function:
[(z) 2 / u" e du. (5.2)
0

The parameters a > 0 and b > 0 are the shape and rate of the distribution,

a
b

respectively, while T is the random variable. The mean of the distribution is
and its variance is 7. In order to fit a Gamma distribution for each @) parameter,
we need to obtain the parameters a and b. These can be obtained using the mean
and variance of all measures of @)’s for each subject. For those subjects with
constant ()’s, the mean is determined by that same value, while the variance is

fixed as 10% of the mean. Otherwise, the sample mean and variance is obtained

for those subjects with different () values.

Fig 5.8 shows an example of three Gamma distributions with mean 1 and

variance 0.1 (blue), mean 2 and variance 0.2 (red), and mean 3, variance 0.3
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(black). The distributions are very similar to Gaussian distributions, however,
Gamma distributions range from 0 to infinity, which are the plausible values for ¢)
parameters, being zero or very large values quite unlikely. The variance increases
as the mean increases, indicating that the uncertainty is larger when the @) value

is large as well.
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Figure 5.8: Example of Gamma distributions for different parameters a and b

The first three ) parameters (Q1, related to skin resistance, Qo related to skin
inertance, and @3, related to skin stiffness) are modeled with Gamma distribution.
()4, related to trachea length, and @5, related to accelerometer position, are set
to 1 (default values). Therefore, the trachea length and accelerometer position
are fixed to 10 cm. and 5 cm., respectively [85]. Since deviations from the default
values do not perturb the IBIF filter as much as the first three () parameters [150],
@4 and Q5 are kept fixed for simplicity on the simulations.
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Once a probability density function (pdf) is defined for each @1, @2, Qs, for
each subject, a Montecarlo simulation is performed to extract 1000 random values
from each pdf. Therefore, 1000 IBIF filters are created randomly. Fig 5.9 shows
an example of a subject pair with randomized values of )1 and (). In this case,
the mean values of (); and Q) for the PVH subject (red) are lower than the mean
values of the control subject (blue). Therefore, the variance is lower for the PVH
subject, as the randomized () values are more concentrated around their means,

compared to the control subject.

Q1 vs Qo from Gamma distributions
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Figure 5.9: Example of the sample distribution of IBIF parameters )1 and Qs for a

healthy subject (blue) and a PVH subject (red)
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5.2.2 Results

A Logistic regression model with L1 regularization was applied with the same
procedure as in chapter 3: Leave one pair out for testing, train on the rest of
the data. Performance scores (median and standard deviations) are shown in Ta-

ble 5.5 for Area under the curve (AUC), accuracy and Fl-score.

Subjects AUC Accuracy Fl-score
Pair 1 0.67 (0.19)  0.64 (0.20)  0.61 (0.13)
Pair 2 0.83 (0.20)  0.75(0.16)  0.73 (0.15)
Pair 3 0.72 (0.19)  0.50 (0.23)  0.57 (0.14)
Pair 4 0.69 (0.14)  0.40 (0.15)  0.58 (0.08)

Table 5.5: Classification performance for 4 pairs by median and (standard deviation) of

1000 simulations using LR-L1 and leave-one-pair-out method of training and testing.

AUC scores are fitted to a Beta distribution [181] because these have the
support over the interval [0,1] | exactly the same support of AUC scores. The

Beta distribution is defined as follows:

Beta(z|a,b) =

where B(p, q) is the beta function:
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» T(@r()

Bla.b) = T+ n)

(5.4)

Using the data from histograms, we can obtain values for the parameters a
and b through maximum likelihood estimation (MLE). All parameters estimated
for each subject pair data are above 1, which implies an unimodal distribution
[181]. Moreover, we can obtain the standard deviation of the distribution, Sdpetq,
using MLE. The mode of the beta distribution is defined as:

a—1

modebem = m (55)

We define the one-sided relative error (R.E.) of the distribution with respect
to the mode as:
Sdbeta

RE.qg=—/6./""%x100 5.6
% 2 % modepetq * % (56)

A boxplot with AUC and F1-scores, with their respective R.E. for each pair is

shown Figs 5.10 and 5.11:

There are a few observations for discussion from the results and boxplots.
There are extreme cases where the AUC score is less than 0.5 (worse than ran-
dom guessing), due to some random combinations of () parameters that do not

provide a correct GVV signal, therefore, the features obtained are not likely to
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AUC scores from 1000 simulations
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Figure 5.10: AUC boxplots for the 4 pairs analyzed using 1000 random classifications.
Blue points indicate the original ) parameters values that correspond to the mean

values on the parametric distributions.

