
한국통계학회 2016년 춘계학술논문발표회 프로시딩

Error Variance Estimation in Ultrahigh Dimensional Additive Models
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Abstract

Error variance estimation plays an important role in statistical inference for high dimensional re-

gression models. This paper concerns with error variance estimation in high dimensional sparse

additive model. We study the asymptotic behavior of the traditional mean squared errors, the naive

estimate of error variance, and show that it may significantly underestimate the error variance due

to spurious correlations which are even higher in nonparametric models than linear models. We

further propose an accurate estimate for error variance in ultrahigh dimensional sparse additive

model by effectively integrating sure independence screening and refitted cross-validation tech-

niques (Fan, Guo and Hao, 2012). The root n consistency and the asymptotic normality of the

resulting estimate are established. We conduct Monte Carlo simulation study to examine the finite

sample performance of the newly proposed estimate. A real data example is used to illustrate the

proposed methodology. Joint work with Zhao Chen and Jianqing Fan.

Extended Abstract

Statistical inference on regression models typically involves the estimation of the variance of its ran-

dom error. Hypothesis testing on regression functions, confidence/prediction interval construction

and variable selection all require an accurate estimate of the error variance. Thus, error variance

estimation plays an important role in statistical inference for high dimensional regression models.

This paper concerns with error variance estimation in high dimensional sparse additive model.

Let Y be a response variable, and x = (X1, · · · , Xp)T be a predictor vector. The additive model

assumes that

Y = µ+

p∑

j=1

fj(Xj) + ε, (1)

where µ is intercept term, {fj(·), j = 1, · · · , p} are the unknown functions and ε is the random

error with E(ε) = 0 and var(ε) = σ2. Following the convention in the literature, it is assumed

throughout this paper that Efj(Xj) = 0 for j = 1, · · · , p so that model (1) is identifiable. This

assumption implies that µ = E(Y ). Thus, a natural estimator for µ is the sample average of Y ’s.

This estimator is root n consistent, and its rate of convergence is faster than that for the estimator

of nonparametric function fj ’s. Without loss of generality, we further assume µ = 0 for ease of

notation.

In this paper, we propose using B-splines to approximate the nonparametric functions, and first

study the asymptotic properties of the traditional mean squared error, a naive estimator of the

error variance. Under some mild conditions, Theorem 1 of this paper shows that the mean squared

aPenn State U.

2



Proceedings of the Spring Conference 2016, Korean Statistical Society

error leads to a significant underestimate of the error variance. This prompts us to propose a two-

stage refitted cross-validation procedure to reduce spurious correlation. In the first stage, we apply

a sure independence screening procedure to reduce the ultrahigh dimensionality to relative large

dimensional regression problem. In the second stage, we apply refitted cross validation technique,

which was proposed for linear regression model by Fan, Guo and Hao (2012), for the dimension-

reduced additive models obtained from the first stage. The RCV procedure can be described as

an algorithm shown in Figure 1.

The implementation of the proposed RCV procedure is not difficult. However, it is challenging in

establishing its sampling properties. This is because the dimensionality of ultrahigh dimensional

sparse additive models becomes even higher. We study the sampling properties of the proposed

refitted cross-validation estimate, and establish its asymptotic normality. Theorem 2 of this paper

shows that under certain regularity condition,

√
n
(
σ̂2
RCV − σ2

)
→ LN (0,E ε41 − σ4) (2)

as n → ∞. From our theoretical analysis, it can be found that the refitted cross-validation tech-

niques can eliminate the side effects due to over-fitting.
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한국통계학회 2016년 춘계학술논문발표회 프로시딩
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그림 1: Refitted Cross Validation Procedure
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