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Towards Automating the Frenchay Dysarthria Assessment: can neural phoneme
posteriorgrams inform the analysis of dysarthric speech?

Wing-Zin Leung?, Heidi Christensen?, Stefan Goetze®P

4Speech and Hearing (SpandH), School of Computer Science, The University of Sheffield, UK
bSouth Westphalia University of Applied Sciences, Iserlohn, Germany

Abstract

Dysarthria is a type of motor speech disorder that reflects abnormalities in motor movements required for speech production.
In clinical practice, identifying characteristic signs and symptoms of the neuropathophysiology underlying a dysarthria is vital for
diagnosis and management. The gold standard for dysarthria assessment is auditory-perceptual evaluation by a speech and language
therapist for differential diagnosis and management decisions. As the process is time-consuming for clinicians, there is growing
interest in automatic dysarthria assessment (ADA). Recent approaches to ADA primarily focus on the classification of broad
intelligibility or speech severity labels. However, this does not have much clinical utility and the assessment of communication-
relevant parameters do not distinguish between dysarthria types and pathomechanisms. Studies on the classification of dysarthria
function or clinical test protocol scores focusing on aspects of dysarthric speech production (such as the Frenchay dysarthria
assessment (FDA)) are limited.

Therefore, this paper focuses on the preliminary steps towards clinically interpretable ADA, including automatic FDA assess-
ment. The phoneme posteriorgram (PPG) is a time-varying categorical distribution over acoustic speech units, and recent work
demonstrates interpretable speech pronunciation distance for downstream tasks, e.g. pronunciation reconstruction. This work ex-
tends recent advances in posterior-based phoneme research and mispronunciation models to dysarthria assessment, exploring the
extent to which dysarthric speech features in the FDA (identified by auditory-perceptual evaluation in clinical practice) are captured
by PPG information. To achieve this, FDA aspects are systematically evaluated. The results show that interpretable PPG probability

can capture dysarthric speech features that are related to motor system dysfunction.

Keywords: Automatic dysarthria assessment, dysarthric speech features, phoneme posteriorgram

1. Introduction

Dysarthria is a type of motor speech disorder (MSD) result-
ing from disturbances in muscular control over speech pro-
duction due to lesions of the central or peripheral nervous
system [1]. As the patient group is heterogeneous, identify-
ing characteristic signs and symptoms of the underlying neu-
ropathophysiology is vital for diagnosis and management [2].
In clinical practice, auditory-perceptual evaluation of dysarthria
by a speech and language therapist (SLT) is the gold standard
for differential diagnosis, severity judgement, and management
decisions [3, 4]. An SLT’s assessment methods can vary from
a clinical test protocol focusing on aspects of speech produc-
tion (e.g. to diagnose dysarthria type, and aid in neurological
diagnosis in some cases) to conversational interaction (e.g. for
detecting the presence of a neurogenic speech disorder) [5]. In
the former case, the Frenchay dysarthria assessment (FDA) [6]
is widely used in clinical practice as a criterion-referenced and
replicable clinical test for dysarthria diagnosis [7], with sensi-
tivity to changes in the pattern of speech behaviour [6]. How-
ever, auditory-perceptual analysis is often time-consuming as
it relies on comprehensive evaluation by healthcare profession-
als; therefore, there is increasing interest in and research into
automatic (computer-based) dysarthria assessment.

Accepted for publication in Speech Communication

Recent research on automatic dysarthria assessment (ADA)
focuses on dysarthric speech intelligibility or speech severity
classification (as well as dysarthria vs. control speaker classi-
fication [8, 9] and disorder classification [10]). The commonly
used TORGO dataset [11] includes FDA assessment scores and
studies primarily classify labels based on FDA sentence in-
telligibility ratings to either classify speech intelligibility [12]
or use intelligibility ratings as an indicator of speech sever-
ity1 [23, 24, 25, 26, 27].2 However, TORGO classification
studies often lack detail in specifying the classification labels

I'Speech intelligibility is a common clinical metric for communication ef-
fectiveness in MSDs [13, 14], and is often used as an indicator of International
Classification of Functioning, Disability and Health (ICF) [15] Activity and a
proxy for speech severity [16, 17]. However, clinical guidelines [18, 19] iden-
tify the need for a holistic approach (e.g. the primary goal of intervention should
also maximise efficiency and naturalness of communication in context of the
ICF [1, 14]), and recent research is increasingly advocating for broader holistic
approaches to speech severity, including impact, perception and communicative
participation [20, 21]. Therefore, although communication-relevant parameters
are fundamental in holistic care and provide information on functional outcome
goals and measures [22], current approaches to ADA (i.e. the classification of a
single broad label per speaker in isolation) have limited clinical utility beyond
broad estimators of speech intelligibility.

>The majority of these studies use TORGO in combination with the
UASpeech (UAS) dataset and correspond intelligibility ratings between these
datasets using percentage thresholds. However, there are discrepancies includ-
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used or the derivation of classification groups [29, 30], or use
groups that do not correspond to any FDA scores [31, 32].
[33] classifies a total aggregate FDA score for the Mandarin
Subacute Stroke Dysarthria Multimodal dataset. However, this
presumes that the FDA sections are weighted equally (some
FDA sections have much greater impact on intelligibility and
communicative effectiveness/efficiency [34]) and the method
loses clinical diagnostic and management detail. The Nemours
database [35] contains both FDA scores and scores based on
the percentage of words correctly identified in nonsense sen-
tences by naive listeners, and studies primarily classify la-
bels based on the percentage of correct words identified as
an indicator of speech severity [36, 37]. Classification stud-
ies on other dysarthric datasets use and classify intelligibil-
ity labels, for example based on orthographic transcription,
such as the prediction of intelligibility labels determined by
naive listener transcription scores from the commonly used
UAS database [38, 39] or SLT transcription from the quality
of life technology (QoLT) database [40, 41]. However, these
approaches lack details that are clinically salient such as (sub-
)scores that provide information relating to speech production
and the formation of a clinical dysarthria profile. In general, the
assessment of communication-relevant parameters (e.g. speech
intelligibility and speech severity) do not distinguish between
dysarthria types and pathomechanisms (and the involved motor
systems). This paper addresses this by investigating the clas-
sification of dysarthric speech features from the FDA that are
used to categorically diagnose dysarthria and to compile results
that are applicable to the clinical management of dysarthria [6].
Current state of the art (SoTA) approaches to ADA
broadly use two approaches: (i) handcrafted features with
a focus on interpretability [42], generally in combination
with classical machine-learning classifiers (e.g. support vec-
tor machines (SVMs) [31] or Random Forest classifiers [43]
with Mel-frequency cepstral coefficient (MFCC) [44, 23],
glottal-based [45], sparsity-based [46], openSMILE [9] or
eGeMAPS [25] features) and (ii) deep learning approaches to
automatically extract discriminative features, commonly with
e.g. convolutional neural networks (CNNs) [47, 48], long short-
term memory (LSTM) [24], or autoencoders [10]. There is also
growing research using self-supervised representation (SSR)
features (e.g. wav2vec 2.0 (W2V2) [49] or HuBERT [25]).
Increasingly, however, research highlights the importance of
interpretable features and models and there is growing con-
cern that classifiers are learning other aspects of audio sam-
ples instead of dysarthric speech features. [8] shows that the
majority of SOTA approaches achieve the same or even signifi-
cantly better performance using only non-speech segments, in-
dicating that classification approaches validated on commonly
used datasets like the TORGO [11] and UAS [38] databases
are rather learning characteristics of the recording environment.
[50] utilise speaker identity-invariant features (containing dis-
criminative information for Parkinson’s disease (PD) classifica-
tion to address concerns that models are learning speaker iden-

ing whether listeners are clinical or non-clinical, and the methods to quantify
intelligibility and the threshold ranges assigned to each category [21, 22, 28].

tity information. Also, studies have focused on interpretability,
e.g. interpretable model layers [51], model constraints and in-
terpretable acoustic [52] and phonological features [53].

Previous work on more clinically relevant automatic systems,
like the classification of dysarthria function or the prediction of
FDA scores, is limited. [54] uses spectral and respiratory pres-
sure features to predict lip and laryngeal scores to characterise
and differentiate ataxic and mixed dysarthric speech features,
and [33] uses vowel space diagrams (based on audio-visual
information) to predict FDA scores, and demonstrate feature
interpretability. The relationship between quadrilateral vowel
space area (VSA) and perceptual dysarthric intelligibility has
received relatively more focus. Generally, studies have con-
cluded that dysarthric speakers have reduced VSA relative to
control speakers (indicative of decreased articulatory working
space and less perceptual vowel distinction [55]). Recent stud-
ies have addressed limitations of interpreting dysarthric speech
intelligibility from VSA (e.g. the articulatory working space
being inferred from corner vowels [56], or high dialect/accent
impact [57]) by implementing alternative measures (based on
vowel space) to quantify vowel distinction [56, 58].

Finally, phoneme recognition systems [59, 60], mispronun-
ciation detection of speech production errors [61] as well as
posterior-based phoneme confidence scores [62] have made sig-
nificant progress in recent years. Goodness of Pronunciation
(GoP) models have been well established in non-native speech
pronunciation assessment [63], and recent studies have verified
their use in speech disorder assessment [64] (e.g. using MFCC
[64] and SSR [65] features). A representation of the probability
of mispronunciation is calculated with the GoP algorithm [66],
and outlier detection can be performed to quantify the level of
deviation from control speech [65]. However, these approaches
remain limited in identifying dysarthric speech features and cre-
ating an overall dysarthria profile (and therefore remain limited
in clinical application).

