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Abstract. The development of robust automated systems for assess-
ing speech intelligibility levels in patients with dysarthria is currently
hindered by the scarcity of labeled pathological datasets. This study
proposes a novel framework addressing this limitation by integrating
self-supervised learning with generative data augmentation. We employ
Wav2Vec 2.0, a pre-trained self-supervised speech model, to extract and
analyze contextualized representations, aligned with both grapheme and
phoneme targets, systematically identifying which linguistic units serve
as the most effective biomarkers for binary intelligibility classification. To
address data scarcity, we employ StyleTTS-2, a diffusion-based genera-
tive model, to generate synthetic dysarthric speech samples conditioned
on reference audio from the TORGO dataset and text prompts from the
UA-Speech dataset. Experimental results demonstrate that contextual-
ized representations yield superior classification accuracy compared to
approaches operating on full word- or utterance-level audio. Significantly
higher performance is observed on units most degraded by dysarthric im-
pairment, validating the proposed fine-grained approach. Furthermore,
synthetic data augmentation proved to enhance model robustness, effec-
tively mitigating data scarcity issues.

Keywords: Dysarthria assessment · Speech Intelligibility · Generative
Speech Augmentation · Self-Supervised Representation · Text-to-Speech
algorithms.

1 Introduction

Dysarthria is a motor speech disorder caused by impaired neuromuscular con-
trol, affecting multiple speech subsystems and leading to reduced intelligibility,
with an impact on patients’ quality of life. Speech intelligibility is tradition-
ally assessed through perceptual evaluations by speech-language pathologists;
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however, these assessments may be subjective and limited in reproducibility,
motivating the development of clinical decision support systems [30,7].

Advances in Digital Signal Processing (DSP) and Machine Learning (ML)
enabled the extraction of acoustic biomarkers for assessing speech impairment
severity. However, the development of robust speech intelligibility classification
models – closely linked to dysarthria severity – is hindered by the scarcity of
high-quality labeled pathological datasets [8,11,18].

Different approaches have been proposed in the literature to address intel-
ligibility assessment. Early methods relied on Automatic Speech Recognition
(ASR) metrics as proxies for intelligibility, exploiting correlations between word
recognition rates and expert ratings [20,27]. More recent studies adopted Deep
Learning (DL) architectures, including Convolutional and Recurrent Neural Net-
works, often combined with transfer learning from ASR models trained on non-
pathological speech [12,29]. However, the performance of these models is often
overestimated due to speaker leakage between training and testing sets, leading
to inflated generalization metrics [18].

Self-Supervised Learning (SSL) approaches, such as Wav2Vec 2.0 [1], pro-
vide transferable speech representations from large-scale unlabeled data, but
their discriminative role in dysarthric speech intelligibility classification remains
underexplored [21,23].

In parallel, generative TTS architectures like StyleTTS-2 [16] enable expres-
sive synthesis and controlled data augmentation. Yet, the impact of synthetic
dysarthric speech on model robustness and generalization requires further inves-
tigation, particularly regarding optimal augmentation strategies for pathological
speech analysis.

Given these premises, this work focuses on two main objectives. We first in-
vestigate the internal representations of Wav2Vec 2.0 in order to identify which
specific phonetic units encode the most discriminative information for dysarthric
speech intelligibility. We distinguish between two types of units based on their or-
thographic representation: graphemes (individual letters of the Roman alphabet,
hereinafter referred to as “graphemes”) and multi-letter phonemes (phonemes
whose IPA representation requires multiple letters or special symbols, hereinafter
referred to simply as “phonemes”). Representations aligned with graphemes re-
flect transcription-based intelligibility assessment, while representations aligned
with phonemes are analyzed as a proxy for perceptual listening-based evaluation.
Second, we evaluate whether the integration of synthetically generated speech
data helps improve the robustness and performance of intelligibility classification
models.

