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Abstract

Dysarthria is a motor speech disorder esti-
mated to affect over 250,000 people in Ger-
many. Automatic Speech Recognition (ASR)
could greatly benefit affected populations, but
standard ASR models struggle with impaired
speech and data resources for specialized train-
ing are scarce. To address this limitation, we
present a new German dysarthric speech cor-
pus geared towards speech technology devel-
opment. We collected 8 hours and 16 min-
utes of both read and spontaneous speech
from nine speakers with diverse symptoms
of dysarthria and apraxia of speech (AOS).
Preliminary ASR evaluation comparing a de-
fault and fine-tuned Whisper-medium model in
a speaker-dependent and speaker-independent
setting shows a diverse range of outcomes.
In the speaker-dependent setup, strong word
error rate (WER) improvements up to 0.82
points (from 1.01 to 0.19 for a speaker with
severe dysarthria) are observed. The speaker-
independent version reaches up to a 0.49 point
improvement from a WER of 1.20 to 0.71.
The results demonstrate the usefulness of read
speech in the facilitation of ASR for impaired
speech and the benefits of speaker-specific data,
but also individual differences in learnability.
This highlights the need for more fine-grained
analyses in the research on ASR approaches for
dysarthric speech.

1 Introduction

Dysarthria is a motor speech disorder caused by
neurological injuries and characterized by abnor-
mal neuromuscular execution that affects the speed,
strength, range, timing or accuracy of speech move-
ments (Enderby, 2013). The result is highly indi-
vidual impaired speech. Resulting challenges in
communication can negatively impact self-identity
and personal relationships (Dickson et al., 2008).
It is estimated that this affects over 250,000 people
in Germany (Ziegler and Vogel, 2010). Other disor-

ders of speech and language such as aphasia (Trapl-
Grundschober et al., 2005) and apraxia of speech
(AOS; Takahashi et al., 2025) often co-occur.

This makes dysarthric speech a very challeng-
ing case for speech technologies such as auto-
matic speech recognition (ASR; see e.g. Takahashi
et al., 2025), excluding a demographic which could
greatly benefit from such technology from using
it: Besides helping with intelligibility in conver-
sations, ASR could enable voice-controlled appli-
cations of home automation or help with written
communication (Jaddoh et al., 2023). Many speak-
ers with dysarthria suffer from co-occurring motor
impairments which limit movement.

Progress in this field is hindered by the lack
of openly available and suitable data, especially
in languages other than American English (Bhat
and Strik, 2025). To address this gap, we collabo-
rate with the P.A.N. Center for Post-Acute Neuro-
Rehabilitation in Berlin to build a dataset of Ger-
man dysarthric speech: the DYSTINCT database
(DYsarthric Speech Technology for INtelligibility
and Conversational Translation).

Our contributions are the following: 1) full
recordings of nine German speakers suffering from
dysarthria or AOS', 2) a detailed symptom profile
for each speaker and 3) baseline speaker-dependent
and speaker-independent ASR results on the col-
lected data.

2 Related Work

Dysarthria affects speech in very diverse ways. A
widely-used taxonomy defines six main types of
dysarthria (Darley et al., 1969): flaccid, spastic,
ataxic, hypokinetic, hyperkinetic, and mixed.

As afirst larger collection, the American English
Universal Access Speech dataset (UASpeech; Kim
et al., 2008) has been widely used in ASR research.

"For information regarding access to the dataset, visit
github.com/dystinct-project/dystinct-data
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The dysarthric section was contributed by 14 speak-
ers with cerebral palsy (CP), each recording 765
isolated words.

A second widely-used American English dataset
is the TORGO database (Rudzicz et al., 2012).
Dysarthric speech from eight patients with CP or
amyotrophic lateral sclerosis (ALS) and healthy
speech from seven age- and gender-matched con-
trol speakers is included, resulting in 5.5 and 8
hours of single-word and sentence recordings, re-
spectively. Spontaneous speech is included in the
form of image descriptions.

The Speech Accessibility Project (SAP) dataset
is by far the most extensive collection available
(Hasegawa-Johnson et al., 2024). In the SAP-
240430 release (Zheng et al., 2025), 524 speakers
suffering from Parkinson’s disease (PD), Down syn-
drome, ALS, CP or stroke contributed 415 hours of
speech in American, Canadian, and Puerto Rican
English. Each speaker was asked to read or re-
peat 350 to 400 phrases. Additionally, free speech
was recorded using short open-ended prompts.
The database is intended for research on speaker-
independent ASR approaches.

