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Summary

Variance estimation is a fundamental problem in statistical modelling. In ultrahigh dimensional
linear regression where the dimensionality is much larger than the sample size, traditional variance
estimation techniques are not applicable. Recent advances in variable selection in ultrahigh
dimensional linear regression make this problem accessible. One of the major problems in
ultrahigh dimensional regression is the high spurious correlation between the unobserved realized
noise and some of the predictors. As a result, the realized noises are actually predicted when extra
irrelevant variables are selected, leading to serious underestimate of the level of noise. We propose
a two-stage refitted procedure via a data splitting technique, called refitted cross-validation, to
attenuate the influence of irrelevant variables with high spurious correlations. Our asymptotic
results show that the resulting procedure performs as well as the oracle estimator, which knows in
advance the mean regression function. The simulation studies lend further support to our
theoretical claims. The naive two-stage estimator and the plug-in one-stage estimators using the
lasso and smoothly clipped absolute deviation are also studied and compared. Their performances
can be improved by the reffitted cross-validation method proposed.

Keywords
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1. Introduction

Variance estimation is a fundamental problem in statistical modelling. It is prominently
featured in the statistical inference on regression coefficients. It is also important for
variable selection criteria such as Akaike’s information criterion AIC and the Bayesian
information criterion BIC. It provides also a benchmark of forecasting error when an oracle
actually knows the regression function and such a benchmark is very important for
forecasters to gauge their forecasting performance relative to the oracle. For conventional
linear models, the residual variance estimator usually performs well and plays an important
role in the inferences after model selection and estimation. However, the ordinary least
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squares methods do not work for many contemporary data sets which have a greater number
of covariates than the sample size. For example, in disease classification using microarray
data, the number of arrays is usually in tens, yet tens of thousands of gene expressions are
potential predictors. When interactions are considered, the dimensionality grows even more
quickly; for example considering possible interactions among thousands of genes or single-
nucleotide polymorphisms yields a number of parameters in the order of millions. In this
paper, we propose and compare several methods for variance estimation in the setting of an
ultrahigh dimensional linear model. A key assumption which makes the high dimensional
problems solvable is the sparsity condition: the number of non-zero components is small
compared with the sample size. With sparsity, variable selection can identify the subset of
important predictors and improve the model interpretability and predictability.

Recently, there have been several important advances in model selection and estimation for
ultrahigh dimensional problems. The properties of penalized likelihood methods such as the
lasso and smoothly clipped absolute deviation (SCAD) have been extensively studied in
high and ultrahigh dimensional regression. Various useful results have been obtained. See,
for example, Fan and Peng (2004), Zhao and Yu (2006), Bunea et al. (2007), Zhang and
Huang (2008), Meinshausen and Yu (2009), Kim et al. (2008), Meier et al. (2008), Lv and
Fan (2009) and Fan and Lv (2011). Another important model selection tool is the Dantzig
selector that was proposed by Candes and Tao (2007), which can be easily recast as a linear
program. It is closely related to the lasso, as demonstrated by Bickel et al. (2009). Fan and
Lv (2008) showed that correlation ranking has a sure screening property in the Gaussian
linear model with Gaussian covariates and proposed the sure independent screening (SIS)
and iteratively sure independent screening (ISIS) methods. Fan et al. (2009) extended ISIS
to a general pseudolikelihood framework, which includes generalized linear models as a
special case. Fan and Song (2010) have developed general conditions under which the
marginal regression has a sure screening property in the context of generalized linear
models. For an overview, see Fan and Lv (2010).

In all the work mentioned above, the primary focus is the consistency of model selection and
parameter estimation. The problem of variance estimation in ultrahigh dimensional settings
has hardly been touched. A natural approach to estimate the variance is the following two-
stage procedure. In the first stage, a model selection tool is applied to select a model which,
if is not exactly the true model, includes all important variables with moderate model size
(smaller than the sample size). In the terminology of Fan and Lv (2008), the model selected
has a sure screening property. In the second stage, the variance is estimated by an ordinary
least squares method based on the variables selected in the first stage. Obviously, this
method works well if we can recover exactly the true model in the first stage. This is usually
difficult to achieve in ultrahigh dimensional problems. Yet, sure screening properties are
much easier to obtain. Unfortunately, this naive two-step approach can seriously
underestimate the level of noise even with the sure screening property in the first stage
owing to spurious correlation that is inherent in ultrahigh dimensional problems. When the
number of irrelevant variables is huge, some of these variables have large sample
correlations with the realized noises. Hence, almost all variable selection procedures will,
with high probability, select those spurious variables in the model when the model is
overfitted, and the realized noises are actually predicted by several spurious variables,
leading to a serious underestimate of the residual variance.

The above phenomenon can be easily illustrated in the simplest model, in which the true
coefficient g = 0. Suppose that one extra variable is selected by a method such as the lasso

or SIS in the first stage. Then, the ordinary least squares estimator 72 is
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(1)

where y,, is the sample correlation of the spurious variable and the response, which is really
the realized noise in this null model. Most variable selection procedures such as stepwise
addition, SIS and the lasso will first select the covariate that has highest sample correlation

with the response, namely, y,=max j<,|Corr,(X;, Y)|. In other words, this extra variable is
selected to predict the realized noise vector best. However, as Fan and Lv (2008) stated, the

maximum absolute sample correlation y, can be very large, which makes &2 seriously
biased. To illustrate the point, we simulated 500 data sets with sample size n = 50 and the

number of covariates p =10, 100, 1000, 5000, with {X/]f:l and noise independent and
identically distributed (11D) from the standard normal distribution. Fig. 1(a) presents the
densities of y, across the 500 simulations and Fig. 1(b) depicts the densities of the estimator

&> defined in equation (1). Clearly, the biases of > become larger as p increases.

