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Abstract

The evaluation of voice quality is an essential part of the

treatment and rehabilitation of head and neck cancer. The

aim of the current study was to develop multi-parametric

acoustic models for the assessment of breathiness and rough-

ness, respectively.

96 concatenated voice samples of connected speech and

sustained vowels were perceptually judged for breathiness

and roughness by two speech-language pathologists from the

Netherlands Cancer Institute. The same voice samples were

acoustically analyzed. Stepwise linear regression yielded a

three-variable acoustic model for breathiness, and a two-variable

acoustic model for roughness. Strong correlations were found

between the models and the auditory-perceptual ratings of

both breathiness and roughness.
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1 Introduction

1.1 Head and Neck Cancer and its Effect on Voice

Quality

Voicing in speech is generated from the vibration of the vocal folds

caused by the interaction of the high velocity and low pressure when

air passes through, commonly referred to as the Bernoulli effect.

Cancers of the head and neck, which amount to 65000 new cases on

average per year globally (Chow, 2020), can have an impact on the

quality of voice.

When the cancer is located on the vocal folds, the neoplasm will

increase the mass of the vocal folds, and the tumor bulk and tis-

sue invasion will result in a pair of vocal folds that are mismatched

structurally and bio-mechanically. The leading edge of the affected

vocal fold typically becomes irregular and sometimes displaced. The

lesions can also cause stiffness which results in a local or more gener-

alized loss of mobility and inconsistent vibratory patterns. Addition-

ally, the lesion can promote diplophonia, either by direct extension,

reactive inflammation, and/or fibrosis. The lack of glottal closure

due to vocal fold apposition would cause unwanted air leakage during

phonation (Orlikoff & Kraus, 1996; Ford & Connor, 2000). Another

possible effect is abnormal activation of supraglottic muscles (Ford

& Connor, 2000). In Agarwal et al. (2009), grade 31 breathiness was

observed in 86% of the patients before treatment, and was persis-

tent in 54% of the patients after radiotherapy; grade 3 hoarseness

was 24% before and 16% after radiotherapy. Interviews with one of

1The subjective assessment carried out in Agarwal et al. (2009) uses a three-
point scale, with Grade 1 being the closest to unaffected voice quality.
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the practicing Speech-Language Pathologists at the Department of

Head and Neck Oncology and Surgery of The Netherlands Cancer

Institute also indicate that roughness and breathiness are the two

most common voice changes among individuals with head and neck

cancer both before and after the treatment.

Common options for the treatment of pharyngeal and hypopha-

ryngeal carcinoma are CO2 laser surgery, radiotherapy, and chemother-

apy (Balm, 2014). A combination of more than one modalities might

be used at more advanced stages (Tan, Stoker, & Smeele, 2014).

Treatment for head and neck cancer can change the voice quality

both for the better and for the worse (Orlikoff & Kraus, 1996), de-

pending on the severity of dysphonia prior to treatment (Starmer,

Tippett, & Webster, 2008; Verdonck-De Leeuw et al., 1999).

Table 1 is Orlikoff and Kraus (1996)’s summary of the effect of

laryngeal radiation used in cancer treatment. Orlikoff and Kraus

(1996) also points out that radiation is known to be damaging to

both salivary and mucous glands. They predict that the dehydra-

tion of vocal folds caused by radiation could consequently lead to

epithelial changes that make them vibrate irregularly. This was in-

deed confirmed by Roh, Kim, and Kim (2006) where the researchers

induced xerostomia as well as reductions in resting and stimulated

whole salivary flow rates in healthy individuals by administering

glycopyrrolate, and compared the vocal function of the xerostomic

group to a control group by acoustic, aerodynamic, and laryngostro-

boscopic measurements, and concluded that vocal function can be

affected by xerostomia. However, another study by Roh, Kim, and

Cho (2005) found that the mean salivary flow rate in limited radio-

therapy patients did not differ significantly from the control group,
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and that the decrease was most severe in the wide-field radiother-

apy group. Certain chemotherapy agents are also said to have simi-

lar dehydration effects (Orlikoff & Kraus, 1996; Collins, McDonald,

Stanley, Donovan, & Bonebrake, 1993).

Muscle atrophy Loss of muscle bulk

Fibrosis Formation of a diffuse and disorganized matrix of
fibrous connective tissue within the muscle and lamina
propria of the mucosa

Telangiectasis Dilation of blood vessels, associated with engorgement
(hyperemia) and inflammatory redness (erythema)

Keratosis Formation of a scaly or plaque-like layer of keratin not
ordinarily found in vocal-fold epithelium

Reineke’s edema Effusion and buildup of fluid in the superficial lamina
propria, just beneath the surface epithelium

Table 1: Possible effects of laryngeal radiation used in cancer treat-
ment (Orlikoff & Kraus, 1996)

Voice quality after laser excision is generally believed to be heav-

ily dependent on the amount of tissue resected (Vilaseca et al., 2008),

and the depth of the resection (Starmer et al., 2008).

A randomized trial conducted in Finland (Aaltonen et al., 2014)

reported similar overall dysphonic severity after radiotherapy and

laser surgery in male patients with early laryngeal carcinoma (T1aN0M0),

but with laser surgery resulting in higher breathiness and a wider

glottal gap. In Rydell, Schalén, Fex, and Elner (1995), the radio-
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therapy group also had better results both in acoustic and per-

ceptual assessments, as compared to the laser cordectomy group.

Similarly, Krengli et al. (2004) reports better results in acoustic

measurements in the irradiated patient group than those undergone

laser surgery. Loughran, Calder, MacGregor, Carding, and MacKen-

zie (2005) found no significant difference between the laser exci-

sion and the radiotherapy group in any perceptual measurements. A

meta-analysis conducted by Lee, Hong, Kim, and Hong (2019) found

no significant difference between the perceptual evaluation of voice

quality after laser surgery compared to radiotherapy for early-stage

glottic cancer, although the assessments by acoustic measurements

were better in patients that underwent radiotherapy.

In short, head and neck cancer, as well as its treatment, could

affect phonation in several ways: the shape and texture of the vocal

folds, the proper closure of vocal folds, hydration of epithelial tissues,

and muscle control.

Acoustically, the incomplete closure of vocal folds, which conse-

quently leads to the leakage of unphonated air, increases the com-

ponent of noise and decreases the harmonics-to-noise ratio (HNR)

(Agarwal et al., 2009). It is also reported that such increased trans-

glottic airflow mainly results in turbulent noises in high frequencies

(Carrara-de Angelis, Feher, Barros, Nishimoto, & Kowalski, 2003).

Additionally, irregular vibrations of the vocal folds may also lead to

perturbations in voicing.

It is also worth noting that the variation of voice quality between

individuals is high even given the same tumor type and treatment, as

there are other factors such as muscle usage, habits of vocalization,

gastroesophageal reflux, and other, psychological and emotional, fac-
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tors (Morrison, 1997).

2 Voice Quality Measurement

Voice quality has been studied since at least as early as Roman times.

Cicero considered the practice of one’s voice as an essential part for

the training of an orator (Cicero, 55 B.C./1976, Lib. i. §156). Terms

such as “harshness”, “cracked”, and “clearness” have been used to

describe voice quality by Austin in Chironomia (Austin, 1806, p.33).

The European Laryngological Society (ELS) recommends five

key components of clinical voice evaluation: perception, videostro-

boscopy, acoustics, aerodynamics, and subjective rating by the pa-

tient (Dejonckere et al., 2001).

The evaluation methods for voice quality can be roughly divided

into two general categories: the subjective and the objective. Objec-

tive methods further include instrumental and acoustic analysis.

2.1 Subjective Measurements

Some of the most commonly used subjective measurement scales are:

the Consensus Auditory-Perceptual Evaluation of Voice (CAPE-V)

(Kempster, Gerratt, Abbott, Barkmeier-Kraemer, & Hillman, 2009),

the Grade-Roughness-Breathiness-Asthenia-Strain Scale (GRBAS)

(Hirano, 1981), and the Roughness-Breathiness-Hoarseness (RBH)

scheme (Nawka, Anders, & Wendler, 1994).

The GRBAS evaluates voice quality in five dimensions, namely,

Grade, Roughness, Breathiness, Asthenia, and Strain, each on a four-

point scale (Hirano, 1981). Carding, Wilson, MacKenzie, and Deary
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(2009)’s overview article concluded that the GRBAS has the best

reliability when compared with the CAPE-V, the Buffalo Voice Pro-

file, and Vocal Profile Analysis. The GRBAS does not have require-

ments for the types of stimulus needed for evaluation, but previous

research suggests that, at normal loudness level, inter-rater reliabil-

ity is higher when the SLPs were provided with read text than when

the stimuli came from sustained vowels (Bele, 2005). The GRBAS is

the only perceptual scale used in the Netherlands, where the current

study is conducted.

The CAPE-V is developed by Kempster et al. (2009) as a clin-

ical and research protocol to promote standardized evaluation and

documentation of auditory-perceptual assessment of abnormal vocal

quality. The CAPE-V specifies the tasks and stimuli used for the

evaluation process. Three tasks are involved for the speaker: vowel

prolongation, text reading, and conversational speech. Three cor-

ner vowels are elicited at a steady pitch for the prolonged vowel

samples. A set of specifically designed sentences targeting different

features are used for stimuli for the read speech task. Conversa-

tional speech is prompted by asking the patient to describe their

voice problems to the evaluator. This part is deemed the most cru-

cial of the three tasks in the CAPE-V and is expected to be assessed

throughout the evaluation session. Six aspects are evaluated in the

CAPE-V, each on a 100 mm visual analog scale: Overall Severity,

Roughness, Breathiness, Strain, Pitch, and Loudness. Besides the six

aspects, two unlabeled scales are also included for the clinician to

document additional features such as nasality, spasm, tremor, inter-

mittent aphonia, falsetto, glottal fry, or weakness (Kempster et al.,

2009). Solomon, Helou, and Stojadinovic (2011) shows that speech-
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language therapists rated severity, roughness, breathiness, as well as

strain all at a lower rating when in a laboratory setting compared

to a clinical setting, when using the CAPE-V scale in both settings.

The RBH index, suggested by Nawka et al. (1994), is a shortened

version of the GRBAS scale, where the overall severity is represented

by Hoarseness (H, similar to the G dimension in GRBAS), and are

comprised of Roughness (R) and Breathiness (B). The RBH is es-

pecially used in Germany, and has been criticized to be more reli-

able interrater-wise for male voices than for female voices (Koreman,

Pützer, & Just, 2004).

