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Abstract

In order to improve the prediction accuracy of the estimators of the model averaging, we propose
a method for finding the estimators of variable coefficient model averaging with variable weights
based on quantile regression. First, the quantile regression function is used to calculate the Jack-
knife estimated value of the variable coefficient regression function. Then, the obtained estima-
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tors are substituted into the quantile regression model to obtain the Jackknife estimate of the
conditional quantile of the explanatory variable under the mth model; finally, the weight estima-
tors are obtained by minimizing the local Jackknife criterion. The simulations show that the esti-
mators proposed by us are more robust than the traditional conditional mean regression estima-
tors, and the prediction accuracy of the variable weight estimators proposed by us is significantly
better than that of the fixed weight estimators. We use Boston house price information for empir-
ical analysis, whose results highlight the merits of the estimators proposed by us. The simulation
and empirical analysis prove that the proposed method has higher prediction accuracy.
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Figure 1. DGP 1 (Variable Coefficient, Homoskedasticity), Situation 2 (Quantile Model Averaging Robustness Evaluation)
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