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a b s t r a c t 

Background and objectives: Parkinson’s Disease (PD) is a devastating chronic neurological condition. Ma- 

chine learning (ML) techniques have been used in the early prediction of PD progression. Fusion of het- 

erogeneous data modalities proved its capability to improve the performance of ML models. Time series 

data fusion supports the tracking of the disease over time. In addition, the trustworthiness of the result- 

ing models is improved by adding model explainability features. The literature on PD has not sufficiently 

explored these three points. 

Methods: In this work, we proposed an ML pipeline for predicting the progression of PD that is both 

accurate and explainable. We explore the fusion of different combinations of five time series modalities 

from the Parkinson’s Progression Markers Initiative (PPMI) real-world dataset, including patient charac- 

teristics, biosamples, medication history, motor, and non-motor function data. Each patient has six visits. 

The problem has been formulated in two ways: ❶ a three-class based progression prediction with 953 

patients in each time series modality, and ❷ a four-class based progression prediction with 1,060 pa- 

tients in each time series modality. The statistical features of these six visits were calculated from each 

modality and diverse feature selection methods were applied to select the most informative feature sets. 

The extracted features were used to train a set of well-known ML models including Support vector ma- 

chines (SVM), random forests (RF), extra tree classifier (ETC), light gradient boosting machines (LGBM), 

and stochastic gradient descent (SGD). We examined a number of data-balancing strategies in the pipeline 

with different combinations of modalities. ML models have been optimized using the Bayesian optimizer. 

A comprehensive evaluation of various ML methods has been conducted, and the best models have been 

extended to provide different explainability features. 

Results: We compare the performance of ML models before and after optimization and using and with- 

out using feature selection. In the three-class experiment and with various modality fusions, the LGBM 

model produced the most accurate results with a 10-fold cross-validation (10-CV) accuracy of 90.73% us- 

ing non-motor function modality. RF produced the best results in the four-class experiment with various 

modality fusions with a 10-CV accuracy of 94.57% using non-motor modality. With the fused dataset of 

non-motor and motor function modalities, the LGBM model outperformed the other ML models in both 

the 3-class and 4-class experiments (i.e., 10-CV accuracy of 94.89% and 93.73%, respectively). Using the 

Shapely Additive Explanations (SHAP) framework, we employed global and instance-based explanations 

to explain the behavior of each ML classifier. Moreover, we extended the explainability by implement- 

ing the LIME and SHAPASH local explainers. The consistency of these explainers has been explored. The 

resultant classifiers were accurate, explainable, and thus medically more relevant and applicable. 
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. Introduction 

Parkinson’s disease (PD) is a neurodegenerative brain illness 

hat progresses slowly [43] . The term neurodegenerative indicates a 

ondition that results in the death of brain cells. The first signs of 

D arise in the enteric nervous system, lower brain stem, and ol- 

actory tracts [74] . The brain shell and the substantia nigra are af- 

ected by PD, which progresses from the areas of the first signs to 

he upper sections of the brain. Injury to the upper sections of the 

rain affects the part of the brain that controls movement and cog- 

ition [40] . The illness is considered to start several years before 

he appearance of motor symptoms including the loss or reduction 

f smell sleep difficulties and constipation, tremor, and slowness 

f movement. Further, 90 percent of PD patients suffer from vocal 

ifficulties [71] . The symptoms of the illness intensify with time, 

nd those in severe stages may experience dementia and halluci- 

ations [34] . As a corollary, researchers are currently searching for 

trategies to identify these non-motor symptoms as early as possi- 

le to limit the disease’s development. 

Because of its simple implementation and high accuracy, Ma- 

hine Learning (ML) is increasingly being used to diagnose medical 

onditions [2,17,18,20,21] . ML has been used to treat PD in partic- 

lar. For example, Wan et al. [90] , concentrates on research con- 

ucted following the diagnosis of PD. Patients with PD were oper- 

ted on by the authors. In that study, an ML-based technique was 

sed during brain surgery for PD to identify the real area to be op- 

rated on. To evaluate the cognitive repercussions of PD, Salman- 

our et al. [72] used ML approaches including LASSOLAR (Least 

bsolute Shrinkage and Selection Operator - Least Angle Regres- 

ion), GA (Genetic Algorithm), LOLIMOT (Local Linear Model Trees), 

E (Differential evolution), and NSGAII (Non-dominated sorting ge- 

etic algorithm). Further, Pedrosa et al. [62] used an ML-based al- 

orithm, which includes k -nearest neighbors (K-NN) Classifier and 

inear Support Vector Machine (SVM), to predict the amount of 

remor in Parkinson’s patients. In another study, ML was used to 

redict the stage of PD. For example, Prashanth and Roy [64] used 

rdinal Logistic Regression (OLR), AdaBoost, RUSBoost-based, SVM 

lassifiers to establish a new PD staging system based on com- 

only recognized clinical scales. However, the majority of the ex- 

sting studies have focused on using the popular ML method to 

iagnose PD during the appearance of early symptoms. For in- 

tance, Cavallo et al. [11] attempted to predict PD using motion 

ata collected from people’s upper limbs to aid in early diag- 

osis. The authors implanted a device (i.e., SensHand V1) into 

he upper limbs of the experimental subjects and asked them 

o execute a series of activities. Spatio-temporal and frequency 

ata analyses were used to calculate 48 parameters with three 

upervised ML algorithms (SVM, Random Forest (RF), and Naive 

ayes (NB)) using a dataset of healthy ( n = 30 ), Idiopathic Hypos-

ia (IH) ( n = 30 ), and PD ( n = 30 ) participants. For the diagno-

is of PD, Almeida et al. [6] applied several feature extraction ap- 

roaches and ML algorithms. The authors found that phonation is 

he most practical activity for detecting PD. Classifiers such as SVM, 

 -NN, and Multilayer Perceptron (MLP) were examined in this 

tudy. 

Several different techniques can be used for the progression 

nd detection of PD, for example, Nilashi et al. [58] employed an 
2

ies and feature sets were confirmed by the literature and medical experts.

 that the bradykinesia (NP3BRADY) feature was the most dominant and

gh insights into the influence of multiple modalities on the disease risk,

cted to help improve the clinical knowledge of PD progression processes. 

© 2023 Elsevier B.V. All rights reserved. 

nsupervised technique to predict PD. In that study, the authors 

ere able to predict the Unified PD Rating Scale (UPDRS) by low- 

ring the dimension via partial least squares approaches, cluster- 

ng via a self-organizing map, and utilizing incremental support 

ector regression prediction. Das [15] investigated several strate- 

ies and concluded that Neural Networks (NNs) were the most ef- 

ective ML methods for predicting PD, achieving 92.9% accuracy in 

omparison with DMneural, Decision Tree (DT), and regression. For 

eature weighting and classification in a PD diagnostic task, Po- 

at [63] used fuzzy C -means clustering and k -NN. The optimal k 

alue was obtained by feeding a weighted PD dataset to a k -NN 

lassifier. The optimal accuracy of 97.93% is achieved with k equal 

o three. Further, the adaptive Artificial Bee Colony (ABC) tech- 

ique was used for feature selection and optimization to diagnose 

D [91] . To ameliorate the unbalanced data, the researchers used 

 weighted technique and non-linear kernel function mapping to 

chieve a model accuracy of 98.97% with 5-fold cross-validation. 

sing Principal Component Analysis (PCA) for dimension reduction, 

isher Discriminant Ratio (FDR) for feature selection, and SVM for 

lassification, Singh et al. [81] obtained a high binary-class accu- 

acy of 95% and a multi-class accuracy of 85% for PD diagnosis. 

nother study for the diagnosis of PD, Abdulhay et al. [1] exam- 

ned gait and tremor using the PhysioNet database to report an 

verage accuracy of 92.7%. 

Although ML-based classification methods have shown consid- 

rable accuracy for the diagnosis of PD, the literature has re- 

orted two different ways methods: ❶ numerous features were 

mployed in the analysis, thus increasing the cost of the diagno- 

is [1,6,91] , and ❷ it was even more difficult to extract few fea- 

ures [58,63,81] . Further, research investigations often have min- 

mal impact on clinical practice for the following reasons: First, 

he detection and diagnosis of PD progression were explored in- 

ependently [77] . However, detection and diagnosis are dependent 

n each other. In addition to identifying the presence of Parkin- 

on’s disease, it is also critically important to identify the pro- 

ression of PD from one stage to another. Identifying patients at 

ubstantial risk of progressing helps patients and their caregivers 

ake appropriate precautions. As a consequence, PD diagnosis and 

rogression involve correlated processes [59] . Second, the major- 

ty of investigations, particularly neuroimaging, rely on a single 

odality [44,92] . Other than MRI, handwriting tasks [41] , motion 

11] , or speech data [74] ; has been used to diagnose PD using ML

pproaches. Meanwhile, PD is a multimodal illness [65] . Multiple 

ymptoms of PD can be used to accurately detect and identify 

he progression. Third, current research has mostly focused on im- 

roving the performance of complicated ML models while ignoring 

heir explainability [50] . As a result, despite the fact that signif- 

cant breakthroughs have been achieved in prediction, ML-based 

odels are unlikely to be accepted in a medical setting [19,37,66] . 

octors find it difficult to evaluate ML models and they believe 

hat such models are untrustworthy. Fourth, patients with PD go 

hrough several stages throughout their lives. Time is a signifi- 

ant variable in the development of the disease [75] . However, 

ew works in the literature have considered PD progression pre- 

iction as a time-series problem. Therefore, in the current study, 

e propose a framework for PD progression prediction based 

n time-series data that supports explainability for the predicted 

utput. 
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Glossary 

PD Parkinson’s disease 

AD Alzheimer’s disease 

DBS Deep brain stimulation 

PPMI Parkinson’s progression Markers initiative 

SVM Support vector Machine 

ANN Artificial neural networks 

RF Random Forest 

LR Linear Regression 

DT Decision Tree 

ET Extra Tree 

NB Naive Bayes 

LGBM Light Gradient Boosted Machine 

SGD Stochastic gradient descent 

ADB Adaptive Boosting 

k -NN k -Nearest Neighbour 

SMOTENN Synthetic Minority Oversampling technique 

Edited Nearest Neighbor 

SC Subject characteristics 

BS BIO-Specimen 

MH Medical History 

M Motor Function 

NM Non-Motor Function 

M-NM Motor Function and Non-Motor Function 

M-SC Motor Function and Subject characteristics 

M-MH Motor Function and Medical History 

M-MH-SC Motor Function, Non-Motor Function and Medical 

History 

Contributions This research aims to propose a novel framework 

hat exploits patients’ multimodality time-series data to predict 

heir progression and support decision explainability. The study 

akes the following six-fold contributions: 

❶ We propose an end-to-end machine learning pipeline based 

on time series data to predict PD. The pipeline provided the 

possibility to explore different approaches of (i) fusion of 

data modalities, (ii) improving the quality of data using dif- 

ferent techniques for missing values handling, data balanc- 

ing, feature selection, data normalization, etc., (iii) optimiza- 

tion of different machine learning models, (iv) mapping of 

time series data to a non-time series data, and (v) providing 

XAI capabilities. 

❷ We optimize the PD progression detection problem as two 

classification tasks with different com plexity levels, i.e., 

three-class and four-class tasks according to the H&Y scale 

(discussed in Section 2.4 ). For each task, five medically rel- 

evant time series modalities are explored, including Sub- 

ject Characteristics (SC), Bio-Samples (BS), Medication His- 

tory (MH), Motor function (M), and Non-Motor (MN) func- 

tion modalities. Further, different fusions of these modalities 

are examined to detect the most critical modalities and the 

specific features in each modality. These fusions provide a 

deeper understanding of the relationship among modalities 

and their contribution to the prediction. The resulting fea- 

ture set leads to personalized and customized decisions for 

PD prediction process. 

❸ The study has compared the performance of several widely 

used ML algorithms for diagnosing PD. The models were 

tuned using the Bayesian optimizer. In our study, multiple 

feature selection strategies were tested to identify the most 

effective f eature selection method and feature list. In addi- 

tion, ML models for diagnosing PD patients with three or 
3 
four classes were developed and validated using real-world 

time series data. 

❹ Real-world medical data are normally imbalanced. To solve 

this issue, variants of the over-sampling techniques such 

as SVMSMOTE, BorderlineSMOTE, ADASYN (Adaptive Synthetic), 

SMOTENC (Synthetic Minority Over-sampling Technique for 

Nominal and Continuous) , and SMOTEENN (Synthetic Minor- 

ity Over-sampling Technique with Ensemble of Neighbors ) are 

compared and the optimal technique is selected by perform- 

ing multiple experiments on different data modalities. 

❺ To provide trustworthy and medically acceptable decisions, 

the optimized ML models are extended to provide explain- 

able decisions. We explore different mechanisms to pro- 

vide the XAI capabilities. We develop and evaluate the SHAP 

feature attribution technique to provide both global and 

instance-based explanations. Further, two explainers based 

on LIME and SHAPASH , are implemented to offer insight ex- 

planations for each classifier’s decisions. The resulting mod- 

els provide accurate and explainable decisions. 

Organization The rest of the paper follows as outlined below: 

ection 2 discusses the related work in terms of PD diagnosis and 

rogression. Section 3 highlights the materials and discusses ev- 

ry component of the proposed framework. Section 4 discusses 

he results for three-class and four-class problems in terms of the 

oncept of explainability. Section 5 discuss in-depth the experi- 

ental analysis along with the limitation and future challenges. 

ection 6 concludes the paper with the future scope research. 

. Related work 

There are two key concerns associated with PD. Parkinson’s 

rogression is the first, and Parkinson’s stage detection is the sec- 

nd. We go over both of these problems in detail and discuss the 

elated work examining these issues. 

