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Abstract

Amyotrophic Lateral Sclerosis (ALS) is a se-
vere neurodegenerative illness that affects motor
and speech functions, often presenting dysarthria
— impaired vocal articulation due to weakened
muscular control — as an early symptom. This
research examines the potential of audiometric
biomarkers to uncover ALS’ progression explor-
ing both Machine Learning (ML) and Artificial
Intelligence (AI) techniques.

Two data sources are used: the TORGO database,
which contains a wide range of dysarthric and
healthy voice samples, and the VOC-ALS dataset,
comprising structured clinical and acoustic infor-
mation on ALS patients and control individu-
als, together with the corresponding ensemble of
scripted audio recordings.

The primary objective is to merge the results of
these studies and build a detection system able
to identify dysarthria and, eventually, distinguish
the cases caused by sclerosis. A state-of-the-
art deep speech representation strategy known
as Wav2Vec 2.0 is fine-tuned on the TORGO
instances to recognise patterns in vocal deteriora-
tion and spot dysarthric voices. Afterwards, dif-
ferent AI methods are used on the ALS-labelled
dataset to create a disease-specific detector based
on predetermined vocalisations. This approach
has the potential to support early diagnosis and
monitoring in clinical and remote settings.

1. Introduction

The fatal, adult-onset neurodegenerative disease known as
Amyotrophic Lateral Sclerosis (ALS) primarily damages
the motor neurones controlling voluntary muscles. These
include the lower motor nerves, extending from the spinal
cord to the skeletal muscles (Brown & Al-Chalabi, 2017),
and the upper motor nerves, which start in the cerebral
cortex and reach the spinal cord. Degeneration of these
neurones causes progressive muscle weakness and loss of
coordination, eventually leading to full paralysis. Although
early stages usually spare sensory, psychological, and
autonomic functions, recent studies indicate that a subset
of patients may also show minor cognitive or behavioural
deficits, especially those associated with frontotemporal
dementia (Hardiman et al., 2017). Ultimately, the gradual
weakening of diaphragm and intercostal muscles causes
most people to die from respiratory failure.

ALS occurs slightly more in men than in women and affects
about 2 to 3 individually per 100,000 annually (Brown &
Al-Chalabi, 2017). Though patient progression rates differ
greatly, the median survival period following diagnosis is
usually 2 to 5 years, with the average age of start between
55 and 70 years. (Talbott et al., 2016).

Gradual bulbar dysfunction (i.e., problems with speech,
chewing, and swallowing) is a classic sign of ALS. This is
caused by a degeneration of the lower motor neurones in
the brainstem, specifically within the medulla oblongata —
or bulbar region — which innervates the muscles of face,
tongue, mouth, and larynx. Among bulbar-related symp-
toms, dysarthria is one of the earliest and most frequent,
affecting up to 80% of ALS patients over the course of the
disease (Yunusova et al., 2016). The reason is a weakness
and impaired coordination of the articulatory musculature;
ALS-provoked dysarthria is indeed recognisable by inac-
curate speech, hypernasal pitch, diminished loudness, and
strained or breathy voice quality (Darley et al., 1969). Com-
pared to spinal-onset ALS, which starts with limb weak-
ening (Chio et al., 2009), the bulbar variant is linked with
faster disease progression and poorer prognosis. In he latter
ALS case, hindered articulation is therefore not only rep-
resenting a functional communication loss, but might also
act as a signal of more aggressive disease subtypes.

Speech is an especially sensitive indicator of neuromuscu-
lar health because it relies on the rapid, finely coordinated
activity of multiple muscle groups — including the tongue,
lips, jaw, larynx, and respiratory system ones. By con-
sequence, even minor disruptions in neurone signalling
can significantly impact speech acoustics and articulation
(Yunusova et al., 2016). These alterations generally pre-
cede gross motor symptoms, and their recognition is lowly
dependent on patient prejudice or physician subjectivity,
making them potential markers for objective, continuous
disease monitoring (Green et al., 2013). Most importantly,
vocal samples can be collected non-invasively using acces-
sible tools such as microphones or smartphones, offering a
low-cost, scalable, and reproducible solution for both clini-
cal and home-based screening. This approach is especially
valuable for tracking ALS in situations where access to
clinical facilities is limited or regular visits are not feasible.
Thus, recognising and measuring speech impairments can
become crucial for early diagnosis, classification of ALS
subtypes, and better studying the disease progression.



