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Abstract 

The preliminary diagnosis and evaluation of the presence and/or severity of Parkinson’s disease is crucial in 
controlling the progress of the disease. Real-time, non-invasive methodologies based on machine learning-enhanced 
voice analysis are gathering more interest as the potential of this field unveils. Specifically, acoustic features are 
employed in many machine learning techniques, and could also function as indicators of the overall state of the 
subjects’ voice: this review aims at identifying the most widely employed and promising feature-based machine 
learning methodologies, evidencing   baselines and state-of-the-art solutions. A total of 102 works plus 5 review 
articles were selected from the IEEE Xplore, PubMed, Elsevier, and Web of Science electronic databases. A statistical 
assessment is performed identifying the most frequently used features as well as those deemed as most effective; an 
overview of algorithms, public datasets, toolboxes, and general metadata is also performed. According to our results, 
Jitter, Shimmer, Harmonic-to-Noise Ratio, Fundamental Frequency, and Mel Frequency Cepstral Coefficients are the 
mostly adopted features. In addition, it is worth noting a fair prevalence of glottal-like models and additional filtering 
options, such as Detrended Fluctuation Analysis. 
 
© 2017 Elsevier Inc. All rights reserved. 
Keywords: Parkinson’s disease, acoustic features, Machine Learning, Voice analysis   

Abbreviations 

Only acronyms present in the written text are reported 
 

AI Artificial Intelligence 

AT Amplitude Tremor 

BBE Bark Band Energies 

CNN Convolutional Neural Network 

D2 Correlation Dimension 

DBS Deep Brain Stimulation 

DDK Diadochokinetic 

DFA Detrended Fluctuation Analysis 

F0 Fundamental Frequency 

FT Frequency Tremor 

HNR Harmonic to Noise Ratio 

LLE Largest Lyapunov Exponent 

LPC Linear Prediction Coefficients 

MFCC Mel-Frequency Cepstral Coefficients 

ML Machine Learning 

NHR Noise to Harmonic Ratio 
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PD Parkinson’s Disease 

PLP Perceptual linear prediction 

RASTA  Relative Spectral Transform 

RBD REM sleep behavior disorders  

RPDE Recurrence Period Density Entropy 

SVM Support Vector Machine  

UCI University of California Irvine 

UPDRS   Unified Parkinson’s Disease Rating Scale 

VOT Voice Onset Time 

VSA Vowel Space Area 

 

1. Introduction 

Approaches based on Machine Learning (ML) have been proving to be a reliable tool for diagnosing, monitoring, and 
supporting the therapy assessments of a number of pathologies (Asci et al., 2020) (Suppa et al., 2021) (Asci et al., 
2021) (Mulfari et al., 2021). Along with the historically employed chemical, physiological, or electrical inputs, vocal 
signals, gathered by recording tasks spoken by subjects, are slowly gaining importance as ML-based voice analysis 
advances and the effects of several pathologies on the voice are explored (Saggio, 2020). In addition to the potential 
of voice sounds revealing physio-pathological information, such a methodology leads to non-invasive, real-time and 
cost-effective assessments which could be an asset in various steps of the study of a disease. Voice production is a 
complex motor activity performed by humans with more than 100 muscles involved (Kouba et al., 2022), each vocal 
sound resulting from the interaction of many systems and sub-systems (e.g., lungs, glottis, oral cavity, nasal cavity, 
trachea), all ruled by the brain activity (Saggio & Costantini, 2020). 
Parkinson's disease (PD) is the second most common brain disease worldwide, with its dynamics being a gradual 
neuronal death that leads to an overall impairment of motor functions (Ricci et al., 2020) with clinical and sub-clinical 
axial signs (Di Lazzaro et al., 2020), which often include speech articulation impairment. Generally, the alert for non-
genetic PD stems from an evidence of symptoms, and subsequent diagnosis comes after neuropathological 
examinations, with the Unified Parkinson's Disease Rating Scale (UPDRS) (Gelb et al., 1999) being the mostly 
employed indicator of severity. Noticeable symptoms which lead to a PD diagnosis include tremor, muscle stiffness, 
impaired balance and coordination, as well as alleged depression, dysphonia, and dysarthria (Plouvier et al., 2015). 
Advantageously, recent studies suggest the feasibility of a prodromal diagnosis through early indicators such as REM 
sleep behavior disorders (RBD) and voice disorders (Suppa et al., 2022) (Rusz et al., 2018), the evolution of which 
can also be an indicator of the disease progression. With RBD being linked to an exceptionally high probability of 
developing the disease years or decades later, vocal disorders have also been observed as powerful indicators of the 
presence of PD even at the very first stage of the disease.  This applies to de-novo patients (i.e., previously undetected 
and untreated) (Fayad et al., 2021), but patients in middle or advanced stages of PD, who are usually being treated 
with L-dopa (Gandhi & Saadabadi, 2022) (Ricci et al., 2022) and other possible treatments such as deep brain 
stimulation (Ehlen et al., 2020) (Ricci et al., 2019), also show peculiar vocal characteristics and could benefit from 
vocal analysis, especially with regards to the control of medicine dosages.  
The voice impairment that patients with PD experience is usually generalized as “hypokinetic dysarthria”, mainly 
involving articulation and breathing difficulties as well as a voice quality empirically described as “trembly” and 
“unstable”. Although other ML-based methodologies have been proposed for the detection of PD, such as the study 
of EEG (Loh et al., 2021) or MRI (Kaplan et al., 2022), vocal analysis has proven its worth as a reliable detector 
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(Galaz et al., 2018; Moro-Velazquez et al., 2021; Tuncer et al., 2020; Tuncer & Dogan, 2019) that also involves a 
completely non-invasive approach. Around 90% of PD patients suffer from dysarthric symptoms, which also usually 
include other voice-impairing conditions such as body tremor or dysphonia (Baumann et al., 2018). Vocal impairments 
and changes in voice quality are usually assessed by ear by speech therapists or neurologists, and recently, efforts 
have been devoted to objectify the PD condition on the basis of measurable parameters gathered from vocal tasks 
assessed by means of Artificial Intelligence (AI)-enhanced algorithms. “Traditional” ML pipelines involve the study 
of acoustic features, which could function as objective biomarkers of the state of a subjects’ voice. ML-based voice 
analysis has also been successfully adopted for other speech-impairing pathologies such as dysphonia (Suppa et al., 
2020) (Tulics & Vicsi, 2019) (Tulics & Vicsi, 2018), COVID-19 (Robotti et al., 2021) (Costantini, Dr., et al., 2022) 
(Han et al., 2021), and, with regards to depression being a symptom of PD, even for emotion recognition (Costantini, 
Parada-Cabaleiro, et al., 2022) (Parada-Cabaleiro et al., 2020) (Costantini et al., 2021) (Yoon et al., 2018) (Issa et al., 
2020).  
Deep learning models, especially convolutional neural networks (CNN) applied to spectrographic images, are gaining 
more and more consideration as classification tools for voice analysis. However, they do not include a proper feature 
extraction step and have a black box-like behavior that makes them very hard to interpret. Conversely, ML 
methodologies are commonly characterized by a transparent pipeline which usually results in highly interpretable 
results. Said pipeline could be generalized as: audio recording, data pre-processing, feature extraction, and 
classification (or regression). Feature selection is sometimes performed, especially when the extracted features are 
numerous and widespread. 
Since PD can be related to other conditions such as RBD, hypokinetic dysarthria, and PD-induced tremor, features 
somehow related to these conditions should also be taken into account, in order to identify possible trends and effects 
on the voice. 
As for the commonly employed acoustic features, the most frequently reported ones in literature are based on the 
Fundamental Frequency (F0), or related to prosody, such as jitter, shimmer, and Mel-Frequency Cepstral Coefficients 
(MFCC) (Bogert, 1963a). Time and frequency are the most common domains, and lead to various related macroscopic 
features being employed, often accompanied by phonatory-specific attributes that stem from modeling physical 
characteristics related to the vocal folds. Since PD also entails an impaired enunciation capability, diadochokinetic 
(DDK) features are often included as they can measure the ability to produce a series of fast and alternating sounds 
(syllables). Specific information on the acoustic features used for the automatic identification of PD will be detailed 
in the following sections. 
Even if automatic speech analysis techniques have been widely employed to investigate neurological conditions that 
lead to speech impairment, many researchers remark the absence of a validated acoustic model (Tăuţan et al., 2021), 
(Gómez-García et al., 2021), (Moro-Velazquez et al., 2021). 
This work aims to fill this gap and to identify the most common and effective feature extraction techniques, acoustic 
features, and ML models generally adopted for studying early and advanced stages of PD. With the aim of building a 
baseline, the state-of-the-art is explored by evidencing and discussing different datasets, toolboxes, and libraries for 
feature extraction. Moreover, statistics on the most commonly employed features and algorithms are evaluated. 
 