.1. PD diagnosis 

The phrase diagnosis refers to the process of determining 

hether a person has PD. There has been a lot of research aiming 

o diagnose PD patients. For example, Segovia et al. [73] , developed 

 technique for classifying non-PD and PD patient brain images. 

heir goal was to use sections of each hemisphere of the brain 

o diagnose PD independently. The classification rates were around 

4.7% when SVM and partial least squares were used as a classi- 

er and dimensional reduction method, respectively. Mohammed 

t al. [56] suggested a patient-specific dynamic feature extraction 

ethod that uses local field potential signal in a fusion with adap- 

ive SVM to identify PD or non-PD patients by modifying the de- 

ision boundary until a feasible solution is identified. Their tech- 

ique achieved a 98% classification accuracy. Using fuzzy models, 

amara et al. [10] developed an autonomous real-time method for 

dentifying resting tremor experiences in 10 Parkinson’s patients. 

he classification step included electrophysiological data from local 

eld potential and electrocardiography and achieved an accuracy of 

8.7%. 

Further, Rojas et al. [70] established a novel approach for ex- 

racting brain SPECT image features that showed 95% accuracy. 

u et al. [93] used an Auto-Regressive (AR) model to study 

he stochastic process of the idiopathic PD patients’ stride series, 

hich were used as features to distinguish PD stride series from 

on-PD cases. Their approach utilized the SVM classifier to differ- 

ntiate the healthy and idiopathic PD groups, with the results 89% 

pecificity, 72% sensitivity, and 83% Area Under the Curve (AUC) 

uggesting that regressive model settings might be useful for stride 

eries classification. The clinical Decision Support Systems (CDSS) 



M. Junaid, S. Ali, F. Eid et al. Computer Methods and Programs in Biomedicine 234 (2023) 107495 

m

p

t

i

d

o

o

s

i

c

J

D

m

b

s

s

n

n

m

r

p

t

r

a

a

c

t

t

t

r

a

t

i

n

c

f

d

i

s

r

a

e

v

w

W

o

t

U

a

d

2

d

t

a

d

R

h

a

a

[

u

P

I

m

t

r

S

t

a

f

fi

a

t

a

t

b

t

t

i

(

f

v

c

t

c

F

m

t

d

d

w

s

p

l

e

d

t

a

t

a

s

s

T

U

w

d

t

c

m

t

i

6

P

m

s

2

p

s

p

a

s

m

t

odel was suggested by [79] to examine the impact of merging 

atient-specific symptoms and drugs into three important func- 

ions: i.e., retrieving information, visualizing the therapy, and mak- 

ng suggestions on projected effective stimulation and medication 

oses. The authors used GNB, SVM, and RF to predict treatment 

utcomes. The combined ML algorithms accurately predicted 86% 

f the motor improvement scores one year after surgery. Parkin- 

on individuals are non-invasively identified via gait analysis. Us- 

ng gait variables, extract features using a wavelet transform. 100% 

ategorization accuracy when combining all spatiotemporal factors. 

oshi et al. [35] 

Using empirical mode deformation to filter electromyograms, 

ai et al. [14] proposed a novel method for identifying PD. In this 

ethod, signals were preprocessed in three phases using a novel 

andpass filtering method to show that the features are linearly 

eparable. The recommended technique was later developed as a 

martphone application to be more adaptable than existing alter- 

atives. Hirschauer et al. [29] devised another unique PD diag- 

ostic approach that is based on continuous phonation data. The 

ost important attributes were determined using the minimum 

edundancy maximum relevance approach, and the results are re- 

orted for various feature selection strategies. Their work applied 

he feature selection process and fed data into two kinds of neu- 

al classifiers: i.e., a standard Artificial Neural Network (ANN) and 

 Complex-Valued Artificial Neural Network (CVANN). The ANN 

chieved an accuracy of 94.28% while the CVANN achieved an ac- 

uracy of 98.12%. The expert-driven DSS model performs better in 

erms of accuracy than the data-driven model and is more like 

he judgments made by doctors. The accuracy findings show that 

he built models are suitable and appropriate for the purpose of 

ecommending options to DSS users [9] . Deep brain simulations 

nd EEG signals are vital for the study of Parkinson’s disease. In 

his work, an automated tunable Q wavelet transform (A-TQWT) 

s developed to extract numerous subbands (SBs) from these sig- 

als and then analyze them using machine learning methods be- 

ause manual analysis of these signals is laborious. Using EEG data 

rom an open source dataset, the suggested technique successfully 

istinguishes between healthy controls and PD patients on med- 

cation and those who are not. The area under the curve for the 

uggested method’s classification accuracy was 97% and 98.56%, 

espectively, while its accuracy was 96.13% and 97.65% [38] . The 

uthors of this research noted that manual procedures are nec- 

ssary for typical machine learning approaches, which are incon- 

enient. An automated PD detection technique dubbed PDCNNet, 

hich combines Smoothed Pseudo Wigner-Ville Distribution (SP- 

VD) and convolutional neural network (CNN), is proposed to get 

ver these restrictions. With SPWVD, the EEG signals are converted 

o time-frequency representation (TFR) and sent to a CNN model. 

sing two open databases, the suggested model successfully di- 

gnoses Parkinson’s disease with high accuracy. For one of these 

atasets, the accuracy of 100% and 99.97% were attained [39] . 

.2. PD progression 

Once the PD patients have been recognized, the next task is to 

etermine whether each PD patient is expected to soon progress 

o an advanced stage of PD. There have been many studies ex- 

mining the progression of PD to identify patient progression at 

ifferent PD stages. For instance, Drotár et al. [16] used the SVM- 

BF kernel technique to classify the stages of PD. The authors used 

andwriting characteristics -such as in-air movements, pressure, 

nd control- of PD patients’ hands to determine the PD stage and 

chieved an accuracy percentage of 81.3%. Further, Connolly et al. 

13] employed SVM, LDA, and k -NN to determine the PD stage 

sing a deep brain stimulation device that was implanted in 15 

arkinson’s patients ahead of time and they achieved 91% accuracy. 
4 
n their study, the diagnosis of PD progression was based on ML 

ethods. The researchers used feature selection and classification 

o identify PD by utilizing ML approaches, such as ANN, SVM, and 

egression trees, and they achieved an accuracy of 93.84% using 

VM. In another study [60] conducted a thorough evaluation using 

he recent PD detection ML algorithms; although ML encompasses 

 wide range of algorithms, picking the best one was not straight- 

orward. Their work compares and identifies which of three classi- 

ers -Multilayer Perceptron, SVM, and k -NN- is the most powerful 

nd reliable for PD classification on the voice dataset. 

Further, most of the studies on PD progression have concen- 

rated on non-motor features. For example, rapid eye movement 

nd sleep behavior disorders are both characteristic non-motor fea- 

ures. Prashanth et al. [65] integrated non-motor features, Cere- 

rospinal Fluid (CSF), and dopamine marker tests. Their work used 

he PPMI dataset and employed GNB, SVM, Boosted Tree, and RF 

o classify patients, and they achieved an accuracy of 96.4% us- 

ng SVM. Al-Fatlawi et al. [4] presented the Deep Belief Network 

DBN) as a tool for PD progression. The study used data collected 

rom the UCI data repository for 195 voice recordings of 31 indi- 

iduals with 16 features, and the proposed DBN achieved 94% ac- 

uracy. Abdulhay et al. [1] used tremors and gait as the basis for 

heir novel diagnosis and they achieved an accuracy of 92.7%. 

Evolutionary algorithms have also been used to develop clini- 

ally useful models to classify PD patients from healthy controls. 

or example, Smith et al. [83] utilized Cartesian genetic program- 

ing to evaluate human movements, the progression of PD pa- 

ients from healthy controls, and the degree of dyskinesia. Animal 

ata has been gathered using fruit flies with or without PD genetic 

efects, while human data has been collected through non-invasive 

ays utilizing commercial sensors. Ahmadlou and Adeli [3] pre- 

ented Enhanced Probabilistic Neural Networks (EPNN), an ML ap- 

roach that controls the spread of the Gaussian kernel by using 

ocal decision rings around training data. The proposed approach 

xhibited 92.5% stage classification performance when considering 

ata from six clinical exams and functional neuroimaging data for 

wo brain regions of interest when using the PPMI3 dataset, and 

n accuracy of 98.6% when classifying healthy people from PD pa- 

ients. Using SPECT imaging, Illán et al. [30] proposed a computer- 

ssisted approach for PD progression. Their suggested system con- 

ists of a whole image processing pipeline, normalization, and clas- 

ification. It is intended to assist clinicians in their everyday tasks. 

heir study achieved an AUC of 0.96% using the SVM classifier [47] . 

sing EEG recordings from PD patients and healthy controls, this 

ork suggested a deep-learning model for automated Parkinson’s 

isease diagnosis. A 2D-CNN model was trained using these spec- 

rograms after the EEG recordings underwent a Gabor transform to 

reate spectrograms. Using tenfold cross-validation, the suggested 

odel was able to obtain high classification accuracy of 99.46% for 

hree classes (healthy controls, PD patients with and without med- 

cation, and other PD patients). Recently, Loh et al. [46] reviewed 

3 publications that proposed deep learning models for automated 

arkinson’s disease diagnosis highlighting several approaches and 

odalities used in literature, including brain imaging and motion 

ymptoms, among others. 

.3. PD progression detection scales 

For PD, there are various measures used to assess patient im- 

airment and disability; i.e., stage and severity. Using common 

ymptoms and biomarkers, the primary scales are established to 

lace the patients on the right stage. The most widely used scales 

re the Hoehn and Yahr (H&Y) scale [33] and the Unified Parkin- 

on’s Disease Rating Scale (UPDRS) [23] . The UPDRS evaluates the 

ost relevant clinical aspects of PD to offer a thorough evalua- 

ion of disability and impairment. H&Y scale offers a comprehen- 
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Fig. 1. Architecture of the proposed Parkinson’s disease progression prediction model. Multimodality and time-series data are collected from the PPMI database. Essential 

and standard preprocessing steps are employed in preparing the dataset to train and test the models. In addition, to enhance the model performance, we use normalization, 

class imbalance, and feature selection techniques. Bayesian Optimizer is used to tune each model. Furthermore, the models are evaluated on the explanations provided by 

three explainers. 
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ive evaluation of disease development using a staging system that 

pans from zero (no evidence of illness) to five (severe disease) 

24] . The MDS-UPDRS (Movement Disorder Society UPDRS) is an 

pdated and improved version of the original UPDRS that includes 

dditional items dedicated to numerous non-motor aspects of PD. 

herefore, it is more comprehensive than the original rating scale 

33] . For the present study examining PD detection, the H&Y scale 

s used. The following is a concise description of the H&Y scales 

nd the MDS-UPDRS. 

.4. Hoehn and Yarn scale 

The H&Y scale is a scale that is frequently used to evaluate the 

verall severity of PD. H&Y scale starts with unilateral (Stage 1) to 

ilateral without balance problems (Stage 2), then postural insta- 

ilities (Stage 3), loss of physical dependency (Stage 4), and lastly 

eing confined to a wheelchair or bed unless supported (Stage 5) 

24] . We formulated two different research problems: ❶ The H&Y 

cale is used to classify PD into a three-class problem consisting 

f the healthy class (stage 1), the early class (stage 2), and the 

dvance-early class (stage 3). ❷ In classifying PD into a four-class 

roblem, the healthy class (stage 1), the early class (stage 2), the 

dvanced-early class (stage 3), and the advanced class (stage 4) 

ere considered. We eliminated the stages beyond the fourth class 

ince there are few patients at stage 5. Studies have shown that 

hese stages have a considerable relationship with the standard of 

iving indicators and a strong association with the UPDRS [61] . 

.5. MDS-UPDRS 

Another scale used to determine the severity of PD is the MDS- 

PDRS. The MDS-UPDRS comprehensively assesses the clinical as- 

ects of PD (both motor and non-motor) [23] . There are 65 entries 

n the scale which are divided into four parts. Part ❶, which con- 

ists of 13 entries, measures non-motor aspects of everyday life. 

he first six entries are partly examined by the physician, while 

he next seven are partially evaluated by a patient questionnaire. 

art ❷, which includes another 13 entries, is about motor experi- 

nces in everyday life. All the entries are fully assessed by a patient 
5 
uestionnaire. Part ❸ is the motor examination, which consists of 

3 entries, and it is examined by a physician. Part ❹ measures mo- 

or abnormalities and consists of six entries that a physician re- 

iews once a person with PD have begun taking medication. Re- 

earch has shown that the MDS-UPDRS is a sensitive and reliable 

ool for evaluating the development and severity of PD [23,61] . 

. Materials and methods 

This section introduces an ML framework for detecting Parkin- 

on’s Disease progression. The framework consists of multiple 

tages including data collection, preprocessing, splitting, cross- 

alidation, balancing, model training, hyperparameter optimization, 

valuation, and explainability. Figure 1 illustrates the framework 

tages, and more details about these stages are included in the fol- 

owing Subsections. 

.1. Data collection 

This study uses the PPMI database http://www.ppmi-info.org/ 

ata , which is a multi-national, large-scale database that records 

he progression of PD. The database includes comprehensive pa- 

ient clinical information, including medical images, clinical re- 

orts, motor and non-motor test results, biosamples, and patient 

istory and background [51] . The study covers five essential modal- 

ties, SC, BS, MH, M, and NM, and extracts a range of data classes 

rom the dataset with their own set of features. 