2. Objectives

The primary aim of this research is to investigate the viabil-
ity of using Machine Learning (ML) techniques to uncover
and track ALS-induced dysarthria. In particular, the study
seeks to enhance early recognition of bulbar-onset ALS
and monitor disease progression by analysing speech char-
acteristics. Building upon previous studies in automated
vocal analysis (Green et al., 2013), the final objective is to
produce an advance in the field of automated diagnosis, by
integrating two complementary datasets (see Section 3) to
construct a comprehensive detection pipeline.

Wav2Vec 2.0 — a self-supervised Deep Learning (DL)
model for speech representation (Baevski et al., 2020) — is
applied to classify dysarthric speech in ALS patients, using
a diverse set of clinically annotated samples for training
and validation (see Section 5.1). While this architecture has
been successfully applied in general speech recognition and
some pathologies-related studies (wen Yang et al., 2021;
Bar et al., 2022), its applicability to ALS-caused dysarthria
remains unexplored. By leveraging this advanced feature
extraction, the model is expected to achieve an improved
disease detection performance. In fact, empowering vocal
analysis through a properly trained Deep Neural Network
(DNN) might allow to distinguish dysarthric speech even
with relatively short, unstructured, and noisy input record-
ings (Rudzicz et al., 2012), offering a robust and preventive
tool to assess early voice impairment.

In parallel, this research complements symptom recognition
through generalised audio-embeddings with a more com-
posite clinical analysis. This is done by applying Al models
to a series of specifically prescribed vocalisation, using a
set of predefined audiometric features extracted from the
recordings (see Section 5.2). So, a more structured and
interpretable disease classification approach is explored,
leveraging the acquisition of clinically recognised vocal
biomarkers and experts’ annotations.

By comparing and potentially combining these two method-
ologies, the study aims to develop a dual-model pipeline
capable of both generalised data-driven symptoms detection
and domain-informed diagnosis. The conclusive aim is thus
to evaluate the feasibility of a scalable, automated system
for speech-based ALS monitoring, considering the results
obtained from the produced classifiers in terms of accuracy
(see Section 5). Given that speech is a non-invasive and eas-
ily accessible biomarker, a thorough ML-driven assessment
tool could greatly benefit early disease recognition and
patient stratification (Green et al., 2013). These advance-
ments would not only assist clinical professionals in refin-
ing diagnostic workflows but also provide a cost-effective
alternative for home-based severity progression tracking
(Helleman et al., 2020). In summary, this work aims to
bridge the gap between state-of-the-art speech recognition
techniques and neurodegenerative disease monitoring, with
a particular focus on advancing computational pathology
detection for ALS and its revealing symptom.

3. Data

Two publicly available data sources are promising for the
just described examination of speech as a biomarker for
neurological diseases: the TORGO database (Rudzicz et al.,
2012) and the VOC-ALS dataset (et al., 2024).

3.1. TORGO

The "TORGO database of acoustic and articulatory
speech from speakers with dysarthria" contains 2,000
vocal instances, distributed evenly among dysarthric
males, dysarthric females, non-dysarthric males, and non-
dysarthric females. Originally created to advance research
in Automatic Speech Recognition (ASR) for individu-
als with vocal impairments, the dataset includes hindered
speech samples stemming from various conditions, not lim-
ited to ALS (e.g., Cerebral Palsy). Rather than identifying
the specific medical cause, it classifies speakers broadly as
either dysarthric or non-dysarthric. As such, the labelling
focuses on distinguishing impaired vs healthy speech only,
without considering the underlying pathological condition.
In this setting, a speech-recognition Deep Neural Network
is unquestionably the best option to handle a symptoms de-
tection task, given the information’s low level of structure,
which consists of recordings of variegated vocalisations
(e.g., phoneme repetitions, short words, restricted and un-
restricted sentences) from a group of subjects categorised
solely by gender and healthiness (Rudzicz et al., 2012).

3.2. VOC-ALS

Groupr FeEMALE MaLE ToraL (F+M)
ALS PATIENTS 37 242% 65 42.5% 102 66.7%
Heactay ContrOLS 19 712.4% 32 20.9% 51 33.3%
TotaL (ALS + HC) 56 36.6% 97 63.4% 153 100%

Table 1. Distribution of VOC-ALS experiment’s subjects.

