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Automated Detection of Dysprosody in Patients with
Parkinson’s Disease

Fredrik Nylén

Deparment of clinical Sciences, Umeé University, SE91333 Umea, Sweden; fredrik.nylen@umu.se

Abstract: Dysprosody is a commonly described feature of speech deterioration due to Parkinson’s disease.
Descriptions of the tonal movements underlying dysprosody have been attempted but has not afforded
automation. The current study assessed a fully automated acoustic analysis pipeline in terms of its ability to
predict human raters” perception of dysprosody in patients with Parkinson’s disease. Read speech samples of
68 speakers with PD (45 male and 23 female) aged 65.0+9.8 years were assessed by four human clinical experts
in terms of dysprosody severity. The recordings were also submitted to a speech processing pipeline in which
portions with speech were identified and provided with a parametrization of intonation. Five models were
trained and tuned based on 75% of utterances and their perceptual evaluations in a 10-fold cross-validation
procedure and evaluated in terms of their ability to predict the perceptual assessments of recordings not
included in the training. The performances of models were compared to human raters’ agreement with the
majority vote on a speech sample. The results showed that human raters” assessments of dysprosody can be
approximated by the automated procedure. Variability in pitch does not adequately describe the level of
dysprosody due to Parkinson’s disease.
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1. Introduction

Dysprosody is a well-attested symptom of Parkinsons’ disease [1] and is discussed in the
literature as an “impaired melody of speech”, speaking monotony in pitch or loudness (“monopitch”
and “monoloudness” respectively), “hypophonia”, or an “altered rate of speech” [2]. Dysprosody is
an early onset symptom of the disease [1] that is a prominent factor behind reduced speech
intelligibility of patients with Parkinsonian dysarthria [3—-6]. While most often discussed in
connection with the dysarthrias, and predominately in connection with Parkinson’s disease, effects
on expressive dysprosody have also been observed following lesions in the caudate nucleus, the
globus pallidus, and the putamen [7], in case reports of left hemiparesis and right hemisphere tumors
[8], and in approximately 2.7% of patients with epileptic seizures [9]. When occurring as a component
of apraxia of speech [10], it has been observed that symptoms may be alleviated by neurobehavioral
treatment [11].

While widely attested and often discussed in reports of speech effects of Parkinson’s disease and
other neurological diseases [12] or of dopaminergic treatments [13,14] there is currently no clinically
validated objective measure of dysprosody by which the effect of treatment may be assessed [15].
One barrier to developing acoustic assessment methods for dysprosody originates in the complex
nature of prosody itself [7], and the assessment is therefore often approximated by a singular focus
on variability in fundamental frequency (fo) in utterances [6,13,16-19]; in Parkinsonian dysarthria,
smaller fo excursions have been observed when speaking.

Well-functional prosody is, however, a well-explored field of linguistics, with analysis
frameworks that may offer a path toward analysis of dysprosody resulting from neurological
diseases as well. The autosegmental-metrical framework analyses the realization and temporal
alignment of language-specific intonational units (tones) and the strength of breaks (pauses) in
speech. The aim of the analysis is to describe the functional properties of the speech signal that
conveys prosodic information to the listener. The autosegmental-metrical framework has been
applied to describe aspects of dysprosody in patients with Parkinson’s disease. In these analyses, it
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has been observed that the frequency of pitch accents and boundary tones in intonation, and pauses,
and length of utterances on the rhythmic level of dysprosody, may be altered by the disease while
the inventory of tones used remains unchanged [20-22]. The autosegmental-metrical analysis is a
manual process, but Frota et al. recently proposed a quantification of the autosegmental-metrical
analysis framework for Portuguese (P-ToBI) that incorporated expected and realized pitch accents
and breaks into an intonational index of prosodic deviance [16] by which a difference in prosodic
phrasing and use of nuclear tones in persons with Parkinson’s disease was indicated [16]. The
analysis requires manual annotation of where the utterance occurred and pitch accents and break
indices within the utterance by a specifically trained annotator. Further, the analysis system has not
been demonstrated to be generalizable to languages other than Portuguese, and the tone and break
indices approach to prosodic analysis is well recognized to require that the analysis system is adapted
to fit the individual language [23]. The index has not been successfully related to the perceived level
of dysprosody in the patients. Thus, autosegmental-metrical approaches currently do not offer a path
to automated and language-independent evaluation of neurogenic dysprosody.