The PD dataset comes in the form of time series (as patient 

isits) from the PPMI data. For each patient, six common vis- 

ts are sorted within every 12-month interval, i.e., baseline (BL) 

n month 0 visit 1 in month 12, visit 2 in month 24, visit 3 in

onth 36, visit 4 in month 48, and visit 5 in month 60. Table S9

n the supplementary file provides more information on the pa- 

ient’s visits and the number of patients in each visit. Only non- 

ime series data are accessible in the SC modality, although all 

ther modalities offer time series observation. each patient’s class 

s determined using the variable NHY based on the H&Y scale, each 

atient’s class is selected. Table 1 shows the sensitive attributes 

f data and their distribution, including, age, gender, and socio- 

http://www.ppmi-info.org/data
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Table 1 

Parkinson’s disease progression dataset insights. 

Features PAT Male Female Total (Average) 

PATNO HC 202 232 217 

PD 392 256 324 

Years of education (Avg) HC 15.95 14.73 15.95 

PD 16.77 17.11 16.77 

Age average HC 62.38 60.01 62.38 

PD 64.38 63.21 64.38 

Hand ∗8pat use both 

hands 

left HC 24 31 27.5 

PD 35 25 30 

right HC 170 193 181.5 

PD 343 226 284.5 

Family History of pd 0 HC 113 87 100 

PD 220 122 171 

1 HC 90 145 117.5 

PD 172 134 153 

Fig. 2. Number of patients in each class. (a) The total number of healthy vs. Parkin- 

son’s patients. (b) The Total number of Parkinson’s patients who remain at the same 

stage (blue) and who shift between stages (red). (c) The total number of patients 

who shift from one stage to another (single or multiple shifts). For example, there 

are 30 patients who shifted from stage 0 to stage 1, 29 patients have two shifts 

(from stage 0 to stage 2), and three patients had three shifts (from stage 0 to stage 

3). 
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conomic status. Two datasets are prepared including one for the 

hree-class problem ( n = 953 ) and another for the four-class prob- 

em ( n = 1059 ). Figure 2 shows the different number of patients in 

ach class and their progression 2 . 

.2. Data preparation 

This section discusses the data preparation steps followed prior 

o the training of the proposed model. The effectiveness of each 

odality (motor and non-motor) in detecting PD severity was eval- 

ated and the results were shown in Figs. S1 and S2 in the sup- 

lementary file. The heterogeneous time series data was prepro- 

essed to improve its quality through a set of steps. The following 

re some of the steps in the process: 

❶ Missing data for all modalities are handled in the first stage. 

All features with a missing data percentage exceeding 30% 

are eliminated. The missing data are handled in various 

ways, including forward and backward filling. The median 

filling is used for the continuous (numerical) features, and 

the mode technique is used to fill categorical data. 

❷ In the second stage, the time-series data are transformed into 

non-time-series data by applying statistical feature extrac- 

tion on the patient’s six visits. The mean, minimum, max- 
6 
imum, variance and standard deviation are calculated for 

each patient’s feature. 

❸ The dataset is then split into a training set (80%) and a test- 

ing set (20%). The training set is used to develop and val- 

idate the model using the stratified 10-fold CV technique 

whereas the testing set is used to determine the model gen- 

eralization. 

❹ The data are also rescaled to make them uniform. In the 

range [0, 1], the data are normalized. At this point, outliers 

are also identified, and each class’s average value is used to 

replace them. 

❺ Since ML models are prone to bias in the event of unbal- 

anced datasets, the next step is data balancing. There are a 

variety of approaches that can be used to deal with imbal- 

anced datasets. Commonly used methods are oversampling 

and undersampling of the data using the Synthetic Minority 

Oversampling Technique (SMOTE) and its variants [12] . Af- 

ter testing multiple SMOTE methods, SMOTE Edited Nearest 

Neighbor (SMOTENN) is used as the best fit in this study to 

deal with the training set’s class imbalance. 

❻ In the ML process, feature selection is a crucial aspect of 

model performance. This study explored the impact of var- 

ious feature selection procedures in detail. We tested fea- 

ture selection using three approaches: , we employed the 

whole set of features and performed the experiments: , 

we performed an early selection of features, i.e., we selected 

features in each modality before fusion on modalities; and 

, we performed late feature selection, i.e., we fused all the 

modalities and then used the feature selection method. We 

applied ML methods in all three approaches and selected 

late selection as the best method. 

.3. Data normalization 

The normalization of data is a crucial step in preprocessing for 

uccessful model training in ML. The Min-Max approach [28] is 

sed to normalize the data by rescaling the data range to [0,1]. 

he following is the definition of Min-Max normalization: 

 

′ = 

x − x min 

x max − x min 

× (b − a ) + a (1) 

here x max and x min are the maximum and minimum values re- 

pectively. In the range [a,b], the Min-Max normalization translates 

alues x to x ′ . 

.4. Dataset class balancing 

Since the dataset is unbalanced and to ensure the reliability of 

he reported results, we have addressed the imbalanced dataset us- 

ng the combination of oversampling the minority class and under- 

ampling the majority class. This has been done using SMOTENN 

45] which is only applied to the training dataset, while the testing 

et was balanced with real patient data to mimic real-world sce- 

arios. To avoid training bias, the balanced training set was used to 

rain the ten ML models using a stratified 10-fold cross-validation 

pproach. 

.5. Feature selection 

The process of identifying the most important and relevant fea- 

ures for a prediction task is a crucial aspect of building robust 

achine learning models [8] . The goal of this process is to deter- 

ine the smallest set of features that achieves the best-performing 

odel. This approach reduces the risk of overfitting, removes unin- 

ormative features, and enables the classifier to focus on the most 

mportant variables [31] . Various feature selection techniques are 
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xperimented with to achieve this and the most effective method 

s utilized. In this case, the recursive XGBoost and SULOV (Syn- 

hetic Unlabeled Local Outlier Voting) methods are used to reduce 

he number of features and identify the best set for the model. 

Assuming that a data set is D = { (x i , y i ) : i = 1 , . . . , n, x i ∈
 

m , y i ∈ R m } , having n samples with m features. Let ˆ y i be defined

s the value predicted by the model: 

ˆ 
 i = 

n ∑ 

i =1 

F i ( x i ) (2) 

here F i represents an independent regression tree and F i (x i ) de- 

otes the prediction score given by the i th tree to the n th sample. 

he set of functions F i in the regression tree model can be learned 

y minimizing the objective function as follows: 

 = 

n ∑ 

i =1 

L ( y i , ̂  y i ) + 

n ∑ 

i =1 

�( F i ) 

.6. Holdout and cross validation 

In the ML method adopted for prediction, both the best tech- 

ique and optimized hyperparameters for the selected model are 

onsidered. The nested CV technique, with a 10-fold inner CV and 

0-time outer hold-out, is used to evaluate the ML models’ pre- 

iction ability and generate an unbiased estimate of their accu- 

acy [89] . The outer hold-out process, including data splitting, nor- 

alization, class imbalance, and feature selection, is repeated ten 

imes to ensure a robust model, and the model with the highest 

verage accuracy is selected for further examination. 

In our experiments, models learned with leave-one-out cross- 

alidation have higher variance than those learned with regular 

-fold cross-validation (see Table S13 in the Supplementary file), 

aking leave-one-out CV an inadequate choice in terms of per- 

ormance, cost, and computational time. Therefore, we proceeded 

ith a 10-fold CV, which impacted the average performance of test 

esults as shown in Section 4 . 

.7. ML-based models and training optimization 

Models ML models with the minimum loss during the training 

re selected. The trained model with the optimized parameters is 

hen utilized for PD detection in the testing phase. To develop a 

rognostic model for PD progression detection, the present study 

ssesses various supervised ML algorithms in terms of their ability 

o predict PD progression. High-performance ML algorithms such 

s SVM [32] , RF, LR [5] , DT [55] , ET, GNB [94] , LGBM, SGD [7] ,

DB, and k -NN [76] are used. These models are optimized to clas- 

ify the three-stage and four-stage problems with different fusions 

f modalities. The top 10 ML models with the best performance 

cross distinct modalities are selected in three ways: ❶ with the 

hole set of features (refer to Table S10 in the Supplementary file 

or CV and testing accuracy and other performance matrices), ❷

ith selected features (refer to the Table S11 in the Supplementary 

le for CV and testing accuracy and other performance matrices), 

nd ❸ with optimized features selected (refer to Table S12 in the 

upplementary file for CV and testing accuracy and other perfor- 

ance matrices). 

Bayesian optimizer All machine learning techniques find the best 

odel parameters using a stratified 10-fold CV and Bayesian opti- 

ization. Each model is trained using the 10-fold CV method on 

n 80% training dataset. Ten times each experiment is run, and 

he average value and standard deviation are provided. The test 

ataset that was over-sampled by 20% is used to assess the gen- 

rated models [96] . 
7 
Let K denotes a model for which there is no closed-form ex- 

ression. Considering the model to be expensive to evaluate. The 

odel K be a well-behaved defined on a subset X ⊂ R 

d . The goal 

s then to solve the following global optimization problem: 

 

∗ = arg max 
x ∈X 

K(x) 

By using a probabilistic model, Bayesian optimization seeks to 

dentify the model K global optimum. By utilizing the model to 

ake choices about the training set, K, and integrating out uncer- 

ainty. At the expense of requiring extra calculations to select the 

ext point to test [78] , it provides the minimum of non-convex 

unctions with very few evaluations [78] . 

Experiment workstation We performed the experiments on a 

orkstation with 64-bit Windows 10 as the operating system and 

he hardware configuration of an Intel CPU core i7-9700K with 

8 GB DDR4 memory. 

.8. Evaluation metrics 

To measure the CV and generalization performance of the pro- 

osed model, four standard metrics are used: accuracy [ Eq. (3) ], 

recision [ Eq. (4) ], recall [ Eq. (5) ], and F1-score [ Eq. (6) ]: 

ccuracy = 

T P + T N 

T P + T N + F P + F N 

(3) 

 recision = 

T P 

T P + F P 
(4) 

ecall = 

T P 

T P + F N 

(5) 

 1 − score = 

2 ∗ P recision ∗ Recall 

P recision + Recall 
(6) 

here TP is the true positive, TN is the true negative, FP is the 

alse positive, and FN is the false negative. 

.9. Features importance technique 

Feature importance scores are crucial in predictive modeling 

esign, as they provide insight into the data, developed model, 

ramework complexity, and feature selection. Therefore, modifying 

he feature importance can increase the effectiveness of the predic- 

ive model on any specific task. We used numerous approaches to 

iscover the top features, including LR, RF, and XGBoost for feature 

mportance, and then reported the best features. In supplement 

le 1, S15 shows the details of the feature selection process, and 

16 shows the comparison of the models with complete features, 

elected features, and after optimization in different modalities. 

.10. Explainability of models 

Explainable AI is a collection of tools that aid in the compre- 

ension and interpretation of any ML model’s predictions. There 

re two possible ways to comprehend the model: ❶ The global 

xplanation refers to how the model makes decisions in general, 

hile ❷ the local explanation refers to how the model makes 

ecisions in a specific situation [49] . Attributions, visualization, 

xample-based, game theory, knowledge extraction, and neural 

etworks are among the many post-hoc explainability methodolo- 

ies that have been proposed [68] . SHAP (Shapley Additive Expla- 

ations) [48] is a well-known and reliable approach used in the 

rticle. It is one of the best tools that assigns each feature an im- 

ortance value for a particular decision. 

The Shapley value explanation is expressed as a linear model, 

hich is an innovation brought by the approach SHAP. LIME (Local 
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nterpretable Model-Agnostic Explanations) [69] and Shapley Val- 

es are connected by this perspective. Each SHAP value represents 

he positive or negative contribution of each model feature. Using 

HAP value has two important advantages: ❶ SHAP values may be 

etermined for any model, not only basic linear models. ❷ each 

core has a set of SHAP values unique to it [48] . The output prob-

bilities from a particular set of samples that cover the portion of 

he input required to be explained are then used to create a linear 

odel using lime. The relevance of input characteristics is then cal- 

ulated using the weights of the surrogate model. SHAP specifies 

he explanation for an instance x as: 

 

(
z ′ 
)

= �0 + 

M ∑ 

j=1 

� j z 
′ 
j (7) 

LIME is another well-known tool [69] . Some classifiers employ 

ser-unfriendly representations. Even if it is not the representation 

tilized by the classifier, Lime describes it in terms of interpretable 

epresentations [69] . The LIME model may be expressed as follows: 

(x ) = argmin 

g∈G 

{ 

L ( f, g, w 

x ) + ω(g) 
} 

(8) 

here g represents the explanation model for the instance x. G is 

he family of possible explanations. L is the loss function, which 

s used to measure how close the predictions from the explanation 

odel are to the original model. f represents the original model. 

 

x defines the weight between the sampled data and the original 

ata. If the sampled data are similar to the original data, then the 

eight is greater, and vice versa. 

 

( f, x ′ ) = 

∑ 

z ′ ⊆{ x ′ 
1 
, ... ,x ′ n }\{ x ′ i } 

| z ′ | ! ( M−| z ′ | −1 ) ! 
M! [

f 
(
z ′ ∪ x ′ 

i 

)
− f 

(
z ′ 
)]

, 
(9) 

End users may be better able to understand a model’s decision 

f the most essential elements are described. Another tool, Shapash 

80] , aims to make ML more understandable and interpretable for 

 general audience. It provides a wide range of visuals with prop- 

rly defined labels that are easy to understand. Shapash also aids 

ata science audits by compiling essential data and model infor- 

ation into a single report. The RF, ET, and LGBM classifiers are 

sed because they are the most accurate and allow for feature im- 

ortance to be retrieved in terms of both a global explanation and 

 local explanation. Although SVM and SGD can fit sophisticated 

onlinear models to data and achieve excellent performance, the 

esulting models are opaque, and the explainer could not support 

uch type of classifiers [80] . As a result, for fair comparison, we 

hose RF, ET, and LGBM classifiers for explainability using SHAP, 

IME, and Shapash explainers. 

