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Parkinson’s Disease (PD) affects speech in measurable ways, yet most existing models rely on numerical
features, limiting interpretability and adaptability for language-based analysis. To address this, we convert
structured speech features into clinically meaningful textual symptom descriptions and leverage Sentence-BERT
(S-BERT) for PD classification. To improve model robustness and diversity, we apply textual augmentation
techniques including synonym replacement, random deletion, word swapping, and named entity substitution. Our
augmented S-BERT model achieved an accuracy of 85.0%, outperforming the non-augmented baseline at 82.3%.
This approach demonstrates the effectiveness of language-driven representations in speech-based PD detection and

highlights the value of augmentation in enhancing transformer-based medical diagnostics.

1. Introduction

Parkinson’s Disease (PD) is the second most prevalent
neurodegenerative disorder after Alzheimer’s, currently
affecting over 10 million individuals worldwide, with
incidence rates rising sharply due to aging populations.
Epidemiological studies estimate that the number of PD
cases will double by 2040, making early diagnosis and
continuous monitoring more important than ever [1]. PD
primarily affects motor functions, but its impact also extends
to non-motor symptoms, including vocal abnormalities such
as tremor, reduced pitch range, and breathiness. These vocal
cues offer a promising non-invasive biomarker for early-
stage detection, often manifesting before more overt motor
impairments. Accordingly, acoustic speech analysis has
emerged as an effective tool for detecting PD, offering the
potential for scalable and low-cost screening. Despite
promising results, most existing PD detection frameworks
rely heavily on structured numerical features extracted from
voice recordings, such as jitter, shimmer, and frequency-
based measures. These features are typically processed using
classical machine learning models like SVMs, random
forests, or CNNs. While effective, these models lack
semantic interpretability and cannot harness the contextual
understanding offered by transformer-based language models,
such as BERT and S-BERT. Moreover, traditional PD

datasets are limited in size, and often lack descriptive clinical
narratives, making them incompatible with NLP-based
models that require large volumes of labeled or semantically
rich data.

To address these limitations, our research introduces a
novel framework that bridges structured speech data and
transformer-based NLP methods. Specifically, we transform
selected numerical speech biomarkers into clinically
meaningful textual symptom descriptions. For instance,
acoustic values such as jitter and shimmer are mapped to
qualitative descriptors like “high jitter” or “low shimmer”,
which are then composed into structured sentences
resembling clinician-reported observations. These synthetic
text descriptions serve as inputs for Sentence-BERT (S-
BERT), allowing us to exploit its pretrained semantic
representation capabilities for PD classification.

Recognizing the limited variability in synthetic text, we
further apply textual augmentation techniques to enhance
data diversity and improve model generalization. These
include synonym replacement, Easy Data Augmentation
(EDA) strategies such as random deletion and word swap,
and named entity substitution, all carefully designed to
preserve the clinical meaning of each sentence. This enriched
textual dataset allows us to evaluate the impact of language-
based representation on PD classification performance
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compared to both non-augmented and baseline models.
Through this research, we demonstrate that converting
structured biomedical signals into natural language can
significantly improve the interpretability, flexibility, and
performance of Al systems for clinical diagnostics. Our
approach not only addresses data scarcity and semantic
rigidity in conventional models but also opens the door for
LLM-based analysis of medical signals in low-resource
settings where annotated clinical texts are unavailable [2].