This paper proposes the use of PPG-based analysis to ad-
dress these issues. A PPG is a time-varying categorical distri-
bution over acoustic speech units, e.g. phonemes [67] (cf. Sec-
tion 2.2 for details), and PPGs will be used as an interpretable
feature in this work to evaluate dysarthric speech features and
FDA scores. PPGs have been used for dysarthric voice con-
version [68, 69], a pronunciation error metric for generated
dysarthric speech [70], and as a classification model feature
(e.g. SVM models and binary classification of control and
dysarthric speakers [71]). Recent work has investigated the
utility of PPGs for downstream tasks, including interpretable
speech pronunciation distance [72], however, this has not pre-
viously been explored with MSDs. This paper extends recent
advances in posterior-based phoneme research and mispronun-
ciation models by using interpretable PPG speech pronunci-
ation distance to evaluate dysarthric speech features that are
determined by auditory perceptual evaluation during clinical
dysarthria assessment, including FDA scoring. The contribu-
tions of this paper can be summarised as follows:

e This paper introduces a framework for the evaluation of in-
terpretable features (based on analysis of dysarthric speech



features across relevant FDA aspects) to address the lack
of research on the automation of FDA score prediction.

e Previous approaches to dysarthria classification have pri-
marily focused on broad scores based on the deviation be-
tween control and dysarthric speech, or the classification
of intelligibility labels (or intelligibility as an indicator of
speech severity). This falls short of what is done in cur-
rent clinical gold-standard dysarthria assessment, where
auditory-perceptual evaluation is routinely conducted to
define speech features related to dysfunction of the motor
system (and the prosodic consequences).

e FDA aspects are systematically evaluated (including man-
ual listening by a SLT as appropriate). A detailed analysis
of the auditory perceptual features relevant to FDA scor-
ing in the TORGO have not been previously documented,
as well as analysis of the dysarthric speech processes in
context of an interpretable feature. As a preliminary step
towards clinically interpretable ADA (including automatic
FDA assessment), this paper shows that interpretable PPG
probability can capture these dysarthric speech features,
with the potential utility to classify speech production im-
pairment and a dysarthria profile.

The remainder of the paper is structured as follows: Sec-
tion 2 outlines the methodology, including introduction of the
TORGO dysarthric dataset which will be used for the exper-
imental work, the neural PPG model, and the features used
for analysis. The evaluation of PPG features and the control
speaker data is presented in Section 3, and Section 4 shows the
results of the dysarthric data. Finally, Section 5 concludes the

paper.

2. Methodology

In gold standard clinical practice, auditory perceptual evalu-
ation is conducted by qualified health professionals to diagnose
and rate the severity of dysarthric speech features. For FDA
assessment, dysarthric speech features (identified by auditory
perceptual evaluation) are used to categorically diagnose the
dysarthria and compile results that are applicable to the clinical
management of the dysarthria [6]. In this work, FDA aspects
are systematically evaluated, and recent advances in posterior-
based phoneme research are applied to dysarthric speech as-
sessment by analysing the extent to which PPG features can
capture these dysarthric speech features. The TORGO database
as data source is introduced in Section 2.1. The TORGO is
commonly used for studies on dysarthric speech, and contains
phoneme alignment data and FDA assessment scores. The UAS
dataset is also commonly used but does not contain FDA scores
and therefore has not been used in this study. The PPG model
and the PPG features used in the study are briefly introduced
in Section 2.2. PPG evaluation of the TORGO control and
dysarthric data are reported in Sections 3 and 4, respectively.

2.1. The TORGO database

The TORGO database, frequently used in dysarthric speech
research, contains 15.18 hours of acoustic data, 5, 184 phoneme
alignment files, and 3D articulatory feature data [11]. Par-
ticipants were recruited from a Research Institute in Canada,
and data was gathered from 8 dysarthric speakers with a diag-
nosis of amyotrophic lateral sclerosis (ALS) (spastic & ataxic
dysarthria) or cerebral palsy (CP) (flaccid & spastic dysarthria)
and 7 age-gender-matched control speakers. Acoustic data was
recorded through 2 microphones: an 8-channel array micro-
phone and a head-mounted close-talk microphone. All speakers
had the same prompts, resulting in a large overlap in word and
sentence prompts between speakers [73]. Corrupted recordings,
utterances with no transcription or non-speech transcription,
and utterances that are too short to contain speech (audio with
duration < 0.4 seconds) were discarded [74] (leaving 16,514
processed audio files with 13.54 hours duration).

2.1.1. Frenchay Dysarthria Assessment ratings for TORGO
data

The dysarthric speakers in the TORGO data were assessed
by a SLT using the FDA [6]. The FDA is divided into 8 sec-
tions relating to aspects of speech function. For each FDA as-
pect, there are subtasks that either require physical examina-
tion/observation (e.g. tongue at rest), examination of oromotor
movements (e.g. lip seal, tongue elevation), or perceptual rat-
ing during connected speech tasks or conversation (e.g. note
nasal resonance and nasal emission during spontaneous conver-
sation). For each subtask there is a 5-point descriptive scale
(between ‘A’ (within normal limits) to ‘E’ (no function), where
intermediate gradings can be selected, e.g. ‘A/B’ being be-
tween ‘A’ and ‘B’) that are rated by the clinician to assign a
subscore. There is also a section to record factors that may
influence speech, for example hearing difficulties, issues with
dentures, and posture.

To compile results, subscores are recorded on a bar graph
to visualise the severity ratings achieved on subtasks and high-
light the pattern of speech disorder for diagnosis and manage-
ment. Figure 1 shows the visualised FDA scores for speaker
MO1 where FDA aspects which are unaffected (reflex, jaw) and
those that are more severely affected (respiratory, lips, laryn-
geal, tongue) are distinguished. The FDA requires that clini-
cians analyse the behaviour of each aspect in isolation to exam-
ine relative abilities and disabilities [34]. As speech is a uni-
tary system, impairment in one aspect can impact on another
(e.g. respiration control impairment can cause poor laryngeal
function and weak plosives [75]), and the FDA test procedure
facilitates the localisation of aspects and speech features.

The speech pattern and profile can indicate the level and type
of neurological dysfunction due to damage in the central or
peripheral nervous system, and the identification of abnormal
movement (as well as retained movements) is required to dis-
tinguish between dysarthria subtypes (flaccid, spastic, ataxic,
hypokinetic, hyperkinetic, and unilateral upper motor neuron
(UMN)) [1]. The Darley, Aronson, and Brown (DAB) clini-
cal taxonomy for MSDs [76] distinguishes clusters of atypical



REFLEX RESP. LIPS JAwW

PALATE

LARYNGEAL TONGUE INTELL,

Sl

=

NORMAL FUNCTION

MO FUNCTION

Figure 1: A bar graph visualising FDA subscore ratings for speaker MO1. Adapted from [6].

speech features that are associated with both primary and mixed
types of dysarthria [77], with studies validating the classifica-
tion of dysarthria type and characteristics by underlying pathol-
ogy [78]. For example, flaccid dysarthria can have focal (iso-
lated) areas (and therefore aspects) of involvement depending
on lower motor neurons affected (and specific muscle groups
innervated by affected cranial nerves) with deviant speech char-
acteristics related to muscle weakness and hypotonia (reduced
tone), in contrast to spastic dysarthria with impaired movement
patterns (often for all components of the speech subsystem, al-
beit not equally) with deviant speech characteristics related to
excess muscle tone reflective of the central nervous system mo-
tor pathways [1].

The FDA does not include instructions for calculating a total
score. As highlighted, a profile of dysarthria (i.e. the pattern
of speech disorder) is clinically useful for diagnosis and man-
agement, and it is the FDA aspects and subscore severities that
are standardised and norm-referenced [34]. A total score would
assume that all aspects and subtasks have the same weighting,
and that dysarthria types will impact across subtasks equally.
In summary, it is important to determine the pattern of speech
disorder that underlies the broad intelligibility or severity labels
that are often classified in ADA studies, and the FDA provides
a standardised assessment framework to isolate speech aspects
to compile a dysarthria profile.

The lip, jaw, soft palate, laryngeal and tongue aspects include
‘in speech’ subtasks that are perceptually rated during conver-
sation, and these ratings for the TORGO speakers are displayed
in Table 1. It is to be noted that the jaw aspect was omitted from
the second edition of the FDA (FDA-2) as clinicians rarely ob-
served jaw abnormality and jaw information did not assist di-
agnosis [34]. The FDA reflex aspect is not included, as the
subscores are rated on cough and swallow (during eating and
drinking), and dribble (presence of drooling) which cannot be
assessed by audio-only methods.> The analysis in this paper
will focus on the ‘in speech’ subscores from the FDA.

3There is growing research predicting swallow function and aspiration risk

It can be observed that speakers FO1 and M04 in the TORGO
data both have an FDA sentence intelligibility subscore rating
of ‘D/E’ (a score between 16.67% and 41.67% on a sentence
interpretation task),* but there are differences in severity of
subscore ratings that characterise the dysarthria (and underlie
the dysarthric phonological processes that impact on intelligi-
bility). Furthermore, speakers FO3 and FO4 both have ‘A’ rat-
ings for all ‘in speech’ subscores, but have more severe ratings
in e.g. cough and drooling reflex, the observed tongue at rest,
and lingual oromotor movements (e.g. protrusion, elevation and
lateral movement). These examples highlight that a dysarthria
profile is required for clinically meaningful results.

Table 1: FDA ‘in speech’ subscores rated on a 9-point scale between ‘A’ (nor-
mal function) to ‘E’ (no function) with ‘A/B’ being between ‘A’ and ‘B’. ‘F’ and
‘M’ denote gender, and the numeral the participant number in the dataset [11].
FDA aspects with an asterisk(*) are analysed in this paper.

FOI F03 F04 MOl MO2 MO03 M04 MO5

Respiration C A A C/D CD A/B C C/D
Jaw C/D A A A A A C A
*Soft Palate (Section 4.1) D A A B B A A B
*Tongue (Section 4.3) D A A C/D C/D A D C/D
*Lips (Section 4.4) C A A C/D C/D A/B C C/D
*Laryngeal (Section 4.5) D A A C/D C/D A/B E C/D
*Intel. (sentences) (Section 4.6) D/E A A D/E DJE A DJE C

2.1.2. TORGO Acoustic Phoneme-Aligned Data

For the analysis conducted in this paper, the TORGO
phoneme alignment data is used in combination with the pro-
cessed audio data described in Section 2.1. As outlined below,

from audio signals e.g. aspiration risk from voice features [38] or swallow per-
formance from audio signals (of e.g. cervical auscultation [79]). However, the
reflex aspect is rated on a cough (coughing/choking and degree of difficulty
clearing the throat during eating and drinking), swallow (degree of oropha-
ryngeal dysphagia as determined by clinical swallowing evaluation [80] and
fluid/diet modification and non-enteral feeding status) and dribble/drool (rated
on observation of drooling, including when e.g. drinking, concentrating, at rest)
subscores.