In clinical settings, speech-language pathologists also take into

account the patient’s self-reported perceptual impression of their

own voice by using e.g. the voice-related quality-of-life questionnaire

(VRQoL) (Hogikyan & Sethuraman, 1999), and/or the Voice Hand-

icap Index (Jacobson et al., 1997).

Overall, such perceptual rating scales are useful but not flawless.

Given that the perceptual ratings are essentially the listener’s

subjective response to the objective acoustic signal, the perceptual

rating can be said to be a function of both the listener and the

signal. As such, perceptual scales also need to accurately model the

behavior of the listeners. According to Kreiman and Gerratt (1998),

multi-dimensional perceptual scales imply a set of assumptions for

the measurements to be meaningfully compared between voices and

listeners.

First, such scales assume that listeners’ general impression of

voice quality can be separated into distinct aspects such as breath-

iness and roughness. Additionally, paradigms such as the GRBAS

also require listeners to be able to selectively attend to individual
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dimensions of voice quality. Finally, all perceptual scales are built

on the assumption that the scales are constant across voices and

listeners, as if voice quality can be treated as a characteristic of the

voices themselves instead of the subjective reaction they evoke in

listeners2 (Kreiman & Gerratt, 2000a).

There have also been criticisms of the terms in perceptual scales

not being well-defined. In the appendix of Kreiman and Gerratt

(2000a), the authors listed nine different definitions for the perceived

quality of “breathiness” by scholars from 1986 to 1995 and eight dif-

ferent definitions for the perceived quality of “roughness” in studies

from 1981 to 1995.

Empirical evidence of between-listener variability exists. Studies

have also shown that listener’s expectations may affect their judg-

ment of voice quality (Ghio, Révis, Merienne, & Giovanni, 2013).

Apart from the effect of listener-blindedness, other factors could

also affect the validity of perceptual rating scales for voice qual-

ity. Kreiman and Gerratt (1998) analyzed data from seven studies,

and results show that for the “moderately pathologic” range, more

than 60%, and up to 78%, of the variances in subjective ratings

can be caused by factors other than the de facto difference in the

quality of the voice being rated. In Rammage, Peppard, and Bless

(1992), expert listeners (each with a minimum of 7 years experience

as a voice clinician) were trained before the perceptual rating, and

yet still, the listeners agreed well on the overall dysphonic severity,

but not on separate dimensions. Interviews with the speech-language

pathologists at the NKI confirm that in diagnoses, speech-language

pathologists focus more on the overall severity of dysphonia than sin-

2More on inter-rater reliability in §4.3.1.
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gle aspects such as whether a voice is more rough or more breathy.

Kreiman, Gerratt, and Ito (2007) identified four factors that ac-

count for the variability in perceptual measurements: instability of

listeners’ memory standards for levels of a certain quality, ability

to isolate single dimensions in a complex context (most important),

measurement scale resolution, and the magnitude of the attribute

being measured.

2.2 Instrumental Measurements

Instrumental measurements only rely on the input signal and are not

observer-dependent, hence provide high test-retest reliability. While

the test-retest reliability of instrumental measurements is high, the

validity of instrumental measurement scales (i.e. the extent to which

the parameters measure what they are intended to measure) is not

guaranteed, which leads to the motivation of the current study: to

search for reliable instrumental measurements for particular voice

traits.

Instrumental measurements include aerodynamics, stroboscopy,

and acoustic measurements.

2.2.1 Aerodynamic measurements

Pulmonary phonation is powered by the air filled in the lungs above

the resting expiratory tidal range (Hixon, Goldman, & Mead, 1973).

Therefore, the airflow, air pressure, as well as volumes of air all

play a role in the variation of the quality of phonation. The study

of aerodynamics of voice production, therefore, can provide insights

into an individual’s voice quality.
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Direct measurement of air volume requires the use of mouthpieces

or face masks, which usually interferes with speech production. Due

to the relatively little restriction of the vocal tract during vowel

production, direct measures of glottal airflow rate are commonly

estimated from oral airflow rate during vowel phonation. However,

this restricts the samples collected to be sustained vowels, which does

not fully represent daily conversational speech, besides involving the

use of mouthpieces and face masks. Direct measurement of subglottal

air pressure usually requires invasive procedures such as the insertion

of a hypodermic needle or a thin catheter (Hillmen & Kobler, 2000).

Such assessment is also dependent on fundamental frequency and

type of speech task. There is currently no normative data for aero-

dynamic measures that is universally accepted or applied in clinical

work (Ziethe, Patel, Kunduk, Eysholdt, & Graf, 2011).

2.2.2 Laryngeal Stroboscopy

Laryngeal stroboscopy involves a strobe light controlled to flash at

the frequency at which the patient’s vocal folds vibrate. Multiple

snapshots per glottal cycle are then captured and combined into a

simulated slow-motion view of the vocal fold vibration.

The technique provides a direct look at the articulatory factors

that contribute to the timbre of a voice, such as the exact way in

which the vocal fold mucosa moves and the way glottal closure takes

place. This is helpful when investigating why a specific voice does

not have desired characteristics, as it provides morphological and

biomechanical information about the speaker (Cranen & de Jong,

2000).
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In reality, jitter is always present in speech, making it difficult to

determine the rate at which to capture the image, which may result

in an inaccurate reconstruction of the vibration cycle. Besides the

probable inaccuracy, glottal leakage is difficult to measure by laryn-

gostroboscopy. In addition, endostroboscopy is an invasive procedure

that requires anesthesia, and may lead to unnecessary bleeding or

infection and further worsen the voice quality of the individual un-

dergoing the procedure.

More importantly, laryngeal stroboscopy alone is not enough to

make diagnostic decisions. More sources of information are needed

even before the stroboscopy to determine which details deserve spe-

cial attention as well as to interpret the images.

2.3 Acoustic Measurements

The methods of acoustic measurements are appealing because they

are not intrusive in nature. So far, there is not a consensus about

a standard set of parameters to use for the acoustic measurement

of voice quality, nor is there sufficient psychoacoustic evidence. Not

even the type of voice samples to collect and process has been agreed

upon.

Moreover, the mechanisms in articulation that lead to the per-

ception of roughness and breathiness are complex, making it difficult

to precisely prescribe a set of acoustic measurements for such voice

characteristics.

2.3.1 The Acoustics of Breathiness and Roughness

Breathiness:
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The majority of research on the acoustics of breathiness is based

on languages in which breathiness is phonemic, instead of the type

of breathiness that is caused by anatomical changes.

According to Stevens (2000, p.87), the incomplete glottal closure

in breathy phonation allows a path for airflow, which then lessens

the abruptness of the cessation of the airflow during the closing

phase, causing a smoother transition into a steady airflow between

the approximation and parting of the vocal folds. This leads to a

smaller negative peak if one were to plot out the derivative of the

airflow volume velocity (i.e. the prototypical amplitude time wave-

form). Consequently, a source spectrum of the incomplete closure

condition would be weaker in the higher (> 2000 Hz) frequencies.

The source spectra of breathy phonation are also more sinusoidal

than that of non-breathy phonation in general (Klatt & Klatt, 1990;

Hillenbrand & Houde, 1996)3. Hillenbrand, Cleveland, and Erick-

son (1994) state that “rounding” a signal to a sinusoid results in a

higher relative amplitude in the first harmonic. Evidence from sev-

eral languages confirms that breathier speech indeed have higher

amplitude in the first harmonic and weaker energy in upper har-

monics, e.g. in Jalapa Mazatec (Garellek & Keating, 2011; Blanken-

ship, 2002), Tagalog (Blankenship, 2002), !Xóõ (Ladefoged, 1983),

Newar4(Ladefoged, 2003), and Zapotec (Ladefoged, 2003). It should

also be mentioned that higher amplitude in the first harmonic is not

always the most salient perceptual cue for breathiness. For instance,

3Ladefoged (2003, p.172) points out that this is not always true supraglotally,
and that the airflow might be so turbulent in very breathy voices that the wave-
form might end up more like random noise with no regular vocal fold movements.
More details in the following paragraphs.

4In breathy nasals.

12



Klatt and Klatt (1990) showed that perceptual judgment of breathi-

ness is more correlated with aspiration noise than with first harmonic

amplitude, and that the amount of change in the amplitude of the

first harmonic that is needed to effect a change in the perceptual

classification between “breathy” and “clear” greatly exceeded the

actual H1 difference measured from speech data.

The combination of the two characteristics above (i.e., the in-

crease of the amplitude in H1 and the decrease of amplitude in the

higher harmonics caused by the less sharp glottal pulses) would

in theory indicate a steeper spectral slope subglotally. However,

note that breathy voices also have more turbulence and noise ex-

citation especially above 2000 Hz, which raises the energy in the

higher frequencies and flattens the slope. Therefore, the eventual

spectral slope is not necessarily steeper in breathy voices compared

to modal voices. In fact, observations from Ladefoged (1983) show

that breathy vowels have “a less falling spectrum” in !Xóõ. Findings

from the literature about spectral slope and spectral tilt in breathy

voices are also mixed. Another reason for the mixed results in spec-

tral slopes, as pointed out by Ladefoged (2003), is that there are

other factors that also contribute to the relative amplitude of har-

monics and the spectral slope. Such factors include vowel quality

(e.g., distance between formants), pitch, and stress. The relation-

ship between spectral slope and breathiness is also shown to differ

depending on which part of the utterance is being measured as well

as the gender of the speaker (Garellek & Keating, 2011; Klatt &

Klatt, 1990).

In terms of additive noise and periodicity, the periodicity mea-

surements in Hillenbrand et al. (1994) explained approximately 80%
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of the variance in perceived breathiness5. Klich (1982, p.574) con-

cluded in the literature review that “the excessive fricative noise

produced in the larynx and superimposed on the laryngeal tone”

is the primary distinguishing characteristic of breathy vowels. Peri-

odicity in breathy voice is difficult to quantify especially when the

vowels are not especially prolonged or produced at a steady funda-

mental frequency (Ladefoged, 1983). Periodicity measures also differ

depending on the type of stimuli. For example, the stressed vowels

with a high fundamental frequency tend to have perfectly periodic

spectra in Klatt and Klatt (1990), even for the most breathy speak-

ers. Nonetheless, the aspiration noise in F3 region is one of the only

two statistically significant acoustic correlates for breathiness among

a total of ten being tested by Klatt and Klatt (1990).

