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                     Abstract 
 Human brain is the control center of the entire body and can be aff ected by diff erent diseases. These diseases are catego-

rized into various types like trauma, seizures, tumors, infection, and stroke. Parkinson’s is a type of neurological disorder 

that creates unintentional activities, such like shaking, stiff ness, and diffi  culty with balance and coordination. In this work, 

the Parkinson’s patient data have been classifi ed using an ensemble machine learning approach. The data is taken from the 

UCI machine learning repository that consists of 252 samples. For the classifi cation purpose, a deep stacked ensemble clas-

sifi cation model is used, that consist of four base classifi ers as deep neural network (DNN). The output of the base classifi er 

is again considered as the input to the Meta classifi er. The performance is then verifi ed with two diff erent types of Meta 

classifi ers such as support vector machine (SVM) and gradient boosting. Again the accuracy of the gradient boosting Meta 

classifi er is compared with variation of learning rate. From the result, it is observed that 98.21% classifi cation accuracy is 

achieved using the modifi ed gradient boosting Meta classifi er with the stacked model. 

   Keywords     Parkinson’s    ·  Stacked    ·  Ensemble    ·  Meta classifi er    ·  Learning rate  

      Introduction 

 Parkinson's disorder (PD) is one of the prevalent nerve dis-

orders aff ecting mostly the elderly. Owing to a rise in the 

number of old individuals and age-standardized prevalence 

rates, the projected worldwide population aff ected by Par-

kinson's disorder is likely to grow year by year, and it has 

become a global issue. The underlying cause of Parkinson's 

disorder was discovered to be a single gene. Dopamine neu-

ron abnormalities are commonly seen in nervous system dis-

eases (Krohn et al.  2020 ; Tuncer et al.  2020 ; Jeancolas et al. 

 2017 ). The indications of Parkinson’s disorder vary from one 

patient to another and the identifi cation is diffi  cult, but the 

most frequent indications, found in persons aff ected by Par-

kinsonism are the damages caused in motor and non-motor 

abilities like problems in muscle motion, speech disorders, 

and tremor (Gomez-Vilda et al.  2017 ; Gupta et al.  2018 ; 

Aich et al.  2018 ; Tuncer and Dogan  2019 ). When any of 

these indications were present, medical professionals use 

motor tests to diagnose Parkinson's disorder. Early preven-

tative measures and therapeutic intervention are required 

before the disorder manifests unfavorable symptoms. 

According to Healthcare Research and Quality (Romexsoft 

 2017 ), doctors and clinicians are frequently prone to cogni-

tive bias while diagnosing patients. To change this condition, 

an effi  cient, objective, and low-cost detection approach must 

be developed. As a result, an intelligent system is required 

to assist physicians in accurately diagnosing patients. Voice 

signals (Pramanik et al.  2021a ; Sakar et al.  2019 ; Mostafa 

et al.  2019 ; Gottapu and Dagli  2018 ), EEG (Yuvaraj et al. 

 2016 ), gait (Joshi et al.  2017 ; Zeng et al.  2016 ), biomarker 

(Pramanik et al.  2021b ; Bhat et al.  2018 ), MRI (Cigdem 

et al.  2018 ), and handwriting signals (Afonso et al.  2019 ; 

Rios-Urrego et al.  2019 ) are used in diagnosing PD. 

 Despite the fact that numerous signals are employed for 

PD diagnosis, vocal impairments are the earliest symptoms 

of Parkinsonism and are often considered for preliminary 

identifi cation of the disease. Speech disorder has been deter-

mined to be the most successful in diagnosing Parkinson's 
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disease patients, according to recent studies (Harel et al. 

 2004 ; Sakar et al.  2013 ; Agarwal et al.  2016 ; Ali et al. 

 2019 ; Almeida et al.  2019 ; Ozturk and Unal  2020 ; Tracy 

et al.  2020 ). As a result vocal-based features characteristics 

entice researchers to study Parkinson's disorder. Researchers 

have been quite interested in deep learning methodologies 

in recent years. Deep learning applications in speech pro-

cessing have grown in recent decades, but there is always 

need for development in terms of diagnosis. In domains 

like healthcare, even a tiny increase in the accuracy of deep 

learning algorithms may be extremely benefi cial. Ensem-

ble learning has been discovered to be a powerful factor for 

improving the performance of deep learning models (Gui-

maraes et al.  2020 ; Karan et al.  2020 ; Najmeh and Sama-

diani  2017 ; Li et al.  2017 ). Ensemble approaches aggre-

gate predictions from multiple models. The models whose 

predictions are used to make fi nal prediction are called as 

base models. The ensemble technique methodology is shown 

in Fig.  1 . Ensemble approaches often yield more accurate 

results than a single model and reduces the bias and vari-

ance. For producing ensemble techniques, a variety of meth-

odologies such as bagging, boosting and stacking have been 

presented. Bagging lowers variation among base classifi ers, 

whereas boosting-based ensembles minimize bias and vari-

ance. Stacking results in improved predictions.         

