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Most neurological disorders that include Parkinson’s disease (PD) as well as
other neurological diseases such as Amyotrophic Lateral Sclerosis (ALS) and
Huntington’s disease (HD) have some common abnormalities regarding the
movement, vocal, and cognitive behaviors of sufferers. Variations in the
manifestation of these types of abnormality help distinguish one disorder
from another. In this study, differentiation was performed based on the gait
characteristics of patients afflicted by different neurological disorders. In the
recent past, many researchers have applied different machine learning and
feature selection techniques to the classification of different groups of
patients based on common abnormalities. However, in an era of
modernization where the focus is on timely low-cost automatization and
pattern recognition, such techniques require improvisation to provide high
performance. We attempted to improve the performance of such techniques
using different feature optimization methods, such as a genetic algorithm
(GA) and principal component analysis (PCA), and applying different
classification approaches, i.e., linear, nonlinear, and probabilistic classifiers.
In this study, gait dynamics data of patients suffering with PD, ALS, and HD
were collated from a public database, and a binary classification approach
was used by taking PD as one group and adopting ALS+HD as another
group. Performance comparison was achieved using different classification
techniques that incorporated optimized feature sets obtained from GA and
PCA. In comparison with other classifiers using different feature sets, the
highest accuracy (97.87%) was obtained using random forest combined with
GA-based feature sets. The results provide evidence that could assist medical
practitioners in differentiating PD from other neurological diseases using
gait characteristics.
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1. INTRODUCTION

Disorders related to Parkinson’s disease (PD), which usually affect multiple parts of the body,
are characterized by motor symptoms such as tremors, abnormalities in gait, and postural rigidity and by
non-motor symptoms such as cognitive disorders that affect the brain cells. The progressive nature of this
type of disease affects the quality of life of those affected [1]. The difficulties associated with this disease
limit the ability of sufferers to participate in ordinary daily, social, and sporting activities and enforce their
dependence on others and healthcare service systems [2]. Patients affected by other neurological diseases
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such as Amyotrophic Lateral Sclerosis (ALS) and Huntington’s disease (HD) can also experience similar
abnormalities. Gait abnormalities are most common amongst those affected by one of the various
neurological disorders, and evaluation of gait characteristics is often conducted for early diagnosis as well as
for prediction of different neurological diseases [3]. It has been found that gait analysis and PD have a strong
relationship [4]. In the recent past, several researchers have used machine learning techniques as well as
feature selection techniques to distinguish the various neurological diseases of patients. However, they have
tended to use either only one feature selection technique (or none at all) and only a few machine learning
techniques to attempt to distinguish neurological diseases such as PD or ALS [5-7]. No comprehensive study
has been undertaken to compare the performance of such an approach considering all three neurological
diseases (PD, ALS, and HD) when using various feature optimization and machine learning techniques.
This study compared the improvement in the accuracy of distinguishing PD, ALS, and HD patients using
popular feature selection algorithms such as a genetic algorithm (GA) and principal component analysis
(PCA) together with a range of classifiers, i.e., linear, nonlinear, and probabilistic classifiers.

2. BACKGROUND

In 2017, Kotsavasiloglou et al. [8] studied the differences in the movement of the hand and
coordination of the muscles between PD patients and healthy subjects when using a pen and tablet device.
They used different classification techniques such as Naive Bayes, AdaBoost, logistic regression, J48,
support vector machine (SVM), and random forest (RF) for the classification tasks. They found average
accuracy of 919%, sensitivity of 88%, and specificity of 95% when differentiating the two groups.
Eskidere et al. [9] analyzed the performance of the least square SVM (LS-SVM), multilayer perceptron
neural network, and general regression neural network regression methods to track remotely the progression
of PD. They found LS-SVM produced the best result in comparison with the other three methods.
Gharehchopogh et al. [10] used a method based on an artificial neural network for the diagnosis of PD. They
used the multilayer perceptron (MLP) approach with a back-propagation algorithm and a radial basis function
to distinguish patients with PD. They found the MLP method performed well with accuracy of 93.22%.
Nilashi et al. [11] proposed a hybrid intelligent method for the prediction of PD progression using noise
removal, clustering, and prediction methods. To overcome the multicollinearity problem, they used PCA and
an expectation maximization method. They also applied an adaptive neuro-fuzzy inference system and
support vector regression for the prediction of PD progression. They found this proposed method improved
the accuracy for the prediction of PD progression.

