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Abstract: Objective: This study aimed to evaluate lenition, a phonological process involving conso-
nant weakening, as a diagnostic marker for differentiating Parkinson’s Disease (PD) from Atypical
Parkinsonism (APD). Early diagnosis is critical for optimizing treatment outcomes, and lenition
patterns in stop consonants may provide valuable insights into the distinct motor speech impairments
associated with these conditions. Methods: Using Phonet, a machine learning model trained to
detect phonological features, we analyzed the posterior probabilities of continuant and sonorant
features from the speech of 142 participants (108 PD, 34 APD). Lenition was quantified based on
deviations from expected values, and linear mixed-effects models were applied to compare phono-
logical patterns between the two groups. Results: PD patients exhibited more stable articulatory
patterns, particularly in preserving the contrast between voiced and voiceless stops. In contrast, APD
patients showed greater lenition, particularly in voiceless stops, coupled with increased articulatory
variability, reflecting a more generalized motor deficit. Conclusions: Lenition patterns, especially in
voiceless stops, may serve as non-invasive markers for distinguishing PD from APD. These findings
suggest potential applications in early diagnosis and tracking disease progression. Future research
should expand the analysis to include a broader range of phonological features and contexts to
improve diagnostic accuracy.

Keywords: Parkinson’s disease (PD); atypical Parkinsonism (APD); consonant weakening; motor
control/planning; machine learning

1. Introduction

Parkinsonism encompasses a range of neurodegenerative disorders characterized by
common motor symptoms such as tremors, rigidity, bradykinesia, and postural instabil-
ity. Parkinson’s Disease (PD) is the most prevalent form, whereas Atypical Parkinsonism
(APD), which includes conditions such as Multiple System Atrophy (MSA), Progressive
Supranuclear Palsy (PSP), Corticobasal Degeneration (CBD), and vascular Parkinsonism
(VaP) presents with additional symptoms and generally progresses more rapidly [1]. Accu-
rate differentiation between PD and APD is critical due to their distinct pathophysiologies,
treatment responses, and prognoses [1,2]. Traditional diagnostic methods largely rely on
clinical observations, including early falls, marked cognitive decline, and poor response to
dopaminergic therapies in APD. However, these methods can be subjective, which often
leads to misdiagnoses [1,3].

Recent advancements in neuroimaging and genetic testing provide promising tools to
improve the differentiation of typical Parkinson’s Disease (PD) from Atypical Parkinsonian
Disorders (APDs). Techniques like neuromelanin MRI and diffusion tensor imaging help
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identify brain degeneration patterns specific to PD, while genetic markers, such as LRRK2
and GBA mutations, link to distinct PD subtypes with varying symptom profiles (see [4]
for a review).

Dysarthria, a motor speech disorder affecting muscle control in speech, is commonly
observed in Parkinsonian patients. Recently, speech analysis has emerged as a valuable tool
in distinguishing between Parkinson’s Disease (PD) and Atypical Parkinsonian Syndromes
(APSs). For example, a quantitative speech analysis study was 95% accurate in differenti-
ating APSs from PD, and 75% accurate in distinguishing Progressive Supranuclear Palsy
(PSP) from Multiple System Atrophy (MSA), highlighting its diagnostic potential [5]. In
the study, which included 15 PD, 12 PSP, and 13 MSA patients, and 37 healthy controls,
dysarthria was present in all Parkinsonian patients. However, the varying combinations
of hypokinetic, spastic, and ataxic dysarthria reflect the distinct underlying pathologies
of these conditions. Specifically, PD was characterized by hypokinetic dysarthria, marked
by reduced loudness and monopitch. In contrast, MSA displayed ataxic dysarthria, noted
for excess pitch and intensity fluctuations, as well as vocal tremors, while PSP presented a
combination of hypokinetic and spastic dysarthria, characterized by a strained–strangled
voice and a slow speaking rate. These findings underscore the utility of quantitative speech
analysis in distinguishing between different forms of Parkinsonism.

Articulatory imprecision is another hallmark feature of Parkinson’s Disease (PD),
where speech becomes less distinct due to reduced precision in the movement of the artic-
ulators. Even in mild cases of PD, imprecise vowel articulation has been observed, high-
lighting the early impact of motor control impairments characteristic of the disease [6,7].
However, research on the specific speech characteristics that differentiate PD from Pro-
gressive Supranuclear Palsy (PSP) and Multiple System Atrophy (MSA) remains limited,
with many studies focusing on timing variations in articulation. For instance, ref. [8]
evaluated consonant articulation deficits, particularly in voiced and voiceless stops, across
participants with PD, PSP, and MSA, as well as in healthy controls, using both acoustic and
perceptual methods. Voiced and voiceless stops differ in terms of the timing of the onset
of voicing (voice onset time, VOT). Imprecise consonant articulation was observed across
all Parkinsonian groups. Notably, PSP and MSA exhibited prolonged VOT for voiceless
plosives compared to PD, reflecting greater dysarthria severity and slower articulation. In
MSA, the VOT for voiced plosives was significantly shorter, likely due to cerebellar damage.
Specifically, the shortening of the negative VOT (voicing lead or negative VOT) caused the
voicing to disappear, leaving only a short burst, which contributed to an increased number
of voiced plosives being misclassified as voiceless during perceptual evaluation. These
timing variations in articulation may offer valuable insights into the underlying disease
mechanisms.

However, studies on VOT in individuals with PD have produced inconsistent results.
While some studies report longer VOT durations in PD [9,10], others have found no
significant changes or even shorter VOT [11–13]. These discrepancies may be due to
variations in speaking rate [14]. Although the VOT ratio, a rate-independent measure,
has been used to clarify these inconsistencies, it has not fully resolved the conflicting
findings [10,13].

Despite promising insights, research on acoustic biomarkers for Parkinson’s Disease
and atypical Parkinsonian disorders often faces methodological limitations including small
sample sizes which restrict the generalizability of findings, highlighting the need for larger,
more diverse cohorts to validate speech deterioration patterns across PD and APD subtypes.
Additionally, inconsistencies in assessment protocols introduce variability, impacting reli-
ability and replicability. Ref. [15] underscored the importance of standardized, objective
speech assessment measures in Alzheimer’s Disease and Mild Cognitive Impairment, not-
ing the impact of biases stemming from variable recording conditions and methods—a
recommendation also applicable to neuromotor disorders such as Parkinsonism.

In response to these methodological needs, ref. [16] introduced the SMARTSPEECH
protocol, employing a smartphone application to systematically investigate speech biomark-
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ers for PD and other synucleinopathies. This approach aims to create accessible, diagnos-
tically valuable data collection methods. Furthermore, ref. [17] provided comprehensive
guidelines for recording and analyzing speech in movement disorders, establishing pro-
tocols for recording environments, vocal tasks, and acoustic features to standardize data
collection. This foundational work addresses methodological inconsistencies, enhancing
both the replicability and clinical relevance of speech biomarker research.

