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ABSTRACT

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: @ a three-class based progression prediction with 953
patients in each time series modality, and ® 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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Conclusions: The select modalities and feature sets were confirmed by the literature and medical experts.
The various explainers suggest that the bradykinesia (NP3BRADY) feature was the most dominant and
consistent. By providing thorough insights into the influence of multiple modalities on the disease risk,
the suggested approach is expected to help improve the clinical knowledge of PD progression processes.

© 2023 Elsevier B.V. All rights reserved.

1. Introduction

Parkinson’s disease (PD) is a neurodegenerative brain illness
that progresses slowly [43]. The term neurodegenerative indicates a
condition that results in the death of brain cells. The first signs of
PD arise in the enteric nervous system, lower brain stem, and ol-
factory tracts [74]. The brain shell and the substantia nigra are af-
fected by PD, which progresses from the areas of the first signs to
the upper sections of the brain. Injury to the upper sections of the
brain affects the part of the brain that controls movement and cog-
nition [40]. The illness is considered to start several years before
the appearance of motor symptoms including the loss or reduction
of smell sleep difficulties and constipation, tremor, and slowness
of movement. Further, 90 percent of PD patients suffer from vocal
difficulties [71]. The symptoms of the illness intensify with time,
and those in severe stages may experience dementia and halluci-
nations [34]. As a corollary, researchers are currently searching for
strategies to identify these non-motor symptoms as early as possi-
ble to limit the disease’s development.

Because of its simple implementation and high accuracy, Ma-
chine Learning (ML) is increasingly being used to diagnose medical
conditions [2,17,18,20,21]. ML has been used to treat PD in partic-
ular. For example, Wan et al. [90], concentrates on research con-
ducted following the diagnosis of PD. Patients with PD were oper-
ated on by the authors. In that study, an ML-based technique was
used during brain surgery for PD to identify the real area to be op-
erated on. To evaluate the cognitive repercussions of PD, Salman-
pour et al. [72] used ML approaches including LASSOLAR (Least
Absolute Shrinkage and Selection Operator - Least Angle Regres-
sion), GA (Genetic Algorithm), LOLIMOT (Local Linear Model Trees),
DE (Differential evolution), and NSGAII (Non-dominated sorting ge-
netic algorithm). Further, Pedrosa et al. [62] used an ML-based al-
gorithm, which includes k-nearest neighbors (K-NN) Classifier and
linear Support Vector Machine (SVM), to predict the amount of
tremor in Parkinson’s patients. In another study, ML was used to
predict the stage of PD. For example, Prashanth and Roy [64] used
Ordinal Logistic Regression (OLR), AdaBoost, RUSBoost-based, SVM
classifiers to establish a new PD staging system based on com-
monly recognized clinical scales. However, the majority of the ex-
isting studies have focused on using the popular ML method to
diagnose PD during the appearance of early symptoms. For in-
stance, Cavallo et al. [11] attempted to predict PD using motion
data collected from people’s upper limbs to aid in early diag-
nosis. The authors implanted a device (i.e., SensHand V1) into
the upper limbs of the experimental subjects and asked them
to execute a series of activities. Spatio-temporal and frequency
data analyses were used to calculate 48 parameters with three
supervised ML algorithms (SVM, Random Forest (RF), and Naive
Bayes (NB)) using a dataset of healthy (n = 30), Idiopathic Hypos-
mia (IH) (n=30), and PD (n = 30) participants. For the diagno-
sis of PD, Almeida et al. [6] applied several feature extraction ap-
proaches and ML algorithms. The authors found that phonation is
the most practical activity for detecting PD. Classifiers such as SVM,
k-NN, and Multilayer Perceptron (MLP) were examined in this
study.

Several different techniques can be used for the progression
and detection of PD, for example, Nilashi et al. [58] employed an

unsupervised technique to predict PD. In that study, the authors
were able to predict the Unified PD Rating Scale (UPDRS) by low-
ering the dimension via partial least squares approaches, cluster-
ing via a self-organizing map, and utilizing incremental support
vector regression prediction. Das [15] investigated several strate-
gies and concluded that Neural Networks (NNs) were the most ef-
fective ML methods for predicting PD, achieving 92.9% accuracy in
comparison with DMneural, Decision Tree (DT), and regression. For
feature weighting and classification in a PD diagnostic task, Po-
lat [63] used fuzzy C-means clustering and k-NN. The optimal k
value was obtained by feeding a weighted PD dataset to a k-NN
classifier. The optimal accuracy of 97.93% is achieved with k equal
to three. Further, the adaptive Artificial Bee Colony (ABC) tech-
nique was used for feature selection and optimization to diagnose
PD [91]. To ameliorate the unbalanced data, the researchers used
a weighted technique and non-linear kernel function mapping to
achieve a model accuracy of 98.97% with 5-fold cross-validation.
Using Principal Component Analysis (PCA) for dimension reduction,
Fisher Discriminant Ratio (FDR) for feature selection, and SVM for
classification, Singh et al. [81] obtained a high binary-class accu-
racy of 95% and a multi-class accuracy of 85% for PD diagnosis.
Another study for the diagnosis of PD, Abdulhay et al. [1] exam-
ined gait and tremor using the PhysioNet database to report an
average accuracy of 92.7%.

Although ML-based classification methods have shown consid-
erable accuracy for the diagnosis of PD, the literature has re-
ported two different ways methods: @ numerous features were
employed in the analysis, thus increasing the cost of the diagno-
sis [1,6,91], and ® it was even more difficult to extract few fea-
tures [58,63,81]. Further, research investigations often have min-
imal impact on clinical practice for the following reasons: First,
the detection and diagnosis of PD progression were explored in-
dependently [77]. However, detection and diagnosis are dependent
on each other. In addition to identifying the presence of Parkin-
son’s disease, it is also critically important to identify the pro-
gression of PD from one stage to another. Identifying patients at
substantial risk of progressing helps patients and their caregivers
take appropriate precautions. As a consequence, PD diagnosis and
progression involve correlated processes [59]. Second, the major-
ity of investigations, particularly neuroimaging, rely on a single
modality [44,92]. Other than MRI, handwriting tasks [41], motion
[11], or speech data [74]; has been used to diagnose PD using ML
approaches. Meanwhile, PD is a multimodal illness [65]. Multiple
symptoms of PD can be used to accurately detect and identify
the progression. Third, current research has mostly focused on im-
proving the performance of complicated ML models while ignoring
their explainability [50]. As a result, despite the fact that signif-
icant breakthroughs have been achieved in prediction, ML-based
models are unlikely to be accepted in a medical setting [19,37,66].
Doctors find it difficult to evaluate ML models and they believe
that such models are untrustworthy. Fourth, patients with PD go
through several stages throughout their lives. Time is a signifi-
cant variable in the development of the disease [75]. However,
few works in the literature have considered PD progression pre-
diction as a time-series problem. Therefore, in the current study,
we propose a framework for PD progression prediction based
on time-series data that supports explainability for the predicted
output.
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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
Edited Nearest Neighbor

technique

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
that exploits patients’ multimodality time-series data to predict
their progression and support decision explainability. The study
makes the following six-fold contributions:

® 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
XAl capabilities.

® We optimize the PD progression detection problem as two
classification tasks with different complexity 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.

® 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 feature selection method and feature list. In addi-
tion, ML models for diagnosing PD patients with three or
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four classes were developed and validated using real-world
time series data.

® 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.

® 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:
Section 2 discusses the related work in terms of PD diagnosis and
progression. Section 3 highlights the materials and discusses ev-
ery component of the proposed framework. Section 4 discusses
the results for three-class and four-class problems in terms of the
concept of explainability. Section 5 discuss in-depth the experi-
mental analysis along with the limitation and future challenges.
Section 6 concludes the paper with the future scope research.

2. Related work

There are two key concerns associated with PD. Parkinson’s
progression is the first, and Parkinson’s stage detection is the sec-
ond. We go over both of these problems in detail and discuss the
related work examining these issues.

2.1. PD diagnosis

The phrase diagnosis refers to the process of determining
whether a person has PD. There has been a lot of research aiming
to diagnose PD patients. For example, Segovia et al. [73], developed
a technique for classifying non-PD and PD patient brain images.
Their goal was to use sections of each hemisphere of the brain
to diagnose PD independently. The classification rates were around
94.7% when SVM and partial least squares were used as a classi-
fier and dimensional reduction method, respectively. Mohammed
et al. [56] suggested a patient-specific dynamic feature extraction
method that uses local field potential signal in a fusion with adap-
tive SVM to identify PD or non-PD patients by modifying the de-
cision boundary until a feasible solution is identified. Their tech-
nique achieved a 98% classification accuracy. Using fuzzy models,
Camara et al. [10] developed an autonomous real-time method for
identifying resting tremor experiences in 10 Parkinson’s patients.
The classification step included electrophysiological data from local
field potential and electrocardiography and achieved an accuracy of
98.7%.