2. Related Works 

A number of recent studies assessed the existing acoustic modeling strategies in speech analysis with particular 
emphasis devoted on features and speech-impairing pathologies, including PD. 
Tăuţan et al. (Tăuţan et al., 2021) studied the computational approaches used in the entire neurodegenerative spectrum, 
involving motor and non-motor symptoms. As for PD assessments through vocal analysis, the authors pointed out the 
presence of a plethora of elements that concur when choosing the optimal set of features. This inevitably leads to a 
complexity increasing of the model, with added criticalities being the different possible inference options (e.g., disease 
assessment, severity monitoring, progression monitoring) and the dimension of the speech studied (e.g., phonation, 
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articulation, or prosody analysis). Despite these limitations, the authors still proposed a list of the most frequent 
features, including time and frequency measures. 
Gómez-García et al. (Gómez-García et al., 2021) reviewed the most common measures employed in automatic vocal 
analysis tools and gathered routines for their extraction in a freely available so termed AVCA toolbox, evidencing 
amplitude perturbation, frequency perturbation, and noise measures as the most common features (presumably 
because they included some of the most widespread tools for feature extraction). 
Similar evidences were also reported in (Brabenec et al., 2017) and in (A. Ma et al., 2020). In the former, the authors 
devoted efforts for analyzing phonatory and prosodic changes in PD with particular attention to the pathophysiology 
behind the vocal alterations and the features used for their description. According to their findings, voice disturbances 
appear to stem from larynx asymmetric rigidity and incomplete glottic closure. This was also confirmed by 
laryngoscopy and stroboscopic investigations that revealed the asymmetric position of the vocal fold, phase 
asymmetry, increased glottal opening time, vocal fold bowing, and incomplete glottic closure. As for the most used 
features, they included Harmonic to Noise Ratio (HNR), jitter, shimmer, intensity, and F0. 
In (Brabenec et al., 2017), the authors reviewed 86 articles dealing with acoustic analysis of PD, with a specific focus 
on early diagnosis and monitoring, functional imaging studies exploring neural correlates, and the effect of 
dopaminergic medication and brain stimulation. 
Interestingly, researchers usually have been focusing on “conventional” features such as jitter, shimmer, and F0. 
However, despite having the advantage of being interpretable, they may be insufficient for revealing complex 
mechanisms or performing advanced analysis (Brabenec et al., 2017), which can involve Detrended Fluctuation 
Analysis (DFA), Correlation Dimension (D2), and Recurrence Period Density Entropy (RPDE), proved to be effective 
(Gómez-García et al., 2021). 
The absence of common guideline for vocal task selection, recording, analysis was emphasized by 12/27/2022 6:45:00 
AM, by stressing the importance of employing validated toolboxes, such as the Praat Software (by Paul Boersma and 
David Weenink, Phonetic Sciences, University of Amsterdam) for feature extraction. According to their results, the 
optimal set of features should include intensity, F0, jitter, shimmer, Vowel Space Area (VSA), and Voice Onset Time 
(VOT), as well as noise, timing, and articulatory measures. 
An extended analysis was developed in (Moro-Velazquez et al., 2021) focused on articulatory and phonatory aspect 
comparison. Evidence from 192 investigated papers highlighted the importance of articulatory analysis with the most 
frequently adopted features, which include amplitude and frequency perturbation values, noise, complexity, and 
timing features, in addition to some sets of coefficients such as MFCC, Bark Band Energies (BBE), and Linear 
Prediction Coefficients (LPC). 
The main gaps that led to this review work and that we would like to address include a certain lack of focus on the 
specific disease of PD and its stages, with other less-than-related motor-impairing pathologies often being included 
(such as essential tremor); an incomplete analysis of all the viable acoustic features, with some authors only focusing 
on articulatory and phonatory aspects, or even smaller subsets comprised only of the most commonly employed ones 
(such as F0, jitter or shimmer). Conversely, possibly also due to the fast pace of AI-based research for healthcare, the 
conclusions of many review works are ultimately contrasting, and the picture remains incomplete.  
With these premises, our work aims at reviewing the vocal measures used for the automatic assessment of PD 
impairment and underlying the most effective parameterization techniques. To this purpose, we devote efforts to 
identifying and evaluating the most common features, taking into account feature selection, statistical and post-hoc 
analysis, as deployed in the selected works. Moreover, particular emphasis is reserved to the distinctive data of 
investigated patients (e.g., years from diagnosis, the severity of the disease), to the recording equipment (e.g., 
professional, or low-cost), and to the toolboxes used for feature extraction. 

3. Methods 
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Literature research eligible for our work was carried out in March 2022. Four electronic databases, namely IEEE 
Xplore, Pubmed, Elsevier, and Web of Science were screened using the following search string:  

 
((Parkinson OR Parkinson's disease) AND (speech OR voice OR vocal) AND (feature OR biomarker OR marker)) 
 

We selected peer-reviewed original articles and reviews published from January 2017. Only relevant journals (e.g., 
medical, biomedical, and engineering) were included (excluding conference papers, and letters). Duplicate results 
were removed manually. 
The database search yielded a total of 1190 articles, whose relevance was evaluated based on their title, abstracts, and 
keywords. The studies were selected when dealing with the automatic evaluation of speech alterations in PD patients 
through the analysis of interpretable acoustic features, excluding works considering deep learning-based techniques 
due to the absence of a proper feature extraction procedure and the impossibility of gathering information on acoustic 
features (basilary for our work).  
With the aim of identifying trends within concrete and interpretable acoustic features, we remark that “black box”-
like deep learning methods are out of the scope of the present work. On the other hand, we did include papers that 
applied handcrafted feature extraction, with deep learning eventually being used only for the classification model. 
Additionally, we excluded studies reporting datasets with a cardinality of less than 25 subjects per class.  
As a result, 102 articles are chosen and organized according to: (i) study ID (authorship and year), (ii) aim of the work, 
(iii) recording modality, (iv) dataset cardinality, (v) participants characteristics, (vi) set of features employed, (vii) 
toolboxes used for feature extraction, and (viii) model employed for classification step. The outcomes of each study 

and the subset of features that best performed are reported. The flow of the number of records (papers) identified after 
each selection step is reported in Figure 1, starting from the initial results of the search on online databases, ending up 
with 102 suitable studies after the application of inclusion/exclusion criteria, the removal of duplicates and a full-text 
assessment. 

4. Results 

4.1 Literature review 

Table 1, Table 2, and Table 3 report the most relevant information, the toolboxes and libraries for speech feature 
extraction, and the freely available corpora related to PD speech, respectively, gathered from the reviewed works. We 

Figure 1 Workflow of the literature search performed. From the 1190 papers initially found from the keyword-based search, 123 were retained 
due to the fulfilment of the inclusion criteria. After removing 7 duplicate papers, a full-text assessment was performed and a grand final of 102 
papers were left.  
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found that distinctive data of participants were not specified in most of the investigated works, so that no mention is 
devoted in Table 1 for the sake of conciseness (but are accessible in the Table 1 in Appendix). 

To overcome the aforementioned lack of knowledge about validated toolboxes for voice analysis, here we report 
the most interesting and available ones. Moreover, freely available corpora to test the algorithms in different 
languages, recording techniques, or noise conditions are rarely reported in the literature, so that in Table 3 we fill this 
lack including their relevant information (with the caveat that  the datasets provided by the Center for Machine 
Learning and Intelligent Systems at the University of California Irvine (UCI), namely: Little, Sakar18, Sakar13, 
Naranjo, Tsanas, LSVT, are provided as pre-extracted feature vectors.)  

4.2 Common features  

Table 4 lists the frequently adopted features (i.e., used by at least 5% of the papers) present in the reviewed 
literature, together with the definition, a brief description, their physical significance, and the evaluation techniques 
adopted (Table 2 in Appendix A completes the frame). 
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Table 1 Relevant information from the reviewed papers. Ear: Early; Adv: Advanced; FOG: Freezing Of Gait; Mic: Professional microphones, n.r.: Not Reported, n.a.: Not Applicable; c.r.: custom 
routines., T1: Vowel, T2: DDK, T3: Reading, T4: Monologue, VAT: Voice Analysis Toolbox; 

REF Aim Task Dataset  Recording modality Features Toolboxes  Classifier  

(Parisi et al., 
2021) 

PD vs 
HC  T1 (1) Little (2) Sakar18 (1) Mic (2) n.r. 

DFA, EMD, F0, Formants, GNE, GQ, HNR, 
Intensity, Jitter, MFCC, NHR, PPE, RPDE, 
Shimmer, TQWT, VFER 

Praat, VAT  SVM 

(Nahar et al., 
2021) 

PD vs 
HC  T1 Naranjo n.r.  DFA, GNE, HNR, Jitter, MFCC, NHR, PPE, RPDE, 

Shimmer n.r.  Bagging 
trees 

(Jeancolas et 
al., 2022) 

PD vs 
HC, RBD 
vs PD 

T1, T2, 
T3, T4 

117 PD, 41 RBD, 98 
HC 

Mic, Laptop, 
telephone calls  

DPI, F0, Intensity, Jitter, NHR, NP, NSP, Rhythm, 
Shimmer Praat, c.r. SVM 

(Hoq et al., 
2021) 

PD vs 
HC T1 Sakar18 n.r.  