Muniz et al. [12] proposed a method based on a comparison of three different classifiers
(i.e., logistic regression, probabilistic neural network, and SVM) for distinguishing normal subjects from PD
subjects by assessing the effects of deep brain stimulation on ground reaction force both with and without
medication. They observed that classifiers indicating deep brain stimulation only were more effective than
those indicating medication only. Polat [13] used fuzzy c-means clustering feature weighting (FCMFW) and
the k-NN classification technique for the detection of PD. The FCMFW-based PD datasets were used as
input to the k-NN-based classification system. The best k value was obtained after several iterations using
the FCMFW dataset. It was found that the FCMFW-based dataset combined with the k-NN classification
system offered reasonable performance for the detection of PD. Nilashi et al. [14] proposed a knowledge-
based system for disease prediction using clustering, noise removal, and prediction techniques. They used
expectation maximization, PCA, classification and regression tree (CART), and a fuzzy-based method for
the prediction of disease. They found a combined system that included a fuzzy-based system and noise
removal using a CART together with clustering techniques was effective in disease prediction using real-
world medical datasets.

Parisi et al. [15] used dysphonia measures and clinical scores as input data for different machine
learning techniques that included a combination of multilayer perceptron and Lagrangian SVM (LSVM),
a combination of MLP and SVM, and both MLP and SVM alone for the diagnosis of early stage PD.
They used four performance metrics (i.e., accuracy, sensitivity, specificity, and area under the curve) for
comparison of the different machine learning techniques as well as the hybrid machine learning techniques.
They found the MLP-LSVM hybrid technique provided accuracy of 100% and that it converged at a faster
rate than the other techniques. They suggested the MLP-LSVM hybrid technique could have potential for use
by clinicians for early detection of PD. Aich et al. [16] used spatiotemporal gait parameters as input to
different machine learning approaches to distinguish PD from Alzheimer’s disease. Two different feature sets
were used for comparison of the performance of the different machine learning techniques. The machine
learning techniques used in their approach were linear discriminant analysis, Naive Bayes, recursive
partitioning and regression tree, C4.5, pruning rule-based classification tree, bagging CART, RF, Boosted
C 5.0, and SVM. They found classification accuracy of 92.59% with the SVM classifier combined with
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the original feature sets. Kim proposed a new technique. Yi and Yu [17] used accelerometer and gyroscope
data to develop a fall detection algorithm with 100% sensitivity and 98.75% specificity.Aich et al. [18] used
gait signals those were quantified using 3D motion captures as an input to the machine learning algorithms to
distinguish Parkinson’s disease patients with shuffling gait from older adults.Aich et al.[19] proposed
a multicriteria decision modelling approach to compare the classification performance based on different
feature selection techniques for the gait analysis of the PD patients.

3. METHODOLOGY

Figure 1 presents a flowchart of the methodology used in this study. The study focused on the gait
dynamics of 48 individuals from different neurodegenerative groups: 15 PD patients, 20 HD patients, and 13
ALS patients [20]. The 12 parameters of gait dynamics obtained from the datasets were as follows: left stride
interval (LSTRI), right stride interval (RSTRI), left swing interval (LSWIT), right swing interval (RSWIT),
left swing interval_% of stride (LSWIPQOS), right swing interval_% of stride (RSWIPOS), left stance interval
(LSTNI), right stance interval (RSTNI), left stance interval_% of stride (LSTNIPOS), right stance interval_%
of stride (RSTNIPOS), double support interval (DSI), and double support interval_% of stride (DSIPOS).
We used two feature selection methods: GA and PCA. The GA method is an adaptive optimization search
methodology that employs iterative computation to obtain the optimal solution. Figure 2 presents a flowchart
of the working principle of GA [21]. PCA was used to compress the data and to extract information [22].

[ Collection of data from the public database }

—{ Preparation of data for building models ]—

. ] Principal component Analysis
[Genetic algorithm based feature} { based feature reduction
t |

reduction technique applied to - - -
the original dataset echnique a]()jgltl:getio the origina

Different classification techniques are
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[Peﬂormance comparison analysis and }

Interpretation of result

Figure 1. Flowchart of proposed methodology

3.1. Classification methods

We used recursive portioning and regression tree, multilayer perceptron, pruning rule-based
classification tree, bagging CART, and RF as nonlinear classifiers, the Naive Bayes method as a probabilistic
classifier, and SVM and a radial basis function as linear classifiers.