Further, Rojas et al. [70] established a novel approach for ex-
tracting brain SPECT image features that showed 95% accuracy.
Wu et al. [93] used an Auto-Regressive (AR) model to study
the stochastic process of the idiopathic PD patients’ stride series,
which were used as features to distinguish PD stride series from
non-PD cases. Their approach utilized the SVM classifier to differ-
entiate the healthy and idiopathic PD groups, with the results 89%
specificity, 72% sensitivity, and 83% Area Under the Curve (AUC)
suggesting that regressive model settings might be useful for stride
series classification. The clinical Decision Support Systems (CDSS)
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model was suggested by [79] to examine the impact of merging
patient-specific symptoms and drugs into three important func-
tions: i.e., retrieving information, visualizing the therapy, and mak-
ing suggestions on projected effective stimulation and medication
doses. The authors used GNB, SVM, and RF to predict treatment
outcomes. The combined ML algorithms accurately predicted 86%
of the motor improvement scores one year after surgery. Parkin-
son individuals are non-invasively identified via gait analysis. Us-
ing gait variables, extract features using a wavelet transform. 100%
categorization accuracy when combining all spatiotemporal factors.
Joshi et al. [35]

Using empirical mode deformation to filter electromyograms,
Dai et al. [14] proposed a novel method for identifying PD. In this
method, signals were preprocessed in three phases using a novel
bandpass filtering method to show that the features are linearly
separable. The recommended technique was later developed as a
smartphone application to be more adaptable than existing alter-
natives. Hirschauer et al. [29] devised another unique PD diag-
nostic approach that is based on continuous phonation data. The
most important attributes were determined using the minimum
redundancy maximum relevance approach, and the results are re-
ported for various feature selection strategies. Their work applied
the feature selection process and fed data into two kinds of neu-
ral classifiers: i.e., a standard Artificial Neural Network (ANN) and
a Complex-Valued Artificial Neural Network (CVANN). The ANN
achieved an accuracy of 94.28% while the CVANN achieved an ac-
curacy of 98.12%. The expert-driven DSS model performs better in
terms of accuracy than the data-driven model and is more like
the judgments made by doctors. The accuracy findings show that
the built models are suitable and appropriate for the purpose of
recommending options to DSS users [9]. Deep brain simulations
and EEG signals are vital for the study of Parkinson’s disease. In
this work, an automated tunable Q wavelet transform (A-TQWT)
is developed to extract numerous subbands (SBs) from these sig-
nals and then analyze them using machine learning methods be-
cause manual analysis of these signals is laborious. Using EEG data
from an open source dataset, the suggested technique successfully
distinguishes between healthy controls and PD patients on med-
ication and those who are not. The area under the curve for the
suggested method’s classification accuracy was 97% and 98.56%,
respectively, while its accuracy was 96.13% and 97.65% [38]. The
authors of this research noted that manual procedures are nec-
essary for typical machine learning approaches, which are incon-
venient. An automated PD detection technique dubbed PDCNNet,
which combines Smoothed Pseudo Wigner-Ville Distribution (SP-
WVD) and convolutional neural network (CNN), is proposed to get
over these restrictions. With SPWVD, the EEG signals are converted
to time-frequency representation (TFR) and sent to a CNN model.
Using two open databases, the suggested model successfully di-
agnoses Parkinson’s disease with high accuracy. For one of these
datasets, the accuracy of 100% and 99.97% were attained [39].

2.2. PD progression

Once the PD patients have been recognized, the next task is to
determine whether each PD patient is expected to soon progress
to an advanced stage of PD. There have been many studies ex-
amining the progression of PD to identify patient progression at
different PD stages. For instance, Drotdr et al. [16] used the SVM-
RBF kernel technique to classify the stages of PD. The authors used
handwriting characteristics -such as in-air movements, pressure,
and control- of PD patients’ hands to determine the PD stage and
achieved an accuracy percentage of 81.3%. Further, Connolly et al.
[13] employed SVM, LDA, and k-NN to determine the PD stage
using a deep brain stimulation device that was implanted in 15
Parkinson’s patients ahead of time and they achieved 91% accuracy.
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In their study, the diagnosis of PD progression was based on ML
methods. The researchers used feature selection and classification
to identify PD by utilizing ML approaches, such as ANN, SVM, and
regression trees, and they achieved an accuracy of 93.84% using
SVM. In another study [60] conducted a thorough evaluation using
the recent PD detection ML algorithms; although ML encompasses
a wide range of algorithms, picking the best one was not straight-
forward. Their work compares and identifies which of three classi-
fiers -Multilayer Perceptron, SVM, and k-NN- is the most powerful
and reliable for PD classification on the voice dataset.

Further, most of the studies on PD progression have concen-
trated on non-motor features. For example, rapid eye movement
and sleep behavior disorders are both characteristic non-motor fea-
tures. Prashanth et al. [65] integrated non-motor features, Cere-
brospinal Fluid (CSF), and dopamine marker tests. Their work used
the PPMI dataset and employed GNB, SVM, Boosted Tree, and RF
to classify patients, and they achieved an accuracy of 96.4% us-
ing SVM. Al-Fatlawi et al. [4] presented the Deep Belief Network
(DBN) as a tool for PD progression. The study used data collected
from the UCI data repository for 195 voice recordings of 31 indi-
viduals with 16 features, and the proposed DBN achieved 94% ac-
curacy. Abdulhay et al. [1] used tremors and gait as the basis for
their novel diagnosis and they achieved an accuracy of 92.7%.

Evolutionary algorithms have also been used to develop clini-
cally useful models to classify PD patients from healthy controls.
For example, Smith et al. [83] utilized Cartesian genetic program-
ming to evaluate human movements, the progression of PD pa-
tients from healthy controls, and the degree of dyskinesia. Animal
data has been gathered using fruit flies with or without PD genetic
defects, while human data has been collected through non-invasive
ways utilizing commercial sensors. Ahmadlou and Adeli [3] pre-
sented Enhanced Probabilistic Neural Networks (EPNN), an ML ap-
proach that controls the spread of the Gaussian kernel by using
local decision rings around training data. The proposed approach
exhibited 92.5% stage classification performance when considering
data from six clinical exams and functional neuroimaging data for
two brain regions of interest when using the PPMI3 dataset, and
an accuracy of 98.6% when classifying healthy people from PD pa-
tients. Using SPECT imaging, Illan et al. [30] proposed a computer-
assisted approach for PD progression. Their suggested system con-
sists of a whole image processing pipeline, normalization, and clas-
sification. It is intended to assist clinicians in their everyday tasks.
Their study achieved an AUC of 0.96% using the SVM classifier [47].
Using EEG recordings from PD patients and healthy controls, this
work suggested a deep-learning model for automated Parkinson’s
disease diagnosis. A 2D-CNN model was trained using these spec-
trograms after the EEG recordings underwent a Gabor transform to
create spectrograms. Using tenfold cross-validation, the suggested
model was able to obtain high classification accuracy of 99.46% for
three classes (healthy controls, PD patients with and without med-
ication, and other PD patients). Recently, Loh et al. [46] reviewed
63 publications that proposed deep learning models for automated
Parkinson’s disease diagnosis highlighting several approaches and
modalities used in literature, including brain imaging and motion
symptoms, among others.

2.3. PD progression detection scales

For PD, there are various measures used to assess patient im-
pairment and disability; i.e., stage and severity. Using common
symptoms and biomarkers, the primary scales are established to
place the patients on the right stage. The most widely used scales
are the Hoehn and Yahr (H&Y) scale [33] and the Unified Parkin-
son’s Disease Rating Scale (UPDRS) [23]. The UPDRS evaluates the
most relevant clinical aspects of PD to offer a thorough evalua-
tion 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.

sive evaluation of disease development using a staging system that
spans from zero (no evidence of illness) to five (severe disease)
[24]. The MDS-UPDRS (Movement Disorder Society UPDRS) is an
updated and improved version of the original UPDRS that includes
additional items dedicated to numerous non-motor aspects of PD.
therefore, it is more comprehensive than the original rating scale
[33]. For the present study examining PD detection, the H&Y scale
is used. The following is a concise description of the H&Y scales
and the MDS-UPDRS.

2.4. Hoehn and Yarn scale

The H&Y scale is a scale that is frequently used to evaluate the
overall severity of PD. H&Y scale starts with unilateral (Stage 1) to
bilateral without balance problems (Stage 2), then postural insta-
bilities (Stage 3), loss of physical dependency (Stage 4), and lastly
being confined to a wheelchair or bed unless supported (Stage 5)
[24]. We formulated two different research problems: @ The H&Y
scale is used to classify PD into a three-class problem consisting
of the healthy class (stage 1), the early class (stage 2), and the
advance-early class (stage 3). ® In classifying PD into a four-class
problem, the healthy class (stage 1), the early class (stage 2), the
advanced-early class (stage 3), and the advanced class (stage 4)
were considered. We eliminated the stages beyond the fourth class
since there are few patients at stage 5. Studies have shown that
these stages have a considerable relationship with the standard of
living indicators and a strong association with the UPDRS [61].

2.5. MDS-UPDRS

Another scale used to determine the severity of PD is the MDS-
UPDRS. The MDS-UPDRS comprehensively assesses the clinical as-
pects of PD (both motor and non-motor) [23]. There are 65 entries
on the scale which are divided into four parts. Part @, which con-
sists of 13 entries, measures non-motor aspects of everyday life.
The first six entries are partly examined by the physician, while
the next seven are partially evaluated by a patient questionnaire.
Part ®, which includes another 13 entries, is about motor experi-
ences in everyday life. All the entries are fully assessed by a patient

questionnaire. Part ® is the motor examination, which consists of
33 entries, and it is examined by a physician. Part ® measures mo-
tor abnormalities and consists of six entries that a physician re-
views once a person with PD have begun taking medication. Re-
search has shown that the MDS-UPDRS is a sensitive and reliable
tool for evaluating the development and severity of PD [23,61].