The bias becomes larger when more spurious variables are recruited to the model. To
illustrate the point, let us use stepwise addition to recruit s variables to the model. Clearly,
the realized noises are now better predicted, leading to an even more severe underestimate of
the level of noise. Fig. 2 depicts the distributions of spurious multiple correlation with the
response (realized noise) and the corresponding naive two-stage estimator of variance for s =
1, 2,5, 10, keeping p = 1000 fixed. Clearly, the biases become much larger with s. For
comparison, we also depict similar distributions based on SIS, which selects s variables that
are marginally most correlated with the response variable. The results are depicted in Fig.
3(a). Although the biases based on the SIS method are still large, they are smaller than those
based on the stepwise addition method, as the latter chose the co-ordinated spurious
variables to optimize the prediction of the realized noise.

A similar phenomenon was also observed in classical model selection by Ye (1998). To
correct the effects of model selection, Ye (1998) developed the concept of a generalized
degree of freedom but it is computationally intensive and can only be applied to some
special cases.

To attenuate the influence of spurious variables that are entered into the selected model and
to improve the accuracy of estimation, we introduce a refitted cross-validation (RCV)
technique. Roughly speaking, we split the data randomly into two halves, do model selection
by using the first half of the data set and refit the model on the basis of the variables selected
in the first stage, using the second half of the data to estimate the variance, and vice versa.
The estimator proposed is just the average of these two estimators. The results of the RCV
variance estimators with s = 1, 2, 5, 10 are presented in Fig. 3(b). The corrections of biases
due to spurious correlation are dramatic. The essential difference between this approach and
the naive two-stage approach is that the regression coefficients in the first stage are
discarded and refitted by using the second half of the data and hence the spurious
correlations in the first stage are significantly reduced at the second stage. The variance
estimation is unbiased as long as the models selected in the first stage contain all relevant
variables, namely they have a sure screening property. It turns out that this simple RCV
method improves dramatically the performance of the naive two-stage procedure. Clearly,
the RCV can also be used to do model selection itself, reducing the influence of spurious
variables.
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To appreciate why, suppose that a predictor has a big sample correlation with the response
(realized noise in the null model) over the first half of the data set and is selected into the
model by a model selection procedure. Since the two halves of the data set are independent
and the chance that a given predictor is highly correlated with realized noise is small, it is
very unlikely that this predictor has a large sample correlation with the realized noise over
the second half of the data set. Hence, its influence on the variance estimation is very small
when refitted and estimating the variance over the second half will not cause any bias. This
argument is also true for the non-null models provided that the model selected includes all
important variables.

To gain better understanding of the RCV approach, we compare our method with the direct
plug-in method, which computes the residual variance based on a regularized fit. This was
inspired by Greenshtein and Ritov (2004) on the persistence of the lasso estimator. An
interpretation of their results is that such an estimator is consistent. However, a bias term of
order O{s log(p)/n} is inherent in the lasso-based estimator, when the regularization
parameter is optimally tuned. When the bias is negligible, the lasso-based plug-in estimator
is consistent. The plug-in variance estimation based on the general folded concave penalized
least squares estimators such as SCAD are also discussed. In some cases, this method is
comparable with the RCV approach.

The paper is organized as following. Section 2 gives some additional insights into the
challenges of high dimensionality in variance estimation. In Section 3, the RCV variance
estimator is proposed and its sampling properties are established. Section 4 studies the
variance-estimation-based penalized likelihood methods. Extensive simulation studies are
conducted in Section 5 to illustrate the advantage of the methodology proposed. Section 6 is
devoted to a discussion and the detailed proofs are provided in Appendix A.

2. Insights into challenges of high dimensionality in variance estimation

Consider the usual linear model
Y,»:xiTB+s,-, ory=Xp+e, ()

where y = (Y4, ..., Yy)T is an n-vector of responses, X = (X, ..., Xp) | is an n x p matrix of
independent and identically distributed 11D variables Xy, ..., Xn, 8= (81, ..., ﬁp)T is ap-
vector of parameters and & = (e1, ..., &,) " is an n-vector of 11D random noises with mean 0
and variance 2. We always assume that the noise is independent of predictors. For any
index set M C {1, 2, ..., p}, Bm denotes the subvector containing the components of the
vector g that are indexed by M, Xy, denotes the submatrix containing the columns of X that

. -1 . . . .
are indexed by M and Pl,:XM(XI,XM) XT, is the projection operator onto the linear space
that is generated by the column vectors of Xy.

When p >nor p > n, itis often assumed that the true model Mg = {j: ; # 0} is sparse, i.e.
the number of non-zero coefficients s = [Mg| is small. It is usually assumed that s is fixed or
diverging at a mild rate. Under various sparsity assumptions and regularity conditions, the
most popular variable selection tools such as the lasso, SCAD, adaptive lasso, SIS and
Dantzig selector have various good properties regarding model selection consistency.
Among these properties are the sure screening property, model consistency, sign
consistency, the weak oracle property and the oracle property, from weak to strong.
Theoretically, under some regularity conditions, all the aforementioned model selection
tools can achieve model consistency. In other words, they can exactly pick out the true
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sparse model with probability tending to 1. However, in practice, these conditions are
impossible to check and difficult to meet. Hence, it is often very difficult to extract the exact
subset of significant variables among a huge set of covariates. One of the reasons is the
spurious correlation, as we now illustrate.

Suppose that unknown to us the true data-generating process in model (2) is

Y=2X,+0.3X>+&

where X; is the n-dimensional vector of the realizations of the covariate Xj. Furthermore, let

us assume that {XA,-}_',-’:] and ¢ follow independently the standard normal distribution. As
illustrated in Fig. 1(a), where p is large, there are realizations of variables that have high
correlations with . Let us say corr(Xo, £)=0.5. Then, Xg can even have a better chance of
being selected than X,. Here and hereafter, we refer the spurious variables to those variables
that are selected to predict the realized noise & and their associated sample correlations are
called spurious correlations.

