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Abstract

Background: Parkinson’s disease (PD) is a neurodegenerative disorder frequently associated with
hypokinetic dysarthria, including reduced pitch variability that contributes to the perceptual
impression of monotonous speech. Previous acoustic studies have primarily quantified pitch
variability using summary statistics such as FO standard deviation and range. However, these
measures provide limited information about the localized, time-varying dynamics of pitch contours
during natural speech. The present study investigates whether contour-based measures offer
additional insights into pitch variability in parkinsonian speech.

Methods: Speech samples were obtained from the publicly available ParkCeleb corpus, consisting
of spontaneous speech produced by 10 male speakers with PD and 10 control speakers. Traditional
measures of pitch variability (mean FO, FO standard deviation, and pitch range) and contour-based
measures (wiggliness and spaciousness) were extracted and analyzed using linear mixed-effects
models.

Results: Speakers with PD exhibited significantly lower pitch variability than control speakers
across both traditional and contour-based measures, indicating less dispersed pitch distributions,
fewer local contour modulations, and reduced local contour excursions during spontaneous speech.
Contour-based measures were positively associated with traditional measures, but the relationships
differed between wiggliness and spaciousness. Spaciousness demonstrated group-dependent
relationships, suggesting that contour-based measures capture aspects of pitch contour
organization not fully represented by traditional acoustic measures alone. Age was not a significant
predictor of any of the dependent variables.

Conclusion: These findings support the use of contour-based approaches as a complementary
method for characterizing pitch variability in parkinsonian speech and demonstrate the potential
of spontaneous speech analysis for investigating prosodic impairment in Parkinson’s disease.
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1 Introduction
1.1 Parkinson’s disease

Parkinson’s disease (PD) is the second most common neurodegenerative disorder after
Alzheimer’s disease (De Lau & Breteler, 2006; Tysnes & Storstein, 2017; Zhu et al., 2024). Its
prevalence worldwide is still under debate due to differences in diagnostic criteria across regions
and in methodological approaches across epidemiological studies. Nevertheless, it is generally
reported that approximately 1 to 2 individuals per 1000 are affected; the prevalence reached 1%
among the population above 60 years old (Von Campenhausen et al., 2005; Tysnes & Storstein,
2017; Zhu et al., 2024). The most recent statistics indicate that, as of 2021, approximately 11.77
million people around the globe are living with PD (Li et al., 2025; Luo et al., 2025), with
projections suggesting an increase to 25.2 million by 2050 (Su et al., 2025).

This rapid surge is largely attributable to population aging, as PD is positively associated
with increasing age, typically emerging after the age of 65 (Tysnes & Storstein, 2017), with
prevalence peaking between 85 and 95 years (Sapir et al., 2008; Tysnes & Storstein, 2017; Pereira
et al., 2024; Li et al., 2025; Xu et al., 2025). Gender-related differences in PD prevalence have
been reported in several studies (Wooten et al., 2004; Tysnes & Storstein, 2017; Zhu et al., 2024;
Lietal., 2025; Luo et al., 2025), with findings indicating higher prevalence and mortality rates in
males than in females. However, such differences are not consistently observed across all studies
(Zirra et al., 2023; Houle et al., 2024; Pereira et al., 2024). In addition to age and gender, a range
of potential contributing factors, including genetics, geographic location, ethnicity, socioeconomic
status, and lifestyle variables such as smoking, have been investigated (De Lau & Breteler, 2006;
Ben-Shlomo et al., 2024; Pereira et al., 2024). Despite extensive research efforts, no single reliable
predictor of PD has been conclusively identified (De Lau & Breteler, 2006).

Clinically, Parkinson’s disease is characterized by both motor and non-motor symptoms.
Motor symptoms include bradykinesia (i.e., slowness and reduced amplitude of movement),
muscular rigidity, and resting tremor, whereas non-motor symptoms include cognitive decline,
sleep disorder, dementia, attention deficits, and apathy (Greenland & Barker, 2018). Notably, non-
motor symptoms often precede motor manifestations (Kouli et al, 2018). From a
neuropathological perspective, PD involves degeneration of several neurotransmitter systems. In
particular, the progressive loss of dopamine-producing neurons disrupts neural circuits responsible

for initiating and coordinating voluntary movement, giving rise to the characteristic motor



symptoms of the disease. Other affected neurotransmitter systems contribute to non-motor
symptoms, including sleep disturbances, depression, and cognitive impairment (Aarsland et al.,
2017; Mendes-Laureano et al., 2024).

Despite these well-established neuropathological features, definitive diagnosis remains
challenging because the underlying pathological changes cannot be directly confirmed during life.
As a result, a definitive diagnosis can only be established through postmortem examination
(Tysnes & Storstein, 2017). In clinical settings, PD is diagnosed based on an international
diagnostic guideline, namely Movement and Disorder Society (MDS) clinical diagnostic criteria
(Postuma et al., 2015). Following this guideline, diagnosis relies primarily on the presence of
motor symptoms of bradykinesia in combination with either one of the other two major symptoms,
i.e., rigidity and resting tremor (Foltynie et al., 2002; Greenland & Barker, 2018). Non-motor
symptoms such as dementia are sometimes included as supportive criteria, but are less reliable
than motor symptoms as the non-motor symptoms also overlap common symptoms associated
with aging. Other criteria include the Unified Parkinson’s Disease Rating Scale (UPDRS), which
provides standardized assessment of disease severity (Movement Disorder Society Task Force on
Rating Scales for Parkinson’s Disease, 2003; Rusz et al., 2013b).

PD progression is highly heterogeneous, varying in symptom profile, rate of progression,
prognosis, and individual treatment response (Foltynie et al., 2002; Kouli et al., 2018). Within a
10-year period, some patients may remain relatively stable and experience relatively few
complications, while others may undergo more rapid deterioration, including the development of
dementia or mortality (Williams-Gray et al., 2013; Greenland & Barker, 2018). The symptom
progression remains largely irreversible. While primary pharmacological treatments such as
levodopa are effective at alleviating motor symptoms, they cannot prevent the degeneration of
dopaminergic neurons and thus cannot halt disease progression (Paoletti et al., 2019).

1.2 Speech impairment in Parkinson’s disease

Motor impairment in PD extends beyond limb movement to the speech production system.
Bradykinesia, for instance, although commonly observed in limb movements—such as difficulty
fastening buttons, reduced stride length, or delayed initiation of motion—also affects the speech
apparatus. In an early large-scale study of speech impairment in PD, Logemann and colleagues
(1978) analyzed both controlled and conversational speech from 200 individuals with Parkinson’s

disease and found that 89% of participants exhibited vocal tract disorders (Logemann et al., 1978),



observed across domains including laryngeal function, articulation, speech rate, and resonance.
Specific features included reduced loudness, monotone, hoarseness, breathiness, vocal tremor,
abnormally prolonged syllables, and resonance abnormalities such as hypernasality.

Speech disorders associated with Parkinson’s disease are collectively referred to as
hypokinetic dysarthria, which is defined as a motor speech disorder characterized by disruptions
in the planning, initiation, scaling, and coordination of speech movements. Speech impairment is
among the most prevalent symptoms associated with Parkinson’s disease, with hypokinetic
dysarthria affecting a substantial proportion of individuals with PD. Importantly, speech anomalies
may emerge early during the prodromal stage of Parkinson’s disease , in some cases preceding the
onset of more readily recognized motor symptoms affecting the limbs, trunk, or facial expression
(Ramig et al., 2008; Postuma et al., 2012; Rusz et al., 2018; Moreau & Pinto, 2019). There are
cases where an individual may not exhibit clear rigidity or resting tremor, yet still demonstrate
clear signs of hypokinetic dysarthria. As a result, speech has attracted increasing attention not only
as a consequence of PD progression but also as a source of diagnostic biomarkers more sensitive
than the primary markers in the current guidelines (Cao et al., 2025).