Alternative approaches are acoustically defined composite measures applied to easilly identified
portions of the speech signal and therefore require less laborious manual annotation. The Stress

Pattern Index [24], defined as 1 + In (M) Y. E ) where fo is the fundamental frequency and E the

formin

speech signal energy, applies to words that should have prominence in an utterance to signal
appropriate meaning. Alternatively, the Syllabic Prosody Index [25], defined as f,vVd/ VEf<ikuz in
which d is the duration of the syllable and the speech signal energy E is computed after low-pass
filtering, applies to prominent syllables. Both indices have been verified to quantify aspects of
dysprosody due to Parkinson’s disease. The Syllabic Prosody Index was, for instance, found to be
reduced compared to control speakers only for male speakers [24,26]. The indices have not been
evaluated in terms of classification performance. In terms of classification, the most reliable models
of dysprosody severity due to dysarthria have shown an accuracy of 62.2-73.9%, depending on model
type, when trained on a set of intonation (fo) and rhythmic properties [27]. The application of the
models investigated by Hernandez et al. [27], the Stress Pattern, and Syllabic Prominence indices
requires language-specific manual annotation on one [24,26] or multiple [27] tiers before application
and may be considered unwieldy in clinical application.

A path to automated assessment of dysprosody severity may, however, be afforded by
application of language-independent approaches to describe intonational contours. The International
Transcription System for Intonation (INTSINT) re-encodes the surface intonational contour into
language agnostic (T)op, (H)igher (local maximum), (U)ppstepped, (S)ame, (M)id, (D)ownstepped,
(L)ower (local minimum), and (B)ottom levels defined relative to the fo key and fo range. Therefore,
the original fo contour may be approximately reproduced given the INTSINT transcription labels and
their locations in the utterance [28]. A companion fo contour simplification algorithm (Modeling
melody, Momel) filters out micro-prosodic components of the contour by approximation using
quadratic splines. With only the macro-prosodic intonational structure remaining the representation
is refocused to include only intonational movements that are likely to serve a function in
communication. See Hirst [29] for an overview. The macro-prosodic approximation of the
intonational contour can then be used for the identification of INTSINT anchor (target) points in the
utterance. Figure 1 exemplifies the result of a combined INTSINT and Momel analysis. The Momel
and INTSINT annotation procedures have been automated, applied successfully to different
languages [30-35], and given a canonical computer implementation [36]. An alternative fo stylization
procedure is offered by ProsodyPro [37], which assumes a relatively constant segmental tier. This
assumption was, however, considered not generally valid with regards to dysarthria [38] and this
possible route to an automatic annotation was not pursued further. In contrast, the INTSINT / Momel
analysis quantifies only the intonation contour and disregards the segmental information and
pausing. The time marks identified by an INTSINT annotation provide reference points at which
supplementary acoustic information could be computed directly from the sound. Whether an
assessment procedure based on the result of an INTSINT / Momel analysis affords modeling of the
level of dysprosody has, however, not been evaluated.
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While the INTSINT and Momel procedures offer the opportunity to process intonation and other
time-aligned acoustic information, the procedures presuppose that the utterance has already been
identified and extracted manually. Recent developments in speaker diarization and vocal activity
detection [39-44], however, offer the opportunity to preprocess speech recordings into vocal
activities, approximating utterances, which can then be fed into an INTSINT / Momel analysis
workflow in which the tonal movements are described in terms of timings and fo levels reached. The
INTSINT / Momel analysis workflow provides a description of the micro and macro-prosodic
intonation pattern of an utterance but not a summative quantification of prosody. The tonal levels
provided after an INTSINT annotation can, however, be used as reference time points at which the
Momel stylized fo and RMS amplitude of the speech signals can be extracted and given with a
quantification that provides a prosodically relevant summation of the utterances.

The aim of the current study was to describe and evaluate an automated pipeline, with utterance
identification and a novel quantification of intonation and speech intensity alterations, and to
evaluate this pipeline in terms of its affordance for automatic assessment of dysprosody in patients
with Parkinson’s disease.
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Figure 1. An example automatic INTSINT annotation (bottom panel) along with the audio waveform
(middle panel) and computed f0O curve (top panel, green). The approximation of the macro prosodic
structure of the utterance estimated by the Momel algorithm is visualized is overlayed on the original
{0 curve (top panel, red).