DFA, EMD, F0, Formants, GNE, GQ, HNR, Intensity, 
Jitter, MFCC, NHR, PPE, RPDE, Shimmer, TQWT, 
VFER, WT 

Praat, VAT  SVM 

(Rusz, 
Hlavnička, et 
al., 2021) 

PD vs HC, 
RBD vs 
PD, 
staging 

T1, T2, 
T3, T4 

149 PD, 150 RBD, 
149 HC Mic  HNR, DDK, DPI, F0, Intensity, NSR, VOT c.r. n.a.  

(Sahandi Far 
et al., 2021) 

PD vs 
HC T1 mPower subset: 893 

PD, 1291 HC 
Smartphone (crowd-
sourced) 

A, DFA, Entropy, F0, GQC, GQO, HNR, Jitter, MFCC, 
OQ, RPDE, Shimmer c.r. n.a.  

(Rusz, 
Tykalová, et 
al., 2021) 

PD vs 
HC, Ear 
vs Lat  

T1, T2, 
T3, T4 

24 PD (Early onset), 
24 PD (Late onset), 24 
HC (Young), 24 HC 
(Old) 

Mic  CPP, DDK, DPI, F0, HNR, Intensity, MPT, RFA, RLR, 
VOT 

Dysarthria 
analyser  n.a.  

(Šimek & 
Rusz, 2021) 

PD vs HC, 
Ear vs 
Adv, RBD 
vs PD 

T1, T3, 
T4 

60 PD (Ear), 30 PD 
(Adv), 60 RBD, 60 
HC 

Mic  CPP, CPPS c.r. n.a.  

(Yu et al., 
2022) 

PD vs 
HC, FOG 
vs no 
FOG 

T1 40 PD (with FOG), 40 
PD (no FOG), 40 HC Mic  Autocorrelation, F0, HNR, Jitter, MPT, NHR, Pulse, 

Shimmer, Voicing Praat SVM 

(Gaballah et 
al., 2021) 

Medicati
on T1 51 PD (ON and OFF 

state), 11 HC Mic  CPP, GFCC, HNR, Jitter, LPC, MS Area, RPDE, 
Shimmer, SRMR Praat, DARTH-VAT, c.r.  n.a.  
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(Carrón et al., 
2021) 

PD vs 
HC T1 

(1) 30 PD, 30 HC (2) 
mPower subset: 30 
PD, 30 HC 

(1) Smartphone, 
(supervised) (2) 
Smartphone (crowd-
sourced) 

CPP, D2, Mutual inf. – first min, Corr. – first zero, 
Entropy, GNE, GQ, GQC, GQO, HNR, Hurst, Jitter, 
LZ-2, MFCC, MFSW, PPE, Shimmer, ZCR 

c.r. 

SVM, 
Passive 
Aggressive, 
ANN 

(W. Rahman 
et al., 2021) 

PD vs 
HC T4 262 PD, 464 HC Laptops DFA, F0, HNR, Jitter, MFCC, PPE, RPDE, Shimmer Praat, c.r. XGBoost  

(Tougui et al., 
2020)  

PD vs 
HC T1 mPower subset: 453 

PD, 1027 HC Smartphone Chroma Features, Energy, Entropy of energy, 
MFCC, Spectral variations, ZCR 

pyAudioAnalysis 
library XGBoost  

(Rusz et al., 
2022) 

PD vs 
HC, 
staging 

T1, T2, 
T3 100 PD, 100 HC Mic CPP, DDK, DPI, F0, HNR, Intensity, NSR, PSI, 

RFA, VOT c.r. n.a.  

(Arora & 
Tsanas, 2021) 

PD vs 
HC T1 1078 PD, 5453 HC Telephone calls DFA, EMD, F0, GNE, GQ, HNR, Jitter, MFCC, 

NHR, PPE, RPDE, Shimmer, VFER, WT DARTH-VAT SVM 

(Sajal et al., 
2020) 

PD vs 
HC T1  54 PD, HC n.r. Smartphone D2, DFA, F0, HNR, Jitter, NHR, PPE, RPDE, 

Shimmer, Spread c.r. KNN 

(Suphinnapon
g et al., 2021) 

PD vs 
HC, Ear 
vs Adv 

T1 48 PD (Ear), 52 PD 
(Adv), 101 HC Mic DUV, F0, Jitter, MP, NHR, PFR, Shimmer, SPI, 

Voice irregularity, VTI c.r. n.a.  

(Kodrasi & 
Bourlard, 
2020) 

PD vs 
HC T3 45 PD, 45 HC Mic Gini index, SHP – CHI, SHP – WEIBULL, Spectral 

variations n.r.  SVM 

(Amato, 
Borzi, et al., 
2021) 

PD vs 
HC  T3 (1) Dimauro (2) 26 PD 

18 HC 

(1) Mic (2) 
Smartphone, Laptop 
(crowd-sourced) 

DFA, Duration ratio, ET, Intensity difference, 
MFCC, RASTA-PLP, Spectral parameters n.r.  SVM 

(Arora et al., 
2021) 

PD vs 
HC, 
prodroma
l PD  

T1 335 PD, 112 RBD, 92 
HC Smartphone DFA, EMD, F0, GNE, GQ, HNR, Jitter, MFCC, 

NHR, PPE, RPDE, Shimmer, VFER, WT DARTH-VAT RF 

(Rusz et al., 
2018) 

PD vs 
HC, RBD 
vs PD 

T1, T2, 
T3 

30 PD, 30 RBD, 30 
HC Mic, Smartphone DDK, DPI, F0, HNR, Intensity, Jitter, RFA, RST, 

Shimmer, VOT Praat, c.r. n.a.  

(Demir et al., 
2021) 

PD vs 
HC  T1 Sakar18 n.r.  

DFA, EMD, F0, Formants, GNE, GQ, HNR, Intensity, 
Jitter, MFCC, NHR, PPE, RPDE, Shimmer, TQWT, 
VFER, WT 

Praat, VAT  SVM 

(Palacios-
Alonso et al., 
2020) 

PD vs 
HC T1, T2 54 PD, HC n.r. Smartphone DDK, Energy, F0, FCR, FTA, Jitter, NTA, PTA, 

Shimmer, TrB, VF, VSA BioMetRTools n.a.  
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(Liu, Penttilä, 
et al., 2021) 

PD vs HC, 
RBD vs 
PD, 
staging 

T3 
(1) 35 PD, 32 HC (2) 
50 PD, 50 HC (3) 8 
PD, 7 HC 

(1), (2) Mic (3) n.r. F2i/F2u, FCR, VAI, VSA c.r. n.a.  

(Xiong & Lu, 
2020) 

PD vs 
HC  T1 Sakar18 n.r.  

DFA, EMD, F0, Formants, GNE, GQ, HNR, Intensity, 
Jitter, MFCC, NHR, PPE, RPDE, Shimmer, TQWT, 
VFER, WT 

Praat, DARTH-VAT  NN 

(Gunduz, 
2019) 

PD vs 
HC  T1 Sakar18 n.r.  

DFA, EMD, F0, Formants, GNE, GQ, HNR, Intensity, 
Jitter, MFCC, NHR, PPE, RPDE, Shimmer, TQWT, 
VFER, WT 

Praat, DARTH-VAT CNN 

(Chen et al., 
2020) 

PD vs 
HC  T1 37 PD, 35 HC Smartphone MFCC c.r. Elastic net 

(Ali et al., 
2019) 

PD vs 
HC T1 Sakar13 Mic  Autocorrelation, F0, HNR, Jitter, NHR, Pulse, 

Shimmer, Voicing Praat NN 

(Reddy & 
Alku, 2021) 

PD vs 
HC T1 (1) 110 PD, 93 HC (2) 

50 PD, 50 HC Mic  LFCC, MFCC c.r. SVM 

(Quan et al., 
2021) 

PD vs 
HC T1, T3 30 PD, 15 HC Smartphone BBE, MFCC Neurospeech Bi-LSTM 

(Ashour et al., 
2020) 

PD vs 
HC  T1 Sakar18 n.r.  

DFA, EMD, F0, Formants, GNE, GQ, HNR, 
Intensity, Jitter, MFCC, NHR, PPE, RPDE, 
Shimmer, TQWT, VFER, WT 

Praat, DARTH-VAT SVM 

(Saxon et al., 
2020) 

Hypernas
ality T3 38 PD, 37 dysarthric n.r.  MFCC, PLP c.r. n.a.  

(Tunc et al., 
2020) staging T1 (1) 86 PD (2) Tsanas (1) n.r. (2) Low-cost 

equipment 

CPP, DFA, EMD, Energy, F0, Formants, GNE, GQ, 
HNR, Intensity, Jitter, MFCC, NHR, PPE, RPDE, 
Shimmer, SoE, TQWT, VFER, WT 

Praat, DARTH-VAT, 
Voice Sauce XGBoost  

(X. Zhang et 
al., 2021) 

PD vs 
HC T1 (1) Sakar13 (2) 31 PD Mic  Autocorrelation, F0, HNR, Jitter, NHR, Pulse, 

Shimmer, Voicing Praat SVM 

(J. Ma et al., 
2021) 

PD vs 
HC, 
staging 

T1 (1) Sakar13 (2) LSVT Mic  
Autocorrelation, DFA, EMD, F0, GNE, GQ, HNR, 
Jitter, MFCC, NHR, NHR, PPE, Pulse, RPDE, 
Shimmer, VFER, Voicing, WT 

Praat, c.r. Ensemble 
classifiers 

(Naranjo et 
al., 2021) Staging T1 36 PD Laptop, Mic CPP, D2, MFCC, RPDE n.r.  n.a.  

