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Abstract:
Phonological changes in PD reflect early neurodegenerative 
changes that affect speech motor control. This paper 
reviews the development of remote monitoring methods 
from early acoustic analysis to modern deep learning-based 
methods. As a non-invasive, low-cost and sensitive tool, 
speech-based artificial intelligence biomarkers can be used 
for screening, early diagnosis and longitudinal monitoring. 
Its advantage lies in its ability to detect subtle changes 
that are difficult for humans to detect and its potential 
for high-frequency remote assessment via smartphones. 
However, some problems remain to be solved, such as the 
difference in recording environment, the limited annotation 
data set, and the “black box” nature of AI models limiting 
the clinical interpretability. In recent years, advances in 
interpretable AI and multimodal data fusion have brought 
hope to clinical applications. Future research should 
focus on improving data diversity, model robustness and 
transparency, and combine with clinically relevant outcome 
indicators to promote the wide application of voice AI 
biomarkers in personalized PD management.
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1. Introduction
Parkinson’s disease (PD) is the second most com-
mon neurodegenerative disease. Parkinson’s disease 
is pathologically characterized by the presence of 
Lewy bodies and Lewy neurites, which are mainly 
composed of aggregated and misfolded α-synuclein, 
accompanied by neuronal loss in substantia nigra and 
other brain regions, and therefore classified as synu-
cleinopathy [1]. Early signs of Parkinson’s disease 
include voice changes (including reduced speech 
volume and rhythm, frequent speech pauses and 

shortened speech), reduced facial expressions and 
gait patterns with reduced arm related movements 
[2]. These mild signs are often mistakenly identified 
as normal aging, which can delay the diagnosis of 
PD and miss the optimal time for intervention [2]. 
At present, the most effective treatment for motor 
symptoms of Parkinson’s disease is still the use of 
Carbidopa but given the heterogeneity in the progres-
sion of motor and non-motor features, personalized 
treatment is important [3]. Early identification of PD 
and early treatment training can effectively improve 
the physical activity and non-motor symptoms of PD 
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patients. For example, patients who received Lee Silver-
man Voice Therapy (LSVT) have effectively improved 
their scores and speech intelligibility on the Parkinson’s 
Disease Rating Scale (UPDRS-III) [4].
At present, the diagnosis of PD is still generally the use of 
clinical observation, because of the lack of clear diagnos-
tic tests, it can only be judged by paying close attention 
to the relevant characteristics [3]. As an early symptom 
of Parkinson’s disease, voice changes are expected to be 
a marker for early diagnosis. Machine learning (ML) was 
used to classify voice samples, and Support Vector Ma-
chine (SVM) was used to identify key features in voice 
samples and analyze speech recordings at different fre-
quencies, to build a model that can diagnose Parkinson [5]. 
This non-invasive, low-cost, and remote sampling method 
can be used to diagnose PD.

2. Speech Analysis in Parkinson’s Dis-
ease Diagnosis

2.1 . Evolution of Speech-Based PD Diagnosis
The traditional method for diagnosing Parkinson’s dis-
ease has always been based on clinical observations of 
patients. Through clinical assessment and examination 
of past medical history, cases of mimicking Parkinson’s 
symptoms are excluded to diagnose Parkinson’s disease. 
Now, by searching for biomarkers as precursory symp-
toms, a method for early diagnosis is being developed and 
through positron emission tomography (PET), the failure 
of the dopaminergic system in the substantia nigra and 
striatum can be proven 10 years before the onset of the 
disease, thus enabling early diagnosis of Parkinson’s [6]. 
Unfortunately, although PET is currently the most accu-
rate detection method, due to its high cost, this method 
cannot be used for preventive examinations of healthy 
individuals [6]. Therefore, using changes in voice as ear-
ly markers and combining with AI analysis would be a 
good way for remote, low-cost preventive examinations 
of healthy individuals in the future. Recording language 
samples using smartphones to capture speech disorders 
in high-risk PD populations is expected to improve the 
rate of early PD diagnosis [7,8]. This idea is currently 
still in the experimental stage and there is relatively little 
research in this area. The basic research is based on using 
SVM for classification and machine learning analysis of 
the voice characteristics of PD patients and healthy indi-
viduals to train AI [7,9].
A study utilized a dataset from the UCI Machine Learning 
Repository with 756 voice recordings from 252 individu-
als (188 PD patients and 64 controls), extracting features 