The "VOiCe signals acquired in Amyotrophic Lateral Scle-
rosis patients and healthy controls" (VOC-ALS) dataset
includes clinical annotations alongside acoustically derived
features extracted from vocal recordings of ALS patients
and healthy controls (et al., 2024). Participants in the ex-
periment were instructed to perform multiple specific vocal
tasks: repeating syllables (i.e., /ka/, /pa/, /ta/), and sustaining
vowel phonations. The dataset includes a total of 1,224
audio samples from 153 Italian-speaking individuals — av-
erage age: 63 — comprising 102 ALS patients with varying
levels of dysarthria severity and 51 healthy controls (see
Table 1). These recordings were used to determine the
following acoustic features (et al., 2024).

Fundamental Frequency (F) (Bickstrom et al., 2022)
Defined as the lowest frequency of a periodic signal, in
the context of human speech it represents the frequency at
which the vocal cords vibrate to produce sound. Higher F
are heard as higher in pitch and vice versa.



Subsequently, the mean fundamental frequency (Fo) (An-
drade et al., 2020) would represent the average pitch of
a speaker over a given vocal segment, calculated as the
arithmetic mean of all measured F|, values:
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where:

e Fy,; is the fundamental frequency at frame i,

e N is the total number of frames considered.
The standard deviation of fundamental frequency (or,)
(Andrade et al., 2020) quantifies instead the spread of Fy
values around the mean, being an important measure of
prosodic variation in speech by reflecting how much the
pitch fluctuates over time. It is calculated as:
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where:
e F; is the fundamental frequency at frame i,
e F, is the mean fundamental frequency,
o N is the total number of frames.

Harmonics-to-Noise Ratio (HNR) (Fernandes et al., 2018)
The Harmonics-to-Noise Ratio quantifies the relationship
between the periodic and aperiodic (i.e., harmonic and
noise, respectively) components of a speech signal. It
is expressed in decibels (dB) and serves as indicator of
voice quality. An higher HNR indicate a cleaner, harmonic-
dominated and regular voice, such that lower values are
typically associated with vocal disorders. It is defined as:
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where:
o 7 (Tmax) is the normalised autocorrelation value at the
first local maximum (excluding 7 = 0),
e Tmax corresponds to the time lag at which the first
significant periodic peak occurs.

Local jitter (Jitt) (Teixeira et al., 2013)

The local jitter represents the average absolute time dif-
ference between two consecutive periods (i.e., jitta), nor-
malised by the average period. A Jitt beyond 1.04% may
indicate the presence of pathologies. It is computed as:
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where:
e T; is the duration in seconds for each period,

e N is the number of periods.

Local shimmer (Shim) (Teixeira et al., 2013)

The shimmer measures the average absolute variation in
Amplitude (A) between two consecutive voice periods, nor-
malised by the average A. It is used as an indicator of vocal
stability too, as values above 3.81% may suggest a clinical
condition. It is calculated as:
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where:
e A; is the peak amplitude of the i pitch period,
e N is the number of periods.

The dataset also includes a cumulative ALS Functional Rat-
ing Scale Revised (ALSFRS-R) score (Cedarbaum et al.,
1999) for each subject, consisting of the state-of-the-art
clinical assessment of dysarthria severity, based on a per-
ceptual rating scale spanning from 48 (indicating health)
to 0. The disease progression rate is thus computable as
(Kimura et al., 2006):

48 — ALSFRS-R at examination time
Progr. Rate = . (6
rogr. Kate Disease Duration in months ©

This Functional Rating Scale is a commonly used clin-
ical metric, but it relies heavily on a subjective assess-
ment of patients’ symptoms. It is calculated by adding
up the responses to a 12-item neurologist-administered
questionnaire, gauging the impairment levels of specific
functions (e.g., speech, salivation, swallowing, respiration),
each scored on a 0-to-4 scale. Therefore, this metric lacks
sensitivity to detect objective subclinical changes in the
bulbar motor system and reliably classify patients based
on problematicness (Dubbioso et al., 2024). Accurately
predicting functional decline is essential for timely clinical
intervention, as early decisions regarding communication
support and palliative care have the greatest impact when
made proactively. In this context, voice-based diagnosis
has been highlighted as a promising approach due to its low
cost, ease of use, and potential for early detection and con-
tinuous monitoring — factors that are critical for improving
ALS prognosis (Green et al., 2013).