The remainder of this paper is organized as follows. Section 2 describes the
datasets and the proposed methodology. Section 3 outlines the experimental
protocol. Section 4 presents and discusses the results. Section 5 concludes the
paper and outlines future research directions.
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Fig. 1. Overview of the proposed architecture, composed of two primary stages.
The Data Augmentation pipeline (top, blue background) employs style- and text-
conditioned speech generation to produce synthetic dysarthric samples; text prompts
are generated by the Gemini Pro LLM conditioned on the UA-Speech vocabulary. The
Feature Extraction and Classification pipeline (bottom, green background) extracts
representations corresponding to grapheme targets and phonemes via Wav2Vec 2.0
and employs a Siamese MLP to distinguish between Low and High intelligibility levels.

2 Materials and Methods

2.1 Datasets Description and Partitioning

We evaluated our method on two publicly available dysarthric speech bench-
marks: TORGO [24] and UA-Speech [14].

TORGO includes recordings of dysarthric subjects with cerebral palsy and
amyotrophic lateral sclerosis, whose speech impairment severity was assessed
via the Frenchay Dysarthria Assessment (FDA) [6]. Audio is captured using
both head-mounted microphones and multi-channel arrays, then preprocessed
with noise reduction algorithms. In this work, we considered a subset of eight
dysarthric speakers with adequate recording quality for feature extraction, yield-
ing approximately 15 hours of speech recordings. Based on their FDA scores,
these speakers were grouped into two intelligibility classes (Low and High) fol-
lowing the same binary scheme adopted for UA-Speech as described later in
this subsection. Since TORGO does not provide the percentage intelligibility
scores available for UA-Speech, the FDA severity ratings were dichotomised at
the functional boundary corresponding to the 50% UA-Speech cut-off: speakers
rated severe or moderate-to-severe were assigned to the Low class (F01, M01,
M02, M04, M05), and speakers rated mild or very mild to the High class (F03,
F04, M03). This mapping determines only the label inherited by the synthetic
samples generated from each reference speaker; any residual imprecision there-
fore acts as label noise during training rather than as a bias on the reported test
metrics, which are computed exclusively on real UA-Speech recordings. Within
the scope of this study, the TORGO dataset was used exclusively as a source
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of pathological reference audio for the data augmentation pipeline, and was not
included in classifier training or evaluation.

UA-Speech collects recordings from 15 individuals affected by dysarthria due
to cerebral palsy. The dataset features perceptually-derived intelligibility rat-
ings, which were assigned according to perceptual assessments. For each patient,
intelligibility scores were derived from transcriptions provided by five naive lis-
teners, and speakers were labeled into four severity groups, reflecting different
levels of speech intelligibility: ‘Very Low’ (0–25%), ‘Low’ (26–50%), ‘Medium’
(51–75%), and ‘High’ (76–100%). The dataset is organized into three blocks,
yielding a total of 765 isolated words per speaker.

The classification framework was evaluated using three-fold cross-validation
(CV) with training, validation, and test partitions. Crucially, a speaker-independent
data separation protocol was strictly enforced across all folds; this ensures that
samples from the same speaker never overlap between the training, validation,
and test sets, thereby preventing data leakage and ensuring the model’s general-
izability to unseen individuals. Furthermore, the original labels of the UA-Speech
dataset were aggregated into two macro-classes according to intelligibility: the
‘Very Low’ and ‘Low’ categories were combined to form the Low Intelligibility
class, while the ‘Medium’ and ‘High’ categories were merged to the High Intel-
ligibility class.

2.2 Proposed Method

The proposed pipeline (Fig. 1) combines Wav2Vec 2.0-based representations with
StyleTTS 2 data augmentation to analyze discriminative cues for dysarthric
speech.