4Note that the sentence stimuli and score boundaries have been updated in
the FDA-2 [34].



significant pre-processing steps are required to ensure accuracy
of timestamps, annotation transcripts, and audio and alignment
file pairing, and therefore the code will be made publicly avail-
able to allow reproduction of this paper’s research®. Anno-
tations in the TORGO phoneme alignment data include some
word and syllable repetition (e.g. /wi wi w3/ and /bu bu/,
respectively), and some insertions (e.g. /ar lukt ap/ to /har
lukt ap/), substitutions (e.g. /sler/ to /fler/) and deletions,
but the annotations are not comprehensive. [11] provides an
analysis of the substitution and deletion errors in the TORGO,
and therefore the phoneme alignment data will be analysed in
the context of this. The phoneme alignments in the TORGO
are generated from one microphone (90.71% of alignment files
correspond to the headset microphone), and for some sessions
the microphone offset for the other microphone is available but
there are inconsistencies that would require manual annotation
to validate. Therefore, only the microphone that corresponds
to the phoneme alignments is used in this work to ensure ac-
curacy. The phoneme alignment data is processed by correct-
ing phoneme token typos, removing samples with no phoneme
alignment and incorrect alignments (e.g. that begin after the
length of the sample). After pre-processing, there is phoneme-
aligned acoustic data for 9 of the TORGO speakers, resulting in
1683 control speaker and 1612 dysarthric speaker audio sam-
ples remaining (cf. Table 2 for details).

Table 2: TORGO Phoneme Aligned Data

Fo1 F03 Fo4 MO1 MO04 MO5 MCO1 MC02 MC04

Wav files 118 516 228 90 252 408 707 360 616
% total 100 94.68 93.83 2426 6478 87.18 97.52  96.77 62.16
Duration (mins) ~ 4.90  21.04 1335 7.13 19.39 3145 36.68 19.20 2171
Single word 98 392 163 70 195 315 533 281 468
Multi word 20 124 65 20 57 93 174 79 148
Phoneme tokens 1114 6179 3216 1275 3565 5514 8800 4137 7328

The “Wav files’ row shows the total number of processed au-
dio samples (that correspond to the microphone in the phoneme
alignment data), and the ‘% total’ row shows the percentage of
these wav files remaining after phoneme alignment data pro-
cessing (80.60% and 75.74% of control and dysarthric speaker
single microphone audio samples, respectively). Finally, note
that phoneme classes are not balanced in TORGO, and there is
an inadequate volume and variety of data to select a phoneme-
balanced subset. The /d3/ and /u/ phonemes are under-
represented in the dataset (and for some speakers there are no
instances of these phonemes in the aligned data), and /6/ is
under-represented in the dysarthric data. Therefore, /d3/ and
/u/ will be excluded from analysis, and /6/ will be excluded
from the analysis of dysarthric data.

2.2. The High-Fidelity Neural (H-FN) Phoneme Posteriorgram
(PPG) model

The High-fidelity Neural (H-FN) PPG model® architecture is

composed of an input convolution layer, five Transformer lay-

5The code to process the TORGO phoneme aligned dataset can be found
at: https://github.com/WingZLeung/TORGO_aligned.

®Neural PPG model: https://github.com/interactiveaudiolab/
ppgs.

ers with self-attention and a feed-forward network, followed
by an output convolution layer with a softmax activation func-
tion (that produces a categorical distribution over 39 ARPAbet
phoneme tokens from the Carnegie Mellon University (CMU)
Pronunciation Dictionary’, and a non-speech token) [72]. The
model is pretrained on typical speech (Common Voice (CV)
6.1 dataset [81]) and evaluated on a held-out partition of CV,
the CMU Artic [82] and TIMIT [83] datasets). [72] demon-
strates interpretable distance (of framewise pronunciation er-
ror) on typical speech validation data, showing relatively higher
probability between e.g. corresponding voiced and unvoiced
fricatives.

The H-FN PPG models were trained on both Mel spectro-
gram and W2V2 [49] feature representations. For this work,
PPG models with Mel spectrogram and W2V2 input features
were compared (not shown), and the results indicate that the
Mel spectrogram model generalised better to control speech in
the TORGO (cf. Section 3 for details on the evaluation method-
ology), and therefore the results of this model are reported. The
Mel spectrogram features are log-energy magnitude spectro-
grams with 80 channels computed from raw audio with a hop
size of 10 ms and a window size of 64 ms at a sampling fre-
quency of f; = 16 kHz.

2.2.1. Phoneme Posteriorgram

Inference is performed for each wave file with the H-FN PPG
model to output PPGs of dimension |P| x T, where |#| denotes
the cardinality of the phoneme token set $ (with [P| = 40,
according to [72]), providing a categorical distribution over
phoneme tokens for every frame in the audio. The posterior-
gram can be written as a matrix G € R”*”, where each entry
gp. denotes the inferred probability that the phoneme token p
is present in frame ¢.

2.2.2. Phoneme Aligned Posteriorgram

Each PPG frame in G € R"*T represents a time step of
10 ms (160 samples per frame shift). Phoneme alignment PPG
windows are extracted using the TORGO alignment data and
averaged over T, frames ' for each phoneme occurrence i in
the (TORGO) phoneme alignment data to calculate an average
distribution which can be expressed by the vector

Tp,

1 Pi
o = — X 1
gpi T, ;:1 &pi ()

of size |P| for each aligned phoneme p; present in T, frames.
For each phoneme p, the probability assigned to each other
possible phoneme token ¢ in the distribution g, can be mod-
elled by P(qlp) = 8,4, where P(q|p) denotes the probability of
predicting phoneme estimate g when the (TORGO) phoneme
aligned annotation is phoneme p. Thus, the correct probabil-
ity (i.e. the probability of the correct phoneme token) is when
q = p, and the misclassification probability is the case when

7CMU Pronunciation Dictionary: http://www.speech.cs.cmu.edu/
cgi-bin/cmudict.
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q # p (where g|p refers to the probability of ¢ when the anno-
tation label is p). The phoneme g with the highest probability
(i.e. arg max pP(glp)) is the model’s most likely prediction for
the phoneme.

2.2.3. Acoustic Phoneme Similarity

In [72], interpretable acoustic similarity is demonstrated for
typical speech between phonemes using the class weighted
probability assigned to phoneme g when phoneme p is the
ground truth label. For a given speaker, the average distribu-
tion over all instances of a given phoneme is calculated by

=z

1 P
g = N_p i Zpis (2)

1]
—_

where &, represents the overall averaged distribution for
phoneme p across all its instances, N, denotes the total num-
ber of instances of phoneme p, and g, is the mean-pooled
distribution for the i-th instance of phoneme p. Acoustic simi-
larity can be computed by comparing the probability allocated
to phoneme ¢ when phoneme p is the phoneme annotation la-
bel. The overall averaged distribution §, is calculated for all
phonemes in the phoneme token set || for a given speaker re-
sulting in the similarity matrix

S = (&1, Bp1) 3)

3. PPG analysis of the TORGO Control Speaker Data

The H-FN PPG model (cf. Section 2.2) is trained on typical
speech, and [72] demonstrates generalisation to a number of
commonly used typical speech datasets for interpretable acous-
tic pronunciation distance. In this section, the generalisation of
the PPG model to control speech in the TORGO is evaluated
before analysis of the dysarthric data in Section 4. Therefore,
analysis is conducted on (i) differences and agreement between
the annotation tokens in the TORGO phoneme alignment data
and the class tokens % in the H-FN PPG model (cf. Section 3.1)
and (ii) PPG consonant probability and acoustic similarity for
the control speaker data (cf. Section 3.2). PPG features could
also be used to infer vowel space boundaries (and articulatory
working space/perceptual vowel distinction). However, analy-
sis (not shown) of PPG features and vowel space boundaries
do not show conclusions beyond analysis of F1 and F2 planar
area, and therefore the detailed analysis of this paper will focus
on consonants.

3.1. Agreement between TORGO annotation tokens and PPG
class tokens

First, we examine and compare the annotation tokens in the
TORGO alignment data and the class tokens in the H-FN PPG
model. TORGO has additional annotations for noise and clo-
sure tokens relative to the PPG model. The PPG model is
trained to output a ‘<silent>’ token (in addition to estimated
phoneme tokens), while the TORGO annotations include tokens
for silence (‘sil’) and noise (‘noi’). For the control speakers,

there are only noise annotations in the TORGO data for periods
of non-speech; on average, the probability P(‘<silent>’|‘noi’)
(i.e. the probability of ‘<silent>’ in the overall averaged prob-
ability distribution for aligned ‘noi’ annotations) is 96.78%.
Furthermore, phoneme aligned non-speech annotation tokens
(i.e. all instances of ’sil’ and ’noi’ aligned posteriorgrams
(cf. Section 2.2.2 for a description of the aligned posteriorgram
features)) are examined. The PPG model’s most likely predic-
tion for non-speech tokens (i.e. arg max ¢y »oryP(qlp)) show
a classification accuracy to ‘<silent>’ of 96.93% for the con-
trol speakers and 96.51% for dysarthric speakers, showing that
the ’<silent>" token in the H-FN PPG model has accurately
predicted non-speech for both noise and closure tokens in the
TORGO data.

Another area of interest is the inclusion of closure tokens
in the TORGO data, denoted ‘cl’ (e.g. ‘pcl’ is the closure for
the corresponding voiceless bilabial plosive /p/). For con-
trol speakers MCO1 and MCO04, the most likely probability for
‘cl’ tokens are the corresponding plosive (64.4% on average for
P(plosive|cl)), in contrast to the average probability of 21.94%
for P(‘<silent>’|’cl’). For speaker MCO02, the highest probabil-
ity observed for ‘dcl’, ‘gcl’ and ‘bel’ is ‘<silent>" (with the cor-
responding plosive being the second highest probability). On
analysis, this is due to the number of silence frames for the clo-
sure phase of plosive articulation, and the number of frames
from plosive release included in the ‘cl’ alignment.

