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Abstract: Objective To establish a machine learning model that can distinguish Parkinson’s disease (PD) patients from healthy
controls based on the data of MR diffusion tensor imaging (DTI), and to explore the brain imaging and biological markers of PD
patients. Methods A total of 289 patients with PD in our hospital from June 2015 to December 2019 were collected as PD group, and
131 healthy controls were recruited as control group. All subjects were divided into training set and validation set according to the
ratio of 7:3. Vectors which included parameters such as fractional anisotropy, mean diffusivity, axial and radial diffusion coefficient
was constructed based on the data of DTI. The dimension of vectors was reduced based on machine learning methods to build a
classification model, and the model evaluation was performed by receiver operating characteristic. Results Among the five machine
learning classification models constructed, the SVM_Linear model using twelve parameters of DTI for brain region had the best
classification performance. The results of model evaluation showed that the area under curve (AUC) in the training set was 0.897, the
sensitivity was 83.3%, and the specificity was 89.0%. The AUC in the validation set was 0.878, the sensitivity was 79.3%, and the
specificity was 88.4%. Conclusion The machine learning classification model based on the data of DTI can effectively distinguish
PD patients from healthy controls. The DTI parameters of corpus callosum, cingulate gyrus, fornix and other brain regions have the
potential to be used as imaging markers of PD.
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