such as jitter, shimmer, Mel-Frequency Cepstral Coeffi-
cients (MFCC), and wavelet transforms. After evaluating 
the supervised machine learning classifiers capable of 
identifying patients with Parkinson’s disease, a support 
vector machine (SVM) model was applied for feature 
selection. Then, based on these selected features and the 
determined combination of machine learning algorithms, 
the patients with Parkinson’s disease were classified. The 
accuracy rate reached 85.09%, indicating the potential of 
speech biomarkers in early detection [5].
Recent research results have also identified Parkinson’s 
patients through various smartphone functions (voice, 
finger tapping, gait), among which speech features such 
as pause percentage and pitch variation have enabled an 
integrated model using an SVM analyzer to achieve the 
best diagnostic value of 0.86 in comparing Parkinson’s 
patients with unaffected control groups, outperforming 
single-modal models [7].
Additionally, comparisons between ML and DL for voice 
assessment in PD patients off and on treatment showed 
ML (e.g., SVM) achieving up to 85% accuracy in binary 
classifications, while DL on Mel-spectrograms reached 
69.75%, suggesting ML’s suitability for smaller data-
sets [9]. These developments illustrate a shift from basic 
acoustic analysis to sophisticated AI-driven remote moni-
toring, with ongoing improvements in accuracy and appli-
cability.

2.2 . Pathophysiological Basis of Speech Chang-
es
The reason why patients with Parkinson’s disease exhibit 
low-pitched voices, reduced volume, monotonous tones, 
and breathy sounds is that the glottis does not close com-
pletely, and the vocal cords are bent due to the stiffness 
or sluggishness of the laryngeal muscles [10]. Phonation 
is the result of the secondary sound generation of vocal 
fold vibration and air pressure change. Vocal muscles are 
responsible for regulating the length of vocal folds, to 
achieve the effect of regulating pitch [10]. These muscles 
are innervated by branches of the vague nerve, and do-
pamine loss in Parkinson’s disease interferes with motor 
control pathways, thereby affecting these regions, result-
ing in stiffness of vocal cord muscles and causing subtle 
changes in speech [10,11]. Longitudinal studies have 
shown that in the pre-Parkinson’s disease stage, the fun-
damental frequency of speech changes, which is related to 
early brainstem involvement and dopamine function loss 
[11]. Acoustic analysis reveals an increase in tremors and 
twitches, reflecting the speech disorder caused by damage 
to nigral neurons [10]. Induced animal models with dopa-
mine deficiency also exhibit abnormal speech, supporting 
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these mechanisms [10].

2.3 . Benefits of AI-Driven Speech Analysis
Smartphone based speech acquisition and AI analysis 
have significant advantages in PD diagnosis. First, the 
method is non-invasive, low-cost, and easy to replicate. 
Lim et al. proposed that the voice recording technology of 
smartphones can achieve cost-effective large-scale screen-
ing, especially in regions where there is a shortage of neu-
rologists, because the equipment required is only ordinary 
equipment and does not need special equipment [2]. Ad-
ditionally, a comprehensive review by Sahar Shokrpour et 
al. also pointed out that the method based on voice is low 
in cost and noninvasive, capable of achieving early detec-
tion and without posing risks to patients [12].
Second, AI analytics can identify subtle speech changes 
that are difficult for humans to perceive, enabling early 
warning. The research conducted by Mohammad Amran 
Hossain and Francesco Amenta indicates that machine 
learning models can identify acoustic features in early 
Parkinson’s disease, such as pitch variations and tremors, 
which have a high sensitivity for the early stages of hu-
man perceptual failure [5]. Moreover, by analyzing speech 
patterns using deep learning, subclinical changes can be 
detected years before the onset of motor symptoms, and it 
has extremely high accuracy in pathological speech diag-
nosis [12].
Additionally, smartphone technology enables remote, 
high-frequency voice monitoring, facilitating physicians 
to continuously track high-risk populations. For instance, 
through multimodal smartphone applications, real-time 
remote diagnosis can be achieved, which is applicable to 
the elderly population and in the context of the epidemic 
situation, thereby enhancing accessibility [7]. Voice as-
sessment conducted via mobile devices supports remote 
healthcare, enabling frequent monitoring without the need 
to visit a clinic, and this has been demonstrated in the 
evaluation of treatment effects [9].

2.4 . Challenges in Speech-Based AI Models
Although promising, there are potential limitations to this 
approach. First, the performance of machine learning is 
highly data dependent. Currently, speech samples that can 
be used for training are limited, resulting in models that 
are prone to overfitting and difficult to generalize to differ-
ent populations [12,13]. The research conducted by Sahar 
Shokrpour et al. indicates that the limited nature of the 
data sets in speech research often results in the construct-
ed models being unable to generalize across different pop-
ulations, and a small sample size would undermine their 
reliability [12].

Secondly, many studies only build models based on a 
single language, which may produce bias and affect accu-
racy in a cross-language environment [12]. Meanwhile, 
the “black box” characteristics of AI models reduce the 
clinical interpretability, making it difficult for physicians 
to trust the diagnostic basis of the model [13]. Giovanni 
Costantini et al. points out that although deep learning has 
been proven to have excellent performance, this low-in-
terpretable model will hinder clinicians from providing 
advanced evidence in clinical practice and prevent the ap-
plication of this technology in the clinical field [9].
In addition, how to obtain real patient data while protect-
ing privacy is also a challenge. The research indicates that 
people have concerns about the privacy of continuous col-
lection of PD patients’ data and data sharing. This method 
of obtaining sensitive voice data has ethical barriers, and 
proprietary data sets limit the accessibility of the data [12]. 
Continuous recording raises concerns about data security, 
and thus it is quite important to adopt privacy-protecting 
technologies [7].