. Results 

Based on single and varied fusions of modalities, we reported 

he performance of the top five models: RF, LGBM, ET, SVC, and 

GD. We tested 10-ML models with single-modality (i.e., SC, BS, 

H, M, and NM) and analyzed them for both three-class and four- 

lass contexts. The methods we used for data fusion are averag- 

ng and combining data from multiple modalities. The main idea 

f the used data fusion mechanism is to explore the performance 

f combining different modalities using and without using an extra 

eature selection step. We tested the performance of different ML 

odels with each modality using and without using feature select 

tep in the pipeline. Based on the performance of single modali- 

ies, we fused the best two modalities and tested the performance 

f different ML models using and without using feature selection 

tep. This process is continued until we reached the best number 

f modalities that achieved the best results. The results of the ex- 

eriment revealed that the motor modality outperformed all other 
8 
odalities in terms of performance across models. As a result, the 

usion of modalities in tandem with motor modality has been re- 

orted: ❶ two-modality combinations such as M-NM, M-SC and 

-MH, and ❷ three-modality combinations (with the best perfor- 

ance of the M-MH tandem) such as M-MH-MH and M-MH-SC. 

Several experiments are carried out on the entire features (after 

he combination of modalities) dataset, along with feature selec- 

ion for single-modality (early selection) and multi-modality (late 

election). For the three instances described, well-known ML al- 

orithms are examined. The experimental results are presented as 

ean ± SD (Standard Deviation). The performance of each ML clas- 

ifier is compared based solely on the accuracy metric, since it re- 

ects other measurement matrices. Readers may check the accom- 

anying tables for further information on the other performance 

easures. 

Experiment 1 The experiment is designed to evaluate 10 promi- 

ent ML classifiers with default hyperparameters and entire fea- 

ures (n = 311). The average performance of the classifiers is listed 

n Table S1 in the Supplementary file over a 10-holdout for the 

hree-class problem. In attaining 82.9% CV accuracy, the ETC algo- 

ithms surpassed all other models. Throughout training, the ETC 

odel (SD = 2.0%) remains stable; however, the RF model achieves 

.68% better accuracy than ETC with the same stability during test- 

ng. The Gaussian NB model performs the worst with 56.94% CV 

ccuracy and 57.67% testing accuracy. As presented in Table S2 in 

he Supplementary file, this pattern has persisted for the four-class 

roblem. The best training accuracy is obtained by the ETC model 

85.31%), whereas the maximum testing accuracy is attained by the 

GBM classifier (74.88%). 

Experiment 2 This experiment investigates the role of feature se- 

ection in the training of ML models with default hyperparameters. 

or feature selection, two strategies are used: ❶ early selection, 

nd ❷ late selection. We examined the four distinct feature selec- 

ion methods in both approaches by relying on the motor modal- 

ty alone. Table S3 (for three-class) and Table S4 (for four-class) in 

he Supplementary file demonstrate the early selection strategy us- 

ng various feature selection techniques. The recursive XGboost and 

ULOV approach outperformed the other feature selection strate- 

ies in both the three-class and four-class tasks across the ML 

odels. With a 10-holdout test, the ETC ML algorithm achieved a 

aximum CV accuracy of 86% (SD = 2.0%) and a testing accuracy 

f 78.2% (SD = 0.0) in the three-class case. Similarly, for the four- 

lass case, the ETC model outscored all other ML models with a CV 

ccuracy of 85.8% (SD = 1.2%), while the LGBM classifier showed 

he greatest testing accuracy of 74.2% (SD = 1.5%). 

On the other hand, the late selection strategy attained a max- 

mum testing accuracy of 79.2% for a three-class experiment uti- 

izing the RF classifier. Table S5 (for three-class) and Table S6 (for 

our-class) in the Supplementary file demonstrate the late selection 

trategy using various feature selection techniques. In the four- 

lass test, the RF algorithm has a maximal CV accuracy of 86.8% 

SD = 1.0%) and the highest testing accuracy of 78.1% (SD = 0.4%) 

sing the DT classifier. Further, both feature selection strategies 

utperformed ML models that had been trained and validated on 

he whole feature set of the dataset as shown in Table 2 . These ex-

erimental results suggest that the late selection strategy is prefer- 

ble for attaining maximal testing accuracy. Compared to the en- 

ire features, for the three-class problem, the late selection strategy 

ncreased testing accuracy by 0.3% (with SD = 0.0), while for the 

our-class problem, it improved the testing accuracy by 3.22 per- 

ent (with SD = 0.0). Therefore, we used the late feature selection 

trategy for the rest of the experiments by leveraging the recursive 

Gboost, and SULOV approaches. 

Experiment 3 In this experiment we investigated the significance 

f hyperparameter adjustment in improving the performance of 

he ML models. This phase is performed after the late feature se- 
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Table 2 

Summary of the recursive XGboost and SULOV approach on the whole feature, 

early, and late feature selection strategies. The top row in each example represents 

CV accuracy whereas the bottom row represents testing accuracy. 

Three-class Four-class 

Whole Feature 82.90 ± 0.02 (ETC) 85.31 ± 0.01 (ETC) 

75.90 ± 0.02 (RF) 74.88 ± 0.03 (LGBM) 

Early Selection 86.00 ± 0.02 (ETC) 85.80 ± 0.01 (ETC) 

78.20 ± 0.00 (ETC) 74.20 ± 0.01 (LGBM) 

Late Selection 85.90 ± 0.01 (ETC) 86.80 ± 0.01 (RF) 

79.20 ± 0.00 (RF) 78.10 ± 0.00 (DT) 
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ection stage in a manner that depend on the results of the pre- 

eding experiment. The Bayesian optimization method is used to 

une the hyperparameters of every ML classifier. As can be seen 

n Table S7 in the Supplementary file for the three-class case, 

he performance of the ML classifiers has increased significantly. 

he LGBM classifier attained the maximum CV accuracy of 94.73% 

SD = 0.9%), whereas the SVM classifier achieved the best testing 

ccuracy of 87.61% (SD = 0.7%). For the four-classe case, Table S8 

n the Supplementary file shows that the LGBM model achieved 

1.93% CV accuracy, while SGD achieved the highest testing accu- 

acy of 89.30%. The top five most accurate models (RF, LGBM, ETC, 

VC, and SGD) from Table S7 & S8 in the Supplementary file are 

elected for further investigation in the following experiments. 

.1. Determining the best classifier for single-modality and 

ulti-modality for three-class 

We now conduct experiments to determine the optimum fea- 

ure selection strategy utilizing the motor modality alone. Late se- 

ection with recursive XGboost and SULOV method yields the best 

esults in both three-class and four-class problems. The training set 

dopts SMOTENN imbalance to eliminate model biases, whereas 

he testing set utilizes random oversampling. In addition, all the 

odels are subjected to Bayesian optimization to enhance their 

erformance. With these settings, we investigate all modalities and 

heir fusion across the ML classifier for the three-class problem. 

Single-modality LGBM classifier achieves better training results 

han the other considered ML-based models. For LGBM, the ac- 

uracies for SC, BS, MH, M, and NM are 73.09%, 74.65%, 83.57%, 

9.66%, and 90.73%, respectively, as presented in Table 3 . Across 

ll ML classifiers, the NM modality outperforms all other modal- 

ties (SC, BS, MH, and M). In all the experimental runs, the NM 

odality obtained the highest CV and testing accuracy in the 

ingle-modality test. LGBM had the maximal CV accuracy of all 

he ML models utilizing the NM modality, at 90.73%, while SVC 

ad the best testing accuracy at 81.94%. Meanwhile, SGD fared 

oorly, with a minimum CV accuracy of 74.33% and a testing accu- 

acy of 69.48%. The ET model underperformed for the SC modality, 

hereas SGD scored inadequately for the BS, MH, and M modal- 

ties overall. Further, RF is the best model overall with respective 

esting accuracies of 65.78%, 70.12%, and 72.21% for SC, MH, and 

. In terms of BS modality, the ET model has the best testing ac- 

uracy of 69.41%. SGD had the lowest accuracies of 62.21%, 65.26%, 

3.25%, 65.34% and 69.48% with SC, BS, MH, M, and NM modalities, 

espectively. 

Multli-modality We state that the NM modality plays a crucial 

ole in improving the performance of all ML models. We employed 

M in conjunction with other modalities to solve a multi-modality 

hallenge since it surpasses all other modalities and exhibits the 

est CV training and testing accuracy of all classifiers. We excluded 

he BS modality from the multi-modality tests since it is non-time 

eries data. We conducted two sets of multi-modality experiments: 

two-modality, and ❷ three-modality. When it comes to two- 

odality, the NM-M combination outperforms all others, as pre- 
9 
ented in Table 3 . Compared to other ML-based models, the LGBM 

lassifier, with NM-M modalities, produces the best training ac- 

uracy of 94.89%. However, SVC outperformed LGBM with NM-M 

odalities, obtaining 10.68% higher testing accuracy. LGBM out- 

erformed the other ML classifiers in other combinations, such as 

M-SC and NM-MH, with respective CV accuracies of 93.86% and 

1.77%. In the two-modality studies, SGD performs inefficiently. 

According to our findings, the NM modality, when combined 

ith the M-modality, improves the performance of all ML al- 

orithms. We used NM-M in conjunction with the other two 

odalities–MH and SC–to address a three-modality problem. As 

an be seen in Table 3 in all ML classifiers, combining three modal- 

ties reduces the CV and testing accuracy. For example, LGBM at- 

ained the highest CV accuracy of 94.89% when combining two 

odalities (NM-M); however, when combining the MH modality 

nd the SC modality (one at a time), it reduces to roughly 4% and 

% respectively. When merging two modalities (NM-M), SVC scored 

he highest testing accuracy of 86.10%, but when integrating MH 

nd SC modality (one at a time), it drops to around 4% and 2%, 

espectively. 

Comparison Figure 3 shows a comparison of the top five ML 

odels utilizing the single or multimodality that provides the 

est CV results, as well as the best accurate classifier using the 

ntire features, early selected features, and optimized late se- 

ected features across different modalities and their combinations. 

igure 3 (a) depicts the performance matrices of five ML models 

ith optimization using only the NM modality. With an accuracy 

f 90.73% and a recall of 89.53%, the LGBM model performed well. 

owever, the RF model performed better than the LGBM in terms 

f precision and F1-score. The LGBM model may be seen as hav- 

ng a step increase in performance when compared between en- 

ire features, early selected features, and optimized late selected 

eatures throughout the modalities, as shown in Fig. 3 (b). In gen- 

ral, the model performance increased dramatically when it was 

witched from using the entire features without optimization to 

sing feature selection with optimization. For example, the LGBM 

odel produced a CV accuracy of 51.36% with entire features using 

C modality, which has improved to 73.09% following late feature 

election optimization. 

In terms of multi-modality, the lowest performance model is 

GD, which used the NM-M modality to attain CV accuracy of 

8.49%, precision of 81.85%, recall of 78.60%, and F1-score of 

4.04%, as shown in Fig. 3 (c). When compared to SGD utiliz- 

ng the NM-M modality, the LGBM model demonstrated enhanced 

V model performance with improvements in accuracy of over 

16%, precision of over +5.5%, recall of over +15%, and F1-score 

f over +6.5%. Figure 3 (d) illustrates the top ML classifier–i.e., 

GBM– to compare the two-modality and three-modality scenar- 

os. The LGBM model performance is improved in any combina- 

ion, whether it be two-modality or three-modality. When the 

hole features are used without optimization, the LGBM classifier 

mploying the M-SC modality obtained a CV accuracy of 86.70%. 

hen using a feature selection approach, it improved by 2.5%. 

hen utilizing a late feature selection technique and then opti- 

izing using a Bayesian optimizer, it further improved by 4.6%. 

Critical analysis The statistical analysis is conducted to exam- 

ne the behavior of the NM modality, which is a crucial aspect of 

nhancing the performance of all ML models. The Friedman test is 

sed to analyze whether the models’ median values differed signif- 

cantly. If the difference in mean rank exceeds the critical distance 

f 2.728, then the difference between models is considered to be 

ignificant. The statistical difference is shown in Fig. 4 (a) based on 

he Friedman test’s model median values. LGBM has a mean rank 

f 1.10 and a median absolute deviation of approximately 3.0. RF 

hile the corresponding values for SVC are 2.0 and 2.5, respec- 

ively. However, the mean rank of the ML models ET and SGD is 
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Table 3 

Performance comparison between single-modality and multi-modality ML models for three-class problem. The bold font style is used to emphasize the highest performing 

ML model. The results of a 10-holdout and 10-fold CV average accuracy and testing accuracy are presented with the Standard Deviation (SD) i.e., mean ± SD. Following the 

late feature selection strategy, the hyperparameters of ML models are tuned using the Bayesian Optimizer. 