Some data collections exist for other languages,
such as French, Korean, Cantonese, Dutch, Tamil,
Spanish, Czech, Italian and German (see Bhat and
Strik, 2025). Many of these, such as the German
dataset by Skodda et al. (2011), are not geared
towards NLP and are thus very limited in terms
of data variety and representativeness. A German
dysarthric dataset of 1,272 sentences read by a sin-
gle speaker is accessible on huggingface?, but there
does not seem to be any publication connected to it
or any further information available.

A central goal of research on technology for
dysarthric speech is to enable high-quality ASR
(e.g. Takahashi et al., 2025). Dysarthria classifica-
tion serves diagnostic purposes (e.g. Javanmardi
et al., 2024), while speech conversion seeks to im-
prove intelligibility (Wang et al., 2020). Parallel to
the development of applications for non-impaired
speech, the focus in recent years has been on meth-
ods of deep learning (Bhat and Strik, 2025). Re-
garding ASR, the most successful approaches in the
recent Interspeech 2025 Shared Task on speaker-
independent dysarthric ASR using the SAP dataset
worked with the fine-tuning of speech foundation
models (Zheng et al., 2025).

2h'ctps ://huggingface.co/datasets/B-Czarnetzki/
dysarthric_german

The training data requirements vary by applica-
tion. While dysarthria classification requires appro-
priate speech samples annotated with information
about the speaker status, ASR training traditionally
requires transcribed speech recordings. Usually,
dysarthric speech datasets feature this type of data
in the form of words or sentences read aloud by the
participants. Free, spontaneous speech transcribed
afterwards can also occasionally be found, as in
the image descriptions of TORGO or the answers
to open-ended prompts in the SAP dataset. This
type of data is in some regards more representative
of conversational speech as a primary use case for
dysarthric ASR systems, as it shares the aspect of
spontaneity and its effects. Conversational ASR
still proves to be a challenging task for modern
ASR systems even on healthy speech, due to disflu-
encies and structural differences from read speech
(Maheshwari et al., 2025). The same is true for im-
paired speech (Tobin et al., 2024), rendering spon-
taneous speech sections an important component
of dysarthric speech datasets aimed at the develop-
ment and evaluation of ASR approaches.

The impact of accompanying speech impair-
ments such as AOS has not received special at-
tention in previous literature. AOS is characterized
by an inability to correctly program sensorimotor
commands for the production of speech and is char-
acterized by more unstable error patterns (Cherney
and Small, 2009).

3 Corpus Creation

Subjects

We cooperate with the P.A.N. Center for Post-
Acute Neuro-Rehabilitation in Berlin for the re-
cruitment and pathological assessment of speak-
ers. The current dataset contains recordings of nine
speakers with speech impairments. All speakers
are diagnosed with dysarthria or AOS and provided
their informed consent to the data collection and
use of their pseudonymized speech data for this
work along with relevant pathological information.

Methodology

We collect two types of speech data. Firstly, we
curated a list of 400 sentences from the Common-
Voice dataset (Ardila et al., 2020) to be read aloud
by the participants:

100 phrases related to care and daily life, as
well as 125 colloquial phrases, aim to provide data
which resemble speech that a dysarthric person
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could realistically use, and which an ASR system
created to assist them in communication would
need to be able to handle. 50 automation-related
phrases target voice control, a different ASR appli-
cation which would be very useful to many patients
suffering from accompanying motor impairments.
100 additional sentences include minimal pairs that
are potentially difficult to distinguish in pronuncia-
tion for dysarthric speakers. A final 25 sentences
are selected on the basis of biphone diversity to en-
sure a phonetically diverse collection and highlight
potentially difficult sounds missed in the previous
groups. Examples are listed in Appendix A.2.
The read sentences provide a starting point for
ASR training especially for severely dysarthric
speech, which cannot be transcribed with high
confidence. Additionally, we collect spontaneous
speech. In the pilot recording sessions, image de-
scriptions have proven to be a method that provides
intuitive cues for speakers to produce speech. We
created two detailed images for this purpose, which
depict settings commonly encountered in daily life
(see Appendix A.1 for reference). Speakers are
asked to describe what they observe in the image.
The researcher conducting the recording session
can ask follow-up questions on the image if needed.

Recording setup

A streamlit®-based recording interface is used for
speech collection. This interface can record sepa-
rate items for different cues such as sentences and
images. Typically, a researcher is in the room with
the speaker during recording sessions to instruct
the speaker and operate the recording tool.

The sessions are limited to an hour to avoid plac-
ing too much strain on the speakers, some of whom
are prone to fatigue. Sessions typically begin with
a spontaneous speech section with a description of
one of the two images. The remaining time is then
used for read sentence recordings.

Transcription

The spontaneous speech recordings need to be tran-
scribed. This is done by the researcher who con-
ducted the recordings. In some cases, the speech is
very hard to understand, even for familiar listeners.
This means that the transcriptions we provide must
be understood as noisy and full correctness cannot
be guaranteed. Some material had to be discarded
because the content could not be transcribed.

