TN,

fNIRS-Based Machine Learning for
Parkinson’s Motor Subtype Classification 5™

AndrééCeIeste Amaral- Navarro Miguel G. Ramirez- Ellas lldefonso Rodriguez- Leyva and Edgar Guevara™

A284734@a|umnos.uaslp.mx
1 Faculty of Science, Universidad Autobnoma de San Luis Potosi, Mexico
2 Neurology Service, Hospital Central "Dr. Ignacio Morones Prieto"”, Faculty of Medicine, UASLP, Mexico
3 Coordinacion para la Innovacion y Aplicacion de la Ciencia y la Tecnologia, UASLP, Mexico

(I,
J Bl

l. INTRODUCTION Il. METHODS

Parkinson’'s disease (PD) is a Participants fNIRS Acquisition

heterogeneous neurodegenerative 0e® - — — —— @3
disorder with  distinct motor '.‘ N / : : o .
subtypes, mainly tremor-dominant 40 participants . s dov o dos v
(TD) and akinetic-rigid (AR), which 10 Tp 10 AR, 20 Controls) . B ’
differ in  clinical features, l ? = ® T
progression, and treatment Experimental Task o e . 21 19 16 13
response [1]. However, current ANed ey peeon D) e sy 2 &= 2ol
subtype classification relies largely % 22 channels + 2 SSC

on clinical assessment and expert Finger tapping

judgment, introducing subjectivity (fine motor task) Quality control, Motion/noise correction,

Preprocessing

and inter-rater variability. HbO/HbR, conversion GLM estimation [2]

Feature extraction and selection
14 features per Elimination by Genetic

channel/contrast 20 channels x 3 correlation Algorithm
Time domain (12) >  cromophores x 14 (Ir] > 0.7) > 47 selected

Frequency domain (2) features = 840 variables

Functional near-infrared
spectroscopy (fNIRS), combined
with machine learning, provides an
gquantative approach to assess
cortical hemodynamics during
motor tasks and may support the
differentiation of PD subtypes and 22 machine Stratified: 80% Model selection: stratified 5- Evaluation

healthy controls. learning classifiers train, 20% test fold cross validation (five runs) metrics.

IV. RESULTS
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