2. Materials and Methods

2.1. Perceptual evaluation of dysprosody

Audio recordings of 68 speakers with PD (45 male and 23 female) aged 65.0+9.8 yrs, and with an
average Hoehn & Yahr (H&Y, Hoehn and Yahr, 1967) rating of 2.42+0.57, and an average Unified
Parkinson’s Disease Rating Scale motor score (UPDRS part 111, e.g., [45]) of 33+12 were included in
this study. The participants were asked to read a 89 word text, in which statements, interrogations,
assertions, and instances of role changes are included, and is the standard text used in dysarthria
assessment in which dysprosody is an assessed component (“Ett svart fall” [“A difficult case”]). The
readings included were made either on or off L-dopa medication (1.5 h separation between sessions)
to increase the range of speech impairment levels in the study. The recordings were made in a quiet
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room in either 48 kHz (n=79) or 44.1 kHz (n=29) sampling rate using either a Sennheiser HSp 4 and a
MZA 900 P phantom adapter or a Marantz PMD 660 digial audio flash recorder.

Four expert Speech-Language Pathologists (SLPs) with considerable (>20 years) experience in
the assessment of dysarthria assessed all (108) readings of the standard text individually in four
domains and focus of the current report is on the ratings of “Prosody”; the other domain assessments
have been discussed in detail in a previous report [46]. All readings were assessed individually by
the four raters, with individually randomized presentation order, with no time limitation, and the
possibility to listen as many times as required. A rating scale of “No deviation,” “Mild,”, “Moderate”,
and “Severe” deviation was employed in the perceptual assessment. Similar to the procedure in [46]
the moderate and severe categories were subsequently merged into a “Moderate to severe” category
in order to support model training, due to too few ratings of severe deviation. An initial consensus
training session in which four readings were rated and then discussed for consensus was performed
prior to the perceptual assessment to strengthen inter-rater reliability. Laptops and Sennheiser HD
212Pro headsets were used in the perceptual evaluation.

2.2. Speech signal processing

The audio recordings were segmented into vocal activities approximating read speech sentences
using overlap-aware speech detection using the pyannote framework [42,43]. The identified portions
of speech acts were then submitted to an INTSINT / Momel processing pipeline in which the fo tracks,
key, and fo range of the utterance were automatically identified. A 10ms analysis window was used
when identifying fo. Subsequent steps used the computed fo track to derive INTSINT labels and
compute their timing. Finally, Momel derived the macro-prosodic intonational structure associated
with INTSINT annotations and identified their time points.

Following the speech segmentation and INTSINT / Momel preprocessing steps, quantifications
designed to capture liveliness as well as the ability to provide linguistic function were applied to the
INTSINT annotation time points and their associated fo levels, and an estimation of speech amplitude
estimated as root mean squared (RMS) amplitude in the same time windows used when computing
the fo contour. The measures were designed to capture micro-variability in foand RMS amplitude of
the speech signal in adjacent INTSINT tonal time points, as well as the macro-variability in the
acoustic properties across an utterance. An overview of the measures computed as well as a
description of them are presented in Table 1.

Table 1. Descriptions of quantifications applied to the INTSINT and Momel results.

Domain Measure name Description
The mean time difference between consecutive
Ti Time diff MEAN
me e dt INTSINT annotations (in ms)
The median time difference between consecutive
Time diff MEDIAN
tme dt INTSINT annotations (in ms)
The variance in time differences between consecutive
Time diff VAR
medt INTSINT annotations (in ms?)
The minimum time difference between consecutive
Time diff MI
ime diff MIN INTSINT annotations (in ms)
The maximum time difference between consecutive
Time diff MAX
medt INTSINT annotations (in ms)
INTSINT / s The average INTSINT label concentration in the
utterance
Duration The utterance duration
The mean difference in fo between consecutive
Pitch fo diff MEAN
e ot INTSINT annotations (in Hz)
fo diff MEDIAN The median difference in fo between consecutive