Although not fully diagnostic alone, speech-based biomarkers offer significant value
in settings with limited access to advanced testing, complementing neuroimaging and
genetic tools for early diagnosis and personalized treatment strategies in PD and APDs. In
contrast to prior studies emphasizing articulation timing, such as VOT or other commonly
investigated speech characteristics like fundamental frequency (F0), speech rate, intensity
variability, rhythmic patterns, and vowel articulation, the current study examined conso-
nant imprecision related to the ability to achieve complete closure in the vocal tract during
stop consonant articulation. This analysis prioritizes articulatory precision over frequency,
intensity, or timing-related factors, affecting both voiced and voiceless stops in Parkinso-
nian speech. The distinct lenition patterns observed between PD and APD suggest that
treatment approaches may need to be tailored to address the unique articulation challenges
of each group. Using Phonet, a machine learning model [18], we aimed to assess whether
stop consonant weakening could reliably distinguish PD from APD. By analyzing these
subtle phonological patterns, the study seeks to contribute to early diagnosis, track disease
progression, and improve treatment strategies for both PD and APD.

2. Lenition

Lenition, a common phonological process, refers to the weakening or softening of
consonants. This process is gradient, meaning consonants can undergo varying degrees
of weakening, from subtle modifications to complete deletion. Rather than manifesting
as a discrete binary shift, lenition typically unfolds progressively, where fully articulated
stops transition through stages, transforming into fricatives, approximants, or disappearing
altogether. The gradient nature of lenition is especially valuable for tracking phonetic
variability across different contexts, as it is sensitive to phonetic environment, speech style,
and speaker-specific factors. This gradience also serves as a powerful tool in clinical settings,
particularly in the assessment of speech-motor control in degenerative diseases such as
Parkinson’s Disease (PD). By quantifying incremental changes in lenition patterns, clinicians
can more precisely monitor the onset and progression of motor speech impairments and
evaluate the effectiveness of interventions over time, offering insights into both linguistic
and pathological shifts in speech production.

2.1. Lenition Across Languages

In Spanish, the lenition of the voiced stops /b/, /d/, and /g/ exemplifies this process.
When these stops occur between vowels (intervocalic position), they often weaken into
approximants [β], [ð], and [È] [19]. For example, sabia “I knew” is pronounced [saβía],
where the /b/ lenites to [β], and cada “each” becomes [kaða], with the /d/ leniting to [ð]. In
pagar, “to pay”, the /g/ is realized as [paÈar], showing lenition into [È]. This phenomenon
is most prominent in connected or informal speech but may be less pronounced in formal
contexts, where stops retain more articulatory force.

While lenition in Spanish predominantly leads to the production of fricatives and
approximants, it may progress further to complete deletion in certain dialects. For instance,
word-final /d/ in northwestern Spain can be realized as a voiced approximant, voiceless
fricative, or even be deleted altogether. A corpus study on conversational speech in the
region demonstrated that /-d/ is frequently deleted or devoiced into a voiceless fricative,
often neutralizing the distinction between word-final /-d/ and the phonemic /-θ/ [20].
Such patterns underscore the complexity of lenition in these dialects, where deletion and
devoicing represent alternative pathways of reduction.
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The principle of articulatory economy helps explain why lenition occurs. Producing
stop consonants like /b/, /d/, and /g/ requires significant muscular effort, as they involve
full closure of the vocal tract. In contrast, fricatives and approximants, which require only
partial closure, are easier and faster to produce, particularly in rapid or connected speech.
Lenition thus serves as a natural adaptation in language, allowing speakers to maintain
fluency without sacrificing intelligibility [19].

Lenition is not unique to Spanish; it occurs in many languages, though the degree and
types of lenition vary. For example, Italian also exhibits lenition of voiced and voiceless
stops in intervocalic positions, though the extent varies by dialect [21–23]. In English,
lenition is evident in the process of flapping, where intervocalic /t/ and /d/ are realized
as a voiced flap [R], particularly in American English. For example, butter is pronounced
[b2RÄ], where the /t/ weakens to [R]. While this process does not result in fricatives or
approximants, it reflects reduced articulatory effort, aligning with the principles of lenition.

2.2. Lenition in Parkinsonism

Lenition holds significant clinical relevance for speech impairments related to neurode-
generative disorders like Parkinsonism. Research on individuals with Parkinson’s Disease
(PD) reveals reduced lip and jaw displacement and velocity during speech, with more
severe dysarthria associated with greater impairments [9,24,25]. PD also affects movement
stability, with increased variability in articulatory coordination observed through measures
such as the lip aperture variability index [25]. While some studies report no significant
differences in movement stability between PD patients and age-matched controls [26],
overall articulatory coordination declines as the disease progresses [27].

This reduced articulatory strength in PD often mimics phonological lenition, where
consonants weaken or soften as motor control deteriorates. Lenition patterns may corre-
spond to underlying neural changes. In PD, the degeneration of dopaminergic neurons
in the substantia nigra impairs motor control, impacting speech production. In Atypi-
cal Parkinsonism (APD), more widespread neurodegenerative changes across the basal
ganglia, cerebellum, and brainstem [2] could lead to more complex and severe speech
deficits. Thus, lenition as a speech marker offers valuable insights into the progression of
neurodegenerative diseases.

The study of articulatory weakening in Parkinsonism has significant implications for
treatment. Speech therapy, particularly in the early stages of Parkinson’s Disease (PD),
focuses on improving articulatory precision and vocal strength to mitigate the effects of
speech deterioration. Techniques like Lee Silverman Voice Treatment (LSVT LOUD) are
designed to increase vocal intensity and articulatory effort, which in turn help reduce
articulatory imprecision—a common speech issue in PD. While LSVT LOUD primarily
targets vocal loudness, it indirectly strengthens articulation by encouraging more forceful
and deliberate speech production, helping to mitigate the weakening of speech sounds like
consonants that could otherwise become less distinct [28–30]

However, it is important to note that this does not directly address lenition as un-
derstood in phonology, which refers to a systematic weakening of sounds, such as stops
becoming fricatives or approximants. Instead, LSVT LOUD reduces articulatory impreci-
sion, which can help prevent the production of weakened consonants in everyday speech,
thereby improving speech intelligibility. In more advanced stages, particularly in Atypical
Parkinsonism (APD), therapy may shift toward compensatory strategies, such as augmen-
tative and alternative communication (AAC) devices, as speech intelligibility declines due
to severe dysarthria and motor control issues [31,32]. Further research into how these
techniques can better target specific speech-motor deficits may lead to more personalized
treatments [31].

As Parkinsonism progresses, particularly APD, therapy may shift toward compen-
satory strategies, including the use of augmentative and alternative communication (AAC)
devices, as speech intelligibility declines due to severe dysarthria and articulatory weak-
ening [33]. Nevertheless, early interventions like LSVT LOUD remain critical in reducing
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the degree of lenition and maintaining intelligible speech for as long as possible. Fur-
ther research into the neurological mechanisms underlying articulatory weakening could
help optimize these interventions, offering more personalized treatment for speech de-
cline [29]. Ongoing research into speech markers of lenition in Parkinsonism increasingly
uses machine learning models and automated speech analysis tools.

In this study, we used Phonet, a machine learning model, to quantify the gradient
degree of lenition. This approach enables us to capture subtle, fine-grained changes in
lenition, providing early diagnostic markers for Parkinson’s Disease (PD) and Atypical
Parkinsonism (APD), while allowing clinicians to track disease progression and tailor
treatment accordingly.