In fact, the dataset at issue is very suitable for training an Al
model able to either act a classification or even a regression
on the ALS presence and level, based on a set of raw audio
files containing predetermined vocal performances through
the extraction of salient acoustic characteristics (Schindler
& Gulli, 2012). To unambiguously quantify the disease,
a target Severity score was additionally allocated to each
patient, obtained exactly reverting the ALSFRS-R value on
its scale; thus, O would be awarded to the healthy patient,
while 48 would reflect the deepest level of ALS:

Severity = 48 — ALSFRS-R . 7)



4. Experiments

Two parallel experimental procedures were carried out (as
outlined in Figure 1): the primary analysis investigated the
potential of Wav2Vec 2.0 for dysarthria detection based on
raw speech recordings, using the TORGO dataset; the sec-
ondary one focused on Al-predicting ALS severity starting
from patients’ audio data structured as in the VOC-ALS
study, through determined pre-computed acoustic features.
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2000 vaired voice recordings SPEECH 1224 scripted vocalizations

50% dysarthria-labeled TASFTS 102 ALS patients + 51 controls
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Evenly gender-distributed ALS-specifically annotated
____________ ALSFRS-R quantifying severity
Acustic features labeled
_____________
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RESULT: pipeline for preventive symptoms recognition based on unstructured data
and disease-specific diagnosis through automated clinical examination

Figure 1. Methodology flowchart.

4.1. Wav2Vec 2.0 for dysarthria detection

Being a powerful self-supervised speech representation
model, Wav2Vec 2.0 was used to extract meaningful voice
embeddings from the TORGO’s audio files, which were
then used in a deep learning-based classification pipeline
to detect the presence of dysarthria (Baevski et al., 2020).
The approach aimed to create an automated method for
detecting the relevant symptoms based on a virtually small
set of unscripted voice recordings of an individual.

To ensure compatibility and uniformity, some preprocess-
ing steps were applied to the dataset: all audio files were
resampled to a standard rate of 16 kHz and trimmed to
remove leading and trailing silences, reducing irrelevant
acoustic noise. For the classification task, the file paths
were standardised into consistent recording-pointing vari-
ables, ensuring accurate class-coded referencing within the
dataset directory. A validation check was then performed to
confirm the existence and usability of each file for training
purposes, revealing that five instances were unreadable (i.e.,
too short for the model to be loaded) and therefore to be
excluded from further analysis. The dysarthria labels were
encoded into binary format, with / representing dysarthric
speech and 0 denoting healthy controls’ recordings.

Initially, a pre-training experiment was attempted, aiming
to apply Wave2Vec 2.0 from inception on the dataset in
question for preliminary learning. This allowed to gauge
the model’s capacity of generating more task-representative
embeddings based only on this clinically-biased record-
ing types — possibly characterised by short duration and
symptoms-related sounds pronounced. This strategy was
inspired by prior research that illustrated the capacity of
self-supervised models to effectively adapt to limited-label
domains, such as pathological speech (Schneider et al.,
2019). The hypothesis was that, if successfully learning,
an intrinsically specific model could outperform the pub-
licly available similar architectures pre-trained for general-
purpose on wider and diverse corpora. In order to further
improve data consistency, all audio files were converted
to mono and normalized to reduce loudness variations, in
addition to resampling. The majority of instances were
left available for the learning task, as approximately 2% of
the samples only were reserved for validation due to the
limited dataset size. The pre-training was launched on GPU
cluster, utilizing a slightly modified version of the public
fairseq Wav2Vec 2.0 repository (Facebook AI Research,
2021), and terminated prematurely after the interim outputs
were sufficient to assess this approach’s efficacy.

METRIC TrRAIN VALID
ACCURACY 0.359 0.605
LOSS 6.658 3.242
PERPLEXITY 126.5 3.6
TOKENS P.B. 229.1 205.5
SENTENCES P.B. 3.4 3.2
NUM UPDATES 133613

PROB PERPLEXITY 639.976

LEARNING RATE 3.62x10™*
GRADIENT NORM 0.001

Table 2. Wave2Vec TORGO-based pre-training stats, epoch 234.

By analysing the values of the last faced pre-training epoch
(see Table 2), it was indeed noticeable that the key indica-
tors (i.e., 35.9% accuracy, 6.658 loss) highlighted a quite
poor performance in learning robust speech representations,
with the validation scores expressing a slightly better gen-
eralisation on unseen data. The fundamental explanation
for a similarly high perplexity is a failure of the method’s
application on such a small dataset: the model scarcely
predicted the probability distributions over tokens, demon-
strating difficulties in uncovering dysarthric speech based
on the relevant brief ~2K audios only. This matches the
prior research findings highlighting Wav2Vec’s struggle in
training from inception on relatively small datasets (Schnei-
der et al., 2019). Moreover, the Learning Rate and Gradient
Norm at the relevant step indicated small coefficients up-
dates, suggesting that the training had plateaued; the loss
value was indeed not lowering along epochs anymore, con-
firming a stuck optimisation (Smith, 2017).