Hypokinetic dysarthria is traditionally linked to dysfunction of the basal ganglia, which
affects the regulation of movement amplitude and timing across motor systems. As speech
production requires tightly coordinated activity across respiratory, laryngeal, and articulatory
subsystems, reduced movement and impaired coordination may lead to deficits across multiple
domains of speech production, such as altered breathing patterns (Duffy, 2012), rigidity within the
laryngopharyngeal tract (Greenland & Barker, 2018), or reduced lip and jaw movement (Duffy,
2012; Goémez et al., 2021). On the other hand, speech impairment in PD cannot be explained
exclusively by motor dysfunction. Non-motor factors, including altered sensory processing,
impaired self-monitoring, cognitive decline, and affective changes, may also influence speech
production by affecting speech planning, monitoring, and communicative behavior. The role of
non-motor features of PD (e.g., depression and aging) in shaping speech characteristics has been
highlighted by some researchers (Sapir, 2014; Miller, 2017). One possible non-motor account of
changes in loudness is that individuals with Parkinson’s disease are capable of producing
sufficiently loud speech but may perceive their own vocal intensity differently. As a result, they
may fail to appropriately adjust loudness, leading to speech that is perceived as ‘quieter’ (Miller,

2017).



Hypokinetic dysarthria can be categorized into deficits in phonation, articulation, and
prosody (Darley et al., 1975; Ho et al., 1999; Rusz et al., 2018). Phonatory impairments arise from
compromised quality of voice signal, and may include a harsh breathy voice, voice tremor, and
inability to sustain phonation (Darley et al., 1975; Rusz et al., 2013b). Articulatory impairments
occur at the segmental level, resulting in imprecise production of consonants and vowels,
contributing to the canonical perceptual impression of parkinsonian speech as ‘slurred’. Such
imprecisions can be detected based on acoustic evidence such as altered formant frequencies and
reduced areas of vowel space (Rusz et al., 2018; Mendes-Laureano et al., 2024). Prosodic
impairments are characterized by monopitch (reduced pitch variability), monoloudness (reduced
loudness variability), and frequent pauses (Rusz, 2011; Rusz et al., 2013a; Khaskhoussy & Ayed,
2019).

Historically, the assessment of speech impairment relied largely on perceptual evaluation.
This was particularly true for prosody, where the ‘way of speaking’ was described in
impressionistic terms (Rusz et al., 2018; Cao et al., 2025). As reviewed by Darley et al. (1975),
pathologists and researchers would use labels such as ‘monotonous’, ‘monodynamic’, ‘lacking
downward inflection at sentence offset’ (p. 184), ‘slower’, or ‘fragmented’ (Tjaden & Wilding,
2011; Gravelin & Whitfield, 2019) to describe prosodic impairment (or dysprosody). Such
descriptions are inherently subjective and may vary across listeners and clinical settings, thus
difficult to standardize as diagnostic criteria. Moreover, subtle yet diagnostically relevant changes
in voice can escape the unaided ear, whether of trained health practitioners or untrained family
members (Miller, 2017). Perceptual evaluation of speech is also susceptible to external influences.
For example, the perceived intelligibility of speech can be influenced by the presence of visual
information (Keintz et al., 2007). Another example is that listeners may misinterpret prosodic
variation due to interactions with other prosodic dimensions. For example, variation in intensity
or rhythm may create the perceptual illusion of pitch variability, even when actual pitch movement
is limited (Sidtis & Sidtis, 2003). Additionally, vague and impressionistic descriptions of speech
abnormalities limit the ability to link observable symptoms to underlying physiological
mechanisms, as different causes of impairment may result in only subtle differences in acoustic
realization (Sapir, 2014; Orozco-Arroyave et al., 2016). In response to these limitations,
contemporary approaches to hypokinetic dysarthria assessment incorporate a range of instrumental

and quantitative methods. Acoustic analysis provides direct measurement of speech signals; EMG



(electromyography) measures muscle activity (Gémez et al., 2021); endoscopy and stroboscopy
assess laryngeal function (Perez et al., 1996); functional neuroimaging techniques such as fMRI
capture brain activity (Rektorova et al., 2012). These methods enable more objective and fine-
grained analysis of speech characteristics, providing a way to operationalize pitch variability more
explicitly and allow comparisons across speakers and studies.

1.3 Acoustic studies on pitch variability in Parkinson’s disease

The present study focuses on characteristics of pitch variability, which remains a relatively
underexplored aspect of parkinsonian speech. While prosodic impairment is widely recognized as
a critical component of hypokinetic dysarthria, existing research has focused more on speech rate
and pausing behavior and less on intonational variation (Ackermann & Ziegler, 1991; Rahn III et
al., 2007; Walsh & Smith, 2012; Rusz et al., 2018; Moro-Velazquez et al., 2021; Hovsepyan &
Doss, 2024). Pitch variability is particularly relevant because it reflects dynamic control over
neuromuscular structures and the coordination of multiple speech subsystems during speech
production. Modulating pitch requires fine-grained regulation of vocal fold approximation,
respiratory support, and temporal coordination (Duffy, 2012). Contrasts in pitch height may
become less perceptually salient for individuals with Parkinson’s disease. As a result, speakers
may produce reduced pitch modulation despite retaining the physiological capacity for larger pitch
excursions. An investigation into prosodic production of speakers with PD found that, compared
with control speakers, speakers with PD showed reduced use of FO height to distinguish between
noun phrases and noun compounds, suggesting impaired intonational contrast (Darkins et al., 1988,
p- 321). Such a mechanism also partly explains why people with PD sound apathetic (Miller, 2017).
From a communicative perspective, pitch variation also contributes to emphasis, discourse
structure, affective expression, and conversational engagement. Reduced variability may therefore
affect not only speech production itself but also how speech is perceived during everyday
interaction.

Studies on parkinsonian intonation typically evaluate pitch via three core acoustic metrics:
mean fundamental frequency (mean F0), FO standard deviation (FO SD), and pitch range (Darkins
et al., 1988; Holmes et al., 2000; Skodda et al., 2011; Khaskhoussy & Ayed, 2019; Moro-
Velazquez & Dehak, 2019). An early study found that speakers with PD exhibited higher mean FO
and a narrower FO range than healthy controls during read speech, based on recordings from 17

male speakers with PD (aged 35—73 years) with 17 age-matched control speakers reading the same



passage (Canter, 1963, p. 226). This is one of the first studies to identify pitch as a relevant
dimension of parkinsonian speech. Pitch anomalies have also been shown to vary with disease
progression. Comparison between 30 early-stage, 30 late-stage PD speakers, and 30 control
participants using sustained vowel phonation, scale singing, and monologue production tasks
replicated earlier observations of higher mean FO in male speakers and reduced FO range in female
speakers, with both effects becoming more pronounced in later stages of the disease (Holmes et
al., 2000). More recent work has examined not only overall pitch variability but also its temporal
evolution during speech production. An analysis of read speech from 138 German speakers with
PD (78 male, 60 female) introduced a temporal dimension to FO SD (Skodda et al., 2011). Rather
than calculating a single value per speaker, the study compared FO SD across different sections of
the text, specifically tracking changes from the first to the last sentence. Beyond confirming an
overall reduction in FO SD among speakers with PD, the study reported a significant decrease in
FO SD in the last sentence compared with the first sentence, a difference not observed in the control
speakers (p. 201). In other words, speakers with PD exhibited a progressive reduction in pitch
variability over the course of the reading task, potentially reflecting reduced ability to maintain
dynamic modulation across longer speaking periods.