The remaining TORGO annotation tokens correspond to the
remaining PPG tokens (i.e. the ARPAbet [84] tokens in the
CMU dictionary). Analysis of acoustic similarity of the con-
sonant tokens for the TORGO control data is conducted in the
following Section 3.2.

3.2. PPG consonant probability and acoustic similarity for the
control data

PPG probability and acoustic similarity for the control
speaker data is evaluated in the following. Acoustic similar-
ity is computed on the TORGO phoneme aligned data for each
control speaker (cf. Section 2.2.3). Figure 2 shows the acous-
tic phoneme similarity matrix S as in (3) for TORGO control
speakers with PPG tokens on the x-axes and TORGO tokens on
the y-axes.

Referring to the probability values in Figure 2, the correct
probability (i.e. when g = p) is the dominant probability for all
phonemes. Recent work has demonstrated that relatively higher
probability values are observed between similar phonemes in
PPG acoustic similarity, such as, between voiced and unvoiced
fricatives [72]. Therefore, analysis will be conducted on mis-
classification probability (i.e. when g # p) in order to establish
patterns in phoneme similarity. While the focus of this work
is on dysarthric speech (cf. Section 4), to establish a range of
probability values as a basis for comparison first, Table 3 shows
the average cumulative values for the 5 highest ranked probabil-
ities in acoustic similarity (i.e. overall averaged distribution &)
across all PPG speech tokens. The first column (Contr.) shows
the results for control speakers. Results for dysarthric speak-
ers are shown in the remaining columns and will be analysed
in Section 4.
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[0,1].

On average, the most similar phoneme (i.e. Rank2) has a
probability value of 9.08% (SD=5.34%). The cumulative prob-
ability of the top 4 ranked classes is 79.18%, with relatively low
probability increase after the fifth highest value. Finally, it has
been noted that factors of phoneme environment, e.g. coarticu-
lation [85] and deletion/insertion errors [62], have been shown
to impact on pronunciation models, and the spectral relation-
ships (of e.g. vowel centralisation and assimilation and formant
frequencies [86], fricative centroid and peak energy [87]) are
well studied. However, the TORGO data contains a limited pool
of transcripts which are repeated across speakers, and there-

fore an assumption that the phoneme environment (i.e. contex-
tual variability) is similar across speakers has been taken during
analysis unless otherwise stated.

Consonants will be examined under broad categories by
manner of articulation. Analysis will focus on acoustic
phoneme similarity and misclassification probability between
consonants within manner of articulation categories to estab-
lish PPG boundary distinction and similarity between phoneme
tokens in the control data. Figure 3 shows the acoustic phoneme
similarity between plosives (row 1), fricatives (row 2), and af-
fricates, approximants, and lateral approximants, respectively



Table 3: Cumulative PPG probability (%). Comparison of Dysarthric Speakers to Control results (first column, Control speakers).

| Contr. | FO1 FO4 MOl  MO04  MO5

Rank1 (%) 2635  42.92 26.19 2753 2895
SD 11.87 | 9.66  10.09 1133 1046 1044 11.85
Cumulative sum | 61.40 | 2635 4292 6094 2619 2753 2895

Rank2

SD 5.34 4.09
Cumulative sum | 70.48 40.82

4.47 5.71 4.61 4.77 4.40
54.16

70.29  41.01 4201 4274

Rank3

SD 2.34 247
Cumulative sum | 75.61 50.53

2.40 2.30 3.29 2.83 3.14
61.32

75.70  51.60 5125 51.77

Rank4
SD 1.45 2.10 1.78 1.54 2.51 1.89 2.67
Cumulative sum | 79.19 5839 66.72 7942 59.76 5828 58.47

Rank5
SD 120 | 1.69 1.04 206 168  1.68
Cumulative sum | 81.90 | 64.65 70.71 8242 66.16 64.12 63.83
Entropy | 123 | 173 152 126 175 169 165

(row 3). The manner of articulation groups show high aver-
age correct probability (plosives=58.05%, fricatives=65.51%
and affricates, approximants and lateral approximants=63.94%,
62.70% & 62.10%, respectively), with a large margin relative to
the second highest probability. The average correct probability
for nasals is 62.58% and an analysis of the nasal consonants
is conducted in Section 4.1 (demonstrating acoustic phoneme
similarity between nasal consonants with low probability val-
ues, and that the similarity between nasal and non-nasal conso-
nants observed is due to the neighboring phonetic environment
in control speakers).

Table 4 summarises the predominant trends observed for
PPG acoustic similarity for the control speakers. Overall, plo-
sives and fricatives show a pattern of similarity for within man-
ner phonemes with common voicing, and exceptions observed
are likely due to devoicing. Although a consistent trend for
relatively high probability between voiced and unvoiced plo-
sives is not observed (as in [72]), there are clear plosive PPG
boundaries and similarity within voiced and unvoiced plosive
classes as expected. Additionally, similarity with low probabil-
ity values between approximants can be observed, and there is
no consistent pattern across control speakers for acoustic simi-
larity between affricates. Acoustic similarity for affricates and
fricatives (not shown) was also conducted, with high probabil-
ity observed for only [|t[ (on average, 12.32%).

In summary, the analysis conducted in this section shows
a high generalisation of the H-FN PPG model to the TORGO
control data. The correct probability consistently dominates the
probability distribution of PPG phoneme tokens, demonstrating
distinct phoneme boundaries. Also, relatively higher misclassi-
fication probability values are observed for phonemes with a
similar manner of articulation, indicating that relation between
similar phonemes is captured while distinct phoneme bound-
aries are maintained in the control data. Analysing patterns of
similarity within manner of articulation groups, the results indi-

cate sensitivity to voicing and place (with relatively low proba-
bility values observed).

4. TORGO Dysarthric Speaker Data

In this section, PPG features for the dysarthric data will be
analysed. Section 3 showed generalisation of the PPG model to
the TORGO control data, and provided a basis of comparison
to the dysarthric data. Table 3 shows the average cumulative
values for the 5 highest ranked probability values in acoustic
similarity (i.e. overall averaged distribution g,) across all PPG
speech tokens. Compared to the control speakers (where PPG
identified the dominant correct probability for all phoneme to-
kens), the highest probability (i.e. Rank1) for dysarthric speak-
ers is lower (by 35.48%, on average) with higher entropy and
variance of probability values assigned to the top 2 — 5 ranked
tokens, indicating higher acoustic phoneme similarity between
a higher number of phoneme tokens, and reduced distinction
in phoneme boundaries. Therefore, analysis is conducted in
the following subsections to evaluate the extent to which differ-
ences in correct PPG probability and misclassification (based
on acoustic similarity) reflect dysarthric speech processes, with
respect to the FDA in speech subscores (cf. *rows in Table 1)
and in the context of the variation observed for the Control
speakers. Manual listening is also conducted by a SLT where
appropriate to confirm that quantitative differences in PPG
probability match dysarthric speech processes that are deter-
mined by auditory perceptual evaluation. Section 4.1 analyses
PPG features and the FDA palate section. Section 4.2 intro-
duces dysarthria and articulation impairment, and the tongue
and lip FDA aspects are analysed in Section 4.3 and Section 4.4,
respectively. Section 4.5 and Section 4.6 analyse laryngeal and
intelligibility FDA aspects, respectively.
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Figure 3: Control speaker acoustic similarity S for plosives (row 1), fricatives (row 2), and affricates, approximants & lateral approximants (row 3).

4.1. FDA Soft Palate rating

In this section, analysis is conducted on PPG features with
respect to the FDA soft palate ratings (cf. Table 1, row 3).
Dysarthria secondary to CP and ALS can cause reduced range
and force of velopharyngeal movements [77], and inadequate
velopharyngeal closure can result in hypernasality, and weak
and imprecise consonants [75]. The soft palate in speech FDA
subscore is rated on the perceptual evaluation of nasal res-
onance and nasal emission during spontaneous conversation.
Therefore, analysis will focus on PPG acoustic similarity to
nasal tokens (i.e. /m, n, ng/) and whether the presence and
severity of deviant nasal resonance and nasal emission is cap-
tured. However, research has demonstrated both coarticula-
tory effects of nasal consonants [91] and particular velar height
for vowels (generally higher for close vowels, although the
velopharyngeal port is still closed) [92]. Thus, analysis is

conducted under two conditions: (i) on all phoneme aligned
data (i.e. including adjacent nasal tokens, denoted +Adj. nasal)
and (ii) on phoneme tokens with no adjacent nasal tokens
(—Adj. nasal).

Figure 4 shows acoustic similarity to nasal phonemes for
MCOL1 (control) and FO3 & F04 (dysarthric speakers with soft
palate rating ‘A’ (normal function)). For MCO1, nasalised vow-
els (with relatively low probability values) can be observed,
which are not observed without adjacent nasal tokens (right
side). The same pattern is also observed with other control
speakers. For speaker FO4, hypernasalised vowels are signif-
icantly reduced without adjacent nasal tokens, whilst hyper-
nasality with plosives remain, indicating capture of nasalised
plosives irrespective of nasal coarticulation (and incomplete
palate closure during plosive release). Similarly, for FO3, the
degree of hypernasalied vowels and plosives are reduced with-



Table 4: Predominant trends observed in acoustic similarity S for Control speakers.

Plosives

As highlighted in the analysis in Section 3.1, there is similarity
between plosives and the ‘<silent>’ token, which corresponds
to silence frames and the closure phase of plosive articulation.

For unvoiced plosives, there is on average 10.45% similar-
ity to the ‘<silent>" token, and ‘<silent>’ is consistently the
second highest probability. For voiced plosives, the average
similarity is 4.99%.

The highest similarity observed between plosives is
P(t|d)=7.30%. Common devoicing of /d/ in the English lan-
guage (e.g. final devoicing [88] and voicing assimilation [89])
may account for the observation.