Roughness:

Roughness in pathological voices is a more complicated mecha-

nism compared to breathiness. The term “roughness” is used to de-

scribe multiple types of disordered phonation. For instance, Imaizumi

(1986, p.458) listed seven types of voices that have been defined as

”rough” in the literature. Among the seven, the definitions of rough-

ness can be roughly divided into two subcategories: the existence of

additive noise, and irregularities in periodicities. From experiments

conducted in Imaizumi (1986), three types of roughness were found:

voices that are partially modulated, voices with very low fundamen-

tal frequencies and rich harmonics hence have a deeper modulation

in the amplitude envelope, and voices that “consist of an alternating

repetition of two segments”.

5Though not all measured by perturbation.
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Zwicker and Fastl (1990) explained the psychoacoustics of rough-

ness by manipulating the amplitude and frequency modulations in

a 1000 Hz pure tone. They found a number of acoustic dependen-

cies of roughness. Namely, for amplitude modulation, the degree of

modulation6 and the modulation frequency determine the roughness

level; for frequency modulation, the level of roughness in sensation is

determined by the width of critical band-rate deviation and modula-

tion frequency. More specifically, in amplitude modulation, the sen-

sation of roughness increases as the degree of modulation increases

up to 1. In terms of the modulation frequency in amplitude modu-

lation, the sensation of roughness increases as the modulation fre-

quency increases, reaches a maximum roughness (depending on the

center frequency of the signal7), then decreases as the modulation

frequency increases. When the modulation is frequency modulation,

the resulted roughness is much larger than that from amplitude mod-

ulation in general. The relationship between modulation frequency

and sensation of roughness in frequency modulation is similar to that

in amplitude modulation (for a 1k Hz tone, the maximum perceived

roughness is reached at 70 Hz in both amplitude modulation and fre-

quency modulation). Relating this to human hearing, Zwicker and

Fastl (1990, p.234) concluded that since the perception of roughness

is influenced by the frequency resolution and temporal resolution of

the human hearing system, in the sense that human ears are only

able to process “changes in excitation level or in specific loudness at

all places along the critical-band rate scale”, the model for rough-

6See Gaudernack (1934, p.820-822) for a detailed definition of the degree of
modulation.

7The frequency at which maximum roughness is reached increases as the
center frequency increases.
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ness should be based on the differences made in excitation levels. In

such a model, roughness is a function of modulation frequency and

temporal masking depth. Zwicker and Fastl also note that when the

sensation of roughness decreases after reaching a peak as modulation

frequency increases, the perception becomes “hearing three audible

tones”. Vassilakis (2005, p.121) explains this by likening the hear-

ing process to a frequency analysis performed by the ear: when the

rate of the amplitude fluctuation in the perceived signal is smaller

than the critical bandwidth (i.e. the bandwidth of the hypothetical

analysis filters), the ear perceives the signal as a single tone with ei-

ther fluctuation in loudness or with roughness; when the fluctuation

rate is larger than the critical bandwidth, then the ear will be able to

analyze the signal as a combination of multiple pitches. To put it an-

other way, the perception of roughness can be psycho-physiologically

explained as the auditory system being unable to resolve the frequen-

cies whose differences are smaller than the frequency resolution of

the basilar membrane.

This is probably the reason why diplophonia is considered by

clinicians as a subtype of roughness as well as a symptom of laryngeal

pathology (Ward, Sanders, Goldman, & Moore, 1969). Diplophonia

is often found in patients with asymmetry in their vocal folds (Wong,

Ito, Cox, & Titze, 1991; Moore, 1976). The asymmetry can be that

of texture, shape, length, tension, stiffness, mass, and so forth.

Acoustically, diplohonic voices would have subharmonic series

like those present in creaky voice8 (Klatt & Klatt, 1990; Cavalli &

Hirson, 1999). Some researchers even consider the presence of sub-

8Although, Dejonckere and Lebacq (1983) warns that diplophonia “must be
distinguished from vocal fry”.
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harmonics to be the prerequisite for the perception of diplophonia9

(Dejonckere & Lebacq, 1983; Wong et al., 1991), although there is

no consensus on the exact structure of said subharmonics. Cavalli

and Hirson (1999) studied the acoustic correlates to the perception

of diplophonia, and found that diplophonia is related to “all MVDP

measures10 except number of subharmonics” even when only con-

sidering “the presence of two distinctive pitches” as diplophonia.

However, this lack of correlation between perceived diplophonia and

number of subharmonics as measured by MVDP could also be due

to the lack of accuracy in MVDP’s measurement of subharmonics,

since the same study also found a low correlation between the num-

ber of subharmonics observed spectrographically and the number

of subharmonics as measured by MVDP. Cavalli and Hirson (1999)

eventually concluded that subharmonics are “neither necessary nor

sufficient to perceive double voice”.

Theoretically, diplophonia would also correlate with higher jitter

and shimmer measurements. But the acoustic measurement of jitter

and shimmer measurements in diplophonia is likely to be unreliable

depending on different pitch tracking algorithms.

2.3.2 Types of Stimuli

Voice quality evaluations made from sustained vowels and that made

from running speech do not correspond well (Barsties v. Latoszek,

9Caveat: the definition of diplophonia seems to differ between researchers.
Some only consider the presence of more than one distinct pitches as diplopho-
nia (e.g., Dejonckere & Lebacq, 1983), while others include other subtypes of
pathological roughness into diplophonia.

10Namely, number of subharmonics, jitter, shimmer, relative average pertur-
bation, and amplitude perturbation quotient.
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Ulozaitė-Stanienė, Petrauskas, Uloza, & Maryn, 2019, p.184), and

there has been a protracted controversy in whether to use sustained

vowels or connected speech as voice samples to measure voice quality.

On the one hand, sustained vowels can be extracted in a more

“controlled” environment for measuring purposes, and are relatively

free from speaker idiosyncrasies. Sustained vowels are also more ap-

propriate to be used for perturbation measures, as perturbation mea-

sures are essentially cycle-to-cycle variations, and such between-cycle

variations can only be theoretically meaningful if they are measured

from sustained vowels.

On the other hand, not all patients can sustain a vowel for the

length required for perturbation measures. More importantly, what

voice quality judgments are based on in real life is connected speech

rather than sustained vowels. Moreover, connected speech contains

cues such as rapid voice onsets and termination, F0 and amplitude

variation, speaking rate, as well as voice breaks (Parsa & Jamieson,

2001), all of which may contribute to the perception of vocal quality.

For instance, while most sustained-vowel-based measurements are

made on the steady part of a vowel, which is usually the middle

part, De Krom (1995) found that the acoustic information contained

in the onset of a vowel correlates best with perceived roughness. In

other words, said “idiosyncrasies” that can be easily avoided when

only soliciting sustained vowels may well serve a role in how an

individual’s voice is being perceived in day-to-day life. Therefore,

connected speech samples as stimuli are more ecologically valid for

voice quality judgments. However, with the greater amount of useful

information carried in connected speech, also comes greater difficulty

in measurements (more on this in §2.3.4).
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In general, sustained vowels are used for perturbation measures,

and connected speech is used for spectral/cepstral measures in acous-

tic evaluations11. This is so because perturbation measures can only

be theoretically meaningful when measured from sustained vow-

els, and spectral/cepstral measures don’t necessarily require vowels

hence connected speech can be used.

2.3.3 Perturbation Measures

Perturbation measurement refers to the comparison of cycle-to-cycle

differences in a voice signal. The most common parameters used are

jitter and shimmer. Jitter measures the difference of period length in

neighboring vibration cycles. Shimmer measures the between-cycle

difference of amplitude.

Given the nature of the perturbation measurements, it would

only make sense to apply them on single sustained vowels, and this is

also the case in reality that perturbation measures are rarely applied

to connected speech.

Even when only applied to sustained vowels, some drawbacks

still remain with perturbation measures. Besides sustained vowels

not being sufficiently representative of an individual’s voice quality,

perturbation measures rely heavily on the detection of exact vibra-

tion cycles. In the case of disordered speech, however, the irregularity

in phonation makes it difficult, sometimes hardly possible, to locate

the boundaries of cycles (Awan & Roy, 2005). The pre-treatment

recordings of 32 out of 145 patients (22.06%) in Carding et al. (2004)

could not be assessed with perturbation measures due to this partic-

11Exceptions exist, such as the AVQI.
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ular reason. The substantial portion of patients whose voice cannot

be evaluated using perturbation metrics creates a diagnostic gap in

such methods.

The fact that perturbation measurements require the detection

of periodicity, and that disordered voices typically have substan-

tial aperiodicity, may reduce the reliability of such measurements

as parameters for disordered voices (Halberstam, 2004). Moers et

al. (2012, p.420) also pointed out that the fact that periodic anal-

yses require stable phonation and the lack of stability in phonation

in dysphonia “may be the most probable reason for the pertinent

differences across studies”.

2.3.4 Spectral and Cepstral Measures

Spectral and cepstral measurements12 are not time-based, therefore

using such measures eliminates the issue of the difficulty in deter-

mining cycle boundaries in some disordered voices (Moers et al.,

2012).

Commonly used spectral and cepstral measurements include the

slope of the long-term-average-spectrum (LTAS), the tilt of the LTAS,

as well as cepstral peak prominence (CPP).

The LTAS is the spectra taken at multiple time points (at a par-

ticular sampling rate) averaged across the time axis of the signal.

The slope of the LTAS refers to the difference of energy in lower

frequencies (usually 0 - 1000 Hz) and the energy in the higher fre-

quencies (usually 1000 - 10000 Hz). The tilt of the LTAS is calculated

by first fitting a trendline through the LTAS and then comparing the

12See Figure 8 for an illustration of the relationship between a waveform, a
spectrum, and a cepstrum.
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energy difference between the lower and higher frequency ranges. Ra-

diotherapy and chemotherapy for head and neck cancer both leave

individuals with turbulent noises in higher frequencies (Carrara-de

Angelis et al., 2003). But this does not mean that the LTAS slope is

necessarily flatter in this patient group. As was mentioned in §2.3.1,

there are two opposing factors affecting the slope here, namely the

decreased source harmonics and the increased turbulent noises, and

neither is necessarily always stronger than the other.