3h’ctps://streamlit.io

Annotation

General speaker information including age, gen-
der, impairment etiology and detailed information
on the symptoms of the speech impairment is pro-
vided. This information was provided by profes-
sional speech-language pathologists who had as-
sessed the speakers individually.

4 Collected Data

ID Sex Age Etiology Dysarthria AOS
Name ICD-  Type Severity
10
SI m 25 TBI S06.9 flaccid severe no
S2 f 36 stroke 163.1 mixed severe no
S3 f 57 stroke 163.3 - - yes
S4 f 36 stroke 163.3 INP mild yes
S5 f 50 intracranial I61.4 ataxic mild no
hemorrhage
S6 f 46 TBI T90.5 flaccid severe no
S7 f 54 stroke 163.5 INP medium yes
S8 m 8 congenital INP mixed INP no
malformation
of brain
S9 m 40 TBI S06.6, INP medium no
S06.9,
S06.5

Table 1: Overview of the impaired speakers. Missing
information is marked as INP.

At the moment, the dataset comprises the data
of nine speakers with speech impairments. In total,
7 hours and 38 minutes of read and 38 minutes of
spontaneous impaired speech were recorded. For
two speaker, S7 and S8, no spontaneous speech
set is available. Eight of the nine impaired speak-
ers suffer from dysarthria, three from AOS. A ta-
ble detailing speaker characteristics (anonymized
speaker ID, sex, age, etiology name, ICD-10 code,
dysarthria type, severity, and AOS diagnosis) is in-
cluded in Table 1. The first recordings with speak-
ers S1 and S2 served as pilot sessions and therefore
partially have lower audio quality and spontaneous
speech from image descriptions and open-ended
questions, as we tested both types of elicitation
methods. Additionally, the full set of items was
recorded for one healthy female control speaker.

5 Baseline ASR Experiments

Setup

Whisper is a family of pre-trained models for ASR
and speech translation (Radford et al., 2023). In
line with the findings of Wang et al. (2025), we
leave the decoder frozen and fine-tune using a 70-
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Figure 1: WER outcomes of speaker-dependent and speaker-independent fine-tuning for all speakers

10-20 split for the read data of each speaker, ad-
ditionally testing on the transcribed spontaneous
speech. For the speaker-dependent baseline, train-
ing, validation and test data is taken from the same
speaker. For the speaker-independent baseline,
training and validation data is formed by creat-
ing a pool of data from the respective splits of all
speakers except the target speaker tested on. The
hyperparameter choices are listed in Appendix C;
a schematic representation of the data splits can
be observed in Appendix B. Results are evaluated
using the word error rate (WER), a widely-used
metric in ASR research. BERTScore (Zhang et al.,
2020) outcomes were also calculated; the results
are listed in Appendix D. We tested five randomly
sampled splits to account for variance induced by
different compositions of the training, validation
and test sets. The average and standard error of the
WER is reported.

Results

The results are displayed in Figure 1. The speaker-
dependent setting shows improvements of the fine-
tuned models for all speakers. The biggest gains
are observed for the read speech test set, but
performance on spontaneous speech is also no-
tably enhanced. Additionally, individual differ-
ences between the speakers can be observed: not
only default model performance, but also fine-
tuned improvements vary greatly. In the speaker-
independent setup, only speakers with a higher
WER in the default setup see performance gains.
For the control speaker, the default model already
performs very strongly — fine-tuning slightly im-
proves the results on the read speech test set, but
hurts performance on spontaneous speech.

6 Discussion

Overall, the collected data are very diverse with
regard to symptoms and impairment severity. This
diversity is also highlighted in the baseline experi-
ments. Generally, it can be observed that the default
model performance roughly matches impairment
severity. The results of the speaker-dependent fine-
tuning show that training on read dysarthric speech
only can bring about strong performance gains on
both read and spontaneous speech. Notably, the
WER outcomes on spontaneous speech are slightly
worse, indicating some degree of structural differ-
ence of this type of speech. Still, the collection of
read speech emerges as a good strategy for the cre-
ation of assistive technology, as it is feasible in prac-
tice and enables promising results in different types
of speech. Considerable differences across speak-
ers exist in learnability, suggesting that dysarthric
ASR may not have a one-size-fits-all solution. The
strongest improvements can be observed for the
speakers S1 and S6, who both suffer from flaccid
dysarthria. In contrast, the speakers with the small-
est relative improvements are S3, S4 and S7. These
are the speakers diagnosed with AOS, whose insta-
bility in error patterns may explain the diminished
adaptation success. This result points to AOS as a
relevant factor in ASR for dysarthric speech, as the
two conditions often co-occur.