(Klobusiakov
a et al., 2021) 

PD vs 
HC T2, T3 34 PD, 25 HC n.r.  DDK, F0, Formants, Intensity, Loudness, SPIR Praat, c.r. n.a.  
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(Gunduz, 
2021) 

PD vs 
HC  T1 Sakar18 n.r.  

DFA, EMD, F0, Formants, GNE, GQ, HNR, Intensity, 
Jitter, MFCC, NHR, PPE, RPDE, Shimmer, TQWT, 
VFER, WT 

Praat, DARTH-VAT SVM 

(Solana-
Lavalle & 
Rosas-
Romero, 
2021) 

PD vs 
HC  T1 Sakar18 n.r.  

DFA, EMD, F0, Formants, GNE, GQ, HNR, Intensity, 
Jitter, MFCC, NHR, PPE, RPDE, Shimmer, TQWT, 
VFER, WT 

Praat, DARTH-VAT KNN, RF, 
MLP, SVM 

(Liu, Li, et 
al., 2021) 

PD vs 
HC, 
Medicati
on 

T1 
(1) Sakar13 (2) Little 
(3) 36 PD Drug I, 54 
PD after medication 

Mic Autocorrelation, D2, DFA, F0, HNR, Jitter, NHR, 
PPE, Pulse, RPDE, Shimmer, Spread, Voicing Praat, c.r. 

SVM, RD, 
Extreme 
Learning 
Machine 

(Karan et al., 
2020) 

PD vs 
HC T1, T3 (1) 50 PD, 50 HC (2) 

20 PD, 20 HC Mic  DFA, Formants, GNE, GQC, HNR, IEDCC, IMFCC, 
Jitter, MFCC, NHR, PPE, RPDE, Shimmer, VFER n.r.  SVM 

(Tracy et al., 
2020) 

PD vs 
HC T1 mPower subset: 246 

PD, 2023 HC 
Smartphone (crowd-
sourced) 

BE, Energy, FER, F0, Formants, Formants relative 
energy, Hammarberg Index, Harmonicity, HNR, 
Jitter, Loudness, MFCC, Shimmer, Spectral 
parameters, Voicing, ZCR 

OpenSmile GB 

(Vásquez-
Correa et al., 
2019) 

PD vs 
HC T2 50 PD 50 HC Mic  EMD n.r.  SVM 

(Despotovic 
et al., 2020) 

PD vs 
HC, 
staging 

T1, T4 (1) Little (2) Tsanas Mic  F0, D2, DFA, HNR, Jitter, NHR, PPE, RPDE, 
Shimmer, Spread Praat, c.r. 

Gaussian 
Process 
Classificati
on 

(Pramanik et 
al., 2022) 

PD vs 
HC T1 (1) Sakar18 (2) 

Sakar13 (3) Naranjo (1) n.r. (2) Mic (3) n.r. 
DFA, EMD, F0, Formants, GNE, GQ, HNR, Intensity, 
Jitter, MFCC, NHR, PPE, RPDE, Shimmer, TQWT, 
VFER, WT 

Praat, DARTH-VAT, n.r.  DT 

(Lamba et al., 
2022) 

PD vs 
HC T1 Sakar18 n.r.  

DFA, EMD, F0, Formants, GNE, GQ, HNR, Intensity, 
Jitter, MFCC, NHR, PPE, RPDE, Shimmer, TQWT, 
VFER, WT 

Praat, DARTH-VAT XGBoost  

(Karan et al., 
2021) 

PD vs 
HC T1, T3 (1) 50 PD, 50 HC (2) 

20 PD, 20 HC Mic  Entropy, GNE, GQ, HNR, Jitter, MFCC, NHR, 
NMF, Shimmer, NMF, VFER c.r. SVM 

(García et al., 
2021) 

PD vs 
HC T3, T4 40 PD (Ear), 40 HC  Mic  BBE, DPI, DUV, Duration ratio, DVI, ET, F0, 

GFCC, Jitter, MFCC, NVS, Posterior probabilities c.r. SVM 
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(Masud et al., 
2021) 

PD vs 
HC T1 Sakar18 n.r.  

DFA, EMD, F0, Formants, GNE, GQ, HNR, 
Intensity, Jitter, MFCC, NHR, PPE, RPDE, 
Shimmer, TQWT, VFER, WT 

Praat, DARTH-VAT LDA 

(Karan & 
Sekhar Sahu, 
2021) 

PD vs 
HC T1, T3 1) 50 PD, 50 HC 2) 20 

PD, 20 HC Mic  HCC, VMD c.r. MLP, RF, 
SVM 

(A. Rahman 
et al., 2021) 

PD vs 
HC T1 (1)160 PD, 100 HC (2) 

Sakar13 
(1) Smartphone (2) 
Mic MFCC n.r.  SVM 

(Cavallieri et 
al., 2021) 

Medicati
on T1, T4 50 PD Mic F0, Intensity, Jitter, MPT, NHR, Shimmer, Voicing Praat n.a.  

(Jenei et al., 
2021) 

PD vs 
HC, Diff. 
Analysis 

T3 

80 PD, 140 HC, 
various databases with 
different vocal 
alterations 

Mic  Formants, MBE, MFCC Praat CNN 

(Narendra et 
al., 2021) 

PD vs 
HC 

T1, T2, 
T3, T4 50 PD, 50 HC Mic  AQ, BBE, ClQ, Energy, F0, Formants, Harmonicity, 

HRF, Jitter, MFCC, NAQ, OQ, PSP, QOQ, Shimmer, SQ 
Neurospeech,  
APARAT toolbox SVM 

(T. Zhang et 
al., 2021) 

PD vs 
HC T1 

(1) 28 PD, 25 HC 
(Extended from 
Sakar13) (2) 40 HC, 
40 PD. 

Mic  EMD c.r. SVM, RF 

(Goyal et al., 
2021) 

PD vs 
HC T1 (1) Sakar18 (2) 

Sakar13 (1) n.r. (2) Mic  
Autocorrelation, DFA, EMD, F0, Formants, GNE, GQ, 
HNR,Intensity, Jitter, MFCC, NHR, PPE,Pulse, RPDE, 
Shimmer, TQWT, VFER, Voicing, WT 

Praat, DARTH-VAT, n.r.  LDA 

(Karabayir et 
al., 2020) 

PD vs 
HC  T1 Naranjo n.r.  DFA, GNE, HNR, Jitter, MFCC, NHR, PPE, RPDE, 

Shimmer n.r.  GB 

(Polat & 
Nour, 2020) 

PD vs 
HC  T1 Naranjo n.r.  DFA, GNE, HNR, Jitter, MFCC, NHR, PPE, RPDE, 

Shimmer n.r.  KNN 

(Arias-
Vergara et al., 
2017) 

PD vs 
HC, Age T1 50 PD, 50 HC, 50 HC 

(young) Mic  CHNR, FCR, Formants, GNE, HNR, Jitter, MFCC, 
NNE, Shimmer, VSA n.r.  SVM 

(Travieso et 
al., 2017) 

PD vs 
HC, Diff. 
Analysis 

T1 

50 PD, 50 HC, 
databases with 
different vocal 
alterations 

Mic  Entropy, D2, DFA, Entropy, Hurst, LLE, LZ-2, 
RPDE c.r. SVM 

(Benba et al., 
2017) 

PD vs 
HC, Diff. 
Analysis 

T1 30 PD, 20 different 
neurological disorders Smartphone 

Autocorrelation, F0, Formants, HNR, Intensity, Jitter, 
MFCC, NHR, Pulse, RASTA-PLP, Shimmer, 
Voicing 

Praat  KNN 
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(Erdogdu 
Sakar et al., 
2017) 

PD vs 
HC, Mild 
vs Adv 

T1 (1) Tsanas (2) Little (1) Smartphone (2) 
Mic 

DFA, HNR, Jitter, NHR, PPE, RPDE, Shimmer, 
Spread Praat, c.r. SVM 

(Naranjo, 
Pérez, 
Martín, et al., 
2017) 

PD vs 
HC T1 Naranjo n.r.  DFA, GNE, HNR, Jitter, MFCC, NHR, PPE, RPDE, 

Shimmer n.r.  LR, SVM, 
KNN 

(Benmalek et 
al., 2017) 

PD vs 
HC, 
staging 

T1 
55 HC, 178 PD (Ear), 
118 PD (Mid), 24 PD 
(Adv) 

Smartphone, Laptop DFA, F0, GQ, HNR, Jitter, NHR, PPE, RPDE, Shimmer DARTH-VAT 
Subspace 
discriminan
t 

(Naranjo, 
Pérez, & 
Martín, 2017) 

UPDRS T1 Tsanas Smartphone  DFA, HNR, Jitter, NHR, PPE, RPDE, Shimmer, 
Spread Praat, c.r. LR 

(Hlavnička et 
al., 2017) 

PD vs 
HC, RBD 
vs PD 

T3, T4 30 PD (Ear), 50 HC, 
50 RBD.  Mic  AST, DPI, DUF, DUS, DVI, EST, GBIV, LRE, PIR, RLR, 

RSR, RST c.r. n.a.  