Cepstral peak prominence, as the name suggests, is a measure of

the prominence (peakiness) of the cepstral peak. A cepstral peak is

the highest peak in the cepstrum, which is a log power spectrum of

a log power spectrum (Hillenbrand & Houde, 1996). The log spec-

trum of a sound signal is the energy at different frequency bins. The

log spectrum of the above log spectrum then shows the amplitude

by the periods of different components in the signal. The amplitude

at the period of the fundamental frequency would show up as the

most prominent peak in a cepstrum. Therefore, a more prominent

cepstral peak would indicate a more distinguishable harmonic struc-

ture. The prominence of the cepstral peak, defined by Hillenbrand et

al. (1994), is essentially the relative amplitude of the most prominent

peak in the cepstrum. The cepstral peak prominence is calculated

by first fitting a regression line onto the cepstrum, and then calcu-

lating the difference between the actual amplitude of the peak and

the amplitude of the peak as predicted by the regression.

Hillenbrand et al. (1994) also proposed a modification to the CPP

that noticeably improves the prediction accuracy: the smoothed cep-

stral peak prominence (CPPS). The smoothing in CPPS refers to the

averaging between adjacent time frames and the averaging between
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quefrency frames. More specifically, each cepstrum is first replaced

with the mean of several cepstral frames to its left and several cep-

stral frames to its right on the time axis. Then each cepstral mag-

nitude is replaced by a running average of the magnitude of several

quefrency bins to its left and several quefrency bins to its right.

CPPS explained 96% and 92% of the variance in breathiness in sus-

tained vowels and connected speech respectively in Hillenbrand and

Houde (1996) even without having to filter for voicing in connected

speech or to correct errors in pitch tracking. Halberstam (2004) pro-

vided evidence that CPPS is a more valid parameter for overall voice

quality than perturbation measures when used on speech samples

that are concatenations of a sustained vowel and some connected

speech.

2.3.5 Objective Multi-parametric Scales

Since, as can be seen from the previous subsections, voice quality

does not have a single perfect acoustic correlate, an accurate objec-

tive acoustic measurement for voice quality are likely to be multi-

parametric. The two most often used objective multi-parametric

scales that currently exist are the Acoustic Voice Quality Index

(AVQI) (Maryn, Corthals, Van Cauwenberge, Roy, & De Bodt, 2010)13

and the Cepstral Spectral Index of Dysphonia (Awan, Roy, & Dromey,

2009). Both scales have been confirmed to have high accuracy and

reliability. The AVQI has even been validated in multiple languages.

However, one could argue that even though AVQI “works in prac-

tice”, it does not make perfect theoretical sense in some details. For

13See §4.2 for a more elaborate description of the AVQI.
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instance, perturbation measurements in the AVQI are made on a

concatenation that includes samples of connected speech.

Further, multi-parametric objective scales for specific dimensions

of voice quality (such as breathiness and roughness) barely exist. To

the best knowledge of the current author, the only existing dimension-

specific multi-parametric scale is the Acoustic Breathiness Index

(Barsties v. Latoszek, Maryn, Gerrits, & De Bodt, 2017) for the B

(Breathiness) dimension in the GRBAS scale. Similar to the AVQI,

the ABI uses a concatenation of a sustained vowel and a phonetically

balanced sentence as input. Acoustic measurements in the ABI in-

clude CPPS, jitter, shimmer, glottal-to-noise excitation ratio, high-

frequency noise, period standard deviation, and H1-H2 difference.

The present study aims to find acoustic models for breathiness14

and roughness respectively, and base the input on more ecologically

valid measurements.

3 Perceptual Experiment

3.1 Voice Samples

Forty-five participants with relatively high Acoustic Voice Quality

Index (AVQI) scores15 were selected from a group of laryngeal can-

14The breathiness model in the current study differs from the ABI in the sense
that we aim to find multi-parametric models similar to the AVQI for different
dimensions so that both a general score as well as dimension-specific scores can
be produced from the same set of measurements.

15Higher AVQI scores indicate worse overall voice quality. See §4.2 for a de-
scription of the AVQI.
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cer patients consisting of 78 men and 15 women16, all of whom had

laryngeal carcinoma (stage CIS-T2N0M0) and were treated for glot-

tic, supraglottic, or subglottic tumors with laser surgery or radiation

therapy. The AVQI scores ranged from 1.32 to 8.63, with a mean of

4.40, representing a clinical population with comparatively severe

dysphonia.

Samples of connected speech were selected from the existing

recordings of the aforementioned patients reading a content-neutral

text in Dutch (80 dappere fietsers “80 brave cyclists”). A total of

100 samples were selected, each with a length of 5 seconds. The

speech samples were randomized, to avoid the effect of the listener’s

expectation on the ratings, as previous research (Ghio et al., 2013)

has shown that the SLPs’ knowledge of whether a speaker is in the

pre-treatment or post-treatment period affected their judgment of

the speaker’s voice quality.

3.2 Perceptual Ratings of Breathiness and Rough-

ness

Two expert listeners (practicing speech-language pathologists at the

Department of Head and Neck Oncology and Surgery of The Nether-

lands Cancer Institute) participated in the listening experiment. The

listening experiment was conducted in an interactive interface writ-

ten with and hosted on Akoúste (Van Son, 2020), where the listener

is presented with two visual analog scales, one for breathiness and

another for roughness, together with a button to play the voice sam-

16Due to the confidentiality of patient data, the exact gender ratio of the
selected patients (i.e., whose recordings were used in the perceptual experiment)
was not available to the current author.
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ple, and the instruction “The speakers might have voice problems.

Please evaluate the roughness and breathiness of the voice”. Figure 1

is a screenshot of the user interface of the listening experiment. The

listeners can listen to each recording multiple times by repeatedly

clicking on the “Speech” button, if they so choose.

Figure 1: The user interface of the listening experiment, courtesy of
Van Son (2020)

Four stimuli17 served as practice items and the ratings of these

were not included in the final results. The visual analog scale, instead

of other equal-appearing interval scales such as the Likert scale, was

17which were the last four stimuli in the list before randomization in reverse
order.
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adopted in order to allow for a more differentiated evaluation18.

The visual analog scale in the current study is labeled as “Very”

on the left end, and “Not at all” on the right end. The perceptual

ratings from the visual analog scale were converted into numbers

between 0 and 1000 (inclusive) for statistical analysis, with the lower

numbers reflecting more severe voice problems on each dimension.

The speech-language pathologists graded the roughness and breath-

iness of each voice sample according to the GRBAS scale (Hirano,

1981), where roughness is defined as representing “a psycho-acoustic

impression of the irregularity of vocal fold vibrations” which “cor-

responds to the irregular fluctuations in the fundamental frequency

and/or the amplitude of the glottal source sound” (ibid. p.83), and

breathiness is defined as “a psycho-acoustic impression of the ex-

tent of air leakage through the glottis” that is “related to turbu-

lence”(ibid. p.83).

3.3 Statistical Analyses

Statistical analyses were done for two purposes, using R (R Core

Team, 2020): one being to find out the correlation between breathi-

ness and roughness ratings, in order to process the data for further

analyses; another being to determine the between-evaluator effect of

each of the two targeted voice quality dimensions.

18Wuyts, De Bodt, and Van de Heyning (1999) claims that visual analog scales
would result in higher disagreement between raters compared to equal-appearing
interval rating scales. However, it could be argued that the high agreement from
equal-appearing interval scales could be a result of binning scores into fewer
categories, which causes a loss of accuracy. The decision was made to use Visual
Analog Scales in the present study due to the assumption that listeners perceive
voice qualities on a continuum rather than in intervals (Bele, 2005) and for the
purpose of finer judgment and more accurate statistical analysis.
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3.3.1 Between-Dimension Correlations

To check the correlation between the roughness and breathiness rat-

ings, the breathiness and roughness scores were standardized to z-

scores. The z-scores of the roughness rating per speech sample be-

tween the listeners were then averaged. The same is done for the

breathiness ratings. Linear regression was then run on the mean

breathiness z-scores against the mean roughness z-scores.

Interviews with the speech-language pathologists at The Nether-

lands Cancer Institute, as well as the literature (e.g., Shrivastav,

Eddins, & Anand, 2012), indicate that roughness and breathiness

usually co-present and co-vary. This is borne out by our data.

Figure 2 shows the correlation between the roughness and breath-

iness ratings, after standardization. The solid blue line represents

the linear regression slope, and the shaded area indicates the 95%

confidence interval.
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Figure 2: Correlation of the standardized roughness rating and
breathiness rating of each speech sample. Blue solid line: linear re-
gression slope; shaded area: 95% confidence interval.

To de-correlated the breathiness and roughness ratings so that

the two are statistically orthogonal to each other, a linear regres-

sion model is first fitted on the z-scores of the two variables. Then

the fitted value of each breathiness z-score as predicted by the cor-

responding roughness z-score was extracted and subsequently sub-

tracted from the original z-scores of each breathiness rating, gen-

erating a new decorrelated z-score for breathiness. Figure 3 shows

the result of decorrelation between the z-scores of breathiness and

roughness. The resulting Decorrelated Breathiness will be used in

the analyses in subsequent analyses (§3.3.2 and §4.2.2).
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Figure 3: Correlation of the average z-scores of each speaker’s rough-
ness ratings and decorrelated-breathiness ratings. Solid blue line:
linear regression slope; shaded area: 95% confidence interval.

3.3.2 Between-Evaluator Effect

Figures 4 shows the distribution of scores between two dimensions

within each listener, and Figure 5 shows the comparison of scores

between evaluators within each dimension. The plots show a slight

bias against the mid-point (where score = 500), especially in SLP1.

This might be due to the default position of the selection point on

the scale in the GUI of the perceptual experiment.

Two models were built to assess the between-evaluator effects,

one for roughness, and another for breathiness. One linear regres-

sion model was run on the perceptual ratings, with the perceptual

scores for roughness as the dependent variable, and evaluator as the

predictor, while assigning a random slope for each speaker. Corre-
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spondingly, the linear regression model for the between-evaluator

effect in breathiness uses breathiness ratings as the dependent vari-

able, and the evaluator as the predictor, also assigning a random

slope for each speaker.

Figure 4: Within-listener comparison of the distribution of scores
across dimensions

Figure 6a shows the breathiness scores that the two listeners

gave to each speech sample. Scores from the two listeners are plot-

ted against each other, with the red dotted line (slope = 1) indicating

an ideal one-to-one correspondence between the two listeners where

they rated each token exactly the same score. The blue solid line

shows the regression slope through the actual data. Figure 6b shows

the correlation between the roughness ratings given by the two lis-

teners, with the dotted line indicating the ideal correlation and the

solid line as the actual regression.
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Figure 5: Within-dimension comparison of the distribution of scores
across SLPs

The breathiness ratings between two speech-language patholo-

gists were not significantly different (assigning a slope to each Pa-

tient, t = 1.11).