3. Materials and methods

This section introduces an ML framework for detecting Parkin-
son’s Disease progression. The framework consists of multiple
stages including data collection, preprocessing, splitting, cross-
validation, balancing, model training, hyperparameter optimization,
evaluation, and explainability. Figure 1 illustrates the framework
stages, and more details about these stages are included in the fol-
lowing Subsections.

3.1. Data collection

This study uses the PPMI database http://www.ppmi-info.org/
data, which is a multi-national, large-scale database that records
the progression of PD. The database includes comprehensive pa-
tient clinical information, including medical images, clinical re-
ports, motor and non-motor test results, biosamples, and patient
history and background [51]. The study covers five essential modal-
ities, SC, BS, MH, M, and NM, and extracts a range of data classes
from the dataset with their own set of features.

The PD dataset comes in the form of time series (as patient
visits) from the PPMI data. For each patient, six common vis-
its are sorted within every 12-month interval, i.e., baseline (BL)
in month O visit 1 in month 12, visit 2 in month 24, visit 3 in
month 36, visit 4 in month 48, and visit 5 in month 60. Table S9
in the supplementary file provides more information on the pa-
tient’s visits and the number of patients in each visit. Only non-
time series data are accessible in the SC modality, although all
other modalities offer time series observation. each patient’s class
is determined using the variable NHY based on the H&Y scale, each
patient’s class is selected. Table 1 shows the sensitive attributes
of data and their distribution, including, age, gender, and socio-
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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 6438  63.21 64.38
Hand *8pat use both left HC 24 31 27.5
hands 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
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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 O to stage 2), and three patients had three shifts (from stage O to stage
3).

economic status. Two datasets are prepared including one for the
three-class problem (n = 953) and another for the four-class prob-
lem (n = 1059). Figure 2 shows the different number of patients in
each class and their progression 2.

3.2. Data preparation

This section discusses the data preparation steps followed prior
to the training of the proposed model. The effectiveness of each
modality (motor and non-motor) in detecting PD severity was eval-
uated and the results were shown in Figs. S1 and S2 in the sup-
plementary file. The heterogeneous time series data was prepro-
cessed to improve its quality through a set of steps. The following
are some of the steps in the process:

©® 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.

® 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-
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imum, variance and standard deviation are calculated for
each patient’s feature.

® 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.

® 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.

® 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.

® 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.

3.3. Data normalization

The normalization of data is a crucial step in preprocessing for
successful model training in ML. The Min-Max approach [28] is
used to normalize the data by rescaling the data range to [0,1].
The following is the definition of Min-Max normalization:

X/:mx(b_a)_l’_a (‘l)

where Xmax and X, are the maximum and minimum values re-
spectively. In the range [a,b], the Min-Max normalization translates
values x to x'.

3.4. Dataset class balancing

Since the dataset is unbalanced and to ensure the reliability of
the reported results, we have addressed the imbalanced dataset us-
ing the combination of oversampling the minority class and under-
sampling the majority class. This has been done using SMOTENN
[45] which is only applied to the training dataset, while the testing
set was balanced with real patient data to mimic real-world sce-
narios. To avoid training bias, the balanced training set was used to
train the ten ML models using a stratified 10-fold cross-validation
approach.

3.5. Feature selection

The process of identifying the most important and relevant fea-
tures for a prediction task is a crucial aspect of building robust
machine learning models [8]. The goal of this process is to deter-
mine the smallest set of features that achieves the best-performing
model. This approach reduces the risk of overfitting, removes unin-
formative features, and enables the classifier to focus on the most
important variables [31]. Various feature selection techniques are
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experimented with to achieve this and the most effective method
is utilized. In this case, the recursive XGBoost and SULOV (Syn-
thetic Unlabeled Local Outlier Voting) methods are used to reduce
the number of features and identify the best set for the model.

Assuming that a data set is D={(x,y):i=1,....,n,%;¢
R™,y; € R™}, having n samples with m features. Let y; be defined
as the value predicted by the model:

V=) Fi(x) (2)
i=1

where F; represents an independent regression tree and F;(x;) de-
notes the prediction score given by the it" tree to the nt" sample.
The set of functions ; in the regression tree model can be learned
by minimizing the objective function as follows:

0= LOLI)+) QUF)
i=1 i=1

3.6. Holdout and cross validation

In the ML method adopted for prediction, both the best tech-
nique and optimized hyperparameters for the selected model are
considered. The nested CV technique, with a 10-fold inner CV and
10-time outer hold-out, is used to evaluate the ML models’ pre-
diction ability and generate an unbiased estimate of their accu-
racy [89]. The outer hold-out process, including data splitting, nor-
malization, class imbalance, and feature selection, is repeated ten
times to ensure a robust model, and the model with the highest
average accuracy is selected for further examination.

In our experiments, models learned with leave-one-out cross-
validation have higher variance than those learned with regular
K-fold cross-validation (see Table S13 in the Supplementary file),
making leave-one-out CV an inadequate choice in terms of per-
formance, cost, and computational time. Therefore, we proceeded
with a 10-fold CV, which impacted the average performance of test
results as shown in Section 4.

3.7. ML-based models and training optimization

ModelsML models with the minimum loss during the training
are selected. The trained model with the optimized parameters is
then utilized for PD detection in the testing phase. To develop a
prognostic model for PD progression detection, the present study
assesses various supervised ML algorithms in terms of their ability
to predict PD progression. High-performance ML algorithms such
as SVM [32], RF, LR [5], DT [55], ET, GNB [94], LGBM, SGD [7],
ADB, and k-NN [76] are used. These models are optimized to clas-
sify the three-stage and four-stage problems with different fusions
of modalities. The top 10 ML models with the best performance
across distinct modalities are selected in three ways: @ with the
whole set of features (refer to Table S10 in the Supplementary file
for CV and testing accuracy and other performance matrices), ®
with selected features (refer to the Table S11 in the Supplementary
file for CV and testing accuracy and other performance matrices),
and ® with optimized features selected (refer to Table S12 in the
Supplementary file for CV and testing accuracy and other perfor-
mance matrices).

Bayesian optimizer All machine learning techniques find the best
model parameters using a stratified 10-fold CV and Bayesian opti-
mization. Each model is trained using the 10-fold CV method on
an 80% training dataset. Ten times each experiment is run, and
the average value and standard deviation are provided. The test
dataset that was over-sampled by 20% is used to assess the gen-
erated models [96].
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Let K denotes a model for which there is no closed-form ex-
pression. Considering the model to be expensive to evaluate. The
model K be a well-behaved defined on a subset X c RY. The goal
is then to solve the following global optimization problem:

X* = argmax K (x)
XeX

By using a probabilistic model, Bayesian optimization seeks to
identify the model K global optimum. By utilizing the model to
make choices about the training set, K, and integrating out uncer-
tainty. At the expense of requiring extra calculations to select the
next point to test [78], it provides the minimum of non-convex
functions with very few evaluations [78].

Experiment workstation We performed the experiments on a
workstation with 64-bit Windows 10 as the operating system and
the hardware configuration of an Intel CPU core i7-9700K with
48 GB DDR4 memory.

3.8. Evaluation metrics
To measure the CV and generalization performance of the pro-

posed model, four standard metrics are used: accuracy [Eq. (3)],
precision [Eq. (4)], recall [Eq. (5)], and F1-score [Eq. (6)]:

Accuracy = TP+ TN (3)
Y= TP+ TN FP+FN
.. TP
Precision = TP+ FP (4)
TP

2 % Precision x Recall
F1 = score = Precision + Recall 6)

where TP is the true positive, TN is the true negative, FP is the
false positive, and FN is the false negative.

3.9. Features importance technique

Feature importance scores are crucial in predictive modeling
design, as they provide insight into the data, developed model,
framework complexity, and feature selection. Therefore, modifying
the feature importance can increase the effectiveness of the predic-
tive model on any specific task. We used numerous approaches to
discover the top features, including LR, RF, and XGBoost for feature
importance, and then reported the best features. In supplement
file 1, S15 shows the details of the feature selection process, and
$16 shows the comparison of the models with complete features,
selected features, and after optimization in different modalities.

3.10. Explainability of models

Explainable Al is a collection of tools that aid in the compre-
hension and interpretation of any ML model’s predictions. There
are two possible ways to comprehend the model: @ The global
explanation refers to how the model makes decisions in general,
while @ the local explanation refers to how the model makes
decisions in a specific situation [49]. Attributions, visualization,
example-based, game theory, knowledge extraction, and neural
networks are among the many post-hoc explainability methodolo-
gies that have been proposed [68]. SHAP (Shapley Additive Expla-
nations) [48] is a well-known and reliable approach used in the
article. It is one of the best tools that assigns each feature an im-
portance value for a particular decision.