be correct. Most of the concentration of AUC results is around 0.6-0.7 range,
which is expected from previous work [11]. It is worth noting that, for every pair,
the resulting AUC and Fl-score from using the mean () parameters are below
the median of the simulations. Given that the mean () parameters are expected
to perform best due to a good estimation of the glottal flow, the differentiation
between PVH and controls should be strong. However, the classification perfor-
mance is not directly related to the estimation of the features using the mean @
parameters. This in an indication that aerodynamic features only estimated from
glottal flow might not capture all differences between PVH and control subjects,

even if their physical (@) parameters are well calibrated. Fig 5.12 shows the AUC
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F1-scores from 1000 simulations
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Figure 5.11: Fl-scores boxplots for the 4 pairs analyzed using 1000 random classifi-
cations. Blue points indicate the original ) parameters values that correspond to the

mean values on the parametric distributions.

histogram for a given pair of subjects. A kernel density estimated distribution
(KDE) smooths the histogram [176], while the beta distribution is also plotted in
the graph. Visually, KDE fits very well to the data, while the beta distribution is
wider at the left of the histogram, but fits very close to the histogram and KDE,
having almost the same peak. The vertical green dotted line indicates the AUC
value using the mean () parameters. Notice that this score is slightly less than

the peak values of the beta and KDE distribution
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Figure 5.12: AUC histogram for pair number 2. The red curve is the kernel density

estimated (KDE) distribution, while the black curve is the fitted beta distribution.

5.2.3 Conclusions

In conclusion, the purpose for the set of experiments shown in this section
was to observe the variability of classification performance when the estimated
glottal flow is drawn from a specific distribution. The ) parameters from the
IBIF filter were drawn from a Gamma distribution using Montecarlo simulations
from which glottal waveforms and features (e.g., ACFL, MFDR) were extracted
and used in a supervised learning classifier. By using a Beta distribution for the
classification scores, the relative error is calculated and compared to the error
introduced in the Gamma distribution (10% of the mean). Results show that
the relative error of classification are below 10%, therefore, they are within the

margin established by the randomization of () parameters. An observation made
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with the simulations was that standard features from the glottal waveform might
not capture all differences between subjects with PVH and controls. It is inferred
that mean () parameters extracted from PSO are the best estimation for a glottal
waveform compared to the ground-truth signal (i.e., inverse filtering from oral
airflow signal). However, the simulations indicate that the classification scores
using those parameters are below the median of the classification distributions.
One plausible explanation is that there are better estimations of the glottal flow
using () parameters that were not captured during the process of calibration and
PSO calculation. One way to solve this issue is to incorporate more subjects to
the classification task and to use a Montecarlo simulation to obtain () parameters.
It is worth noticing that a better classification score does not guarantee that the
best estimation of () parameters was found; it might just a random artifact where
the features extracted, even though are not optimal, might perform better in a

classification task.
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5.3 Transfer Learning: Using wavelets and con-
volutional neural networks to classify pre and
post therapy for NPVH subjects

The goal if this section is to address aim 1 (SA1) of this thesis, which looks to
compare supervised classification tasks using physiological-relevant features and
learned features from a deep learning algorithm. This section addresses the issue
of differentiating pre-therapy against post-therapy for subjects with NPVH using
learned features from the raw accelerometer signal. A supervised classification
scheme is used for sustained vowels used in laboratory settings. Instead of using
a classic machine learning algorithm, this experiment uses transfer learning, a
technique used in deep learning to improve classification algorithms by using a
pre-trained set of deep convolutional neural networks (CNN) from a large database
of images [182].

Training a deep CNN from scratch is computationally expensive and requires
a large amount of training data. In various applications, a sufficient amount of
training data is not available, and synthesizing new realistic training examples are
not feasible. In these cases, leveraging existing neural networks that have been
trained on large data sets for conceptually similar tasks is desirable. This lever-
aging of existing neural networks is called transfer learning [183]. This technique
has found success in different applications of data mining and machine learning

[184, 185, 186] and it is especially useful when training data is limited.
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The goal of this section is to assess the classification performance using ad-
vanced deep learning algorithms for the task of NPVH classification before and
after therapy. It is hypothesized that classification performance will improve sub-
stantially due to the state-of-the-art algorithm, at the expenses of features that

are harder to interpret in the context of vocal function.

5.3.1 Methods

GoogLeNet [187] is a deep CNN originally designed and pre-trained to classify
images in 1000 categories. We reuse the network architecture of the CNN to clas-
sify accelerometer signals based on images from the time-frequency representation
of the time series data. Due to the computational cost of training a CNN, the data
is limited to vowels /a/ and /i/ from comfortable, loud, and soft conditions from
each subject. There are 9 NPVH subjects and we compare pre-therapy vs. post-
therapy using those tokens. Figures 5.13 to 5.18 show the example of sustained
vowels /a/ and /i/ in three different conditions (soft, comfortable, and loud). All
of these represent the same subject, where the top panel is the ACC signal pre-
therapy and the bottom panel corresponds to post-therapy. The morphology of
the ACC signals are different between vowels and conditions. Moreover, there are
differences between pre and post therapy for the same condition. In the examples
from figures 5.13-5.18, there are clear differences in amplitude for all conditions,

in addition to changes in the shape of the waveforms.
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Figure 5.13: In Lab example of 50 ms ACC signal for subject PF023 in comfortable /a/

vowel for pre-therapy (top) and post-therapy (bottom).
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Figure 5.15: In Lab example of 50 ms ACC signal for subject PF023 in loud /a/ vowel

for pre-therapy (top) and post-therapy (bottom).
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Figure 5.16: In Lab example of 50 ms ACC signal for subject PF023 in comfortable /i/

vowel for pre-therapy (top) and post-therapy (bottom).
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for pre-therapy (top) and post-therapy (bottom).
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Figure 5.18: In Lab example of 50 ms ACC signal for subject PF023 in loud /i/ vowel
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Scalogram: Spectrogram of wavelets