The agreement on roughness ratings between the two speech-

language pathologists who participated was less ideal compared to

that of the breathiness ratings. This is in accordance with the trend

in the literature. The roughness ratings between evaluators were

significantly different (assigning each Patient a slope, t = - 3.02).
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(a) Inter-rater agreement of breathiness
ratings

(b) Inter-rater agreement of roughness
ratings

Figure 6: Inter-rater agreement of breathiness and roughness

4 Acoustic Analyses

4.1 Patient Sample and Recordings

The same patient population was selected for the acoustic exper-

iment, which consisted of 45 laryngeal carcinoma patients (stage

CIS-T2N0M0) who underwent laser surgery or radiation therapy for

glottic, supraglottic, or subglottic tumors. The participants are all

severely dysphonic in at least one of the three samples collected from

each of them.

Existing recordings of the patients were used for the acoustic

analyses. The recordings were made at three time points, namely,

pre-treatment, six months after treatment, and 12 months after

treatment. The speech samples were recorded in the speech-language

pathologists’ office during the patients’ visits. Both sustained vow-

els and connected speech were recorded during each session. For

sustained vowels, the patients were asked to produce three corner
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vowels (/a:/, /i:/, and /u:/) and sustain them for at least 3 seconds.

For connected speech, each patient was recorded reading a standard

text in Dutch (80 dappere fietsers “80 brave cyclists”) of about 150

words, during each visit. A total of 104 recordings were available.

4.2 Methods

Acoustic measurements were implemented through Praat (Boersma

& Weenink, 2020), using the Acoustic Voice Quality Index (AVQI)

model (Maryn et al., 2010), adding in the measurement for jitter

(local) measured on the sustained vowels19.

The AVQI is a multi-parametric objective model that measures

overall voice quality, with both high sensitivity and high specificity

for multiple languages (Barsties v. Latoszek et al., 2019). The specific

weight assigned to each variable in the regression formula for the

AVQI score is as follows: AVQI = [(3.295 − (0.111 ∗ CPPS) − (0.073

∗ HNR) − (0.213 ∗ Shimmer) + (2.789 ∗ ShdB) − (0.032 ∗ Slope) +

(0.077 ∗ Tilt)) ∗ 2.208] + 1.797, according to Maryn et al. (2010)20.

Figure 7 shows an example of a report generated by the AVQI (with

jitter value added in the upper right corner) from one of the voice

samples that was included in the current study. The voice sample in

Figure 7 has an AVQI score of 4.38, which is representative of the

sub-population sampled in the current study (where mean AVQI =

19The measurement of jitter is one of the established acoustic parameters
commonly used to measure perturbation, and was initially included in Maryn et
al. (2010) for model selection, but did not end up in the final model of the AVQI.
Jitter is included in the current study because it is one of the acoustic parameters
routinely used in clinical practice to assess vocal function and monitor patient
progress over the course of therapy

20The version of AVQI used in the current study is v.2.03.
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4.40).

Figure 7: A sample report generated from the AVQI, with jitter
(local) value added

4.2.1 Data Sampling and Processing

The sampling and processing of the acoustic data is described below.

For sustained vowels, three seconds of recording per patient was

selected from one of the sustained vowels they produced during each

of their visits to the speech-language pathologists. The vowel from
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which the recording was sampled was usually /a:/, and the sampled

part is usually the mid-section of the vowel. In cases where no vowels

were successfully sustained for longer than three seconds, the steady

sections of two vowels were selected and concatenated.

For connected speech, four consecutive seconds of recording was

selected from each of the text recordings of each patient made at

each of their visits to the speech-language pathologists. The selected

segments were usually from the beginning sentences of the record-

ings.

The two types of recordings from each speaker at each time point

were then concatenated, generating one audio file for each patient

at each time point. Table 2 illustrates the selection of recordings21.

21In practice, not all samples in all stages for each patient were present because
of omissions or technical errors. Also, some samples had to be excluded due to
low recording quality.
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Subject ID Time point Files

S1 T1 continuous speech (4 sec) + sustained vowel (3 sec)

T2 continuous speech (4 sec) + sustained vowel (3 sec)

T3 continuous speech (4 sec) + sustained vowel (3 sec)

S2 T1 continuous speech (4 sec) + sustained vowel (3 sec)

T2 continuous speech (4 sec) + sustained vowel (3 sec)

T3 continuous speech (4 sec) + sustained vowel (3 sec)
...

...

S45 T1 continuous speech (4 sec) + sustained vowel (3 sec)

T2 continuous speech (4 sec) + sustained vowel (3 sec)

T3 continuous speech (4 sec) + sustained vowel (3 sec)

Table 2: Selection of Recordings (T1= pre-treatment; T2 = 6 months
post-treatment; T3 = 12 months post-treatment)

Given that continuous speech contains pauses and voiceless seg-

ments, the AVQI model first employs a voicing detection algorithm

to extract the voiced segments from the continuous speech section

of each of the concatenated files. The voicing detection criteria used

in the AVQI model follows Parsa and Jamieson (2001), according to

Maryn et al. (2010), where each 30 ms frame of speech is evaluated

at a time, and it is determined as voiced if it fulfills all three of the

following requirements (Parsa & Jamieson, 2001):

• energy > 30% overall signal energy;

• zero-crossing rate < 1500 Hz;

• normalized autocorrelation peak > 0.3.
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4.2.2 Acoustic Measurements

A total of seven acoustic measurements were made on the con-

catenation of the sustained vowel and the voiced segments in the

connected speech produced by the same speaker at the same time

point in the treatment trajectory. Out of the seven acoustic mea-

sures, three were time-based (namely, Jitter, Shimmer, and ShdB),

two were frequency-based (Slope and Tilt), one was quefrency-based

(Smoothed Cepstral Peak Prominence), and one was a glottal noise

measure (Harmonics-to-noise ratio).

Jitter refers to the cycle-to-cycle variation in frequency in the

same signal, and shimmer refers to the amplitude variance between

cycles in a signal22. Harmonics-to-noise ratio (HNR) is a measure-

ment for harmonicity by quantifying the ratio of additive noise in

a signal (Ferrand, 2002). The Smoothed Cepstral Peak Prominence

(CPPS) is the average prominence of peaks in the cepstra of a signal.

To get a cepstrum (first defined in Borgert, Healy, & Tukey, 1963,

p.213) from a waveform, a Fourier Transform is first performed on

the waveform. This results in a spectrum, in which the signal is

transformed to the frequency domain from the time domain as it

was in the waveform. The product of the magnitude of each fre-

quency component and the complex conjugate of the magnitude is

then divided by the total magnitude, resulting in a power spectrum.

The natural logarithm of the power spectrum is then taken of the

power spectrum. The final step is an inverse Fourier Transform on

the spectrum, the output of which is a cepstrum. The dependent

variable of the cepstrum is now quefrency (first defined by Borgert

22ShdB is shimmer measured in decibels.
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et al., 1963), which can be understood as “the frequency of frequen-

cies”, with the unit being “cycles per cps”, reverting it back into the

time domain (
c

c/s
= s). In other words, a cepstrum is, in essence,

“a spectrum of the spectrum”. Figure 8 shows a flowchart of the

process of getting a cepstrum from a waveform.

Waveform

Fourier Transform Spectrum

Convert to spectral density Power Spectrum

Log-transform the spectral amplitude

Inverse Frourier Transform

Cepstrum

Figure 8: The process of getting a cepstrum from a waveform
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The peak prominence of a cepstrum is calculated by fitting a

trend line over the cepstrum and then getting the difference between

each peak to the trend line. Smoothing is done in two steps according

to Hillenbrand and Houde (1996): in each window, the cepstra are

first smoothed across time, meaning that the frame in the middle of

the window is averaged with its adjacent frames; the second step is

smoothing across quefrency bins. Namely, in each window, the mag-

nitude in the middle quefrency bin is averaged with the magnitudes

in the quefrency bins that are immediately lower and higher to itself.

The benefit of transforming the voice signal into a cepstrum lies

in the fact that the computation of a cepstrum is essentially the

deconvolution (Childers, Skinner, & Kemerait, 1977, p.1429) of the

source spectrum and the filter spectrum. Computing the logarithm

of the spectrum deconvolutes the spectral signal from the product

of the source and the filter to the sum of the two, so that the fast

variation from the source and the slow variation from the filter would

end up landing on the different ends. This in turn makes it easier

to observe the source signal without the influence of the filter. In

the case of voice quality measurement, converting a voice signal to

a cepstrum makes it possible to examine the vibration happening at

the vocal folds without the filtering effect of the vocal tract. This

is especially useful when the stimuli are chunks of connected speech

instead of sustained vowels.

Table 3 summarizes the acoustic metrics used in the present

study.
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Measurement Description Type
CPPS Smoothed Cepstral Peak Prominence Quefrency-based
HNR Harmonics-to-Noise Ratio Glottal noise measure
Jitter Cycle-to-cycle frequency variation Time-based
Shimmer Cycle-to-cycle amplitude variation Time-based
ShdB Shimmer in dB Time-based
Slope Slope of LTAS Frequency-based
Tilt Tilt of trend line fitted on LTAS Frequency-based

Table 3: List of acoustic measurements used

4.3 Statistical Analyses

The present study follows the convention of considering the mean of

the clinicians’ perceptual evaluations of voice quality as the ground

truth upon which other methods are validated (Fritzen, Hammar-

berg, Gauffin, Karlsson, & Sundberg, 1986; Maryn, Roy, De Bodt,

Van Cauwenberge, & Corthals, 2009; Kramer, 2011; Moers et al.,

2012, etc.)

It is worth noting that voice quality is the listener’s perception

of an acoustic signal. The acoustic signal itself does not possess the

qualities. Rather, the perception of certain qualities is evoked in

individual listeners as they hear the signal (Kreiman & Gerratt,

2000a). That is, the quality of a voice is to some extent “in the ears

of the perceiver”. Thus, the perceptual judgment of voice quality is

subjective, and the variance between (and within, although irrelevant

here) listeners is unavoidable.

Therefore, by definition, there is a certain percentage of vari-

ance in the perceptual ratings in the data collected in the present
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study that is caused by between-listener variation in the listening

experiment, hence not explainable by acoustic measures.