Continuing with the above example, the naive two-stage estimator will work well when the
model selection is consistent. Since we may not obtain model consistency in practice and
have no way to check even if we obtain it by chance, it is natural to ask whether the naive
two-stage strategy works if only sure screening can be achieved in the first stage. In the
aforementioned example, let us say that a model selector chooses the set {X1, X5, Xg}, which
contains all true variables. However, in the naive two-stage fitting, Xg is used to predict &,
resulting in substantial underestimate of o2 = var(e). If both variables X; and X, are selected,
all spurious variables are recruited to predict &. The more spurious variables are selected, the
better ¢ is predicted, and the more serious underestimation of o2 by the naive two-stage
estimation.

We say that a model selection procedure satisfies the sure screening property if the selected
model M with model size § includes the true model Mg with probability tending to 1.
Explicitly,

P(A’ZDMO)—>1 asn — oo,

The sure screening property is a crucial criterion when evaluating a model selection
procedure for high or ultrahigh dimensional problems. Among all model consistent
properties, the sure screening property is the weakest and the easiest to achieve in practice.

We demonstrate the naive two-stage procedure in detail. Assume that the selected model M

in the first stage includes the true model My. The ordinary least squares estimator 5:2 at the
second stage, using only the selected variables in M, is

T T
Y -Pyy &0 Py

—~2
k]

M n-s n-ys 3)

where I, is the n x n identity matrix. How does this estimator perform? To facilitate the
notation, denote the naive estimator by 2. Then, estimator (3) can be written as
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— 1 —
(r,zz=——,\(l - y,%)sTa,
n-7s

where 7= ‘TPQS/ e'e. Letus analyse the asymptotic behaviour of this naive two-stage
estimator.

Theorem 1—Under assumptions 1 and 2 together with 3 and 4 or 5 and 6 in Appendix A,
we have the following results.

a. If aprocedure satisfies the sure screening property with § < b, where b, = o(n) is

given in assumption 2, then ¢2/(1 —372) converges to o2 in probability as n — oo.
Furthermore,

(G2/(1 =73 — o¥yn 2 NO, E[£4] - o),

where ‘— P’ stands for ‘convergence in distribution’.

b. If, in addition, log(p)=n = O(1), then y, = Op[V{s log(p)=n}].

It is perhaps worthwhile to make a remark about theorem 1. 32 plays an important role in the
performance of 2. It represents the fraction of bias in 2. The slower y, converges to 0, the

worse & performs. Moreover, if 372 converges to a positive constant with a non-negligible
probability, it will lead to an inconstant estimator. The estimator cannot be root n consistent

if § log(p)/n — oo. This explains the poor performance of 2, as demonstrated in Figs 2 and

3. Although theorem 1 gives an upper bound of yj, it is often sharp. For instance, if {X;}f:l
and ¢ are 11D standard normal distributions and § = 1, then y, is just the maximum absolute

sample correlation between ¢ and {X;}f:l. Denote the jth sample correlation by
Ynj=Cort,(X;,€), j = 1, ..., p. Applying the transformation T(r) = rA/(L — r?), we obtain a

sequence {&=V(n - 2)T67n_;)}_1;:1 with 11D Student t-distribution with n — 2 degrees of
freedom. Simple analysis on the extreme statistics of the sequences {&y} and {;?nj} shows
that, for any ¢ > 0 such that log(p/c) < n + 2, we have

P [')7,,>\/{MH >1 — exp(—c),

2n (4)

which implies the sharpness of theorem 1 in this specific case. Furthermore, when log(p) =
o(n'”),

3711:\/{210g([))/n}{ 1+0p(1)}

with the limiting distribution is given by
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P[1210g(2p)}Fuyn — day)<x] — exp{-exp(-x)}. )

where

Vi2log(p)} — (log V{4rlog(p)})

- V{2log(p)}

See Appendix A.5 for details.

3. Variance estimation based on refitted cross-validation

3.1. Refitted cross-validation

In this section, we introduce the RCV method to remove the influence of spurious variables
in the second stage. The method requires only that the model selection procedure in stage 1
has a sure screening property. The idea is as follows. We assume that the sample size n is
even for simplicity and split randomly the sample into two groups. In the first stage, an
ultrahigh dimensional variable selection method like SIS is applied to these two data sets
separately, which yields two small sets of selected variables. In the second stage, the
ordinary least squares method is used to re-estimate the coefficient g and variance o2.
Different from the naive two-stage method, we apply ordinary least squares again to the first
subset of the data with the variables selected by the second subset of the data and vice versa.
Taking the average of these two estimators, we obtain our estimator of 2. The refitting in
the second stage is fundamental to reduce the influence of the spurious variables in the first
stage of variable selection.

To implement this idea of RCV, consider a data set with sample size n, which is randomly
split into two even data sets (y(D), X)) and (y®, X(@). First, a variable selection tool is
performed on (y(), X(1)) and let M denote the set of variables selected. The variance o2 is

. )
then estimated on the second data set (y(@), X,;,‘), namely

Ty . _ PPy
_, Y7 M — POy

T

n/2 - M|

) w2 v @DTx @\ Ix@T .
where P =X (XETX00 X2 Similarly, we use the second data set (@), X®) to select

. . R . o L
the set of important variables M, and the first data set (y(), X,;,Z) for estimation of &2,
resulting in

(1
L y(l)T(In/2 _ P.(&‘:z))ym

05=

n/2 - |Ma)

We define the final estimator as
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G2 =(C1+03)/2. ©
An alternative is the weighted average defined by
. y2', - Pg]))y[2’+(y“))T(In - p§;2>)y(1>
e 0 — \My |~ || | e