The input to CNNs are 2-D images represented by 3-D matrices represent-
ing height, width, and RGB code (for color images). Since the ACC data is
1-dimensional, one approach is to transform the 50 ms signal in a time-frequency
representation in order to obtain an image (2-dimensional). An option could be
to use spectrograms from Short-Time Fourier Transforms (STFT), however, such
approach fails to capture sudden frequency changes and transients that might oc-
cur in a non-stationary ACC signal. In contrast, the Wavelet Transform (WT) is
of particular interest for non-stationary signals because it utilizes short windows
at high frequencies and long windows at low frequencies (in contrast to STEFT
which uses a single analysis window) [188]. In this exercise we use a continuous

wavelet transform (CWT) [189], which is defined as:

Wyt s) = /_OO Lo (T - t)x(T)dT (5.7)

o0

where x(t) is the signal of interest and ¢*() is the conjugate of the wavelet (also
called the “mother” wavelet). s is the scale parameter which is inversely pro-
portional to the frequency, and n = 1/2 is a scale normalization as a set of
projections. CW'T supports good time-frequency resolution, specially for instan-
taneous changes in frequency and localizing transients in non-stationary signals
[189]. A discretized version of the CWT is necessary to be implemented in a
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computational environment. Specifically, the scale parameter s is discretized as
a fractional power of 2, ie., s = 2//¥ where v is an integer greater than one
and j = 1,2,3,---. The parameter v is referred as “voices per octave” [189].

Therefore, the resulting discretized mother wavelets for the CWT are:
1 n—m
Ww< 2i/v ) (5:8)

where m is a non-negative integer. The parameter v is referred as the number
of voices per octave because increasing s by an octave (a doubling) requires v
intermediate steps. Common values of v are 10,12,14,16, and 32. The larger the
value of v, the finer the discretization of s, but it also requires higher computation.
A special type of wavelets are desirable for CWT: Analytic wavelets, which are
complex-valued wavelets whose Fourier transform vanish for negative frequencies.

Many analytical wavelets have been proposed, including the Morlet wavelet,
the Cauchy-Klauder-Morse-Paul, Derivative of Gaussian, lognormal or log Gabor,
Shannon, and Bessel wavelets [189, 190]. A wavelet that generalizes all wavelet
types mentioned before is the Morse wavelet [191], which is defined in the fre-

quency domain as:

Vs (w) = / 1/),377(75)6_1‘“’%75 = U(w)agﬁwﬁe_“ﬂ (5.9)
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where ag, is a normalization constant, U(w) is the unit step function, and g and
v are two parameters controlling the wavelet form. The parameter + controls the
symmetry of the wavelet in time through the demodulate skewness [192] and 3,
which is a decay or compactness parameter. A derived parameter P? = v is
the time-bandwidth product, whose square-root, P, is proportional to the wavelet
duration in time. One advantage of generalized Morse wavelets is that different
combinations of its parameters give rise to specific analytic wavelets. For example,
Cauchy wavelets have v = 1 and Bessel wavelets are approximated by § = 8 and
v = 0.25 [193]. Fig 5.19 shows Morse wavelets in the time domain for different
combinations of v and 5. The solid red line corresponds to the real part of the
wavelet, the dashed yellow line to the imaginary part, and the solid blue line to
the modulus. Fig 5.20 corresponds to the frequency response of the wavelets in
Fig 5.19.

A filter bank of wavelets can be constructed, as shown in Fig 5.21, from the
Morse wavelet with v = 3, P = 60 (2nd row, 2nd column from Fig 5.19), which
is going to be the default wavelet used. The pre-computed filter bank allows for
efficiently calculating the continuous wavelet transform (CWT). The ACC signal
is filtered through this filter bank and the square absolute values of the CWT are
used to construct the scalogram, which is the equivalent to a spectrogram, as the

scale parameter s is inversely proportional to the frequency in a spectrogram.
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Transfer learning with CNNNs

A common and highly effective approach to deep learning on relatively small
datasets is to use a pre-trained network. A pre-trained network is a saved network
that was previously trained on a large dataset, typically on a large-scale image
classification task. If this original dataset is large and general enough, then the
spatial hierarchy of features learned by the pre-trained network can effectively act
as a generic model of the visual world, and hence its features can prove useful for
many different computer vision problems, even if these new problems may involve
completely different classes than those of the original task [194]. There are many
available convolutional neural networks (convnet) architectures, usually trained
on the ImageNet dataset (1.4 million labeled images and 1,000 classes [182]). One
of these architectures is the GoogLeNet model [187], which is an state-of-the-art
convnet with 144 layers that is widely used in the computer vision community .

