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High throughput screening of metal-organic framework
materials based on machine learning

YU TianXin PENG Xuan”®

(College of Information Science and Technology, Beijing University of Chemical Technology, Beijing 100029, China)

Abstract ;. High throughput screening of metal organic frameworks ( MOFs) for methane adsorption has been carried
out using a decision tree (DT) model and its derived random forest ( RF) model, an extreme random tree (ET)
model and a gradient lifting tree (GBDT) model. Using the eigenvector data of 1800 kinds of materials, the corre-
lation and importance were calculated. It was found that the structural characteristics of materials had little correla-
tion with chemical information characteristics, but the importance of the structural characteristics of materials was
higher. 1260 kinds of materials in the database were used as training sets and the four machine learning models
were used for training, and the remaining 540 materials were used as test sets to compare and evaluate the screening
results of the models. On the basis of the receiver operating characteristic (ROC) curve and the precision recall
(PR) curve, it is found that the GBDT model has strong stability and high prediction accuracy, making it the best
way to select MOF materials for adsorption of methane. For the parameter optimization of RF and GBDT models, it
was found that the coordination of the number of single decision tree and the number of split features of decision tree
nodes can effectively improve the performance of RF model, while adjusting the learning rate and iteration times of
regression tree can effectively improve the performance of GBDT model. Based on the test set of 540 materials, the
relationship between the main feature vector and methane adsorption capacity was analyzed by using the first 20 high
performance adsorption materials screened by the GBDT model.
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