(Gómez et al., 
2017) 

PD vs 
HC T1 94 PD, 8 HC Mic  Formants n.r.  n.a.  

(Y. N. Zhang, 
2017) 

PD vs 
HC T1 (1) Little (2) Sakar13 Mic  Autocorrelation, F0, HNR, Jitter, NHR, Pulse, 

Shimmer, Voicing n.r.  KNN 

(Oung et al., 
2018) 

PD vs 
HC, 
staging 

T1 40 PD, 15 HC  Mic  Entropy, WT c.r. ELM 

(Godino-
Llorente et 
al., 2017) 

PD vs 
HC T2 50 PD, 50 HC Mic  D2, Entropy, Hurst, LLE, PE, RPDE n.r.  SVM 

(Montaña et 
al., 2018) 

PD vs 
HC T2 27 PD, 27 HC Mic  VOT c.r. SVM 

(Yücelbaş, 
2021) 

PD vs 
HC T1 Sakar18 n.r.  TQWT Praat, DARTH-VAT  KNN 

(Demir et al., 
2022) 

PD vs 
HC T1 Sakar18 n.r.  

DFA, EMD, F0, Formants, GNE, GQ, HNR, Intensity, 
Jitter, MFCC, NHR, PPE, RPDE, Shimmer, TQWT, 
VFER, WT 

Praat, DARTH-VAT KNN, 
SVM, DT 

(Amato, 
Borzì, et al., 
2021) 

PD vs 
HC T3 (1) 50 PD, 50 HC (2) 

20 PD, 20 HC Mic  BBE, ET, F0, MFCC, PTS, Spectral Variations, ZCR n.r.  SVM 
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(Kacha et al., 
2017) 

PD vs 
HC T1 205 PD, 74 HC Mic  HNR, NHR c.r. n.a.  

(Sheibani et 
al., 2019) 

PD vs 
HC n.r. 44 PD, HC n.r. n.r.  F0, D2, DFA, HNR, Jitter, NHR, Spread PPE, PPQ, 

RPDE, Shimmer n.r.  
MLP, DT, 
SVM, NB, 
KNN 

(L. Zhang et 
al., 2020) 

PD vs 
HC, 
staging 

T1 
(1) Little (2) Tsanas 
(3) 48 PD, 20 HC (4) 4 
PD 

n.r.  F0, D2, DFA, HNR, Jitter, NHR, PPE, RPDE, 
Shimmer  SVM, LR, 

MLP 

(Arora et al., 
2019) 

PD vs 
HC T1 1483 PD, 8300 HC Telephone calls DFA, EMD, F0, GQ, GNE, HNR, Jitter, MFCC, 

NHR, PPE, RPDE, Shimmer, VFER, WT c.r.  n.a.  

(Vásquez-
Correa et al., 
2018) 

PD vs 
HC 

T1, T2, 
T3 86 PD, 50 HC Mic  

BBE, Duration ratio, DTW Similarity, DUV, DVI, FLUF, 
F0, Formants, Jitter, MFCC, NU, NV, RatioDurV/Sig, 
Shimmer, WA 

c.r. Various 
regressors 

(Singh & Xu, 
2020) 

PD vs 
HC T1 mPower subset: 140 

PD, 860 HC Smartphone MFCC c.r. SVM 

(Prince et al., 
2019) 

PD vs 
HC T1 mPower subset: 766 

PD, 439 HC Smartphone DFA, F0, HNR, Jitter, MFCC, PPE, RPDE, Shimmer DARTH-VAT 
LR, RF, 
Ensemble, 
CNN 

(Hlavnička et 
al., 2020) 

PD vs 
HC, Diff. 
Analysis 

T1 40 PD, 40 HC, 200 
other pathologies Mic  AT, FT c.r. n.a.  

(Cernak et al., 
2017) 

PD vs 
HC T3 50 PD 50 HC  Mic  Energy, MFCC n.r.  GMM 

(Brückl et al., 
2018) 

PD vs 
HC T1 234 PD, 50 HC n.r.  Amplitude, AT, F0, FT Praat n.a.  

(Upadhya & 
Cheeran, 
2018a) 

PD vs 
HC T1 35 PD, 45 HC n.r.  Autocorrelation, HNR, Jitter, MFCC, Shimmer n.r.  SVM 

(Upadhya et 
al., 2018) 

PD vs 
HC T1 45 PD, 45 HC Mic MFCC, PLP n.r.  ANN 

(Wu et al., 
2018) 

PD vs 
HC T1 27 PD, 446 HC n.r.  DFA, GQ, HNR, Jitter, MFCC, NHR, PPE, RPDE, 

Shimmer DARTH-VAT, c.r. SVM, RF 

(Burk & 
Watts, 2019) 

PD vs 
HC T1, T3 32 PD, 10 HC Mic CPP 

Analysis of dysphonia 
in speech and voice 
(ADSV) 

n.a.  



… et al. / Expert Systems with Applications 

   

 

(Gillivan-
Murphy et al., 
2019) 

PD vs 
HC T1 30 PD, 20 HC Mic  Amplitude, AT, F0, FT n.r.  n.a.  

(Rodríguez-
Pérez et al., 
2019) 

PD vs 
HC T1, T3 30 PD, 32 HC Mic  F0, FER n.r.  n.a.  

(Benmalek et 
al., 2018) 

PD vs 
HC, 
staging 

T1 
178 PD (Ear), 118 PD 
(Mid), 24 PD (Adv), 
55 HC 

n.r.  MFCC, PLP n.r.  n.a.  

(Galaz et al., 
2018) 

PD vs 
HC, 
staging 

T1 51 PD Mic  BE, FER, F0, FLUF, Formants, GNE, HNR, Jitter, 
NNE, Shimmer n.r.  XGBoost 

(Lahmiri et 
al., 2018) 

PD vs 
HC T1 147 PD, 48 HC n.r.  F0, Jitter, PPQ, Shimmer, HNR, NHR, RPDE, DFA, 

D2, PPE, Spread n.r.  

SVM, 
LDA, 
KNN, NB, 
RT, RBF-
NN, MDC 

(Moro-
Velázquez et 
al., 2018) 

PD vs 
HC 

T1, T2, 
T3 

(1) 50 PD, 50 HC (2) 
164 HC  Mic  LPC, MFCC, RASTA-PLP n.r.  GMM, 

GPLDA 

(Parisi et al., 
2018) 

PD vs 
HC T1 (1) Sakar13 (2) 28 PD (1) Mic (2) n.r. F0, Autocorrelation, HNR, Jitter, NHR, Pulse, 

Shimmer n.r.  SVM 

(Upadhya & 
Cheeran, 
2018c) 

PD vs 
HC T1 45 PD, 45 HC n.r.  Autocorrelation, Energy, HNR, Jitter, NHR, 

Shimmer n.r.  
Regression 
(various), 
NN 

(Upadhya & 
Cheeran, 
2018b) 

PD vs 
HC T1 40 PD, 40 HC Low-cost equipment GNE, HNR, NHR Praat, c.r. n.a.  

(Benba et al., 
2019) 

PD vs 
HC, RBD 
vs PD 

T3 30 PD (Ear), 50 RBD, 
50 HC Mic AST, DPI, DUF, DUS, DVI, EST, GBIV, LRE, PIPR, RLR, 

RSR, RST n.r.  SVM 

(Gómez-
Vilda et al., 
2019) 
 

PD vs 
HC T1 50 PD, 50 HC  n.r.  Formants n.r.  n.a.  

(Karlsson & 
Hartelius, 
2019) 

PD vs 
HC T2 38 PD, 38 HC  n.r.  DDK, Jitter, Shimmer n.r.  LR 
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(Lahmiri & 
Shmuel, 
2019) 

PD vs 
HC T1 147 PD, 48 HC Mic D2, DFA, F0, HNR, Jitter, NHR, PPE, RPDE, 

Shimmer, Spread n.r.  SVM 

(Upadhya & 
Cheeran, 
2018a) 

PD vs 
HC T1 54 PD, 45 HC Mic MFCC, Modified MFCC n.r.  RBFN 

(Suppa et al., 
2022) 

PD vs 
HC T1, T3 58 PD (Ear), 57 PD 

(Adv), 108 HC Mic 
BE, Energy, F0, Harmonicity, HNR, Jitter, Loudness, 
MFCC, RASTA-PLP, Shimmer, Spectral Variations, 
Voicing, ZCR 

OpenSmile SVM 

 
 
Table 2 Toolboxes and libraries for speech feature extraction from the reviewed papers. The ‘*’ denotes additional toolboxes.   
 

