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A B S T R A C T

Parkinson’s disease (PD) is the most widespread movement condition and the second most common neurode-
generative disorder, following Alzheimer’s. Movement symptoms and imaging techniques are the most popular
ways to diagnose this disease. However, they are not accurate and fast and may only be accessible to a few
people. This study provides an autonomous system, i.e., PD-ADSV, for diagnosing PD based on voice signals,
which uses four machine learning classifiers and the hard voting ensemble method to achieve the highest
accuracy. PD-ADSV is developed using Python and the Gradio web framework.

Code metadata

Current code version v 1.5.3
Permanent link to code/repository used for this code version https://github.com/SoftwareImpacts/SIMPAC-2022-303
Permanent link to reproducible capsule https://codeocean.com/capsule/8141825/tree/v1
Legal code license GNU General Public License v3.0
Code versioning system used git
Software code languages used Python
Compilation requirements, operating environments and dependencies Python 3.8 or later

Keras, TensorFlow, Pandas, NumPy, Gradio, Scikit-learn, XGboost, Lightgbm, Altair
If available, link to developer documentation/manual –
Support email for questions h.nasiri@aut.ac.ir

Software metadata

Current software version 1.5.3
Permanent link to executables of this version https://github.com/Ahmadreza-Shateri/PD_ADSV
Legal Software License GNU General Public License v3.0
Operating System Microsoft Windows 7 (or later)

Mac OS 10.12.6 (Sierra or later)
Linux

Installation requirements & dependencies 4 GB of memory
1 GB of free disk space

1. Introduction

Parkinson’s disease (PD) is the second most prevalent neurodegen-
erative disorder after Alzheimer’s and a leading cause of neurological
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morbidity worldwide [1,2]. In most cases, Parkinson’s disease can
be diagnosed based on the patient’s motor symptoms [3] or through
alternative neuroimaging methods such as PET scans and MRI [4];
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However, in addition to being costly, time-consuming, and inaccessible
to the general public, these procedures are not remarkably accurate
when diagnosing patients.

Recent studies indicate that nearly 90 percent of PD patients suffer
from vocal disorders as one of its first symptoms [5]. Voice and speech
issues are characterized by decreased absolute speech volume and pitch
variation, breathiness, tremor, hoarse voice quality (roughness), vari-
able speech rates, and imprecise articulation [6]. Therefore, analyzing
the voice signals of Parkinson’s patients is a vital step in the early
diagnosis of this disorder.

Karaman et al. [7] proposed deep convolutional neural networks
(DCNN) for automated PD identification based on biomarker-derived
voice signals. The developed DCNN algorithm included data prepro-
cessing and finetuning-based transfer learning phases. The proposed
model was then trained and evaluated using datasets obtained from
the mPower Voice database. The SqueezeNet 1.1, ResNet101, and
DenseNet161 architectures were retrained and tested to discover the
most accurate architecture in classifying frequency–time data. Zhang
et al. [8] created an energy direction feature based on empirical mode
decomposition (EDF-EMD) to demonstrate the variations in voice sig-
nals between those with PD and those without. Initially, EMD was used
to decompose voice signals to get intrinsic mode functions (IMFs). The
EDF is then determined by calculating the directional derivatives of
each IMF’s energy range. Finally, the proposed feature’s efficiency is
tested across two datasets. Quan et al. [9] suggested using a Bidirec-
tional Long–Short Term Memory model to capture time-series dynamic
features of a speech signal for PD detection. Calculating the energy
content during the transition from unvoiced to voiced parts and voiced
to unvoiced segments was utilized to measure the dynamic speech
features.

According to previous studies [10–12], Replicated Acoustic Features
of the voice signals of Parkinson’s disease patients have been shown
to provide crucial and valuable information for diagnosing PD. Conse-
quently, these features were implemented into the software introduced
in this paper. PD-ADSV employs the method proposed by Ghaheri
et al. [12], which classified extracted features using Extreme Gradient
Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM), Gra-
dient Boosting, and Bagging. Furthermore, the Hard Voting Ensemble
method was used based on the performance of the four classifiers.