In support, there is a lower similarity between /t/ & /d/ (on
average, 2.65% probability).

Beyond this exception, there is a general pattern for similarity
between plosives with common voicing with low probability
values.

For unvoiced plosives, the highest average similarity for con-
trol speakers is observed for p|t (3.85%), k|t (2.87%), and plk
(2.26%), for voiced plosives, bld (2.35%), g|d (2.23%), and
dlg (1.94%).

Fricatives

A similar trend to plosives can be observed. An exception
to the overall pattern is low probability values between the
voiced and unvoiced alveolar fricatives (on average, 3.69%
for s|z). Devoicing of sibilants may account for this observa-
tion [90], and in support there is lower similarity for z|s (on
average, 1.63%).

Generally, there is an overall pattern of similarity with low
probability values between unvoiced fricatives, with the high-
est values observed for the unvoiced dental fricative (on aver-
age, 5.08% for 10 and 4.53% for s|0), and unvoiced sibilants
to /f/ (on average 3.01% for f|f, and 2.3% for fls).

Affricates, approximants, and lateral approximants

Similarity with low probability values between approximants
can be observed

Highest values observed are between the alveolar and labial-
velar approximant (on average, 2.29% for 1w and 2.30% for
wl|1), and the palatal and alveolar approximant (on average,
1.97% for ilj).

out nasal coarticulation. Further data and analysis would be
required to establish whether non auditory-perceptible hyper-
nasality is present in ‘A’ rated speakers vs. controls. Infor-
mal evaluation by an SLT concluded a mild nasal speech qual-
ity, otherwise nasality was deemed to be within normal lim-
its. However, the important trend is that for both FO4 and FO3,
acoustic similarity to nasal tokens with low probability values
for adjacent nasal tokens is observed, which are reduced with-
out adjacent nasal tokens.

The dysarthric speakers with palate impairment are shown
in Figure 5. Acoustic similarity to nasal tokens is maintained
in phonemes without adjacent nasal tokens (although there is
marginal reduction in probability values), indicating that hyper-
nasality has been captured irrespective of nasal coarticulation.
Therefore, speakers with and without soft palate impairment
are easily distinguished. Hypernasality is captured with vow-
els, plosives, and affricates which is consistent with research
on velopharyngeal dysfunction [93, 94]. Furthermore, there is
no consistent pattern for similarity to nasal tokens for periods
of non-speech (i.e. aligned silence and noise), indicating that
the distinctions are not based on the acoustic recording envi-
ronment. To examine if the severity of deviant nasality can be
distinguished, Kolmogorov-Smirnov (KS) tests are conducted
on phoneme aligned token (g,) misclassification probability to
/n/ (i.e., P(q =/n/)). Table 5 shows the results for pairwise KS
test for soft palate groups by manner of articulation.

Statistically significant differences in the distribution of mis-
classification probability for all manner of articulation groups
were observed between Control and ‘A’ rated dysarthric speak-
ers (P < 0.001), with the largest KS statistic observed for af-
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Table 5: Pairwise soft palate group Kolmogorov-Smirnov test results by manner
of articulation (phoneme aligned token (&) misclassification probability values

to /n/).

Manner KS Stat (D) P-value Sig.

Comparison: Control vs. A
Affricate 0.4176 < 0.001 * ok ok
Approximant 0.3186 < 0.001 EEE
Diphthong 0.2936 < 0.001 * % %
Fricative 0.2411 < 0.001 * ok ok
Lateral Approximant  0.3245 < 0.001 * %
Monophthong 0.2534 < 0.001 EEE
Nasal 0.0980 < 0.0001 %%
Plosive 0.2956 < 0.001 * ok ok

Comparison: A vs. B
Affricate 0.1786 0.5761
Approximant 0.2163 < 0.001 * %k
Diphthong 0.1833 < 0.001 EEE
Fricative 0.1634 < 0.001 * %k
Lateral Approximant  0.2421 < 0.001 EEE
Monophthong 0.0771 < 0.001 * %
Nasal 0.0882 0.0249 *
Plosive 0.0564 0.0373 *

Comparison: B vs. D
Affricate 0.2857 0.4393
Approximant 0.1124 0.1911
Diphthong 0.1519 0.1890
Fricative 0.2495 < 0.001 * ok
Lateral Approximant  0.2607 0.0085 ok
Monophthong 0.1424 < 0.001 EEE
Nasal 0.2422 < 0.0001 %%
Plosive 0.3144 < 0.001 ok ok
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fricates, approximants, plosives and vowels (diphthongs and ‘D’ speakers, statistically significant differences (P < 0.0085)

monophthongs, respectively). For ‘A’ vs. ‘B’ speakers all man- were observed for plosives, lateral approximants, fricatives,

ner of articulation groups apart from affricates are statistically nasals and monophthongs.

different (P < 0.0373), with the largest relative differences ob-

served for approximants, diphthongs and fricatives. For ‘B’ vs. Finally, speaker FO1 exhibits significant nasal emission and
hypernasality of consonants in audio samples (and this is doc-
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Figure 5: Acoustic similarity to nasal tokens (i.e. /m, n, ng/) for dysarthric speakers with soft palate impairment. Soft palate subscore: F01=D, M01=B, M05=B.

umented in the FDA assessment [11]). Higher misclassifi-
cation probability to /m/ relative to other dysarthric speakers
can be observed (e.g. P(m|b)=23.10%, P(m|ng)=14.64%, and
P(m|v)=8.44%). The other dysarthric speakers do not exhibit
nasal emission and have low misclassification probability val-
ues to /m/ (cf. 'm’ columns, Figure 5).

In summary, the presence of deviant nasality can be inter-

preted from PPG misclassification probability. Furthermore,
PPG probability values between severity groups are statisti-
cally different, showing that severity of palate impairment in
TORGO can be distinguished. Misclassification probability to
/m/, i.e. P(@q=m) distinguishes the presence of nasal emission
for speaker FO1, however there are no other speakers with this
feature to analyse severity and nasal emission.



4.2. Dysarthria and tongue & lip impairment

In the following sections, acoustic similarity and tongue and
lip FDA aspects are examined. Imprecise consonants are at-
tributed to reduced range and force of articulatory movement
in spastic & flaccid dysarthria, and imprecise consonants and
irregular articulatory breakdown are attributed to dysrhythmia
(disturbed rhythm) and inaccurate direction of repetitive articu-
latory movement in ataxic dysarthria [77]. Due to the broad and
complex scope of articulatory impairment, the analysis is lim-
ited to the presence of lingual and labial dysarthric processes
(i.e. the severity of these processes is not analysed). The FDA
in speech jaw subscore is rated on the observed position of the
jaw during conversational speech. Although jaw movements
have been shown to e.g. affect vowel production [95] and im-
pact on tongue movement [96] in dysarthria, it is difficult to de-
lineate jaw processes from other articulatory parameters from
PPG class probability. It would be possible to evaluate jaw
electromagnetic articulography (EMA) sensor data and artic-
ulation. However, conclusions drawn would be reliant on the
EMA data (and not interpretation of PPG information). Fur-
thermore, the jaw section was removed from the FDA-2 as jaw
information did not assist diagnosis [34] (cf. Section 2.1.1).
Therefore, jaw articulation is not analysed for the scope of this
paper.

Finally, the number of PPG phoneme frames (i.e. duration)
can also be analysed. [11]’s evaluation includes analysis of du-
ration, and therefore this is not repeated but the results would
provide supplementary information on the speed and consis-
tency of articulation.

4.3. FDA Tongue rating

The FDA in speech tongue subscore is rated on tongue move-
ment in conversation, including observation of the accuracy,
speed, and labour of movement, and perception of phoneme
distortion and consonant omission. In the following, plosives,
fricatives, approximants, and lateral approximants with active
tongue articulation are examined in context of lingual impair-
ment and PPG probability.

4.3.1. Plosives and FDA tongue rating

Plosives require complete closure between two articulators
to obstruct airflow, and subsequent separation of the articula-
tors to release the compressed air. Imprecise plosives due to
e.g. weakness, incoordination or reduced range of motion in-
clude distortions or substitution based on variability in manner
(e.g. incomplete closure [97]), place of articulation [98], and
premature plosive release/inadequate air compression may lead
to weak plosive sound [99]. Inadequate velopharyngeal closure
(i.e. soft palate impairment) may lead to air escape through the
nasal cavity, causing nasalised plosives, difficulty creating com-
pressed air, and nasal emission (cf. Section 4.1 for an analysis of
deviant nasality). Impaired laryngeal timing or control can re-
sult in reduction or loss of the voice/voiceless distinction [100],
and this will be explored further in Section 4.5.

Acoustic similarity between plosives for dysarthric speakers
is shown in Figure 6. The control data shows distinction be-
tween plosive tokens, and a general trend of similarity with low
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probability values within voiced and unvoiced plosive classes
(cf. Section 3.2). In order to evaluate plosives and lingual im-
pairment, the plosives with active lingual articulation (i.e. alve-
olar and velar plosives) are examined. The acoustic similar-
ity profiles for FO4 and FO3 (‘A’ in speech tongue rating) are
similar to the control speaker data, with a comparable range of
misclassification probability values.

Table 6 summarises the predominant trends observed for
PPG acoustic similarity for the dysarthric speakers with rated
FDA tongue impairment. The trends show overall higher sim-
ilarity relative to control speakers between plosives of neigh-
bouring place of articulation indicating reduced distinction in
lingual plosive boundaries, and the ‘silent’ token which may
indicate weak plosives. In summary, the acoustic similarity
profile (and phoneme distinction with neighbouring plosive
phonemes) differentiate speakers with and without FDA tongue
impairment, although reduction in voicing contrast is the dom-
inant process captured by PPGs. Misclassification probability
to neighboring plosive phonemes correspond to dysarthric pro-
cesses on manual evaluation, e.g. fronting and imprecise lingual
place of closure. Higher misclassification probability may indi-
cate weak plosive articulation, but this is not straightforward to
interpret.