—~ 2

When [My| = |Mp|, we have 7, ., =05 .-

In this procedure, although My includes some extra unimportant variables besides the
important variables, these extra variables will play minor roles when we estimate o2 by
using the second data set along with refitting since they are just some random unrelated
variables over the second data set. Furthermore, even when some important variables are
missed in the first stage of model selection, they have a good chance of being well
approximated by the other variables selected in the first stage to reduce modelling biases.
Thanks to the refitting in the second stage, the best linear approximation of those selected
variables is used to reduce the biases. Therefore, a larger selected model size gives us, not
only a better chance of sure screening, but also a way to reduce modelling biases in the
second stage when some important variables are missing. This explains why the RCV
method is relatively insensitive to the model size selected, demonstrated in Fig. 3 and in Fig.
6 in Section 5.1. With a larger model being selected in stage 1, we may lose some degrees of
freedom and hence obtain an estimator with slightly larger variance than the oracle estimator
at finite sample. Nevertheless, the RCV estimator performs well in practice and is
asymptotically optimal when s = o(n). The following theorem gives the property of the RCV
estimator. It requires only a sure screening property, which was studied by Fan and Lv
(2008) for normal multiple regression, Fan and Song (2010) for generalized linear models
and Zhao and Li (2010) for the Cox regression model.

Theorem 2—Assume that regularity conditions 1 and 2 in Appendix A hold and E[¢*] <
oo, If a procedure satisfies the sure screening property with §; <by, and s, < by, then

P D )
(@ rey = )W = N(O,E[£"] = o). ®)

Theorem 2 reveals that the RCV estimator of variance has an oracle property. If the
regression coefficient g* is known by oracle, then we can compute the realized noise

£=Y; —x! 8" and obtain the oracle estimator
1 2
Go=n Y (Y= X[ B

i=1

This oracle estimator has the same asymptotic variance as ...,

There are two natural extensions of the aforementioned refitted cross-validation techniques.
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a. K-fold data splitting: the first natural extension is to use a K -fold data splitting
technique rather than twofold splitting. We can divide the data into K groups and
select the model with all groups except one, which is used to estimate the variance
with refitting. We may improve the sure screening probability with this K -fold
method since there are now more data in the first stage. However, there are only n/
K data points in the second stage for refitting. This means that the number of
variables that are selected in the first stage should be much less than n/K. This
makes the ability of sure screening difficult in the first stage. For this reason, we
work only on the two fold RCV.

b. Repeated data splitting: there are many ways to split the data randomly. Hence,
many RCV variance estimators can be obtained. We may take the average of the
resulting estimators. This reduces the influence of the randomness in the data
splitting.

Remark 1—The RCV procedure provides an efficient method for variance estimation. The
technical conditions in theorem 2 may not be the weakest possible. They are imposed to
facilitate the proofs. In particular, we assume that P {omin(bn) = Ao} = 1 for all n, which
implies that the variables selected in stage 1 are not highly correlated. Other methods
beyond least squares can be applied in the refitted stage when those assumptions are
possibly violated in practice. For instance, if some selected variables in stage 1 are highly
correlated or the selected model size is relatively large, ridge regression or penalization
methods can be applied in the refitted stage. Moreover, if the density of the error £ seems
heavy tailed, some classical robust methods can also be employed.

Remark 2—The paper focuses on variance estimation under the exact sparsity assumption
and sure screening property. It is possible to extend our results to nearly sparse cases. For
example, the parameter g is not sparse but satisfies some decay condition such as Xy || < C
for some positive constant C. In this case, we do not have to worry too much whether a
model selection procedure can recover small parameters. In this case, so long as a model
selection method can pick up a majority of all variables with large coefficients in the first
stage, we would expect that the RCV estimator performs well.

3.2. Applications

Many statistical problems require knowledge of the residual variance, especially for high or
ultra high dimensional linear regression. Here we briefly outline a couple of applications.

a. Constructing confidence intervals for coefficients: a natural application is to use
estimated Srcy to construct confidence intervals for non-vanishing estimated
coefficients. For exam-ple, it is well known that the SCAD estimator has an oracle
property (Fan and Li, 2001; Fan and Lv, 2011). Let f\; be the SCAD estimator,
with corresponding design matrix Xp. Then, for each j € M, the 1 — « confidence
interval for g is

Bj £ 21-0/2€0 ey (10)

-1
in which cj is the diagonal element of the matrix (X;Xﬂ) that corresponds to the

jth variable. Our simulation studies show that such a confidence interval is accurate
and has a similar performance to the case where o is known.

The confidence intervals can also be constructed on the basis of the raw materials
in the RCV. For example, for each element in M= My N M, we can take the
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average of the refitted coefficients as the estimate of the regression coefficients in

the set M, and (S;+82)7-. . /4 as the corresponding estimated covariance matrix,

RCV

where Sl=(X§”X;)) is computed on the basis of the first half of the data at the

refitting stage and Sz=(X§)TX§’ ) l is computed on the basis of the second half of
the data. In addition, some ‘cleaning’ techniques through p-values can be also
applied here. In particular, Wasserman and Roeder (2009) and Meinshausen et al.
(2009) studied these techniques to reduce the number of falsely selected variables
substantially.

Genomewide association studies: let X; be the coding of the jth single-nucleotide
polymorphism and Y be the observed phenotype (e.g. height or blood pressure) or
the expression of a gene of interest. In such a quantitative trait loci study, one
frequently fits the marginal linear regression

E[YIXjl=a;+B;X; (11)

on the basis of a sample of size n individuals, resulting in the marginal least squares
estimate /3, The interest is to test simultaneously the hypotheses Ho, j: £j=0 (j = 1,

., p). If the conditional distribution of Y given Xy, ..., Xpis N {u(Xy, ..., Xp), 02}
then it can easily be shown (Han et al., 2010) that (ﬂl, . ﬁp)T N{(ﬁl, .. ﬁp)
02S/n}, where the (i, j) element of S is the sample covariance matrix of X; and X
divided by their sample variances. With ¢2 estimated by the RCV, the P-value for
testing individual hypothesis Hp, j can be computed. In addition, the dependence of
the least squares estimates is now known and hence the false discovery proportion
or rate can be estimated and controlled (Han et al., 2010).