2. Gradient boosting decision tree

An ensemble of weak learners, primarily Decision Trees, is utilized
in Gradient boosting to increase the performance of a machine learning
model [13]. The Gradient boosting decision tree (GBDT) technique
enhances classification and regression tree models using gradient boost-
ing. Data scientists frequently employ GBDT to achieve state-of-the-art
results in various machine learning challenges [14].

3. Extreme gradient boosting

Extreme Gradient Boosting (XGBoost) is an improved gradient tree
boosting system presented by Chen and Guestrin [15] featuring al-
gorithmic advances (such as approximate greedy search and parallel
learning [16]) and hyper-parameters to enhance learning and control
overfitting [17,18]. In recent years, XGBoost has been widely utilized
by researchers, and its performance in a range of Machine Learning
(ML) challenges has been remarkable [19–26].

4. LightGBM

Researchers from Microsoft and Peking University initially devel-
oped the LightGBM [27] to address the efficiency and scalability is-
sues with GBDT (Gradient Boosting Decision Tree) and XGBoost when
applied to problems with high-dimensional input features and large
datasets [28]. The LightGBM algorithm incorporates two innovative
strategies: gradient-based one-side sampling (GOSS) [29] and exclusive
feature bundling (EFB) [30,31].

5. Bagging

Leo Breiman [32] proposed bagging in 1994 as a resampling tech-
nique for driving single classifiers using bootstrap samples. Bagging
reduces variance and overfitting, improves ML algorithm accuracy and
consistency, and preserves DT bias [33].

6. Software features

PD-ADSV is built on four Machine Learning classifiers: XGBoost,
LightGBM, Gradient Boosting, and Bagging. The Hard Voting Ensemble
Method has also been used to achieve the highest accuracy using
patients’ voice signals. This software implements machine learning
algorithms utilizing Python and the Gradio web-based visual interface,
providing maximum performance and user-friendliness. Fig. 1 shows
the architecture of PD-ADSV. The developed software uses Python ver-
sion 3.9.7 and Gradio framework version 3.11.0. To train the models,
a dataset of replicated acoustic features of the voice signals [10] was
collected as follows: Maintaining a steady phonation of the/a/vowel at
a comfortable pitch and volume is the vocal task. This phonation must
be held for a minimum of five seconds for every breath. Each individual
repeats the exercise three times, and each repetition is considered
a replication. The voice data is recorded using a portable computer
equipped with an external sound card (TASCAM US322) and a cardioid-
pattern headband microphone (AKG 520). The Audacity software (re-
lease 2.0.5) makes a digital recording with a sampling rate of 44.1 kHz
and a resolution of 16 bits/sample. 32 Acoustic features are extracted
from the voice signals: 5 Harmonic-to-noise-ratio (HNR), 13 Derivatives
of Mel frequency cepstral coefficients (Delta), 13 Mel frequency cepstral
coefficients (MFCC), and Glottal-to-Noise Excitation Ratio (GNE).

In general, this software has two steps: 1) receiving the user’s voice
signals; 2) performing classification, i.e., detecting whether the person
has Parkinson’s disease signs or not. In the first step, the user uploads
the voice signal sample (Fig. 2). Then, in the second step, the input
is classified by four trained classifiers, including XGBoost, LightGBM,
Gradient Boosting, and Bagging. Moreover, to utilize the advantageous
characteristics of each classifier to enhance accuracy, the weighting was
set depending on each classifier’s performance. Finally, Hard Voting
Ensemble Method determined the final prediction (Fig. 3). According to
[12], the model utilized in PD-ADSV based on "Parkinson Dataset with
Replicated Acoustic Features" [10] achieved an accuracy of 85.42%.

7. Impact overview

As previously mentioned, this software can diagnose Parkinson’s
disease using voice signals. According to the simple user interface, it
is accessible to all social classes. Anyone can record their voice and use
this program to determine whether or not they have signs of PD. As
depicted in Fig. 2, the user uploads their dataset of voice signals, and
the result is displayed in less than 0.7 s.