 Ensemble models are classifi ed into Bagging, Boosting, 

and Stacking ensemble models. Ensemble models can either 

be Explicit/implicit ensembles and Homogeneous/hetero-

geneous ensembles. Over time, the various ensemble tech-

niques have evolved, resulting in improved generalization of 

learning models. Bagging is a common strategy for creat-

ing ensemble-based algorithms and used in improving the 

performance of ensemble classifi ers. Creating an ensemble 

predictor based on the sequence of observations is preferable 

than the single predictor is the main concept of Bagging. In 

the original models, bagging adds two steps: fi rst, producing 

bagging samples and forwarding each bag of samples to the 

basic models, and secondly, a mechanism that aggregates 

the predictions from several predictors. Samples for bag-

ging can be made with or without replacement. The method 

for combining the output of the basic predictors varies, and 

majority voting is typically used for classifi cation problems. 

Boosting is created to help classifi cation to perform better. 

In ensemble models, the boosting strategy is used to create 

a learning model with improved generalization. The model 

iteratively learns complicated feature representation in order 

to produce a powerful classifi er. When compared to a single 

weak learner, strategies such as majority voting in classifi ca-

tion problems or a linear combination of weak learners in 

regression problems produce superior predictions. Boosting 

techniques such as AdaBoost and Gradient Boosting have 

been employed in a variety of applications. 

 Ensemble can be done in one of two ways: by merging the 

outputs of numerous base models in some way, or by select-

ing the "best" base model using some mechanism. Stacking 

is an integration strategy in which the output of base models 

is combined using a meta-learning model. The dataset is 

randomly divided into I equal sections using this procedure. 

One set of data is utilized for testing and the remainder is 

used for training in the  i th  fold cross-validation The predic-

tions of diff erent learning models from these training testing 

pair subsets were obtained which is utilized as meta-data to 

create the meta-model. The ultimate prediction is made by 

the meta-model, which is also known as the winner-take-all 

method. The training of several neural networks may result 

in a signifi cant increase in processing cost; therefore assem-

bling deep neural networks does not appear to be a simple 

solution. Implicit/Explicit ensembles achieve the seemingly 

  Fig. 1       Proposed classifi cation 

model  
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paradoxical objective of training a single model in such a 

way that it acts like an ensemble of numerous models. An 

ensemble's training time is the same as a single model's 

training time in this case. The model parameters are shared 

in implicit ensembles, and the single unthinned network dur-

ing test times approximates the ensemble models' averaging. 

However, with explicit ensembles, model parameters are not 

shared, and the ensemble output is the sum of ensemble 

models' predictions obtained using various methods. 

 Homogeneous/Heterogeneous learning entails instructing 

a group of base learners from the same or distinct families. 

As a result, each ensemble model should be as diff erent as 

feasible, and each base model should outperform the random 

guess. A decision tree, neural network, or other learning 

model can be used as the foundation learner. 

    Related work 

 A new ensemble model using optimal features and depend-

ent classifi ers were introduced by Ali et al. in their work (Ali 

et al.  2022 ). They have used the Majority voting technique 

and their fi ndings showed that diff erent types of speech 

data are sensitive to diff erent types of samples and features. 

(Sabeena et al.  2022 ) in their work used optimization-based 

ensemble feature selection to choose relevant features. These 

features were then trained on fuzzy convolution bi-direc-

tional long short-term memory and evaluated using Leave-

One-Person-Out-Cross Validation. (Biswas et  al.  2022 ) 

proposed an ensemble technique which uses Sequential 

Floating Forward Feature Selection for removing the irrel-

evant features. After that, the relevant features are scored 

and selected. Finally, the authors use the ensemble expert 

system model based on stacking for predicting the Parkin-

son’s disease. A comparative study using various machine 

learning, deep learning, and ensemble techniques was made 

by (Goyal et al.  2021 ) for detecting Parkinson's disease using 

speech signals. The result of their study revealed that the 

type of data has much more infl uence in the classifi er's per-

formance. They also concluded that nonlinear classifi ers are 

required to achieve high performance because speech signals 

are nonlinear. 

