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Abstract
In this work, we present our submission to the Speech Ac-
cessibility Project challenge for dysarthric speech recognition.
We integrate parameter-efficient fine-tuning with latent audio
representations to improve an encoder-decoder ASR system.
Synthetic training data is generated by fine-tuning Parler-TTS
to mimic dysarthric speech, using LLM-generated prompts
for corpus-consistent target transcripts. Personalization with
x-vectors consistently reduces word error rates (WERs) over
non-personalized fine-tuning. AdaLoRA adapters outperform
full fine-tuning and standard low-rank adaptation, achieving
relative WER reductions of ∼23% and ∼22%, respectively.
Further improvements (∼5% WER reduction) come from in-
corporating wav2vec 2.0-based audio representations. Training
with synthetic dysarthric speech yields up to ∼7% relative
WER improvement over personalized fine-tuning alone.
Index Terms: speech recognition, dysarthric speech, personal-
ization, low-rank adaptation, synthetic data

1. Introduction
Dysarthria is a motor speech disorder characterized by impaired
control of the muscles involved in speech production, which
can result from damage to the central or peripheral nervous
system. This impairment leads to difficulties with articulation,
phonation, respiration, resonance, and prosody [1]. Dysarthria
manifests differently depending on the underlying neurologi-
cal condition. For instance, hypokinetic dysarthria, commonly
associated with Parkinson’s disease (PD), is characterized by
monotony of pitch and loudness, reduced stress, imprecise con-
sonants, a breathy or harsh voice, and rapid bursts of speech [1].
PD is a chronic and progressive neurodegenerative disorder that
primarily affects the motor system due to the loss of dopamine-
producing neurons in the substantia nigra region of the brain
[2, 3]. About 70% of PD patients develop speech impairments,
which tend to worsen over time [4, 5].

Dysarthria is also associated with other neurological condi-
tions, such as amyotrophic lateral sclerosis (ALS) and cerebel-
lar disorders like cerebral palsy. These disorders result in dis-
tinct patterns of speech dysfunction, such as mixed dysarthria
in ALS and ataxic dysarthria in cerebellar disorders [1].

Despite advancements in automatic speech recognition
(ASR) systems, they remain ill-suited for dysarthric speech due
to the high variability of speech patterns across individuals and
the limited availability of large, high-quality datasets [6–9].
Conventional ASR systems, optimized for typical speech, strug-
gle to generalize to atypical speakers, resulting in poor recog-
nition accuracy. This limitation is particularly detrimental for
individuals with dysarthria, as speech often serves as a critical
mode of interaction with devices like smartphones and smart
home systems [10].

To address data scarcity, various data augmentation tech-
niques have been proposed for training ASR systems for
dysarthric speech. Audio-level augmentations, such as speed,
pitch, tempo, volume, and vocal tract length perturbations, have
proven effective in increasing training data diversity and ro-
bustness [11–14]. SpecAugment [15] and dynamic augmenta-
tion techniques inspired by it have also been shown to enhance
ASR accuracy for dysarthric speech [8,13,16]. Domain-specific
methods, such as Dysarthric SpecAugment, simulate impaired
speech characteristics from typical speech using domain knowl-
edge [13]. Text-to-speech (TTS) and voice conversion systems
have also been employed to mitigate data scarcity by generating
synthetic dysarthric speech [8, 16–19].

Speaker adaptation is a widely used method for person-
alizing ASR systems to dysarthric speakers. For example,
in [20], feature-space maximum likelihood linear regression
[21] and x-vectors [22] are used as auxiliary features for self-
supervised models like wav2vec 2.0 [23] to capture speaker-
specific characteristics. Other approaches include fine-tuning
speaker-independent models on individual speakers [24–26]
and leveraging latent features [27–30]. More recently, speaker-
independent systems [31] and multi-task approaches with aux-
iliary classification tasks [32] have been used.