Model selection: popular penalized approaches for variable selection such as the
lasso, SCAD, adaptive lasso and elastic net often involve the choice of a tuning or
regularization parameter. A proper tuning parameter can improve the efficiency and
accuracy for variable selection. Several criteria, such as Mallows’s ¢, AIC and
BIC, are constructed to choose tuning parameters. All these criteria rely heavily on
a common parameter: the error variance. As an illustration, consider estimating the
tuning parameter of the lasso (see also Zou et al. (2007)). Let A be the tuning
parameter with the fitted value z; = Xf;. Then AIC and BIC for the lasso are
written as

and

”y M. l” 100(n)

BIC(i,, & df(izy).

It is easily seen that the variance 2 has an important impact on both AIC and BIC.
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4. Folded-concave penalized least squares

In this section, we discuss some related methods on variance estimation and their
corresponding asymptotic properties. The oracle estimator of 62 is

R@y=n"' Y (¥ = xIp")’.
i=1

A natural candidate to estimate the variance is R(f), where fis the lasso or SCAD estimator
of p*. Greenshtein and Ritov (2004) showed the persistent property for the lasso estimator
BL. Their result, interpreted in the linear regression setting, implies that R(f, ) — R(8*) = 2
in probability, where R(8) = E[Y — Xf]2. In fact, it is easy to see that their result implies that

E(E) — 0=R(B").

In other words, R(f) ) is a consistent estimator for the variance.

Recall that the lasso estimator is defined as

Al

—~ 1< 2
B, =arg min— E Y; - xiTﬁ)7+,l,,
A= (12)

To make R(f|) consistent, Greenshtein and Ritov (2004) suggested A, = o[{n/log(p)}*/?]
asymptotically. Wasserman and Roeder (2009) showed that the consistency still holds when

An is chosen by cross-validation. Therefore, we define the lasso variance estimator &‘f by

—_ 1
(TL—

n—

n ']‘A 2
— > (Yi-x/B.s),
SL i=1 (13)

where §_ = #{j: A)j #0}.

We shall see that &‘f usually underestimates the variance owing to spurious correlation, as
the lasso shares a similar spirit to that of the stepwise addition (see the algorithm LARS by
Efron et al. (2004)). Thus, we also consider the leave-one-out lasso variance estimator

» ] n 2
(TEL:; (Y,‘—X}E l))
i=1 (14)

where /Aif_‘” is the lasso estimator using all samples except the ith. In practice, K-fold (K
equals 5 or 10) cross-validated lasso estimator is often used and shares the same spirit as that
of equation (14). We divide the data set into K parts, say 7, ..., P«, and define
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K
—~ _ |1 TA-k)\2
O-C\'L_nl’lln {;Z Z i —x; B, )

k=1ieDy (15)

where F[k) is the lasso estimator using all data except those in 2« with tuning parameter A.
This estimator differs from the plug-in method (13) in that multiple estimates from training
samples are used to compute residuals from the testing samples. We shall see that the

estimator &=, is typically closer to R(4.) than to R(4,), but it usually somewhat

overestimates the true variance from our simulation experience. The following theorem
shows the rate of convergence for the lasso estimator.

Theorem 3—Suppose that assumptions 1-4 and 7 in Appendix A hold. If the true model
size s = o(n“0) for some ag < 1, then, we have

—2 2

o - o’“:OP[nlax{rfl/z, slog(p)/n)}].
If s log(p)/¥n — 0, we have
@ — a)yn — N(O,E[&'] - o).

The factor s log(p)/n reflects the bias of the penalized Lq-estimator. It can be non-negligible.
When it is negligible, the plug-in lasso estimator also has the oracle property. In general, it is
difficult to study the asymptotic distribution of the lasso estimator when the bias is not
negligible. In particular, we cannot obtain the standard error for the estimator. Even for
finite p, Knight and Fu (2000) investigated the asymptotic distribution of lasso-type
estimators but it is too complicated to be applied for inference. To tackle this difficulty, Park
and Casella (2008) and Kyung et al. (2010) used a hierarchical Bayesian formulation to
produce a valid standard error for the lasso estimator, and Chatterjee and Lahiri (2010)
proposed a modified bootstrap method to approximate the distribution of the lasso estimator.
But it is unclear yet whether or not their methods can be applied to a high or ultra high
dimensional setting.

Recently, Fan and Lv (2011) studied the oracle properties of the non-concave penalized
likelihood method in the ultrahigh dimensional setting. Inspired by their results, the variance
o2 can be consistently and efficiently estimated. The SCAD penalty pA(t) (Fan and Li, 2001)
is the function whose derivative is given by

b (al—1),
pa(0=2 {I(t < ,l)+—(a Ty I(r>/l)} ,  t>20,a>2,

where a = 3.7 is often used. Denote by
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P
Qua,B=]ly = XB[[+21) 01,181,
j=1 (16)

and let fscap be a local minimizer of Qp, 1n(B) With respect to g. Thus, the variance o2 can
be estimated by

1 < 2

—~2 _ T 2

Oscan™ ’\Z(Yi = X; Bscan)
n—=s P

where § = #{j: (Bscap)j 70}
The following theorem shows the oracle property and rate of convergence for the SCAD

estimator.

Theorem 4—Assume that log(p) = O(n®0) and the true model size s = O(n%0), where og €
[0, 1). Suppose that assumptions 1, 3 and 4 (or 5 and 6) and 8 and 9 in Appendix A are
satisfied. Then,

a. (model consistency) there is a strictly local minimizer g, = (61, ..., Bp)T of Qn,1,(8)
such that

{j:B; # 0)=Mo

with probability tending to 1 and

b. (asymptotic normality) with this estimator £,,, we have

(&‘izw - 02)‘/" 2) N(O, E[84] - 0'4).