Phonet has been demonstrated to have high accuracy in detecting phonemes and
phonological classes in Spanish [18] and the lenition patterns of Spanish stops [34–36] and
has been effective in modeling speech impairments in patients with Parkinson’s Disease [37],
as well as in analyzing speech characteristics in contexts such as intoxicated speech [38,39]
and L2 Spanish [40,41].

2.3. Phonological Features and Lenition

Phonological features are the distinctive properties that define how sounds function
within a language’s sound system. For the study of lenition, two key features—[continuant]
and [sonorant]—are particularly important. These features help distinguish sounds based
on the degree of airflow and resonance during articulation, both of which are crucial in
understanding how consonants weaken in the lenition process.

The [sonorant] feature refers to sounds that allow relatively free airflow and resonance
through the vocal tract, such as nasals, liquids, glides, and vowels. These [+sonorant]
sounds tend to be voiced and more resonant, contrasting with obstruents like stops and
fricatives, which significantly obstruct airflow. The [continuant] feature distinguishes
sounds that allow sustained airflow from those that do not. These [+continuant] sounds,
including fricatives, liquids, glides, and vowels, permit ongoing airflow through the vocal
tract, while stops, which are [-continuant], involve a complete blockage of airflow.

In lenition, stops, such as /b, d, g/, which are [-continuant], often weaken to fricative-
like or approximant-like realizations. A fricative-like realization would have a high [contin-
uant] probability but a low [sonorant] probability, indicating sustained airflow but limited
resonance. In contrast, an approximant-like realization would exhibit both a high [contin-
uant] probability and a high [sonorant] probability, allowing for both continuous airflow
and greater resonance.

This distinction between fricative-like and approximant-like outcomes is crucial for
understanding the gradient nature of lenition. In languages like Spanish, lenition involves
a shift in voiced stops toward more fricative-like or approximant-like forms, with stops
becoming [+continuant] and/or [+sonorant] in certain contexts. Capturing the interaction
between these two features is essential for analyzing how sounds change and weaken over
time in the lenition process.

3. Phonet

Phonet, developed by Ref. [18], is a machine learning model that estimates the posterior
probabilities of phonological features using bi-directional recurrent neural networks (RNNs)
with gated recurrent units (GRUs). The model processes acoustic features such as log-energy
distributed across triangular Mel filters from short windows (25 ms) of the input signal
with predictions computed over 10 ms frames, ensuring fine-grained temporal resolution.
When multiple frames occur within a phoneme token, the average prediction from the
middle frame(s) is used for classification. These features are then analyzed using GRU
layers, which capture both past and future context in the speech signal. Phonet ultimately
classifies phonological features using a softmax-activated output layer.

In this study, Phonet was trained on 23 Spanish phonological classes and 26 phonemes
using a weighted categorical cross-entropy loss function to address class imbalance. Al-
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though the PD and AD data are in English, we opted to use the Spanish-trained model
due to its proven cross-linguistic effectiveness. As shown by Ref. [42], models trained on
Spanish speech data slightly outperform those trained on English data in classifying PD vs.
healthy controls.

Model training was performed using an NVIDIA GeForce RTX 3090 GPU, and the
corpus was split into a training subset (80%) and a test subset (20%) using the Python
scikit-learn library [43]. Ambiguous targets such as /b, d, g/ were excluded to avoid
contamination. The model achieved an unweighted average recall (UAR) ranging from
94% to 98% for phonological class detection, with UARs of 97% and 96% for the sonorant
and continuant features, respectively. Phoneme detection accuracy ranged from 42% for
speech-like noise /spn/ to 96% for /f/, with most phonemes falling between 59% and 96%.
Please see [34] for model training procedures.

4. Methods
4.1. Data

The data consisted of sentence readings by 142 participants, 108 of whom had been
diagnosed with Parkinson’s Disease (typical PD) and 34 of whom had been diagnosed
with other forms of Parkinsonism (atypical PD). Diagnoses were based on comprehensive
neurological evaluations combined with assessments of dysarthria types, conducted as
part of routine care. Patients with PD all exhibited hypokinetic dysarthria, while those with
Atypical Parkinsonism presented with various dysarthria types, including hypokinetic-
hyperkinetic dysarthria, spastic-ataxic dysarthria, ataxic dysarthria, and mixed forms such
as hypokinetic-flaccid dysarthria. The specific diagnoses are summarized in Table 1.

Table 1. PD and APD diagnoses.

Diagnosis Number of Participants

Parkinson’s Disease (typical PD) 108

Multiple System Atrophy

11
Autonomic-1
Cerebellar ataxia-3
Parkinsonism-6
Unspecified-1

Progressive Supranuclear Palsy 10

Parkinsonism 4

Lewy Body Dementia

4
2 LBD
1 Dementia with Lewy bodies
1 PD with LBD

Corticobasal Degeneration/Corticobasal
Syndrome

3
2 CBD
1 CBS

ALS-PD 1

Cervical dystonia with associated hand tremor 1

The participants read the following four sentences:

1. The valuable watch was missing.
2. Please put the groceries in the refrigerator.
3. The shipwreck washed up on the shore.
4. In the summer they sell vegetables.

The target sounds were the stops across all four sentences. Because of the limited
variety of sentences, only five of the six English stops (/b/, /g/, /p/, /t/, and /k/) were
attested (Table 2).
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Table 2. Tokens across groups and phones.

Typical Atypical

/b/ 216 58

/gg/ 108 29

/p/ 432 116

/t/ 315 81

/k/ 108 29

4.2. Procedure

The PD and APD data were forced aligned using the Montreal Forced Aligner (version:
2.0) [44]. The trained Phonet model described above was applied only to the stop tokens
/b, d, g, p, t, k/, with other phones silenced out. The predicted posterior probabilities for
the [continuant] and [sonorant features] were computed over 10 ms frames. If a phone
token contained multiple frames, then the average of the prediction of the middle frame(s)
was used as the prediction of that phone.

4.3. Analysis

Data were analyzed using linear mixed-effects models [45] in R [46]. Continuant
and sonorant posterior probabilities, respectively, were the dependent variables in each
model. Predictor variables were group (APD vs. PD), voicing (voiced vs. voiceless), and
place (bilabial vs. alveolar vs. velar), and speaker was a random effect. The group and
voicing variables were deviation-coded, and the place of articulation variable was forward
difference-coded. The contrasts examined were bilabial vs. alveolar and alveolar vs. velar,
as well as atypical vs. typical, voiced vs. voiceless, and interactions with the group. The
model formula is given below:

Lmer(posterior probability~group + voice + place + group:voice +
group:place + (1|speaker)

To capture the shape of the posterior probability distribution beyond the conventional
difference in mean, additional analyses were performed using the four statistical moments
calculated over the deviation value of each token. The deviation is the difference between
the “expected” value for each feature and the posterior probability calculated by Phonet.
The expected value is 0 and all deviations are negative if the phone has a negative value for
the feature (e.g., /p/ is [-sonorant]). The expected value is 1 and all deviations are positive
if the phone has a positive value for the feature (e.g., /j/ is [+sonorant]). In this experiment,
since the target stops are [-continuant] and [-sonorant], the deviations are always negative.