INTSINT annotations (in Hz)
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The variance in fo differences between consecutive

fodiff VAR
diff Vv INTSINT annotations (in Hz)
. The minimum difference in fo between consecutive
fodiff MIN INTSINT annotations (in Hz)
. The maximum difference in fo between consecutive
fodiff MAX INTSINT annotations (in Hz)
foCOV The coefficient of variance in foacross the utterance
The variance in fo differences between consecutive
fodiff VAR /s INTSINT annotations (in Hz), normalized by the
duration (in seconds) of the utterance.
fo key The pitch key of the utterance
fo range The pitch range of the utterance
Amplitude RMS COV The coefficient of variance in RMS amplitude across
the utterance
Intonational Unique INTSINT The number of distinct INTSINT labels encoded in the

levels utterance

2.3. Statistical modeling

The ability of the quantifications of the prosody in the automatically extracted utterances to serve
as predictors of human experts' ratings of dysprosody (“No deviation,” “Mild,”, “Moderate to Severe
deviation”) was evaluated in a cross-validation procedure. Five classification models were evaluated.
The Naive Bayes is a supervised multiclass classifier based on the probability classification Bayesian
theory [47] that has been shown to perform well in small sample speech classifications [48,49].
Decision trees are a supervised non-parametric learning method that derives a heretical set of simple
decision rules that are applied to the predictors to derive a predicted class. Decision trees have
received some use in the classification of speech or singing [50,51] but are predominately perceived
as advantageous to explore as they can be clearly visualized and, therefore, easily accessible as input
in clinical decision-making. The random forest procedure constructs multiple decision trees trained
on random subsets of predictors and may provide enhanced prediction accuracy over simpler
decision trees [52,53]. The polynomial support vector machine model maximizes the width of the
distance between classes in a multidimensional space and has been used to identify both neurological
diseases [53-55] and vocal expression of emotion [56,57]. Finally, elastic-net regularized ordinal
regression optimizes the error as well as a tuned balance between penalty terms based on the
summed squares and the norms of the coefficients and has been used previously in models of detailed
motor deterioration of speech performance due to Parkinson’s disease [46,58].

The five models were trained on a training data set consisting of acoustic predictors extracted
from 75% of the recorded readings, matched with all expert raters’ assessment of dysprosody in the
patients’ speech. The random division of the data into training (n=203, 75%) and evaluation (n=69,
25%) data sets was made in a stratified manner to ensure a similar distribution of levels of dysprosody
in the two data sets. The model parameters were tuned in a 10-fold cross-validation procedure and
the models were optimized based on their ability to predict the perceptual assessments of utterances
in the 10% (holdout) fold of the training data. The mean logarithmic loss function was used as the
measure for classification error in the model tuning procedure. The model tuning was performed
using 1000 parameter candidates for each hyper-parameter (Table 2) that were spaced to maximize
entropy in the distribution [59] with a variogram range of 2. The tuning procedure was repeated ten
times, each time with a different holdout portion of the data, and the final models were then
constructed by averaging all ten computed models of each type (Naive Bayes, Decision tree, Random
forest, Support Vector Machine, and Penalized ordinal regression) to derive the final models.

Table 2. The hyper-parameters tuned for each model in the 10-fold cross-validation procedure.

Model name Hyperparameter
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Naive Bayes The relative smoothness of the class boundaries
Decision tree The cost complexity
Maximum tree depth
Random forest The number of trees

Support Vector Machines T.he cost of pred.icting a sample inside of or on the wrong
side of the margin
Penalized Ordinal Regression The total amount of regularization

The proportion of L1 and L2 penalization

The final models were assessed in terms of their accuracy in predicting human raters’
assessments of dysprosody in the 25% of utterances which was not included when training the
models. The classification performances were assessed using the Balanced accuracy, F1-measure and
the Mathew’s correlation coefficient (MCC) metrics, which was thought to provide an appropriate
estimate of the performance despite the imbalanced nature of the classification task [60] and have
multiclass extensions [61]. Similarly, human raters’ agreement with the most frequently occurring
assessment of the reading (consensus rating) was computed. The consensus rating was selected over
assessment based on the level of inter-rater agreement to allow for an increased robustness of
dysprosody assessment by cooperating clinical colleagues. Both human raters and computational
models were evaluated on recordings for which they had not been informed of the true outcome. The
human raters were assessed using the same classification metrics as the trained statistical models.