2.5 . Clinical Applications of Voice AI
The application of artificial intelligence models in this 
field includes population screening, early detection of la-
tent or high-risk groups, disease progression monitoring, 
treatment effect evaluation (including drug and surgical in-
tervention), and supervision of speech therapy compliance 
[14]. Remote high-frequency monitoring via a smartphone 
or wearable microphone can continuously collect data to 
capture subtle longitudinal changes, thereby supporting 
personalized treatment adjustment [15]. These application 
methods can be summarized into three categories: popu-
lation screening and early detection, disease progression 
monitoring, and treatment effect evaluation.
Population screening and early detection: This method is 
based on analyzing subtle speech disorder characteristics 
through AI using speech samples, enabling non-invasive 
screening of high-risk individuals. For instance, a com-
prehensive model using smartphone speech features such 
as pause percentage and pitch variability achieved an AU-
ROC of 0.82 in early PD, facilitating large-scale remote 
screening [7]. Another study combined speech and facial 
features and achieved an AUROC of 0.89, suitable for 
community identification of early PD [2]. The Tap Talk 
smartphone application’s cross-device automated speech 
analysis assists in early detection with high accuracy [14].
Disease Progression Monitoring: Longitudinal speech 
monitoring tracks the progression of PD through changes 
in acoustic features. A study on the progression of speech 
impairment found that over time, aphonia increased, and 
features such as shimmer were related to the severity of 
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the disease, enabling continuous assessment [15]. ML 
models use speech biomarkers to distinguish between 
early and late-stage PD with 85% accuracy, supporting 
progression tracking [9]. Multimodal methods including 
speech predict the progression of PD through features 
such as MFCCs [4].
Evaluation of therapeutic effect: The voice AI assessment, 
such as L-Dopa or speech therapy intervention response. 
The comparison of voice before and after treatment shows 
that ML detects the drug effect through features like jitter, 
and the accuracy rate in distinguishing states is 79% [9]. 
LSVT improves speech intelligibility and can be mea-
sured through post-treatment voice analysis [4]. The DL 
model evaluates the treatment through speech patterns and 
provides objective adjustment indicators [12].

3. Discussion
Although speech-based AI biomarkers for PD hold great 
promise, several challenges need to be addressed before 
routine clinical adoption.
First, data quality and representativeness are urgent is-
sues. Speech recordings collected in uncontrolled condi-
tions are susceptible to environmental noise, microphone 
differences, and inconsistent speaking styles, resulting in 
performance degradation when deployed in the real world. 
The presence of data imbalances in existing datasets, such 
as underrepresentation of specific languages, dialects, or 
socioeconomic groups, may introduce systematic bias and 
reduce diagnostic accuracy in vulnerable populations.
Second, the clinical translation of AI systems will require 
rigorous prospective validation and demonstration of their 
added value over existing clinical assessment tools. Regu-
lators and health care providers have demanded transpar-
ent evidence of model interpretability, reliability, and safe-
ty. The “black box” nature of many deep-learning models 
remains a barrier to clinical adoption; An interpretable 
mapping of acoustic features to physiological changes can 
help build trust and integrate into clinical workflows.
Thirdly, the ethical and privacy issues associated with 
large-scale voice monitoring cannot be ignored. The con-
tinuous recording of voices has raised concerns about data 
security and potential abuse. Adopting a privacy-protect-
ing computing framework and complementing it with a 
comprehensive informed consent mechanism is crucial for 
maintaining public trust.
Therefore, future research should first address the existing 
methodological and clinical translation barriers. Increasing 
the diversity of data sets (language, accent, age, gender, 
and device type) is the key to improve the generalization 
ability of the model. Techniques such as anti-noise feature 
extraction, domain adaptation and federated learning can 

mitigate the impact of environmental differences. Incor-
porating interpretable AI frameworks to provide model 
decision visualization for clinical staff can help build trust 
and drive regulatory approval. Prospective, multicenter, 
longitudinal validation studies should be prioritized to 
confirm the predictive performance and clinical value.

4. Conclusion
Speech-based AI biomarkers provide a non-invasive, scal-
able, and potentially sensitive approach for early detection 
and longitudinal monitoring of PD. Its ability to capture 
subtle, subclinical changes in speech production makes 
it a valuable complement to traditional neurological as-
sessment. However, technical, translational, and ethical 
hurdles must be overcome to realize its full potential. 
Future work should prioritize the development of diverse, 
noise-robust, interpretable models that can be validated 
in prospective, multicenter studies while being consistent 
with clinically meaningful outcome measures. These ad-
vances will set the stage for reliable, personalized, and 
accessible digital diagnostics, leading to improved patient 
care and earlier therapeutic interventions.
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