3.2. Performance measure metrics

The parameters used to assess and validate the classifiers were as follows: accuracy, sensitivity,
specificity, PPV, and NPV. Sensitivity is defined as the ratio of true positives to the sum of true positives
and false negatives. Specificity is the ratio of true negatives to the sum of false positives and true negatives.
In the current study, we used PPV and NPV to verify the presence or absence of PD. Therefore, PPV
represents the probability that PD is present and given a positive test result, and NPV is the probability that
PD is absent and given a negative test result [23]. Accuracy is defined as the ratio of the number of correct
predictions to the total number of predictions, multiplied by 100 to convert to a percentage.
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Figure 2. Flowchart of the working principle of the genetic algorithm
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4. RESULT AND DISCUSSIONS

The original feature sets consisted of 12 features. The features obtained based on the GA and PCA
methods are detailed in Table 1. For the GA method, the features were selected based on the survival of
the fittest method, whereby the high performers survived a repetitive iteration process and they were able to
achieve the desired criteria specified as the fitness function. The GA is a dimension reduction technique and
the principal components are the directions in which variance is greatest, i.e., greater dispersion. Figure 3
shows the variance of the selected variables and their contributions to feature selection; seven variables
accounted for 99.1% of the variance. Figure 4 shows the cumulative variance of the principal components.
Both feature selection techniques were used to identify a small number of important features and these
features were employed as input to the various classifiers to analyze the performance of the classifiers based
on the performance metrics. Figure 5 shows the resultant principal components. Figure 6 shows the relative
importance of the features selected by PCA.

Table 1. Feature selection using different methods

Method

GA Left stride interval, right stride interval, left stance interval, left stance interval_% of stride, left swing interval, right
swing interval, right swing interval_% of stride, double support interval,

PCA Left stride interval, left stance interval, left stance interval_% of stride, left swing interval, right swing interval, double

support interval, double support interval % of stride
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Figure 6. Relative importance of the features selected by principal component analysis (PCA)

After feature selection, we applied classification techniques to the selected features. We divided
the datasets into two: one set was used for training and the other was used for testing. The results of
the performance measures for different feature sets are shown in Figure 7 to Figure 11. Figure 7 illustrates
the accuracy of the classifiers with different feature sets. It can be observed that features obtained using
the GA sets and the RF classifier show the highest accuracy (97.87%) followed by the SVM classifier with
the same GA sets (accuracy: 92.89%). Figure 8 presents the sensitivity of the classifiers with different feature
sets. It can be seen that features obtained using the GA sets and the RF classifier show the highest sensitivity
(0.9883) followed by the bagging CART classifier with the same GA sets (sensitivity: 0.9428). Figure 9
shows the specificity of the classifiers with different feature sets. It can be observed that features obtained
using the GA sets and the RF classifier show the highest specificity (0.9835) followed by the SVM classifier
with the same GA sets (specificity: 0.9489). Figure 10 presents the PPV of the classifiers with different
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feature sets. It can be seen that features obtained using the GA sets and the RF classifier show the highest
PPV (0.9775) followed by SVM classifier with the same GA sets (PPV: 0.9565). Figure 11 presents the NPV
of the classifiers with different feature sets. It can be observed that features obtained using the GA sets and
the RF classifier show the highest NPV (0.9825) followed by the Naive Bayes classifier with the same GA
sets (NPV: 0.933).
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Figure 7. Comparison of the genetic algorithm (GA) and principal component analysis (PCA) accuracy
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Figure 8. Comparison of the genetic algorithm (GA) and principal component analysis (PCA) sensitivity
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Figure 9. Comparison of the genetic algorithm (GA) and principal component analysis (PCA) specificity
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Figure 10. Comparison of the genetic algorithm (GA) and principal component analysis (PCA)
positive predictive value (PPV)
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Figure 11. Comparison of the genetic algorithm (GA) and principal component analysis (PCA)
negative predictive value (NPV)

The results demonstrate that the RF classifier with the GA feature sets performed better in terms of
accuracy in comparison with other classifiers with the same GA feature sets as well as the same group of
classifiers with PCA feature sets. Furthermore, all classifiers were found to perform better with the GA
feature sets than with the PCA feature sets in terms of the other performance measures, i.e., sensitivity,
specificity, PPV, and NPV. In our analysis, we prioritized accuracy over the other performance measures;
thus, we consider the RF classifier with GA sets more important than other combinations. The previous
study [24] related to the classification of Parkinson’s disease with FoG and No FoG also observed
classification accuracy of 91.42%.Another study [25] that used voice parameters and using various feature
selection technique also observed classification accuracy of 97.57%. The results obtained in this proposed
approach are in accordance with previous reports.

5. CONCLUSION

This study used linear, nonlinear, and probabilistic classifiers to distinguish PD from other
neurological diseases (i.e., ALS and HD) by considering two different feature selection methods using gait
dynamics data. In a comparison of various classifiers and different feature sets, we found the highest
accuracy (97.87%) when using the RF classifier in combination with GA-based feature sets. This analysis
helps us explore different feature selection methods as well as the importance of the features for
improvement in classification performance. The results demonstrated could help clinicians and practitioners
distinguish PD from ALS and HD using gait dynamics data.
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