The parameters of the GoogleNet network are optimized to recognize 1000
categories of images, mostly animals, people, food, plants, among others. In this
exercise, the three last layers are modified in order to adapt the task of binary

classification:

1. The layer pool5-drop_7x7_s1 is modified to have a dropout probability of 0.6.

Dropout is a standard technique to avoid overfitting of networks [195].

2. The fully connected layer loss3-classifier replaces the layer with 1000 cate-
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gories from the original Googl.eNet to the number of classes of the current

task, which is two.

3. The classification layer specifies the output classes of the network. This
one is replaced with a new one without classes. During training time, the

network automatically sets the output classes of the layer.

The standard stochastic gradient descent (sgd) method [196] is an optimization
algorithm that updates the network parameters (weights and biases) to minimize
the loss function by taking small steps at each iteration in the direction of the
negative gradient of the loss. Stochastic gradient descent with momentum (sgdm)
[181] it’s the same sgd algorithm but an extra momentum term is added to smooth

the effect of zig-zagging when looking for the optimal solution. It is defined as:

91+1 = 0[ — CYV]E(O[) + ?7(01 - 0171) (510)

where 0, represents the weights and biases of the network at iteration [, « is the
learning rate, and E(6;)+7(6,—6,_1) is the momentum term, where 7 is a number
between 0 < 1 < 1 that controls the importance of the momentum term. eta is
set to 0.9 and « is set to 0.0001, a small number in order to avoid large deviations
from the initial parameter values, that are already optimized to classify images.

There are hyperparameters in the network that affect the speed and accuracy
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of the training and validation model, as well the results of the testing data. These

include:

e Dropout number: The fraction of nodes that are randomly shut down in
a fully connected layer during a pass of the training procedure. The number
goes from 0 to 1, where 0 means the fully connected layer is active, while 1
leaves the layer inactive. Used to avoid overfitting, a higher number number
indicates more protection against overfitting. The following results use a

dropout number of 0.6.

e Learning rate: This parameter is used in the stochastic gradient descent
algorithm, as indicates how fast the algorithm converges to its optimal pa-
rameter values. A large learning rate might find the optimal solution faster,
however, there is a great possibility that instead it overshoots the search of
optimal parameters and it never finds them. On the other hand, a small
learning rate greater than zero will more likely find the optimal solution, at
the expense of a slower training procedure. Since our objective is to find the
optimal solutions with the assumption that GooglLeNet already has optimal
parameters to detect images, from details such as edges and orientation, to
higher image features, a low learning rate is expected. The following results

use a learning rate of 1074,

e Number of epochs: Epochs are the number of training iterations over the
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dataset [30]. The experiments run on 5 epochs, as the training and test are

kept steady afterwards.

e Number of mini-batches: A mini-batch is a subset of the training set
that is used to evaluate the gradient of the loss function and update the

weights. The number of mini-batches is set to 10.

All training was done a graphical process unit (gpu) NVDIA card GeForce

GTX 960M to optimize and speed up the processing task.

5.3.2 Results

Fig 5.24 shows the accuracy for validation and testing set using different voices
per octave (VpO) in each filter bank of Morse wavelets. While the validation set is
stable in accuracy across VpQO, the test set accuracy fluctuates more across VpO,
and the maximum accuracy for the test set is 81.5% using 26 VpO.

There could be an issue with overfitting (i.e., memorization of training data
instead of generalizing to different data) due to the large gap between train-
ing/validation and test accuracy. Methods to avoid overfitting in neural networks
include dropout (already used in the analysis) and L2-regularization [181, 29]

applied to the loss function. It can be defined as:

Er(0) = E(0) + A\Q(w) (5.11)
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network. The top plot indicates the accuracy of the training model (blue line) while the
black line indicates the validation accuracy. The bottom plot indicates the error of the

training (red line) and the validation error (black line).
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Figure 5.24: Accuracy percentage of classification for validation set (blue) and testing

set (PF064, red) for different number of wavelet filters (voices per octave)

where E(0) is the loss function of the network with weight parameters bmé.
The regularization term A\Q(w) contains a regularization factor A and a regular-

ization function dependent on the weight parameters w:

Qw) = ~wlw (5.12)