Model Dataset Cross-validation Testing 

Accuracy Precision Recall F1 Accuracy Precision Recall F1 

RF SC 70.37 ± 0.08 72.37 ± 0.08 75.51 ± 0.06 69.13 ± 0.09 65.78 ± 0.02 63.98 ± 0.04 65.78 ± 0.02 59.68 ± 0.03 

BS 72.68 ± 0.10 71.41 ± 0.11 79.04 ± 0.09 71.99 ± 0.10 67.53 ± 0.05 61.65 ± 0.06 65.02 ± 0.05 61.47 ± 0.05 

MH 80.96 ± 0.10 82.3 ± 0.090 78.40 ± 0.09 77.88 ± 0.09 70.12 ± 0.06 69.17 ± 0.06 70.12 ± 0.06 63.54 ± 0.05 

M 83.05 ± 0.12 84.39 ± 0.09 80.51 ± 0.09 79.97 ± 0.09 72.21 ± 0.06 71.26 ± 0.08 72.21 ± 0.06 65.63 ± 0.07 

NM 88 . 12 ± 0 . 15 89 . 46 ± 0 . 09 80 . 30 ± 0 . 09 85 . 04 ± 0 . 09 81 . 61 ± 0 . 36 75 . 40 ± 0 . 36 81 . 61 ± 0 . 36 69 . 77 ± 0 . 35 

NM-M 92 . 28 ± 0 . 20 93 . 62 ± 0 . 13 84 . 46 ± 0 . 13 89 . 20 ± 0 . 13 85 . 78 ± 0 . 40 79 . 56 ± 0 . 40 85 . 78 ± 0 . 40 73 . 93 ± 0 . 39 

NM-SC 91.25 ± 0.17 92.59 ± 0.11 83.43 ± 0.11 88.17 ± 0.11 84.74 ± 0.38 78.53 ± 0.38 84.74 ± 0.38 72.90 ± 0.37 

NM-MH 89.16 ± 0.17 90.50 ± 0.11 81.34 ± 0.11 86.08 ± 0.11 82.65 ± 0.38 76.44 ± 0.38 82.65 ± 0.38 70.81 ± 0.37 

NM-M-MH 88.23 ± 0.18 85.29 ± 0.13 88.25 ± 0.18 87.23 ± 0.16 86.26 ± 0.18 88.23 ± 0.29 85.23 ± 0.18 89.24 ± 0.19 

NM-M-SC 90.24 ± 0.18 91.58 ± 0.11 82.42 ± 0.11 87.16 ± 0.11 83.74 ± 0.38 77.52 ± 0.38 83.74 ± 0.38 71.89 ± 0.37 

LGBM SC 73.09 ± 0.07 75.75 ± 0.06 78.13 ± 0.05 72.31 ± 0.07 64.75 ± 0.02 60.28 ± 0.06 64.75 ± 0.02 57.75 ± 0.04 

BS 74.65 ± 0.08 78.61 ± 0.07 78.48 ± 0.06 71.43 ± 0.10 66.65 ± 0.05 64.80 ± 0.07 68.71 ± 2.04 60 . 47 ± 0 . 03 

MH 83.57 ± 0.09 76.11 ± 0.09 82.37 ± 0.11 74.69 ± 0.12 65 . 03 ± 0 . 07 68.84 ± 0.06 65 . 03 ± 0 . 05 67.92 ± 0.03 

M 89 . 66 ± 0 . 09 78.22 ± 0.11 84.46 ± 0.11 76.78 ± 0.12 71.14 ± 0.09 70.93 ± 0.06 67.14 ± 0.07 70.01 ± 0.03 

NM 90 . 73 ± 0 . 09 83 . 27 ± 0 . 14 89 . 53 ± 0 . 11 76 . 59 ± 0 . 17 71 . 26 ± 0 . 42 80 . 33 ± 0 . 41 71 . 26 ± 0 . 35 79 . 41 ± 0 . 38 

NM-M 94 . 89 ± 0 . 13 87 . 43 ± 0 . 18 93 . 69 ± 0 . 15 80 . 75 ± 0 . 21 75 . 42 ± 0 . 46 84 . 49 ± 0 . 45 75 . 42 ± 0 . 39 83 . 57 ± 0 . 42 

NM-SC 93.86 ± 0.11 86.40 ± 0.16 92.66 ± 0.13 79.72 ± 0.19 74.39 ± 0.44 83.46 ± 0.43 74.39 ± 0.37 82.54 ± 0.40 

NM-MH 91.77 ± 0.11 84.31 ± 0.16 90.57 ± 0.13 77.63 ± 0.19 72.30 ± 0.44 81.37 ± 0.43 72.30 ± 0.37 80.45 ± 0.40 

NM-M-MH 90.05 ± 0.12 87.40 ± 0.12 91.66 ± 0.15 80.72 ± 0.17 78.39 ± 0.14 86.46 ± 0.23 75.39 ± 0.27 81.44 ± 0.20 

NM-M-SC 92.85 ± 0.11 85.39 ± 0.16 91.65 ± 0.13 78.71 ± 0.19 73.38 ± 0.44 82.45 ± 0.43 73.38 ± 0.37 81.53 ± 0.40 

ET SC 66.72 ± 0.07 69.14 ± 0.08 73.03 ± 0.06 64.86 ± 0.08 65.36 ± 0.03 62.73 ± 0.05 65.36 ± 0.03 60.56 ± 0.04 

BS 66.65 ± 0.08 70.02 ± 0.10 72.88 ± 0.08 67.75 ± 0.09 69.41 ± 0.05 61.01 ± 0.06 67.86 ± 0.03 62.30 ± 0.06 

MH 76.79 ± 0.09 79.06 ± 0.09 75.69 ± 0.09 76.45 ± 0.10 67.72 ± 0.08 65.49 ± 0.08 70.72 ± 0.08 69.03 ± 0.03 

M 78.90 ± 0.09 81.15 ± 0.11 77.78 ± 0.11 78.56 ± 0.10 69.81 ± 0.08 67.58 ± 0.08 72.81 ± 0.08 71.14 ± 0.03 

NM 83 . 95 ± 0 . 14 80 . 96 ± 0 . 09 77 . 59 ± 0 . 14 78 . 35 ± 0 . 10 79 . 21 ± 0 . 38 71 . 72 ± 0 . 38 76 . 95 ± 0 . 43 75 . 26 ± 0 . 33 

NM-M 88 . 11 ± 0 . 18 85 . 12 ± 0 . 13 81 . 75 ± 0 . 18 82 . 51 ± 0 . 14 83 . 38 ± 0 . 42 75 . 89 ± 0 . 43 81 . 12 ± 0 . 47 79 . 42 ± 0 . 38 

NM-SC 87.08 ± 0.16 84.09 ± 0.11 80.72 ± 0.16 81.48 ± 0.12 82.34 ± 0.40 74.85 ± 0.40 80.08 ± 0.45 78.39 ± 0.35 

NM-MH 84.99 ± 0.16 82.07 ± 0.11 78.63 ± 0.16 79.39 ± 0.12 80.25 ± 0.40 72.76 ± 0.40 77.99 ± 0.45 76.30 ± 0.35 

NM-M-MH 85.23 ± 0.17 84.23 ± 0.14 82.23 ± 0.17 81.23 ± 0.11 83.23 ± 0.24 81.23 ± 0.37 85.20 ± 0.23 79.21 ± 0.19 

NM-M-SC 86.07 ± 0.16 83.08 ± 0.11 79.71 ± 0.16 80.47 ± 0.12 81.34 ± 0.40 73.85 ± 0.41 79.08 ± 0.45 77.38 ± 0.36 

SVC SC 66.60 ± 0.09 67.84 ± 0.10 69.22 ± 0.08 66.65 ± 0.10 59.97 ± 0.04 59.92 ± 0.04 59.97 ± 0.04 59.36 ± 0.04 

BS 69.17 ± 0.11 68.56 ± 0.12 68.73 ± 0.12 69.47 ± 0.13 63.45 ± 0.04 59.26 ± 0.06 61.45 ± 2.06 61.85 ± 0.06 

MH 80.21 ± 0.12 71.84 ± 0.10 76.72 ± 0.12 70.12 ± 0.12 70.45 ± 0.07 70.57 ± 0.06 70.45 ± 0.05 60.66 ± 0.02 

M 86.32 ± 0.12 73.93 ± 0.10 78.83 ± 0.12 72.21 ± 0.12 76.54 ± 0.07 72.66 ± 0.06 72.56 ± 0.05 62.75 ± 0.02 

NM 87 . 37 ± 0 . 12 73 . 74 ± 0 . 10 83 . 88 ± 0 . 12 77 . 28 ± 0 . 17 81 . 94 ± 0 . 37 82 . 06 ± 0 . 36 81 . 94 ± 0 . 40 66 . 89 ± 0 . 37 

NM-M 91 . 53 ± 0 . 16 77 . 90 ± 0 . 14 88 . 04 ± 0 . 16 81 . 44 ± 0 . 21 86 . 10 ± 0 . 41 86 . 22 ± 0 . 40 86 . 10 ± 0 . 44 71 . 06 ± 0 . 41 

NM-SC 90.50 ± 0.14 76.87 ± 0.12 87.01 ± 0.14 80.41 ± 0.19 85.07 ± 0.39 85.19 ± 0.38 85.07 ± 0.42 70.02 ± 0.39 

NM-MH 88.41 ± 0.14 74.78 ± 0.12 84.52 ± 0.14 78.32 ± 0.19 82.98 ± 0.39 83.10 ± 0.38 82.98 ± 0.42 67.93 ± 0.39 

NM-M-MH 89.10 ± 0.19 76.05 ± 0.14 85.04 ± 0.13 80.31 ± 0.14 82.22 ± 0.39 81.06 ± 0.32 85.90 ± 0.39 64.06 ± 0.39 

NM-M-SC 89.49 ± 0.14 75.86 ± 0.12 86.05 ± 0.14 79.40 ± 0.19 84.06 ± 0.39 84.18 ± 0.38 84.06 ± 0.42 69.02 ± 0.39 

SGD SC 65.18 ± 0.09 66.26 ± 0.10 69.13 ± 0.07 64.37 ± 0.09 62.21 ± 0.03 61.14 ± 0.03 62.31 ± 0.03 60.06 ± 0.03 

BS 65.25 ± 0.11 66.20 ± 0.11 69.99 ± 0.10 64.54 ± 0.12 65.26 ± 0.05 61.44 ± 0.07 63.71 ± 0.05 61.55 ± 0.07 

MH 67.17 ± 0.10 70.53 ± 0.09 67.28 ± 0.11 62.72 ± 0.10 63.25 ± 0.06 62.27 ± 0.06 63.25 ± 0.06 61.76 ± 0.03 

M 69.26 ± 0.10 72.62 ± 0.11 69.37 ± 0.11 64.81 ± 0.10 65.34 ± 0.08 64.36 ± 0.06 65.34 ± 0.06 63.85 ± 0.03 

NM 74 . 33 ± 0 . 10 77 . 69 ± 0 . 09 74 . 44 ± 0 . 11 72 . 88 ± 0 . 10 69 . 48 ± 0 . 41 73 . 76 ± 0 . 06 69 . 48 ± 0 . 41 67 . 99 ± 0 . 33 

NM-M 78 . 49 ± 0 . 14 81 . 85 ± 0 . 13 78 . 60 ± 0 . 15 74 . 04 ± 0 . 14 73 . 64 ± 0 . 45 77 . 92 ± 0 . 10 73 . 64 ± 0 . 45 72 . 15 ± 0 . 37 

NM-SC 77.46 ± 0.12 80.82 ± 0.11 77.57 ± 0.13 73.01 ± 0.12 72.61 ± 0.43 76.89 ± 0.08 72.61 ± 0.43 71.12 ± 0.35 

NM-MH 75.37 ± 0.12 78.73 ± 0.11 75.48 ± 0.13 70.92 ± 0.12 70.52 ± 0.43 74.80 ± 0.08 70.52 ± 0.43 69.03 ± 0.35 

NM-M-MH 84.06 ± 0.39 82.03 ± 0.39 85.013 ± 0.39 82.13 ± 0.39 70.66 ± 0.31 73.6 ± 0.44 70.61 ± 0.13 71.63 ± 0.43 

NM-M-SC 76.45 ± 0.12 79.81 ± 0.11 76.56 ± 0.13 72.03 ± 0.12 71.68 ± 0.43 75.88 ± 0.08 71.60 ± 0.43 70.11 ± 0.35 
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model’s decision. 
.90 and 5.0, respectively, which are both higher than the critical 

istance (2.728). Therefore, the median values for the NM modality 

re significantly different for the models. The multimodality–the 

M-M modality in this example–is subjected to the same anal- 

sis. LGBM (rank = 1.0) and RF (rank = 2.20) have lower mean 

anks than the critical distance, as illustrated in Fig. 4 (b). Other 

odels have higher ranks than the critical distance, such as SVC 

rank = 2.80), ET (rank = 4.0), and SGD (rank = 5.0). 

Explainability Only models with a balance of accuracy and ex- 

lainability should be used in the medical industry. The ML mod- 

ls should address the following queries by providing enough in- 

ormation about the link between the input feature to the model 

nd the final predictions. Which features are the most important 

n the prediction? Why are the patients classified as a specific 

lass/category on the medical records? Consequently, the study’s 

nclusion of explainability in the methodology seems to be more 
10 
ntuitive and clinically acceptable. Due to the low explainability 

f the existing methods, PD diagnosis prediction remains an ex- 

remely difficult problem despite the performance improvements 

hat extant studies have achieved [66] . In the present work we 

ave implemented complex black-box models such as ET, LGBM, 

nd RF. We used both global and local explainers to demonstrate 

ow to provide the explainability of the ML models. 

Three explainers, SHAPASH, SHAP, and LIME, are used to provide 

 pool of potential explanations for the model’s results. Every ex- 

lanation comes from a separate explainer that estimates the high 

elevance score to the most notable features to various modalities 

nd returns with additional information regarding the explainer’s 

rustworthiness in terms of accuracy. From various perspectives, 

ncluding visualization, and feature significance (local and global), 

he explainers provide insights into the driving elements of the ML 
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Fig. 3. Performance of the top five ML classifiers for the three-class problem. (a) comparison of the NM modality between the ML models after late feature selection 

optimization. (b) The best model (LGBM) classifier is compared between the different modality when whole features are selected (black), an early feature selection criterion 

is applied (blue), and late feature selection is applied followed by Bayesian optimization (red). (c) Two-modality (NM-M) is compared between the ML models after late 

feature selection optimization. (d) The best model (LGBM) classifier is compared between the combination of two-modality and three-modality when whole features are 

selected (black), an early feature selection criteria is implemented (blue), and late feature selection is applied followed by Bayesian optimization (red). (For interpretation of 

the references to color in this figure legend, the reader is referred to the web version of this article.) 