The Shapley value explanation is expressed as a linear model,
which is an innovation brought by the approach SHAP. LIME (Local
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Interpretable Model-Agnostic Explanations) [69] and Shapley Val-
ues are connected by this perspective. Each SHAP value represents
the positive or negative contribution of each model feature. Using
SHAP value has two important advantages: @ SHAP values may be
determined for any model, not only basic linear models. ® each
score has a set of SHAP values unique to it [48]. The output prob-
abilities from a particular set of samples that cover the portion of
the input required to be explained are then used to create a linear
model using lime. The relevance of input characteristics is then cal-
culated using the weights of the surrogate model. SHAP specifies
the explanation for an instance x as:

M

g(Z) =P+ ) @7 (7)
j=1

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

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

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

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

E(x) = argminiﬁ(f, awh)+ w(g)} (8)
geg

where g represents the explanation model for the instance x. G is
the family of possible explanations. £ is the loss function, which
is used to measure how close the predictions from the explanation
model are to the original model. f represents the original model.
w* defines the weight between the sampled data and the original
data. If the sampled data are similar to the original data, then the
weight is greater, and vice versa.

’ |1 (M=|Z|-1)!
i(f.X) = Xt xnix) w o

#[f(2ux) - £(2)].

End users may be better able to understand a model’s decision
if the most essential elements are described. Another tool, Shapash
[80], aims to make ML more understandable and interpretable for
a general audience. It provides a wide range of visuals with prop-
erly defined labels that are easy to understand. Shapash also aids
data science audits by compiling essential data and model infor-
mation into a single report. The RF, ET, and LGBM classifiers are
used because they are the most accurate and allow for feature im-
portance to be retrieved in terms of both a global explanation and
a local explanation. Although SVM and SGD can fit sophisticated
nonlinear models to data and achieve excellent performance, the
resulting models are opaque, and the explainer could not support
such type of classifiers [80]. As a result, for fair comparison, we
chose RF, ET, and LGBM classifiers for explainability using SHAP,
LIME, and Shapash explainers.

4. Results

Based on single and varied fusions of modalities, we reported
the performance of the top five models: RF, LGBM, ET, SVC, and
SGD. We tested 10-ML models with single-modality (i.e., SC, BS,
MH, M, and NM) and analyzed them for both three-class and four-
class contexts. The methods we used for data fusion are averag-
ing and combining data from multiple modalities. The main idea
of the used data fusion mechanism is to explore the performance
of combining different modalities using and without using an extra
feature selection step. We tested the performance of different ML
models with each modality using and without using feature select
step in the pipeline. Based on the performance of single modali-
ties, we fused the best two modalities and tested the performance
of different ML models using and without using feature selection
step. This process is continued until we reached the best number
of modalities that achieved the best results. The results of the ex-
periment revealed that the motor modality outperformed all other
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modalities in terms of performance across models. As a result, the
fusion of modalities in tandem with motor modality has been re-
ported: @ two-modality combinations such as M-NM, M-SC and
M-MH, and @ three-modality combinations (with the best perfor-
mance of the M-MH tandem) such as M-MH-MH and M-MH-SC.

Several experiments are carried out on the entire features (after
the combination of modalities) dataset, along with feature selec-
tion for single-modality (early selection) and multi-modality (late
selection). For the three instances described, well-known ML al-
gorithms are examined. The experimental results are presented as
mean + SD (Standard Deviation). The performance of each ML clas-
sifier is compared based solely on the accuracy metric, since it re-
flects other measurement matrices. Readers may check the accom-
panying tables for further information on the other performance
measures.

Experiment 1 The experiment is designed to evaluate 10 promi-
nent ML classifiers with default hyperparameters and entire fea-
tures (n=311). The average performance of the classifiers is listed
in Table S1 in the Supplementary file over a 10-holdout for the
three-class problem. In attaining 82.9% CV accuracy, the ETC algo-
rithms surpassed all other models. Throughout training, the ETC
model (SD = 2.0%) remains stable; however, the RF model achieves
0.68% better accuracy than ETC with the same stability during test-
ing. The Gaussian NB model performs the worst with 56.94% CV
accuracy and 57.67% testing accuracy. As presented in Table S2 in
the Supplementary file, this pattern has persisted for the four-class
problem. The best training accuracy is obtained by the ETC model
(85.31%), whereas the maximum testing accuracy is attained by the
LGBM classifier (74.88%).

Experiment 2 This experiment investigates the role of feature se-
lection in the training of ML models with default hyperparameters.
For feature selection, two strategies are used: @ early selection,
and @ late selection. We examined the four distinct feature selec-
tion methods in both approaches by relying on the motor modal-
ity alone. Table S3 (for three-class) and Table S4 (for four-class) in
the Supplementary file demonstrate the early selection strategy us-
ing various feature selection techniques. The recursive XGboost and
SULOV approach outperformed the other feature selection strate-
gies in both the three-class and four-class tasks across the ML
models. With a 10-holdout test, the ETC ML algorithm achieved a
maximum CV accuracy of 86% (SD = 2.0%) and a testing accuracy
of 78.2% (SD = 0.0) in the three-class case. Similarly, for the four-
class case, the ETC model outscored all other ML models with a CV
accuracy of 85.8% (SD = 1.2%), while the LGBM classifier showed
the greatest testing accuracy of 74.2% (SD = 1.5%).

On the other hand, the late selection strategy attained a max-
imum testing accuracy of 79.2% for a three-class experiment uti-
lizing the RF classifier. Table S5 (for three-class) and Table S6 (for
four-class) in the Supplementary file demonstrate the late selection
strategy using various feature selection techniques. In the four-
class 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%)
using the DT classifier. Further, both feature selection strategies
outperformed ML models that had been trained and validated on
the whole feature set of the dataset as shown in Table 2. These ex-
perimental results suggest that the late selection strategy is prefer-
able for attaining maximal testing accuracy. Compared to the en-
tire features, for the three-class problem, the late selection strategy
increased testing accuracy by 0.3% (with SD = 0.0), while for the
four-class problem, it improved the testing accuracy by 3.22 per-
cent (with SD = 0.0). Therefore, we used the late feature selection
strategy for the rest of the experiments by leveraging the recursive
XGboost, and SULOV approaches.

Experiment 3 In this experiment we investigated the significance
of hyperparameter adjustment in improving the performance of
the 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 4+ 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)

lection stage in a manner that depend on the results of the pre-
ceding experiment. The Bayesian optimization method is used to
tune the hyperparameters of every ML classifier. As can be seen
in Table S7 in the Supplementary file for the three-class case,
the performance of the ML classifiers has increased significantly.
The LGBM classifier attained the maximum CV accuracy of 94.73%
(SD = 0.9%), whereas the SVM classifier achieved the best testing
accuracy of 87.61% (SD = 0.7%). For the four-classe case, Table S8
in the Supplementary file shows that the LGBM model achieved
91.93% CV accuracy, while SGD achieved the highest testing accu-
racy of 89.30%. The top five most accurate models (RF, LGBM, ETC,
SVC, and SGD) from Table S7 & S8 in the Supplementary file are
selected for further investigation in the following experiments.

4.1. Determining the best classifier for single-modality and
multi-modality for three-class

We now conduct experiments to determine the optimum fea-
ture selection strategy utilizing the motor modality alone. Late se-
lection with recursive XGboost and SULOV method yields the best
results in both three-class and four-class problems. The training set
adopts SMOTENN imbalance to eliminate model biases, whereas
the testing set utilizes random oversampling. In addition, all the
models are subjected to Bayesian optimization to enhance their
performance. With these settings, we investigate all modalities and
their fusion across the ML classifier for the three-class problem.

Single-modality LGBM classifier achieves better training results
than the other considered ML-based models. For LGBM, the ac-
curacies for SC, BS, MH, M, and NM are 73.09%, 74.65%, 83.57%,
89.66%, and 90.73%, respectively, as presented in Table 3. Across
all ML classifiers, the NM modality outperforms all other modal-
ities (SC, BS, MH, and M). In all the experimental runs, the NM
modality obtained the highest CV and testing accuracy in the
single-modality test. LGBM had the maximal CV accuracy of all
the ML models utilizing the NM modality, at 90.73%, while SVC
had the best testing accuracy at 81.94%. Meanwhile, SGD fared
poorly, with a minimum CV accuracy of 74.33% and a testing accu-
racy of 69.48%. The ET model underperformed for the SC modality,
whereas SGD scored inadequately for the BS, MH, and M modal-
ities overall. Further, RF is the best model overall with respective
testing accuracies of 65.78%, 70.12%, and 72.21% for SC, MH, and
M. In terms of BS modality, the ET model has the best testing ac-
curacy of 69.41%. SGD had the lowest accuracies of 62.21%, 65.26%,
63.25%, 65.34% and 69.48% with SC, BS, MH, M, and NM modalities,
respectively.

Multli-modality We state that the NM modality plays a crucial
role in improving the performance of all ML models. We employed
NM in conjunction with other modalities to solve a multi-modality
challenge since it surpasses all other modalities and exhibits the
best CV training and testing accuracy of all classifiers. We excluded
the BS modality from the multi-modality tests since it is non-time
series data. We conducted two sets of multi-modality experiments:
® two-modality, and ® three-modality. When it comes to two-
modality, the NM-M combination outperforms all others, as pre-
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sented in Table 3. Compared to other ML-based models, the LGBM
classifier, with NM-M modalities, produces the best training ac-
curacy of 94.89%. However, SVC outperformed LGBM with NM-M
modalities, obtaining 10.68% higher testing accuracy. LGBM out-
performed the other ML classifiers in other combinations, such as
NM-SC and NM-MH, with respective CV accuracies of 93.86% and
91.77%. In the two-modality studies, SGD performs inefficiently.