Toolbox name REF Notes Link for download 

Praat (Boersma & van Heuven, 2001) C-based software package for speech analysis, which allows the extraction 
of various metrics. It can be embedded in Python through the Parselmouth 
library (Jadoul et al., 2018) 

https://www.fon.hum.uva.nl/praat/ 

Dysarthria 
Analyser 

(Rusz et al., 2018), (Švec & 
Granqvist, 2010) 

Provides an automated acoustic analysis of various dysarthric speech 
patterns based on selected algorithms for the detection of features 
extracted from tasks including sustained phonation, syllables, and 
connected speech  

http://dysan.cz 

pyAudioAnalysis 
library 
 

(Giannakopoulos, 2015) Comprehensive Python library for the extraction of features (MFCC, 
spectrogram, chromagram) and also construction of classifiers and 
automatic segmentation.  

https://github.com/tyiannak/pyAudioAnalysis 

DARTH Voice 
Analysis 
Toolbox 
(DARTH-VAT) 

(Tsanas et al., 2010), (Tsanas et al., 
2011), (Tsanas, 2012.) 

The toolbox runs in MATLAB, and it has only been validated in settings 
with the sustained vowel /a/. Contains mainly features related to F0, Jitter, 
Shimmer, MFCC, RPDE, DFA, glottal modeling. 

https://www.darth-group.com/software 

BioMetR©Tools 
 

(Gómez et al., 2013) GUI-based toolbox for the extraction of high-level glottal features from 
the modeling of speech signals. 

Not freely available 

Voice Sauce 
 

(Shue, 2010),(Shue et al., 2009) MATLAB toolbox for the extraction of frequency and, especially, 
harmonic-related content from audio signals.  

http://www.phonetics.ucla.edu/voicesauce/ 

file:///C:/Users/Ospite/Desktop/art_review_Parkinson/on.%20https:/github.com/tyiannak/pyAudioAna
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/on.%20https:/github.com/tyiannak/pyAudioAna
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/ing.https:/www.darth-group.com/sof
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/ing.https:/www.darth-group.com/sof
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/ls.%20http:/www.phonetics.ucla.edu/voices
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/ls.%20http:/www.phonetics.ucla.edu/voices
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OpenSmile (Eyben et al., 2009),(Schuller et al., 
2007), (Schuller et al., 2009) 

Comprehensive software by Audeering, which allows for the extraction of 
6000+ parameters based on custom configuration files. 

https://www.audeering.com/research/opensmile/ 

Neurospeech 
 

(Orozco-Arroyave et al., 2018) Software platform designed to perform speech analysis of people with 
neurodegenerative disorders, particularly PD. It computes several 
measures to evaluate phonation, articulation, prosody, and intelligibility.  

https://github.com/ElsevierSoftwareX/SOFTX-D-17-
00058 

APARAT 
Toolbox 

(Airas et al., 2005) Software package for use in MATLAB environment that implements 
glottal inverse filtering and several time-based parameters of the voice 
source in a graphical user interface 

https://sourceforge.net/projects/aparat/ 

Analysis of 
dysphonia in 
speech and voice 
(ADSV) 

/ Extracts spectral and cepstral dysphonia-related features from various, 
selectable speech tasks, including sustained phonation, sentences, or 
syllables. 

Not freely available : 
https://www.pentaxmedical.com/pentax/en/99/1/Analysis-
of-Dysphonia-in-Speech-and-Voice-ADSV 

Prosodic 
impairment 
analysis tool* 

(Galaz, Mekyska, et al., 2016) MATLAB GUI-based toolbox for the extraction of prosodic features: 
Monopitch, Monoloudness (squared energy operator- SEO). 

http://splab.cz/en/download/software/software-pro-
analyzu-prozodickych-vad 

Dysarthric 
speech 
quantification 
tool* 

(Galaz, Mekyska, et al., 2016), 
(Galáž, et al.,2016a),  (Galáž, et al., 
2016b) 

Open-source Python library comprising a variety of speech features 
conventionally used in the field of acoustic analysis of dysarthric speech. 

http://splab.cz/en/download/software/software-pro-
kvantifikaci-dyzartricke-reci 

 

Table 3 Freely available corpora related to PD speech from the reviewed papers. 

Name REF Numerosity Task Subjects 
Characteristics 

Recording Equipment 

Little (Little et al., 
2009) 

23 PD, 8 HC Sustained vowel /a/. 6 
recordings per subject. 

0-28 YFD. No info 
about therapy 

Head-mounted microphone (AKG C420) positioned at 8 cm from the lips, in 
a treated sound booth. The voice signals were recorded directly on computer 
using Computerized Speech Laboratory (CSL) 4300B hardware (Kay 
Elemetrics). Sampling rate = 44.1kHz. 

Sakar18 (C. O. Sakar 
et al., 2019) 

188 PD, 64 HC Sustained vowel /a/. 3 
recordings per subject. 

No info about therapy 
or disease duration 

No info about microphones. 

file:///C:/Users/Ospite/Desktop/art_review_Parkinson/les.https:/www.audeering.com/research/opens
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/les.https:/www.audeering.com/research/opens
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/ty.%20https:/github.com/ElsevierSoftwareX/SOFTX-D-17-
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/ty.%20https:/github.com/ElsevierSoftwareX/SOFTX-D-17-
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/facehttps:/sourceforge.net/projects/ap
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/facehttps:/sourceforge.net/projects/ap
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/le%20:%20https:/www.pentaxmedical.com/pentax/en/99/1/Analysis-of-Dysphonia-in-Speech-and-Voice
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/le%20:%20https:/www.pentaxmedical.com/pentax/en/99/1/Analysis-of-Dysphonia-in-Speech-and-Voice
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/le%20:%20https:/www.pentaxmedical.com/pentax/en/99/1/Analysis-of-Dysphonia-in-Speech-and-Voice
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/EO).http:/splab.cz/en/download/software/software-pro-analyzu-prozodickyc
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/EO).http:/splab.cz/en/download/software/software-pro-analyzu-prozodickyc
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/EO).http:/splab.cz/en/download/software/software-pro-analyzu-prozodickyc
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/ech.http:/splab.cz/en/download/software/software-pro-kvantifikaci-dyzartricke
file:///C:/Users/Ospite/Desktop/art_review_Parkinson/ech.http:/splab.cz/en/download/software/software-pro-kvantifikaci-dyzartricke
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Sakar13 (B. E. Sakar 
et al., 2013) 

Train: 20PD, 
20HC; Test: 
14PD, 14HC 

Sustained vowels /a/, /o/, /u/; 
numbers from 1 to 10; short 
sentence; single words. 3 
recordings per subject. 

Train: 0-6 YFD. years 
UPDRS3 mean 
reported only for 
training data (from 5 to 
55). Test: 0-13 YFD.   

Trust MC-1500 low-end computer microphone placed at 10 cm distant from 
the subject. Frequency range = 50-13k Hz; Sampling frequency = 96kHz.  

Naranjo (Naranjo et 
al., 2016) 

40 PD, 40 HC Sustained vowel /a/. 3 
recordings per subject, one a 
week for 6 months. 

>5 YFD. No info about 
therapy. 

No info about microphones. 

Tsanas (Tsanas et al., 
2010) 

42 PD Sustained vowel /a/; running 
speech. Multiple recordings per 
patient during a 6-months trial.  

Early PD. Diagnosis 
within 5 years from 
trial. UPDRS3 at ’rial's 
start = 19.4 ± 8.12. All 
subjects remained 
unmedicated for the 
six-month duration of 
the study. 

Data collected using the Intel Corporation’s at-home testing device 
(AHTD), a telemonitoring system which includes, among the other sensors, 
a high-quality microphone headset and a universal serial bus (USB) data 
stick to store test data. Sampling rate = 24 KHz; 16-bit resolution. 

LSVT (Tsanas et al., 
2010) 

14 PD with 
multiple 
recordings 
during 
rehabilitation. 

Sustained vowel /a/. No info about therapy 
or disease duration. 

The voice signals were sampled at 44.1 kHz with 16 bits of resolution, and 
were recorded using the Audacity software package. Soundswere recorded 
in a double-walled, sound-attenuated room at the National Center for Voice 
and Speech-Denver (NCVS) 

m-Power 
 

(Bot et al., 
2016),(Prince 
et al., 2018) 

1060 PD, 5357 
HC 

Sustained vowel /a/. Multiple information 
provided for each 
subject, including 
UPDRS, PDQ8, gait 
and various 
questionnaires. 

Crowdsourced database: iPhone-recorded audio data from English 
volunteers.  

Vaiciukynas 
 

 

(Vaiciukynas 
et al., 2017) 

64 PD, 35 HC Sustained vowel /a/; sentence.  No info about therapy 
or disease duration. 

Cardioid microphone (AKG Perception 220) and a smartphone (Samsung 
Galaxy Note 3) used simultaneously. Both microphones were located at ∼10 
cm distance from the mouth. PCM wav; Sampling rate = 44.1kHz; 16-bit 
resolution.  

Dimauro  
 

(Dimauro et 
al., 2017) 

28 PD, 22 HC Read text; sustained vowels /a/, 
/e/, /i/, /o/, /u/; syllables (/pa/, 
/ta/); words; sentences. 

UPDRS and speech-
related characteristics.  

