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Research and Application of Facial Motor Nerve Conduction
Examination Data based on Machine Learning

TANG Yuqi', LI Zechen’, YANG Dongdong', JIN Shuoguo', LIU Meijun', LI Yonghong
(1. Department of neurology , Hospital of Chengdu University of Traditional Chinese Medicine , Chengdu 610072, China;2. College of E-
lectronic Engineering, Chengdu University of Information Technology , Chengdu 610225, China)

Abstract ; In order to conduct a preliminary study on facial motor nerve conduction examination data,the method of ma-
chine learning is proposed to conduct in-depth data mining and analysis to find the characteristic values with the highest
correlation, so as to study the main influencefactors and explore the possibility of clinical diagnosis prediction. We col-
lected 10 months electrical inspection report totally 2352 datafromchengdu university of traditional Chinese medicine
medical and selected 575 reports accord with standard to make datasets,we use programming to quantitatively analyze the
inspection data and report conclusion,and building KNN, logistic regression,random forests, stacking algorithm model re-
spectively. The model with highest accuracy is selected to extract features after adjustment of arguments, toresearch the
main influence factors and the clinical interpretation prediction possibilities. Experimental results show that, on the one
hand , random forest algorithm in emg clinical interpretation accuracy reached 92. 69% ,the precision is 92.78% ,the re-
call rate was 100% , P value is 0.04271 compared with logistical regression and 0.00745 compared with KNN, men-
tioned above all make great sense. ,namely the random forest model is best suited for facial motor conduction nerve ex-
amination data analysis,on the other hand,the use of random forests method to extract the characteristic value,can more
clear quickly find out the main factors affecting facial movement neuropathy. This research mines data through machine
learning , it is concluded that the main factors affecting facial motor nerve conduction check are temporal right amplitude
data and buccal branch on the right side of amplitude and so on eight feature points. It is proposed that the clinical data
sets can be used for interpretation prediction. By randomly selecting main feature points, specifically reduce the inspec-
tion points in clinical operations,to achieve the goal of reducing single person inspection time.

Keywords : machine learning ; facial nerve ; electromyography ; characteristic ;random forests