Similar to the Ll-regularization applied to logistic regression and SVM in
chapter 3, the weight parameters w are penalized to be small values. The bias are
not regularized and, for the following experiments, the factor X\ is applied to all
the weights in the layers of the CNN. Table 5.6 shows classification results using
different A values; all results include a dropout layer and the number of VpO for

the CWT is 26.
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Set A AUC Acc. Sens. Spec. PPV NPV Fscore
Val.
0.0001 0996 0978 0.979 0.978 0.980 0.977  0.979
0.001 0.993 0.955 0.969 0.940 0.946 0.965  0.957
0.01 0.997 0.975 0974 0975 0977 0972  0.976
0.1 0.997 0.976 0970 0.983 0.984 0.968  0.977
Test
0.0001 0.831 0.688 0.341 0.986 0.954 0.635  0.502
0.001 0916 0.835 0.692 0.958 0.933 0.784  0.795
0.01 0.760 0.640 0.264 0.962 0.857 0.604  0.403
0.1 0.811 0.657 0.286 0.976 0.912 0.614  0.435

Table 5.6: Classification performance for subject PF064 using a dropout of 0.7 and

L2-regularization with different values of the hyperparameter A. An increasing value of

A results in higher regularization penalty.

As shown in Table 5.6, L2-improves slightly on top of the dropout layer, if
using A = 0.001. However, there is a dramatic drop in performance when higher
lambdas are used. Surprisingly, the classification performance of the validation set
remained almost the same, independently from the lambda value. The validation

set is used to optimize the parameters of the CNN, which at the same time are
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random images from the training set (not used for training). Therefore, even with
high regularization, the CNN works very well with the training and validation set
due to the large number of layers with optimized parameters for learning multiple
type of images. However, as was the case using simpler learning classifiers, the
test set seems to differ from the training set in terms of optimized parameters.
One detail to notice is the high specificity value compared to the sensitivity for
the testing case. This implies that the classifier is able to detect frames for the
first week more accurate than frames for the second week. A larger analysis is

needed to detect this pattern in more subject tests.

Each layer of a CNN produces a response, or activation, to an input image.
However, there are only a few layers that are suitable for feature extraction. The
layers at the beginning of the network capture basic image features, such as edges
and blobs [30]. To see this, Fig 5.25 shows the network filter weights of the first

layer, for which there are 64 individual sets of weights.

There is the possibility of extracting the activation of different layers of the
network given an image. By examining the activations we can discover what fea-
tures the network learns by comparing areas of activation with the original image.
If we examine the first layer activations for Fig 5.26, which is a 50 ms vowel /a/

(comfortable) from pre-therapy, we obtain Fig 5.27:
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First Convolutional Layer Weights

Figure 5.25: Weights for the first layer in CNN.
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Figure 5.26: Scalogram for the vowel /a/ comfortable condition, pre-therapy, from

subject PF064 (converted to 227x227x3 image as input to the network)

We then compare the scalogram from Fig 5.26 with the strongest activation
channel in Fig 5.27, and find to what channel it corresponds, as shown in Fig 5.28.

Another image will create a different map of activation channels, as the input
scalogram in Fig 5.29

Again, we compare the scalogram from Fig 5.29 with the strongest activation

channel in Fig 5.30, and find to what channel it corresponds, as shown in Fig 5.31.
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NPVH_W1 Activations

Figure 5.27: Channel activations from the first layer using the scalogram from Fig 5.26

as input
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Strongest NPVH_W1 Channel: 33

Figure 5.28: Input image (left) and strongest activation channel from Fig 5.27

Figure 5.29: Scalogram for the vowel /a/ comfortable condition, post-therapy, from

subject PF064 (converted to 227x227x3 image as input to the network)
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NPVH_W2 Activations

Figure 5.30: Channel activations from the first layer using the scalogram from Fig 5.29

as input
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Strongest NPVH_W2 Channel: 33

Figure 5.31: Input image (left) and strongest activation channel from Fig 5.27
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5.3.3 Discussion

This section presented a supervised classification tool, Convolutional Neural
Networks, to classify voiced frames from NPVH subjects with pre and post voice
therapy. It is a first attempt to identify voiced frames in a pre-treatment vs. post-
treatment using only neck-skin acceleration data within a deep learning approach.
The main objective is to identify a network model for every subject that can
classify pre-therapy vs. post-therapy. After a series of experiments using a single
pair of test subjects, the following can be concluded:

1. From the classification tasks, as expected from methods and results from

chapter 3, the variance of the accuracy is large across subjects, thus, only a
subject (pre-therapy vs. post-therapy) is used as test data in the tuning of

features/classifier parameters.

2. By keeping fixed v and g values, a comparison of different voices per octave
showed that the best performance is with wavelets having 26 voices per

octave.

3. There is a tendency to produce overfitting, i.e., there is a large gap between
the validation and test accuracy, even if traditional methods to avoid it (e.g.,

dropout and L2 regularization) are used.