4.3.2. Fricatives and FDA Tongue rating

Fricatives require fine motor control to maintain a narrow
channel (close approximation) and turbulent airflow between
two articulators. If these are not maintained, this will lead to
distortion or substitution of the fricative [101] (and changes in
spectral characteristics [102]). Figure 7 shows acoustic sim-
ilarity between fricatives and plosives, approximants and lat-
eral approximants for MCO1 and ‘A’ (normal function) rated
dysarthric speakers, and Figure 8 shows the acoustic similarity
for dysarthric speakers with in speech lip and tongue impair-
ment (i.e. rated ‘A/B’ or higher).

The fricatives with active lingual articulation (i.e. dental,
alveolar, and post-alveolar fricatives) are examined, and Table 7
summarises the predominant trends observed for PPG acous-
tic similarity. For control speakers, low similarity values over-
all are observed. F04 shows a similar profile, and FO3 shows
a marginal reduction in phoneme distinction. For dysarthric
speakers with rated tongue impairment, higher similarity val-
ues indicate distortion due to complete closure and open ap-
proximation of the narrow channel required for frication. In
summary, speakers with and without FDA tongue impairment
are distinguished. Higher probability values observed in acous-
tic similarity for fricatives to plosives and approximants (which
correspond to dysarthric processes on manual evaluation) indi-
cate that PPGs have captured phonological processes related to
fine motor control and maintaining a narrow opening and turbu-
lent airflow between the tongue and passive articulator (i.e. nar-
row channel to complete closure for fricative stopping, and nar-
row channel to fricative approximantisation).

4.3.3. Approximants and FDA tongue rating
Approximants require open approximation (i.e. a narrower
approximation than vowels, but wider than for fricatives in
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Figure 6: Acoustic similarity for plosives (Dysarthric speakers).

Table 6: Predominant trends observed for Dysarthric speakers with tongue impairment

Alveolar and velar plosives

Higher similarity between plosives of neighbouring place of
articulation overall relative to control speakers, indicating re-
duced distinction in lingual plosive boundaries. However, it
can be observed that reduction in voicing contrast is the dom-
inant process captured in unvoiced alveolar plosives (cf. Sec-
tion 4.5 for further analysis).

For example, higher acoustic similarity can be observed for
P(d|g) for MO5 & M04 (by 10.17% and 10.41% relative to
the control speaker average, respectively), indicating fronting
of the voiced velar plosive towards the alveolar region (which
can be heard in audio samples, e.g. speaker MO0S, session 1,
array mic wav 24 (MO5, S1, AM24)). Marginally higher sim-
ilarity between unvoiced alveolar and velar plosives are ob-
served for speakers M0OS and FO1 (by 5.61% and 4.36%, re-
spectively, relative to control speakers).

Increased acoustic similarity to the ‘silent’ token for plosives
(not shown). However, analysis in Section 3.1 demonstrated
correlation between the number of non-speech frames and
P(‘silent’|plosive) in the control data and therefore may not
be a reliable indicator of weak plosives unless this variable is
considered.

Dysarthric speakers with tongue impairment have 10.88%
higher acoustic similarity on average between alveolar and ve-
lar plosives and ‘silent’ in comparison to control speakers, and
the probability values distinguish ‘C/D’ and ‘D’ rated speak-
ers by 5.11% on average.

order to not cause turbulent airflow) between two articula-
tors [101]. Approximants can also require precise shaping
of articulators, e.g. /r/ requires retroflex (curled back) apical
(tongue tip) open approximation to the alveolar region, and
/w/ requires a rounded lip posture and raising of the tongue
dorsum (back) toward the palatal region. Figure 9 shows the
acoustic similarity for approximants and lateral approximants
to approximants, lateral approximants, plosives and close to
open-mid monophthongs for control speaker MCO1, and the
dysarthric speakers with ‘A’ tongue and lip ratings. Figure 10
shows the acoustic similarity for the dysarthric speakers with
rated in speech tongue and lip impairment.

Alveolar and palatal approximants, and the alveolar lateral
approximant (i.e. approximants and lateral approximants with
active tongue articulation) are examined. For the control and
‘A’ rated speakers, there are low probability values for similar-
ity to plosives, and (other, as applicable) approximants and lat-
eral approximants (0.75% and 1.45% on average, respectively).
For dysarthric speakers with tongue impairment, distinction
between approximants and lateral approximants is generally
maintained. There is marginally higher similarity for P(all)
(by 2.63%) and P(l]x) (by 1.9%) on average relative to control
speakers, otherwise the misclassification probability values are
comparable. Speaker FO1 exhibited the highest similarity for
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Figure 7: Acoustic similarity for fricatives to plosives, approximants, and lateral approximants (MCO1 = Control, FO4 & F03 = ‘A’ tongue and lip rating).

TORGO_MO5 TORGO_M04

pbtdkaguajwl pbtdkaguajwl

pbtdkaguajwl

TORGO FO1 TORGO_MO1

- 0.8
0.6
©
0.4
0.2
0.0

pbtdkaguajwl

\

S

z

|

h

Figure 8: Acoustic similarity for fricatives to plosives, approximants, and lateral approximants (dysarthric speakers with rated in speech tongue and lip impairment).
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Figure 9: Acoustic similarity for approximants and lateral approximants to approximants and lateral approximants, alveolar and velar plosives, and close to open-

mid monophthongs (control and ‘A’ rated speakers).

P(lJx) (6.24%), and reduced retroflexion can be heard in audio
samples (e.g. FO1, S1, AM37). In summary, differences in PPG
probability for distortion and substitution of lingual approxi-
mants were not clear cut. Analysis of similarity to plosives,
fricatives and monophthongs (open approximation vs. complete
closure, narrow approximation, and open vocal tract, respec-
tively) was also conducted, but no significant trends were ob-
served.

4.4. FDA Lip rating

The FDA in speech lip subscore is rated on the observed
movement of the lips in conversation. In the following, plo-
sives, fricatives, and approximants with active lip articulation

are examined in the context of labial articulation and PPG prob-
ability. The lip subscore is rated on the movement/shape of the
lips for all sounds (and not just bilabial and labiodental conso-
nants). Therefore, lip articulation and vowels were also eval-
uated (not shown), but patterns between lip impairment and
e.g. lip rounding and vowel articulation were not captured in
PPGs. Analysis of similarity to consonants with high sonor-
ity and labial articulation was also conducted, and the results
demonstrated similarity with rounded vowels and the labial-
velar approximant, but no deviation in pattern for dysarthric
speakers with rated lip impairment was observed, and therefore
this analysis is not shown.



Table 7: Predominant trends observed for fricatives and tongue impairment

Dental, alveolar and post-alveolar fricatives

For control speakers, low similarity values overall can be observed
between lingual fricatives and lingual plosives (and an average
similarity between lingual fricatives and approximants & lateral
approximants of 0.50%). Relatively higher values are observed likely
due to the phonetic environment, e.g. consonant clusters.

e.g. For MCO1, P(t|s)=4.94% and P(k|s)=1.40%. Acoustic similarity
was calculated on the /s/ phoneme token without neighbouring
lingual plosive tokens, and similarity was reduced (by 1.7% and
0.87%, respectively), indicating at least partial contribution from
phonetic environment (e.g. consonant clusters).

For ‘A’ rated dysarthric speakers, FO4’s probability value ranges and
profile are comparable to the control data, and FO3 shows marginally
increased values, indicating a relatively mild reduction in phoneme
distinction.

For FO4, marginally increased values relative to control speakers
between fricatives and alveolar plosives (by 1.76% and 1.05% on
average for /t/ and /d/, respectively), and the alveolar approximant
(by 0.98% for /r/).

For dysarthric speakers with rated tongue impairment, higher
similarity to plosives, approximants and lateral approximants overall
can be observed, indicating distortion due to complete closure and
open approximation of the narrow channel required for frication.

For M05, M04, and MO1, on average P(/d/|/z/) is 13.44% higher
relative to control speakers. On manual evaluation, complete closure
to the alveolar region can be heard (e.g. M04, S1, AM12). Speakers
MO5 & M04 also show higher similarity for P(/j/|/[/) (9.55% and
6.72%, respectively), and open approximation to the palatal region
and reduced airflow can be heard during (pre- and inter-vocalic)
fricative articulation (e.g. M05, S2, HM132). For FO1, some
distortion can be perceived in fricatives on manual evaluation, but it
can be heard that turbulent airflow (and therefore close
approximation) is maintained in audio samples.

For speakers with both soft palate and tongue impairment (FO1 and
MO1), there is a high similarity for fricatives to the alveolar nasal,
indicating hypernasalised fricative stopping.

e.g. on average P(n|0)=12.62% and P(n|z)=8.22%. However,
analysis in Section 4.1 demonstrates similarity to /n/ due to deviant
nasality, independent of phonological stopping, and therefore it is
difficult to delineate these processes.

For the voiced dental fricative /3/, all control speakers and FO4 show
low probability values for similarity to the voiced alveolar plosive
/d/ (1.32% on average). FO3 has relatively higher probability values.
The dysarthric speakers with tongue impairment show higher
probability values. It is not straightforward to differentiate potential
TH-stopping in e.g. accent variation in Canadian English [103], and
stopping/reduced frication and phonological backing & simplification

of /8/to /d/.

FO03 shows relatively higher probability (by 3.93%), and reduced
frication/stopping can be heard in audio samples (e.g. FO3, S1,
AM30). MO1 shows increased similarity (by 9.78% on average
compared to control speakers & F04), and significant fricative
stopping can be heard (e.g. M05, S1, AM11). Increased similarity to
the alveolar lateral approximant can also be observed, particularly for
FO1 (by 18.76% relative to the control average). However, on
auditory evaluation, primarily backing and stopping can be heard in
FO1’s articulation.

4.4.1. Plosives and FDA lip rating

Examining misclassification probability between plosives
and phonemes with lip rounding (not shown), marginally higher
similarity values between the voiced bilabial plosive /b/ and
the voiced labial-velar approximant /w/ for dysarthric speak-
ers with lip impairment is observed, but this was not signifi-
cant. Therefore, errant lip processes in plosives are not cap-
tured by PPG information in the TORGO data, and analysis of
other FDA aspects shows that bilabial plosive misclassification
predominantly captures deviant nasality (cf. Section 4.1) (and
potentially weak plosive release (cf. Section 4.3.1)) and errant
voicing (cf. Section 4.5).