In summary, the findings demonstrated the necessity of
using an already pre-trained Wav2Vec 2.0 model, which
could then be fine-tuned for the dysarthria detection task
(Riviere et al., 2020). A robust speech feature extraction
was needed as a base to subsequently reach the set objective,
while trying to directly focus the training on an insufficient
dataset did not allow to consistently capture any essential
phonetic and acoustic variation. The resulting performance
also suggested that even the application of data augmenta-
tion strategies would have been unlikely to compensate for
the dataset’s inherent limitations. These observations are
consistent with prior work in speech representation learning
(Baevski et al., 2020), which emphasises the importance
of transfer learning and self-supervised pre-training in han-
dling domain-specific tasks with scarce labelled data.

To retain the desirable generalisation performance, the base
Wav2Vec 2.0 pre-trained on 960 hours of speech (Facebook
Al Research, 2021) was fine-tuned on the TORGO dataset.
This aimed to obtain task-relevant vocal representations
while avoiding the instability observed when learning from
scratch. Audio files were loaded and converted into wave-
forms, which were then passed through the model to extract
embeddings from the final hidden state. These embeddings
were mean-pooled across the time dimension, resulting in a
768-dimensional feature vector per sample. The dataset was
split for model evaluation into training, validation and test
subsets (80%, 10% and 10% of the instances respectively),
with a balanced distribution of dysarthric and unaltered
speech samples. The model was trained for 30 epochs
using cross-entropy loss and the Adam optimizer.

In order to have a direct comparison of the obtained archi-
tecture to a frozen-Wave2Vec-based dysarthria detector,
another model version inspired by previous applications
(wen Yang et al., 2021) was trained freezing all the voice-
embedding layers, allowing learning only for the appended
classification head, which would therefore take as input
unchanged embeddings from wav2vec2-base-960h. The
latter type of model has demonstrated good performance in
low-resource speech tasks and has recently been applied to
clinical audio domains (Baevski et al., 2020).

An additional ML-based classifier was implemented using
the Mel-Frequency Cepstral Coeflicients (MFCCs) — tra-
ditional representations in speech processing to capture the
power spectrum of audio signals in a perceptually mean-
ingful way (Davis & Mermelstein, 1980). In particular, 13
MFCCs were extracted from the recordings, and their mean
and standard deviation computed across time, producing a
26-dimensional feature vector per sample. The architecture
chosen consisted of a shallow feedforward Neural Net with
two hidden layers of 64 units each, using ReLLU activations
and a final linear output layer for binary classification, as
in literature-relevant approaches (Eyben et al., 2016). The
data loading was enacted in mini-batches to reduce mem-
ory overhead, and the training based on cross-entropy loss
minimization through Adam optimizer over 30 epochs.

4.2, Al-fostered ALS diagnosis

Given the highly structured nature of the clinically anno-
tated VOC-ALS dataset, various standard Al methods were
evaluated for the task of regressing the Severity score, us-
ing a set of predefined acoustic features (see Section 3.2)
extracted from the audio recordings (Dubbioso et al., 2024).
However, the automatic computation of these audio vari-
ables was tested too, by adapting the code published for
the underlying research (Sannino, 2024) in order to ensure
full reproducibility of the present paper results, making the
repository associated with this analysis suitable for ALS
detection starting directly from a properly scripted set of
raw audio recordings.

Specifically, for each of the eight main vocal tasks pre-
scribed to participants (i.e., sustaining the five vowels and
repeating the syllables /ka/, /pa/ and /ta/), five metrics were
considered and used as input for the following models: Fj,
or,» HNR, Shim, Jitt; for a total of 40 features. To ensure
consistent scaling, these predictors were standardised to
zero mean and unit variance (Ioffe & Szegedy, 2015; Eyben
etal., 2016). The dataset was split for model evaluation into
training, validation and test subsets (80%, 10% and 10% of
the instances, respectively) with a balanced distribution of
ALS patients and healthy controls.

Linear Regression was used as a baseline model; while
highly interpretable, its performance is deemed limited
with non-linear underlying relationship patterns between
the features and the target variable (Seber & Lee, 2012) .

Ridge Regression — regularised version of linear regres-
sion — introduces L2 penalty to reduce the impact of mul-
ticollinearity, avoiding overfits (Hoerl & Kennard, 1970).