2
SCAD

Theorem 4 reveals that, if A, is chosen reasonably, o, _ works as well as the RCV estimator

.., and better than .. However, it is difficult to achieve this oracle property sometimes.

5. Numerical Results

5.1. Simulation study

In this section, we illustrate and compare the finite sample performance of the methods that
were described in the last three sections. We applied these methods to three examples: the
null model and two sparse models. The null model (example 1) is given by

Y=x'0+s, &~ N(,1) (17
where Xy, Xy, ..., Xp are 11D random variables, following the standard Gaussian distribution.

This is the sparsest possible model. The second sparse model (example 2) is given by
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Y=b(X1+Xo+X3)+e, €~ N(,1), (18)

with different b representing different levels of signal-to-noise ratio. The covariates that are
associated with model (18) are jointly normal with equal correlation p, and marginally N(O,
1).

The third sparse model (example 3) is more challenging, with 10 non-trivial coefficients, {;
i=1,23,5,7, 11,13, 17, 19, 23}. The covariates are jointly normal with cov(X;, Xj) =
0.5l = il. The non-zero coefficients vector is

b(1.01,-0.06,0.72,1.55,2.32,-0.36,3.75,-2.04, -0.13, 0.61)

where b varies to fit different signal-to-noise ratio levels. The random error follows the
standard normal distribution.

In each of these settings, we test the following four methods to estimate the variance:

a. oracle estimator (9), which is not a feasible estimator whose performance provides
a benchmark (method 1);

b. anaive two-stage method, denoted by N-SIS, if SIS is employed in the model
selection step (method 2);

c. RCV variance estimator (6), (method 3);

d. one-step method via penalized least squares estimators (method 4). We introduced
this method in Section 4 and recommended two formulae to estimate the variance:
a direct plug-in, P, method like formula (13) and a cross-validation, CV, method
like formula (15).

In methods 2—-4, we employed (1)SIS, SCAD or the lasso as our model selection tools. For
SCAD and the lasso, the tuning parameters were chosen by fivefold or 10-fold cross-
validation. For (1)SIS, the predetermined model size is always taken to be 5 in the null
model and n/4 in the sparse model, unless specified explicitly. The principled method of
Zhao and Li (2010) can be employed to choose the model size automatically.

5.1.1. Example 1—Assume that the response Y is independent of all predictors X;s, which
follow an 11D standard Gaussian distribution. We consider the cases when the numbers of
covariates vary from 10, 100 to 1000 and the sample sizes equal 50, 100 and 200. The
simulation results are based on 100 replications and are summarized in Table 1. In Fig. 4,
three boxplots are illustrated to compare the performance of the various methods for the case
n =50, 100, 200 and p = 1000. From the simulation results, we can see that the improved
two-stage estimators RCV-SIS and RCV-LASSO are comparable with the oracle estimator
and much better than the naive estimators, especially in the case when p > n. This coincides
with our theoretical result. RCV improves dramatically the naive (natural) method, no
matter whether SIS or the lasso is used.

5.1.2. Example 2—We now consider model (18) with (n, p) = (200, 2000) and p =0 and p
= 0.5. Moreover, we consider three values of coefficients b =2, b =1and b = 13,
corresponding to different levels of signal-to-noise ratio v12, v3 and 1 for each case when p
= 0. The results that are depicted in Table 2 are based on 100 replications (The results for b
= 1 are presented in Fig. 5 and have been omitted from Table 2). The boxplots of all
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estimators for the case p = 0.5 and b = 1 are shown in Fig. 5. They indicate that the RCV
methods behave as well as the oracle, and much better than the naive two-stage methods.
Furthermore, the performance of the naive two-stage method depends highly on the model
selection technique. The one-step methods perform well also, especially P-SCAD and CV-
SCAD. P-LASSO and CV-LASSO behave slightly worse than SCAD methods. These
simulation results lend further support to our theoretical conclusions in earlier sections.

To test the sensitivity of the RCV procedure to the model size § and covariance structure
among predictors, additional simulations have been conducted and their results are
summarized in Figs 6 and 7. From Fig. 6, it is clear that the RCV method is insensitive to
model size s, as explained before theorem 2. Fig. 7 shows that the RCV methods are also
robust with respect to the covariance structure. In contrast, N-LASSO always underestimates
the variance.

To show the effectiveness of ogcy in the construction of confidence intervals, we calculate
the coverage probability of the confidence interval (10) based on 10 000 simulations. This
was conducted for 1, £ and B3 with b = 1//3, 1, 2 and p = 0 and p = 0.5. For brevity we
present only one specific case for 1 with b =1 in Table 3.

5.1.3. Example 3—We consider a more realistic model with 10 important predictors,
detailed at beginning of this section. Since some non-vanishing coefficients are very small,
no method can guarantee that all relevant variables are chosen in the model selected, i.e.
have a sure screening property. To quantify the severity of missing relevant variables, we

use the quantity variance of missing variables, Var(x;rﬂs)/o‘z, to measure, where S is the set
of important variables that are not included in the model selected and fs is their regression
coefficients in the simulated model. For RCV methods, the variance of missing variables is
the average of the variances of missing variables for two halves of the data. Fig. 8
summarizes the simulation results for (n, p) = (400, 1000), whereas Fig. 9 depicts the results
for (n, p) = (400, 10000) when the penalization methods are not easily accessible. The naive
methods seriously underestimate the variance and are sensitive to the model selection tools,
dimensionality and signal-to-noise ratio among others. In contrast, the RCV methods are
much more stable and only slightly overestimate the variance when the sure screening
condition is not satisfied. The one-step methaods, especially plug-in methods, also perform
well.