Despite these findings, several limitations can be identified in the existing literature. One
major limitation concerns the type of speech data used. Much of the research on parkinsonian
speech has relied on data from highly controlled speech tasks, such as sustained vowel phonation
(Holmes et al., 2000), diadochokinetic tests (i.e., fast syllable repetition) (Mendes-Laureano et al.,
2024), and text reading (Canter, 1963; Holmes et al., 2000; Rusz et al., 2018; Mendes-Laureano
et al., 2024). While speech tests provide highly reliable, standardized conditions for clinical
diagnosis, they are inherently limited in their scope for broader prosodic analysis—particularly
pitch variability—due to their structured and constrained nature. Sustained vowels and syllable
repetition lack the complexity necessary for modeling extended pitch contours or natural
intonational patterns. Furthermore, while reading tasks are excellent for isolating baseline speech
mechanics, they may not fully reflect the dynamic, real-time prosodic adjustments required in
everyday communicative contexts. In contrast, spontaneous speech involves greater variability in
linguistic structure, rhythm, and pitch realization, making it more representative of natural speech
production. As a result, findings derived exclusively from structured speech tasks may have limited

generalizability when applied to naturalistic, real-world communication.



A second limitation involves the traditional acoustic characterization of pitch variability.
Previous studies have primarily quantified pitch behavior using mean FO (Canter, 1963; Holmes
et al., 2000; Midi et al., 2008; Tanaka et al., 2011), FO standard deviation (Cao et al., 2025), and
pitch range (Canter, 1963; Holmes et al., 2000). They provide summary statistics of pitch behavior,
while they may not fully capture the temporal dynamics of pitch contours, that is, how pitch
changes over time within an utterance. Attempts to incorporate temporal information remain
relatively limited. One example is provided by Skodda et al. (2011), as cited previously, who
examined changes in FO variability during a reading task by comparing FO SD at different points
within the same speech sample. Such an approach still relies on comparing discrete sampling
points rather than modeling continuous pitch movement throughout an utterance, limiting the
extent to which temporal contour dynamics can be captured. Accounting for time is particularly
important because pitch variability is not solely determined by the magnitude of pitch excursions,
but also by how these excursions are distributed across time. Two speakers may exhibit
comparable pitch ranges or FO SD while producing substantially different pitch contours due to
differences in movement frequency, timing, or contour organization.

1.4 Contour-based measures of pitch variability

Time-sensitive metrics have been proposed to account for temporal structure of pitch
movement. These have been described in the literature as the rate of pitch change (Fairbanks, 1940;
Snidecor, 1951), which is defined by the change of pitch in tones per second, mean absolute slope
(Wang & Qian, 2018), which is the ‘absolute difference between two adjacent pitch points divided
by distance in seconds’, which lacks an explicit definition for pitch points, and steepness of rise
(Kim & Repiso-Puigdelliura, 2021), which is calculated by dividing the difference between tonal
valleys and peaks (semitones) by duration (seconds). While these measures provide
mathematically precise descriptions of local pitch movement, they are the aggregated values over
one analytical unit—usually one sentence or one time of direction change of pitch contour—
rendering these values highly sensitive to micro-level fluctuations and may fail to capture broader
melodic patterns that are perceptually salient (Wehrle, 2023).

A more recent framework, focusing on ‘wiggliness’ and ‘spaciousness’ (henceforth
WigSpac, Wehrle et al., 2018; Wehrle, 2023), aims to balance analytical precision with perceptual
relevance. WigSpac metrics characterize the shape and movement of pitch contours by operating

on stylized pitch tracking. This framework was initially established to characterize the intonation



styles of individuals on the autism spectrum, whose speech is frequently labeled as ‘flat’ and
‘monotonous’ by listeners. Parkinsonian speech can highly benefit from such a framework, given
the shared perceptual descriptors. The advantage of WigSpac is twofold. First, WigSpac
operationalizes analytical units defined by silent pauses rather than rigid grammatical boundaries.
The continuous speech signal bounded by silent pauses constitutes an inter-pausal unit (IPU) that
is perceptually more meaningful than a sentence. It is especially the case for parkinsonian speech,
where frequent pausing produces fragments that do not correspond precisely to syntactic structures
(Tjaden, K., & Wilding, G., 2011; Rusz, 2011; Khaskhoussy & Ayed, 2019). Conversely, an
analytical unit of one ‘rise’ or one ‘fall’ in pitch contour fails to reflect the global intonational
architecture, capturing only local modulations of pitch height. Pause-bounded pitch contours thus
offer the most complete representation of real-time pitch adjustments, faithfully reflecting a
speaker’s intonational style. Second, rather than relying solely on aggregate statistics, these
measures capture aspects of pitch variation related to contour complexity and distribution (Wehrle,
2023). Figure 1 shows two extreme cases of pitch contours which can be perceived as ‘robotic’
and ‘lively’, respectively. Mathematically, both contours share identical values for mean FO, FO
SD, and pitch range. Alternative measures are thus required to differentiate between these distinct

melodic patterns.

Figure 1

Pitch contours of robotic intonation (1a) and lively intonation (1b)
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Notes. Adapted from Wehrle, 2023.

Within this framework, wiggliness quantifies the frequency of pitch movements,

operationalized as the density of rises and falls within an utterance. It is computed by dividing the



number of turning points—inflection points where pitch track changes direction—by the duration
of the utterance in seconds. Spaciousness, on the other hand, reflects the magnitude of localized
pitch excursions. Here, an individual excursion is defined as the continuous pitch change (i.e., a
unidirectional rise or fall) between two adjacent turning points. Spaciousness is then calculated by

averaging the semitone distance of the two largest local excursions within the utterance. Figure 2

Figure 2

Pitch contours of high wiggliness (2a), low wiggliness (2b), high spaciousness (2c), and
low spaciousness (2d)

High

Low
< =
=9 A
Wiggliness
Time Time
2a 2b
< <
= =
=9 &
Spaciousness
Time Time
2c 2d

presents examples of hypothetical pitch contours with identical durations, mean FO, FO SD, and
pitch ranges. Following the WigSpac algorithm, the contour in Figure 2a exhibits a higher
wiggliness value than that in Figure 2b, because 2a contains 9 turning points (including the onset
and offset) compared to 2b which has just 3 turning points. The pair has equal spaciousness values,
as the two largest excursions in 2a (in this case, 8 excursions are of the same magnitude) cover the

same frequency extent as the two excursions in 2b. Figure 2c and 2d share a wiggliness value of 9



turning points/duration, yet each excursion in 2c travels further than those in 2d, yielding a higher
spaciousness values than 2d. The practical implication of these hypothetical examples is that two
speakers can exhibit similar overall pitch ranges and standard deviations while differing
substantially in the temporal organization of their pitch contours. Reduced pitch variability in PD
may therefore not simply reflect a compressed pitch range; it may stem from a loss of temporal
coordination in speech movements over time. Because pitch is produced through continuous
adjustments of the laryngeal muscles, these adjustments manifest across both an amplitude
dimension (how much pitch changes) and a temporal dimension (when and how often those
changes occur). Traditional measures like standard deviation only quantify the former, whereas

contour-based measures quantify both.