2. Related Work

Recent advancements in artificial intelligence have
significantly improved the automatic detection of PD through
voice-based analysis. Various studies have explored acoustic
biomarkers such as jitter, shimmer, and harmonics-to-noise
ratio, using classical machine learning models including
support vector machines (SVM) and random forests [3,4].
However, while these methods offer respectable accuracy,
they lack semantic interpretability and cannot fully leverage
the contextual understanding enabled by modern
transformer-based architectures [9]. To overcome this,
language models such as BERT and its biomedical variants
(BioBERT, ClinicalBERT) have been adopted for tasks
involving clinical narratives and patient records [5].
Although effective in understanding medical text, these
models depend on the availability of rich, annotated
symptom descriptions resources often missing in structured
sensor-based datasets. This limitation directly impacts the
utility of large language models (LLMs) in domains like
speech-based PD detection, where the input is predominantly
numerical. Our research addresses this challenge by
proposing a hybrid approach that transforms structured
acoustic features into textual symptom descriptions, making
them compatible with language models. While recent work
has explored the fusion of multimodal data for
neurodegenerative disease prediction [6], the specific
strategy of converting tabular speech data into natural
language  for  transformer-based learning  remains
underexplored. Moreover, to improve model generalizability,
we introduce textual data augmentation techniques including
synonym replacement and EDA which have been widely
used in sentiment analysis and medical dialogue generation,
but rarely applied in the context of PD detection [7, 10]. By
combining structured-to-text transformation with S-BERT
and augmentation techniques, our approach creates a scalable
and semantically rich framework that effectively bridges the
gap between numerical biomarker analysis and language-
based learning systems [11].

3. Methodology

To effectively analyze the linguistic representations of
speech-derived symptom descriptions for Parkinson’s
Disease (PD) detection, we employed the Sentence-BERT

(S-BERT) model as the core text encoder. Each patient
sample, previously transformed from numerical speech
biomarkers into structured textual sentences, was embedded
using S-BERT to capture semantic similarities and patterns
indicative of PD. To enhance the robustness of our model and
address potential overfitting due to limited textual variation,
we applied a range of textual augmentation techniques to the
generated symptom sentences. These included synonym
replacements, where key symptom descriptors such as "high
jitter" were substituted with alternatives like "elevated jitter";
Easy Data Augmentation (EDA) techniques such as random
deletion and random word swap to introduce syntactic
diversity while preserving core semantics; and named entity
swapping, where equivalent biomedical terms (e.g., “vocal
tremor” < “voice shaking” ) were interchanged to enrich
linguistic expression. These augmentation strategies were
carefully applied to maintain the clinical relevance of each
sentence while increasing dataset variability. In parallel, we
conducted an additional experiment using the original, non-
augmented symptom sentences with the same S-BERT
configuration to serve as a baseline. The comparative
performance of these models, with and without augmentation,
is further analyzed in the Results section to evaluate the
effectiveness of augmentation in improving PD detection
accuracy. Experimental architecture is shown in Fig. 1.

Input: Symptom
Descriptions

!

Textual
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!

Parkinson's Disease
Detection

Figure 1: Proposed Architecture
4. Experiment Result

4.1 Dataset
In this research, we utilize a publicly available
speech dataset [8] comprising 757 samples, of which 564 are
from patients diagnosed with Parkinson’s Disease (PD) and
192 are from healthy individuals. The dataset initially
contains 754 acoustic features extracted from sustained
phonation recordings and includes a binary label, where 1
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indicates PD and O denotes a healthy control. Since the
dataset lacks natural language symptom descriptions, we
transformed the features to text descriptions. We specifically
selected four clinically relevant speech biomarkers jitter
(locPctlitter), shimmer (locDbShimmer), DFA (Detrended
Fluctuation Analysis), and RPDE (Recurrence Period
Density Entropy) and mapped their numeric values into
qualitative descriptors (low, moderate, high) using
empirically defined thresholds. These descriptors were then
composed into structured textual symptom sentences for each
patient. The flow of the dataset is shown in Fig. 2. For
example, one generated description reads: “The patient
exhibits high jitter, low shimmer, moderate DFA, and high
RPDE.” Each descriptor was chosen for its clinical
relevance: jitter measures pitch stability, shimmer reflects
amplitude consistency, DFA indicates vocal complexity, and
RPDE captures signal irregularity biomarkers that are often
altered in PD patients. This transformation allows us to
repurpose structured speech features into interpretable
symptom narratives, enabling the use of S-BERT for
Parkinson’s detection and augmentation analysis on a
synthetic symptom-level textual dataset designed as part of
this work.