Recent research shows the importance of personalization,
synthetic data generation, and augmentation techniques in im-
proving ASR performance for dysarthric speech. Building on
these findings, this paper explores a lightweight personaliza-
tion approach for large end-to-end ASR systems developed
for small academic lecture corpora [33], leveraging a modi-
fied Whisper [34] architecture with speaker adaptation capa-
bilities and parameter-efficient fine-tuning. Following previous
works [8, 16, 17], we integrate SpecAugment into the training
pipeline and explore the effectiveness of supplementing the rel-
atively small amount of training data with artificial examples
generated by a text-to-speech (TTS) synthesis system. Specif-
ically, we fine-tune Parler-TTS [35], an autoregressive trans-
former [36] model operating on quantized audio units, to gen-
erate synthetic training data for dysarthric speech. In contrast
to previous works [8, 17], Parler-TTS allows fine-grained con-
trol over attributes such as gender, noise level, and speaking
rate through text descriptions, enabling the creation of diverse
dysarthric speech datasets. Furthermore, Parler-TTS can be ef-
fectively fine-tuned using attributes such as pitch and speech
quality derived from dysarthric speech data in combination with
novel target transcripts generated by large language models
(LLMs). Our experiments show that personalization with x-
vectors consistently improves performance compared to non-
personalized fine-tuning. AdaLoRA outperforms other training
methods and further improvements can be achieved by incor-
porating additional audio representations into the ASR system.
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We observe that the effectiveness of synthetic data varies across
etiologies, with performance gains depending on both the spe-
cific condition and the TTS model used for generation.

2. Data
We employ the Speech Accessibility Project [37] (SAP) dataset
for all experiments, with models submitted to the associated
challenge.1 Specifically, we use the SAP 2024-11-30 data
package, a dataset curated for the development of dysarthric
ASR systems, which includes English dysarthric speech from
individuals with PD, ALS, cerebral palsy, down syndrome, and
stroke. The 2024-11-30 version of the data contains speech
recordings from a total of 430 participants, with 374 assigned to
the training set and 56 to the development (dev) set. Each par-
ticipant recorded an average of 350 utterances with an average
duration of 7.9±9.0 seconds, drawn from virtual assistant com-
mands, sentences from novels, and spontaneous speech. The
combined duration of the recordings is ∼333 hours with ∼290
hours allocated to the training set and ∼43 hours allocated to the
dev set. The majority of the data (∼74%) are recordings from
participants with PD. The remainder is distributed between ALS
(∼14%), cerebral palsy (∼6%), down syndrome (∼4%), and
stroke (∼2%).

Most experimental results reported in our work are based on
the dev set. We also report some results on the unseen test1 set
as part of the SAP challenge. However, due to upload restric-
tions and time constraints, we were unable to generate scores
for every experiment.

3. Method
Figure 1 provides an overview of the components used in this
work. The speech recognition system 1 is based on the ap-
proach introduced in [33]. It employs Whisper [34] as the ASR
backbone and a personalization component based on a small
neural network 3 , which projects audio representations ob-
tained from a pre-trained and frozen embedding model (e.g. x-
vectors [22]) 2 into the latent space of the decoder. The model
is trained to recognize dysarthric speech using either full fine-
tuning (FFT) or parameter-efficient fine-tuning with LoRA [38]
and AdaLoRA [39]. Synthetic speech data is generated with a
fine-tuned Parler-TTS model [35] 4 using LLMs 5 to gen-
erate new target transcripts that closely align with the real data.

3.1. Model adaptation
Whisper employs a transformer-based encoder-decoder archi-
tecture [36]. Given log-Mel spectrogram features X1:T =
(x1, . . . , xT ), the encoder maps them to latent representations:

H1:M = Eθ(X1:T ), H1:M ∈ RM×b, (1)

where Eθ is the encoder with parameters θ, and M = T/2 after
subsampling. The decoder then estimates a probability distribu-
tion for the next token yi over the vocabulary, given H1:M and
the previous tokens y<i = (y1, . . . , yi−1):

P (yi|y<i, H1:M ) = Dϕ(y<i, H1:M ), for i ∈ [T ′], (2)

where Dϕ is the decoder with parameters ϕ and [T ′] =
{1, . . . , T ′}. The architecture is modified by incorporating au-
dio representations. Given input features Z1:L = (z1, . . . , zL),
multiple audio embedding models map them to a set of fixed-
dimensional latent representations. Each embedding model fψi

generates a sequence of Ui latent vectors. The sequence is av-
eraged to obtain a single fixed-dimensional vector:

1https://eval.ai/web/challenges/
challenge-page/2362/overview
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Figure 1: Overview of the proposed ASR system combining the
incorporation of audio representations, fine-tuning, and syn-
thetic training data generation.