Feature Extraction and Classification Pipeline The proposed pipeline op-
erates on raw speech signals under a speaker-independent evaluation protocol
and leverages Wav2Vec 2.0 exclusively as a feature extractor. The procedure
used to obtain grapheme- or phoneme-aligned representations is not part of
the proposed method itself, but derives directly from the internal mechanism
of the pretrained Wav2Vec 2.0 model. Following the standard configuration de-
scribed in [1], the input waveform is segmented into 25ms frames with 5ms
overlap, yielding one frame every 20ms. During pretraining and fine-tuning,
Wav2Vec 2.0 learns an implicit alignment between these frame-level represen-
tations and discrete linguistic targets (graphemes or phonemes) through the
Connectionist Temporal Classification (CTC) objective [9].

Two distinct public checkpoints are employed, both kept frozen. Grapheme-
aligned representations are obtained from wav2vec2-base-960h (12 transformer
blocks, 768-dimensional states, CTC head over a 32-symbol character vocabu-
lary, fine-tuned on 960 h of LibriSpeech), whereas phoneme-aligned representa-
tions are obtained from wav2vec2-lv-60-espeak-cv-ft (24 transformer blocks,
1024-dimensional states, CTC head over an IPA phoneme inventory derived
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through eSpeak phonemisation). No external forced aligner and no manual seg-
mentation are used. Audio is converted to mono, resampled to 16 kHz, and ut-
terances shorter than 0.3 s are discarded; a single forward pass then provides
both the frame-level CTC posteriors and the intermediate representations. For
a target unit u, the arg-max token of the CTC posterior is computed at every
frame and only the frames whose equals u are retained, blank frames and frames
assigned to other units being discarded. Each retained frame constitutes an in-
dependent sample, so the number of samples available for a given unit equals
the number of CTC-assigned frames rather than the number of utterances.

Localisation thus relies on the deep, fully contextualised CTC output, whereas
the representation that is retained is read at the input of the transformer stack,
as this early representation preserves fine-grained acoustic and phonetic informa-
tion, while deeper layers progressively shift toward more semantic abstractions.
Consequently, representations from this stage retain detailed spectral cues, in-
cluding timbre-related and pathological characteristics that are particularly rel-
evant for intelligibility assessment [4].

These latent representations are subsequently classified via a Multi-Layer
Perceptron (MLP) trained in a Siamese fashion [17,3], enabling the estimation
of speech intelligibility based on learned similarity relationships.

We extract embeddings for the most frequently occurring linguistic units in
the English language [22,15], which also exhibit the highest frequency in the
Wav2Vec 2.0 pretraining corpus and match the distribution of letters in the text
prompts of the TORGO and UA-Speech datasets. Specifically, we selected thir-
teen graphemes (‘E’, ‘T’, ‘A’, ‘O’, ‘N’, ‘I’, ‘S’, ‘R’, ‘D’, ‘L’, ‘U’, ‘F’, ‘V’) and
five phonemes (S, tS, T, D, N) as representative linguistic units for our classifica-
tion task. Lower-frequency units were excluded due to insufficient representation
within the pathological datasets, which would compromise statistical reliability.

Data Augmentation Pipeline The data augmentation pipeline was built
upon StyleTTS-2 [16], a text-to-speech system leveraging diffusion-based mod-
eling and style transfer, designed to synthesize new content while preserving the
acoustic signature of a reference speaker.

The audio generation procedure required two inputs: reference audio and tar-
get text. For each of the eight TORGO speakers, one randomly selected utterance
was denoised and used as pathological style reference, so that the augmentation
set spans eight distinct pathological styles covering both sexes, both aetiologies
represented in the corpus and its full severity range. Preliminary experiments
revealed that the TTS system performed poorly when generating isolated words
or short-duration audio samples; we therefore opted to synthesize full sentences
instead. To preserve the distribution of target linguistic units while producing
coherent utterances, we employed the Gemini Pro LLM [26] to generate two
collections of 50 and 200 unique sentences, equivalent respectively to 0.73 and
2.91 hours of additional audio. The LLM was conditioned on the UA-Speech
word list and instructed to construct sentences incorporating these words along
with necessary grammatical connectives, thereby maximizing coverage of the tar-
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get vocabulary. Each prompt is synthesised once per reference speaker, yielding
8× 50 = 400 and 8× 200 = 1600 synthetic utterances.