 A two-layer stacking ensemble learning framework was 

proposed by (Yang et al.  2021a ) for detecting Parkinson’s 

disease at the early stages. The authors have made uses of 

multimodal properties. A deep learning ensemble approach 

is developed in the work given by (Ma et al.  2021 ). The 

embedded stack group sparse auto encoder was used by the 

authors to acquire the features. These features were then 

combined with the original speech features using regulari-

zation to produce hybrid feature data. They then used an 

iterative mean clustering algorithm to create deep feature 

transformations. Finally, a weighted fusion mechanism 

which combines the deep feature algorithm and the deep 

learning algorithm were used for classifi cation. An itera-

tive deep extraction approach is used by Yang et al. (Yang 

et al.  2021b ) to create a deep hierarchy. The authors used 

the closest neighbor feature preference approach to create a 

dual-stage feature reduction pair by Adaboost approach in 

order to improve algorithm generalization. 

 Leung et al. (Leung et al.  2021 ) in had begun their fi nal 

phase of their work 4 years after the fi rst baseline screening. 

They have trained an ensemble of deep neural networks on 

distinct subsets of the returning variables in order to predict 

patient outcome. Nishat et al. (Nishat et al.  2021 ) employed 

and examined four boosting approaches for classifi cation. 

They concluded that by modifying the hyper parameters the 

model's performance was improved. The authors Vigne-

swari et al. (Vigneswari and Aravinth  2021 ) had explored 

the diagnosis of Parkinson's disease using diff erent classifi -

cation techniques and their prediction accuracy was deter-

mined. According to them, the Gradient Boost method has 

the highest test accuracy. Tunc et al. (Tunc et al.  2020 ) had 

used the Boruta wrapper-based feature selection approach. 

In this approach, the fi rst step selects the most informative 

speech features. These selected speech features were sub-

sequently put into an extreme gradient decision tree–based 

boosting algorithm. They also considered the patient’s age 

and the years after diagnosis as a parameter for calculating 

the eff ectiveness of the model. The authors Patra et al. (Patra 

et al.  2019 ) had compared the diff erent base classifi ers to the 

ensemble classifi ers for forecasting the outcome. They con-

cluded that ensemble classifi ers show much better accuracy 

in most of the cases. 

 (Nissar et al.  2019 ) used the methodologies of minimum-

Redundancy and Maximum-Relevance and Recursive Fea-

ture Elimination for feature selection. The fi nal outcome 

suggested by the authors is that the XGBoost model in 

combination with the minimum-Redundancy and Maxi-

mum-Relevance and Recursive Feature Elimination feature 

selection strategy for voice sample-based PD detection is 

a good option. Caliskan et al. (Caliskan et al.  2017 ) sug-

gested a Deep Neural Network classifi er using a stacked auto 

encoder (SAE) and softmax layer. The SAE layer extracted 

the speech features' intrinsic information, while the softmax 

layer categorized them. The results were compared to other 

existing methodologies utilizing two separate datasets. 

    Proposed classifi cation model 

 The proposed classifi cation model consists of four steps as 

presented in Fig.  1 . After collecting the raw data, the entire 

dataset is divided into training and testing sets. The train-

ing data is considered to train the classifi cation model. The 
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structure of the proposed deep-stacked ensemble classifi er 

is presented in the next subsection. 

   Deep stacked ensemble classifi er 

 The classifi cation model consists of four DNN in the initial 

stage and is used for fi nding the features from the raw data 

and providing the metadata for further training. The multiple 

hidden layers in the DNN will help to extract suitable fea-

tures from the input data. Each DNN consist of fi ve layers 

including three hidden layers as presented in Fig.  2 . As there 

is no particular mathematics been developed yet, to decide 

the number of nodes in each layer, the number of nodes in 

each layer is taken randomly to increase the feature shape. 