e(i) =
1

Ui

Ui∑
u=1

fψi(Z1:L)u ∈ Rai , for i ∈ [N ], (3)

where fψi(Z1:)u ∈ Rai is the u-th row of fψi(Z1:L) ∈
RUi×ai . Each audio representation e(i) is then projected into
the decoder’s latent space via a dedicated mapping network:

e′(i) = W
(i)
2 στ (W

(i)
1 e(i) + b

(i)
1 ) + b

(i)
2 , e′(i) ∈ Rb, (4)

where {(W (i)
j , b

(i)
j )}2j=1 are trainable parameters specific to

each mapping network, and στ is Tanh. Finally, all the repre-
sentations {e′(i)}Ni=1 are concatenated with the decoder’s input:

H̃1:N+M = concat(e′(1), . . . , e′(N), H1:M ). (5)

During training, only the adapter modules and mapping net-
works are updated, all other components remain frozen.

3.2. Synthetic dysarthric speech generation
We fine-tune the parler-tts-mini-v1 version of Parler-
TTS [40], a 880M parameter TTS model trained on ∼45k hours
of audio data. Parler-TTS is an open-source and open-weight
implementation of [35], which is based on the MusicGen [41]
architecture. The model has three core stages: First, a pre-
trained and frozen text encoder based on FLAN-T5 [42] con-
verts a text description of the target audio into a sequence of
hidden representations. Second, a transformer language model
acts as a decoder that autoregressively generates audio tokens.
The model relies entirely on the text description for gender cat-
egory, tone, and speech patterns. Cross-attention is used to con-
dition the model on these text descriptions. The text prompts
representing the spoken utterance are pre-pended to the de-
coder inputs. Finally, a neural audio codec is used to synthe-
size waveforms from the generated audio tokens. The open im-
plementation of Parler-TTS employs the Descript Audio Codec
(DAC) [43] instead of EnCodec [44] for audio synthesis.

3.2.1. Target prompt generation
We use both Phi-3 [45] (Phi-3-medium-4k-instruct)
and Llama 3.1 70B [46] (Llama-3.1-70B-Instruct) for
generating English target transcripts. To seed the generation of
diverse synthetic data that roughly follows the topic and phras-
ing distribution of the SAP dataset, we follow [47] and instruct
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the LLM to generate new sentences based on ten randomly sam-
pled utterances from the SAP training set. The goal is to in-
crease data diversity in a controlled manner by generating sen-
tences that closely align with the SAP dataset in terms of vocab-
ulary, topics, and phrasing, while ensuring they are not identi-
cal. The SAP dataset does not include a gender attribute. How-
ever, we aim to make gender a controllable feature in Parler-
TTS since the model has been pre-trained with binary gender
information. To address this, we employ a pre-trained classifier
to predict gender labels for the SAP data. The model is based
on an ECAPA-TDNN [48] speaker verification model that was
fine-tuned to predict binary gender labels using the VoxCeleb2
development set.

4. Experiments and results
Our experiments were evaluated using the SAP challenge eval-
uation scheme, which is based on two metrics: WER and se-
mantic score (SemScore). SemScore is a weighted sum of
BERTscore [49], phonetic distance, and natural language infer-
ence probability [50]. For each experiment, we explored mul-
tiple hyperparameter configurations. The models trained with
LoRA used learning rates η ∈ {10−3, 10−4, 2 · 10−5}, scal-
ing parameters α ∈ {32, 64, 128}, and ranks r ∈ {8, 16, 32}.
Since AdaLoRA showed more stable behavior, we set η =
10−3 and α = 32 and explored rank configurations of rinitial ∈
{12, 16, 24, 32, 64} and rtarget ∈ {8, 12, 16, 24, 32}. FFT was
conducted using the learning rates η ∈ {10−4, 5 · 10−5, 5 ·
10−6}. We report the results under the best hyperparameter
configuration on the dev set for each experiment in the subse-
quent tables. All experiments were conducted using the largest
available Whisper model (whisper-large-v3) as the ASR
backbone. Adapter modules were attached to the query and
value matrices of each transformer block in the encoder and de-
coder. Speaker characteristics were incorporated via x-vectors
extracted from a model trained on VoxCeleb 1 and 2 [51, 52].
All experiments used a dropout probability of 0.1 in the adapter
modules and mapping networks. The models were trained for
15 epochs. The best model was chosen based on the lowest
WER on a randomly sampled subset (∼10%) of the dev set.
Performance was evaluated every 2000 training steps. We used
the AdamW optimizer (λ = 10−4, ϵ = 10−8, β1 = 0.99,
β2 = 0.999) with a linear rate schedule, a warm-up phase of
500 steps, and initial learning rates depending on the training
method. Greedy decoding was used in all experiments.