3. Results

The performance of statistical models in predicting the assessments of trained clinical
professionals is presented in Table 3, along with the agreement of each of the four professionals’
assessments with the majority rating for the utterance. Table 4 summarizes the inter-rater agreement
between pairs of raters. The lowest prediction accuracy was indicated for Naive bayes (0.54), which
also showed a very low correlation between prediction and outcome (MCC < 0). The human raters
showed an average balanced agreement (accuracy in prediction) with a consensus of 0.80+0.06 (0.70-
0.84), an average MCC of 0.56+0.10 (0.41-0.65), and an average F1 score of 0.73+0.09 (0.60-0.80). The
Decision tree, Support Vector Machine and Penalized ordinal regression models formed a natural
group in performances that were slightly worse than the human raters, with an average accuracy in
predicting the assessments of humans of 0.65+0.02 (0.63-0.67), an average MCC of 0.21+0.05 (0.16-
0.25), and an average F1 score of 0.53+0.01 (0.51-0.54). The Decision tree model, however, showed
misclassifications of utterances with No deviation as Moderate to severe deviation to a comparable
degree as the Naive bayes and Rater 4, but which is not observed for Support Vector Machines,
Penalized ordinal regression, and Raters 1-3. The Random forest model showed prediction
performance of unseen human assessments (accuracy=0.74, MCC=0.42, F1=0.65) that were
comparable with one of the human raters” agreement with the consensus (accuracy=0.70, MCC=0.41,
F1=0.60).

Table 5 presents the summed, normalized, Variable importances of acoustic predictors across all
final models computed by the Feature Importance Ranking Measure approach [62].
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Table 3. The agreement between individual rater’s assessment and the group consensus and the performances of trained models in predicting human ratings in unobserved data.

Expert assessment

Model assessment

Dysprosody severity Individual Rater Rater Rater Rater | Naive Decision Random Support Vector Penalized ordinal
(majority rating) assessment 1 2 3 4 bayes tree forest Machine regression

No deviation No deviation 42 46 45 25 24 2 23 21 23
Mild deviation 11 7 8 22 28 7 8 7
Moderate to severe| O 0 6 0 1
deviation

Mild deviation No deviation 7 7 5 2 25 2 12 12 17
Mild deviation 36 35 38 19 1 26 14 14 9
Moderate to severe| 2 3 2 24 2 0 2 2 4
deviation

Moderate to severe No deviation 1 1 0 0 6 0 1 6 5

deviation
Mild deviation 2 1 3 0 3 11 5 5
Moderate to severe 8 10 2 0 5 0
deviation

Metrics Balanced accuracy 084 086 088 0.62 0.54 0.65 0.74 0.65 0.63
MCC 063 069 071 0.30 -0.02 0.25 0.42 0.21 0.16
F1 score 079 082 083 0.50 0.39 0.54 0.65 0.53 0.51

Note: The majority vote in human experts” assessments were considered the true outcome, against which individual assessments were compared. The Individual assessments were made either

by an individual human expert rater or by an assessment model.
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Table 4. Inter-rater agreement in dysprosody severity assessments among human raters.

Compared ratings % Agreement Cohen’s
Rater 1 — Rater 2 69 0.47
Rater 1 — Rater 3 62 0.35
Rater 1 — Rater 4 44 0.18
Rater 2 — Rater 3 66 0.40
Rater 2 — Rater 4 46 0.22
Rater 3 — Rater 4 43 0.15

Table 5. Total variable importance across all models.

Measure name Variable importance

fodiff MIN 9.3
fodiff VAR 7.6
fodiff MAX 7.2
fo key 6.1
foCOV 4.8
fodiff VAR / s 29
Time diff MEAN 24
Time diff MEDIAN 1.8
fo range 0.9
fodiff MEDIAN 0.6
Time diff MAX 0.6
fodiff MEAN 0.3
Duration 0.1
INTSINT / s 0.1
RMS COV 0.01

4. Discussion

Prosody is the language function that organizes the speech stream into manageable chunks for
the listener to process, and failure to meet listeners’ expectations is linked with a reduced speech
intelligibility. Prosody is inherently multidimensional in how it is signaled to the listener, and
previous models aimed to detect neurogenic dysprosody severity have achieved 62.2-73.9% detection
accuracy by incorporating information from intonation, rhythm and pausing, information that was
acquired by means of a manual annotation procedure. The requirement of a laborious and time-
consuming transcription task preceding assessment presents a clear barrier to clinical adoption of the
assessment procedure. In this study, an automatic dysprosody assessment pipeline was constructed
from tools that were already available for speech utterance identification and pitch contour
stylization, and provide a novel quantification aimed at capturing aspects of variability in pitch and
intensity of speech. The complete pipeline was then assessed in terms of its proficiency in assessing
dysprosody severity of patients with Parkinson’s disease based on a recording of speech patients’
reading, with no prior pre-processing. Five models were trained on the individual assessments of
levels of dysprosody made by four clinical raters and evaluated in terms of their ability to predict the
consensus assessment of dysprosody severity among expert human raters on unobserved utterances.