4. Overall accuracy for different test sets might need fine tuning of hyperpa-
rameters.
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It can be concluded that, similar to classical machine learning algorithms, deep
learning could help classify “normal” voiced frames from pathological frames by
tuning correctly training parameters, even though both approaches seem to have
a problem with overfitting data, despite the use of the techniques for its reduc-
tion. Since the problem of this section is different to the problem in chapter 3,
i.e., classification of control/PVH subjects vs. classification of NPVH subjects
pre/post therapy, both approaches could be complementary to the assessment of
voice problems. It is well known that NPVH is a difficult condition to assess due to
the lack of knowledge on its etiology [18]. As it was reported in section 5.1 of this
chapter, the classification of NPVH subjects vs. controls using ambulatory data
does not perform as well as the classification of PVH subjects and controls. Due to
the lack of organic lesion on NPVH subjects, there is no clear explanation to the
causes of the problem, and therefore, there is no clear evidence that features from
glottal aerodynamics are strongly different than controls. The main advantage
of deep learning tools, such as CNN, is the capability to learn high-order com-
plex features from an image. In this case, we used scalograms: time-frequency
representations of filter banks passed through ACC signals of NPVH subjects.
The purpose of this methodology is to extract characteristics of the ACC signal
in different frequency bands with different scale/time dimension, in order to dif-
ferentiate scalograms that are different from pre-therapy vs. post-therapy. Even

though this procedure might require tuning many parameters, in the absence of a
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strong prior for the etiology of NPVH, it is a good first approach to analyze the
ACC signal and understand what are the aspects that are different from other
type of ACC signals.

Future work might involve to optimize wavelet parameters, as well as CNN hy-
perparameters, using a robust optimization algorithm, such as PSO or Bayesian
optimization. Even though there might be a significant improvement, the task of
differentiating salient features from ACC signals in NPVH subjects is a difficult
one, specially in ambulatory settings. As labeling is an issue with this type of
signals, an unsupervised, or semi-supervised approach to identify NPVH patterns
could be a solution this issue. Specifically, analyzing time-series data requires to
look the relationship between neighboring frames and extract useful information
about behavioral patterns. In addition, feedback from the user, such as periodi-
cally updating vocal status, could improve learning algorithms as these status are
soft labels that might give indications to unsupervised algorithms how well the

system is learning.

5.4 Conclusion

The purpose of this chapter was to provide different experiments that attended
aim SA1 (section 5.1 and 5.3 with classification methods using aerodynamic and

non-aerodynamic features) and aim SA2 (section 5.2 with the analysis of uncer-
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tainty of the @) parameters from the IBIF filter). The common ground of these
experiments was the sample size of data, which was small compared to the data
used in chapters 3 and 4. The limited data provides an opportunity to try different
methods and to quickly check if it is worth to continue using the same methods
with larger data.

Section 5.1 aimed to classify ambulatory voice data from NPVH subjects and
controls. It is the first time that aerodynamic measures from NPVH subjects
are analysed in an ambulatory setting. Even though previous results on clinical
aerodynamic voice data with NPVH showed statistical differences from controls,
the accuracy of classification is not strong enough for ambulatory data. Using
the leave-one-out method of classification, some subject pairs performed very well
with the classification, while others performed very poorly. The only acrodynamic
feature that was significant different based on a t-test and was associated to NPVH
as an odd ratio is the 5th percentile of MFDR’. Therefore, the lowest values of
MFDR (normalized by SPL) are statistically higher for NPVH than for healthy
controls. Since MFDR is positively correlated to higher collision forces, NPVH
subjects would have higher MFDR at lower glottal flow, probably at onset or offset
of phonation. The mean of H1-H2 is significant different only when is obtained
using the raw accelerometer signal (without IBIF). However, using IBIF, H1-
H2 is a feature associated to NPVH from the odds ratio. Since H1-H2 from

the accelerometer raw signal is positively correlated to H1-H2 obtained from the
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glottal flow signal [173], the hypothesis from H1 is confirmed as H1-H2 is a spectral
glottal feature associated to NPVH subjects.

Section 5.2 aimed to classify PVH subjects from controls using IBIF with ran-
dom parameters (s extracted from parametric distributions. The goal was to
quantify the error in classification scores by setting the variance of the probability
distributions from which the @) parameters were drawn. Even though the exper-
iments were done with features extracted from reading passages (no ambulatory
data), the phonetically balance of those passages provides assurance that the IBIF
filtered a diverse set of voiced frames. This is important, as the hypothesis of H2
states that the error of () parameters affects the filtering procedure. The produc-
tion of different vowels might be a source of error for a set of () parameters that
were calibrated using a single vowel [127, 150]. After applying 10% of variance
around the mode of nominal () parameters, the classification results using random
() parameters were within an acceptable range of error. This implies that small
variation of () parameters do not affect strongly the classification results. There-
fore, it would not satisfy hypothesis H2, since controlling the variance of those
parameters do not necessarily improve the classification performance. The short-
comings of this experiment is the prior assumption of a parametric distribution
for the ) parameters, which might not be the case in ambulatory scenarios, and
the limited number of subjects for training and testing. Therefore, a larger exper-

iment with ambulatory data could provide more evidence if the prior distribution
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assumption is true.