4.3.1 The Explainable

Kreiman, Gerratt, Kempster, Erman, and Berke (1993) concluded

that the mapping between physical signals and psychological qual-

ities is not a constant or linear process. Instead, several other fac-

tors, such as the listeners’ individual perceptual habits and biases

(Solomon et al., 2011) , listeners’ overall sensitivity to the quality

being judged, as well as how well the quality is being defined, also

contribute to inter-rater variability of observed voice ratings, even

among highly experienced expert listeners.

With regard to whether listeners can attend to different dimen-

sions of voice quality separately, the answer is still somewhat un-

known. Kreiman and Gerratt (2000b) use a binary classification task

(primarily breathy vs. primarily rough) to investigate whether the

disagreement stems from the validity of scales or the manner in

which the qualities are being measured. Their results show that the

15 expert listeners that participated in the study agreed better when

a voice sample is neither breathy nor rough. Otherwise, the agree-

ment between listeners seem rather random (unanimous agreement

for “primarily rough” = 3/160 voices (1.9%), unanimous agreement

on “primarily breathy” = 5/160 voices (3.1%))23.

23However, it can be argued that the design of Kreiman and Gerratt (2000b)
requires a very high acuity from the listeners, given the high co-occurrence of
the two features in the pathological voices. Listener agreement would be higher
if the stimuli came from e.g. synthesized voice samples (C.f. Hillenbrand, 1988;
Alwan, Bangayan, Gerratt, Kreiman, & Long, 2000) where the breathiness and
roughness were simulated and had more distinction between their respective
severities.
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Comparing the above with the results in §3.3.2, the between-

listener variation in the present perceptual experiment is quite low.

As was shown in §3.3.2, where the Adjusted R2 is 0.023 for

Roughness, and Adjusted R2 is 0.040 for Decorrelated Breathiness,

it can be said that 2.3% of the variance in Roughness, and 4% of the

variance in Decorrelated Breathiness, is caused by between-listener

variations in the perceptual experiment.

Thus, we can calculate the highest percentage in the variance of

Roughness and the variance of Decorrelated Breathiness explainable

by acoustic data (i.e. that is not caused by between-listener varia-

tion): For Roughness, the highest possible percentage explainable

by acoustic measurements = 1 − 2.3% = 97.7%. For Decorrelated

Breathiness, the highest possible percentage explainable by acoustic

measurements = 1 − 4% = 96%.

4.3.2 The Explained

To delineate which factors are the most explanatorily valid for the

two traits (i.e., breathiness and roughness), stepwise model selec-

tions were then performed with the seven acoustic parameters men-

tioned above as potential predictors. Breathiness and decorrelated

roughness were used as the dependent variables, respectively. For

the stepwise model selection, Bayesian Information Criterion (BIC,

Schwarz et al., 1978) was adopted instead of the default Akaike In-

formation Criterion (AIC). The reason for choosing BIC over AIC

is that BIC assigns more importance to specificity over sensitivity

when selecting parameters, as compared to AIC (Dziak, Coffman,

Lanza, Li, & Jermiin, 2020). Consequently, BIC penalizes the com-
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plexity of models more heavily and tends not to include unnecessary

predictors, hence reducing the likelihood of model overfitting, espe-

cially in cases like the current study where the data set is relatively

small.

Roughness

Results show that the most relevant acoustic correlates for roughness

are HNR and Tilt. In the best model selected using BIC, HNR is

positively correlated to perceptual roughness ratings24 (β = 0.08474)

, while the tilt of the LTAS is negatively correlated (β = − 0.15297)

with perceptual roughness ratings (Adjusted R2 = 0.3292). Both

correlations are significant (p < 0.0001 for HNR, and p < 0.05 for

Tilt). The regression formula generated from the model is as follows:

̂meanRoughnessZScore = −2.81821+0.08474∗HNR−0.15297∗Tilt

Figure 9 is a visualization of the roughness model fitted on the per-

ceptual and acoustic data collected in the current study.

24Higher Roughness and Breathiness ratings indicate less severe vocal prob-
lems. See §3.2.
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Figure 9: Correlation of the perceptual ratings of roughness to the
best acoustic predictors for roughness

Figures 10 and 11 show the effect of each predictor separately.

Figure 10: Correlation of HNR to the perceptual ratings of roughness

44



Figure 11: Correlation of spectral tilt to the perceptual ratings of
roughness

Decorrelated Breathiness

According to the stepwise linear regression, the most relevant

predictors for the decorrelated perceptual ratings for breathiness are

CPPS and HNR. CPPS is positively correlated (β = 0.22166) with

the perceptual ratings of breathiness that have been decorrelated

from roughness, while HNR is negatively correlated (β = −0.08569)

with the decorrelated perceptual breathiness ratings. Both correla-

tions are significant (p < 1−9 for CPPS, and p < 0.001 for HNR).

The Adjusted R2 of the model is 0.364. The regression formula gen-

erated from the model is as follows:

̂meanDecorr.BreathinessZScore = −1.19941−0.08569∗HNR+0.22166∗CPPS
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Figure 12 is a visualization of the correlation between CPPS, HNR,

and perceptual ratings for the decorrelated perceptual ratings of

breathiness according to the above model, fitted on the data col-

lected.

Figure 12: Correlation of the best acoustic predictors for the decor-
related Breathiness to the decorrelated perceptual ratings of Breath-
iness

Figures 13 and 14 show the influence of each predictor separately.
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Figure 13: Correlation of HNR to the perceptual ratings of the decor-
related Breathiness

Figure 14: Correlation of Cepstral Peak Prominence (Smoothed) to
the perceptual ratings of the decorrelated Breathiness
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Reconstructed Breathiness

To model the breathiness that is present in reality (albeit cor-

related with roughness) as a dependent variable, I now re-construct

the predictors from the two models above. The mean of the z-scores

of the breathiness ratings made by the two expert listeners (before

decorrelation) was used as the dependent variable. Variables chosen

by the stepwise model selections above (i.e., HNR, tilt, and CPPS)

were included as predictors. The linear regression result shows that

CPPS (p < 1−9, β = 0.25450) is positively correlated with percep-

tual breathiness ratings, while HNR (p < 0.05 , β = − 0.04923) and

Tilt (p < 0.1 , β = − 0.10715) correlate negatively with perceptual

breathiness ratings (adjusted r-squared = 0.5831). The regression

formula generated from the model is as follows:

̂meanBreathinessZScore = − 3.18284

− 0.04923 ∗ HNR + 0.25450 ∗ CPPS

− 0.10715 ∗ Tilt

Figures 15, 16 and 17 show the effect of each predictor separately.
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Figure 15: Correlation of HNR to the perceptual ratings of Breath-
iness

Figure 16: Correlation of Cepstral Peak Prominence to the percep-
tual ratings of Breathiness
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Figure 17: Correlation of Spectral Tilt to the perceptual ratings of
Breathiness

Consider that 2.67% of the variance in the perceptual ratings

for roughness and 4.0% for breathiness is caused by inter-evaluator

variability (see §4.3.1), I calculate below the percentage explained

by the models used.

For roughness, the linear regression has an Adjusted R2 of 0.364.

Combining this with the proportion of the total variance in rough-

ness ratings explainable by acoustics, the variables selected by the

model explains
0.364

1 − 0.023
= 37.26% of the explainable variance. Sim-

ilarly, for breathiness, the variables selected by the model explains
0.583

1 − 0.04
= 60.73% of the variance explainable by acoustics.

Linearity, Normality, and Other Model Assumptions

Given that the statistical analyses were done by using linear re-
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gressions, there is reason to check the assumptions of linear regres-

sion in order to ensure the validity of the results25. To do so, the

data for PerceivedRoughness ∼ HNR + Tilt was passed through a

Box-Cox transformation (Box & Cox, 1964). The same was done for

the data for DecorrelatedBreathiness ∼ HNR + CPPS.

The Box-Cox transformation assumes the relationship between

Y and X is in the form of yλ ∼ x as opposed to y ∼ x, and calculates

the best λ value in such a way that the distribution is normal and

that the model bias induced by heteroscedasticity is minimized. This

prevents the model from becoming overly complex or filled with

spurious interaction effects.

The best λ for the Roughness model is 0.9393 (95% confidence

interval 0.5757..1.3030). For the Decorrelated Breathiness model, the

best λ is 1 (95% confidence interval 0.0758 .. 1.4242). Figures 18a

and 18b are visualizations of the best λ values for both models and

their 95% confidence intervals.

25It is true that human hearing perception is more logarithmic than linear
for frequency and intensity. This is taken care of by measuring relevant values
such as HNR, Slope, and Tilt in dB. The purpose of the current step is to check
whether the relationship between the variables in the data is indeed linear, as
presupposed by all linear regression models.
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(a) Roughness (b) Decorrelated-Breathiness

Figure 18: The best λ and their 95% confidence intervals for the two
models

As the best λs for both models are close to 1, and their respec-

tive 95% confidence intervals both contain 1, it is not necessary to

transform the data, and the relationship is highly likely to be lin-

ear. Further, this serves as additional confirmation that the models

meet the assumptions for linear regression and are unlikely to have

included unnecessary variables or interactions.

5 Discussion

Given that the existing objective measures for voice quality only

give a general score of the overall quality, the current study aimed

to model voice quality multidimensionally, focusing on the aspects of

roughness and breathiness, by using acoustic measurements on both

sustained vowels and continuous speech. Step-wise regressions show
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that the best predictors for roughness are HNR and Tilt, and for

breathinss, the best acoustic predictors are HNR, CPPS, and Tilt.

The currently existing voice quality assessments (e.g. the AVQI)

have some limitations. For one, they only give a general score of

the overall voice quality. The current study aimed to model different

aspects of voice quality separately, specifically, for roughness and

breathiness, as these aspects are most relevant for the target popu-

lation of the study.

Another drawback of the currently existing objective voice qual-

ity measurements is that they rely heavily on sustained vowels and

vowel-specific measurements. The current study took an attempt

to develop models that are more appropriate for connected speech

samples.

The motivations for building such models are as follows. First,

in terms of practicality, not all post-treatment speakers can produce

a sustained vowel of the required length of three seconds for reliable

perturbation measurements. More importantly, sustained vowels are

not what a listener usually bases her judgment of voice quality on in

everyday communication situations. Sustained vowels that are the

same lengths as the samples required by the measurements rarely,

if ever, occur in unscripted speech. Moreover, even if such sustained

vowels do occur in day-to-day speech, sustained vowels alone do not

reflect the vocal characteristics of a speaker. For instance, sustained

vowels do not show the rapid onset or termination in temporal mod-

ulation that would occur in connected speech. Additionally, for the

perturbation measurements to be reliable, a stable part of the sus-

tained vowel needs to be selected to be used as input. However, the

sustained vowels produced by a substantial portion of patients sim-
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ply do not contain a stable part at all. This hence leaves a diagnostic

gap in the population that can be examined by such methods.