4.4.2. Fricatives and FDA lip rating

Fricatives in Figure 7 and Figure 8 are examined in this sec-
tion. Labiodental fricatives require close approximation be-
tween the lower lip and upper teeth. The control speakers show
distinction between the voiced labiodental fricative /v/ and
voice labial-velar approximant /w/ (with 2.09% acoustic simi-
larity on average). FO4 and FO3 (‘A’ lip rating) show marginally
higher values (by 1.14% and 1.41%, respectively). Addition-
ally, for the voiced dental fricative /3/, the control speakers
and dysarthric speakers with no rated lip impairment show low
similarity values to /b/. Table 8 summarises the predominant
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trends for dysarthric speakers with lip impairment. In sum-
mary, higher probability values observed in acoustic similarity
for labiodental fricatives and approximants (which correspond
to dysarthric processes on manual evaluation) indicate that PPG
features have captured phonological processes related to motor
control, lip posture and labiodental contact & frication.

4.4.3. Approximants and FDA lip rating

Examining Figure 9 and Figure 10, there is a higher simi-
larity between the alveolar approximant and voiced labial-velar
approximant for dysarthric speakers with lip impairment. M05
and FO1 show the highest values for P(w]r) (8.65% and 5.23%,
respectively), and lip rounding (with reduced apical retroflex-
ion) can be perceived during articulation (e.g. M05, S1, AM46
and FO1, S1, AM37). No further trends are observed.

4.5. FDA Laryngeal rating

The FDA in speech laryngeal subscores are rated on percep-
tual evaluation of phonation and appropriate volume and pitch
in conversational speech. The PPG token categories do not
directly encode information regarding voice quality and char-
acteristics, e.g. pitch, stress, harshness, and loudness. Loud-
ness and weak plosive articulation may be represented in con-
sonant precision, e.g. increased probability of ’silence’ with
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Figure 10: Acoustic similarity for approximants and lateral approximants to approximants and lateral approximants, alveolar and velar plosives, and close to open-

mid monophthongs (in speech lip and tongue impairment).

Table 8: Predominant trends observed for Dysarthric speakers with lip impairment

Fricatives and lip impairment

Higher probability values for P(/w/|/v/), indicating capture of labi-
alisation/approximant substitution. The phonological process also in-
volves movement of the tongue dorsum towards the velum, and it can
be observed that dysarthric speakers with rated lip impairment also
had rated tongue impairment (cf. Table 1). Dysarthric speakers also
had higher probability values that indicate reduced labiodental frica-
tion and reduced lip rounding.

In particular, speakers with ‘C/D’ rated lip impairment had higher
values for P(/w/|/v/) (i.e. MO1 and MO5, by 9.55 and 11.60%, re-
spectively), indicating capture of labialisation/approximant substitu-
tion (e.g. MOS5, S1, AM61). FO1 and MO5 have higher values between
/v/ and /1/ & /r/ (on average, 7.60% for r|v and 8.68% for 1|v).
In audio samples, reduced labiodental frication with alveolar approx-
imation and a variable reduced degree of lip rounding can be heard
in articulation (e.g. FOI, S1, AM20). In instances of multisyllabic
words with a neighbouring syllable with alveolar articulation, alveolar
approximation with no labiodental frication can be heard for speaker
MO5 (e.g. MO5, S2, HM102).

The dysarthric speakers with lip impairment show higher probability
values for P(/b/|/3/). MO1 shows the highest similarity (by 10.45%
relative to control speakers).

It cannot be clearly discerned from manual evaluation if there is bi-
labial or linguolabial contact (particularly with the absence of visual
information) during articulation (e.g. MO1, S1, AM56).

plosives as shown in Section 4.3.1, but this is difficult to disen-
tangle. Research has demonstrated that acoustic measures can
effectively capture voice parameters (e.g. time-based acoustic
measures and perturbation analysis for Type I signals (i.e. ap-
proaching periodic in nature) [104], spectral analysis for Type
IT and III signals (i.e. with modulations/subharmonics, and
approaching random aperiodic vibration, respectively) [105]),
and multi-dimensional analysis of dysarthric voice character-
istics [100]. However, PPGs may potentially capture errant
voicing processes. [11] previously evaluated the substitution
errors caused by errant voicing in the TORGO, and the analysis
demonstrates that dysarthric and non-dysarthric speakers can
be differentiated. Some substitution errors are annotated in the
phoneme aligned data, and therefore the analysis for this sec-
tion will focus on the voiceless/voicing phoneme distinction in
PPGs, which has adjunctive potential to acoustic measures (in
combination with an evaluation of substitution errors) for a full
profile of voice dimensions.

Analysis of control speaker data in Section 3.2 shows that
acoustic similarity with low probability values is observed
within voiced and unvoiced plosive classes, with the exception
of t|d (with low probability values observed for d|t). Therefore,
acoustic similarity between an unvoiced plosive and a voiced
plosive with the same place of articulation is not established, in-
dicating a clear PPG distinction for unvoiced plosives. Acoustic
similarity for plosives for dysarthric speakers is shown in Fig-
ure 6. The acoustic similarity profile for FO4 and FO3 (‘A’ in
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speech laryngeal rating) is similar to the control speaker data,
with a comparable range of misclassification probability values.

For the dysarthric speakers with rated laryngeal impair-
ment, there is significantly higher similarity between unvoiced
and voiced plosive pair misclassification (on average 18.48%,
11.73%, and 10.79% higher than control speakers for P(d|t),
P(b|p), and P(g|k), respectively), indicating reduced distinction
in voicing contrast (and potentially voice onset time (VOT) that
distinguishes voiced and voiceless plosives [106]). FO1 shows
some deviation from this pattern, but this speaker’s plosive ar-
ticulation is characterised by weak plosive release with hyper-
nasality & nasal emission (cf. Section 4.2 and Section 4.1). Re-
search has demonstrated shorter VOT (and stop gap duration) in
a number of dysarthria types (for both hypothesised underlying
mechanisms of hypertonicity of the larynx [107] and dysrhyth-
mia [108], which in turn are influenced by factors of speech
rate, and lung volume at speech initiation [109]).

4.6. FDA Intelligibility rating

The previous sections on FDA aspects have highlighted the
dysarthric processes that contribute to speech intelligibility im-
pairment. For clinical dysarthria assessment, it is important
to characterise the dysarthric features (and therefore dysarthria
profile) underlying changes in phoneme distinction that con-
tribute to intelligibility impairment. Nevertheless, the rela-
tionship between PPG probability and speech intelligibility is
briefly examined. The FDA sentence intelligibility subscore is



rated on accuracy in a sentence interpretation task. Studies have
shown correlation between phoneme & word error rate scores
and speech intelligibility for dysarthric speech [110], although
error types are often not directly interpretable.

Table 9: Phoneme token accuracy by correct probability in acoustic phoneme
similarity (in %).

Control F04 F03 MO5 MO04 Fol MOl
Intelligibility A A A C DE DE DE
Vowels 100 100 100 7143 8571 6429 57.14
Consonants 100 100 100 68.18 59.09 31.82 4091
Average 100 100 100 69.44 6944 4444  44.44

Table 9 shows phoneme token accuracy, where accuracy is
calculated as the number of instances where the correct prob-
ability (i.e. when q=p) is the dominant probability in acoustic
phoneme similarity (g,), divided by the total number of tokens.
Control and dysarthric speakers rated ‘A’ for intelligibility had
100% accuracy for vowel and phoneme tokens analysed, dif-
ferentiating speakers in the TORGO dataset with and without
rated FDA intelligibility impairment. Examining average accu-
racy (‘Average’ row in Table 9), M05 and M04 have the same
average accuracy and therefore ‘C’ and ‘D/E’ speakers are not
identified by the average probability alone, but the accuracy for
vowels and consonants differs. The consonant accuracy score
(’Consonants’ row) does differentiate severity of FDA intelligi-
bility rating, although there is a relatively wide range of values
for ‘D/E’ speakers, and there are no ‘A/B’-‘B/C’ rated speak-
ers to compare. A Kruskall-Wallis (KW) test shows significant
differences in acoustic similarity (§,) correct probability val-
ues across intelligibility severity groups (H-statistic = 104.30, p
< 0.0001). Table 10 shows the adjusted P-values for a pairwise
post-hoc comparison (Dunn’s test with Bonferroni correction)
between intelligibility severity groups. There is no significant
difference between the Control and ‘A’ group (P=0.2003), and
significant differences are observed between the control group
& ‘C’ and ‘D/E’ groups, and ‘A’ & ‘C’ and ‘D/E’ groups (P
< 0.0001). However, there is no significant difference between
‘C’ and ‘D/E’ groups.

Table 10: Post-hoc pair-wise comparison between intelligibility severity groups
(acoustic similarity (g,) correct probability values).

Comparison Adjusted P-value
Control vs. A 0.2003
Control vs. C < 0.0001
Control vs. D < 0.0001
Avs. C < 0.0001
Avs.D < 0.0001
Cvs. D/E 0.9516

Therefore, correct probability in acoustic phoneme similar-
ity shows some trends but lacks sensitivity in differentiating in-
telligibility groups. Studies have demonstrated that consistent
speech sound production/error(s) have a significant impact on
intelligibility [111], and that some phonemes have significantly
higher frequency of use and a larger role in phonemic contrasts
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and intelligibility (e.g. a high alveolar nasal and alveolar lat-
eral load across languages with differing phoneme inventory
types [112]). Therefore, the correct PPG probability for each
instance of a phoneme aligned token (g,) (cf. Section 2.2.2 for
details) is plotted by manner of articulation in Figure 11 to en-
able analysis of PPG probability, articulation consistency, and
speech intelligibility. Table 11 shows the results for pairwise
KS tests for intelligibility groups by manner of articulation. The
pairwise KS tests show significant differences in the distribution
of correct probability values across all 18 pairwise comparisons
(@ < 0.05). Statistically significant differences for all 6 manner
of articulation groups were found for the comparison between
Control vs. ‘A’ speakers (P< 0.0013), ‘A’ vs. ‘C’ speakers
(P< 0.001), and ‘C’ vs. ‘D/E’ speakers (P< 0.028). Lateral
approximants consistently showed the largest KS statistic (D)
between Control vs. ‘A’, ‘A’ vs. ‘C’ and ‘C’ vs. ‘D/E’ groups
(D = 0.705,0.554,0.373, respectively) indicating that the dis-
tribution of lateral approximant correct probability scores are
most separated in the data. Affricates also show a large relative
difference across all groups (D = 0.253,0.585,0.277, respec-
tively). Approximants show a small relative difference for the
‘C’ vs. ‘D/E’ group, and a large relative difference between all
other groups, and plosives show medium to medium-large rel-
ative differences. Finally, nasals consistently show the smallest
relative difference (D = 0.107,0.136, 0.123, respectively), indi-
cating that the distribution of nasal correct probabilities is most
similar between successive groups.