To ensure high generation quality, despite the stochastic nature of StyleTTS-
2, 15 candidate audio samples were produced for each combination of reference
audio and text prompt. The best candidate was selected through a feature sim-
ilarity comparison process based on the same assumptions used for subsequent
classification. We compared the cosine similarity between the reference and can-
didate clips, computed on the frame-level embeddings of five high-frequency
grapheme anchors (‘E’, ‘T’, ‘A’, ‘O’, ‘I’), retaining only the closest sequence and
discarding the rest.

The synthetic sentences inherit the intelligibility label from their respec-
tive TORGO reference speakers, through the FDA-based mapping described
in Section 2.1. It is worth noting that the objective of this augmentation dif-
fers from conventional TTS-based approaches aimed at maximizing perceptual
audio fidelity: here, synthesis is designed to enrich the representation of spe-
cific grapheme and phoneme targets within the Wav2Vec 2.0 embedding space,
with the goal of improving unit-level classification rather than reproducing nat-
uralistic dysarthric speech in a clinically rigorous sense. To provide an initial
assessment of the clinical plausibility of the generated samples, a subset of the
synthetic recordings was informally reviewed by two speech-language patholo-
gists, who confirmed their perceptual resemblance to dysarthric speech at the
expected intelligibility levels. The processed synthetic samples were then fed
into the Wav2Vec 2.0 feature extractor to perform the classification task. Audio
examples of the generated synthetic speech are available online3.

3 Experimental Setup and Architectures

Regarding feature extraction, the Wav2Vec 2.0 architecture was employed for
both tasks, albeit instantiated via distinct model checkpoints. Specifically, weights
from separate training regimes were loaded for the graphemes and phonemes,
resulting in embedding representations of dimensions 768 and 1024, respectively.

For the classification task, following our previous work [17], a Siamese MLP [3]
was adopted. This model learns a similarity metric between vocal embeddings via
two weight-shared branches. Each branch processes the input through a dense
block, including a linear layer with 256 output units, batch normalization, ReLU
activation, and dropout (rate 0.3) [25].

The training focused on minimizing a contrastive loss, where positive pairs
consisted of samples with matching intelligibility levels and negative pairs con-
sisted of samples with different intelligibility levels. Optimization was performed
on 100 epochs (with early stopping) using the AdamW algorithm, with a learning
rate of 1× 10−4 and a weight decay of 5× 10−2 [19].

To provide validation of the proposed feature representations and establish a
baseline comparison, a Support Vector Classifier (SVC) was also evaluated under
identical experimental conditions as a computationally efficient alternative.
3 Audio samples: https://lillobyte.github.io/styletts2_dysarthric_samples/
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As for the generative phase, specific inference parameters of the StyleTTS-
2 were modulated to define the characteristics of the synthesized speech. The
selection of the best parameters was driven by the classification performance
achieved on a held-out validation subset drawn exclusively from the UA-Speech
validation folds, with no overlap with the test set; this procedure therefore pre-
serves the integrity of the speaker-independent evaluation protocol. Specifically,
the parameters alpha and beta govern the style of the generated speech, with
alpha determining the timbre’s dependence on the reference audio and beta con-
trolling the prosody. In this study, alpha was set to 0.0 and beta was set to 1.0,
implying that the prosodic features were derived entirely from the input text
model, while an embedding scale of 6.0 was applied to the style vectors during
the diffusion process to improve the target vocal characteristics.

Consistently with this protocol, synthetic samples are added exclusively to
the training partition of every fold, and never to the validation or test partitions,
which always consist of real UA-Speech recordings. Augmentation-related leak-
age is further excluded by construction: the synthetic material is conditioned on
TORGO reference speakers, whereas all validation and test data come from UA-
Speech, so that no individual can appear both as an augmentation source and
in an evaluation partition. The augmentation set is moreover fold-independent,
the same material being added to the training partition of each fold, and can
therefore not transport information specific to a test fold.