The results suggest that severity of dysprosody is not well described by single metrics, including
the predominant proxy measure for dysprosody (variability in fo), or by simpler statistical models
(Naive bayes or Decision tree classifiers). Simpler bases for classification tended to result in a strongly
biased prediction that does not reflect human experts’ ratings well, and no acoustic predictor showed
an influence on the classification that was strong enough to be able to serve as a proxy in determining
dysprosody severity. The ensemble model Random forest and the strong ordinal classifier model
type penalized ordinal regression showed stronger ability to learn how to identify utterances in the
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evaluation set that human experts had determined to have Moderate to severe deviation in prosody.
The Support Vector Machines models failed to reach similar levels of accuracy, particularly in
identifying severe levels of dysprosody. Overall, the Random forest achieved a higher level of
accuracy in predicting the severity of dysprosody in unseen utterances than one of the expert human
raters.

The result, therefore, demonstrates that dysprosody severity as perceived by human clinical
experts in the assessment of speech in Parkinson’s disease can be automatically deduced by a fully
automatic speech processing pipeline in which utterances are automatically identified, and
productive features for predicting dysprosody severity is identified using an established prosodic
algorithm with a theoretical basis. It is therefore concluded that the developed pipeline constitutes a
new development that can throw additional light onto what constitutes a symptom of perceived
dysprosody due to Parkinson’s disease. One may further observe in the results that the one acoustic
feature that has to date predominately been investigated as a proxy to dysprosody, utterance-wide
variability in fo, was not identified here as a robust predictor of the perceived level of dysprosody.
Instead, the most productive predictors described local degrees of change in fo from the timing of one
tonal level to the next; measures of utterance level variability in fo or RMS amplitude were less
important. Thus, previous reports in which dysprosody has been evaluated solely based on the proxy
measure of the standard deviation of fo are likely to have determined, in part, the level of liveliness
[63] in speech. Liveness is essential and, in a communicative setting, likely contributes significantly
to the experience of both parties. However, variability in fo alone does not ensure a retained
linguistically functional intonation that adequately supports the transfer of information from the
speaker to the listener. Instead, estimates of more local alterations of how intonation and intensity
variation are used to distinguish portions of the speech signal of particular importance to the message
from relatively less significant portions provided a better model of clinical judgments of reduced
prosodic functioning in patients with Parkinson’s disease. Patients with Parkinson’s disease have
previously been observed to be reduced in their rapid regulation of phonation [64-71] which may
provide a partial explanation of the findings of significant predictors of clinically rated dysprosody.
While an explanation for the converging observations in terms of neurofunctional correlates cannot
be offered to date, the connection with the subcortical structures, the globus pallidus, and the
putamen [7] is congruent with an interpretation that failure to achieve tonal targets by persons with
Parkinson’s disease may be related to a failure to initiate an alteration of state in the phonatory
musculature rather than an effect of muscular inability or fatigue, or conflicting signaling in the
direct, indirect, or hyper-direct pathways from the striatum to the cortex [72]. This interpretation is,
however, tentative and requires experimental support before being accepted.

Dysprosody is discussed here and in other parts of the literature as a single symptom. While
discussed under a single term, dysprosody of a rated severity due to Parkinson’s disease may differ
from dysprosody caused by other neurological conditions [8]. The automatic processing pipeline
does not presuppose a particular language or underlying disease causing the dysprosody, but the
relative importance weights may, for instance, for reduced amplitude fluctuations, warrant an
increase for other diseases. Such adjustments can, however, only be made with access to the
appropriate speech recordings and the appropriate clinical expert raters in the language and are not
considered further in this report. The components of the processing pipeline are, however, widely
available and well documented [36,42,44,73,74], removing any barrier to replication, language or
disease adjustments in weights, and replication efforts in later research.

5. Conclusions

Automatic assessment of dysprosody is feasible using the combination of overlap-aware
segmentation of the speech signal to approximate utterances, the application of an automatic
intonation stylization algorithm, and a novel quantification of the resulting representation of
intonation, intensity, and inter-tonal timing. Using the proposed pipeline, a performance in
dysprosody assessment that approximates the abilities of clinical expert raters was achieved. The
variation in pitch over an utterance, which is the most often used quantification of dysprosody in
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neurological diseases, does not contribute significantly to an understanding of the level of
dysprosody in patients with Parkinson’s disease.
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