According to our findings, the NM modality, when combined
with the M-modality, improves the performance of all ML al-
gorithms. We used NM-M in conjunction with the other two
modalities-MH and SC-to address a three-modality problem. As
can be seen in Table 3 in all ML classifiers, combining three modal-
ities reduces the CV and testing accuracy. For example, LGBM at-
tained the highest CV accuracy of 94.89% when combining two
modalities (NM-M); however, when combining the MH modality
and the SC modality (one at a time), it reduces to roughly 4% and
2% respectively. When merging two modalities (NM-M), SVC scored
the highest testing accuracy of 86.10%, but when integrating MH
and SC modality (one at a time), it drops to around 4% and 2%,
respectively.

Comparison Figure 3 shows a comparison of the top five ML
models utilizing the single or multimodality that provides the
best CV results, as well as the best accurate classifier using the
entire features, early selected features, and optimized late se-
lected features across different modalities and their combinations.
Figure 3(a) depicts the performance matrices of five ML models
with optimization using only the NM modality. With an accuracy
of 90.73% and a recall of 89.53%, the LGBM model performed well.
However, the RF model performed better than the LGBM in terms
of precision and F1-score. The LGBM model may be seen as hav-
ing a step increase in performance when compared between en-
tire features, early selected features, and optimized late selected
features throughout the modalities, as shown in Fig. 3(b). In gen-
eral, the model performance increased dramatically when it was
switched from using the entire features without optimization to
using feature selection with optimization. For example, the LGBM
model produced a CV accuracy of 51.36% with entire features using
SC modality, which has improved to 73.09% following late feature
selection optimization.

In terms of multi-modality, the lowest performance model is
SGD, which used the NM-M modality to attain CV accuracy of
78.49%, precision of 81.85%, recall of 78.60%, and F1-score of
74.04%, as shown in Fig. 3(c). When compared to SGD utiliz-
ing the NM-M modality, the LGBM model demonstrated enhanced
CV model performance with improvements in accuracy of over
+16%, precision of over +5.5%, recall of over +15%, and F1-score
of over +6.5%. Figure 3(d) illustrates the top ML classifier-i.e.,
LGBM- to compare the two-modality and three-modality scenar-
ios. The LGBM model performance is improved in any combina-
tion, whether it be two-modality or three-modality. When the
whole features are used without optimization, the LGBM classifier
employing the M-SC modality obtained a CV accuracy of 86.70%.
When using a feature selection approach, it improved by 2.5%.
When utilizing a late feature selection technique and then opti-
mizing using a Bayesian optimizer, it further improved by 4.6%.

Critical analysis The statistical analysis is conducted to exam-
ine the behavior of the NM modality, which is a crucial aspect of
enhancing the performance of all ML models. The Friedman test is
used to analyze whether the models’ median values differed signif-
icantly. If the difference in mean rank exceeds the critical distance
of 2.728, then the difference between models is considered to be
significant. The statistical difference is shown in Fig. 4(a) based on
the Friedman test’s model median values. LGBM has a mean rank
of 1.10 and a median absolute deviation of approximately 3.0. RF
while the corresponding values for SVC are 2.0 and 2.5, respec-
tively. However, the mean rank of the ML models ET and SGD is
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Table 3
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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 7221 £ 0.06  71.26 + 0.08 7221 £ 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 £ 038  78.53 £ 038  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 £ 038 7644 + 038  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 £ 038  77.52 £ 038  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 7093 £ 0.06  67.14 £ 0.07  70.01 + 0.03
NM 90.73 +0.09 8327+0.14 89.53+0.11 76.59 +0.17 71.26 +£0.42 80.33 + 041 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 4+ 0.46 8449+ 045 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 7439 +£ 044  83.46 + 0.43 7439 +£ 037  82.54 4+ 0.40
NM-MH 91.77 £ 0.11 84.31 £ 0.16  90.57 + 0.13 77.63 £ 0.19 7230 £ 044  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 7839 + 0.14  86.46 + 0.23 75.39 +£ 0.27  81.44 4+ 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 7338 £ 037  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 7759 +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 £ 042 75.89 +£043 81.12+ 047 79.42 +0.38
NM-SC 87.08 £ 0.16  84.09 + 0.11 80.72 + 0.16 81.48 £ 0.12 82.34 £ 040  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 £ 040  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 £ 024  81.23 £ 037  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 7393 £ 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 8144 +0.21 86.10 + 0.41 86.22 4+ 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 £ 039  85.19 £ 038  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 8298 £ 039  83.10 £ 038  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 £ 039 81.06 +£0.32 8590 + 039  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 4+ 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 6227 £ 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 7444 £ 0.11 72.88 £0.10 69.48 +0.41 73.76 + 0.06 69.48 + 0.41 67.99 +0.33
NM-M 7849 +0.14 81.85+0.13 78.60 + 0.15 74.04 +0.14 73.64+045 77.92+0.10 73.64 £ 045 7215 +0.37
NM-SC 7746 £ 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 £ 039  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

3.90 and 5.0, respectively, which are both higher than the critical
distance (2.728). Therefore, the median values for the NM modality
are significantly different for the models. The multimodality-the
NM-M modality in this example-is subjected to the same anal-
ysis. LGBM (rank = 1.0) and RF (rank = 2.20) have lower mean
ranks than the critical distance, as illustrated in Fig. 4(b). Other
models 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-
plainability should be used in the medical industry. The ML mod-
els should address the following queries by providing enough in-
formation about the link between the input feature to the model
and the final predictions. Which features are the most important
in the prediction? Why are the patients classified as a specific
class/category on the medical records? Consequently, the study’s
inclusion of explainability in the methodology seems to be more
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intuitive and clinically acceptable. Due to the low explainability
of the existing methods, PD diagnosis prediction remains an ex-
tremely difficult problem despite the performance improvements
that extant studies have achieved [66]. In the present work we
have implemented complex black-box models such as ET, LGBM,
and RE. We used both global and local explainers to demonstrate
how to provide the explainability of the ML models.

Three explainers, SHAPASH, SHAP, and LIME, are used to provide
a pool of potential explanations for the model’s results. Every ex-
planation comes from a separate explainer that estimates the high
relevance score to the most notable features to various modalities
and returns with additional information regarding the explainer’s
trustworthiness in terms of accuracy. From various perspectives,
including visualization, and feature significance (local and global),
the explainers provide insights into the driving elements of the ML
model’s decision.
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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.)
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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.

©® ETC Model: The feature importance plot is created by stacking
the influence of a feature on the classes. Figure 5 shows a compar-
ison between global and local feature importance. SHAP is used to
provide a global explanation of the classes. As shown in Fig. 5(a),

NP3BRADY is the crucial feature for predicting if a patient will be
healthy or at an early stage, whereas it has less significance for
predicting advanced stages. In addition, SHAP ranks the features
according to their importance. In the rank, NP3PRSPR, NP3TTAPR,
and NP3FTAPR all include important features.

We need to assess the significance of features for individual
scenarios after examining the global feature importance of the em-
ployed feature set (i.e., local feature importance). We used SHA-
PASH and LIME for the local feature importance. SHAPASH iden-
tifies the features that are most important in predicting class 2
(i.e., early-stage), and these are illustrated in Fig. 5(b). According to
SHAPASH, the top features are NP3BRADY and NP3PRSPR, which is
consistent with the SHAP explainer’s global feature ranking to pre-
dict PD early stage. Further, the LIME explainer assigns a low value
to features in predicting the advanced stage, similar to how SHAP
assigns a low value to features in predicting the advanced stage
globally, as shown in Fig. 5(c). The consistency of SHAP's global
and local explanation of LIME and SHAPASH in predicting the class
is demonstrated.

® LGBM Model: In contrast to ETC, the global feature impor-
tance plot generated by SHAP via the LGBM ML technique shows
a substantial difference as illustrated in Fig. 6(a). SHAP, like ETC,
shows that the NP3BRADY feature has the highest ranking. Mean-
while, the NP3BRADY feature contribution is better for predicting

1
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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.
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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.

the advanced early stage than predicting healthy or early patients.
The next-best feature, MSEADLG, predicts the advanced stage bet-
ter than the healthy or early stages. In addition, the NP1FATG and
NP3POSTR features have a significant influence on determining the
advanced stage in the rank list.

In terms of the local explanation, SHAPASH and LIME have the
same consistency features. SHAPASH identifies the features that are
most important in predicting class 2 which are shown in Fig. 6(b)
(i.e., early-stage). According to SHAPASH, the most important fea-
tures are NP3BRADY and NP3PRSPR with the maximum statisti-
cal features in the time-series data. Relative to the model, ETC and
LGBM list the same top features when utilizing SHAPASH. When
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comparing explainers within the same classifier, SHAP and SHPASH
have NP3BRADY in common. Further, the LIME explainer assigns a
slightly higher value to features in predicting the advanced stage,
similar to how SHAP assigns high weight to features in predicting
the advanced stage as shown in Fig. 6(c). SHAP, LIME, and SHA-
PASH are shown to be consistent in predicting the class across the
models.