To provide a comparative analysis, two Residual Network architectures, specif-
ically ResNet-50 and ResNet-152 [10], were evaluated as baseline models for the
classification task. These models were implemented using the best configuration
and framework proposed in our previous research [18], while strictly adhering
to the same data partitioning protocols employed for the other experiments
described herein. Unlike the proposed approach, ResNet architectures operate
on 2D spectrogram representations of the entire utterance, encoding the full
acoustic context as a single feature map without isolating individual linguistic
units. Their inclusion in this evaluation serves a specific purpose: by comparing
utterance-level classification against unit-level classification, it is possible to as-
sess whether targeting specific phonetic or graphemic biomarkers provides a mea-
surable advantage over processing the entire signal. Consequently, the synthetic
data generated by the augmentation pipeline was not used to train the ResNet
baselines: as described in Section 2, the augmentation strategy is designed to
enrich the Wav2Vec 2.0 embedding space at the grapheme and phoneme level,
and its benefit is therefore meaningful only for classifiers operating on those
representations.

Classification performance was evaluated using the F1-score, which is par-
ticularly suited for imbalanced datasets as it accounts for both Precision and
Recall [5]. To quantify the yield of synthetic samples relative to the added vol-
ume, an Augmentation Efficiency Index (AEI) was defined as the ratio between
performance gain and percentage increase in data availability per Wav2Vec 2.0
extracted representations. This metric normalizes the evaluation, enabling con-
sistent comparison of augmentation effectiveness despite the non-uniform distri-
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Table 1. Classification performance (F1-score: Mean ± Standard Deviation) for indi-
vidual linguistic units. The upper section presents results obtained with the Siamese
MLP classifier, under three data configurations. The lower section provides baseline
comparisons using ResNet-50, ResNet-152 and SVC

Linguistic
unit Original Original + Synthetic

50 sentences 200 sentences

E 71.7%± 4.6% 76.3%± 3.4% 75.3%± 3.3%
T 64.0%± 1.6% 70.3%± 1.2% 67.7%± 3.4%
A 69.0%± 2.2% 73.0%± 4.3% 74.7%± 4.9%
O 63.0%± 5.7% 69.0%± 4.5% 70.7%± 4.2%
N 64.7%± 5.3% 67.3%± 4.2% 69.0%± 5.0%
I 62.3%± 3.4% 71.3%± 0.9% 71.0%± 1.6%
S 65.0%± 2.4% 69.3%± 3.3% 68.7%± 4.2%
R 65.3%± 2.6% 76.0%± 2.4% 75.0%± 3.7%
D 62.3%± 6.6% 70.0%± 5.1% 71.0%± 2.9%
L 58.3%± 5.3% 63.3%± 6.2% 65.3%± 6.8%
U 63.0%± 1.4% 72.3%± 2.4% 73.7%± 3.3%
F 59.3%± 6.6% 64.0%± 3.7% 68.0%± 7.0%
V 63.0%± 6.4% 66.7%± 4.0% 74.0%± 9.9%
S 58.3%± 16.0% 68.3%± 6.2% 68.0%± 5.4%
tS 79.3%± 6.2% 80.0%± 4.6% 82.7%± 8.3%
T 52.7%± 2.4% 68.3%± 2.6% 74.7%± 6.3%
D 64.0%± 17.7% 62.3%± 11.1% 67.3%± 17.3%
N 40.0%± 3.6% 51.0%± 3.7% 60.7%± 8.2%

average 62.5%± 5.6% 68.8%± 4.1% 71.0%± 5.8%

Baseline Models
SVC (avg) 63.2%± 5.8% 68.0%± 6.1% 70.2%± 6.0%

ResNet-50 67.7%± 5.8% - -
ResNet-152 64.4%± 7.9% - -

Table 2. Paired comparisons across augmentation settings. Each observation is one of
the 18 linguistic units, scored as its F1 averaged over the three cross-validation folds.
∆F1 is the mean difference in percentage points, CI the 95% confidence interval of
the mean difference, pW the exact two-sided Wilcoxon signed-rank test, pt the paired
t-test, and dz Cohen’s effect size for paired designs

Comparison ∆F1 95% CI pW pt dz Impr.