Figure 3

lllustration of wiggliness and spaciousness calculation
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Notes. Adapted from Wehrle, 2023.

Methodologically, WigSpac analysis involves sequential stages: pitch extraction,
interpolation, and smoothing (e.g., using Praat), followed by segmentation and stylization of pitch
contours. Because calculating these metrics relies on the precise identification of true turning
points, manual inspection and correction of pitch tracks are necessary to eliminate automated

tracking errors, such as octave jumps, which are difficult to fully eliminate without manual
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intervention. During stylization, minor pitch movements that fall below a set threshold (typically
2 semitones) are excluded to minimize microprosodic noise while preserving perceptually salient
intonational trajectories. The final computation of wiggliness and spaciousness is then performed
directly on these stylized pitch contours. Figure 3 illustrates a sample pitch contour annotated with
these parameters. The gray line indicates the raw pitch track, the black line represents the manually
corrected pitch track, and the dashed line represents the smoothed pitch track stylized to 2-
semitone steps. Turning points are marked by circles. In this example, the contour features a
wiggliness value of 7 turning points/2.38 seconds = 2.94 turning points/second. Following the
arrows are the two largest pitch excursions in this contour. Averaging the two largest pitch
excursions (indicated by the arrows) yields a final spaciousness value of 6.29 semitones.

1.5 Non-pathological influences on pitch variation

In addition to pathological changes associated with Parkinson’s disease, pitch variation is
influenced by several non-pathological factors. Speaker characteristics such as biological sex, age,
and linguistic background have all been shown to affect pitch behavior. These influences are partly
attributable to anatomical differences between speakers, but they also reflect broader demographic
and sociophonetic variation. Accounting for these sources of variation is important when
comparing speakers with and without PD, as they may otherwise confound disease-related
differences.

Biological sex is one of the most consistent predictors of pitch. Female speakers typically
exhibit higher mean FO than male speakers (Pisanski et al., 2021), and differences extend beyond
pitch height to intonational behavior. Early observations suggested that female speakers tend to
use wider pitch ranges and greater intonational contrast (Brend, 1975), a pattern supported by later
empirical work, showing a preference for high-rising contours among female speakers across age
groups (Enbe & Tobin, 2008). However, not all studies find consistent gender effects, particularly
when examining dynamic measures such as pitch movement rather than range alone (Henton,
1995).

Age also contributes to variation in pitch. Empirical findings generally show that mean FO
decreases sharply after puberty and remains relatively stable throughout adulthood (Fouquet et al.,
2016). However, more complex patterns have also been reported, with some studies observing a
reversal in later life, where older speakers exhibit increases in pitch relative to younger adults

(Mysak, 1959; Komenda et al., 2020). In addition to pitch height, age-related differences have
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been observed in intonation patterns. For example, older female speakers showed a preference for
low-high pattern when producing the nuclear pitch accent, while younger female speakers used
low tone (Dimitrova et al., 2018). Since Parkinson’s disease predominantly affects older adults,
age is another potential source of variation that should be considered when interpreting differences
in pitch behavior.

Finally, pitch variation is also shaped by linguistic background. Cross-linguistic and dialectal
studies have demonstrated systematic differences in pitch range and contour realization across
speech communities (Ulbrich, 2006; Muiiiz-Cachon, 2019). Within languages, variation may be
associated with factors such as bilingualism, regional dialect, and speech style, which influence
both the distribution and timing of pitch movements (Nance et al., 2018; Kim & Repiso-
Puigdelliura, 2021). Although these studies examine different language varieties, they collectively
highlight the importance of controlling for linguistic background in the present study in order to
isolate effects specifically associated with Parkinson’s disease.

1.6 Research questions

The present study aims to investigate pitch variability in the speech of individuals with
Parkinson’s disease using naturalistic speech data. By focusing on spontaneous speech recordings,
the study seeks to provide a more ecologically valid account of pitch behavior in parkinsonian
speech. Based on these aims, the study addresses the following research questions:

RQ1: Do speakers with Parkinson’s disease exhibit reduced pitch variability compared to
control speakers in spontaneous speech, as measured by traditional acoustic metrics (mean FO, FO
SD, pitch range)?

RQ2: Can contour-based measures of pitch variability (wiggliness and spaciousness) capture
differences between Parkinson’s disease and control speech?

While traditional acoustic measures have consistently shown reduced pitch variability in
parkinsonian speech, contour-based measures offer an alternative perspective by incorporating the
temporal organization of pitch movements, potentially capturing aspects of intonation that are not
reflected in traditional measures alone. This raises an additional exploratory question:

RQ3: How are contour-based measures predicted by traditional acoustic measures, and is

this relationship moderated by a Parkinson’s disease diagnosis?
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Comparing traditional and contour-based approaches not only evaluates a novel
measurement framework in Parkinsonian speech but also assesses whether contour-based

measures overlap traditional measures of pitch variability.

2. Methods

2.1 Corpus

This study uses data from the ParkCeleb corpus (Favaro et al., 2024), a publicly available
dataset of YouTube videos featuring English-speaking celebrities who have voluntarily disclosed
a diagnosis of Parkinson’s disease. The corpus contains recordings from 40 speakers with
Parkinson’s disease and 40 control speakers, with ages ranging from 35 to 85 years. The corpus
was originally designed for longitudinal analyses of speech changes associated with Parkinson’s
disease progression and includes recordings spanning approximately 10 years prior to and 20 years
following diagnosis. Metadata provided at the speaker level include year of birth, year of diagnosis,
sex, nationality, ethnicity, and profession, while recording-level metadata include years since
diagnosis. A limitation of the current corpus is that specific clinical diagnostic criteria and
standardized speech assessment scores were unavailable for individual speakers. The dataset
therefore does not permit a stratified analysis based on clinical severity at the time of recording.
2.2 Participants

For the present study, a subset of 10 speakers with Parkinson’s disease and 10 control
speakers was selected from the corpus. As the corpus is based on YouTube links rather than a fixed
video archive, some recordings were no longer accessible at the time of data retrieval due to
removal or regional restrictions. To obtain a sufficiently large and comparable dataset, the sample
was restricted to male speakers from the United States. These groups constitute the largest
population in the ParkCeleb corpus, allowing more recordings to be retained while maintaining a
relatively homogeneous sample. Restricting the sample to speakers of a single biological sex
reduces variability in pitch associated with sex differences in voice production. Likewise, limiting
the sample to speakers from the United States minimizes large-scale cross-linguistic differences
in pitch realization. Because detailed dialectal information is unavailable in the corpus metadata,
the restriction of nationality serves only to reduce variability arising from different linguistic
systems, while acknowledging that regional variation remains within the selected population.

There are altogether 48 male speakers of US nationality with accessible speech data. Although the

13



original corpus provides approximate age matching between speakers with Parkinson’s disease
and control speakers, age is not treated as a fixed matching criterion in the present analysis. Instead,
age at the time of recording is calculated using available metadata (year of birth, year of diagnosis,
and years since diagnosis) and is included as a continuous predictor in the statistical models. This
allows age-related variation to be explicitly modeled rather than controlled solely through
sampling.

Only recordings produced after public disclosure of diagnosis were included, ensuring that
the analyzed speech reflects post-diagnostic speech characteristics. To ensure sufficient and
comparable data across speakers, inclusion criteria required at least 3 video recordings per speaker,
each containing a minimum of 1 minute of speech (i.e., at least 3 minutes of speech per speaker in
total). This threshold was chosen to balance methodological reliability with data availability:
shorter recordings tend to produce unstable estimates of pitch variability measures, while more
restrictive criteria would have resulted in the exclusion of a substantial proportion of speakers in
this corpus. Altogether, 7 speakers did not meet the threshold and were thus excluded from the
sample.