The speaker-independent results, on the other
hand, highlight the difficulty of cross-speaker trans-
fer, which can only be observed for speakers with
higher initial WER values and accordingly with
more severe impairments. This pattern may be
caused by specifics of the dataset composition or
characteristics of severely impaired speech.



7 Conclusion

We collected 8 hours and 16 minutes of speech
from nine speakers with speech impairments,
demonstrating the feasibility of the presented pro-
tocol. With this work, we provide the first well-
documented German dysarthric speech dataset
geared towards the development of speech technol-
ogy. Baseline experiments highlight the benefit of
collecting speaker-specific data and read impaired
speech, but also demonstrate notable variability
in success rates between speakers. This points to
new research directions taking into account indi-
vidual symptoms and their impact on dysarthric
speech technology development. The DYSTINCT
dataset provides the basis for the investigation of
these questions in the context of German dysarthric
speech technology. Future expansions of the data
set are planned with new speakers, which substan-
tiate the basis for the analysis of specific factors.

8 Limitations

An important limitation is the size of the dataset.
This factor is explained by the costly nature of
impaired speech collection. At its current size,
it does not allow us to fully disentangle different
sources of variance in the performance, such as
dysarthria symptoms and gender of the speaker.
We do, however, present a dataset which represents
diverse dysarthrias. Furthermore, even our current
dataset shows promising results in the baseline ex-
periments.

We use image descriptions to collect sponta-
neous speech. A limitation of this elicitation
method is that the type of speech produced is not
necessarily representative of conversational speech,
as the task is fundamentally different (apart from
sharing the aspect of spontaneity). In the pilot
recording sessions, we additionally tested open-
ended questions similar to the prompts of the SAP
dataset. However, the data yield was insufficient
and the speakers experienced difficulty answering
the questions due to cognitive impairments. The
costs and challenges of transcribing severely im-
paired speech, especially in larger quantities, high-
light the need to collect read speech as well.

Additionally, the imperfect nature of transcrip-
tions of severely dysarthric speech has to be kept
in mind, especially when interpreting results com-
puted on these items. It is naturally difficult to
transcribe spontaneous speech, and even more so
for impaired speech. Given our available resources,

we provided the best possible transcriptions.

Lastly, the presented experiments are baseline
experiments conducted to confirm the usefulness
of the collected data. In-depth explorations of ar-
chitecture choices or speaker-specific factors are
out of the scope of this dataset presentation.

9 [Ethical Considerations

Speakers are provided with extensive information
on how their data will be used and their rights
according to the GDPR before they provide consent
to participating. We ensure the participant’s well-
being during the recording sessions by frequent
check-ins and a limit on the session length of one
hour. We are aware that speech in combination with
medical information constitutes a dataset with very
sensitive data. The speakers’ identities are hidden
behind pseudonyms and access to the dataset is
restricted to research purposes. This publication
complies with the DFKI’s ethical assessment.
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A Example Items

The following items are examples from the de-

scribed interface to elicit speech, first by describing
images, second by reading sentences.

A.1 Images

A.2 Sentences

Guten Tag!

Kannst du mal nach den Kindern sehen?
Hilfe!

Und ab geht die Post.

Oh ja!

Wie lautet die Diagnose?

B Data splits

test

validation

training
Speaker 1 Speaker 2 Speaker 3 Speaker N

Figure 2: Speaker-dependent fine-tuning for speaker 1

test

Speaker 1 Speaker 2 Speaker 3 Speaker N

Figure 3: Speaker-independent fine-tuning for testing
on target speaker 1

C Hyperparameters

Parameter Value
Optimizer AdamW
Batchsize 8
Learning rate 1 x 107°

Warmup steps 10
Epochs 10

D BERTScore results

Besides WER, BERTScore results of the ASR ex-
periments were calculated. This metric captures
semantic closeness of the prediction and the ground
truth transcription. Results are shown in Figure 2
for the read speech test set and 3 for the sponta-
neous speech test set.

Speaker default dependent independent

control 0.99 0.99 -
S1 0.74 0.94 0.83
S2 0.75 0.88 0.8
S4 0.78 0.85 0.81
S3 0.93 0.95 0.92
S7 0.72 0.78 0.75
S6 0.71 0.91 0.77
S5 0.91 0.95 0.89
S8 0.78 0.9 0.81
S9 0.71 0.78 0.78

Table 2: BERTScore results on read speech

Speaker default dependent independent
control 0.98 0.98 -

S1 0.73 0.9 0.75

S2 0.76 0.84 0.76

S4 0.83 0.88 0.84

S3 0.9 0.92 0.89

S6 0.71 0.81 0.73

S5 0.9 0.91 0.83

S9 0.7 0.77 0.75

Table 3: BERTScore results on spontaneous speech
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