Original → O+S 50 +6.31 [4.24, 8.37] 2.3·10−5 6.0·10−6 1.52 17/18
Original → O+S 200 +8.46 [5.77, 11.15] 7.6·10−6 4.2·10−6 1.57 18/18
O+S 50 → O+S 200 +2.16 [0.55, 3.76] 1.0·10−2 1.2·10−2 0.67 12/18

bution of the extracted Wav2Vec 2.0 representations aligned with grapheme tar-
gets and phoneme labels within the datasets. Finally, because frames extracted
from the same speaker are not statistically independent, significance testing is
performed at the level of the linguistic unit: the fold-averaged F1 of each of the 18
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units constitutes one paired observation, which respects the speaker-independent
design and avoids the anti-conservative bias that frame-level testing would in-
troduce. On these paired observations we report the Wilcoxon signed-rank test,
the paired t-test, the 95% confidence interval of the mean difference and Cohen’s
dz effect size.

4 Results and Discussion

The primary objectives of this study were to evaluate the impact of the data
augmentation pipeline and to identify which grapheme and phoneme targets
serve as the most effective acoustic biomarkers for distinguishing between Low
and High intelligibility levels.

Table 1 reports the mean F1-score and standard deviation across the three
CV folds for each linguistic unit, as well as the overall average. Results are
presented under three configurations: the original UA-Speech data alone, and
the original data augmented with 50 and 200 synthetic sentences, respectively.
Fig. 2 provides a visual summary of the F1-score trends across all linguistic units
under the three augmentation configurations.

Statistical Significance. Table 2 reports the paired comparisons across the three
configurations, computed over the 18 units as described in Section 3. Augmen-
tation with 50 synthetic sentences improves F1 by 6.31 percentage points on av-
erage, and augmentation with 200 sentences by 8.46 points; both improvements
are statistically significant according to both the exact Wilcoxon signed-rank
test and the paired t-test (all p < 10−4), with confidence intervals well separated
from zero and large effect sizes (dz > 1.5). The difference between the two aug-
mentation volumes is markedly smaller (+2.16 points, dz = 0.67), with only 12
of 18 units improving. Per-unit confidence intervals estimated from three folds
are necessarily wide, particularly for the low-frequency phonemes for which few
CTC-assigned frames are available; the unit-level observations discussed below
should therefore be read as descriptive trends, whereas the statistical claims rest
on the aggregate comparisons of Table 2.

Two conclusions follow. The benefit of augmentation is systematic rather
than driven by a few favourable units, being observed for 17 and for all 18
units under the two settings; and most of it is already obtained with the smaller
augmentation set, the additional 150 sentences yielding a further gain that is
both small on average and concentrated on a subset of units. Which units benefit,
and why, is the object of the analysis that follows.

Biomarker Analysis. Across the full set of units, the affricative phoneme ‘tS’
consistently achieves the highest discriminative performance, reaching a baseline
F1-score of 79.3% and 82.7% under full augmentation. This result is consistent
with the phonetic properties of the affricate: its production requires a precisely
coordinated sequence of complete oral closure followed by a controlled frication
release, placing high demands on the neuromotor system [13]. Dysarthric impair-
ment, which disrupts fine motor control, degrades this gesture in a systematic
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and measurable way, making it a robust and naturally reliable biomarker. Its
high baseline score reflects this intrinsic discriminability, which leaves less room
for augmentation-driven improvement.