Professional microphone (unspecified). 
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Table 4 List of the most frequent features with related relevant information. N: Number of occurrences 
 
N Name Feature definition Feature description Reference 
62 Jitter / Variation of F0 between cycles. (Eyben et al., 2016), (Gómez-García 

et al., 2021), (Karan et al., 2021) 
60 Shimmer / Variation of the peak amplitude between cycles.  (Eyben et al., 2016), (Gómez-García 

et al., 2021), (Karan et al., 2021) 
59 HNR Harmonic-to-Noise Ratio Ratio between the harmonic content (estimated from F0) and the non-harmonic, noise-like 

components. 
(Eyben et al., 2016), (Gómez-García 
et al., 2021), 

56 F0 Fundamental Frequency Fundamental Frequency estimated with various algorithms evaluated on frames.  (Tsanas, 2010), (Little et al., 2009) 
52 MFCC Mel Frequency Cepstral 

Coefficients 
Obtained by inverse-transforming the Mel scaled spectrum of the signal, with each coefficient 
pertaining to a Mel window. 

(Orozco-Arroyave et al., 2013) 
(Gómez-García et al., 2021), (Bogert 
et al., 1963) 

47 NHR Noise-to-Harmonics Ratio Ratio between noise-like estimated components and harmonic content.  
41 RPDE Recurrence Period Density 

Entropy 
Entropy of the period density function, which quantifies the extent of changes in the periodicity 
of the vocal fold oscillations. 

(Tsanas, 2010), (Gómez-García et 
al., 2021), 

39 DFA Detrended Fluctuation 
Analysis 

Measure of the stochastic self-similarity of a signal through de-trending over increasingly 
numerous windows. It can quantify noise in speech and turbulent breath.  

(Little et al., 2009), (Gómez-García 
et al., 2021), 

38 PPE Pitch Period Entropy Entropy of the period computed from pitch estimation. Quantifies the control of stationary 
voicing during a sustained phonation. 

(Arora et al., 2019), (Little et al., 
2009) 

28 GNE Glottal to Noise Excitation 
Ratio 

Extent of noise in speech modelled using linear and non-linear energy concepts. (Tsanas, 2010), (Gómez-García et 
al., 2021), 

25 Formants / Various indicators related to the algorithmically estimated Formant Frequencies, which define 
the resonances of the vocal tract. Includes centre frequencies and bandwidths.  

/ 

22 GQ Glottis Quotient Changes in the duration of the vocal fold cycle estimated from a modelling of the vocal trait. (Tsanas, 2010), (Karan et al., 2021) 
22 Intensity / Power of speech signal in dB  
20 EMD Empirical Mode 

Decomposition 
Decomposition of a signal into a sum of intrinsic mode functions (IMFs) obtained through cubic 
spline-based envelopes, with increasingly stringent residuals. Lower order IMFs allow higher 
frequencies. Includes most of the general time-domain features (SNR, duration, etc.) re-applied 
to IMFs as well as the number of IMFs and their central frequency and widths. 

(Despotovic et al., 2020) 

20 VFER Vocal Folds Excitation 
Ratio 

Measure of noise in speech within a glottal-like model of the vocal cords as a system needing an 
excitation. It is computed using energy, nonlinear energy, and entropy.  

(Tsanas, 2010), (Karan et al., 2021) 

18 WT Wavelet Transform Amplitude, scale, energy and envelope fluctuations quantified using the Wavelet transform. (Tsanas, 2010), (Arora & Tsanas, 
2021) 
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15 TQWT Tunable-Q Wavelet 
Transform 

Features related to a Wavelet transform whose Q (quality factor of the wavelets) is controlled 
externally by the user.  

 

11 Autocorrelation  Autocorrelation coefficients on each frame (Mathieu et al., 2010) 
11 D2 Correlation Dimension Measure of the complexity of the system, obtained via estimation of the correlation dimension 

as an exponent to a base that is a ball. For small scales, it approximates the correlation sum, 
computed ignoring samples that are knowingly dependent (such as successive ones).  

(Little et al., 2009), (Gómez-García 
et al., 2021),, (Henriquez et al., 
2009), (Hegger et al., 1999) 

11 Voicing  Probability of voicing for a given signal, computed algorithmically with a pipeline such as the 
one defined by Yeldener (Patented [REF]).  

(Yeldener et al., 1998) 

9 Pulse  Parameters related to the number, duration and std. dev of pulses and periods in the signal.  / 
8 CPP Cepstral peak prominence Difference in amplitude between the cepstral peak and the trend line directly below it.  (Gómez-García et al., 2021), 
8 DPI Duration of Pause Intervals Median duration of pauses in speech, longer than a certain threshold. It is related to abrupt 

changes in the speech.  
(Jeancolas et al., 2022), (García et 
al., 2021), (Hlavnička et al., 2017) 

7 DDK  Diadochokinetic features, related to the vocalization of syllables. Includes: rate, regularity.  (Vásquez-Correa et al., 2018) 
7 Energy  Time-domain energy of the signal.  (Mathieu et al., 2010) 
7 Spread  Linear and non-linear variations of F0 within the speech segment.   
6 Entropy Approximate entropy  Entropy of the signal computed with various algorithms (Fuzzy, Gaussian kernel approximate, 

Gaussian kernel sample, Permutation, Renyi, Sample, Shannon). 
(Gómez-García et al., 2021), 

6 Spectral 
Variations 

 Various features related to the variation in the frequency spectrum. Includes: Crest Factor, Flux, 
Flatness, Decrease, Flatness, Rolloff, Centroid, Spread, Skewness, Kurtosis, Slope, etc. 

(Mathieu et al., 2010) 

5 BBE Bark Band Energies Energy within a specific frequency band over a Bark-weigthed spectrum. / 
5 VOT Voice Onset Time Length of the entire consonant from initial burst to vowel onset. Duration of the part of a 

syllable (/pa/, /ta/ or /ka/) between initial burst and vowel onset. Requires preliminary 
segmentation of the consonant syllables. 

(Rusz et al., 2018) 

5 ZCR Zero Crossing Rate Number of passes of the signal through zero (x-axis) within a frame.  (Tougui et al., 2020) 
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4.1 Most effective features 

Besides the most common features, we also investigated the most effective ones as reported in Table 5 that includes 
features selected in at least 5% of the 102 selected articles (Table 3 in Appendix A completes the picture).  

Table 5 The most effective features for PD speech impairment assessment according to the reviewed papers. 

Number of occurrences Name 
28 MFCC 
14 HNR 
13 F0 
12 Jitter 
9 Shimmer 
9 RPDE 
6 DFA 
5 DPI 

5. Discussion 

5.1 Most common and most effective features 

We aimed at identifying a comprehensive set of acoustic features of dysarthric speech in PD, especially based on 
a ML-approach. According to our findings, the investigated papers mostly focus on phonatory and articulatory 
features, while only a small subset includes prosodic measures of speech. In this regard, authors in (Arias-Vergara et 
al., 2017) and (Vásquez-Correa et al., 2018) compared the performance of models based on phonatory and articulatory 
features agreeing that the introduction of the latter boosts the capability of the system to represent vocal alterations of 
PD patients.  

As for the specific type of features, Table 4 and Table 5 show the most frequent and the most effective features. 
As expected, features describing F0 variations (i.e., Jitter, Shimmer, and F0 statistics), noise measures (e.g., HNR, 
GNE…), and MFCC result as the most common and, in a few cases, DFA and RPDE too.  

MFCCs proved to be the most effective features in terms of classifier performance for PD speech parametrization. 
According to (Suphinnapong et al., 2021), this set of coefficients is particularly important not only for differentiating 
healthy control subjects (HC) versus PD patients, but also for determining a correlation with the UPDRS scale, due to 
their characteristic to capture meaningful reductions in the temporal variability between consecutive speech frames. 
Moreover, MFCCs also retain information about the pitch and its intelligibility, which makes them somehow related 
to F0. Perceptually, slow-moving MFCCs result in slow and monotone speech patterns, which often characterize 
dysarthric patients. Within this context, according to the findings reported in (Upadhya et al., 2018) and (Karan et al., 
2021), MFCCs outperform Perceptual Linear Prediction (PLP) coefficients in evaluating dysarthric impairment, but 
authors in (Upadhya & Cheeran, 2018a) partially disagree. From a macroscopic point of view, the prevalence of 
MFCC among the most effective features points out the importance of the Cepstral domain, which results from an 
additional transformation after time to frequency switching. Alternative algorithms to MFCC’s have been proposed, 
such as those based on linear (non-Mel) or Bark-scaled spectra. It is noteworthy that the Cepstral domain has often 
been employed for the characterization of pitch-related discrepancies in complex and noisy audio data. Interestingly, 
all the feature selection procedures applied to the mPower dataset (Bot et al., 2016), (Prince et al., 2018), which 
contains data of over 6000 subjects recorded in sub-optimal and unsupervised conditions, yielded MFCC as a relevant 
group of features. 

Features associated with noise analysis in speech, particularly HNR, come soon after in effectiveness. Indeed, 
although they are strictly related to F0 evaluation algorithms, these features are often linked to hoarseness in voice, a 
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well-known characteristic of PD patients stemming from the turbulent airflow brought by the asymmetry in vocal 
folds and movement impairment (Suphinnapong et al., 2021). 