Original Speech
Dataset (754
Features)

Select Key Features (Jitter,
Shimmer, DFA, RPDE)

Convert Numerical Values —
Qualitative Descriptors
(low/moderate/high)

Generate Symptom Sentences
(e.g., "The patient exhibits high jitter, low
shimmer...")

Textual symptom descriptive Dataset (Symptoms +
Label)

Figure 2: Overview of the dataset transformation
4.2 Result
To evaluate the effectiveness of our proposed
method, we trained the S-BERT model on the transformed
textual dataset with and without augmentation. The model
was trained for 100 epochs using binary cross-entropy loss.
Figure 3 illustrates the training and validation loss curves,
showing stable convergence with a final validation loss of

0.5218. The best performance was obtained with
augmentation, yielding an accuracy of 85.00%, precision of
85.04%, recall of 100.00%, and Fl-score of 85.71%. To
assess the advantage of our proposed augmentation strategy,
we compared its performance with a vanilla S-BERT model
(no augmentation) and a baseline BERT model trained on the
same symptom sentences.
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Figure 3: Train and validation loss over epochs

As shown in Table 1, compared to recent models, our
proposed S-BERT with augmentation achieves competitive
performance using only text-based input. While multimodal
transformer models such as Zhang et al. [13] achieve higher
accuracy by integrating voice, gait, and handwriting signals,
they require extensive data collection pipelines, making them
less scalable. In contrast, our approach uses lightweight
speech-to-text transformation, enabling efficient and
interpretable Parkinson’s detection. Moreover, CNN-based
speech models [12] still rely on raw acoustic features and
lack semantic understanding. Our method bridges this gap by
translating acoustic patterns into language-level symptom
descriptions, allowing S-BERT to leverage pretrained
contextual embeddings. The notable Fl-score improvement
over baseline BERT and non-augmented S-BERT confirms
the positive impact of textual augmentation on recall and
semantic generalization. Thus, our approach strikes a balance
between performance, interpretability, and accessibility in
clinical Al.

Table 1: Comparison with recent model

Model Accuracy | Precision | Recall | Fl-score
Proposed (S-BERT+ | o465 | 08504 1 0.8571
Augmentation)

S-BERT (no 08233 08154 | 09615 | o083

augmentation)

BERT baseline 0.7944 0.7881 0.923 0.8013

CNMN-BiLSTM (Sakar - -
0.817 0.8123 0.880 0.84

et al) [12] ’ i

Multimodal

Transformer (Zhang 0.8712 0.83 0.903 0.8764

et al) [13]
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5. Conclusion

In this study, we proposed a novel framework for
Parkinson’s Disease (PD) detection by transforming
structured numerical speech features into interpretable
textual symptom descriptions and leveraging Sentence-BERT
(S-BERT) for classification. To address the limitations of
small and uniform textual datasets, we incorporated multiple
augmentation techniques including synonym replacement,
Easy Data Augmentation (EDA), and named entity swapping
to improve semantic diversity and model robustness. Our
experimental results demonstrated that the augmented S-
BERT model outperformed both the non-augmented S-BERT
and standard BERT baselines, achieving an accuracy of
85.00% and an F1-score of 85.71%. These findings validate
our hypothesis that feature-to-text conversion, when
combined with augmentation, can unlock the potential of
large language models in domains lacking natural textual
data. This work contributes a new direction for integrating
language models into speech-based medical diagnostics,
especially for tasks where structured data dominates and
annotated clinical narratives are scarce. While the synthetic
nature of our symptom sentences presents some limitations,
our approach offers a scalable and interpretable bridge
between numerical biomarker analysis and NLP-based
classification. In future work, we plan to extend this
framework by incorporating real clinical descriptions from
electronic health records and applying more advanced
generative techniques to enrich textual variability further. We
also aim to explore the generalizability of our method across
other neurological and speech-related disorders.
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