Section 5.3 provided a different classification task: NPVH subjects with pre-
therapy and post-therapy. This is a hard classification problem as the same sub-
jects are tested for classification. Aerodynamic features classify almost randomly,
therefore, the task in this section was to use advance machine learning algorithms
(e.g., deep learning) to obtain high-level features from a time-frequency represen-
tation of the accelerometer signal. The experiment attends aim SA1 because it is
a classification problem of NPVH subjects using non-aerodynamic features. The
hypothesis H3 states that a deep learning approach will improve classification for
complex tasks such as differentiating pre-therapy vs. post-therapy. Section 5.3
confirms H3 because a classification accuracy of 83% is achieved, similar to the
one obtained for the task of PVH/controls in chapter 3. However, there are some
issues: Overfitting (i.e., high accuracy training vs. a low accuracy test level) is a
common problem in deep learning systems. Another issue is to have multiple test
sets to generalize the average accuracy. These issues can be solved by implement-
ing a system that optimizes parameters from the front-end (wavelet transform) to
the back-end (CNN) in sequential steps. In conclusion, there is room for improve-
ment to these technique, as it has been successful in other medical areas, such as

electrocardiogram classification [197, 198, 199].
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Chapter 6

Conclusion and future work

The work presented here summarizes a comprehensive analysis on ambulatory
voice data using an accelerometer attached to the neck-skin of subjects. The
analysis covered classification of subjects with Phonotraumatic vocal hyperfunc-
tion (PVH, e.g., nodules and polyps on the vocal folds) and Non-Phonotraumatic
vocal hyperfunction (NPVH, e.g., non-organic functional disorder) during ambu-
latory settings and in laboratory conditions. The main purpose of chapter 3 was
to differentiate ambulatory data from subjects with pathologies vs. healthy con-
trols by using aerodynamic features from the glottal flow. The main hypothesis
is that glottal features, such as AC-flow and MFDR, are more salient in subjects
with PVH due to the obstruction of airflow through the glottis from the organic
lesions, which results in higher subglottal pressure, and therefore, higher glot-
tal airflow, in order to maintain a certain sound pressure level at the lips. The
organic lesions also might induce to higher collision forces, which is reflected indi-

rectly in higher MFDR. Previous work has shown significant differences between

171



PVH and healthy controls when glottal aerodynamic features are obtained under
laboratory conditions. This thesis provides advances on the analysis of salient
aerodynamic features for a large group of PVH and control subjects during ambu-
latory recording of voice function. These features improved on previously reported
classification tasks using machine learning. Statistical significant features using
summary statistics show that minimum and median measures of AC-flow have sig-
nificant differences between PVH and control subjects. These are not normalized
by SPL, which implies that PVH subjects had higher values in absolute AC-flow
than controls in the minimum and median range. These results agree with previ-
ous results [6, 12], even though in the ambulatory case these are not normalized
by SPL. However, there are not significant differences in SPL between PVH and
controls in the ambulatory data [75], therefore normalization would not affect the
results overall. Moreover, differences between the acoustic and ACC estimated
SPL [130] might affected more robust estimations of normalized values of AC-
flow and MFDR. Spectra-based features that were significant different in these
summary statistics include the kurtosis and minimum value of H1-H2, and the
kurtosis of HRF. These measures are related to voice quality, as a higher spectral
slope represents the type of a breathy voice, while a lower spectral slope represents
a pressed type of voice. Kurtosis is related to the tails of the distribution [200]:
Higher values of kurtosis imply higher number of outliers within the distribution,

and to some extent, how “peaky” the distribution is. Therefore, HI-H2 and HRF
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have a higher number of outliers in the PVH population than the control, which is
a sign that PVH subjects had more moments of extreme values for these measures
that are related in voice quality. The analysis of odds ratio from logistic regres-
sion models associate a number of features to the PVH and control group. As
expected, amplitude-based features such as AC-flow (standard deviation, skew-
ness) and MFDR (5th and 95th percentile) are associated to the PVH group in
48 training. Another measure related to AC-flow, MFDR and f, (NAQ mean)
was highly associated to PVH subjects. However, the most associated feature
(highest odd ratio) with PVH was the 95th percentile of H1-H2, which, as men-
tioned before, is a strong indicator of voice quality. The variance of the odds ratio
for this feature was the highest, which is an indication that subjects with PVH
manifest quite differently H1-H2. It explains the statistically significant difference
of kurtosis between PVH and controls for the analysis of summary statistics. In
conclusion, chapter 3 confirmed hypothesis 1 (H1) with respect to the high pre-
diction value of amplitude-based glottal features for the assessment of PVH. An
unexpected result was the high prediction value of spectral features, specifically
H1-H2, for PVH subjects. The hypothesis of H1 was that spectral features would
be more associated to NPVH than PVH due to their relationship to voice quality.
However, it seems that H1-H2 it is an important feature associated to dysphonia
in general. Further studies should be directed on robust estimations of the glottal

flow to verify the same results, as well as to study segments of the day to quantify
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glottal features as a function of changes in voice quality.

