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Abstract ; In order to study the working mechanism of concrete autogenous shrinkage with multiple
factors, a machine learning model suitable for predicting concrete autogenous shrinkage is
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established to enhance the interpretability of machine learning algorithms. 14 indexes such as
water-cement ratio and water-binder ratio were used as input variables while concrete autogenous
shrinkage was used as output variable; BPNN, SVM, RF, and XGBoost algorithms were used to
establish the prediction model of concrete autogenous shrinkage ,and the best prediction model was
obtained by comparing the coefficient of determination( R*) ,root means square error ( RMSE ) and
mean absolute error( MAE) ;the SHAP method was used to explain the degree of contribution of
the input variables to the output variables, the correlation and the mechanism of each input
variable. The results show that the XGBoost algorithm can effectively predict the autogenous
shrinkage of concrete compared with the remaining three algorithms, the mean values of R,
RMSE ,and MAE are 0.956,0.055, and 0. 026, respectively; the aggregate-cement-ratio is the
critical variable affecting the autogenous shrinkage of concrete, and variables such as aggregate-
cement ratio, the content of highly absorbent resin have a negative correlation with autogenous
shrinkage of concrete while time and silica fume content have a positive correlation. The SHAP
method can effectively solve the black box problem of the machine learning model and improve

the interpretability of the model.
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Fig.1 The histograms of frequency distributions for different parameters
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Fig. 3 Comparison of autogenous shrinkage between the prediction results and experimental results
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Table 1 The performance evaluation of the

prediction model

R? RMSE MAE
x| il b | b il b
BPNN 0.947 0.932 0.035 0.170 0.034 0.148

SVM 0.943 0.915 0.068 0.079 0.020 0.032
RF 0.913 0.872 0.067 0.070 0.052 0. 046

XGBoost  0.970 0.941 0.048 0.062 0.029 0.022
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