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Thermal conductivity prediction based on machine learning

Niu Chengcheng’ Li Shaobo'? Dan Yabo®* Cao Zhuo® Li Xiang® Hu Jianjun®?

(1.Key Laboratory of Advanced Manufacturing Technology (Ministry of Education),
Guizhou University,Guiyang 550025;2.School of Mechanical Engineering, Guizhou University,
Guiyang 55002533 Department of Computer Science and Engineering, University of South
Carolina SC,Carolina SC 29208)

Abstract Traditional theoretical research, experimental research and computational simulation have failed to
satisfy scientists’ exploration and design of new materials. Data-driven machine learning algorithms have a driving role
in material screening and performance prediction. The machine learning was applied to material informatics.Based on the
existing material thermal conductivity data set,a machine learning thermal conductivity prediction model was developed
and evaluated by cross-validation. Machine learning was used to establish a mapping model between descriptors and

thermal conductivity properties, which can be used for large-scale material screening to guide experimental research.
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