Table 11: Pairwise intelligibility group Kolmogorov-Smirnov test results
by manner of articulation (correct probability values across all instances of
phoneme aligned tokens (g))).

Gl G2 Manner KS Statistic ~ KS P-value
Con ‘A plosive 0.218 < 0.001
Con. ‘A nasal 0.107 <0.001
Con. ‘A fricative 0.120 < 0.001
Con ‘A affricate 0.253 0.0013
Con A approximant 0.244 < 0.001
Con. ‘N lat. approx. 0.705 < 0.001

‘A ‘< plosive 0.116 < 0.001

‘A < nasal 0.136 < 0.001

‘A ‘< fricative 0.416 < 0.001

‘A ‘< affricate 0.585 < 0.001

‘A ‘< approximant 0.319 < 0.001

A ‘< lat. approx. 0.554 < 0.001

‘< ‘D/E’ plosive 0.220 <0.001

‘< ‘D/E’ nasal 0.123 0.007

‘C ‘D/E’ fricative 0.215 <0.001

‘< ‘D/E’ affricate 0.277 0.028

‘< ‘D/E’  approximant 0.146 < 0.001

‘ ‘D/E’ lat. approx. 0.373 < 0.001

In summary, speakers with and without intelligibility impair-
ment are easily distinguished by PPG phoneme token accuracy
but there were no statistically significant differences between
Control speakers and ‘A’ rated dysarthric speakers, and between
‘C’ and ‘D/E’ rated speakers (the most severe groups avail-
able in the data). Both PPG correct probability and articulation
consistency are required to distinguish intelligibility severity in
the TORGO data, where the distribution of all manner of ar-



ticulation groups are significantly different between all severity
groups. Lateral approximants and affricates show consistently
large relative differences in the distribution of correct proba-
bility values between all severity groups. Therefore, all FDA
grades are easily separated although there are no ‘A/B’-‘B/C’
and ‘C/D-‘D’ speakers in the data to compare.

5. Conclusion

Current approaches to ADA focus on the classification of
broad labels (generally intelligibility, or intelligibility as an in-
dicator of speech severity) which remain limited in clinical util-
ity beyond a broad estimator of speech intelligibility. There
is also growing concern that the classifiers are learning other
aspects of audio rather than dysarthric speech features. Fur-
thermore, the minimally detectable change or clinically impor-
tant difference and measurement error have not been consid-
ered [28]. It can be observed from the TORGO data and analysis
in this paper that speakers with the same neurological diagnosis
and sub-type of dysarthria with the same level of intelligibil-
ity can have different dysarthric profiles. Therefore, accurately
classifying broad labels is also limited in clinical utility for dif-
ferential diagnosis and management. Furthermore, there is fur-
ther complexity if e.g. there are similar levels of intelligibility
between speakers of different dysarthria sub-types or differing
or co-morbid aetiology underlying intelligibility impairment.
Additionally, early symptoms differ in MSDs [113, 114].

As the preliminary steps towards automatic FDA assessment
(and clinically interpretable dysarthria assessment), the analy-
sis has demonstrated potential for PPGs to capture a dysarthric
profile. PPG information can distinguish control and dysarthric
speakers and provide information on dysarthric speech produc-
tion. Table 12 summarises the dysarthric speech processes in
relation to FDA aspects. Overall, analysis of the control data
shows distinct PPG phoneme boundaries, with acoustic similar-
ity showing sensitivity to voicing and place within manner of
articulation groups (with relatively low probability values ob-
served). For the dysarthric data, phonological processes related
to deviant nasality, plosive voicing contrast, and lingual articu-
lation are captured by PPG probability. Analysis shows some
representation of labial dysarthric processes, but this was not
straightforward to interpret. Importantly, the analysis highlights
auditory perceptual features relevant to FDA scoring in the
TORGO, and the dysarthric processes that contribute to speech
intelligibility impairment. This increases focus and understand-
ing of impairment across the speech subsystems (e.g. related to
the FDA aspects) and clinical utility for dysarthria diagnosis
and management.

For the aim of establishing the extent that information on
dysarthric speech processes are encoded in PPG features, gold
standard EMA phoneme and alignment information was used
to extract phoneme windows for the analysis conducted. Stud-
ies have investigated the impact of forced alignment errors on
pronunciation assessment [115], and future work will focus on
the utility of PPGs without gold standard alignment data, and as
an interpretable feature for ADA. Phoneme alignment for the
TORGO dataset is well studied [116, 117, 118]. Additionally,
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current work on relevant automatic systems and posterior-based
confidence scores rely on alignment and sub-word annotation,
for example manual alignment and syllable level annotation for
VSA [33], and forced alignment and phone-level transcription
for articulatory GoP [119], respectively.

Auditory perceptual features for FDA scoring in the TORGO,
and analysis of the dysarthric speech processes that are encoded
in PPG features have been documented in this work. This
is an exploratory step to create a framework for interpretable
features for ADA as a prerequisite to future work on the au-
tomatic prediction of clinically interpretable dysarthria assess-
ment. Also, future work will focus on comparing dysarthria
profiles for differential diagnosis, e.g. distinguishing speech
characteristics associated with different neurological aetiology
and dysarthria subtypes. Furthermore, as studies commonly use
speech audio from the TORGO dataset, and due to the large
scope of the paper, this work focused on audio with speech
only and ‘in speech’ FDA subscore ratings. The FDA also
includes non-speech tasks that contribute to dysarthria diag-
nosis. For example, performance on sequential and alternat-
ing diadochokinetics (DDKs) [120], and the profile of rela-
tive scores between speech and non-speech tasks [34]. Future
work on non-speech tasks should use the appropriate FDA sub-
scores and conduct analysis in context of the FDA aspects and
dysarthria profile compiled.

The contextual effect on phonemes has been shown to impact
on pronunciation models (including the spectral relationships)
and as the TORGO data contains a limited pool of transcripts
an assumption that factors of phoneme environment and con-
textual variability are similar across speakers has been taken in
this work unless otherwise stated. The analysis highlights sen-
sitivity to coarticulation and assimilation in PPG features for
control and dysarthric speakers, indicating further exploration
of classification features in dysarthric motor control and contex-
tual variability may be beneficial. Also, the analysis highlights
that although speakers FO3 and FO4 have ‘A’ rated intelligibil-
ity, there are differences in the lingual profile, and processes
secondary to contextual variability (with potentially more dis-
tinction in some processes due to over-articulation [121]) rela-
tive to control speakers. However, further work is required to
confirm these trends. Finally, as 8 of the 9 FDA aspects focus
on abnormal characteristics of speech production (the remain-
ing being intelligibility) the linguistic and semantic context was
not considered for the scope of the paper (i.e. the characteri-
sation of the dysarthric features (and therefore dysarthria pro-
file) that underlie the changes in phoneme distinction). Notably,
in the first edition of the FDA (which was administered in the
TORGO), all stimuli in the sentence intelligibility subtest have
a uniform structure consisting of an identical phrase subject and
verb, with a variable subject complement. Additionally, the in-
clusion of phonemically contrastive complements and consis-
tent morphological suffixes minimise contextual cues. An anal-
ysis of linguistic context and FDA intelligibility ratings could
be beneficial in future work (although the intelligibility aspect
stimuli were not recorded in the TORGO data which limits the
scope of this analysis).



Manner of Articulation

1.0 n E Manner
I plosive
3 affricate
0.8 1 @ approximant
I fricative
W lateral_approximant
_ai' 0.6 1 B nasal
] g o 8
3 a S
£ 0.44 - Be o
e 8 o0
g o 0
8 o
(o}
021 ; : I
Q o
: : ?
0.0 le 118
cor ot o> D ™ © o o ol
W W W <0 V] Wo? o \ ¢ \ Wor <
Speaker

Figure 11: Correct Probability by Manner of Articulation for different speakers (sentence intelligibility ratings in parentheses).

Table 12: Dysarthric speech processes (also cf. Table 1) by PPG information.

FDA aspect Summary

Respiration Not examined. Information on e.g. syllables per breath unit and e/ingressive speech are not directly en-
coded in PPG tokens. Also, it is difficult to delineate distortion due to respiratory control with PPG
information.

Jaw Not examined (cf. Section 4.2 for details).

*Soft Palate Speakers with and without FDA soft palate impairment are differentiated. Misclassification probability
values are significantly different between severity groups for deviant nasality. Speaker with nasal emission
differentiated (cf. Section 4.1).

*Tongue Differentiates speakers with and without FDA tongue impairment. Distortion and substitution due to
imprecise consonants: fronting/backing/stopping(/reduced frication), reduced retroflexion. Severity not
examined (cf. Section 4.3).

*Lips Distortion and substitution due to imprecise consonants: Labialisation(/approximant substitution)/reduced
labiodental frication. Severity not examined. Not straightforward to interpret (cf. Section 4.4).

*Laryngeal Voiced/voiceless plosive distinction. Differentiates speakers with and without FDA laryngeal impairment

(cf. Section 4.5).

*Intel. (sentence)

Correct probability differentiates speakers with and without FDA intelligibility impairment. Statistically
different correct probability values (across all aligned phoneme tokens g,) between severity groups for all
manner of articulation groups (cf. Section 4.6).
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