The four statistical moments (mean, variance, skewness, and kurtosis) were calculated
for each speaker using the deviation values of both continuant and sonorant features.
Analyzing these moments allows us to capture unique distributional characteristics in
articulation that may help distinguish PD from APD. The mean reflects central tendency,
offering insight into the typical level of articulatory deviation in each group. Variance
indicates the spread, shedding light on consistency or variability in articulatory patterns,
which may differ due to the more pronounced motor control irregularities often seen in
APD. Skewness assesses asymmetry, potentially identifying directional biases linked to
motor deficits. Lastly, kurtosis highlights ‘tailedness’, identifying extreme deviations that
may occur more frequently in APD. Together, these moments allow for a comprehensive
comparison across groups, capturing subtle distributional differences that can illuminate
distinctions in motor speech characteristics between PD and APD.
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A logistic regression was run for each feature, with typical vs. atypical group as the
dependent variable, and the z-scores of the statistical moments for each speaker as the
predictors. In this analysis, the group variable was treatment-coded, with PD as the null
level, and APD as the treatment level. The logistic regression formula is given below:

glm(group~feature.mean.deviation.z + feature.variance.deviation.z +
feature.kurtosis.deviation.z + feature.skewness.deviation.z)

5. Results
5.1. Continuant Posterior Probability

As shown in Figure 1, PD and APD patients did not differ in continuant posterior
probability (b = −0.010, SE = 0.013, t = −0.770, p = 0.442)
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Figure 1. Continuant posterior probability for typical (PD) and atypical (APD) groups: higher
probabilities indicate greater weakening (more fricative-like articulation) of stop consonants across
different groups and places of articulation Dash lines indicate mean values for typical (teal) and
atypical (pink) groups.

Alveolar stops had a lower posterior probability than velar stops (b = −0.072, SE = 0.017,
t = −4.320, p < 0.001) (Figure 2). Post hoc analyses, calculated using estimated marginal
means [47] showed that this place difference only applies to typical PD patients (b = −0.074,
SE = 0.015, t = −4.911, p < 0.001), but not atypical PD patients (b = −0.069, SE = 0.029,
t = −2.332, p = 0.182).

Voiced stops had a significantly higher posterior probability than voiceless stops
(b = −0.037, SE = 0.013, t = −3.010, p = 0.002). Post hoc analyses revealed that voiced
stops had significantly higher posterior probabilities than voiceless stops for PD patients
(b = 0.049, SE = 0.011, t = 4.363, p < 0.001), but not for APD patients (b = 0.002, SE = 0.021,
t = 1.130, p = 0.671) (Figure 3). There were no significant interactions (group × voice:
b = −0.025, SE = 0.025, t = −1.003, p = 0.316; group × place, bilabial vs. alveolar: b = 0.012,
SE = 0.0331, t = 0.459, p = 0.647; group × place, alveolar vs. velar: b = −0.006, SE = 0.033,
t = −0.171, p = 0.864).
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Figure 2. Continuant posterior probability by group and place of articulation: higher probabilities
indicate greater weakening (more fricative-like articulation) of stop consonants across different
groups and places of articulation. “n.s.” denotes no significant difference; “***” indicates a significant
difference at p < 0.0001.

BioMedInformatics 2024, 4, FOR PEER REVIEW 10 
 

 

 
Figure 3. Continuant posterior probability by group and voicing: higher probabilities indicate more 
fricative-like production of stop consonants. “n.s.” denotes no significant difference; “**” indicates 
a significant difference at p < 0.001.  

In the deviation analysis, the distribution of PD deviations had a significantly higher 
mean (b = −1.367, SE = 0.202, z = −6.783, p < 0.001) than the APD distribution. PD patients 
also had a smaller standard deviation (b = 1.227, SE = 0.208, z = 5.907, p < 0.001) and a 
smaller skewness (b = −0.515, SE = 0.240, z = −2.146, p = 0.032) than APD patients. There 
was no difference in the kurtosis of deviations between groups (b = 0.142, SE = 0.226, z = 
0.631, p = 0.528). A larger mean deviation score has less distance from the expected value 
of 0, because all deviations are negative here. Therefore, the larger deviation value implies 
less lenition in the PD group than in the APD group. The smaller skewness score for PD 
patients means that the distribution is less right-tailed than for the APD group, which 
follows from the lower mean score. The lower standard deviation for PD patients suggests 
less variability. 

Figure 4 shows the continuant deviation statistical moments. Mean, in the top left, 
has a maximum value of 0 (no deviation from the expected posterior probability) and a 
minimum value of −1 (expected posterior probability of 0, observed posterior probability 
of 1). Here, the deviations are clustered on the lower end of the scale, demonstrating a 
high continuant posterior probability and a lenited production in comparison to the ex-
pected stop-like production. Variance and kurtosis have a minimum value of 0 and no 
maximum value, and skewness is unbounded. 

n.s. **

Figure 3. Continuant posterior probability by group and voicing: higher probabilities indicate more
fricative-like production of stop consonants. “n.s.” denotes no significant difference; “**” indicates a
significant difference at p < 0.001.



BioMedInformatics 2024, 4 2296

In the deviation analysis, the distribution of PD deviations had a significantly higher
mean (b = −1.367, SE = 0.202, z = −6.783, p < 0.001) than the APD distribution. PD patients
also had a smaller standard deviation (b = 1.227, SE = 0.208, z = 5.907, p < 0.001) and
a smaller skewness (b = −0.515, SE = 0.240, z = −2.146, p = 0.032) than APD patients.
There was no difference in the kurtosis of deviations between groups (b = 0.142, SE = 0.226,
z = 0.631, p = 0.528). A larger mean deviation score has less distance from the expected
value of 0, because all deviations are negative here. Therefore, the larger deviation value
implies less lenition in the PD group than in the APD group. The smaller skewness score
for PD patients means that the distribution is less right-tailed than for the APD group,
which follows from the lower mean score. The lower standard deviation for PD patients
suggests less variability.

Figure 4 shows the continuant deviation statistical moments. Mean, in the top left,
has a maximum value of 0 (no deviation from the expected posterior probability) and a
minimum value of −1 (expected posterior probability of 0, observed posterior probability
of 1). Here, the deviations are clustered on the lower end of the scale, demonstrating a high
continuant posterior probability and a lenited production in comparison to the expected
stop-like production. Variance and kurtosis have a minimum value of 0 and no maximum
value, and skewness is unbounded.
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5.2. Sonorant Posterior Probability

PD and APD patients did not differ in sonorant posterior probability (b = −0.014,
SE = 0.028, t = 0.524, p = 0.601) (Figure 5).
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Voiced stops had a higher sonorant posterior probability than voiceless stops
(b = −0.222, SE = 0.024, t = −9.278, p < 0.001) (Figure 6). This difference was signif-
icant for both PD (b = 0.224, SE = 0.022, t = 10.223, p < 0.001) and APD patients (b = 0.219,
SE = 0.043, t = 5.160, p < 0.001). There was no difference in posterior probability between
places of articulation (bilabial vs. alveolar: b = −0.026, SE = −0.025, t = −1.056, p = 0.291,
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bilabial vs. alveolar: b = 0.012, SE = 0.0331, t = 0.459, p = 0.647; group × place, alveolar
vs. velar: b = −0.006, SE = 0.033, t = −0.171, p = 0.864)

In the deviation analysis, PD patients had a significantly smaller skewness deviation
score than APD patients (b = −0.625, SE = 0.238, z = −2.625, p = 0.009). As in the continuant
model, the PD distribution is less right-tailed (Figure 8). The other three statistical moments
did not differ between groups (mean: b = −0.310, SE = 0.177, z = −1.754, p = 0.079; variance:
b = 0.048, SE = 0.102, z = 0.472, p = 0.637; kurtosis: b = 0.107, SE = 0.176, z = 0.611, p = 0.542).
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6. Discussion and Summary

The findings from this study highlight the potential of lenition, quantified through
posterior probabilities of phonological features, as a diagnostic marker for distinguishing
Parkinson’s Disease (PD) from Atypical Parkinsonism (APD). Although no significant
differences were observed in the overall posterior probabilities of continuant and sonorant
features, critical distinctions emerged through deviation analysis. Specifically, PD patients
exhibited less variability and more stable articulatory patterns, while APD patients demon-
strated greater variability, indicating less precise motor control. These findings suggest that
lenition is more systematic and controlled in PD, whereas APD is characterized by more
erratic and unpredictable articulatory patterns.