We fine-tuned Parler-TTS for 10 epochs on the SAP train-
ing data using the AdamW optimizer (λ = 10−2, ϵ = 10−8,
β1 = 0.9, β2 = 0.99) with a constant learning rate of
9.5 · 10−4 and a warm-up phase of 2k steps. To generate
synthetic dysarthric speech data, attributes characterizing the
speaker were randomly sampled from the SAP training set and
paired with LLM-generated prompts. Parler-TTS occasionally
failed to produce intelligible speech for certain attribute-prompt
combinations. To address these cases, we transcribed all syn-
thetic utterances using Whisper (whisper-medium) and dis-
carded those with a WER of 35 or higher.
4.1. Main results
The goal of the experiments in Table 1 is evaluating the im-
pact of personalization and SpecAugment, while also compar-
ing the performance of LoRA, AdaLoRA, and FFT. The first
row (#1) shows the results when inference on the underlying
base model (whisper-large-v3) is performed without any
fine-tuning. Applying SpecAugment during training leads to
WER and SemScore improvements with AdaLoRA and FFT

Table 1: Comparison of training methods, personalization and
SpecAugment. Results in parentheses indicate the non-public
test1 set, all other results were computed on the dev set.

# Training
Method

Personal-
ization

Spec-
Augment

WER
(↓)

SemScore
(↑)

1 None ✗ ✗ 12.31 84.63

2 LoRA ✗ ✗ 10.87 88.92
3 LoRA ✗ ✓ 13.28 88.47
4 AdaLoRA ✗ ✗ 11.73 87.02
5 AdaLoRA ✗ ✓ 11.32 87.32
6 FFT ✗ ✗ 11.77 87.26
7 FFT ✗ ✓ 10.57 88.13

8 LoRA ✓ ✗ 10.52 88.89
9 LoRA ✓ ✓ 11.09 88.93
10 AdaLoRA ✓ ✗ 8.05 (10.65) 91.29 (88.33)

11 AdaLoRA ✓ ✓ 8.12 (11.36) 92.31 (88.93)

12 FFT ✓ ✗ 11.54 86.69
13 FFT ✓ ✓ 10.27 88.50

in the non-personalized setting (#2-7). However, for LoRA
without personalization, it increases WER from 10.87 to 13.28.
In the personalized setting (#8-13), AdaLoRA shows a slight
degradation in WER from 8.05 to 8.12 but an improvement in
SemScore from 91.29 to 92.31. Without personalization, FFT
yields the lowest WER (10.57), while LoRA and AdaLoRA per-
form worse. However, in the personalized setting, AdaLoRA
outperforms both LoRA and FFT, achieving the lowest WER
(8.05 in #10) and highest SemScore (92.31 in #11).

The results of experiment #10 represent a ∼31% reduc-
tion in WER and a ∼6% increase in SemScore compared to
the corresponding experiment without personalization (#4). On
the non-public test1 set, WER deteriorated more significantly
with SpecAugment (#11) compared to the experiment without
it (#10), while SemScore remained higher in #11. Even though,
SpecAugment does not yield consistent performance gains, we
found that it somewhat stabilizes training with respect to hy-
perparameter choices, particularly the initial and target ranks in
AdaLoRA fine-tuning.
4.2. Generalization beyond Whisper
To evaluate the generalization ability of x-vector-based person-
alization beyond Whisper, we applied it to HuBERT [53] as
well. Specifically, we used the largest available HuBERT model
(hubert-xlarge-ll60k; 1B parameters) as the base en-
coder, followed by a bidirectional long short-term memory
(BiLSTM) [54] block and a connectionist temporal classifica-
tion (CTC) objective [55]. Personalization was integrated by
concatenating the outputs of the HuBERT model with speaker
vectors, before being fed into the BiLSTM layer. Without per-
sonalization, the model achieved a WER of 9.31 and a Sem-
Score of 91.06 on the dev set. When incorporating personal-
ization, the model improved, achieving a WER of 8.79 and a
SemScore of 91.42 on the dev set.
4.3. Adding additional audio representations

Table 2: Results with wav2vec 2.0 audio representations. All
experiments were conducted using AdaLoRA w/o SpecAugment.