Motor symptoms and imaging tests, such as MRI, brain ultrasonog-
raphy, PET, and SPECT scans, are widely used to diagnose this dis-
ease [38]. Hsu et al. [39] employed deep learning techniques to develop
a multiple stages classification model of PD. The models based on
grayscale and color images in four and six stages had the highest
accuracy of 0.83 (AlexNet) and 0.78 (DenseNet). Yasaka et al. [40]
applied a deep learning technique to parameter-weighted and number
of streamlines (NOS)–based structural connectome matrices generated
from diffusion-weighted MRI to distinguish PD from healthy individu-
als and discover neural circuit abnormalities. Their proposed method
achieved an accuracy of 81%.

Although researchers widely use motor symptoms and imaging tests
to diagnose PD, they have low accuracy and high prices. Moreover,
these techniques are prohibitively hard to perform and are not eas-
ily accessible to the general public. In contrast, PD-ADSV, with its
remarkable speed and accuracy, can significantly assist healthcare
providers, particularly neurologists, in detecting Parkinson’s disease.
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Table 1
Comparison of the proposed method with state-of-the-art methods.

Study Dataset Classifier Accuracy

Juutinen et al. [34] Satakunta Hospital District, Finland KNN 84.50
Nahar et al. [35] UCI machine learning repository Bagging classifier with recursive feature elimination (RFE) for feature selection 82.35
Makarious et al. [36] AMP PD Knowledge Platform-PPMI database Ada Boost Classifier 82.41
Ferreira et al. [37] Collected from participants Naive Bayes 84.60
Proposed method UCI machine learning repository Hard Voting Ensemble 85.42

Fig. 1. Architecture of PD-ADSV.

Fig. 2. Home page of PD-ADSV.

As mentioned, recording the voices of PD patients for this program
oes not require special equipment and may be readily offered to pa-

their voices using the equipment described previously. After classifying
the extracted acoustic features of voice signals, PD-ADSV determines
whether or not the individual has PD signs. The comparison of the pro-
posed approach with state-of-the-art methods is presented in Table 1.
As can be seen, the proposed method outperformed other methods.

8. Conclusion

This article introduces PD-ADSV, an automated diagnosing sys-
tem that utilizes voice signals to detect PD. According to its user-
friendliness, high accuracy, and availability to everyone, this software
can be used in any healthcare center and greatly help doctors. It
is implemented based on machine learning methods and reached an
accuracy of 85.42% using "Parkinson Dataset with Replicated Acoustic
Features’’.

CRediT authorship contribution statement

Paria Ghaheri: Conceptualization, Methodology, Software, Inves-
tigation, Writing – original draft. Ahmadreza Shateri: Conceptualiza-
tion, Methodology, Software, Validation, Investigation, Visualization.
Hamid Nasiri: Conceptualization, Methodology, Validation, Writing –
review & editing, Supervision.

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared to
influence the work reported in this paper.
ients in any hospital or medical center. Consequently, patients record

3



P. Ghaheri, A. Shateri and H. Nasiri Software Impacts 16 (2023) 100504

R

Fig. 3. The result of PD-ADSV.

eferences

[1] A. Tarakad, J. Jankovic, Diagnosis and management of Parkinson’s disease, Sem.
Neurol. 37 (02) (2017) 118–126.

[2] G.E. Alexander, Biology of Parkinson’s disease: pathogenesis and pathophysiology
of a multisystem neurodegenerative disorder, Dialogues Clin Neurosci (2022).

[3] H. Zhang, et al., CP-AGCN: Pytorch-based attention informed graph convolutional
network for identifying infants at risk of cerebral palsy, Softw. Impacts 14 (2022)
100419.

[4] P.R. Magesh, et al., An explainable machine learning model for early detection
of parkinson’s disease using LIME on DaTSCAN imagery, Comput. Biol. Med. 126
(2020) 104041, http://dx.doi.org/10.1016/j.compbiomed.2020.104041.

[5] T. Zhang, et al., Parkinson disease detection using energy direction features based
on EMD from voice signal, Biocybern. Biomed. Eng. 41 (1) (2021) 127–141,
http://dx.doi.org/10.1016/j.bbe.2020.12.009.