The lack of significant overall group differences could result from several factors.
Variation in disease severity among participants may play a role, as more advanced stages
of APD typically involve greater motor control deficits. Dopaminergic treatment effects,
particularly in the PD group, could also mask articulatory differences by mitigating symp-
tom severity. Additionally, variability in individual characteristics, such as age and general
health, may reduce statistical power, highlighting the importance of future studies to clarify
articulatory patterns through these variables.

Moreover, the broader neurodegenerative impact of APD likely contributes to the
increased variability in articulation, affecting motor control more severely and broadly than
in PD. While PD primarily affects the substantia nigra and its dopaminergic pathways,
APD involves more widespread neural disruptions, including in the cerebellum, basal
ganglia, and brainstem [2]. These wider disruptions align with observed lenition patterns
in APD, with motor control deficits in this population being more generalized than those
typically seen in PD.

A key finding in this study was the interaction between group and voicing. In PD
patients, voiced stops exhibited higher continuant and sonorant posterior probabilities
than voiceless stops. This suggests that, although PD patients struggle to form complete
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oral closures for both voiced and voiceless stops, they maintain finer control over the oral
aperture, preserving the contrast between voiced and voiceless stops. In contrast, APD
patients showed the distinction between voiced and voiceless stops in sonorant posterior
probabilities but failed to maintain this distinction in continuant probabilities, indicating a
breakdown in their ability to control smaller oral aperture variations, though they could
manage larger oral openings. These findings align with [8], which reported a similar
breakdown in voicing distinctions in APD. Specifically, [8] found that APD patients were
unable to produce prevoicing (lead voicing or negative VOT), which caused voiced stops to
be perceived as voiceless stops. This inability is likely due to increased supraglottal pressure
during oral closure, which makes it more difficult to initiate and sustain vocal fold vibration.
This increased pressure counteracts the subglottal pressure needed for voicing, exacerbating
motor execution deficits and complex vocal fold movements. The more extensive neural
degeneration in APD likely contributes to this reduced capacity for maintaining contrastive
features. Regarding place of articulation, PD patients demonstrated less lenition in alveolar
stops compared to velar stops, consistent with aerodynamic principles [48,49], which
predict greater lenition for sounds articulated further back in the vocal tract. APD patients,
however, showed no such distinction, suggesting a generalized motor deficit that affects
stops across all places of articulation equally, reinforcing the hypothesis of widespread
neural damage in APD.

The higher variability in speech production observed in APD, particularly in maintain-
ing phonological contrasts, suggests a more significant disruption of the fine motor control
necessary for articulation. By contrast, PD patients exhibited more stable articulatory
patterns, consistent with the more localized neurodegenerative impact of the disease. This
pattern is consistent with the findings of [5], who noted that dysarthria in Progressive
Supranuclear Palsy (PSP) and Multiple System Atrophy (MSA) differed from that of PD
due to its greater severity and the presence of spastic and ataxic components. Specifically,
PSP was marked by increased dysfluency, slower speaking rates, inappropriate silences,
and vowel articulation deficits, while MSA was characterized by vocal tremors, pitch
fluctuations, and prolonged phonemes. The broader motor impairments seen in APD are
reflected in the more frequent and severe lenition observed in this study, consistent with
the findings of [4].

These findings highlight crucial differences in how PD and APD patients manage
articulation, especially in sustaining distinctions between voiced and voiceless sounds. PD
patients, while experiencing some articulatory limitations, retain a degree of control over
the oral aperture and are able to achieve the transglottal pressure necessary for voicing.
This suggests a relatively preserved coordination of laryngeal and respiratory functions,
supporting the maintenance of voicing contrasts. Conversely, the extensive neural degener-
ation in APD, particularly affecting the cerebellum and basal ganglia, disrupts finer control
over both oral and laryngeal articulation, leading to greater challenges in sustaining voicing
distinctions and contributing to reduced intelligibility in APD patients.

The findings also suggest the need for differential therapeutic interventions for PD
and APD to address these specific articulatory challenges. For PD, exercises that strengthen
respiratory and phonatory functions—such as those in the Lee Silverman Voice Treatment
(LSVT LOUD)—are highly beneficial. These exercises focus on enhancing respiratory
support and improving vocal fold adduction, both crucial for maintaining voiced-voiceless
distinctions. LSVT LOUD, in particular, has shown efficacy in increasing vocal loudness
and improving speech clarity, which are key to sustaining voicing contrasts in PD [28].
Additionally, respiratory support exercises that focus on breath control and coordination
with phonation can mitigate supraglottal pressure issues, potentially promoting more stable
voicing onset and maintenance [50].

Targeted tongue exercises, as described by [51], designed to strengthen the suprahyoid
muscles and improve swallowing, may also enhance muscle control and support oral
closure. This improvement can help PD patients produce clearer stop consonants and
maintain voiced–voiceless distinctions, ultimately boosting articulatory precision.
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For APD patients, techniques like exaggerated articulation—employed in the Be
Clear program [52]—and pacing strategies can improve overall speech intelligibility by
stabilizing timing and reducing the slurred speech common in ataxic dysarthria [53]. The
Be Clear program, an intensive treatment for non-progressive dysarthria, incorporates these
techniques to improve intelligibility in individuals with similar impairments following
traumatic brain injury (TBI). Through the repeated practice of exaggerated articulation, it
has shown promising results for speech clarity, supporting gains in intelligibility, vowel
space, and articulatory precision.

Beyond speech-specific interventions, non-pharmacological management strategies
can enhance functional communication and quality of life for APD patients. These include
physical therapy and balance training for motor symptoms, occupational therapy for fine
motor skills essential to daily tasks, and cognitive therapy for addressing potential cogni-
tive deficits. Together, these approaches offer comprehensive support for APD patients,
enhancing both voicing control and functional communication [54]. Taken together, these
results suggest that lenition, particularly in articulatory variability and the maintenance of
voicing contrasts, could serve as a valuable diagnostic marker for distinguishing PD from
APD. The more severe and unpredictable lenition in APD, along with the breakdown in the
ability to differentiate voiced and voiceless stops, reflects the broader neurodegenerative
changes that affect motor control in this population. Future research should explore addi-
tional phonological features, such as nasality and frication, to further refine the differential
diagnosis of Parkinsonian Syndromes.