# Personal-
ization

Audio
Representation

WER
(↓)

SemScore
(↑)

1.1 ✓ base (layer 2) 7.80 91.16
1.2 ✓ base (layer 6) 7.86 91.31
1.3 ✓ base (layer 12) 7.68 91.38
1.4 ✓ etiology 8.07 (10.78) 91.17 (88.21)

1.5 ✓ category 8.09 (10.67) 91.27 (88.35)

1.6 ✗ base (layer 2) 9.30 89.36
1.7 ✗ base (layer 6) 9.53 88.78
1.8 ✗ base (layer 12) 8.09 91.21
1.9 ✗ etiology 11.55 87.13

1.10 ✗ category 8.83 90.70
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Since incorporating speaker vectors during training im-
proved performance (cf. Table 1), a natural extension is to ex-
plore the effect of additional audio representations. Inspired
by [56, 57], we trained linear classifiers on top of a pre-trained
wav2vec 2.0 model (wav2vec2-base; 94M parameters) to
predict metadata from the SAP dataset. Specifically, we trained
classifiers to infer etiology labels and utterance categories. We
then extracted latent representations at the last transformer layer
of the underlying wav2vec 2.0 backbone and used them as ad-
ditional input features to the ASR system. Additionally, we
extracted representations from the non-fine-tuned wav2vec 2.0
base model at layers 2, 6, and 12.

We extended experiment #10 from Table 1 (AdaLoRA with
personalization, without SpecAugment) due to the dispropor-
tionate WER increase on the test1 set observed in experiment
#11. Table 2 presents the results of integrating additional audio
representations. In the upper half (#1.1-1.5), where personal-
ization is applied, several configurations outperform experiment
#10 from Table 1. However, using representations fine-tuned for
etiology and category classification embeddings did not yield
improvements (#1.4 and #1.5). The best-performing experiment
is AdaLoRA with personalization and audio representations ex-
tracted at layer 12 of the base model, achieving 7.68 WER and
91.38 SemScore. These results indicate that lower-layer rep-
resentations (e.g., layer 2 and layer 6) are suboptimal in this
context, achieving slightly higher WERs and lower SemScores.
This aligns with previous findings that deeper layers in wav2vec
2.0 encode more phonetic and word content [58], which may be
more beneficial for ASR. The lower half of the table, where
personalization is is not used, shows that audio embeddings
alone do not improve performance. However, when combined
with personalization, synergies emerge, leading to overall per-
formance gains.

4.4. Adding synthetic speech data
The effect of supplementing the training data with increas-
ing amounts of synthetic speech are shown in Table 3. Fol-
lowing [8], we report the results for ratios between 10% and
100% of additional synthesized training data. In the setup
without SpecAugment (#2.1-2.3), adding Parler-TTS-generated
synthetic speech from LLM-generated target prompts improves
performance over experiment #10 from Table 1. At 10% syn-
thetic data, WER drops to 7.71, and SemScore increases to
91.58. Increasing the synthetic ratio to 50% further reduces
WER to 7.57 and boosts SemScore to 92.25. At 100%, the
best result is achieved, with a WER of 7.47 and SemScore of
92.39, both improvements over experiment #10 in Table 1. Ex-
periments #2.4-2.6 show that SpecAugment does not improve
performance in this setting. However, WERs also decrease with
increasing amounts of synthetic data. Experiments #2.7-2.9 use
transcripts from the SAP training set as prompts for the TTS
system instead of LLM-generated prompts. These experiments
show worse performance compared to speech synthesis based
on the more diverse LLM-generated prompts (#2.1-2.3). Ex-
periments #2.10-2.12 follow experiment #1.3 from Table 2, in-
corporating additional audio representations obtained from the
last layer of a pre-trained wav2vec 2.0 system. While effective
without synthetic data, results did not improve when synthetic
data was used.