® RF Model: The SHAP, SHPASH, and LIME explanations are
compared to the preceding two models (ETC and LGBM) with the
RF model. NP3BRADY, like ETC and LGBM, is at the top of the SHAP
explainer’s global feature importance list in predicting the three-
class 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.

helps predict healthy and early-stage disease; however, the feature
does play a significant role in advanced stage prediction. SHAP for
RF models, unlike ETC and LGBM, lists the NP3FACXP feature as the
second most important feature.

For the local explanation of the models, SHPASH and LIME ex-
plainers are used for the RF model in the same way as ETC and
LGBM for fair feature comparison. The RF model is provided with
an example of the early-stage label (response 2). The SHAPASH
explainer generates the list of important features that contains
NP3BRADY with the maximum statistical attribute as shown in
Fig. 7(b). The features NP3TTAPR and NP3PRSPR respectively con-
tribute 15% and 10%. Meanwhile, the LIME explanation illustrates
the feature significance score with the probability of prediction.
As shown in Fig. 7(c), LIME prediction exhibits a 100% probability
of correctly classifying the input instance. The NP3BRADY feature
makes the largest contribution to the prediction. following the in-
vestigation, it is determined that NP3BRADY is the most important
feature 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.

4.2. Determining the best classifier for single-modality and
multi-modality for four-class

case Similar experiments are conducted for the four-class issue.
We study all modalities and their fusion across the ML classifier
for the four-class scenario using identical parameters as those in
the previous section.

Single-modality We first discuss the performance of ML algo-
rithms for predicting PD based on each of the five single modal-
ities. Compared to other ML-based models, the RF classifier pro-
duces the best training results. As presented in Table 4, the RF ac-
curacies for SC, BS, MH, M, and NM are 72.68%, 87.05%, 88.27%,
74.81%, and 94.57%, respectively. The NM modality performs bet-
ter than all other modalities (SC, BS, MH, and M) across all ML
classifiers. The NM modality had the greatest CV and testing accu-
racies in the single-modality test in all the experimental runs. SVC
had the greatest testing accuracy at 80.10%, whereas RF had the
highest CV accuracy of all the ML models using the NM modality,
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at 94.57%. Meanwhile, SGD performed poorly, with a minimum CV
accuracy of 79.26% and the ET classifier scored a testing accuracy
of 72.48%. Overall, the ET model fared poorly for the SC modal-
ity, while SGD performed poorly for the BS, MH, and M modali-
ties. Further, with a test accuracy of 65.78% using the SC modality,
RF is the best model overall. The SVC model has the greatest test-
ing accuracy in the BS and MH modalities with respective values
of 73.76% and 73.80%,. The LGBM model offers the greatest testing
accuracy of 69.20% for the M modality. With the SC modality, SVC
had the lowest testing accuracy of 63.45%, while ET had the mini-
mum testing accuracy of 66.18% with the MH modality. Lastly, SGD
had the smallest testing accuracies with the BS and M modalities,
at 68.37% and 59.25%, respectively.

Multi-modality The NM modality, as can be seen in the exper-
imental results, plays a critical role in boosting the performance
of all ML models. Because NM outperforms all other modalities
and has the highest CV training and testing accuracy of any clas-
sifier, we used it in combination with other modalities to address
the multi-modality problem. The BS modality was eliminated from
the multi-modality testing because it is non-time series data. Two
types of multi-modality tests are conducted: @ two-modality and
® three-modality. Table 4 shows that, aside from the LGBM classi-
fier, the NM-SC combination surpasses all others in terms of two-
modality. The NM-M combination outperformed the other com-
binations in the LGBM model. The LGBM classifier with NM-M
modalities offers the best training accuracy of 93.37%, outperform-
ing all other considered ML-based models and NM-SC combina-
tions. With NM-SC modalities, SVC surpassed RF and LGBM (with
NM-M modalities), thus achieving 0.37% greater testing accuracy
than RF and 12.5% greater testing accuracy than LGBM. With a CV
accuracy of 90.62%, LGBM surpassed all other ML classifiers in NM-
MH combinations. SGD showed overall poor performance in the
two-modality investigations.

According to our results, when the NM modality is used in con-
junction with the M-modality, the LGBM algorithms perform bet-
ter. When NM and SC are combined, all other ML-based classifiers
perform better. We employed NM-M and NM-SC combined with
the other two modalities of MH and M, to handle a three-modality
issue for the individual classifier. For example, since NM-SC im-
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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 Ne 72.68 £ 0.10  71.41 £ 0.11 79.04 £0.09 7199 +0.10 ~ 6753 +£005 61.65+0.06 6502+ 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 7131 £ 0.09 72.07 £ 0.08  70.28 + 0.08
M 7481 £ 0.07  71.79 £ 0.07 73.55 £ 0.06 69.76 + 0.08 65.77 £ 0.03 6554 £ 0.04 6577 £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 £ 022 8935+ 0.16 80.19 £0.16  84.93 £ 0.16 81.50 £ 0.43 7529 £ 043  81.50 £ 043  69.66 + 0.42
NM-SC-MH  88.01 £ 0.22  85.03 + 0.08 88.01 + 0.22  85.03 + 0.08 7539+ 035 69.76 £ 034 7539 £ 0.35 69.76 + 0.34
NM-SC-M 88.11 £ 0.15  89.45 4+ 0.08 80.29 + 0.08  85.03 + 0.08 81.61 £ 035 7539+ 035 81.61 £035 69.76 + 0.34

LGBM Ne 74.65 £ 0.08  78.61 £ 0.07 7848 £0.06 71.43 +0.10 66.65 + 0.05  64.8 £ 0.07 68.71 £ 2.04  60.47 +0.03
BS 8155+ 0.04 79.30 £ 0.05 80.28 +£0.04 7738 + 0.05 7239 +£0.02 7196 +£0.03 7239 £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+642 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 +043 739+037 82.05+040
NM-SC 91.19 £ 0.14  87.73 £0.19 9399 £ 0.16  81.05 + 0.22 75.72 £ 047 8479 £ 046 7572 £ 040  83.87 + 0.43
NM-MH 90.62 + 0.16  83.16 + 0.21 89.42 + 0.18  76.48 + 0.24 71.15 £ 049  80.22 £ 048  71.15 £ 042  79.30 + 045
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 8526 £ 0.13  89.52 £ 0.19  76.58 + 0.16 71.25 +£ 0.41 80.32 + 0.4 7125 +£ 034  79.40 £ 0.37

ET Ne 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 7833 £ 0.07 7549 £ 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 7637 £ 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 7235 £ 0.08 74.10 £ 0.07  70.21 + 0.08 63.02 £ 0.03 6243 £ 0.04 63.02 £0.03 61.97 £ 0.03
NM 82.67 £ 042 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 8721 £0.12 7092 4+ 0.14  84.86 + 0.11 77.50 £ 0.14 72.14 £ 038 6852 +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 79.22 041 82.63+040
NM-MH 84.46 + 0.17 68.16 £ 0.18  82.11 £ 0.16  74.75 £ 0.19 69.39 + 043 6577 £ 044 7465 £ 043  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 £ 038 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 £ 035 65.87 £ 036 7475 £ 035 78.17 £ 034

SvC Ne 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 7391 £ 0.11 73.80 £ 0.05 7512 £ 0.05 73.80 £ 0.05 72.03 + 0.06
M 76.09 £ 0.08 7131 £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 8142 +6.35 80.10 + 6.35 78.33 +6.36
NM-M 90.01 + 0.14 7638 £ 0.12  86.52 +£ 0.14  79.92 + 0.19 84.58 + 039  84.70 £ 0.38  84.58 £ 042  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 £ 019 7363 £0.17 8377 £0.19  77.17 £ 0.24 81.83 £ 044 8195+ 043 81.83 £047 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 8193 £ 036 82.05+ 035 8193 £0.39 66.89 + 0.36

SGD Ne 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 7335+ 0.09 7164 £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 7296 £ 0.10 7141 £0.10 73.14 £ 0.08 68.47 + 0.11 7192 £ 0.06 7145+ 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 7212 £ 043 7640 +£ 0.08 7212 £ 043  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 7245 +0.38
NM-MH 7422 £ 017 7758 £0.16 7433 £0.18  69.77 + 0.17 69.37 £ 048  73.65+0.13 6937 £ 048  67.88 + 0.40
NM-SC-MH  77.98 £ 032  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 7432 £ 0.09 77.68 £0.08 7443 £0.10 69.86 + 0.09 69.47 £ 040  73.75 £ 0.05 69.47 £ 040 67.98 + 0.32

proves the performance of the RF model, we combined additional
modalities with the NM-SC combination. Combining three modal-
ities decreases the CV and testing accuracies in all ML classifiers,
as presented in Table 4. For example, when combining two modal-
ities (NM-SC), SVC achieved the best CV accuracy of 91.83%. Still,
combining MH and M modality (one at a time) drops to respective
values of about 7% and 2.5%. SVC obtained the maximum testing
accuracy of 86.40% when combining two modalities (NM-SC), but
when incorporating MH and M modality (one at a time), it reduces
to roughly 3% and 4.5%, respectively. As a result, we did not inves-
tigate the four-modality combination in our study.