Fig. 4. Critical diagram for the top five ML classifier based on the Friedman test 

for three-class classification problem using the NM modality. The critical diagram 

compares different models for: (a) the single-modality and (b) the multi-modality. 

t

i

p

N

h

p

a

a

s

p

P

t

(

S

c

d

t

a

g

a

i

t

a

s

w

❶ ETC Model: The feature importance plot is created by stacking 

he influence of a feature on the classes. Figure 5 shows a compar- 

son between global and local feature importance. SHAP is used to 

rovide a global explanation of the classes. As shown in Fig. 5 (a), 
11 
P3BRADY is the crucial feature for predicting if a patient will be 

ealthy or at an early stage, whereas it has less significance for 

redicting advanced stages. In addition, SHAP ranks the features 

ccording to their importance. In the rank, NP3PRSPR, NP3TTAPR, 

nd NP3FTAPR all include important features. 

We need to assess the significance of features for individual 

cenarios after examining the global feature importance of the em- 

loyed feature set (i.e., local feature importance). We used SHA- 

ASH and LIME for the local feature importance. SHAPASH iden- 

ifies the features that are most important in predicting class 2 

i.e., early-stage), and these are illustrated in Fig. 5 (b). According to 

HAPASH, the top features are NP3BRADY and NP3PRSPR, which is 

onsistent with the SHAP explainer’s global feature ranking to pre- 

ict PD early stage. Further, the LIME explainer assigns a low value 

o features in predicting the advanced stage, similar to how SHAP 

ssigns a low value to features in predicting the advanced stage 

lobally, as shown in Fig. 5 (c). The consistency of SHAP’s global 

nd local explanation of LIME and SHAPASH in predicting the class 

s demonstrated. 

❷ LGBM Model: In contrast to ETC, the global feature impor- 

ance plot generated by SHAP via the LGBM ML technique shows 

 substantial difference as illustrated in Fig. 6 (a). SHAP, like ETC, 

hows that the NP3BRADY feature has the highest ranking. Mean- 

hile, the NP3BRADY feature contribution is better for predicting 
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Fig. 5. The explainability of the ET ML classifier for predicting the three-class case of PD by (a) SHAP -which shows the global feature importance by the class; (b) SHAPASH, 

which shows the local feature importance by a single instance; and (c) LIME, which showed the local feature importance by a single instance. 

Fig. 6. Explainability of the LGBM ML classifier for predicting the three-class case of PD by (a) SHAP, which shows the global feature importance by the class; (b) SHAPASH, 

which shows the local feature importance by a single instance; and (c) LIME, which shows the local feature importance by a single instance. 
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he advanced early stage than predicting healthy or early patients. 

he next-best feature, MSEADLG, predicts the advanced stage bet- 

er than the healthy or early stages. In addition, the NP1FATG and 

P3POSTR features have a significant influence on determining the 

dvanced stage in the rank list. 

In terms of the local explanation, SHAPASH and LIME have the 

ame consistency features. SHAPASH identifies the features that are 

ost important in predicting class 2 which are shown in Fig. 6 (b) 

i.e., early-stage). According to SHAPASH, the most important fea- 

ures are NP3BRADY and NP3PRSPR with the maximum statisti- 

al features in the time-series data. Relative to the model, ETC and 

GBM list the same top features when utilizing SHAPASH. When 
12 
omparing explainers within the same classifier, SHAP and SHPASH 

ave NP3BRADY in common. Further, the LIME explainer assigns a 

lightly higher value to features in predicting the advanced stage, 

imilar to how SHAP assigns high weight to features in predicting 

he advanced stage as shown in Fig. 6 (c). SHAP, LIME, and SHA- 

ASH are shown to be consistent in predicting the class across the 

odels. 

❸ RF Model: The SHAP, SHPASH, and LIME explanations are 

ompared to the preceding two models (ETC and LGBM) with the 

F model. NP3BRADY, like ETC and LGBM, is at the top of the SHAP 

xplainer’s global feature importance list in predicting the three- 

lass PD patients as shown in Fig. 7 (a). The NP3BRADY feature 
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Fig. 7. Explainability of the RF ML classifier for predicting the three-class case of PD by (a) SHAP which shows the global feature importance by the class; (b) SHAPASH 

which shows the local feature importance by a single instance; and (c) LIME which the local feature importance by a single instance. 
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elps predict healthy and early-stage disease; however, the feature 

oes play a significant role in advanced stage prediction. SHAP for 

F models, unlike ETC and LGBM, lists the NP3FACXP feature as the 

econd most important feature. 

For the local explanation of the models, SHPASH and LIME ex- 

lainers are used for the RF model in the same way as ETC and

GBM for fair feature comparison. The RF model is provided with 

n example of the early-stage label (response 2). The SHAPASH 

xplainer generates the list of important features that contains 

P3BRADY with the maximum statistical attribute as shown in 

ig. 7 (b). The features NP3TTAPR and NP3PRSPR respectively con- 

ribute 15% and 10%. Meanwhile, the LIME explanation illustrates 

he feature significance score with the probability of prediction. 

s shown in Fig. 7 (c), LIME prediction exhibits a 100% probability 

f correctly classifying the input instance. The NP3BRADY feature 

akes the largest contribution to the prediction. following the in- 

estigation, it is determined that NP3BRADY is the most important 

eature in predicting the correct class, as is tested on three models 

ETC, LGBM, and RF) and assessed using three distinct explainers 

SHAP, SHAPASH, and LIME), including global and local explainers. 

.2. Determining the best classifier for single-modality and 

ulti-modality for four-class 

case Similar experiments are conducted for the four-class issue. 

e study all modalities and their fusion across the ML classifier 

or the four-class scenario using identical parameters as those in 

he previous section. 

Single-modality We first discuss the performance of ML algo- 

ithms for predicting PD based on each of the five single modal- 

ties. Compared to other ML-based models, the RF classifier pro- 

uces the best training results. As presented in Table 4 , the RF ac-

uracies for SC, BS, MH, M, and NM are 72.68%, 87.05%, 88.27%, 

4.81%, and 94.57%, respectively. The NM modality performs bet- 

er than all other modalities (SC, BS, MH, and M) across all ML 

lassifiers. The NM modality had the greatest CV and testing accu- 

acies in the single-modality test in all the experimental runs. SVC 

ad the greatest testing accuracy at 80.10%, whereas RF had the 

ighest CV accuracy of all the ML models using the NM modality, 
13 
t 94.57%. Meanwhile, SGD performed poorly, with a minimum CV 

ccuracy of 79.26% and the ET classifier scored a testing accuracy 

f 72.48%. Overall, the ET model fared poorly for the SC modal- 

ty, while SGD performed poorly for the BS, MH, and M modali- 

ies. Further, with a test accuracy of 65.78% using the SC modality, 

F is the best model overall. The SVC model has the greatest test- 

ng accuracy in the BS and MH modalities with respective values 

f 73.76% and 73.80%,. The LGBM model offers the greatest testing 

ccuracy of 69.20% for the M modality. With the SC modality, SVC 

ad the lowest testing accuracy of 63.45%, while ET had the mini- 

um testing accuracy of 66.18% with the MH modality. Lastly, SGD 

ad the smallest testing accuracies with the BS and M modalities, 

t 68.37% and 59.25%, respectively. 

Multi-modality The NM modality, as can be seen in the exper- 

mental results, plays a critical role in boosting the performance 

f all ML models. Because NM outperforms all other modalities 

nd has the highest CV training and testing accuracy of any clas- 

ifier, we used it in combination with other modalities to address 

he multi-modality problem. The BS modality was eliminated from 

he multi-modality testing because it is non-time series data. Two 

ypes of multi-modality tests are conducted: ❶ two-modality and 

three-modality. Table 4 shows that, aside from the LGBM classi- 

er, the NM-SC combination surpasses all others in terms of two- 

odality. The NM-M combination outperformed the other com- 

inations in the LGBM model. The LGBM classifier with NM-M 

odalities offers the best training accuracy of 93.37%, outperform- 

ng all other considered ML-based models and NM-SC combina- 

ions. With NM-SC modalities, SVC surpassed RF and LGBM (with 

M-M modalities), thus achieving 0.37% greater testing accuracy 

han RF and 12.5% greater testing accuracy than LGBM. With a CV 

ccuracy of 90.62%, LGBM surpassed all other ML classifiers in NM- 

H combinations. SGD showed overall poor performance in the 

wo-modality investigations. 

According to our results, when the NM modality is used in con- 

unction with the M-modality, the LGBM algorithms perform bet- 

er. When NM and SC are combined, all other ML-based classifiers 

erform better. We employed NM-M and NM-SC combined with 

he other two modalities of MH and M, to handle a three-modality 

ssue for the individual classifier. For example, since NM-SC im- 
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Table 4 

Performance comparison between single-modality and multi-modality ML models for four-class problem. The highest performing ML model each case is bolded. The results 

of a 10-holdout and 10-fold CV average accuracy and testing accuracy are presented with the Standard Deviation (SD), i.e., mean ± SD. Following the late feature selection 

strategy, the hyperparameters of ML models are tuned using the Bayesian Optimizer. 

Model Dataset Cross-validation Testing 

Accuracy Precision Recall F1 Accuracy Precision Recall F1 

RF SC 72.68 ± 0.10 71.41 ± 0.11 79.04 ± 0.09 71.99 ± 0.10 ∼ 67.53 ± 0.05 61.65 ± 0.06 65.02 ± 0.05 61.47 ± 0.05 

BS 87.05 ± 0.06 84.93 ± 0.05 85.35 ± 0.05 82.84 ± 0.06 72.08 ± 0.05 72.02 ± 0.05 72.08 ± 0.05 69.97 ± 0.05 

MH 88.27 ± 0.10 84.09 ± 0.09 86.28 ± 0.09 83.76 ± 0.09 72.07 ± 0.08 71.31 ± 0.09 72.07 ± 0.08 70.28 ± 0.08 

M 74.81 ± 0.07 71.79 ± 0.07 73.55 ± 0.06 69.76 ± 0.08 65.77 ± 0.03 65.54 ± 0.04 65.77 ± 0.03 63.92 ± 0.03 

NM 94 . 57 ± 6 . 40 90 . 39 ± 6 . 39 92 . 58 ± 6 . 39 90 . 06 ± 6 . 39 78 . 37 ± 6 . 38 77 . 61 ± 6 . 39 78 . 37 ± 6 . 38 76 . 58 ± 6 . 38 

NM-M 90.76 ± 0.18 92.10 ± 0.11 82.94 ± 0.11 87.68 ± 0.11 84.26 ± 0.38 78.04 ± 0.38 84.26 ± 0.38 72.41 ± 0.37 

NM-SC 91 . 58 ± 0 . 20 90 . 92 ± 0 . 14 84 . 76 ± 0 . 14 86 . 50 ± 0 . 14 86 . 07 ± 0 . 41 79 . 86 ± 0 . 41 86 . 07 ± 0 . 41 74 . 23 ± 0 . 40 

NM-MH 88.01 ± 0.22 89.35 ± 0.16 80.19 ± 0.16 84.93 ± 0.16 81.50 ± 0.43 75.29 ± 0.43 81.50 ± 0.43 69.66 ± 0.42 

NM-SC-MH 88.01 ± 0.22 85.03 ± 0.08 88.01 ± 0.22 85.03 ± 0.08 75.39 ± 0.35 69.76 ± 0.34 75.39 ± 0.35 69.76 ± 0.34 

NM-SC-M 88.11 ± 0.15 89.45 ± 0.08 80.29 ± 0.08 85.03 ± 0.08 81.61 ± 0.35 75.39 ± 0.35 81.61 ± 0.35 69.76 ± 0.34 

LGBM SC 74.65 ± 0.08 78.61 ± 0.07 78.48 ± 0.06 71.43 ± 0.10 66.65 ± 0.05 64.8 ± 0.07 68.71 ± 2.04 60 . 47 ± 0 . 03 

BS 81.55 ± 0.04 79.30 ± 0.05 80.28 ± 0.04 77.38 ± 0.05 72.39 ± 0.02 71.96 ± 0.03 72.39 ± 0.02 71.27 ± 0.03 

MH 86.32 ± 0.11 83.11 ± 0.11 85.36 ± 0.11 81.04 ± 0.12 70.85 ± 0.05 69.91 ± 0.06 70.85 ± 0.05 68.55 ± 0.06 

M 82.16 ± 0.07 77.52 ± 0.07 80.28 ± 0.07 77.30 ± 0.08 69.20 ± 0.04 67.72 ± 0.05 68.14 ± 0.05 67.84 ± 0.05 

NM 92 . 62 ± 6 . 41 89 . 41 ± 6 . 41 91 . 66 ± 6 . 41 87 . 34 ± 6 . 42 77 . 15 ± 6 . 35 76 . 21 ± 6 . 36 77 . 15 ± 6 . 35 74 . 85 ± 6 . 36 

NM-M 93 . 37 ± 0 . 11 85 . 91 ± 0 . 16 92 . 17 ± 0 . 13 79 . 23 ± 0 . 19 73 . 90 ± 0 . 44 82 . 97 ± 0 . 43 73 . 9 ± 0 . 37 82 . 05 ± 0 . 40 