Chapter 4 aimed to establish a different approach to the estimation of the
glottal flow using neck-skin acceleration. The IBIF is a deterministic filter that
doesn’t take into account uncertainties and errors that might appear in the ac-
celeration signal. The proposed method is to use the IBIF model as a forward
filter, i.e., to use the transfer function of the neck-skin to calculate acceleration
(output) from the GVV (input). This framework allows to use the inverse IBIF
as an observation model in a Kalman filter, where the observation signal is the
measured neck-skin acceleration, while the states of the filter are the present and
past estimations of the GVV signal. In this case, the KF is a Moving Average
filter. The goal is to estimate those states in time and select one state that best
estimates the GVV signal. Beside white noise, other colored inputs to the KF were
tested as well, all based on parametric models of the glottal waveform. Comparing
waveforms from the IBIF and KF to the ground-truth GVV (obtained from an
OVV signal), the KF signal it was similar to IBIF or closer to the GVV filtered
from the OVV. This suggest that KF is able to follow better the ground-truth
GVV than IBIF. In an ambulatory setting, the KF and IBIF were calculated for
48 pair of PVH-control subjects and the RMSE for each 50 ms frame was cal-
culated. Frames with an error lower than 10% were selected for classification.
However, there was no improvement over random frames selected for classifica-

tion. Therefore, lowering the deviance between the IBIF and KF did not improve
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classification results, and hypothesis H2 is rejected. Further improvements to the
state-space model of the neck-skin might incorporate state uncertainty that can
be useful for analysis of the error incorporated in the IBIF filter. Future work
could be related to the exploration of other applications that can further benefit
from the Kalman filter enhancement when estimating glottal airflow and to reduce
its computational expense.

Chapter 5 is a collection of different experiments aimed to the assessment
of VH. The study of section 5.1 has the same framework as chapter 3 and aim
(SA1), except that NPVH subjects (with controls) are used for classification with
aerodynamic and non-aerodynamic features. Different machine learning classi-
fiers yielded similar results for both cases. Aerodynamic features provided excel-
lent results for some test pairs, while others resulted in very poor performance.
Non-aerodynamic features provided mixed results with almost random guessing.
Therefore, aerodynamic features are promising indicators of NPVH for some sub-
jects, but a larger number of test data is needed to establish a good confidence on
the results. Since spectral features were associated to NPVH subjects, hypothesis
H1 was partially confirmed.

The work on section 5.2 aimed to analyze the uncertainty of () parameters from
the IBIF filter and its relationship to classification performance on PVH/control
subjects. The data was limited to 4 pair of subjects reading an Spanish passage,

phonetically balanced similar to The Rainbow passage. Under prior assumption
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of distributions for the ) parameters, a 10% of variance around the mode of the
distribution resulted in different GVV waveforms, from which glottal features were
extracted and used for classification. The error in the performance metrics were
within an acceptable range for which the conclusion was that small perturbations
to the () parameters did not affect significantly the metric scores of classification.
Therefore, hypothesis H2 is partially rejected as IBIF parameters are robust under
controlled perturbations, so lowering the error on the IBIF estimation would not
affect substantially the classification results.

Section 5.3 had the analysis of time-frequency signals (CWT) from the raw
accelerometer signal from subjects with NPVH: pre-therapy and post-therapy. A
deep learning framework (CNNs) provided a robust tool for classification using
only vowels at different intensities. The system is able to learn training images
in a short time with high accuracy, however, there is a gap of more than 15% of
accuracy with testing sets, which is a clear evidence of overfitting. Standard tools
to avoid overfitting, such as L2-regularization and Dropout, help to a certain limit.
As a preliminary study, this section described a system that has good results on
classification of pre-therapy vs. post-therapy, and it can be improved further by
incorporating more data that shows the transients and dynamics of the neck-skin
accelerometer signal. Moreover, an optimization procedure of the hyperparame-
ters and incorporating CAPE-V scores to the classes (pre-post therapy) could be

also an improvement to the classification task.

176



The results of this thesis provide a solid framework for future work related
to ambulatory analysis, classification, and clustering of voice pathologies, specifi-
cally VH. There are some areas of improvement that can be developed next. For
example, the analysis of 50 ms frames could be a limitation, since transients and
dynamics of the accelerometer waveform could provide useful information on how
VH develops through time. In that case, the continuous wavelet transform would
be an excellent choice as a tool of feature extraction due to the time-frequency
components that can capture. Therefore, variable length analysis windows can be
used with the tools developed in this thesis. Another useful incorporation would
be soft labels, i.e., subjective info such as self-perceptual scores from the patients
during their ambulatory recordings. These scores could aid a semi-supervised clas-
sification/clustering algorithm to detect modes during the day on how the patient
feels about his/her voice. These different modes can be connected to find patterns
during the day/week a provide insights on how the cycle of VH develops through
time. If numerical models of the vocal folds are incorporated in the ambulatory
assessment of VH, through subject-specific modeling for prediction of modes with
objective data from measurements of the accelerometer, the likelihood of better

VH assessment and outcome treatment could improve significantly.
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