Comparison Figure 8 shows a comparison of the top five ML
models utilizing the single or multimodality that provides the best
CV results, as well as the best accurate classifier using the whole
feature, early selected features, and optimized late selected fea-
tures across different modality and their combination. 8(a) shows
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the performance matrices of the five ML models optimized solely
using the NM modality. The RF model performed well, scoring
94.57% accuracy, 90.39% precision, 92.58% recall, and 90.06% F1-
score. When comparing entire features, early selected features, and
optimized late selected features across all modalities, the LGBM
and RF models both demonstrate significant performance improve-
ments, as shown in Fig. 8(b). The model’s performance substan-
tially improved when switching from employing entire features
and no optimization to feature selection with optimization. With
entire features and the NM modality, the LGBM model achieved a
CV accuracy of 80.11%, which was increased to 94.57% after late
features selection optimization.

The model with the lowest multi-modality performance is SGD,
which achieved CV accuracy of 78.79%, precision of 82.15%, recall of
78.90%, and F1-score of 74.34% using the M-SC modality, as shown
in 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.)

model outperformed the CV model with accuracy of over 91.00%,
precision of over 92%, recall of approximately 85%, and F1-score
of over 56%. Figure 8(d) compares the two-modality and three-
modality cases using the top ML classifier with NM-M modality,
i.e., LGBM. The performance of the LGBM model improves in ev-
ery combination, be it a two-modality or three-modality combina-
tion. The LGBM classifier using the M-SC modality produced a CV
accuracy of 88.03% when all features were employed without opti-
mization. It increased by 2.54% when employing a feature selection
strategy, and it increased by 4.62% after employing a late feature
selection strategy and then optimizing using a Bayesian optimizer.

Critical analysis A statistical assessment is conducted to inves-
tigate the behavior of the NM modality, which is critical for im-
proving the performance of all ML models. The Friedman test is
used to determine whether the median values of the models varied
considerably. The difference between models becomes significant
when the difference in mean rank exceeds the critical distance of
2.728. In terms of the model’s median Friedman test values, the
statistical difference is demonstrated in Fig. 9(a). The mean ranks
of RF and LGBM are 1.10 and 1.9, respectively. By contrast, the ML
models ET, SVC, and SGD, have respective mean ranks of 3.10, 3.90,
and 5.0, all of which exceed the critical distance (2.728). As a re-
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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.

sult, the NM modality’s median values vary greatly among models.
The same analysis is performed for multimodality, in this case, the
NM-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.

(rank = 1.2), SVC (rank = 2.3), and RF (rank = 2.70) are lower than
the 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
critical distance.

Explainability In the medical realm, it is inadequate to simply
provide a meaningful outcome and the highest model accuracy.
Doctors want to know why certain judgments were made. These
lead us to the important questions: What is the rationale behind
the system’s decision? What considerations or parameters are used
in making the decision? Are the selected attributes medically im-
portant and sufficient? This subsection discusses the implementa-
tion of XAl features for the four-class problem in the present re-
search. XAl capabilities may be delivered to the physician in a va-
riety of ways, including feature significance based on global and
local explainers. Similar to the three-class problem, we used the
three models to test various explainers.

©® ETC Model: The explainer constructed the feature signifi-
cance plot by stacking the effect of a feature on the classes.
Figure 10 illustrates the importance of global (SHAP) and local
(SHAPASH and LIME) features. SHAP provides a global understand-
ing of the prediction of the correct class. As demonstrated in
Fig. 10(a), NP3BRADY is a critically important feature for determin-
ing whether a patient is healthy or in an early stage of disease,
but it is less important for determining if the patient is in an ad-
vanced early or an advanced stage. SHAP also assigns a weighting
to the features based on their relevance. The other key features
are NP3PRSPR, NP3TTAPR, and NP3FTAPR, and these are included
in the rank list.

After reviewing the global feature relevance of the used feature
set, we must analyze the significance of features for different sit-
uations (i.e., local feature importance). For the relevance of local
features, we employed SHAPASH and LIME. As shown in Fig. 10(b),
SHAPASH indicates the features that are most relevant in predict-
ing class 3. (i.e., advanced early stage). The topmost features, ac-
cording to SHAPASH, are NP3BRADY and NP3POSTR (with maxi-
mum statistical attributes), which match the SHAP explainer’s fea-
ture ranking for predicting the advanced early class of PD patients.
Further, similar to how SHAP assigns low importance scores to fea-
tures in predicting the advanced early and advanced stage globally,
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the LIME explanation assigns low values to features in the predict-
ing task of the advanced early and advanced stage of PD patients,
as shown in Fig. 10(c). The highest score feature, NP3BRADY, is
the same as in SHAP and SHAPASH. SHAP’s global and local ex-
planations of LIME and SHAPASH in predicting the correct class of
Parkinson’s patients are shown to be consistent.

® LGBM Model: As shown in Fig. 11(a), the global feature im-
portance plot created by SHAP through the LGBM ML approach,
in contrast to ETC, reveals a significant difference. SHAP, like
ETC, presents the highest-ranking NP3BRADY feature. On the other
hand, the NP3BRADY feature contribution is better for predicting
healthy or early patients than advanced early or advanced stage.
MSEADLG, the next-best feature, predicts the advanced early and
advanced stage better than the healthy and early-stage patients.
Further, the NP3POSTR and NP3SPCH features have a considerable
impact on deciding the advanced stage PD patient in the SHAP
rank list of feature importance.

Regarding the local explanation, SHAPASH and LIME share simi-
lar consistency properties. Figure 11(b) shows how SHAPASH deter-
mines the most essential elements for predicting the class 3 (i.e,,
advanced early PD). The topmost features in time-series data, ac-
cording to SHAPASH, are MSEADLG and NP3BRADY, both of which
have the maximum statistical attributes. When using SHAPASH,
ETC and LGBM list the same top features but in reverse order, as
the comparison is made between the models. When comparing ex-
plainers within the same classifier (LGBM), SHAP and SHPASH have
NP3BRADY in common. Furthermore, similar to how SHAP pro-
vides a high weight to features in predicting the advanced early
PD patient globally (see Fig. 11(c)), the LIME approach assigns a
slightly greater value to features in predicting the advanced stage.
However, the correct class prediction probability is 71% and the
NP3BRADY feature is second topmost in the LIME feature impor-
tance list. SHAP, LIME, and SHAPASH have been found to be con-
sistent across models in predicting the correct target class.

® RF Model: The RF model is used to compare the SHAP, SH-
PASH, and LIME explanations to the previous two models (ETC and
LGBM). As shown in Fig. 12(a), NP3BRADY, like ETC and LGBM, is at
the top of the SHAP explainer’s global feature relevance list in pre-
dicting 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.
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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.

aids in distinguishing the healthy and early-stage patients. The fea-
ture also contributes significantly to advanced early and advanced
stage prediction when compared to other features. The NP3FACXP
feature is listed as the second most important feature in SHAP for
RF models, similar to LGBM but not ETC. Further, for LGBM and
ETC, SHAPASH shows MSEADLG as the most essential feature.

In the case of the local explanation, SHPASH and LIME explain-
ers are used for the RF model, which are equivalent to ETC and
LGBM for feature comparison. An example of a label advanced
early class is presented to the RF model (response 3). As shown
in Fig. 12(b), the SHAPASH explanation generates a list of essen-
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tial features, which includes MSEADLG, that has the mean statisti-
cal attribute. Other features, such as NP3BRADY and NP3POSTR re-
spectively contribute 19% and 15% of the total. On the other hand,
the LIME explanation correlates the feature significance score with
the likelihood of prediction. LIME has a 100% probability of ac-
curately classifying the input instance, as illustrated in Fig. 12(c).
The NP3TTAPR feature makes the greatest significant contribution
to the prediction. The analysis found that NP3BRADY is the most
essential feature in predicting the correct target class globally,
whereas MSEADLG found the most important feature locally. The
results are evaluated on three models (ETC, LGBM, and RF) and
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Fig. 13. Best performance of modalities in overall experiments.

evaluated using three separate explainers (SHAP, SHAPASH, and
LIME), including global and local explainers.

5. Discussion

Three-class: In this section, we will delve into the results of
the three-class and four-class predictions, as well as the findings
from the explainability analysis. Our findings reveal that the LGBM
model demonstrated excellent performance in the three-class pre-
diction task, both for single-modality and multi-modality cases, as
illustrated in Fig. 13(a). Our results indicate that all models per-
formed exceptionally well when using the NM modality, which was
found to be superior to the other modalities. In the single-modality
scenario, the LGBM model achieved a maximum cross-validation
accuracy of 90.73% using the NM modality. Furthermore, when
using the NM-M modality in the multi-modality case, the LGBM
model achieved a maximum cross-validation accuracy of 92.28%.
The addition of the M modality to the NM modality improved per-
formance by approximately 2%. Conversely, we observed a decline
in performance as more modalities were combined.