The fi rst hidden layer consists of 2000 nodes, followed by 

1000 and 800 nodes in the next layers. The fi nal layer i.e. 

the output layer consists of 2 nodes for two class classifi ca-

tion. Though, it works in a feed-forward approach, the input 

data fl ows from the input layer to the output layer without 

forwarding back. The input data   D =
{

d1, d2, d3, .........dn

}
     

is multiplied by the weight   W =
{

w1, w2, w3, ......., wn

}
     . The 

output   Y      of every layer after adding with bias   b     is repre-

sented by

      

         

 The fi nal output of the DNN   O     is obtained by passing the 

output of each layer   Y      through a nonlinear activation func-

tion and is represented by

 (1)Y = (D ∗ W) + b

      

where   f      is the activation function and   n     is each input fea-

ture. Two types of activation functions are used in the DNN. 

Rectifi ed linear unit (ReLU) and sigmoid activation function 

is used in hidden and output layer respectively. ReLu is one 

of the most used activation functions in every deep learning 

model due to its property of not activating all neurons at the 

same time and converts all negative input into zero. Also, it 

helps in accelerating the training performance as compare 

to other activation functions (Simon Haykin, 1998). Math-

ematically it can be represented by

      

where   d     is the input data and the output function   f (d)     returns 

the value between 0 and 1. 

 Though the proposed classifi cation model is used for the 

binary classifi cation problem, the Sigmoid activation func-

tion is used in the output layer. The output of this function 

lies between 0 and 1. It can be represented by

       

 The detailed structure of each DNN including the number 

of layers and number of neurons in each layer is provided 

in Fig.  2 . The output of each DNN is again considered as 

the input to the meta classifi er as presented in Fig.  3 . In 

our work, the fi nal classifi cation is done using two diff erent 

types of meta classifi er such as SVM and gradient boosting.         

 (2)O = f (d.w) = f

(
n∑

i=1

diwi

)

 (3)f (d) = max (0, d)

 (4)f (d) = 1

1 + ed

  Fig. 2       Structure of each DNN  
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   Support vector machine  meta  classifi er 

 SVM is one of the most popular linear machine learning 

classifi ers and is also used as the Meta classifi er in our pro-

posed model. This technique is mostly based on the struc-

tural risk minimization method where a hyperplane/decision 

boundary is created in such a manner that the positive and 

negative class separation margin can be maximized (Corinna 

Cortes, 1995). Let us consider   
{(

Oj, Tj

)}N

j=1
     is the input data-

set for the SVM classifi er where   Oj     is the output of each   Jth     

DNN and   Tj     is the corresponding output (target). The output 

pattern separation process in the hyperplane or decision 

boundary can be represented by,

       

 The output of the SVM classifi er can be defi ned by,

       

 The fi nal output of the SVM classifi er is represented as,

       

 The kernel function   K
(
oj, o

)
     is a special case of Mercer's 

theorem which arises at the time of functional analysis. 

     Gradient boosting  meta  classifi er 

 The gradient boosting model is the modifi ed version of 

the AdaBoost model. It shows the development stages 

from boosting to gradient boosting stepwise and applied. 

The loss function in this method is used to optimize the 

 (5)wo + b = 0

 (6)
wo + b = 0 ≥ 0 for Tj = +1

wo + b = 0 ≤ 0 for Tj = −1

 (7)T(O) =
N∑

j=1

K
(
oj, o

)

parameters with the minimization problem. One of the 

major diff erences between AdaBoost and Gradient Boost-

ing Algorithm is how the two algorithms identify the 

shortcomings of weak learners (eg. decision trees). While 

the AdaBoost model identifi es the shortcomings by using 

high weight data points, gradient boosting performs the 

same by using gradients in the loss function. 

 Generally in a supervised learning algorithm, there 

is an output variable  o , and a vector of input fea-

tures  x . These are described through a joint probabil-

ity distribution   P(x, o)     . By using the training dataset 

  
{(

x1, o1

)
,
(
x2, o2

)
,
(
x3, o3

)
, ............,

(
xm, om

)}
     , the approx-

imation   F(x)     to a function   F(x)     is found which minimizes 

the desired value of some specifi c loss function   L(o, F(x))     . 
The loss function approximation   F(x)     is calculated by

       