5.2. Real data analysis

We now apply our proposed procedure to analyse recent house price data from 1996—2005.
The data set consists of 119 months of appreciation of the national house price index HPI,
which is defined as the percentage of monthly log-HPI changes in 381 core-based statistical
areas (CBSA) in the USA. The goal is to forecast housing price appreciation (HPA) over
those 381 CBSAs over the next several years. Housing prices are geographically dependent.
They depend also on macroeconomic variables. Their dependence on macroeconomic
variables can be summarized by the national HPA. Therefore, a reasonable model for
predicting the next period HPA in a given CBSA is

381

Yi=Bo+B,X,_, v+ E BiXi-1itéer,
i=1 (19)

where Xy stands for the national HPA, {X;}2%| are the HPAs in those 381 CBSAs and ¢ is a
random error independent of X. This is clearly a problem with the number of predictors
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more than the number of covariates. However, conditional on the national HPA Xy, it is
reasonable to expect that only the local neighbourhoods have non-negligible influence, but it
is difficult to predetermine those neighbourhoods. In other words, it is reasonable to expect

381

that the coefficients {g;};=, are sparse.

Our primary interest is to estimate the residual variance 2, which is the prediction error of
the benchmark model. We always keep the variables Xy and X1, which is the lag 1 HPA of
the region to be predicted. We applied SCAD using the local linear approximation (Zou and
Li, 2008), which is the iteratively reweighted lasso, to estimate coefficients in model (19).
We summarize the result, s, as a function of the selected model size s, to examine the
sensitivity to the selected model size. Reported also is the percentage of variance explained,
which is defined as

et RSS
T ’

Y-y
t=1

where Yis the sample average of the time series. For illustration, we focus only on one
CBSA in San Francisco and one in Los Angeles. The results are summarized in Table 4 and
Fig. 10, in which the naive two-stage method is also included for comparison.

First, as shown in Fig. 10, the influence of the naive method on the selected model size is
much larger than that of the RCV method. This is due to the spurious correlation as we
discussed before. The RCV estimate is reasonably stable, but it is also influenced by the
selected model size when it is large. This is understandable given the sample size of 119.

In the case of San Francisco, from Fig. 10(b), the RCV method suggests that the standard
deviation should be around 0.52%, which is reasonably stable for s in the range of 4-8. By
inspection of the solution path of the naive two-stage method, we see that, besides Xy and
Xy, first selected is the variable X3gg, which corresponds to CBSA San Jose-Sunnyvale—
Santa Clara (San Benito County and Santa Clara County). The variable X3qg also enters both
models when s>3 in the RCV method. Therefore, we suggest that the model selected
consists of at least variables X1, X, and X3gg. As expected, in the RCV method, the fourth
selected variables are not the same for the two split subsamples. The variance explained by
regression takes 79.83% of total variance.

Similar analysis can be applied to the Los Angeles case. Fig. 10(d) suggests that the standard
deviation should be around 0.50% (when s is between 7 and 10). From the solution path, we
suggest that the model selected consists of at least variables Xy, X; and Xy5, which
corresponds to CBSA Oxnard-Thousand Oaks—Ventura (Ventura County). The variance
explained by regression takes 90.23% of the total variance.

6. Discussion

Variance estimation is important and challenging for ultrahigh dimensional sparse
regression. One of the challenges is the spurious correlation: covariates can have high
correlations with the realized noise and hence are recruited to predict the noise. As a result,
the naive (natural) two-stage estimator seriously underestimates the variance. Its
performance is very unstable and depends largely on the model selection tool that is
employed. The RCV method is proposed to attenuate the influence of the effect of spurious
variables. Both the asymptotic theory and the empirical result show that the RCV estimator
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is the best among all estimators. It is accurate and stable, and insensitive to the model
selection tool and the size of the model selected. Therefore, we may employ fast model
selection tools like SIS for computational efficiency for the RCV variance estimation. We
also compare the RCV method with the direct plug-in method. When choosing tuning
parameters of a penalized likelihood method like the lasso, we suggest using a more
conservative cross-validation rather than aggressive BIC. However, the lasso method can
still yield a non-negligible bias for variance estimation in ultrahigh dimensional regression.
The SCAD method is almost as good as the RCV method, but it is computationally more
expensive than RCV-SIS.
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Appendix A: Notation and conditions

We first state the following assumptions, which are standard in the literatures of high
dimensional statistical learning. For convenience, define

) 1
Spmin(’n):M?nm {Amin (;XSXM)}

|M|<m

and

1 T
max = /imax -X'X R
Pmax(m) me%’i{ (n M M)}

where Amin (A) and Amax (A) denote the smallest and largest eigenvalues of a matrix A
respectively.

For a vector v, we use the standard notation ||v||, = &ilvilP)YP and ||V]jeo = maxi{|v[}. For a
matrix B, we use three different norms. ||B||;, c is defined in assumption 8 below; ||B]|>
denotes the usual operator norm, i.e. ||B|l2 = maxj;,<1lIBVIl2; [IBlloo = max;, j{|Bj;[} is the
usual sup-norm.

Assumption 1

The errors &1, ..., ey are 11D with zero mean and finite variance o2 and independent of the
design matrix X.
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Assumption 2
There is a constant Ay > 0 and by, such that b,/n — 0 such that P{¢min(bn) = A9} =1 for all n.

Assumption 3

There is a constant L such that max; j [Xjj| < L, where Xjj is the (i, j) element of the design
matrix X.

Assumption 4
E[exp(le1)/a] < b for some finite constants a, b > 0.

We have no intention to make the assumptions the weakest possible. For example,
assumption 3 can be relaxed to max; j [Xj| < L{log(n)}< for any &> 0 or further relaxation.
The aim of assumptions 3 and 4 is to guarantee that y,, in theorem 1 is of the order v{s

log(p)/n}.

Theorem 1 still holds under the random design with the assumptions below.