The final models found by the current study were able to ex-

plain 38% of the roughness variation, and 60% of the breathiness

variation in the data. One out of the two predictors that best ex-

plain roughness, and two out of three predictors that best explain

breathiness are suited to be used on continuous speech alone. Com-

paratively, among the six variables used in the AVQI, three out of

six are vowel-specific measurements26. However, the fact that the

final models generated by the step-wise regression in the current

study did not select any perturbation measures might have to do

with the input used for the perturbation measurements being not

ideal. Namely, the perturbation measurements used in the current

study were obtained from the AVQI scheme. As was mentioned in

§2.3.2, the input used for perturbation measurements in AVQI is

the concatenation of a sustained vowel and the voiced parts of the

four-second connected speech sample27. The nature of the input thus

makes the perturbation readings difficult to interpret since perturba-

tion measures are theoretically meant to be used on sustained vowels

only. Improvements can be made in future research by making more

accurate and reliable perturbation measurements, should the pur-

pose be to compare the validity of different types of measurements.

As subjective judgment is considered the ground truth for the

acoustic analyses, and although inter-rater variation is taken into

account in the results, inter-rater disagreement is still worth men-

26Even so, those measurements were still made on vowel-speech concatenations
in the AVQI.

27Exception: the measurement for jitter was added to the script by linguists
working at the NKI, and only used the sustained vowel as input. See §4.2.
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tioning. The agreement between the two expert listeners who par-

ticipated in the listening experiment turned out to be higher than

what is reported in the literature. This could be interpreted in either

direction. On the one hand, it could mean that the subjective scores

of the current study are more reliable than average. On the other

hand, it is also possible that the listeners are not diverse enough since

both of the expert listeners work within the same clinic and might

have had similar influences during training. Future research should

recruit more, ideally multi-institutional, expert listeners. Similarly,

the acoustic analyses conducted in the current study were based on

96 speech samples of 45 speakers, all of whom underwent treatment

for laryngeal carcinoma of the same stage. Further research needs to

be done to validate the results on a wider population by including

more speakers and more severities in dysphonia.

Nonetheless, the fact that the between-evaluator agreement is

lower for roughness compared to breathiness is also indicative of the

difference in the complexity of the two perceptual voice qualities.

The aerodynamics involved in breathiness is mostly only the un-

intended excessive aspiration during phonation. Whereas any type

of atypical vibration can cause, and be perceived as, roughness.

Kreiman and Gerratt (2000b) also confirm that the unanimously

agreed “primarily rough” voices in their experiments are acoustically

heterogeneous, while breathy ones are acoustically similar. Given

that laryngeal carcinoma can happen at any location in the larynx

and the treatment can leave a myriad of types of irregularities in the

vocal folds, roughness is bound to present in wider varieties and be

more difficult to model than breathiness.

For the same reason, irregular shaping of the vocal folds can lead
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to both excessive aspiration (due to lack of proper closure) and irreg-

ular vibration at the same time. This explains the high correlation

between breathiness and roughness in this particular patient popu-

lation. However, the high co-occurrence does not mean that the two

qualities are too similar to be distinguished. Breathiness and rough-

ness are different both articulatorily and auditorily. A case in point

would be that whisper phonation and creaky phonation are phone-

mic in many languages (Gujerati, Hausa, Jalapa Mazatec, !Xóõ, to

name a few. See, e.g., Ladefoged, 1983 and Ladefoged & Johnson,

2014 for more examples). Moreover, research has shown that human

listeners can tell apart breathiness and roughness even when the two

features are not phonemic in their native languages (e.g., Kreiman

& Gerratt, 2000b). The high co-occurrence of the breathiness and

roughness is most likely due to their shared origin i.e., the irregu-

lar shaping and atypical texture of the vocal folds after treatment,

rather than any acoustic or auditory resemblance.

6 Conclusion

Stepwise linear regression analyses yielded two acoustic models for

the multiparametric measurement of breathiness and roughness, re-

spectively. The correlation between the estimates made by the breath-

iness model and the auditory-perceptual rating is strong (Adjusted

R2 = 0.583), so is the correlation between the estimates made by

the roughness model and the auditory-perceptual rating (Adjusted

R2 = 0.364).

56



6.1 Strengths

Existing objective measurements for voice quality usually use a con-

catenation of a sustained vowel and some continuous speech as in-

put, and only provide a score for the overall “goodness” of the voice

quality. The current study aimed to give a multidimensional objec-

tive assessment, as opposed to an overall score, for voice quality

in the treatment of laryngeal carcinoma. The end results made im-

provements on the existing objective judgment tools in two aspects:

dimension specificity, and types of measurements. The dimension-

specific ratings generated in the current study give a more compre-

hensive evaluation of the voice, and the improvement made in the

type of measurements lays a foundation for potentially further im-

provement in the ecological validity of objective evaluations of voice

quality.

6.1.1 Dimension Specificity

In terms of dimension specificity, the models generated in the current

study provide scores for two dimensions of voice quality: roughness

and breathiness, instead of one general goodness score. The models

were able to explain 38% of the variation in roughness, and 60% of

the variation in breathiness, with the inter-rater variability taken

into account.

6.1.2 Types of Measurements

In regard to measurement types, none out of the five parameters

that are deemed most explanatorily useful are perturbation mea-

sures. The use of spectral and cepstral type of variables make the
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models more suitable to be used with connected-speech-only inputs,

without having to rely on sustained vowels which do not represent

the vocal characteristics of the speaker, to begin with. Additionally,

using non-perturbation type measurements makes the results more

interpretable when the input includes connected speech, comparing

to what is used in e.g., the AVQI.

This change in the type of measurements hence makes it possible

for future research to explore more on multiparametric-multidimensional

objective measurements that only use connected speech as input, and

hence potentially help widen the population that can be assessed by

multidimensional objective models, as well as increase the ecological

validity of such type of objective evaluations.

6.2 Limitations

6.2.1 Sample Size

The acoustic analysis in the present study was carried out on a

sample size of 45 speakers and 96 voice samples, of which all speakers

have the same type of cancer with similar severity, and all connected

speech samples were in the Dutch language. On the one hand, this

limits the noise in the data and contributes to the reliability of the

results for the target population of this research project. On the

other hand, one obvious improvement that can be made is to validate

the results on a larger-sized sample, on a wider patient population

with more diverse types of voice problems, and in other languages28.

Besides the sample size of the speakers in the acoustic analysis,

28Ladefoged (1983) P. 351 “One person’s voice disorder is another person’s
phoneme.”

58



improvements can also be made in the sample size of the listening

experiment. The present study follows the convention of treating the

subjective judgment of speech-language pathologists as the ground

truth in validating acoustic measures. However, such ground truth

was only collected from two speech-language pathologists who work

at the same institute. Although the agreement between the two ex-

pert listeners is high, a more representative sample of perceptual

judgment can be obtained by e.g., a multi-center study with a wider

range of speech-language pathologists.

6.2.2 Stimuli

Another limitation of the present study concerns the type and qual-

ity of recordings. Aside from the fact that all the recordings were

collected during the patients’ visit to the speech-language pathol-

ogists instead of being recorded in a more ideal setting such as a

sound-proof speech lab, the types of stimuli could also be improved.

The aim of the study is to develop models that can give judg-

ments on specific dimensions while hoping to also end up with mea-

surements that are suitable to be used on connected speech. How-

ever, the data used in the analyses for stepwise regression were mea-

sured on the concatenation of a sustained vowel and several seconds

of read speech. Although it could be argued that having included

sustained vowels in the spectral- and cepstral-based measurements

are unlikely to have had a negative impact on the results, further

research can be done to compare and validate the predictive power

of the non-perturbation type measurements by collecting acoustic

data measured from connected speech alone.
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In the same vein, as was mentioned in §5, some of the perturbation-

type measurements (Shimmer, ShdB) were measured on the con-

catenated voice samples. Although this is based on the extensively

validated and established scheme of the AVQI, the dismissal of per-

turbation measurements in the final models might not have done jus-

tice to the significance of perturbation measurements in measuring

voice quality in general, given that the values were not measured on

what they were intended to be measured from, i.e. sustained vowels

only. Nevertheless, regarding the purpose of the current study, con-

catenated samples consisting of a sustained vowel and voiced parts

of connected speech are closer to the ideal input of connected speech

alone, in terms of the reliability in model selection.
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Kreiman, J., & Gerratt, B. (2000a). Measuring vocal quality. In
R. D. Kent & M. J. Ball (Eds.), Voice quality measurement
(pp. 73–101). San Diego, CA: Singular Publishing.

Kreiman, J., & Gerratt, B. R. (1998). Validity of rating scale mea-
sures of voice quality. The Journal of the Acoustical Society of
America, 104 (3), 1598–1608.

Kreiman, J., & Gerratt, B. R. (2000b). Sources of listener disagree-
ment in voice quality assessment. The Journal of the Acoustical
Society of America, 108 (4), 1867–1876.

Kreiman, J., Gerratt, B. R., & Ito, M. (2007). When and why lis-
teners disagree in voice quality assessment tasks. The Journal
of the Acoustical Society of America, 122 (4), 2354–2364.

Kreiman, J., Gerratt, B. R., Kempster, G. B., Erman, A., & Berke,
G. S. (1993). Perceptual evaluation of voice quality: review, tu-

65



torial, and a framework for future research. Journal of Speech,
Language, and Hearing Research, 36 (1), 21–40.

Krengli, M., Policarpo, M., Manfredda, I., Aluffi, P., Gambaro, G.,
Panella, M., & Pia, F. (2004). Voice quality after treatment
for t1a glottic carcinoma radiotherapy versus laser cordectomy.
Acta oncologica, 43 (3), 284–289.

Ladefoged, P. (1983). The linguistic use of different phonation types.
In B. D & J. Abbs (Eds.), Vocal fold physiology: Contempo-
rary research and clinical issues (p. 351-360). San Diego, CA:
College-Hill Press.

Ladefoged, P. (2003). Phonetic data analysis: An introduction to
fieldwork and instrumental techniques. Wiley-Blackwell.

Ladefoged, P., & Johnson, K. (2014). A course in phonetics. Cengage
learning.

