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MM algorithm of the estimation of single-index quantile regression
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Abstract The single-index quantile regression model is an important semiparametric model with the
merit of dimensionality reduction. Furthermore, it retains the robustness of a nonparametric model.
For most existing estimating procedures of single-index quantile regression models, the estimators are
obtained via minimizing the objective functions by the interior point method. In this paper, we
investigate the MM ( majorize-minimize ) algorithm of the single index quantile regression model
estimating procedure. We first construct the majorize function of the objective function and then
minimize the substituted majorize function to find the estimators. Our numerical simulations and
empirical study show that for the considered model, the MM algorithm has good stability and can
yield more accurate estimation. Compared with the interior point method, the MM algorithm is more
efficient and takes less time.
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Table 2 Outcomes of g(u) for the models under

different choices of 7 in simulation 1
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Table 4 Outcomes of g(u) for the models under

different choices of 7 in simulation 2
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Table 7 Coefficient estimation and standard deviation
estimation of Boston data set under the single-index

quantile regression mode

P RM log(TAX)  PTRATIO  log(LSTAT)
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