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Abstract. Current tests of disease status in Parkinson’s disease suffer from high 
variability, limiting their ability to determine disease severity and prognosis. Event-

related potentials, in conjunction with machine learning, may provide a more 

objective assessment. In this study, we will use event-related potentials to develop 
machine learning models, aiming to provide an objective way to assess disease 

status and predict disease progression in Parkinson’s disease. 
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1. Introduction 

Current methods of evaluating disease severity in Parkinson’s disease (PD) suffer from 

high variability, making it hard to determine disease status and predict disease 

progression accurately [1]. Machine learning (ML) allows analysis of multivariate and 

complex data in a manner that is more objective than most conventional methods and 

has been used in the prediction of disease progression in other degenerative diseases such 

as Alzheimer’s Disease [2]. In the case of PD, event-related potentials (ERPs), being 

brain responses to sensory, cognitive, or motor events, have been shown to differ 

between people with the disease and controls [3] and, thus, might provide an objective 

assessment of disease severity. This study examines the contingent negative variation 

(CNV), an electrical potential that develops in anticipation of a response to a target. 
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2. Approach 

The study was performed at the Canberra Hospital and ethics approval was obtained from 

the ACT Health Human Research Ethics Committee under protocol number 

ETH.4.16.060. Electroencephalography (EEG) recordings were made using a 64-channel 

ActiveTwo BioSemi system. Participants were seated in a chair in front of a projector 

screen and will respond via a RESPONSEpixx 5-button response box. 

A blue square was presented in the centre of a white screen, and 2.5 sec later, an X 

or a Y was presented to either the right or the left of the cue. The participant responded 

to the X by pressing the button that corresponded to the side of appearance of the X while 

withholding any response to the Y. An X appeared in 80% of the trials and the experiment 

included 90 trials. 

Data from 21 people with PD and 16 controls were processed in MATLAB R2019a 

and EEGlab. The CNV was quantified by subtracting the mean amplitude in the 2000–

1500ms interval from the 500–0ms interval pre-stimulus. The resultant features were 

used as input to a random forest algorithm and the electrodes that were most prevalent 

after running the algorithm 100 times selected as input to a support vector machine 

(SVM) for ML-based classification. Leave-one-out cross-validation (LOOCV) was used 

for classification evaluation. 

3. Results 

Because the early CNV differs between people with other neurodegenerative diseases 

and controls [4], we expected similar differences to be present between people with PD 

and controls. The electrodes selected by the random forest algorithm corresponded with 

the literature and the combination of the SVM with LOOCV produced an accuracy of 

72.97%, with sensitivity of 71.43%, specificity of 75%, and precision of 78.95%. 

4. Conclusions 

The results show the CNV has promise as a marker of disease status in PD, while leaving 

room for improvement. The CNV is a slow-building potential and mean amplitudes may 

not be the best to capture subtle changes. EEG data are noisy and different electrodes 

often pick up on the same signal to varying degrees. Dimensionality and noise reduction 

techniques, such as Principal Component Analysis, might be able to improve 

classification accuracy. Therefore, different quantification methods, as well as 

dimensionality and noise reduction techniques are avenues for future work. 
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