[6] K. Dashtipour, et al., Speech disorders in Parkinson’s disease: pathophysiology,
medical management and surgical approaches, Neurodegener. Dis. Manag. 8 (5)
(2018) 337–348.

[7] O. Karaman, et al., Robust automated Parkinson disease detection based on voice
signals with transfer learning, Expert Syst. Appl. 178 (2021) 115013.

[8] T. Zhang, et al., Parkinson disease detection using energy direction features
based on EMD from voice signal, Biocybern. Biomed. Eng. 41 (1) (2021)
127–141.

[9] C. Quan, et al., A deep learning based method for Parkinson’s disease detection
using dynamic features of speech, IEEE Access 9 (2021) 10239–10252.

[10] L. Naranjo, et al., A two-stage variable selection and classification approach
for Parkinson’s disease detection by using voice recording replications, Comput.
Methods Programs Biomed. 142 (2017) 147–156, http://dx.doi.org/10.1016/j.
cmpb.2017.02.019.

[11] L. Naranjo, et al., Addressing voice recording replications for Parkinson’s disease
detection, Expert Syst. Appl. 46 (2016) 286–292.

[12] P. Ghaheri, et al., Diagnosis of parkinson’s disease based on voice signals using
SHAP and hard voting ensemble method, 2022, arXiv preprint arXiv:2210.01205.

[13] H. Rao, et al., Feature selection based on artificial bee colony and gradient
boosting decision tree, Appl. Soft Comput. 74 (2019) 634–642.

[14] F. Zhou, et al., Cascading logistic regression onto gradient boosted decision
trees for forecasting and trading stock indices, Appl. Soft Comput. 84 (2019)
105747.

[15] T. Chen, C. Guestrin, Xgboost: A scalable tree boosting system, in: Proceedings
of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and
Data Mining, 2016, pp. 785–794.

[16] R. Fatahi, et al., Modeling of energy consumption factors for an industrial cement
vertical roller mill by SHAP-XGBoost: a ‘conscious lab’ approach, Sci. Rep. 12
(1) (2022) 7543, http://dx.doi.org/10.1038/s41598-022-11429-9.

[17] X. Shi, et al., A feature learning approach based on XGBoost for driving
assessment and risk prediction, Accid. Anal. Prev. 129 (2019) 170–179.

[18] H. Nasiri, S. Hasani, Automated detection of COVID-19 cases from chest X-ray
images using deep neural network and XGBoost, Radiography 28 (3) (2022)
732–738, http://dx.doi.org/10.1016/j.radi.2022.03.011.

[19] S. Hasani, H. Nasiri, COV-ADSX: an automated detection system using X-ray
images, deep learning, and XGBoost for COVID-19, Softw. Impacts 11 (2022)
100210, http://dx.doi.org/10.1016/j.simpa.2021.100210.

[20] H. Nasiri, S.A. Alavi, A novel framework based on deep learning and ANOVA
feature selection method for diagnosis of COVID-19 cases from chest X-ray
images, Comput. Intell. Neurosci. 2022 (2022) 4694567, http://dx.doi.org/10.
1155/2022/4694567.

[21] M. Rapp, BOOMER—An algorithm for learning gradient boosted multi-label
classification rules, Softw. Impacts 10 (2021) 100137.

[22] R. Fatahi, et al., Modeling operational cement rotary kiln variables with
explainable artificial intelligence methods – a ‘conscious lab’ development,
Particul. Sci. Technol. (2022) 1–10, http://dx.doi.org/10.1080/02726351.2022.
2135470.

[23] A. Homafar, et al., Modeling coking coal indexes by SHAP-XGBoost: Explainable
artificial intelligence method, Fuel Commun. 13 (2022) 100078, http://dx.doi.
org/10.1016/j.jfueco.2022.100078.

[24] H. Nasiri, et al., Prediction of uniaxial compressive strength and modulus of
elasticity for Travertine samples using an explainable artificial intelligence,
Results Geophys. Sci. 8 (2021) 100034, http://dx.doi.org/10.1016/j.ringps.2021.
100034.

