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 1. Introduction 

Automatic Speech Recognition (ASR) is an
AI-driven techonology used to transcrbe
speech to text
Developmental Language Disorder (DLD)
is a neurodevelopmental language
disorder
Dysarthria is a motor speech disorder
caused by physical muscle weakness,
most commonly caused by stroke

 2. Methodology 

Speaker Set Selection

S1 (Selected):
Atatic / Hypokintetic
Mild / moderate
Most overlapping
speech characteristics

12 speakers
~22 min

S2 (Mild/Moderate):
All labelled types
Mild / moderate

61 speakers
~ 55 min 

S3 (All):
All types
Mild / moderate /
severe / unlabelled

87 speakers
~ 113 min 

Transformation Pipeline

Training Condition

T1 (Synthetic Only)

T2 (With CHILDES):
70% of dataset
for training
~90 min 

  ASR Fine- tuning

Whisper-large-v3
model using Low-
Rank Adaptation

CHILDES data split
20% testing
10% validation

Experiment Evaluation

Word Error Rate (WER):
Measures transcription
accuracy to reference
Lower WER = more accurate

Automatic Mean Opinion Score
(AMOS) from MBNet:

Neural network trained to
predict Mean Opinion Score 
Perceptual quality of speech
Higher AMOS = better quality

Trained on typical speech,
not DLD or dysarthria 
Scores compared with
COPAS and CHILDES
baselines

4. Key Findings 

Overall improvement over zero-shot baseline
S1-P2-T2 was the only configuration to outperform both baselines

Domain Similarity > Dataset Size
Carefully selected dysarthric speakers resulted in better ASR than
larger and more diverse speaker sets

Prosody Matters
Adding child-like prosodic characteristics improved ASR beyond
pitch and spectral modifications alone

Speech Quality  !=  ASR Utility for atypical speech 
Highest AMOS scores only had slight negative correlation with WER
results
Configurations with AMOS scores closer to CHILDES baseline
resulted in better ASR performance for children with DLD

6. Conclusion and Future Work 

Synthetic child-like speech improved ASR performance for Dutch
children with DLD
Datasets closer to target domain were more useful than increasing
dataset size 

Validate findings on larger datasets and additional languages
Develop more advanced prosody modeling techniques for children

To what extent does converting Dutch adult
dysarthric speech into Dutch child speech
via traditional acoustic transformations,

improve ASR performance for Dutch
children with DLD?

 Harmonic Enhancement: 
 Reduce breathiness or turbulence

Adaptive Pitch Modification:  
Shift fundamental frequency 

Spectral Envelope Warping: 
Simulate higher vocal-tract
resonance frequencies

Spectral Tilt Modification: 
Brighter spectral profile and more
high-frequency

P2 (Modular + Prosody):
Phrase-level prosody modification
Within selected regions: 

Pitch increase 
Reduced speaking rate
Amplitude stress

P3 (Praat-Based):
Praat “Change Gender” function
Single source-filter transformation:

Formant shift
Pitch shift
Duration factor (constant)

P1 (Modular):

for 

each

for 

each

18

Total

Speaker Subset Selection
The targeted S1 dataset consistently
outperformed the larger S2 and S3

Transformation Pipeline
P3 performed best on average, closely
followed  by P2, then P1 

Training Condition
On average combining synthetic
speech with real CHILDES data (T2)
lowered WER percentage
2 configurations saw increases in WER
from T1 to T2

3. Main WER Results 

5.  Limitations 
Some experimental conditions were trained on relatively small datasets
(smallest ~22 min), limits the stability and generalizability of the results

Domain mismatch between Flemish-Dutch and Netherlands-Dutch  could have
introduced linguistic differences when comparing target and source

COPAS dataset

Flemish-Dutch
dysarthric
speaker corpus

87 dysarthric
speakers

9 Total Speaker Pipeline Combinations
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