In addition to Parler-TTS, we used OpenVoice [59] in a
zero-shot setting by selecting reference speakers from randomly
sampled utterances in the SAP training set to extract style infor-
mation. The target transcripts were based on the same LLM-
generated prompts used in Parler-TTS. However, in our exper-

Table 3: Results with varying portions of synthetic training data
using AdaLoRA fine-tuning. All experiments employ x-vector
based personalization.

# TTS
Model

LLM
Prompt

Spec-
augment

Audio
Repr.

Synth
Data

WER
(↓)

SemScore
(↑)

2.1 Parler-TTS ✓ ✗ ✗ 10% 7.71 91.58
2.2 Parler-TTS ✓ ✗ ✗ 50% 7.57 92.25
2.3 Parler-TTS ✓ ✗ ✗ 100% 7.47 92.39

2.4 Parler-TTS ✓ ✓ ✗ 10% 9.28 (11.68) 90.65 (87.32)

2.5 Parler-TTS ✓ ✓ ✗ 50% 8.49 (11.68) 91.65 (88.62)

2.6 Parler-TTS ✓ ✓ ✗ 100% 7.92 91.17

2.7 Parler-TTS ✗ ✗ ✗ 10% 8.44 91.83
2.8 Parler-TTS ✗ ✗ ✗ 50% 7.84 91.50
2.9 Parler-TTS ✗ ✗ ✗ 100% 8.43 90.03

2.10 Parler-TTS ✓ ✗ ✓ 10% 8.17 90.66
2.11 Parler-TTS ✓ ✗ ✓ 50% 8.15 90.93
2.12 Parler-TTS ✓ ✗ ✓ 100% 8.27 91.79

2.13 OpenVoice ✓ ✗ ✗ 10% 8.24 91.56
2.14 OpenVoice ✓ ✗ ✗ 50% 8.35 (12.61) 90.48 (86.13)

2.15 OpenVoice ✓ ✗ ✗ 100% 9.14 89.25

iments (#2.13–2.15), OpenVoice-generated synthetic data re-
sulted in higher WERs, with 8.24 at 10% synthetic data com-
pared to 7.71 for Parler-TTS. Performance further degrades as
more synthetic data is added, with WER rising to 9.14 at 100%.

To further assess the impact of synthetic data augmentation,
we compared the best results from Table 3 (#2.1–2.3) to experi-
ment #10 from Table 1 at the etiology level. Table 4 shows that
the effectiveness of synthetic data varies by etiology, with the
largest gains observed for ALS, while improvements for other
conditions were smaller in relative terms.

Table 4: Comparison of results by etiology.

# ALS Cerebral Palsy Down Syndrome Parkinson Stroke
WER SemScore WER SemScore WER SemScore WER SemScore WER SemScore

10 6.54 90.14 18.68 78.19 22.95 74.73 7.01 94.23 9.04 93.42

2.1 5.27 90.72 17.47 78.31 23.59 74.02 6.62 94.44 8.93 93.50
2.2 4.73 92.11 16.26 79.52 21.73 75.83 6.68 94.86 9.01 94.00
2.3 4.91 92.52 16.47 79.74 22.10 75.76 6.50 94.97 9.18 93.62

4.5. Limitations
Although, our approach improves dysarthric ASR through per-
sonalized fine-tuning and synthetic data augmentation, sev-
eral limitations remain. First, the effectiveness of synthetic
dysarthric speech varies by etiology, indicating that Parler-TTS
and its textual description of voice attributes may not fully cap-
ture the complexity of real dysarthric speech patterns. More-
over, due to time and resource constraints, we were only able
to obtain the best results with synthetic data after the challenge
had already concluded. As a result, we were unable to score our
best models on the unseen test1 set, leaving uncertainty about
how well these models would generalize to this dataset.

5. Conclusions
This work explored improving dysarthric speech recognition
through personalized fine-tuning with speaker vectors, synthetic
speech augmentation, and the integration of additional audio
representations. We fine-tuned Parler-TTS to generate control-
lable synthetic dysarthric speech using LLM-generated tran-
scripts and incorporated personalization via x-vectors. Our re-
sults show that personalization with AdaLoRA significantly re-
duces WER, achieving up to a ∼31% improvement over non-
personalized fine-tuning. Additionally, integrating wav2vec
2.0-based audio representations further reduced WER by ∼5%.
Synthetic dysarthric speech contributed up to ∼7% additional
improvement on the overall dataset, but its effectiveness varied
by etiology and TTS model.
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