The fundamental frequency, F0, is often reported together with its standard deviation, also referred to as monopitch, 
generally gathered from speech tasks (sentences or monologues) (Jeancolas et al., 2022), (Rusz, Hlavnička, et al., 
2021), (Yu et al., 2022), (Rusz et al., 2022). Along with the Cepstral domain and noise measures, features related to 
the F0 resulted as the most prevalent in modeling complex artifacts of the phonatory system due to hoarseness and 
tremor in voice. A possible physical explanation of this capability was proposed in (Rusz et al., 2018), where the 
authors revealed that PD speech characteristics, linked to F0 and monopitch, are related to nigral dopamine loss, 
especially in male subjects. In the context of F0 analysis, Jitter and Shimmer are also frequent, although different 
authors revealed different opinions on their effectiveness, some of them reporting efficacy (Arias-Vergara et al., 2017), 
(Benmalek et al., 2017), (Upadhya & Cheeran, 2018a), but some others inconsistency (Carrón et al., 2021), 
(Despotovic et al., 2020).  

Recently, non-linear features are gaining more and more attention too (Carrón et al., 2021), (Amato, Borzi, et al., 
2021), (Travieso et al., 2017), (Erdogdu Sakar et al., 2017), (Godino-Llorente et al., 2017), (L. Zhang et al., 2020), 
leading to parametrization sets that include RPDE, DFA, D2, HURST exponent, and Largest Lyapunov Exponent 
(LLE). These features are related to physiological mechanisms of the phonatory system, namely abnormal vocal fold 
vibration, non-linear pressure flow in the glottis, and strain in the vocal fold tissues (Benba et al., 2017). However, 
although they often result very effective (RPDE in particular), two of the investigated papers (Travieso et al., 2017), 
(L. Zhang et al., 2020) agreed on the need to include them in a broader set of features from different domains to 
accurately discriminate between healthy and pathological speakers. 

Apart from the quality of the voice, also speech rhythms were found relevant in discriminating PD patients, as the 
duration of pauses between words (Jeancolas et al., 2022), (Rusz, Hlavnička, et al., 2021), (Rusz, Tykalová, et al., 
2021), (Rusz et al., 2018), (Hlavnička et al., 2017), or the time rate (Rusz et al., 2018), (Hlavnička et al., 2017), (Benba 
et al., 2019). However, in (Benba et al., 2019), the authors did not find significant correlation between rhythmic 
characteristics and UPDRS staging.   

Literature gaps in the assessed papers could thus be summarised with a general tendency to only use partial subsets 
of features, missing out on other possibly effective domains.  

Comparisons between Tables 4 and 5 show no effectiveness in some features, such as NHR, GNE, FORMANTS, 
INTENSITY, and GQ, even if frequently employed.  

 

5.2 Influence of covariates 

As reported in Table 1, the majority of the investigated studies rely on acoustic features fed into ML- and statistical-
based methods. The most commonly adopted classifier, resulting with the best performances on average, is the Support 
Vector Machine (SVM), and its kernel variants. This is consistent to SVM as a powerful classifier for small datasets, 
such as those normally employed in biomedical AI assessments, and a state-of-the-art method for audio classification. 

5.2.1 Distinctive data of subjects 

Subjects' distinctive data, namely gender, age, language and years from diagnosis, can determine the importance 
of some features with respect to others to some extent, as evidenced by some of the selected papers (Jeancolas et al., 
2022), (W. Rahman et al., 2021), (Sajal et al., 2020), (Cavallieri et al., 2021), (Amato, Borzì, et al., 2021), (Rodríguez-
Pérez et al., 2019). Moreover, some studies pointed out features less influenced by this aspect, such as the monopitch 
(Rusz et al., 2022), the Frequency Tremor (FT) and the Amplitude Tremor (AT) (Brückl et al., 2018). Interestingly, a 
statistical analysis performed in (Rusz et al., 2022) suggested that de-novo patients bear fewer differences between 
genders in PD-related voice characteristics. 
Although the majority of papers do include basic information regarding gender and age of the corpora, there is a 
general lack in reporting crucial metadata that refer to the status of the disease, such as the years from diagnosis, the 
level of impairment (e.g. UPDRSIII) and the status of the treatment (details are reported in Appendix A). Several 
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authors proposed to include non-speech covariates to the feature sets as a kind of correction factor: with this regard, 
(Carrón et al., 2021), (Tougui et al., 2020), (Tunc et al., 2020), (Naranjo et al., 2021), (Galaz, Mzourek, et al., 2016), 
(Polat & Nour, 2020), (Naranjo, Pérez, Martín, et al., 2017) proved effective for gender, while (Tougui et al., 2020), 
(Tunc et al., 2020) and (L. Zhang et al., 2020) proved effective for age. 

5.2.2 Recording setup and conditions 

Also the recording setup and conditions play a rule on the effectiveness of ML-based voice analysis. Ideally, the setup 
has to be low-cost and easily available (as a smartphone can be) and the conditions have to be unsupervised (as in 
home environment without special operators) for making the techniques cost-effective and ubiquitous in time and 
space, as investigated in a work devoted to speech recognition (Hermansky & Morgan, 1994). Among all selected 
papers, 57 employed at least one database recorded with high-quality equipment (professional condenser microphones 
often with a cardioid polar pattern), and 25 used at least one database collected with smartphones (omnidirectional 
electret microphones) laptops or telephone recordings, in both supervised and unsupervised environments (Table 1). 
In (Jeancolas et al., 2022) and (Amato et al., 2021) no significant decreases in performance were observed when 
moving from professional microphones to low-cost equipment. The quality of the recordings in terms of medium, 
format and supervision, is of course a huge element in determining the veridicity of the obtained results: for this 
reason, studies that do not report the recording conditions for their datasets, as well as recordings that have not been 
supervised, or that involve self-reportings of any sort, could be safely seen as limitations. Supporting this thesis, 
(Carrón et al., 2021) observed a drastic reduction in performances when employing recordings under unsupervised 
conditions. 

5.2.3 Feature extraction toolboxes 

As for the feature extraction toolboxes, Table 1 reveals that Praat and DARTH-VAT are the most frequently 
employed features extraction toolboxes. Moreover, our review identified three studies ((Ali et al., 2021), (Vaiciukynas 
et al., 2017) and (Almeida et al., 2019)) that explored different feature extraction techniques, in turn addressing the 
feasibility of various evaluation algorithms for the same of those feature, F0 being a notable example.  

It is worth noting that some papers, such as (Hlavnička et al., 2020) or (Sajal et al., 2020) reportedly employed 
custom routines that, albeit allowing for the extraction of peculiar indicators, are often unspecified within the papers 
and not publicly available, which hinders the reproducibility of the study. On the other hand, a relevant number of 
studies do not specify their extraction methods at all.  

These works compared features extracted by means of several available toolboxes and different types of recorders 
(e.g., smartphone and professional microphones) included in the Vaiciukynas dataset (Vaiciukynas et al., 2017). 
Despite using the same corpus, these studies do not agree on the best set of parameters to employ; however, they all 
acknowledge that the YAAFEE toolbox (Mathieu et al., 2010) always provides good classification performance, and 
agree about the need of considering different sets of features when gathering vocal tasks with professional 
microphones with respect to smartphones. 

6.  Conclusion  

This work overviews the current state-of-the-art methodologies for speech analysis correlated to PD conditions, 
with focusing on signal processing, ML aspect, and available algorithmic tools. With the aim of identifying a baseline 
of effective methodologies and shedding some light on the existing domains of audio analysis, we examined 102 
studies published between 2017 and 2022 using ML methods or acoustic features statistics. 

Our findings revealed that the mostly adopted acoustic features for PD are the same employed for common speech 
analysis, such as F0, Jitter, Shimmer, MFCC, HNR, and NHR, the most effective being MFCC-related. However, 
complexity measures such as DFA and entropy-related features (e.g., RPDE) are also frequent, followed by 
parametrization techniques of phonatory and glottal aspects.  

According to our review, the information most linkable to the disease can be related to pitch and temporal variations 
in speech, mainly due to tremor and steadiness, the latter depending to the alteration of movements typical of PD 
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subjects. Moreover, additional well-known pathological characteristics (such as hoarseness) were empirically found 
and validated by the presence of features like HNR or glottal model related. 

Only a limited percentage of the works investigated the influence of covariates such as gender, age, or specific 
symptomatology, but significantly underline as the inclusion of those covariates in the analysis may increase the model 
accuracy. Moreover, differences in datasets and recording techniques are found relevant, the recording apparatuses 
influencing the audio quality and so the effectiveness of the single audio features. 

With regarding to the feature extraction procedure, we found Praat and DARTH-VAT toolboxes as the most 
adopted. In Table 3 a comprehensive list of all freely available software and publicly available data sets. 

As a point of weakness, a really ultimate baseline cannot be furnished since exhaustive information on recording 
techniques, most effective features, additional signal processing techniques and employed toolboxes, are reported in 
a minority of works only, and so the characteristics of patients and, their symptomatology. In addition, the lack of data 
and the usage of pre-defined datasets with pre-assembled feature vectors, such as those by UCI, may have biased to 
some extent the results. 

7. Funding 
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