Lee, S. H., Hong, K. H., Kim, J. S., & Hong, Y. T. (2019). Percep-
tual and acoustic outcomes of early-stage glottic cancer after
laser surgery or radiotherapy: a meta-analysis. Clinical and
Experimental Otorhinolaryngology , 12 (3), 241.

Loughran, S., Calder, N., MacGregor, F., Carding, P., & MacKen-
zie, K. (2005). Quality of life and voice following endoscopic
resection or radiotherapy for early glottic cancer. Clinical Oto-
laryngology , 30 (1), 42–47.

Maryn, Y., Corthals, P., Van Cauwenberge, P., Roy, N., & De Bodt,
M. (2010). Toward improved ecological validity in the acoustic
measurement of overall voice quality: combining continuous
speech and sustained vowels. Journal of voice, 24 (5), 540–
555.

Maryn, Y., Roy, N., De Bodt, M., Van Cauwenberge, P., & Corthals,
P. (2009). Acoustic measurement of overall voice quality: a
meta-analysis. The Journal of the Acoustical Society of Amer-
ica, 126 (5), 2619–2634.
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Appendices

A R Script for Perception Experiment

AVQI_ <- read.csv("AVQI_results_new.csv", header =

TRUE)

nrow(AVQI_)

listener1 <- read.csv("Results_SLP1.csv", header =

TRUE , sep = ";")

nrow(listener1)

#Cmd -F "Stimuli/" replaced all with "" before

loading:

listener2 <- read.csv("Results_SLP2.csv", header =

TRUE , sep = ";")

nrow(listener2)

#Removing Speaker1 in AVQI:

library(dplyr)

AVQI <- AVQI_ %>%

filter(!Speaker == "S1")

#Renaming columns (and deleting "Num" to reduce

total row numbers in later steps):

SLP1 <- listener1 %>%

rename(Roughness = Answer1 , Breathiness =

Answer2)%>%

select(-Num)

SLP2 <- listener2 %>%

rename(Roughness = Answer1 , Breathiness =

Answer2)%>%
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select(-Num)

SLP <- rbind(SLP1 ,SLP2)

#Merging the two tables by matching "Speaker"

*and* "T":

library(dplyr)

#Inserting an identifier for each token in the

AVQI measurement results by coombining

‘‘Speaker ’’ and ‘‘T’’:

AVQI$dummy <- paste(AVQI$Speaker , "-", AVQI$T)
glimpse(AVQI)

#Creating an identifier for each token in the

results from listening experiment by combining

‘‘Speaker ’’ and ‘‘T’’:

SLP$token <- paste(SLP$Speaker , "-", SLP$T)
glimpse(SLP)

#merge AVQI results and Listening Experiment

results by matching token identifiers

("left -join" only appends AVQI entries that has

SLP rating correspondents):

library(dplyr)

merged <-left_join(SLP ,AVQI , by = c("token" =

"dummy"))%>%

rename(Speaker = Speaker.x)#%>%

head(merged)

#deleting redundant rows:

table <- merged %>%

select(-A, -T.y, -Z, -Version , -Speaker.y)

table

#writing new table:

write.csv(table , file = "merged.csv")

##linear regression:
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library(lme4)

#setting contrast:

contrast <- cbind(c(0.5, -0.5)) #SLP1 ,SLP2

colnames(contrast) <- c("SubjectSLP1 -SubjectSLP2")

table$Subject <- as.factor(table$Subject)
contrasts(table$Subject) <- contrast

#decorrelating breathiness from roughness:

brfromtable <- lm(Breathiness ~ Roughness , data =

table)

brCorr <- fitted(brfromtable , table$Roughness)
table$BDecorr <- (table$Breathiness - brCorr)

lmerBreathy <- lmer(Breathiness ~ Subject +

(Subject | Speaker), data = table , REML = TRUE ,

na.action = "na.omit")

summary(lmerBreathy)

lmerRough <- lmer(Roughness ~ Subject + (Subject |

Speaker), data = table , REML = TRUE , na.action

= "na.omit")

summary(lmerRough)

B R Script for Acoustic Analysis

## Generating the Files

library(dplyr)

#reading in listening test results:

listener1 <- read.csv("Results_SLP1.csv", header =

TRUE , sep = ";")

listener2 <- read.csv("Results_SLP2.csv", header =

TRUE , sep = ";")
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#renaming the two answers , removing the column

"Num",

#and adding a dummy variable (= speaker + T) as an

identifier for when joining the datasets:

SLP1 <- listener1 %>%

dplyr:: select(-Num) %>%

rename(Roughness = Answer1 , Breathiness =

Answer2)

SLP1$dummy <- paste(SLP1$Speaker , "-", SLP1$T)
nrow(SLP1) #96

SLP2 <- listener2 %>%

rename(Roughness = Answer1 , Breathiness =

Answer2)%>%

dplyr:: select(-Num)

SLP2$dummy <- paste(SLP2$Speaker , "-", SLP2$T)
nrow(SLP2) #96

AVQI <- read.csv("AVQI_results_new.csv")

#also adding an dummy variable (= speaker + T) as

an identifier when joining the dataset to the

SLP table:

AVQI$dummy <- paste(AVQI$Speaker , "-", AVQI$T)

#converting "Jitter" as a numeric value from a

factor (this introduces new NAs):

AVQI$Jitter <- as.numeric(AVQI$Jitter)

#defining the mean and sd of the Brethiness and

Roughness scores:

library(dplyr)

mB1 <- mean(SLP1$Breathiness)#SLP1
sdB1 <- sd(SLP1$Breathiness)#SLP1
mB2 <- mean(SLP2$Breathiness)#SLP2
sdB2 <- sd(SLP2$Breathiness)#SLP2
mR1 <- mean(SLP1$Roughness)#SLP1
sdR1 <- sd(SLP1$Roughness)#SLP1
mR2 <- mean(SLP2$Roughness)#SLP2
sdR2 <- sd(SLP2$Roughness)#SLP2
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#adding a column containing z-values for each SLP

score table:

zSLP1 <- SLP1 %>%

mutate(zBreathy = (Breathiness -mB1)/sdB1 , zRough

= (Roughness -mR1)/sdR1) %>%

select(-A, -Z, -T)

zSLP2 <- SLP2 %>%

mutate(zBreathy = (Breathiness -mB2)/sdB2 , zRough

= (Roughness -mR2)/sdR2) %>%

select(-A, -Z, -T)

#joining the scores from two SLPs , by matching the

dummy identifier , and removing redundant rows

zSLP <- full_join(zSLP1 , zSLP2 , by = "dummy") %>%

select(-Speaker.x, -Speaker.y)

#calculating the mean of z scores for each token

of recording:

zSLP$mzB = rowMeans(zSLP[,c(’zBreathy.x’,

’zBreathy.y’)], na.rm=TRUE)

zSLP$mzR = rowMeans(zSLP[,c(’zRough.x’,

’zRough.y’)], na.rm=TRUE)

zSLP$mR = rowMeans(zSLP[,c(’Roughness.x’,

’Roughness.y’)], na.rm=TRUE)

zSLP$mB = rowMeans(zSLP[,c(’Breathiness.x’,

’Breathiness.y’)], na.rm=TRUE)

#join the two SLP results tables with AVQI by

matching both Speaker and T:

zAVQI_ <-inner_join(AVQI ,zSLP , by = "dummy")

zAVQI <- na.omit(zAVQI_) #removing rows containing

NAs

#write the file for later convenience:

write.csv(zAVQI , "zAVQI.csv")

#zAVQI.csv now has the AVQI data and the SLP

ratings combined and matched ,
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#and with the variables in the right classes

## Stepwise model comparison

#decorrelating breathiness from roughness:

breathyRough <- lm(mzB ~ mzR , data = zAVQI)

mzBCorr <- fitted(breathyRough , zAVQI$mzR)
zAVQI$mzBDecorr <- (zAVQI$mzB - mzBCorr)

#using step to determine the best linear model:

#roughness

zRoughModel.tmp <- lm(mzR ~ CPPS + HNR + Jitter +

Shimmer + ShdB + Slope + Tilt , zAVQI)

#using BIC instead of AIC

zRoughModel <- step(zRoughModel.tmp , k =

log(nrow(zAVQI)))

#breathiness

zBrDecorrModel.tmp <- lm(mzBDecorr ~ CPPS + HNR +

Jitter + Shimmer + ShdB + Slope + Tilt , zAVQI)

#using BIC instead of AIC (by changing k):

zBrDecorrModel <- step(zBrDecorrModel.tmp , k =

log(nrow(zAVQI)))

#summarizing the two models:

summary(zRoughModel)

summary(zBrDecorrModel)

## Generating the output

#running the models:

rough.model <- lm(mzR ~ HNR + Tilt , data = zAVQI)

summary(rough.model)

breathyDecorr.model <- lm(mzBDecorr ~ HNR + CPPS ,

data = zAVQI)

summary(breathyDecorr.model)
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#reconsrtucting de facto breathiness:

#(using "mzB" instead of "mzBDecorr" as the

independent variable here

breathy.model <- lm(mzB ~ HNR + CPPS + Tilt , data

= zAVQI)

summary(breathy.model)

##checking model assumptions

#transforming negative values for Box -Cox:

library(dplyr)

pzAVQI <- zAVQI %>% mutate(

slope = - Slope ,

tilt = - Tilt ,

pmzR = 2 + mzR ,

pmzBDecorr = 2 + mzBDecorr

)

#writing out the model in transformed values

(positive):

p.rough.model <- lm(pmzR ~ HNR + tilt , data =

pzAVQI)

p.breathyDecorr.model <- lm(pmzBDecorr ~ HNR +

CPPS , data = pzAVQI)

library(MASS)

#boxcox for roughness:

bcR = boxcox (p.rough.model , lambda = seq(-3, 3))

#extract best lambda:

best.lamR = bcR$x[which(bcR$y == max(bcR$y))]
best.lamR #=0.9393

#95% conofidence interval

ciR = bcR$x[bcR$y > max(bcR$y) - 1/2 *

qchisq (.95 ,1)]

ciR #=0.5757..1.3030

#boxcox for decorrelated breathiness
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bcB = boxcox (p.breathyDecorr.model , lambda =

seq(-3, 3))

#extract best lambda

best.lamB = bcB$x[which(bcB$y == max(bcB$y))]
best.lamB #=1

ciB = bcB$x[bcB$y > max(bcB$y) - 1/2 *

qchisq (.95 ,1)]

ciB
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