NM-SC 91.19 ± 0.14 87.73 ± 0.19 93.99 ± 0.16 81.05 ± 0.22 75.72 ± 0.47 84.79 ± 0.46 75.72 ± 0.40 83.87 ± 0.43 

NM-MH 90.62 ± 0.16 83.16 ± 0.21 89.42 ± 0.18 76.48 ± 0.24 71.15 ± 0.49 80.22 ± 0.48 71.15 ± 0.42 79.30 ± 0.45 

NM-M-MH 89.96 ± 0.18 85.03 ± 0.08 87.32 ± 0.11 85.02 ± 0.28 73.20 ± 0.57 79.22 ± 0.27 85.03 ± 0.08 73.23 ± 0.44 

NM-M-SC 90.72 ± 0.08 85.26 ± 0.13 89.52 ± 0.19 76.58 ± 0.16 71.25 ± 0.41 80.32 ± 0.4 71.25 ± 0.34 79.40 ± 0.37 

ET SC 62.98 ± 0.12 64.23 ± 0.11 69.55 ± 0.10 62.35 ± 0.11 64.59 ± 0.05 63.82 ± 0.06 66.14 ± 0.06 60.72 ± 2.06 

BS 78.33 ± 0.07 75.49 ± 0.06 77.16 ± 0.05 73.88 ± 0.06 70.56 ± 0.06 70.16 ± 0.06 70.56 ± 0.06 69.20 ± 0.05 

MH 76.37 ± 0.12 73.90 ± 0.12 74.24 ± 0.11 71.63 ± 0.12 66.18 ± 0.06 64.72 ± 0.06 66.18 ± 0.06 64.88 ± 0.06 

M 76.18 ± 0.07 72.35 ± 0.08 74.10 ± 0.07 70.21 ± 0.08 63.02 ± 0.03 62.43 ± 0.04 63.02 ± 0.03 61.97 ± 0.03 

NM 82 . 67 ± 0 . 42 80 . 20 ± 0 . 42 80 . 54 ± 0 . 41 77 . 93 ± 0 . 42 72 . 48 ± 0 . 36 71 . 02 ± 0 . 36 72 . 48 ± 0 . 36 71 . 18 ± 0 . 36 

NM-M 87.21 ± 0.12 70.92 ± 0.14 84.86 ± 0.11 77.50 ± 0.14 72.14 ± 0.38 68.52 ± 0.39 77.40 ± 0.38 80.82 ± 0.37 

NM-SC 89 . 03 ± 0 . 15 72 . 73 ± 0 . 16 86 . 68 ± 0 . 14 79 . 32 ± 0 . 17 73 . 96 ± 0 . 41 70 . 34 ± 0 . 42 79 . 22 ± 0 . 41 82 . 63 ± 0 . 40 

NM-MH 84.46 ± 0.17 68.16 ± 0.18 82.11 ± 0.16 74.75 ± 0.19 69.39 ± 0.43 65.77 ± 0.44 74.65 ± 0.43 78.06 ± 0.42 

NM-SC-MH 85.23 ± 0.18 85.03 ± 0.08 85.03 ± 0.08 76.74 ± 0.18 85.03 ± 0.18 73.74 ± 0.38 85.03 ± 0.28 79.74 ± 0.38 

NM-SC-M 86.56 ± 0.09 68.27 ± 0.11 82.21 ± 0.08 74.85 ± 0.11 69.49 ± 0.35 65.87 ± 0.36 74.75 ± 0.35 78.17 ± 0.34 

SVC SC 69.17 ± 0.11 68.56 ± 0.12 68.73 ± 0.12 69.47 ± 0.13 63.45 ± 0.04 59.26 ± 0.06 61.45 ± 2.06 61.85 ± 0.06 

BS 79.56 ± 0.07 76.80 ± 0.06 76.28 ± 0.05 73.97 ± 0.07 73.76 ± 0.80 73.21 ± 0.01 73.76 ± 0.08 72.03 ± 0.05 

MH 78.75 ± 0.12 76.96 ± 0.11 76.85 ± 0.10 73.91 ± 0.11 73.80 ± 0.05 75.12 ± 0.05 73.80 ± 0.05 72.03 ± 0.06 

M 76.09 ± 0.08 71.31 ± 0.08 73.74 ± 0.08 69.84 ± 0.09 62.69 ± 0.04 60.76 ± 0.04 63.21 ± 0.04 60.93 ± 0.04 

NM 85 . 05 ± 6 . 42 83 . 26 ± 6 . 41 83 . 15 ± 6 . 40 80 . 21 ± 6 . 41 80 . 10 ± 0 . 35 81 . 42 ± 6 . 35 80 . 10 ± 6 . 35 78 . 33 ± 6 . 36 

NM-M 90.01 ± 0.14 76.38 ± 0.12 86.52 ± 0.14 79.92 ± 0.19 84.58 ± 0.39 84.70 ± 0.38 84.58 ± 0.42 69.54 ± 0.39 

NM-SC 91 . 83 ± 0 . 17 78 . 20 ± 0 . 15 88 . 34 ± 0 . 17 81 . 74 ± 0 . 22 86 . 40 ± 0 . 42 86 . 52 ± 0 . 41 86 . 40 ± 0 . 45 71 . 35 ± 0 . 42 

NM-MH 87.26 ± 0.19 73.63 ± 0.17 83.77 ± 0.19 77.17 ± 0.24 81.83 ± 0.44 81.95 ± 0.43 81.83 ± 0.47 66.78 ± 0.44 

NM-SC-MH 85.03 ± 0.08 73.21 ± 0.01 81.17 ± 0.19 84.29 ± 0.08 83.27 ± 0.26 83.21 ± 0.01 85.13 ± 0.09 68.53 ± 0.35 

NM-SC-M 89.36 ± 0.11 73.73 ± 0.09 83.87 ± 0.11 77.27 ± 0.16 81.93 ± 0.36 82.05 ± 0.35 81.93 ± 0.39 66.89 ± 0.36 

SGD SC 65.25 ± 0.11 66.20 ± 0.11 69.99 ± 0.10 64.54 ± 0.12 65.26 ± 0.05 61.44 ± 0.07 63.71 ± 0.05 61.55 ± 0.07 

BS 73.35 ± 0.09 71.64 ± 0.10 72.82 ± 0.08 68.18 ± 0.09 68.37 ± 0.02 67.29 ± 0.01 68.37 ± 0.02 66.22 ± 0.01 

MH 72.96 ± 0.10 71.41 ± 0.10 73.14 ± 0.08 68.47 ± 0.11 71.92 ± 0.06 71.45 ± 0.06 71.92 ± 0.06 71.1 ± 0.060 

M 71.26 ± 0.08 67.78 ± 0.09 67.09 ± 0.08 64.13 ± 0.09 59.25 ± 0.04 58.74 ± 0.05 59.84 ± 0.04 56.35 ± 0.04 

NM 79 . 26 ± 6 . 40 77 . 71 ± 6 . 40 79 . 44 ± 6 . 38 74 . 77 ± 6 . 41 78 . 22 ± 6 . 36 77 . 75 ± 6 . 36 78 . 22 ± 6 . 36 77 . 4 ± 6 . 360 

NM-M 76.97 ± 0.12 80.33 ± 0.11 77.08 ± 0.13 72.52 ± 0.12 72.12 ± 0.43 76.40 ± 0.08 72.12 ± 0.43 70.63 ± 0.35 

NM-SC 78 . 79 ± 0 . 15 82 . 15 ± 0 . 14 78 . 90 ± 0 . 16 74 . 34 ± 0 . 15 73 . 94 ± 0 . 46 78 . 22 ± 0 . 11 73 . 94 ± 0 . 46 72 . 45 ± 0 . 38 

NM-MH 74.22 ± 0.17 77.58 ± 0.16 74.33 ± 0.18 69.77 ± 0.17 69.37 ± 0.48 73.65 ± 0.13 69.37 ± 0.48 67.88 ± 0.40 

NM-SC-MH 77.98 ± 0.32 75.03 ± 0.08 67.98 ± 0.32 67.98 ± 0.32 71.03 ± 0.08 69.87 ± 0.09 67.98 ± 0.32 69.87 ± 0.09 

NM-SC-M 74.32 ± 0.09 77.68 ± 0.08 74.43 ± 0.10 69.86 ± 0.09 69.47 ± 0.40 73.75 ± 0.05 69.47 ± 0.40 67.98 ± 0.32 
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roves the performance of the RF model, we combined additional 

odalities with the NM-SC combination. Combining three modal- 

ties decreases the CV and testing accuracies in all ML classifiers, 

s presented in Table 4 . For example, when combining two modal- 

ties (NM-SC), SVC achieved the best CV accuracy of 91.83%. Still, 

ombining MH and M modality (one at a time) drops to respective 

alues of about 7% and 2.5%. SVC obtained the maximum testing 

ccuracy of 86.40% when combining two modalities (NM-SC), but 

hen incorporating MH and M modality (one at a time), it reduces 

o roughly 3% and 4.5%, respectively. As a result, we did not inves- 

igate the four-modality combination in our study. 

Comparison Figure 8 shows a comparison of the top five ML 

odels utilizing the single or multimodality that provides the best 

V results, as well as the best accurate classifier using the whole 

eature, early selected features, and optimized late selected fea- 

ures across different modality and their combination. 8 (a) shows 
14 
he performance matrices of the five ML models optimized solely 

sing the NM modality. The RF model performed well, scoring 

4.57% accuracy, 90.39% precision, 92.58% recall, and 90.06% F1- 

core. When comparing entire features, early selected features, and 

ptimized late selected features across all modalities, the LGBM 

nd RF models both demonstrate significant performance improve- 

ents, as shown in Fig. 8 (b). The model’s performance substan- 

ially improved when switching from employing entire features 

nd no optimization to feature selection with optimization. With 

ntire features and the NM modality, the LGBM model achieved a 

V accuracy of 80.11%, which was increased to 94.57% after late 

eatures selection optimization. 

The model with the lowest multi-modality performance is SGD, 

hich achieved CV accuracy of 78.79%, precision of 82.15%, recall of 

8.90%, and F1-score of 74.34% using the M-SC modality, as shown 

n Fig. 8 (c). Compared to SGD using the M-SC modality, the RF 
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Fig. 8. Performance of the top five ML classifiers for the four-class problem. (a) Comparison of the NM modality between the ML models after late feature selection 

optimization. (b) Comparison of the best model (LGBM) classifier between the different modality when whole features selected (black), an early feature selection criterion 

is applied (blue), and late feature selection is applied followed by Bayesian optimization (red). (c) Two-modality (NM-M) is compared between the ML models after late 

feature selection optimization. (d) The best model (LGBM) classifier is compared between the combination of two-modality and three-modality when whole features are 

selected (black), an early feature selection criteria is implemented (blue), and late feature selection is applied followed by Bayesian optimization (red). (For interpretation of 

the references to color in this figure legend, the reader is referred to the web version of this article.) 
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Fig. 9. Critical diagram for the top five ML classifiers based on the Friedman test 

for the four-class problem using the NM modality. The critical diagram compares 

different models for the (a) single-modality and (b) multi-modality. 

s

T

odel outperformed the CV model with accuracy of over 91.00%, 

recision of over 92%, recall of approximately 85%, and F1-score 

f over 56%. Figure 8 (d) compares the two-modality and three- 

odality cases using the top ML classifier with NM-M modality, 

.e., LGBM. The performance of the LGBM model improves in ev- 

ry combination, be it a two-modality or three-modality combina- 

ion. The LGBM classifier using the M-SC modality produced a CV 

ccuracy of 88.03% when all features were employed without opti- 

ization. It increased by 2.54% when employing a feature selection 

trategy, and it increased by 4.62% after employing a late feature 

election strategy and then optimizing using a Bayesian optimizer. 

Critical analysis A statistical assessment is conducted to inves- 

igate the behavior of the NM modality, which is critical for im- 

roving the performance of all ML models. The Friedman test is 

sed to determine whether the median values of the models varied 

onsiderably. The difference between models becomes significant 

hen the difference in mean rank exceeds the critical distance of 

.728. In terms of the model’s median Friedman test values, the 

tatistical difference is demonstrated in Fig. 9 (a). The mean ranks 

f RF and LGBM are 1.10 and 1.9, respectively. By contrast, the ML 

odels ET, SVC, and SGD, have respective mean ranks of 3.10, 3.90, 

nd 5.0, all of which exceed the critical distance (2.728). As a re- 

N

15 
ult, the NM modality’s median values vary greatly among models. 

he same analysis is performed for multimodality, in this case, the 

M-SC modality. As shown in Fig. 9 (b), the mean ranks of LGBM 
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Fig. 10. Explainability of the ET ML classifier for predicting the four-class case of PD by (a) SHAP, which shows the global feature importance by the class; (b) SHAPASH, 

which showsthe local feature importance by a single instance; and (c) LIME, which shows the local feature importance by a single instance. 
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rank = 1.2), SVC (rank = 2.3), and RF (rank = 2.70) are lower than

he crucial distance. ET (rank = 3.80), ET (rank = 4.0), and SGD 

rank = 5.0) are examples of models with a greater rank than the 

ritical distance. 

Explainability In the medical realm, it is inadequate to simply 

rovide a meaningful outcome and the highest model accuracy. 

octors want to know why certain judgments were made. These 

ead us to the important questions: What is the rationale behind 

he system’s decision? What considerations or parameters are used 

n making the decision? Are the selected attributes medically im- 

ortant and sufficient? This subsection discusses the implementa- 

ion of XAI features for the four-class problem in the present re- 

earch. XAI capabilities may be delivered to the physician in a va- 

iety of ways, including feature significance based on global and 

ocal explainers. Similar to the three-class problem, we used the 

hree models to test various explainers. 