Cardinal vowels, in particular ‘E’, ‘A’, and ‘U’, also demonstrate consistent
discriminative capability, reaching F1-scores exceeding 73% after augmentation.
This is in line with established findings that vowel space reduction and central-
ization are primary acoustic correlates of dysarthric intelligibility loss [2,28].

Several units that showed limited discriminative power under the original
data configuration underwent a substantial improvement with augmentation.
The phoneme ‘T’, with a baseline of 52.7%, reached 74.7% under the 200-sentence
configuration, becoming one of the strongest proxies in the set. The grapheme
‘V’ improved from 63.0% to 74.0%, and the phoneme ‘N’ from 40.0% to 60.7%.
This pattern indicates that the original dataset contained an insufficient number
of tokens for these units, preventing the classifier from learning a stable decision
boundary; the synthetic data effectively compensated for this distributional gap.
The AEI analysis (Fig. 3) supports this interpretation: ‘T’ and ‘V’ display the
highest augmentation efficiency, while units with strong baseline performance,
such as ‘tS’, show proportionally lower AEI values, as the margin for improvement
is inherently constrained. Conversely, the phoneme ‘D’ proved the least respon-
sive to augmentation, showing limited improvement (64.0% to 67.3%) coupled
with persistently high standard deviation across folds, which may reflect the
phoneme’s inherent acoustic variability across dysarthric speakers.

Effect of Augmentation Volume and Variance. While the 200-sentence config-
uration achieves the best overall average F1-score (71.0%), the improvement
over the 50-sentence configuration is not uniform across all units. For several
graphemes, including ‘E’, ‘T’, ‘R’, and ‘S’, performance stabilizes or marginally
decreases when moving from 50 to 200 synthetic sentences despite the larger aug-
mentation volume. Two concurrent mechanisms are likely responsible for this
behavior. First, generating a large number of sentences may introduce modal
collapse in the diffusion process of StyleTTS-2, reducing prosodic and timbric
variability across samples and causing a subset of synthetic utterances to share
similar acoustic artifacts [16]. Second, the Siamese MLP may overfit to these sys-
tematic artifacts rather than to pathological features genuinely associated with
the dysarthric reference style, reducing generalization on real test data. This
composite effect is consistent with the observation that augmentation efficiency
is generally higher at 50 sentences for well-represented units, and higher at 200
sentences for units that were severely under-represented in the original data.

This concentration of the gains on the units that the original data represented
most poorly, together with the saturation observed between the two augmenta-
tion volumes, also clarifies in which sense the benefit is specific to generative
augmentation rather than to the mere increase in training-set size. Signal-level
augmentation, such as speed or pitch perturbation and spectral masking, trans-
forms the tokens that are already present in the training material, but cannot
introduce new tokens of a unit that is rare or absent in the original data, which is
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precisely the deficiency the proposed pipeline addresses by synthesising sentences
that cover the target vocabulary.

A moderate increase in standard deviation is also observed in the augmented
configurations for a subset of units. This reflects the expected behavior in a low-
resource, speaker-independent setting: adding synthetic samples from a limited
number of reference speakers introduces fold-level variability in the distribution
of augmented features, which propagates into higher variance across CV itera-
tions.

Fig. 2. Grouped bar chart comparing F1-scores across all grapheme and phoneme
units under the three augmentation configurations: original UA-Speech data (Origi-
nal), augmentation with 50 synthetic sentences (O+S 50), and augmentation with 200
synthetic sentences (O+S 200). Error bars represent the standard deviation across the
three cross-validation folds.