2.3 Speech samples

The ParkCeleb corpus contains an average of 20 recordings per speaker, roughly half of
which were recorded post-diagnosis. These data span various speech registers, including
spontaneous interviews, vlogs, online presentations, and talk-show appearances. As noted by the
corpus creators, recording contexts are not evenly distributed across groups. In particular, the
control subset contains a higher proportion of talk-show and other broadcast recordings, which are
more likely to involve background noise, multiple speakers, and audience responses. This
imbalance may partly reflect the composition of the corpus, as many control speakers are
professional actors who more frequently appear in media-based settings.

For each video, speech fragments where the target speaker is active were identified based on
the timestamp annotations provided in the corpus supplementary materials (Favaro et al., 2024).
These annotated speech fragments were extracted using Python batch-processing scripts (Favaro
et al., 2024). Audio preprocessing involved downloading and converting video files to WAV
format, using a script again provided by the author of the corpus (Favaro et al., 2024). The scripts
employ FFmpeg for audio extraction and conversion (FFmpeg Developers, 2016). The resulting

speech fragments vary widely in duration (appr. 10 seconds to 30 minutes) and do not necessarily
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correspond to syntactic units. Fragments may include interjections, non-verbal vocalizations (e.g.,
laughter), or discontinuous speech due to video editing. Despite the fragmented nature, final
analytical units were still segmented from individual speech fragments rather than from
concatenated recordings of entire videos. This approach avoids introducing artificial continuity
resulting from concatenation, which obscure natural pause structure. A further manual quality
check was conducted by sampling 5 speech fragments per recording to identify issues such as
editing artifacts and poor audio quality (e.g., excessive background noise, music, overlapping

speech) that could compromise pitch extraction.

Table 1

Descriptive summary of the dataset

pd_01 pd_02 pd_03 pd_04 pd_05 pd_06 pd_07 pd_08 pd_09 pd_10

Sex Male
Age at diagnosis (y) 47 62 58 74 42 65 41 71 27 42
. 50;56;57; 65;70; . 66;72; . 51;57; 64;66;
Ages at recording (y) 58:59 72 61; 65 77 65 73 53; 61 73 61 68
Number of recordings 5 3 3 1 1 4 2 1 4 4
Total duration of speech 4 ,7¢ 559 337 2447 1734 630 474 777 1035 732
analyzed (s)
Total IPUs f9r RQ1 500
analysis
Total IPUs f9r RQ2 394
analysis
cn_01 cn_02 cn_03 cn_04 cn_05 cn_06 cn_07 cn_08 cn_09 cn_10
Sex Male
Age at diagnosis (y) 48 63 58 74 42 65 42 71 37 42
. 55;58;60; 68;73; 59;61; . 48;66; . 50;54;58; 74;75; 54;56; .
Ages at recording (y) 61;63 7579 62:63 282  go;79 07:68 63;64 77;79 5861 0300
Number of recordings 6 4 5 2 5 4 6 5 5 2
Total duration of speech 33 251 56 899 533 711 474 1383 1520 328
analyzed (s)
Total IPUs ff)r RQ1 500
analysis
Total IPUs f9r RQ2 415
analysis

2.4 Units of analysis: Inter-pausal units
The primary unit of analysis in this study is the inter-pausal unit (IPU), as defined in Section

1.4. While silent pauses are conventionally operationalized as intervals of at least 200 ms, prior
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research indicates that speakers with PD exhibit increased pause duration and frequency compared
to controls (Canter, 1963; Tjaden & Wilding, 2011; Gravelin & Whitfield, 2019), with pauses
differing by up to 50 ms, according to a study based on the spontaneous speech of 10 American
English-speaking participants with PD (mean age 67 years old) (Gravelin & Whitfield, 2019).
Accordingly, the present study adopted a more conservative silent interval threshold of 250 ms for
automatic pause detection. IPUs shorter than 1 seconds were excluded, as it is the minimal duration
required by the WigSpac algorithms—any [PU under that threshold will be discarded eventually
during the computation. To account for the uneven distribution of analyzable IPUs across the
sample and manage the manual correction workload, a subset of 50 IPUs per speaker was selected.
In total, 1 000 IPUs (50 IPUs x 10 speakers x 2 groups) were analyzed. Tablel summarizes
participant demographics, numbers of recordings, and IPUs per speaker.

2.5 Acoustic measurement

While some video editing artifacts (e.g., concatenated cuts of speakers across turns) can be
detected by software like Adobe Premiere, others (e.g., compressed pauses) may not be observable.
Silent intervals are critical for prosodic analysis, as they define the boundaries of prosodic units
valid for acoustic analysis. Meanwhile, pause time is one of the measurements of speech rate (e.g.,
percent pause time). Pause-based measures were excluded from analysis because they are
particularly sensitive to distortions introduced by video editing.

Pitch extraction was conducted with filtered autocorrelation, which is the recommended
standard in Praat (Boersma & Weenink, 2026). Pitch floor and ceiling were initially set to 70 Hz
and 350 Hz, respectively, following the Praat recommendations for pitch tracking in male speakers.
Automated pitch tracking was manually inspected and corrected. Creaky voice commonly leads to
octave jumps, reflecting in pitch points being an octave (12 semitones) or a fifth (7 semitones)
higher or lower than the actual pitch height, which were corrected through visual inspection. For
intervals too noisy to yield reliable pitch tracking, Praat’s unvoicing function (i.e., the removal of
pitch points) was prioritized over adding new points to minimize researcher subjectivity. It is worth
noting that unvoicing can introduce loss of pitch points in the speech signal and consequently
affect the duration of individual IPUs. In cases where onset or offset pitch points of an IPU were
unvoiced, the effective duration of the IPU was reduced. This unintentional truncation of IPUs led
to data loss. Following manual correction of pitch tracks, WigSpac recalculates IPU duration based

on the first and last available pitch points. As a result, an [PU originally exceeding the 1-second
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threshold could fall below this cutoff if pitch points at its boundaries were removed during
correction, leading to exclusion from analysis. On the other hand, unvoiced gaps in the middle of
an utterance do not alter the re-calculated IPU duration, as the algorithm relies exclusively on
boundary pitch points. Consequently, while 1000 IPUs were included in the analyses for RQ1, 809
IPUs remained for the contour-based analyses in RQ2. The next step is a pitch smoothing process,
where a moderate smoothing bandwidth of 10 Hz was used to reduce micro-fluctuations in FO
tracking while preserving contour-level variation relevant to pitch analysis. This specific
bandwidth was determined via pilot testing across a range of parameters (e.g., 5-20 Hz). The
overall pattern of results remained robust to moderate variations in this smoothing threshold.

Acoustic measures were divided into two categories: traditional pitch measures and contour-
based measures. The traditional pitch measures included mean FO, FO standard deviation, and pitch
range. While these raw values were initially extracted in Hertz using Praat defaults, they were
subsequently converted to semitones. Using semitones as the primary unit of frequency normalizes
the data, facilitating a direct comparison between traditional measures and spaciousness.
2.6 Statistical analysis

Linear mixed-effects regression models were conducted in R (R Core Team, 2024) using the
Ime4 package (Bates et al., 2015). Group was included as a binary fixed effect (PD vs. control).
Given that age varied both between speakers and within speakers across recordings, centered age
(grand mean 65.72 years) was additionally included as a continuous fixed-effect predictor to
account for the potential influence of natural aging on pitch variability. Interaction effects between
group and age were not modeled due to the small sample size and because it was not the primary
focus of this study to investigate whether age predicted pitch variability differently across
diagnostic groups. Speaker identity was included as both random intercepts and random slopes for

age to account for potential within-speaker effect of age.