❶ ETC Model: The explainer constructed the feature signifi- 

ance plot by stacking the effect of a feature on the classes. 

igure 10 illustrates the importance of global (SHAP) and local 

SHAPASH and LIME) features. SHAP provides a global understand- 

ng of the prediction of the correct class. As demonstrated in 

ig. 10 (a), NP3BRADY is a critically important feature for determin- 

ng whether a patient is healthy or in an early stage of disease, 

ut it is less important for determining if the patient is in an ad- 

anced early or an advanced stage. SHAP also assigns a weighting 

o the features based on their relevance. The other key features 

re NP3PRSPR, NP3TTAPR, and NP3FTAPR, and these are included 

n the rank list. 

After reviewing the global feature relevance of the used feature 

et, we must analyze the significance of features for different sit- 

ations (i.e., local feature importance). For the relevance of local 

eatures, we employed SHAPASH and LIME. As shown in Fig. 10 (b), 

HAPASH indicates the features that are most relevant in predict- 

ng class 3. (i.e., advanced early stage). The topmost features, ac- 

ording to SHAPASH, are NP3BRADY and NP3POSTR (with maxi- 

um statistical attributes), which match the SHAP explainer’s fea- 

ure ranking for predicting the advanced early class of PD patients. 

urther, similar to how SHAP assigns low importance scores to fea- 

ures in predicting the advanced early and advanced stage globally, 
16 
he LIME explanation assigns low values to features in the predict- 

ng task of the advanced early and advanced stage of PD patients, 

s shown in Fig. 10 (c). The highest score feature, NP3BRADY, is 

he same as in SHAP and SHAPASH. SHAP’s global and local ex- 

lanations of LIME and SHAPASH in predicting the correct class of 

arkinson’s patients are shown to be consistent. 

❷ LGBM Model: As shown in Fig. 11 (a), the global feature im- 

ortance plot created by SHAP through the LGBM ML approach, 

n contrast to ETC, reveals a significant difference. SHAP, like 

TC, presents the highest-ranking NP3BRADY feature. On the other 

and, the NP3BRADY feature contribution is better for predicting 

ealthy or early patients than advanced early or advanced stage. 

SEADLG, the next-best feature, predicts the advanced early and 

dvanced stage better than the healthy and early-stage patients. 

urther, the NP3POSTR and NP3SPCH features have a considerable 

mpact on deciding the advanced stage PD patient in the SHAP 

ank list of feature importance. 

Regarding the local explanation, SHAPASH and LIME share simi- 

ar consistency properties. Figure 11 (b) shows how SHAPASH deter- 

ines the most essential elements for predicting the class 3 (i.e., 

dvanced early PD). The topmost features in time-series data, ac- 

ording to SHAPASH, are MSEADLG and NP3BRADY, both of which 

ave the maximum statistical attributes. When using SHAPASH, 

TC and LGBM list the same top features but in reverse order, as 

he comparison is made between the models. When comparing ex- 

lainers within the same classifier (LGBM), SHAP and SHPASH have 

P3BRADY in common. Furthermore, similar to how SHAP pro- 

ides a high weight to features in predicting the advanced early 

D patient globally (see Fig. 11 (c)), the LIME approach assigns a 

lightly greater value to features in predicting the advanced stage. 

owever, the correct class prediction probability is 71% and the 

P3BRADY feature is second topmost in the LIME feature impor- 

ance list. SHAP, LIME, and SHAPASH have been found to be con- 

istent across models in predicting the correct target class. 

❸ RF Model: The RF model is used to compare the SHAP, SH- 

ASH, and LIME explanations to the previous two models (ETC and 

GBM). As shown in Fig. 12 (a), NP3BRADY, like ETC and LGBM, is at 

he top of the SHAP explainer’s global feature relevance list in pre- 

icting the four-class case of PD patients. The NP3BRADY feature 
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Fig. 11. Explainability of the LGBM ML classifier for predicting the four-class of PD by (a) SHAP, which shows the global feature importance by the class, (b) SHAPASH, which 

shows the local feature importance by a single instance, and (c) LIME, which shows the local feature importance by a single instance. 

Fig. 12. Explainability of the RF ML classifier for predicting the four-class case of PD by (a) SHAP, which shows the global feature importance by the class, (b) SHAPASH, 

which shows the local feature importance by a single instance, and (c) LIME, which shows the local feature importance by a single instance. 
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ids in distinguishing the healthy and early-stage patients. The fea- 

ure also contributes significantly to advanced early and advanced 

tage prediction when compared to other features. The NP3FACXP 

eature is listed as the second most important feature in SHAP for 

F models, similar to LGBM but not ETC. Further, for LGBM and 

TC, SHAPASH shows MSEADLG as the most essential feature. 

In the case of the local explanation, SHPASH and LIME explain- 

rs are used for the RF model, which are equivalent to ETC and 

GBM for feature comparison. An example of a label advanced 

arly class is presented to the RF model (response 3). As shown 

n Fig. 12 (b), the SHAPASH explanation generates a list of essen- 
17
ial features, which includes MSEADLG, that has the mean statisti- 

al attribute. Other features, such as NP3BRADY and NP3POSTR re- 

pectively contribute 19% and 15% of the total. On the other hand, 

he LIME explanation correlates the feature significance score with 

he likelihood of prediction. LIME has a 100% probability of ac- 

urately classifying the input instance, as illustrated in Fig. 12 (c). 

he NP3TTAPR feature makes the greatest significant contribution 

o the prediction. The analysis found that NP3BRADY is the most 

ssential feature in predicting the correct target class globally, 

hereas MSEADLG found the most important feature locally. The 

esults are evaluated on three models (ETC, LGBM, and RF) and 
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Fig. 13. Best performance of modalities in overall experiments. 
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valuated using three separate explainers (SHAP, SHAPASH, and 

IME), including global and local explainers. 

. Discussion 

Three-class: In this section, we will delve into the results of 

he three-class and four-class predictions, as well as the findings 

rom the explainability analysis. Our findings reveal that the LGBM 

odel demonstrated excellent performance in the three-class pre- 

iction task, both for single-modality and multi-modality cases, as 

llustrated in Fig. 13 (a). Our results indicate that all models per- 

ormed exceptionally well when using the NM modality, which was 

ound to be superior to the other modalities. In the single-modality 

cenario, the LGBM model achieved a maximum cross-validation 

ccuracy of 90.73% using the NM modality. Furthermore, when 

sing the NM-M modality in the multi-modality case, the LGBM 

odel achieved a maximum cross-validation accuracy of 92.28%. 

he addition of the M modality to the NM modality improved per- 

ormance by approximately 2%. Conversely, we observed a decline 

n performance as more modalities were combined. 

The LGBM model was evaluated for its explainability compared 

o the RF and ETC machine learning-based approaches. To thor- 

ughly assess the performance of these three machine learning 

odels, three different explanation methods, as well as global and 

ocal approaches, were employed to ensure the robustness and 

eneralization of the model. The results of the SHAP explanation 

howed that the NP3BRADY feature was the most significant for 

ll three categories of PD patients, with the LGBM classifier hav- 

ng double the importance magnitude compared to the other mod- 

ls. The NP3BRADY feature was ranked at the top of the SHAPASH 

eature list in the local explanation. The contributions of the ETC, 

GBM, and RF classifiers to predicting class 2 (early stage) were 

5%, 50%, and 40%, respectively. The LIME explanation also revealed 

he NP3BRADY feature as the top-ranked feature for correct target 

lass prediction. However, the prediction probability of LGBM (81%) 

as much lower compared to the ETC (98%) and RF (100%). 

Four-class The results of the four-class prediction test showed 

ixed performance for multi-modality, with the NM modality pro- 

iding the best results in single-modality scenarios. Although the 

GBM model had the highest accuracy in the three-class predic- 

ion, the RF model had the best CV accuracy in the four-class pre- 

iction, reaching 94.57% as depicted in Fig. 13 (a). The combination 
18 
f the NM and M modalities provided the highest accuracy with 

he LGBM model, while the combination of the NM and SC modal- 

ties had the best results for the other classifiers. In particular, the 

VC model had a maximum accuracy of 91.83% using the NM-SC 

ombination, whereas the LGBM model achieved an even higher 

ccuracy of 93.37% with the NM-M combination. 

The performance and explainability of the LGBM model were 

valuated in comparison to the RF and ETC machine learning-based 

pproaches. The robustness and generalizability of the three ma- 

hine learning models were assessed through the use of three dif- 

erent explanations, as well as both global and local methods. The 

esults of the SHAP explanation showed that the NP3BRADY fea- 

ure was the most significant for all four categories of Parkin- 

on’s disease patients, however, the LGBM classifier had a 2.5% 

igher importance magnitude compared to the ETC and RF mod- 

ls. In terms of the SHAPASH feature ranking list, the NP3BRADY 

eature was the most important for the ETC model, whereas the 

ESEADLG feature was the most important for the LGBM and RF 

odels. The contributions of the ETC, LGBM, and RF classifiers to- 

ards predicting class 3 (advanced early stage) were 28%, 27%, 

nd 26% respectively. Additionally, the NP3BRADY feature was the 

rst in the LIME feature ranking list for the ETC model, while the 

P3TTAPR feature was the first for the LGBM and RF models. In 

erms of prediction accuracy, the RF model was the most accurate 

t 100%, while the LGBM was the least accurate at 71% and the ETC 

as 84% accurate. 

We also conducted an analysis of variance (ANOVA) to assess 

hether the mean values of the modalities differed significantly. 

f the confidence intervals of the two populations did not overlap, 

he populations were considered distinct. The results are depicted 

n Fig. 13 (b), which displays the mean value for each population. 

here is a significant difference between the two modalities: In 

he three-class test, LGBM with the NM-M modality had a mean 

f 93.20, while LGBM with NM had a mean of 90.60. For the four- 

lass test, the RF model with NM modality had a mean of 91.80, 

he LGBM model with NM-M modality had a mean of 90.80, and 

he SVC model with NM-SC modality had a mean of 90.60. 

Our study was compared to existing state-of-the-art literature 

n predicting Parkinson’s patients as presented in Table 5 . A review 

f the literature shows that numerous studies have been conducted 

n this field since 2014, each using a unique dataset and modal- 

ty. Many of these studies utilized single modalities from various 
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19 
atasets, with some examples including speech data, time-series 

nalysis, and imaginary data. 

However, many of these studies had limitations, such as insuf- 

cient sample size, lack of cross-validation, utilization of non-time 

eries data, and lack of validation of testing results. In compari- 

on, our study used time-series data from 1059 patients, employed 

0 well-known machine learning-based classifiers, and investigated 

oth single and multi-modality approaches through advanced fea- 

ure engineering techniques. Furthermore, we ensured the stabil- 

ty and robustness of our model by employing 10-holdout and 10- 

old cross-validation. Our proposed framework achieved a cross- 

alidation accuracy of 94% (LGBM) and a testing accuracy of 94% 

RF). 

Limitations and future work Although our suggested framework 

as the best accuracy and has been tested across ten various ar- 

hitectural classifiers, it does have some drawbacks: ❶ From a sin- 

le PPMI dataset, we employed five modalities. Most notably, all 

he modalities are numerical features with ML models that have 

een validated for classification tasks. Beyond numerical features, 

t would be advantageous to incorporate imaginary modalities such 

s MRI, PET, and CT scans since imaginary modalities play a vi- 

al role in the prediction of PD. ❷ We implemented the H&Y scale 

o categorize the patients. Other scales, such as the Schwab and 

ngland scale, the Brain Bank of the United Kingdom PD Soci- 

ty, and Gelb’s criteria and fatigue scale, may be used instead. 

s a multi-classification problem, it is also conceivable to inte- 

rate the progression and diagnosis of the Parkinson’s stage pre- 

iction. ❸ When dealing with medical problems, deep learning 

odels including LSTM and RNN may be trained and evaluated 

cross diverse datasets to increase model generalizability. For ex- 

mple the model might be trained on PPMI and tested on the PC- 

ITA dataset. ❹ Further, ensemble learning and dynamic ensem- 

le models are two sophisticated strategies that might be used to 

xploit the data. End-to-end learning for multi-tasking problems 

ight also be thought of as a method that combine heterogeneous 

odels and data. ❺ By extracting the statistical feature across the 

atients’ visits, we turned the time-series modality into a non-time 

eries; it is highly possible that some information was lost through 

hat procedure. For our future study, we will exploit time-series 

ata in conjunction with the most advanced ML/DL model and fea- 

ure approach. 

. Conclusion 

In this work, we comprehensively evaluated different proposed 

L frameworks to predict PD progression. We explored different 

ombinations of time series data fusion, different f eature selec- 

ion approaches, and different data balancing methods. We extend 

he resulting framework by implementing three different XAI tech- 

iques including SHAP, LIME, and SHAPASH l. Our experimental 

nalysis demonstrated that the NM modality is the most informa- 

ive feature set. In the 3-class case, LGBM achieved the maximum 

ccuracy of 90.73%, whereas RF achieved the maximum accuracy 

f 94.57% in the four-class case. Both LGBM and RF are ensem- 

le learning techniques based on tree base classifiers. However, RF 

lassifier separately trains every tree with random sets of exam- 

les and features. This randomization makes the RF less likely to 

verfit the training data and more robust than every single deci- 

ion tree. This is the possible reason for the superior performance 

f RF in the 4-class problem than LGBM.. The optimial ML models 

ave been used to provide XAI features. We provide both global 

nd local XAI features for different ML models using the three XAI 

echniques. The consistency of these techniques has been explored. 

AI techniques highlighted NP3BRADY feature as the most impor- 

ant feature. Local explainers highlighted MESEADLG feature as the 

est feature with both LGBM and RF models. Resulting models are 
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