Lasso Regression adds an L1 penalty instead, not only reg-
ularising but also performing feature selection by shrinking
some coeflicients to exactly zero (Tibshirani, 1996).

XGBoost Regressor is a gradient boosting framework op-
timised for speed and performance. It builds trees sequen-
tially, where each new tree corrects the errors of its pre-
decessors and provides robust feature importance scores
based on gain and frequency (Chen & Guestrin, 2016).

Random Forest Regressor is an ensemble learning tech-
nique that builds multiple decision trees and averages their
predictions, effectively capturing non-linear relationships.
It also provides an inherent feature importance evaluation
by measuring how much each feature contributes to re-
duce the prediction error (i.e., Impurity) across the trees
(Breiman, 2001). This model was also cross-validated to
ensure reliable performance and generalisation across the
dataset (Hastie et al., 2009). Feature importance was then
assessed to identify which features had the greatest impact
on predicting ALS severity, based on their contribution to
reducing the loss during training.



5. Results
5.1. Wav2Vec 2.0 for dysarthria detection

Considering the progression of the fine-tuned Wav2Vec
model (see Figures 2 and 3), the training accuracy curve ex-
hibits a smooth, upward trajectory, increasing steadily from
50% to over 95% across 30 epochs. Most importantly, the
validation accuracy closely follows this trend, showing no
significant divergence — a strong indicator of robust gen-
eralisation. The corresponding loss curves further support
this conclusion: both training and validation values consis-
tently decrease, with validation loss dropping from 0.65 to
below 0.20 by epoch 25 and flattening thereafter. There are
no sharp spikes or irregularities, suggesting that the model
is learning effectively and stably. This training behaviour is
characteristic of well-regularised transfer learning, where
the pre-trained feature extractor is effectively fine-tuned to
identify task-specific patterns (Riviere et al., 2020).
Notably, despite more coefficients were optimizable in the
above model, the two different and lower LRs (i.e., 107°
and 107> for embedder and classifier respectively) ensured
the learning power at inception to be comparable with the
frozen model’s one (LR of 107%). Moreover, higher LRs
were attempted for the former model, making its already
huge architecture producing a less stable learning. By con-
trast, tuning the frozen-embeddings detector’s LR produced
results similar to the presented ones: actual regularization
forms might be necessary for performance improvement.
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Figure 2. Fine-tuned Wav2vec 2.0 classifier’s Accuracy curves.
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Figure 3. Fine-tuned Wav2vec 2.0 classifier’s Loss curves.

At equal epochs’ span, the frozen Wav2Vec model (see
Figures 4 and 5) displays signs of overfitting and under-
adaptation. While training accuracy increases steadily to
~90%, the validation accuracy plateaus early around epoch
10 and oscillates between 78% and 83%, never surpassing
84%. This suggests that the classifier head is memoris-
ing training examples but failing to capture generalisable
speech patterns from the frozen pre-determined embed-
dings. The loss curves further reveal this issue: training val-
ues decrease rapidly, but validation ones plateau above 0.30
with minor fluctuations, indicating no continued learning
on unseen data. This instability highlights the limitations
of using Wav2Vec 2.0 without fine-tuning, particularly in
clinical settings where subtle speech abnormalities must be
captured for accurate classification (Tripathi et al., 2020).

The MFCCs-based NN (see Figures 6 and 7) shows a de-
coupled performance too: training accuracy rises above
98%, but validation values peak near 94% with visible os-
cillation. Similarly, training loss drops, while validation
one stabilises around 0.40 after epoch 20. This behaviour
suggests that although MFCCs provide useful descriptors in
general, they lack sufficient specificity and dimensionality
for nuanced dysarthria detection. Thus, the NN classifica-
tor overfit them soon, pushing to derive significant patterns
and reach an higher accuracy on the train instances only.
Previous studies found indeed that MFCCs may not match
the representational richness of task-optimised deep embed-
dings (Dubbioso et al., 2024; Schindler & Gulli, 2012).
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Figure 4. Wav2vec 2.0 classifier’s Accuracy curves.
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Figure 7. MFCCs-based NN classifier’s Loss curves.

Considering test performances at epoch 30 (see Table 3),
the fine-tuned Wav2Vec 2.0 classificator achieves an F1-
score of 0.97, outperforming both the frozen variant and
the MFCCs-based model. The latter reaches an F1 of about
0.95, yet its higher validation loss and oscillating accuracy
indicate slightly weaker robustness; this supports previous
evidence suggesting that while handcrafted features are
effective, deep learnt embeddings better capture complex,
task-specific vocal patterns in neurodegenerative diseases
(Dubbioso et al., 2024).