RQI: Traditional pitch measures
To address RQI, separate linear mixed-effects models were fitted for each traditional
measure: mean FO (semitones), FO SD (semitones), and pitch range (semitones). Each model

included fixed effects for group and age c (i.e., centered age):

mean FO ~ group + age c + (age_c | speakers)

FO SD ~ group + age c + (age c | speakers)
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pitch range ~ group + age c + (age c | speakers)

For the analysis of mean F0, the group contrast was coded symmetrically with PD group
coded as +0.5 and control group as -0.5. For the other two models, the coding direction was
reversed (PD = -0.5, control =+0.5). This assignment followed previous findings that parkinsonian
speech tends to exhibit higher mean FO and reduced pitch variability relative to healthy controls,
thereby ensuring positive fixed effect estimates for effects in the hypothesized direction. Expected
outcomes for this analysis were that speakers with PD would exhibit higher mean FO, reduced

pitch variability (FO SD), and narrower pitch range relative to controls.

RQ2: Contour-based measures
To address RQ2, separate linear mixed-effects models were fitted for wiggliness (turning

points/second) and spaciousness (semitones). Each model included fixed effects for group and age:

wiggliness ~ group + age ¢ + (age c | speakers)

spaciousness ~ group + age c + (age c | speakers)

For both models, PD group was coded as -0.5 and control group as +0.5. It was
hypothesized that PD speakers would show lower wiggliness and spaciousness values, reflecting

a reduced dynamic range and flattened pitch contour relative to controls.

RQ3: Relationship between traditional and contour-based measures
To address RQ3, linear mixed-effects regression models were fitted separately for

wiggliness and spaciousness:

wiggliness ~ FO SD * group + age ¢ + (1 | speakers)
wiggliness ~ pitch range * group + age c + (1 | speakers)
spaciousness ~ FO SD * group + age c + (1 | speakers)

spaciousness ~ pitch range * group + age ¢ + (1 | speakers)

Each contour-based measure served as the dependent variable, while either FO SD or pitch
range was included as the primary predictor. Mean FO was excluded because it reflects overall

pitch height rather than variability. Group, age, and the interaction between the traditional pitch
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measures and group were included as fixed effects. Speaker identity was included as a random
intercept to account for repeated observations from the same individual. Speaker was initially
modeled as a random slope for age. However, all models involving random slopes produced
singular fit warnings, meaning that the data did not support estimation of speaker-specific age
trajectories. Final models therefore included speaker as a random intercept only. The mixed-effects
models facilitate the understanding of whether traditional pitch variability measures can predict
contour-based measures, thus determine the redundancy of contour-based measures when
characterize the change of pitch variability, especially among the PD population. Due to the small

sample size, these analyses were exploratory.

3 Results
3.1 RQ1: Mean F0, FO SD, and pitch range

Descriptive results of RQ1 are provided in Figure 4. The effect of group on mean pitch height
(mean F0) was not significant (estimated difference = 1.30 semitones, 95% CI =-0.82 .. 3.41, p
= .21), albeit in the expected direction—the predicted mean FO of the PD group was higher than
that of the control group by approximately 1.30 semitones. Age did not show a significant effect
on mean FO either (estimated difference = 0.03 semitones, 95% CI =-0.12 .. 0.17, p = .68).

There was a significant group effect on FO SD. Speakers with Parkinson’s disease exhibited
lower FO SD than control speakers (estimated difference = 0.55 semitones, 95% CI =0.20 .. 0.91,
p <.01), which aligned with the hypothesis. Again, age did not show a significant effect (estimated
difference = 0.02 semitones, 95% CI =-0.003 .. 0.04, p = .08).

Group had a significant effect on pitch range. The control group exhibited a pitch range 1.91
semitones wider than the PD group (95% CI=0.38 .. 3.44, p <.05). According to the fitted model,
the predicted pitch range was 8.08 semitones for speakers with PD and 9.98 semitones for control
speakers, after controlling for age. Age effect was not statistically significant for pitch range
(estimated difference = -0.05 semitones, 95% CI =-0.19 .. 0.09, p = .40).

To sum up, data from this spontaneous speech corpus confirm that speakers with PD exhibit
lower FO SD and narrower pitch range. Supplementary analyses using raw Hertz values revealed
similar overall trends, though group and age effects did not reach statistical significance for any of

the dependent variables.
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Figure 4

Distribution of traditional pitch measures by group
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3.2 RQ2: Wiggliness and spaciousness

Figure 5 presents the descriptive results for RQ2. A significant group effect was observed
for the contour-based measures; after controlling for age and speaker-level variation, speakers in
the PD group exhibited a reduction in wiggliness of approximately 0.77 turning points per second
(95% CI=0.13 .. 1.41, p <.05) compared to the control group. In practical terms, this suggests
that, with pitch contours smoothed at a 10Hz bandwidth, male speakers without PD may on
average produce approximately two more turns in pitch direction during a continuous spontaneous
utterance of 3 seconds than those with PD. Age effect was not significant for wiggliness (estimated
difference = 0.01 semitones, 95% CI =-0.04 .. 0.06, p = .53).

Similarly, spaciousness was significantly lower in the PD group, with PD condition reducing
spaciousness by approximately 1.71 semitones (95% CI = 0.56 .. 2.86, p <.01). This suggests that
speakers with PD exhibited smaller pitch excursions than control speakers, i.e., people with PD
are likely to speak with less dramatic ups and downs. Age effect was not significant for

spaciousness (estimated difference = 0.004 semitones, 95% CI =-0.07 .. 0.08, p = .89).
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Figure 5

Distribution of contour-based measures by group
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3.3 RQ3: Relationship between traditional and contour-based measures

Regression analyses revealed positive relationships between traditional and contour-based
measures overall (Figure 6). Higher FO SD and wider pitch range were consistently associated with
greater wiggliness and spaciousness values. However, the strength and structure of these
relationships differed across contour-based measures.

For wiggliness, both FO SD (Figure 6a) and pitch range (Figure 6b) were significant positive
predictors. An increase of 1 semitone in FO SD was associated with an estimated increase of 0.36
turning points per second in wiggliness (95% CI = 0.25 .. 0.46, p < .001), while a 1-semitone
increase in pitch range corresponded to an increase of approximately 0.08 turning points per
second (95% CI=0.05 .. 0.10, p <.001). This means speakers with greater overall pitch variability
tended to produce more frequent changes in pitch direction within an utterance as well. Neither
the main effect of group nor the interaction between group and traditional measures were

