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Abstract

This study aimed to evaluate the potential value of machine learning (ML)-based analysis to
diagnose Minamata disease using quantitative multiparametric MRI features. We studied MR imaging
data of 31 patients and 126 healthy controls who attended National Institute for Minamata Disease in
Minamata and underwent 3T three-dimensional (3D) spoiled gradient recalled echo (SPGR) and
diffusion tensor imaging. Based on the inclusion and exclusion criteria, age matching and image
appropriateness, 3D MR imaging data of 14 patients (fetal type, 3; infant type, 5; adult type, 6) and 74
controls were finally included in this study. Local brain volume extracted from 3D-T1-weighted
images (110 features, hereinafter Volume), local diffusion index extracted from diffusion tensor
images (AD, axial diffusivity; RD, radial diffusivity; MD, mean diffusivity; FA, fractional anisotropy;
Each of the 46 features) was used as a feature. We performed machine learning with support vector
machine (SVM), random forest (RF), and Adaboost (AdB). A combination of a feature value (AD,
RD, MD, FA, Volume) and a learning device (RF, SVM, AdB) is referred to as feature value-learning
device. The diagnostic ability when a single feature is used among the brain volume and the diffusion
tensor index was shown by an AUC value. It was Volume-RF (0.91), Volume-SVM (0.89), Volume-
AdB (0.78), AD-RF (0.94), AD-SVM (0.94), AD-AdB (0.86), RD-RF (0.88), RD-SVM (0.82), RD-
AdB (0.77), MD-RF (0.90), MD-SVM (0.88), MD-AdB (0.79), FA-RF (0.81), FA-SVM (0.76), and
FA-AdB (0.71). When both features were used, the AUC value was improved in some models, but
none of the models exceeded the AUC values of AD-RF and AD-SVM. There was no significant
difference in AUC value between AD-RF and AD-SVM. When feature values with high diagnostic
ability were extracted using AD-RF and Volume-RF models, feature values that matched the damaged
part of Minamata disease reported in the past were extracted. By using a machine learning model,

Minamata disease could be diagnosed with high accuracy.

225