The LGBM model was evaluated for its explainability compared
to the RF and ETC machine learning-based approaches. To thor-
oughly assess the performance of these three machine learning
models, three different explanation methods, as well as global and
local approaches, were employed to ensure the robustness and
generalization of the model. The results of the SHAP explanation
showed that the NP3BRADY feature was the most significant for
all three categories of PD patients, with the LGBM classifier hav-
ing double the importance magnitude compared to the other mod-
els. The NP3BRADY feature was ranked at the top of the SHAPASH
feature list in the local explanation. The contributions of the ETC,
LGBM, and RF classifiers to predicting class 2 (early stage) were
55%, 50%, and 40%, respectively. The LIME explanation also revealed
the NP3BRADY feature as the top-ranked feature for correct target
class prediction. However, the prediction probability of LGBM (81%)
was much lower compared to the ETC (98%) and RF (100%).

Four-class The results of the four-class prediction test showed
mixed performance for multi-modality, with the NM modality pro-
viding the best results in single-modality scenarios. Although the
LGBM model had the highest accuracy in the three-class predic-
tion, the RF model had the best CV accuracy in the four-class pre-
diction, reaching 94.57% as depicted in Fig. 13(a). The combination
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of the NM and M modalities provided the highest accuracy with
the LGBM model, while the combination of the NM and SC modal-
ities had the best results for the other classifiers. In particular, the
SVC model had a maximum accuracy of 91.83% using the NM-SC
combination, whereas the LGBM model achieved an even higher
accuracy of 93.37% with the NM-M combination.

The performance and explainability of the LGBM model were
evaluated in comparison to the RF and ETC machine learning-based
approaches. The robustness and generalizability of the three ma-
chine learning models were assessed through the use of three dif-
ferent explanations, as well as both global and local methods. The
results of the SHAP explanation showed that the NP3BRADY fea-
ture was the most significant for all four categories of Parkin-
son’s disease patients, however, the LGBM classifier had a 2.5%
higher importance magnitude compared to the ETC and RF mod-
els. In terms of the SHAPASH feature ranking list, the NP3BRADY
feature was the most important for the ETC model, whereas the
MESEADLG feature was the most important for the LGBM and RF
models. The contributions of the ETC, LGBM, and RF classifiers to-
wards predicting class 3 (advanced early stage) were 28%, 27%,
and 26% respectively. Additionally, the NP3BRADY feature was the
first in the LIME feature ranking list for the ETC model, while the
NP3TTAPR feature was the first for the LGBM and RF models. In
terms of prediction accuracy, the RF model was the most accurate
at 100%, while the LGBM was the least accurate at 71% and the ETC
was 84% accurate.

We also conducted an analysis of variance (ANOVA) to assess
whether the mean values of the modalities differed significantly.
If the confidence intervals of the two populations did not overlap,
the populations were considered distinct. The results are depicted
in Fig. 13(b), which displays the mean value for each population.
There is a significant difference between the two modalities: In
the three-class test, LGBM with the NM-M modality had a mean
of 93.20, while LGBM with NM had a mean of 90.60. For the four-
class test, the RF model with NM modality had a mean of 91.80,
the LGBM model with NM-M modality had a mean of 90.80, and
the SVC model with NM-SC modality had a mean of 90.60.

Our study was compared to existing state-of-the-art literature
on predicting Parkinson’s patients as presented in Table 5. A review
of the literature shows that numerous studies have been conducted
in this field since 2014, each using a unique dataset and modal-
ity. Many of these studies utilized single modalities from various
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datasets, with some examples including speech data, time-series
analysis, and imaginary data.

However, many of these studies had limitations, such as insuf-
ficient sample size, lack of cross-validation, utilization of non-time
series data, and lack of validation of testing results. In compari-
son, our study used time-series data from 1059 patients, employed
10 well-known machine learning-based classifiers, and investigated
both single and multi-modality approaches through advanced fea-
ture engineering techniques. Furthermore, we ensured the stabil-
ity and robustness of our model by employing 10-holdout and 10-
fold cross-validation. Our proposed framework achieved a cross-
validation accuracy of 94% (LGBM) and a testing accuracy of 94%
(RF).

Limitations and future work Although our suggested framework
has the best accuracy and has been tested across ten various ar-
chitectural classifiers, it does have some drawbacks: @ From a sin-
gle PPMI dataset, we employed five modalities. Most notably, all
the modalities are numerical features with ML models that have
been validated for classification tasks. Beyond numerical features,
it would be advantageous to incorporate imaginary modalities such
as MRI, PET, and CT scans since imaginary modalities play a vi-
tal role in the prediction of PD. ® We implemented the H&Y scale
to categorize the patients. Other scales, such as the Schwab and
England scale, the Brain Bank of the United Kingdom PD Soci-
ety, and Gelb’s criteria and fatigue scale, may be used instead.
As a multi-classification problem, it is also conceivable to inte-
grate the progression and diagnosis of the Parkinson’s stage pre-
diction. ® When dealing with medical problems, deep learning
models including LSTM and RNN may be trained and evaluated
across diverse datasets to increase model generalizability. For ex-
ample the model might be trained on PPMI and tested on the PC-
GITA dataset. @ Further, ensemble learning and dynamic ensem-
ble models are two sophisticated strategies that might be used to
exploit the data. End-to-end learning for multi-tasking problems
might also be thought of as a method that combine heterogeneous
models and data. ® By extracting the statistical feature across the
patients’ visits, we turned the time-series modality into a non-time
series; it is highly possible that some information was lost through
that procedure. For our future study, we will exploit time-series
data in conjunction with the most advanced ML/DL model and fea-
ture approach.

Method
SVM
SVM
SVM
ML
SVM
SVM
SVM
CNN
CNN
DNN
SVM
ANN
ANN,SVM
RF
CNN
SVM
LSTM
RF,MLP,CNN
LGBM,RF

Performance
(Accuracy %)
94%
91%, 94%
85%
90%
84%
92%

9
86%
81%
91.82%
94.93%
93.84%
85%
80%

3
84%
93.26%
LGBM
94%,94%

cv
No
No
No
Yes
No
No
Yes
No
No
No
Yes
No
Yes
Yes
Yes
Yes
No
91.45%
Yes

CART, SVM, ANN
RF,LGBM,ET,SVC,SGD

LSTM

LDA, k-NN, NB, RT,
RF

RBFNN, SVM
CNN,CWT

CNN
DNN
SVM, ANN,CART

Base classifier
NB,SVM,DT,RF
Supervised ML
SVM

SVM

KNN + MLP
SVM
SVM,NB,RF
CNN,SVM

SVM
SVM

Yes

15 ML classifiers

engineering
Yes

Feature
Yes
Yes
Ye
Yes
N
Yes
Yes
No
Yes
Yes
Yes
Ye
Y
Yes
Yes
Yes
Yes

Tasks
Detection
Progression
Progression
Detection
Detection
Progression
Progression
Progression
Detection
Progression
Detection
Progression
Detection
Progression
Progression
Progression
Detection
Progression
Yes
Progression

Total
patients
7
9
80
18
37
60
390
08
268
42
40
45
31
2,289
252
45
52
Detection
1059

6. Conclusion

In this work, we comprehensively evaluated different proposed
ML frameworks to predict PD progression. We explored different
combinations of time series data fusion, different feature selec-
tion approaches, and different data balancing methods. We extend
the resulting framework by implementing three different XAI tech-
niques including SHAP, LIME, and SHAPASH 1. Our experimental
analysis demonstrated that the NM modality is the most informa-
tive feature set. In the 3-class case, LGBM achieved the maximum
accuracy of 90.73%, whereas RF achieved the maximum accuracy
of 94.57% in the four-class case. Both LGBM and RF are ensem-
ble learning techniques based on tree base classifiers. However, RF
classifier separately trains every tree with random sets of exam-
ples and features. This randomization makes the RF less likely to
overfit the training data and more robust than every single deci-
sion tree. This is the possible reason for the superior performance
of RF in the 4-class problem than LGBM.. The optimial ML models
| have been used to provide XAI features. We provide both global
and local XAl features for different ML models using the three XAI
techniques. The consistency of these techniques has been explored.

XAl techniques highlighted NP3BRADY feature as the most impor-
SARRAGEY 35 RJB8F BRgIFm E tant feature. Local explainers highlighted MESEADLG feature as the
best feature with both LGBM and RF models. Resulting models are

Gait data By Microsoft Kinect
Dysphonia measurements voice
Time Frequency characteristics
Voice feature

DaTSCAN image
pronounce several speech

Voice signal setence

segmentation
Dynamic speech features

Pd patients

Motor and Non motor
35

Motor and Nonmotor

Pd patients

Telemonitoring Voice
Speech

Voice recordings.
Sensory data

PD hand writing
T1-weighted MRI
SC,BS,MH,M,NM

Modalities

BioVid Heat Pain Database (BVDB)

Parkinson dataset

National Centre for Voice and
PPMI

University of California
Speech, Denver

Non-wearable sensors
PPMI and VV

Vowel speech data
CuPiD multimodal
PaWaH database
Phonetically Speech
GYENNO SCIENCE PD

3D MRI
Sage Bionetwork

PD telemonitoring
UCI's PD Voice
UCI PD Speech
UCI PD Data

PC-GITA
PPMI

Dataset

Year

2015
2015
2015
2015
2016
2016
2017
2017
2018
2018
2019
2019
2020
2020
2019
2020
2021
2022
2023

Reference

Comparison with existing works for PD prediction.

Table 5
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expected to be trustworthy and medically acceptable in real envi-
ronments because they provide both accurate and explainable de-
cisions.
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