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Abstract: Although machine learning models for predicting concrete creep have been numerous studied,
but only a few studies have distinguished concrete strength. Firstly, based on NU-ITI database, three
machine learning models BPANN, SVR and XGBoost are used to build a prediction model for concrete
creep. The results indicate that XGBoost can effectively predict the creep of concrete (R*=0.972 9).
Secondly, through the analysis of correlations among parameters of high strength concrete, the parameter
groups with the highest and lowest correlation coefficients were identified. Based on the parameter

selection, the XGBoost models was recalculated for high strength concrete creep, revealing that excluding
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weakly correlated parameters significantly reduces the robustness of the computational results. This study

demonstrates that there are varying degrees of correlation among parameters affecting the creep of high

strength concrete. The exclusion of strongly correlated parameters has a minor impact on the accuracy of

the model calculations, while the exclusion of weakly correlated parameters has a more significant effect.

The research findings can serve as a reference for modeling the creep of high strength concrete.

Key words: structural engineering; high strength concrete creep; machine learning model; maximum

information coefficient, robustness
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Fig. 2 Experimental results are compared with
those predicted by MC2010 model
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Table 8 A combination of two input variables
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