significant in the wiggliness models (see Table a in the Appendix).
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Like wiggliness, spaciousness was positively predicted by both FO SD (Figure 6¢) and pitch
range (Figure 6d). In the model including FO SD as a fixed effect, spaciousness was positively
associated with FO SD (estimated difference = 1.20 semitones, 95% CI = 1.06 .. 1.34, p < .001).
This indicates that, across speakers, a 1-semitone increase in FO SD was associated with an
estimated increase of 1.20 semitones in spaciousness. In the model including pitch range as a fixed
effect, spaciousness was also positively associated with pitch range (estimated difference = 0.32
semitones, 95% CI = 0.29 .. 0.35, p < .001). This indicates that a 1-semitone increase in pitch
range predicted an increase of approximately 0.32 semitones in spaciousness. Group differences
(PD vs. control) were also tested in both models. In the spaciousness ~ FO SD model, the group
effect was only marginal (estimated difference = -0.77 semitones, 95% CI=-1.54 .. 0.01, p = .05).
In the spaciousness ~ pitch range model, the group effect was significant (estimated difference =
-1.46 semitones, 95% CI = -2.24 .. -0.69, p < .001). Under the current coding scheme (control
group = positive; PD group = negative), the negative group effect reveals that speakers with PD
showed higher predicted spaciousness than healthy controls at average pitch range. Moreover,
there were also strong interactions between group and both traditional measures. The positive
interaction between FO SD and group (estimated difference = 0.67 semitones, 95% CI = 0.39 ..
0.95, p <.001), as well as between pitch range and group (estimated difference = 0.24 semitones,
95% CI=0.18 .. 0.31, p <.001) indicates that the relationship between traditional measures and
spaciousness differed between PD and control speakers—group differences increase as SD or pitch
range increases. Specifically, for every 1-semitone increase in FO SD, spaciousness would increase
by 0.87 semitones for PD and 1.54 semitones for control; likewise, for every 1-semitone increase
in pitch range, spaciousness would increase by 0.20 semitones for PD and 0.44 semitones for
control. Such interactions indicate that, for a given FO SD value or pitch range, speakers with PD
showed a smaller increase in spaciousness compared to the controls. In other words, increases in
traditional pitch variability measures corresponded to proportionally smaller increases in contour

spaciousness among the PD group.

4 Discussion
4.1 Interpretation of contour-based measures
Consistent with previous research using traditional acoustic measures, speakers with PD

exhibited reduced pitch variability relative to control speakers in terms of standard deviation and

23



pitch range. The results from the contour-based measures also aligned with the initial hypotheses,
with parkinsonian speech exhibiting low wiggliness and low spaciousness. Wiggliness and
spaciousness behaved differently after accounting for SD and pitch range. While wiggliness
maintained a stable relationship with traditional measures across both groups, spaciousness
demonstrated a group-dependent relationship with SD and pitch range.

Interestingly, the direction of the group effect on spaciousness reversed after accounting for
pitch range. Although speakers with PD showed lower spaciousness values overall (RQ2), the
spaciousness ~ pitch range model in RQ3 indicated that, once pitch range was controlled for, the
estimated group effect inverted (PD > control). It seems that the lower spaciousness observed in
RQ2 was largely attributable to differences in overall pitch range; once this pitch range
compression is accounted for, speakers with PD are predicted to exhibit slightly higher
spaciousness. Such a discrepancy between spaciousness and pitch range is theoretically plausible,
as spaciousness is not simply a scaled version of pitch range. Instead, spaciousness captures
continuous movement trajectories of pitch and therefore reflects an interaction between local and
global pitch planning. This finding underscores that spaciousness cannot be not fully explained by
pitch range alone.

On the other hand, wiggliness behaves more like a straightforward extension of traditional
variability measures—as SD and pitch range increase, wiggliness increases for both groups. This
alignment between traditional measures and wiggliness is not entirely unexpected, as both
measures ultimately reflect the dispersion of pitch points, albeit from different analytical
perspectives. Meanwhile, it is unexpected that wiggliness shows strong correlations with both FO
SD and pitch range regardless of diagnostic status, given that wiggliness captures the density of
pitch fluctuations, a dimension that does not directly overlap the other metrics.

4.2. Implications for pitch variability in parkinsonian speech

The overall reduction in wiggliness is consistent with previous descriptions of parkinsonian
speech as involving reduced dynamic modulation of prosody. Given that wiggliness captures the
density of local pitch movements, these lower values suggest that speakers with PD produce fewer
pitch transitions within utterances, resulting in less dynamically modulated intonation patterns. In
other words, this may correspond to a reduced use of local pitch variation that typically contributes
to expressive and dynamically changing speech. However, differences in wiggliness may also be

driven by systematic variations in IPU duration between groups. The lower wiggliness observed
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in the PD group could partially stem from the fact that speakers with PD tend to produce shorter
continuous speech, leaving less time to execute as many pitch inflections as controls. A
supplementary regression analysis showed that the control group held a numerical advantage in
IPU duration, but the difference was not significant (see Table b in the Appendix). Nonetheless, a
duration-driven artifact cannot be ruled out, and future work with larger sample sizes should
consider explicitly controlling for utterance duration.

Spaciousness, by contrast, reflects the extent of pitch excursions across the contour. Reduced
spaciousness values therefore suggest that speakers with PD operate within a narrower contour
space per excursion, producing less pronounced rises and falls in pitch. Like wiggliness, reduced
spaciousness could also be susceptible to a duration artifact. If speakers with PD indeed produce
shorter speech segments—a plausible assumption given the longer and more frequent pauses
documented in prior literature—speakers with PD simply have fewer opportunities to fully extend
their pitch trajectories.

The significant interactions between spaciousness and traditional measures implies that
contour excursion patterns do not scale with global pitch variability in the same way across groups.
FO SD and pitch range predict spaciousness more strongly in control speakers than in speakers
with PD; in other words, when speakers with PD exhibit an increase in overall FO SD or pitch
range, that increase translates less effectively into contour spaciousness. One explanation for such
a pattern is that parkinsonian speech involves longer and more frequent silent pauses, which
directly shapes how speech is segmented into analytical units. As a result, what might appear as
comparable pitch variability over a continuous 5-second utterance in control speech could be
distributed across multiple shorter speech units for a speaker with PD. Each of these shorter [PUs
contributes its own truncated spaciousness estimate rather than merging into a single contour.
Another possible explanation concerns impaired speech motor control and reduced scaling
precision. Previous literature suggests that speakers with PD may experience difficulties in
calibrating and consistently executing speech movements. If pitch targets are underscaled or less
consistently executed during spontaneous speech production, this may contribute to reduced
spaciousness even when speakers retain the ability to produce larger pitch excursions. Although
the present study cannot directly evaluate sensorimotor or perceptual mechanisms, the reduced
contour variability observed here is compatible with accounts that describe parkinsonian speech

as involving altered regulation of movement amplitude during speech production.
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Regardless of the underlying mechanisms, within the current sample, it appears that
spaciousness differentiates the PD group from healthy controls more effectively than either SD or
pitch range. This diagnostic advantage has implications for the acoustic characterization of
parkinsonian speech. Clinical descriptions typically refer to parkinsonian speech as ‘monotonous’,
yet the impressionistic labels provide little indication of which aspects of pitch organization are
affected. For instance, it remains unclear whether a compression of pitch range or a reduction in
local pitch excursion is more perceptually salient to a clinician, and thus more influential when
diagnosing hypokinetic dysarthria. Nonetheless, the present findings demonstrate that perceptual
monotony is not driven solely by reduced pitch dispersion but also by reduced local contour
modulation. Contour-based measures therefore provide a more fine-grained acoustic description
of intonation style than traditional summary measures alone. Consequently, these metrics hold
promise for detecting subtle prosodic markers of dysarthria earlier in the disease progression than
would be possible using standard deviation or pitch range alone.