Comparison with Utterance-Level Baselines. The ResNet baselines provide a ref-
erence for utterance-level classification: ResNet-50 achieved 67.7% and ResNet-
152 achieved 64.4%, as reported in the lower section of Table 1. The lower per-
formance of the deeper architecture is consistent with overfitting on the limited
available data [10]. These results support the central hypothesis of this study:
classifying at the level of individual graphemes and phonemes yields higher
discriminative performance than processing the entire utterance, since the for-
mer isolates acoustic regions that are specifically and systematically degraded
by dysarthric impairment. Already under the original data configuration, the
Siamese MLP operating on the most discriminative units (‘tS’, ‘E’, and ‘A’) in-
dividually reaches or exceeds the ResNet-50 score, and units such as ‘R’ and
‘U’ join this group once augmentation is applied: the number of units individu-
ally surpassing the ResNet-50 score rises from 3 of 18 to 12 of 18 and 14 of 18
under the two augmented configurations; under the 200-sentence augmentation,
the average F1-score across all units reaches 71.0%, surpassing both baselines.
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Fig. 3. Bar plot displaying the normalized Augmentation Efficiency Index (AEI) for
the analyzed graphemes and phonemes. Values are computed on the 200-sentences
augmented set.

The SVC evaluated under identical conditions yields consistent trends (63.2%,
68.0%, 70.2%), further corroborating the reliability of the proposed representa-
tions across classifiers.

5 Conclusion

This study addressed the challenge of data scarcity in automated dysarthric
speech intelligibility assessment by proposing a framework that combines SSL
with generative data augmentation. Wav2Vec 2.0 was employed to extract con-
textualized representations aligned with grapheme and phoneme targets, while
StyleTTS-2 was used to generate synthetic pathological speech samples condi-
tioned on TORGO reference audio.

Experimental results on the UA-Speech dataset show that unit-level classifi-
cation consistently outperforms utterance-level approaches, with the affricative
‘tS’ and cardinal vowels emerging as the most discriminative biomarkers across
all configurations. Synthetic data augmentation improved classification perfor-
mance for the majority of linguistic units, with the largest gains observed for
units that were under-represented in the original dataset. At the same time,
the results indicate that augmentation volume should be calibrated per unit: for
well-represented units, the 50-sentence configuration is sufficient, while severely
under-represented units benefit from the full 200-sentence set.

A limitation of the current framework concerns the labeling of synthetic sam-
ples, whose intelligibility labels are inherited from the TORGO reference speak-
ers without formal perceptual validation. The informal review conducted by two
speech-language pathologists provides initial support for the clinical plausibility
of the generated speech; however, a structured perceptual evaluation by clinical
experts remains an open methodological step.
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Future work will extend this framework to multi-class severity assessment and
explore its applicability to other motor speech disorders. Furthermore, a formal
perceptual validation study of the generated samples, in the form of a Mean
Opinion Score evaluation conducted by a panel of speech-language pathologists,
remains as future work. A systematic comparison against alternative augmen-
tation strategies (signal-level perturbation, a neutral-style synthesis control and
other generative architectures) evaluated at matched added-data volume through
an identical extraction and classification pipeline, is likewise required to quantify
how much of the benefit is specific to StyleTTS-2, and constitutes the natural
continuation of the present work. Additional investigation will address the eval-
uation of other SSL models, the combination of grapheme- and phoneme-aligned
representations to exploit complementary acoustic information, and the design
of phonetically balanced text prompts in collaboration with speech-language
pathologists to maximize the coverage and discriminative value of the generated
data.
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Code and Data Availability

The code implementing the feature extraction procedure, the data augmenta-
tion pipeline and the classification experiments reported in this work is publicly
available at:

https://github.com/LilloByte/AII-2026-code-and-data-Dysarthric-phoneme
s-classification-

The synthetic dysarthric speech generated for the augmentation experiments,
comprising both the 50- and the 200-sentence sets together with a manifest
reporting, for each file, its TORGO reference speaker, inherited intelligibility
label and duration, is available at:

https://univpm-my.sharepoint.com/:f:/g/personal/s1117688_pm_univpm_it/Ig
AIrFOL5urCTqTa813vgBbVAYz57tAc6UawAdtIilo2ix0?e=JbqnMl

The TORGO and UA-Speech corpora are not redistributed here: access to them
must be requested from their respective owners.
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