 In the case of a gradient boosting algorithm, a real-val-

ued output parameter  o  is assumed by getting an approxi-

mation   F(x)     . It is formulated by the weighted sum function 

  ci(x)     for some class  C  which is called base or weak learn-

ers. The approximation function is calculated by

      

where  D  is the constant parameter and  N  is the total number 

of samples. The minimization of the loss function in the 

gradient boosting algorithm is done by applying the empiri-

cal risk minimization principle. In this method, the approxi-

mation   F(x)     is found by minimizing the loss function over 

the training data. Simply we can say that this minimization 

method minimizes the empirical risk. The entire process 

gradually expands into a greedy strategy. Initially, it can be 

started with a constant function   F0(x)     . It can be represented 

by

 (8)F = argF min Ex,o[L(o, F(x))]

 (9)F(x) =
N∑

i=1

yici(x) + D

  Fig. 3       Structure of the deep-

stacked ensemble classifi er with 

boosted Meta classifi er  
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rate. The weights   W      of the gradient descent move in diff er-

ent directions in which the loss function   L     decreases. The 

weight updation is governed by the learning rate   𝜂     and can 

be represented by

       

 The learning parameter   𝜂 ∈ [0, 1]     in this ensemble clas-

sifi er also helps to avoid the chance of overfi tting due to the 

higher number of trees. Here we have randomly chosen the 

learning rate between 0 and 1 to improve the performance 

of the gradient boosting ensemble classifi er. 

 (13)W ← W − 𝜂
𝜕L

𝜕W

      Results and discussion 

 The dataset is taken from the publicly available at the UCI 

machine learning repository gathered at the Department of 

Neurology in Cerrahpasa, Faculty of Medicine, Istanbul 

(Machine Learning Repository and dataset). The data is col-

lected from 252 subjects (130 men and 122 women), out of 

whom 188 patients were aff ected with Parkinson’s disease 

(107 men and 81 women). The control group consists of 

64 healthy individuals (23 men and 41 women).The dataset 

characteristics were Multivariate and the attribute charac-

teristics were Integer and real. The number of instances was 

756 and the number of features was 754.Out of 754 features, 

752 were acoustic features. Around 80% of data is separated 

for training purposes and the rest 20% of data is used for 

testing and validation. 

 The number of DNNs is chosen after going through dif-

ferent combinations. At the initial stage, two DNNs are con-

sidered. The performance was not enough and the number of 

base classifi ers is increased. It is observed that, the combina-

tion of four DNNs performed well. In order to reduce model 

  Fig. 4       Structure of the Meta 

classifi er  

  Table 1       Performance analysis with diff erent number of base classifi -

ers  

  Number of DNNs    Accuracy (in %)    Sensitivity (in %)  

  2    93.61    90.83  

  3    97.07    96.26  

  4    100    100  

  Fig. 5       Accuracy comparison of 

Base models with Meta clas-

sifi er.  a  SVM and  b  Gradient 

boosting  

                               (a)                                                                  (b)
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stage. The Model with gradient boosting as a meta classifi er 

is classifying the dataset more accurately in comparison to 

the model designed with SVM. proposed classifi er with gra-

dient boosting as meta classifi er is providing 100% accuracy, 

whereas, the model with SVM is resulting 98.21% training 

accuracy. The training performance of the proposed deep-

stacked boosted ensemble classifi er is presented in Table  2 .  

 The proposed models are also verifi ed with testing data. 

The testing accuracy obtained in the proposed models with 

SVM and Gradient boosting as meta classifi ers is 97.35% 

and 98.35% respectively as shown in Fig.  6 .         

 From Fig.  6 , it is observed that the model with gradient 

boosting as Meta classifi er is performing better in compari-

son to SVM. Further to improve the accuracy, the learning 

rate of the Meta classifi er is varied and the comparison is 

shown in Fig.  7 . The accuracy with changing learning rate 

is presented in Table  3  and the performance of the deep-

stacked ensemble classifi er with various Meta classifi ers are 

presented in Table  4 . Table  5  shows the comparative analysis 

of our work with the various other Parkinson's disease clas-

sifi cation models.            

    Conclusion 

 Machine learning techniques play an important role in the 

analysis of biomedical data. The proposed work has clas-

sifi ed the Parkinson’s disease data by adopting a modifi ed 

stacked ensemble classifi er. The classifi cation model is 

consisting of two stages. In the stage 1, four DNNs are 

used as the base learner in the stacked model. Then the 

meta classifi er is used for providing the fi nal output. The 

performance is validated with three diff erent types of Meta 

classifi er and from the result it is observed that the modi-

fi ed Meta classifi er is providing better result. The classi-

fi cation accuracy can also be improved by optimizing the 

parameters and has been kept as future work. 
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