[25] S. Chehreh Chelgani, et al., Interpretable modeling of metallurgical responses for
an industrial coal column flotation circuit by XGBoost and SHAP-A ‘conscious-
lab’ development, Int. J. Min. Sci. Technol. 31 (6) (2021) 1135–1144, http:
//dx.doi.org/10.1016/j.ijmst.2021.10.006.

[26] S. Chehreh Chelgani, et al., Modeling of particle sizes for industrial HPGR
products by a unique explainable AI tool- A ‘Conscious Lab’ development, Adv.
Powder Technol. 32 (11) (2021) 4141–4148, http://dx.doi.org/10.1016/j.apt.
2021.09.020.

[27] G. Ke, et al., Lightgbm: A highly efficient gradient boosting decision tree, Adv.
Neural Inf. Process. Syst. 30 (2017) 3146–3154.

[28] X. Wen, et al., Quantifying and comparing the effects of key risk factors on
various types of roadway segment crashes with LightGBM and SHAP, Accid.
Anal. Prev. 159 (2021) 106261, http://dx.doi.org/10.1016/j.aap.2021.106261.

[29] M.R. Abbasniya, et al., Classification of breast tumors based on histopathology
images using deep features and ensemble of gradient boosting methods, Comput.
Electr. Eng. 103 (2022) 108382, http://dx.doi.org/10.1016/j.compeleceng.2022.
108382.

[30] H. Nasiri, et al., Classification of COVID-19 in chest X-ray images using fusion
of deep features and LightGBM, in: 2022 IEEE World AI IoT Congress, AIIoT,
2022, pp. 201–206, http://dx.doi.org/10.1109/AIIoT54504.2022.9817375.

[31] M. Ezzoddin, et al., Diagnosis of COVID-19 cases from chest X-ray images
using deep neural network and LightGBM, in: 2022 International Conference
on Machine Vision and Image Processing, MVIP, 2022, pp. 1–7, http://dx.doi.
org/10.1109/MVIP53647.2022.9738760.

[32] L. Breiman, Bagging predictors, Mach. Learn. 24 (2) (1996) 123–140.
[33] H. Shahabi, et al., Flood detection and susceptibility mapping using sentinel-1

remote sensing data and a machine learning approach: Hybrid intelligence of
bagging ensemble based on k-nearest neighbor classifier, Remote Sens. (Basel)
12 (2) (2020) 266.

[34] M. Juutinen, et al., Parkinson’s disease detection from 20-step walking tests
using inertial sensors of a smartphone: Machine learning approach based on
an observational case-control study, PLoS One 15 (7) (2020) e0236258.

[35] N. Nahar, et al., Feature selection based machine learning to improve prediction
of Parkinson disease, in: Brain Informatics: 14th International Conference,
BI 2021, Virtual Event, September (2021) 17–19, Proceedings 14, 2021, pp.
496–508.
4