7. Conclusions

This study demonstrates the potential of lenition as a diagnostic marker for differen-
tiating Parkinson’s Disease (PD) from Atypical Parkinsonism (APD). Through the use of
Phonet, a machine learning model, we captured subtle distinctions in the speech production
patterns of PD and APD patients by analyzing the posterior probabilities of continuant
and sonorant features. While the overall posterior probabilities did not significantly differ
between the groups, deviation analysis revealed critical differences in speech variability
and articulatory precision.

PD patients exhibited more consistent and stable lenition patterns, especially in main-
taining voiced stop articulations, while APD patients showed greater variability and more
pronounced lenition. These findings suggest that lenition patterns, particularly when
analyzed alongside articulatory variability, could serve as valuable diagnostic markers for
distinguishing between these forms of Parkinsonism.

Overall, this study reinforces the growing body of evidence supporting speech analysis
as a non-invasive, objective tool for diagnosing and monitoring neurodegenerative diseases.
By quantifying speech features such as lenition, clinicians may be better equipped to detect
early signs of APD, track disease progression, and develop more personalized treatment
interventions.

8. Limitations and Future Research

While this study provides valuable insights into the potential of using lenition as a
diagnostic marker for Parkinson’s Disease (PD) and Atypical Parkinsonism (APD), several
limitations should be considered. First, the relatively small and imbalanced sample size—
particularly the smaller number of APD participants compared to PD participants—may
limit the generalizability of the results. A larger and more balanced dataset, including a
broader range of APD subtypes, is needed to confirm these findings and strengthen the
validity of the diagnostic patterns observed.

Second, the variability in disease stage and severity among participants is a significant
factor to consider. While our analysis provides valuable insights into articulatory patterns
in both PD and APD, the clinical utility of our method would be most beneficial for early-
stage diagnosis, where distinguishing between typical and atypical Parkinsonism is often
most challenging. However, our study includes participants across a range of disease stages,
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which may affect the generalizability of our findings if severity levels differ significantly
between groups. For example, comparing more advanced stages of atypical Parkinsonism
to early stages of typical Parkinsonism could impact the observed differences in articulatory
patterns.

Third, the analysis relied on a logistic regression model, which assumes a linear
relationship between the predictors and the log odds of group classification. This approach
may oversimplify the complex relationships inherent in articulatory deviations between PD
and APD, potentially overlooking non-linear patterns or interactions. Although non-linear
or machine learning methods could capture these complexities more effectively, we chose
logistic regression for its interpretability and to provide clear, coefficient-based insights in
this exploratory study. Future studies could investigate non-linear models to determine if
they enhance classification accuracy in distinguishing PD from APD.

Fourth, the study focused exclusively on a limited set of phonological features—
continuant and sonorant probabilities—within a narrow set of phonemes. While these
features are crucial for analyzing lenition, the speech of individuals with Parkinsonism is
affected by a wide array of articulatory and phonological factors. Future research should
explore additional phonological features, such as nasality, stridency (frication), and phona-
tion (e.g., breathiness and hoarseness), to provide a more comprehensive understanding of
how speech changes in PD and APD.

Moreover, the sentences used in the data collection process were limited in variety and
complexity. A greater range of linguistic contexts, including spontaneous speech and con-
versational data, could reveal more about how lenition manifests in natural communication.
Since lenition is often gradient and context-dependent, evaluating speech across different
types of discourse (e.g., formal vs. informal) and in more natural settings would offer richer
insights into the full extent of speech impairments in Parkinsonism. Another limitation
concerns the use of the Phonet model, which, while effective in this study, may be sensitive
to variability in language and dialect. The model was trained on Spanish phonological
features, which may not fully align with the phonetic and phonological characteristics of
English, the language used in this study. Future studies should explore how models trained
on different languages perform in similar diagnostic tasks and whether language-specific
models provide better diagnostic accuracy for speakers of various languages [30].

In terms of future research directions, additional studies could investigate whether the
patterns of lenition observed in this study are consistent across different stages of PD and
APD. By tracking speech changes longitudinally, researchers could assess whether lenition
patterns become more pronounced as these diseases progress. This could contribute to the
development of speech-based biomarkers not only for diagnosis but also for monitoring
disease progression.

Furthermore, future work could integrate speech analysis with other diagnostic tools,
such as neuroimaging or physiological assessments, to develop more comprehensive mod-
els of disease detection and progression. Multimodal approaches may reveal correlations
between speech impairments and neural degeneration, thereby providing deeper insights
into the mechanisms behind speech deficits in neurodegenerative disorders.

Additionally, a focused evaluation of early-stage PD and APD patients, paired with the
longitudinal tracking of lenition patterns and integration with neuroimaging and genetic
testing, holds considerable potential to advance early differential diagnosis and reveal
progression-specific changes in articulatory control. Such comprehensive longitudinal data
could establish lenition as a reliable biomarker for tracking disease progression, directly
informing and refining treatment strategies to be more responsive to the evolving needs
of patients.

Lastly, exploring the effects of therapeutic interventions, such as speech therapy
or pharmacological treatments, on lenition patterns in PD and APD patients would be
valuable. Understanding how treatment impacts articulatory precision and lenition could
lead to improved therapeutic strategies that better address the specific motor speech deficits
experienced by individuals with these conditions.



BioMedInformatics 2024, 4 2303

Author Contributions: Conceptualization, R.W., K.T. and K.W.H.; methodology, K.T. and R.W.; soft-
ware, K.T.; validation, K.T., R.R. and R.W.; formal analysis, R.W., R.R. and R.M.; investigation, R.W.,
K.T. and K.W.H.; resources, K.W.H., K.T. and R.W.; data curation, K.W.H.; writing—original draft
preparation, R.W., R.R. and R.M.; writing—review and editing, R.W., R.M. and K.T.; visualization,
R.M.; supervision, R.W., K.T. and K.W.H.; project administration, R.W., K.T. and K.W.H.; funding
acquisition, R.W., K.T. and K.W.H. All authors have read and agreed to the published version of the
manuscript.

Funding: This research was funded by the National Science Foundation (award 852 2037266—SenSE)
and a Research Opportunity Seed Fund from the University of Florida.

Institutional Review Board Statement: The data were obtained from the database of a different
study which was conducted in accordance with the Declaration of Helsinki and was approved by the
Institutional Review Board (or Ethics Committee) of the University of Florida for studies involving
humans. We were approved by the UFIRB to access and use the data for this study (UF IRB201602473).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study
from which the data were obtained.