4.3 Opportunities and challenges of spontaneous speech corpora

An important consideration when interpreting the findings of the present study is the use of
spontaneous speech rather than controlled laboratory speech tasks. As mentioned in Section 1.3,
previous acoustic studies of parkinsonian speech have frequently relied on sustained vowels, read
speech, or highly structured elicitation tasks for greater experimental control. While such tasks are
useful for isolating specific acoustic phenomena, they may not fully reflect how intonational
deficits manifest in everyday communication. Spontaneous speech is often associated with
methodological noise; however, it may reveal aspects of speech production that remain less visible
in constrained tasks. Since intonation functions dynamically during natural communication—
marking emphasis, signaling information structure, managing conversational flow, and expressing
emotion—reductions in pitch variability may be particularly salient in spontaneous speech, where
speakers must continuously adapt prosodic patterns in real time.

The clinical implications of spontaneous speech patterns should be interpreted relative to the
broader diagnostic context. Traditional clinical diagnosis of Parkinson’s disease relies on
standardized speech tests and impressionistic evaluation. Acoustic analysis is not intended to
replace these tools, especially when clinicians evaluate a patient’s speech patterns primarily
through conversational interaction. Rather, the contribution of spontaneous speech data lies in

providing a more precise characterization of an individual’s unique intonation style. Acoustic
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metrics, the contour-based measures in particular, may help bridge observable pitch anomalies
with their underlying motor or non-motor etiologies, for example, by distinguishing whether a
speaker is experiencing an overall compression of pitch range or a specific impairment in local
pitch modulation, which can point to distinct pathological mechanisms. Wiggliness and
spaciousness are well-suited to spontaneous speech data, as they operate on dynamic pitch
trajectories, offering greater sensitivity to subtle differences in contour organization than
traditional summary metrics or impressionistic evaluations alone.

At the same time, utilizing a spontaneous speech corpus introduces methodological
challenges that should be acknowledged. The recordings analyzed in this study originated from
videos with varying recording environments, speech registers, and levels of audio quality.
Increased ecological validity is achieved at the cost of zero experimental control. Following a
consistent preprocessing procedure (Section 2.5), speech materials containing audience chatter,
laughter, or filled pauses (e.g., er) were excluded during speech boundary correction and pitch
tracking correction. This procedure introduced limitations in terms of data balance between groups.
Even though extensive manual preprocessing was performed to remove the recording artifacts,
effects of recording context and speech registers cannot be completely excluded. Future studies
would benefit from incorporating recording setting as a control variable or by sampling more
comparable communicative contexts across groups.

4.4 Effect of age

Contrary to some previous studies, age was not a significant predictor of pitch pattern. Age
did not significantly predict any of the traditional or contour-based measures. However, the
absence of significant age effects should not be interpreted as evidence that aging has no influence
on pitch variability. Rather, it may reflect characteristics of the present dataset, including a
relatively restricted age range, the use of male celebrity speakers, and the variability inherent in
spontaneous speech collected across different communicative contexts. In addition, age varied
both between speakers and within speakers across recordings. As a result, the role of aging in
spontaneous speech may not be fully captured by a simple linear predictor and may instead involve
more complex, context-dependent patterns of variation.

4.5 Other limitations
The dataset consisted exclusively of male North American English-speaking celebrity

speakers, limiting generalizability to other populations and speech communities. Future work
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should examine whether the present findings extend to female speakers, other dialect groups, and
more controlled longitudinal datasets. Further investigation of contour-based metrics across
different speech registers may also clarify whether these measures capture task-specific intonation
patterns only. Finally, because the ParkCeleb corpus lacks the information about clinical staging
and speech motor severity metrics, the heterogeneous progression of parkinsonian speech
symptoms cannot be accounted for within the present sample. It is possible that individual
differences in disease severity introduced a confounding factor, as some speakers may have
exhibited advanced hypokinetic dysarthria while others presented with subclinical or entirely
absent speech symptoms. Despite the uncontrolled clinical heterogeneity, the acoustic metrics still
detected significant group-level differences. This resilience to clinical heterogeneity implies that
acoustic measurement may be capable of capturing subtle, group-level speech anomalies even

within a highly heterogeneous patient cohort.

5 Conclusion

This study investigated pitch variability in spontaneous speech produced by male. North
American English-speaking individuals with Parkinson’s disease using both traditional acoustic
measures and newly proposed contour-based metrics. Across traditional measures, speakers with
PD generally exhibited reduced pitch variability, as reflected by lower FO standard deviation and
a narrower pitch range, although differences in mean FO were not supported. Extending beyond
traditional summary statistics, contour-based analyses demonstrated that speakers with PD showed
lower temporal modulation density and smaller contour excursion magnitude, reflected by reduced
wiggliness and spaciousness values. Together, these findings reveal that speakers with PD are
likely to produce speech with less dispersed pitch distributions, fewer dynamic pitch movements,
and reduced contour excursions during spontaneous communication. Additionally, contour-based
measures are related to traditional measures of pitch variability but are not entirely reducible to
them. Spaciousness, in particular, demonstrated group-dependent relationships with traditional
measures, indicating that local contour excursion patterns may be organized differently in
parkinsonian speech.

Methodologically, the findings highlight the value of spontaneous speech for investigating
pitch variability. While naturalistic recordings inevitably introduce a heavier preprocessing

workload, they more faithfully capture how pitch differences manifest during everyday
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communication. The use of spontaneous speech therefore provides an opportunity to examine
speech behavior beyond highly controlled laboratory tasks, offering an optimal environment for
contour-based approaches that depend on dynamic pitch trajectories.

Overall, the present findings demonstrate that contour-based measures provide a useful
extension to traditional acoustic approaches for characterizing pitch variability in parkinsonian
speech. Although further validation in larger and more diverse datasets is required, the present
study demonstrates the potential of contour-based analyses for advancing the acoustic

investigation of speech in Parkinson’s disease.
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Appendix

Table a
Mixed-effects regression models for RQ3

wiggliness ~ SD * group

Estimate  Std. Error df t value Pr(>|t)
(Intercept) 3.42 0.16 61.68 21.49 0.00
SD 0.36 0.05 794.57 6.66 0.00
group-PD+CN 0.44 0.32 58.26 1.40 0.17
age_c 0.01 0.01 108.47 0.70 0.48
SD:group-PD+CN 0.10 0.11 762.23 0.91 0.36
wiggliness ~ range * group
Estimate  Std. Error df t value Pr(>[t)
(Intercept) 3.39 0.17 44.29 20.29 0.00
range 0.08 0.01 777.71 6.53 0.00
group-PD+CN 0.30 0.28 84.21 1.10 0.28
age_c 0.02 0.01 25.76 1.83 0.08
range:group-PD+CN 0.03 0.02 773.45 1.38 0.17
spaciousness ~ SD * group
Estimate  Std. Error df t value Pr(>|t)
(Intercept) 3.41 0.20 80.78 17.33 0.00
SD 1.20 0.07 770.68 16.76 0.00
group-PD+CN -0.77 0.39 74.50 -1.96 0.05
age ¢ 0.01 0.01 75.39 0.81 0.42
SD:group-PD+CN 0.67 0.14 718.90 4.75 0.00
spaciousness ~ range * group
Estimate  Std. Error df t value Pr(>t))
(Intercept) 3.09 0.19 73.18 15.84 0.00
range 0.32 0.02 799.89 19.92 0.00
group-PD+CN -1.46 0.39 69.21 -3.77 0.00
age_c 0.01 0.01 92.56 0.69 0.49
range:group-PD+CN 0.24 0.03 775.14 7.65 0.00
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Table b
Mixed-effects regression models for duration

duration ~ group + (1 | speakers)

Estimate Std. Error df t value Pr(>t)

(Intercept) 2.34 0.05 1577 48.77 0.00
group-PD+CN 0.03 0.10 1577 032 0.76
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