Model Precision Recall F1-score
Fine-tuned Wav2Vec 0.94 0.99 0.97
Frozen Wav2Vec 0.80 0.82 0.81
MFCCs-based NN 0.94 0.95 0.95

Table 3. Dysarthria detectors’ performances on test set, epoch 30.

Fine-tuned Frozen MFCCs-based
Predicted Wav2Vec Wav2Vec Neural Net
= D H D H D H

Dysarthria|| 94 6 80 20 94 6
Healthy 1 99 18 82 5 95

Further insight comes from the confusion matrices over
the test instances (see Table 4): whereas the frozen model
and MFCCs-based NN show more wrong predictions, the
fine-tuned Wav2Vec 2.0 misclassifies only 7 of the 200
samples. The latter detector shows the best performance
particularly in uncovering symptoms’ absence, displaying
a single false positive (i.e., recall of 99%). Despite in clin-
ical diagnosis contexts the precision is definitely crucial
(e.g., missing early signs of dysarthria can delay ALS inter-
vention) (Yunusova et al., 2016), also accurately recogniz-
ing negatives is fundamental to keep automated screening
tools trusted and prescribe further examinations to actual
ill subjects (Green et al., 2013). On the other hand, the
MFCCs-based NN produces 5 false positives, meaning that
its non-negligible accuracy disadvantage and higher loss
are lowly related with the performance on truly dysarthric
samples. Finally, the frozen Wav2Vec 2.0 model exhibits a
much higher number of misclassifications (19%), struggling
to distinguish the instances and demonstrating its limited
adaptability due to a missing feature-level specialization.

5.2. Al-fostered ALS diagnosis

Analysing the results of the Severity-score prediction (see
Table 5), the Random Forest Regressor is highlighted as
best performing overall, with a MAE of ~6.8 and a MSE
of ~57.1 on the test set, indicating the most coherently low
predictions’ distancing from the target. These values are
promising, given the already discussed (see Section 3.2)
subjectivity and limited resolution of the ALSFRS-R scale
(Green et al., 2013). Several studies have indeed suggested
that ALS-level estimation, even when not exact, offers valu-
able clinical stratification (Schindler & Gulli, 2012). Linear,
Ridge, and Lasso regression models show poorer general-
isation, likely due to their inability to capture non-linear
relationships in the acoustic feature space; XGBoost per-
forms exceptionally well on training data, but significantly
underperforms on validation and test sets, demonstrating
an even higher overfitting of the relatively small dataset.

Model Metric  Train Val Test
Linear MAE 5.504 8.037 9.528
Regression MSE 46.603  122.087 170.694
Ridge MAE 5.615 6.888 8.570
Regression MSE 47.173 93473  136.781
Lasso MAE 5.961 6.156 7.694
Regression MSE 51.386  70.079  110.249
XGBoost MAE 0.002 6.579 7.372
Regressor ~ MSE 0.000 71.909 70.570
Random MAE 3.984 5.459 6.834
Forest R. MSE 20.999  44.825 57.128

Table 4. Dysarthria detectors’ test confusion matrices, epoch 30.

Table 5. Severity-regressors’ performances across data subsets.



Random Forest’s stability is confirmed via cross-validation
(see Table 6), where MAE averages ~7.3 and RMSE ~8.8,
Although modest, the R2 of 0.125 is within range of previ-
ous work and indicates potential for disease’s progression
tracking, especially if Severity is divided into coarse bins
(e.g., mild, moderate, severe) rather than treated as an exact
score (Green et al., 2013; Dubbioso et al., 2024).

Metric Value
Mean Absolute Error (MAE) 7.281
Mean Squared Error (MSE) 77.023
Root Mean Squared Error (RMSE) 8.776
R2 Score 0.125

Table 6. Random Forest model’s cross-validation results.

To interpret the Random Forest’s behaviour, features’ im-
portances were extracted (see Appendix A), revealing the
prominence of a varied set of fundamental frequency, Jitt
and Shim variables for the vowel vocalizations. In fact, their
acoustic consistency and physiological load make them
especially sensitive to early neuromotor deterioration, en-
abling models to detect ALS severity variations even in the
absence of visible physical symptoms. Syllables-repeating
samples’ o, and the HNR for the /i/ phonation were of
salient predictive power too. Overall, this distribution mir-
rors the clinically-established scheme of markers for bulbar
dysfunction and muscular control loss (Yunusova et al.,
2016; Schindler & Gulli, 2012), reinforcing the relevance
of VOC-ALS study’s pre-determined vocal tasks.