Data Availability Statement: Data are available upon request to the authors. The data are not
publicly available due to the sensitive information contained therein.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Williams, D.R.; Litvan, I. Parkinsonian syndromes. Contin. Lifelong Learn. Neurol. 2013, 19, 1189–1212. [CrossRef]
2. Litvan, I. Atypical parkinsonian disorders. Contin. Lifelong Learn. Neurol. 2004, 10, 42–64. [CrossRef]
3. Höglinger, G.U.; Respondek, G.; Stamelou, M.; Kurz, C.; Josephs, K.A.; Lang, A.E.; Mollenhauer, B.; Müller, U.; Nilsson, C.;

Whitwell, J.L.; et al. Clinical diagnosis of progressive supranuclear palsy: The movement disorder society criteria. Mov. Disord.
2017, 32, 853–864. [CrossRef]

4. Tolosa, E.; Garrido, A.; Scholz, S.W.; Poewe, W. Challenges in the diagnosis of Parkinson’s disease. Lancet Neurol. 2021, 20,
385–397. [CrossRef]
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10. Novotný, M.; Rusz, J.; Čmejla, R.; Růžička, E. Automatic evaluation of articulatory disorders in Parkinson’s disease. IEEE/ACM
Trans. Audio Speech Lang. Process. 2014, 22, 1366–1378. [CrossRef]

11. Flint, A.J.; Black, S.E.; Campbell-Taylor, I.; Gailey, G.F.; Levinton, C. Acoustic analysis in the differentiation of Parkinson’s disease
and major depression. J. Psycholinguist. Res. 1992, 21, 383–399. [CrossRef] [PubMed]

12. Ravizza, S.M. Dissociating the performance of cortical and subcortical patients on phonemic tasks. Brain Cogn. 2003, 53, 301–310.
[CrossRef] [PubMed]

13. Fischer, E.; Goberman, A.M. Voice onset time in Parkinson disease. J. Commun. Disord. 2010, 43, 21–34. [CrossRef] [PubMed]
14. Volaitis, L.E.; Miller, J.L. Phonetic prototypes: Influence of place of articulation and speaking rate on the internal structure of

voicing categories. J. Acoust. Soc. Am. 1992, 92, 723–735. [CrossRef]
15. Martínez-Nicolás, I.; Llorente, T.E.; Martínez-Sánchez, F.; Meilán, J.J.G. Ten years of research on automatic voice and speech

analysis of people with Alzheimer’s disease and mild cognitive impairment: A systematic review article. Front. Psychol. 2021, 12,
620251. [CrossRef]

16. Kouba, T.; Illner, V.; Rusz, J. Study protocol for using a smartphone application to investigate speech biomarkers of Parkinson’s
disease and other synucleinopathies: SMARTSPEECH. BMJ Open 2022, 12, e059871. [CrossRef]

17. Rusz, J.; Tykalova, T.; Ramig, L.O.; Tripoliti, E. Guidelines for speech recording and acoustic analyses in dysarthrias of movement
disorders. Mov. Disord. 2021, 36, 803–814. [CrossRef]

18. Vásquez-Correa, J.C.; Klumpp, P.; Orozco-Arroyave, J.R.; Nöth, E. Phonet: A tool based on gated recurrent neural networks to
extract phonological posteriors from speech. Interspeech 2019, 2019, 549–553. [CrossRef]

https://doi.org/10.1212/01.CON.0000436152.24038.e0
https://doi.org/10.1212/01.CON.0000293567.17705.8e
https://doi.org/10.1002/mds.26987
https://doi.org/10.1016/S1474-4422(21)00030-2
https://doi.org/10.1007/s00415-015-7671-1
https://doi.org/10.1016/j.jvoice.2010.01.009
https://doi.org/10.1121/1.4816541
https://doi.org/10.1016/j.bandl.2016.11.005
https://doi.org/10.1121/1.397755
https://doi.org/10.1109/TASLP.2014.2329734
https://doi.org/10.1007/BF01067922
https://www.ncbi.nlm.nih.gov/pubmed/1447729
https://doi.org/10.1016/S0278-2626(03)00131-3
https://www.ncbi.nlm.nih.gov/pubmed/14607169
https://doi.org/10.1016/j.jcomdis.2009.07.004
https://www.ncbi.nlm.nih.gov/pubmed/19717164
https://doi.org/10.1121/1.403997
https://doi.org/10.3389/fpsyg.2021.620251
https://doi.org/10.1136/bmjopen-2021-059871
https://doi.org/10.1002/mds.28465
https://doi.org/10.21437/Interspeech.2019-1405


BioMedInformatics 2024, 4 2304

19. Hualde, J.I. The Sounds of Spanish; Cambridge University Press: Cambridge, UK, 2005.
20. Hualde, J.I.; Eager, C.D. Final devoicing and deletion of/-d/in Castilian Spanish. Stud. Hisp. Lusoph. Linguist. 2016, 9, 329–353.

[CrossRef]
21. Marotta, G. Lenition in Tuscan Italian (gorgia toscana). In Lenition and Fortition; De Gruyter Mouton: Berlin, Germany, 2008;

pp. 235–270. [CrossRef]
22. Hualde, J.I.; Nadeu, M. Lenition and phonemic overlap in Rome Italian. Phonetica 2012, 68, 215–242. [CrossRef]
23. Katz, J.; Pitzanti, G. The phonetics and phonology of lenition: A Campidanese Sardinian case study. Lab. Phonol. J. Assoc. Lab.

Phonol. 2019, 10, 16. [CrossRef]
24. Forrest, K.; Weismer, G. Dynamic aspects of lower lip movement in Parkinsonian and neurologically normal geriatric speakers’

production of stress. J. Speech Hear. Res. 1995, 38, 260–272. [CrossRef]
25. Walsh, B.M. Speech Production in Individuals with Parkinson’s Disease: Basic Kinematic Parameters and Effects of Increased

Linguistic Demands on Interarticulatory Coordination. Doctoral Dissertation, Purdue University, West Lafayette, IN, USA, 2007.
26. Kleinow, J.; Smith, A.; Ramig, L.O. Speech motor stability in IPD: Effects of rate and loudness manipulations. J. Speech Lang. Hear.

Res. 2001, 44, 1041–1051. [CrossRef]
27. Cai, W.; Young, C.B.; Yuan, R.; Lee, B.; Ryman, S.; Kim, J.; Yang, L.; Levine, T.F.; Henderson, V.W.; Poston, K.L.; et al. Subthalamic

nucleus—Language network connectivity predicts dopaminergic modulation of speech function in Parkinson’s disease. Proc.
Natl. Acad. Sci. 2024, 121, e2316149121. [CrossRef]

28. Ramig, L.O.; Sapir, S.; Fox, C.; Countryman, S. Intensive voice treatment (LSVT®) for patients with Parkinson’s disease: A 2-year
follow-up. J. Neurol. Neurosurg. Psychiatry 2001, 71, 493–498. [CrossRef]

29. Sapir, S.; Ramig, L.O.; Fox, C.M. Intensive voice treatment in Parkinson’s disease: Lee Silverman voice treatment. Expert Rev.
Neurother. 2011, 11, 815–830. [CrossRef]

30. Fox, C.; Ebersbach, G.; Ramig, L.; Sapir, S. LSVT LOUD and LSVT BIG: Behavioral treatment programs for speech and body
movement in Parkinson’s disease. Park. Dis. 2012, 2012, 391946. [CrossRef]

31. Creer, S.; Enderby, P.; Judge, S.; John, A. Prevalence of people who could benefit from augmentative and alternative communication
(AAC) in the UK: Determining the need. Int. J. Lang. Commun. Disord. 2016, 51, 639–653. [CrossRef]

32. Elsahar, Y.; Hu, S.; Bouazza-Marouf, K.; Kerr, D.; Mansor, A. Augmentative and alternative communication (AAC) advances: A
review of configurations for individuals with a speech disability. Sensors 2019, 19, 1911. [CrossRef]

33. Tjaden, K. Speech and swallowing in Parkinson’s disease. Top. Geriatr. Rehabil. 2008, 24, 115–126. [CrossRef]
34. Tang, K.; Wayland, R.; Wang, F.; Vellozzi, S.; Altmann, L. From sonority hierarchy to posterior probability as a measure of lenition:

The case of Spanish stops. J. Acoust. Soc. Am. 2023, 153, 1191–1203. [CrossRef] [PubMed]
35. Wayland, R.; Tang, K.; Wang, F.; Vellozzi, S.; Sengupta, R. Quantitative acoustic versus deep learning metrics of lenition. Languages

2023, 8, 98. [CrossRef]
36. Tang, K.; Wayland, R.; Wang, F.; Vellozzi, S.; Sengupta, R. Evaluating the consistency of lenition measures: Neural networks′

posterior probability, intensity velocity, and duration. J. Acoust. Soc. Am. 2024, 156, 1367–1379. [CrossRef] [PubMed]
37. Wayland, R.; Tang, K.; Wang, F.; Vellozzi, S.; Meyer, R.; Sengupta, R. Neural network-based measure of consonant lenition

in Parkinson’s Disease. In Proceedings of the Meetings on Acoustics; AIP Publishing: College Park, Maryland, USA, 2023;
Volume 52. [CrossRef]

38. Wayland, R.; Tang, K.; Vellozzi, S.; Wang, F.; Sengupta, R. Measuring gradient effects of alcohol on speech with neural networks’
posterior probability of phonological features. In Proceedings of the 20th International Congress of Phonetic Sciences, Prague,
Czech Republic, 7–11 August 2023.

39. Wayland, R.; Tang, K.; Wang, F.; Vellozzi, S.; Sengupta, R. Neural networks’ posterior probability as measure of effects of alcohol
on speech. Proc. Mtgs. Acoust. 2023, 51, 060001. [CrossRef]

40. Wayland, R.; Meyer, R.; Vellozzi, S.; Tang, K. Lenition in L2 Spanish: The Impact of Study Abroad on Phonological Acquisition.
Brain Sci. 2024, 14, 946. [CrossRef]

41. Meyer, R.; Wayland, R.; Tang, K.; Vellozzi, S.; Sengupta, R. Measuring second language acquisition of spanish lenition. In
Proceedings of the Society for Computation in Linguistics (SCiL), Irvine, CA, USA, 27–29 June 2024; pp. 297–301.

42. Hosseini-Kivanani, N.; Vasquez, J.C.; Schommer, C.; Noeth, E. Exploring the use of phonological features for Parkinson’s disease
detection. In Proceedings of the 20 th International Congress of Phonetic Sciences (ICPhS 2023), Prague, Czech Republic, 7–11
August 2023; pp. 3897–3901.

43. Pedregosa, F.; Varoquaux, G.; Gramfort, A.; Michel, V.; Thirion, B.; Grisel, O.; Blondel, M.; Prettenhofer, P.; Weiss, R.; Dubourg, V.;
et al. Scikit-learn: Machine learning in Python. J. Mach. Learn. Research. 2011, 12, 2825–2830.

44. McAuliffe, M.; Socolof, M.; Mihuc, S.; Wagner, M.; Sonderegger, M. Montreal Forced Aligner: Trainable Text-Speech Alignment
Using Kaldi. 2017. Available online: https://github.com/MontrealCorpusTools/Montreal-Forced-Aligner (accessed on 19
October 2024).

45. Bates, D.; Mächler, M.; Bolker, B.; Walker, S. Fitting linear mixed-effects models using lme4. J. Stat. Software 2014, 67, 1–48.
[CrossRef]

46. R Core Team. R: A Language and Environment for Statistical Computing. R Foundation for Statistical Computing. 2024. Available
online: https://www.R-project.org/ (accessed on 18 November 2024).

https://doi.org/10.1515/shll-2016-0014
https://doi.org/10.1515/9783110211443.2.235
https://doi.org/10.1159/000334303
https://doi.org/10.5334/labphon.184
https://doi.org/10.1044/jshr.3802.260
https://doi.org/10.1044/1092-4388(2001/082)
https://doi.org/10.1073/pnas.2316149121
https://doi.org/10.1136/jnnp.71.4.493
https://doi.org/10.1586/ern.11.43
https://doi.org/10.1155/2012/391946
https://doi.org/10.1111/1460-6984.12235
https://doi.org/10.3390/s19081911
https://doi.org/10.1097/01.TGR.0000318899.87690.44
https://doi.org/10.1121/10.0017247
https://www.ncbi.nlm.nih.gov/pubmed/36859152
https://doi.org/10.3390/languages8020098
https://doi.org/10.1121/10.0028299
https://www.ncbi.nlm.nih.gov/pubmed/39189786
https://doi.org/10.1121/2.0001913
https://doi.org/10.1121/2.0001764
https://doi.org/10.3390/brainsci14090946
https://github.com/MontrealCorpusTools/Montreal-Forced-Aligner
https://doi.org/10.18637/jss.v067.i01
https://www.R-project.org/


BioMedInformatics 2024, 4 2305

47. Lenth, R. emmeans: Estimated Marginal Means, aka Least-Squares Means. R Package Version 1.10.5. 2024. Available online:
https://doi.org/10.32614/CRAN.package.emmeans (accessed on 19 October 2024).

48. Javkin, H. Towards a phonetic explanation for universal preferences in implosives and ejectives. In Proceedings of the 3rd Annual
Meeting of the Berkeley Linguistics Society, Berkeley, CA, USA, 19–21 February 1977; pp. 559–565.

49. Ohala, J.J. A mathematical model of speech aerodynamics. Annu. Rep. Inst. Phon. Univ. Copenhagen. 1974, 8, 11–22. [CrossRef]
50. Sapienza, C.; Hoffman, B. Respiratory Muscle Strength Training; Plural Publishing: San Diego, CA, USA, 2020.
51. Plaza, E.; Busanello-Stella, A.R. Effects of a tongue training program in Parkinson’s disease: Analysis of electrical activity and

strength of suprahyoid muscles. J. Electromyogr. Kinesiol. 2022, 63, 102642. [CrossRef]
52. Park, S.; Theodoros, D.; Finch, E.; Cardell, E. Be Clear, an intensive treatment for non-progressive dysarthria: A case report. In

Clinical Cases in Dysarthria; Routledge: Abingdon, UK, 2021; pp. 57–71.
53. McHenry, M.A. The effect of pacing strategies on the variability of speech movement sequences in dysarthria. J. Speech Lang. Hear.

Res. 2003, 46, 702–710. [CrossRef]
54. Constantinides, V.C.; Giagkou, N.; Brinia, M.E.; Koros, C.; Stefanis, L.; Stamelou, M. Management Strategies for Atypical

Parkinsonism. Curr. Treat. Options Neurol. 2024, 26, 169–187. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.32614/CRAN.package.emmeans
https://doi.org/10.7146/aripuc.v8i.130949
https://doi.org/10.1016/j.jelekin.2022.102642
https://doi.org/10.1044/1092-4388(2003/055)
https://doi.org/10.1007/s11940-024-00787-6

	Introduction 
	Lenition 
	Lenition Across Languages 
	Lenition in Parkinsonism 
	Phonological Features and Lenition 

	Phonet 
	Methods 
	Data 
	Procedure 
	Analysis 

	Results 
	Continuant Posterior Probability 
	Sonorant Posterior Probability 

	Discussion and Summary 
	Conclusions 
	Limitations and Future Research 
	References