http://refhub.elsevier.com/S2665-9638(23)00041-6/sb1
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb1
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb1
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb2
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb2
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb2
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb3
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb3
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb3
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb3
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb3
http://dx.doi.org/10.1016/j.compbiomed.2020.104041
http://dx.doi.org/10.1016/j.bbe.2020.12.009
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb6
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb6
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb6
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb6
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb6
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb7
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb7
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb7
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb8
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb8
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb8
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb8
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb8
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb9
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb9
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb9
http://dx.doi.org/10.1016/j.cmpb.2017.02.019
http://dx.doi.org/10.1016/j.cmpb.2017.02.019
http://dx.doi.org/10.1016/j.cmpb.2017.02.019
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb11
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb11
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb11
http://arxiv.org/abs/2210.01205
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb13
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb13
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb13
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb14
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb14
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb14
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb14
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb14
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb15
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb15
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb15
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb15
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb15
http://dx.doi.org/10.1038/s41598-022-11429-9
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb17
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb17
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb17
http://dx.doi.org/10.1016/j.radi.2022.03.011
http://dx.doi.org/10.1016/j.simpa.2021.100210
http://dx.doi.org/10.1155/2022/4694567
http://dx.doi.org/10.1155/2022/4694567
http://dx.doi.org/10.1155/2022/4694567
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb21
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb21
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb21
http://dx.doi.org/10.1080/02726351.2022.2135470
http://dx.doi.org/10.1080/02726351.2022.2135470
http://dx.doi.org/10.1080/02726351.2022.2135470
http://dx.doi.org/10.1016/j.jfueco.2022.100078
http://dx.doi.org/10.1016/j.jfueco.2022.100078
http://dx.doi.org/10.1016/j.jfueco.2022.100078
http://dx.doi.org/10.1016/j.ringps.2021.100034
http://dx.doi.org/10.1016/j.ringps.2021.100034
http://dx.doi.org/10.1016/j.ringps.2021.100034
http://dx.doi.org/10.1016/j.ijmst.2021.10.006
http://dx.doi.org/10.1016/j.ijmst.2021.10.006
http://dx.doi.org/10.1016/j.ijmst.2021.10.006
http://dx.doi.org/10.1016/j.apt.2021.09.020
http://dx.doi.org/10.1016/j.apt.2021.09.020
http://dx.doi.org/10.1016/j.apt.2021.09.020
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb27
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb27
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb27
http://dx.doi.org/10.1016/j.aap.2021.106261
http://dx.doi.org/10.1016/j.compeleceng.2022.108382
http://dx.doi.org/10.1016/j.compeleceng.2022.108382
http://dx.doi.org/10.1016/j.compeleceng.2022.108382
http://dx.doi.org/10.1109/AIIoT54504.2022.9817375
http://dx.doi.org/10.1109/MVIP53647.2022.9738760
http://dx.doi.org/10.1109/MVIP53647.2022.9738760
http://dx.doi.org/10.1109/MVIP53647.2022.9738760
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb32
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb33
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb33
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb33
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb33
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb33
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb33
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb33
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb34
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb34
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb34
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb34
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb34
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb35
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb35
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb35
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb35
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb35
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb35
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb35


P. Ghaheri, A. Shateri and H. Nasiri Software Impacts 16 (2023) 100504
[36] M.B. Makarious, et al., Multi-modality machine learning predicting Parkinson’s
disease, NPJ Parkinsons Dis. 8 (1) (2022) 35, http://dx.doi.org/10.1038/s41531-
022-00288-w.

[37] M.I.A.S.N. Ferreira, et al., Machine learning models for Parkinson’s disease
detection and stage classification based on spatial–temporal gait parameters, Gait
Posture 98 (2022) 49–55.

[38] A. Surguchov, Biomarkers in Parkinson’s disease, in: Neurodegenerative Diseases
Biomarkers, Springer, 2022, pp. 155–180.

[39] S.-Y. Hsu, et al., Classification of the multiple stages of parkinson’s disease
by a deep convolution neural network based on 99mTc-TRODAT-1 SPECT
images, Molecules 25 (20) (2020) 4792, http://dx.doi.org/10.3390/
molecules25204792.

[40] K. Yasaka, et al., Parkinson’s disease: Deep learning with a parameter-
weighted structural connectome matrix for diagnosis and neural circuit disorder
investigation, Neuroradiology (2021) 1–12.
5

http://dx.doi.org/10.1038/s41531-022-00288-w
http://dx.doi.org/10.1038/s41531-022-00288-w
http://dx.doi.org/10.1038/s41531-022-00288-w
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb37
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb37
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb37
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb37
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb37
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb38
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb38
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb38
http://dx.doi.org/10.3390/molecules25204792
http://dx.doi.org/10.3390/molecules25204792
http://dx.doi.org/10.3390/molecules25204792
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb40
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb40
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb40
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb40
http://refhub.elsevier.com/S2665-9638(23)00041-6/sb40

	PD-ADSV: An automated diagnosing system using voice signals and hard voting ensemble method for Parkinson's disease
	Introduction
	Gradient Boosting Decision Tree
	Extreme Gradient Boosting
	LightGBM
	Bagging
	Software features
	Impact overview
	Conclusion
	CRediT authorship contribution statement
	Declaration of Competing Interest
	References