6. Conclusions

This project explored how speech analysis can contribute
to the early detection of dysarthria and the ALS progres-
sion monitoring through Machine Learning. By combining
insights from two datasets — TORGO, focusing on general
dysarthric speech, and VOC-ALS, featuring structured clin-
ical annotations — the present study developed two main
approaches: a main examination of raw voice recordings
using Wav2Vec 2.0, and a secondary analysis based on
pre-computed acoustic biomarkers specific to ALS severity.

Pre-trained on general speech and further adapted to
TORGO dataset, the fine-tuned Wav2Vec 2.0 demonstrated
high reliability for ML dysarthric speech detection, reach-
ing a 96.5% accuracy and an F1-score above 0.96. The latter
model thus outperformed both its non-specialized counter-
part and a standard NN-classificator applied on a sector-
relevant but non-specialized MFCCs-based representation,
with particular success in reducing the false positives pre-
dictions. This confirms the feasibility of a top-to-bottom de-
tection system operating directly on unstructured audio files
without manual feature engineering (Baevski et al., 2020),
demonstrating significant ability in detecting dysarthria
even in short and noisy recordings. Therefore, this type of
system would be especially suitable for generalised screen-
ing and preventive symptoms spotting, potentially acting
as an early alarm to prompt further clinical investigations
(Yunusova et al., 2016; Green et al., 2013). Notably, early

attempts to pre-train Wav2Vec on the relatively limited
clinical dataset failed to produce effective representations,
confirming that large-scale pretraining remains essential for
deep speech models, leaning on self-supervised learning
paired with subsequent fine-tuning (Schneider et al., 2019).

In parallel, a set of structured features (i.e., F_o or,, HNR,
Jitt and Shim) were used to train several disease-specific
regression models targeting ALS severity. Among them,
the Random Forest performed best, achieving a test MAE
of 6.83 and a cross-validation R2 of 0.125, consistent for
the task. To ground the predictions in a clinical context, the
ALS level was measured by an ALSFRS-R-derived Severity
score, so a Progression Rate (see Equation 6) is derivable
to quantify the disease advancement. These results support
Random Forest models’ ability to capture underlying non-
linear relationships between vocal features and sclerosis’
magnitude, making them a strong candidate for automated,
lightweight and explainable ALS monitoring (Dubbioso
et al., 2024; Schindler & Gulli, 2012; Hastie et al., 2009).

6.1. Future work

This study adds to the expanding field of speech-based
digital biomarkers for neurological disorders, building on
previous work that highlights vocal impairments as early
signs of motor neuron degeneration (Green et al., 2013;
Yunusova et al., 2016). Tools like Wav2Vec (Bar et al.,
2022; Baevski et al., 2020) and MFCCs-based models (Ey-
ben et al., 2016) have already shown promise in detecting
speech impairments; by combining raw audio analysis and
structured acoustic features, this approach strikes a balance
between cutting-edge ML and clinical interpretability.

Developing a hybrid system — using deep, flexible embed-
dings alongside experts-outlined, interpretable features —
is a possible path forward. Including longitudinal speech
data so that models can track voice changes over time is
another key goal. This time dimension could assist in cap-
turing illness progression at earlier stages, potentially even
before symptoms are visible to patients or doctors (Luz,
2017). Longitudinal modelling also provides personalized
health monitoring, increasingly stressed in neurodegenera-
tive disease treatment. Increasing the demographic variety
of the training data sets is also very important. Recent evalu-
ations of commercial speech recognition systems reveal that
training data often underrepresents diverse demographic
groups, leading to significant performance discrepancies
across accents, age groups, and genders (Fu et al., 2023).

Using these technologies in non-clinical settings like mo-
bile apps or telehealth platforms could improve their ac-
cessibility and clinical efficacy. Home-based voice mon-
itoring would allow patients greater autonomy in track-
ing symptoms and assist prompt interventions, especially
in underserved or rural locations (Adams et al., 2020;
De Marchi et al., 2021). As computational models improve
and datasets grow in scale and diversity, the vision of using
speech as a non-invasive, cost-effective biomarker for ALS
and related disorders has become increasingly attainable.



A. Random Forest model’s predictive power of features.
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