Assumption 5

The random vectors Xy, ..., Xp are 11D and there is a constant o such that E[exp{(|X;jl/p)*}] <
L for all i and j and some constants & > 1, and p, L > 0, where Xj; is the (i, j)th element of X.

Assumption 6
¢1 satisfies the condition that E[exp{(|e1]/a)?}] < b for some finite positive constants a, b, 6 >
0and 1/a + 1/0 < 1, where a is defined by assumption 5.

For instance, when Xjj and ¢; are sub-Gaussian (a = 6 = 2) for each i and j, assumptions 5
and 6 are satisfied.

The following assumption 7 is imposed for proving theorem 3. For fixed design matrix X,
the corresponding condition was also imposed in Meinshausen and Yu (2009) and some
discussions of weaker conditions were shown in Bickel et al. (2009).

Assumption 7

There are constants 0 < Kpmin < Kmax < ©0 such that

P[lim infomin{slog(n)} = kmin]=1,
n—co

and

P(lim sup[ @max (s+ min{n, p}) < kpax])=1.

n—oo

The following two additional assumptions are stated for proving theorem 4. These
conditions correspond to conditions 4 and 5 in Fan and Lv (2011). Without loss of

generality, assume that the true value ,BO:(,BEI , ﬁng with each component of g, non-zero
and foo = 0. Let X4 and X, be the submatrices of n x p design matrix X with columns
corresponding to Bg; and Sgo respectively.
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Assumption 8
There are constants 0 < ¢4, ¢, < 00 such that

1
P{Amm (—x’{x,) > cl} -1,
n

and
1 o1
PlI-XX 2] — 1,
n - 2,00

as n — 0o, where ||B||, co = MaXyjio<1 [IBVI|oo-

Assumption 9

Denote ¢, =1min_;__,|B,- Assume that dy < log(n) with , ¢ (o, 1} Take Ay o n~(170)/2
log(n) and 4, <« dp, Where ag is defined in theorem 4. i

Remark 3
The norm ||B||,, oo is somewhat abstract. It can easily be shown that

8

< <[

2,00 0’

where s is the number of columns of B, which is a crude upper bound. Using this and the
argument in the proof of theorem 4, if

1
P(n—xlxln m) -1
n - o)

and 4, > n~(17320)/2 |og(n) and 4, « d,, then the conclusion of theorem 4 holds.

A.l. Proof of theorem 1

Part (a) of theorem 1 follows the standard law of large numbers and central limit theorem.
Now we prove the second part under assumptions 1-4.

By assumption 2,

&P o=s"X, (XTX )X s < —[XT4"
M M M M

Aon (20)
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Let X; denote the jth column vector of the design matrix X. For a large constant c, consider

the event 8:1={1naX1SjSpIX}-SI < cv/{nlog(p)}}. Under the event <., it follows from equation
(20) that

T 1,
g P_g < —isclog(p).
M Ao

Together with the fact n™1 |[|2 — &2, we obtain

)

y;:sTPﬁs/sTszO,,{?log(p)/n}.

Hence it suffices to show that P( &) — 1 as n — oo for some constant ¢. Observe that, by
assumptions 3 and 4, for each j,

1 ) o)
EIX; jeil™ < m\(La)"E[exp(le1l/a)] < zm!(Zba'Lz)(aL)'”_‘.

Using Bernstein’s inequality (e.g. lemma 2.2.11 of van der Vaart and Wellner (1996)), we
have

PES)< P [ max [X}s] > C\/{nlog(p)}J
<Jj<p

P
< ZIP[|X?8| > c+/{nlog(p)}]
J=

_ cznlog(p)

< 2pexp [ 2(2[7(12L3+uLC\/{n]0g(p)l)]

_ _ 1

=2exp [log(l’) {1 4ba® 12c2n~ 14 2ale™ \og(p/n) [ | © (21)

For sufficient large c, we have 4ba?L2c=2n~1 + 2aLc™2 ylog(p/n) < 1 since log(p/n) is
bounded. Therefore, the power in equation (21) goes to —0o as p — 00, It follows that

P(E)=1-PES) - 1.

Next we show that the second part of the theorem still holds under assumptions 5 and 6
instead of assumptions 3 and 4. It is sufficient to verify that P( ¢&) — 1 as n — oo for some
constant c. The key step is to establish the inequality

1 2 2 2
aqm 2 &(D 22N m—2
E[|Xijel™] < 2m-{8(~+L+b)p a’}(Zpa)™", (22)

foreachj=1,...,p.

Note that
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P(XY|>1) < P(X|>t"/*)+P(Y|>t'1/)

for o > 1 and random variables X and Y. Thus, for any t > 1 and each i and j,

(

|%|>t) < P(|%|>,1/a)+P(|%]>,1—1/u)
< Lexp(—t)+bexp(_t9(1—1/LY))
< (L+b)exp(-1).

If X is a non-negative random variable with its distribution F(t) and tail probability P(X > t)
< C exp(—t) for some constant C > 0 and each t > 1, then by integration by parts

<2+C.
As a result, it follows that, for each i and j,
1 Xi' i
Eexp(— ] i ) < 2+L+b.
21 plla

Thus, for each positive integer j and m > 2,

E[IX;j&il™] < (2pa)"m!E [exp(% X?
< 2pa)"m!(2+L+b)

< Im!{8(2+L+b)p*a*}(2pa)™ 2.

)]

Theorem 1 is proved.

A.2. Proof of theorem 2

Define sequences of events 4. = {Mg C My}, 4= = {Mg C My} and 4. = 4. N 4., On the
event 4., we have

)T Q2,2
_, &7 L - Prhs )

o= n/2 -5

and
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.
eV, — PL)eV

5= —
2 n/2 —"s» ’

where & and &@ correspond to y(!) and y(@ respectively. Decompose now
(n/2 = 51)(@ — %) on the event . as

T2 _

— 2
nO'2 — (& —5107).

(n-5)@; — o%)=¢' ) S
1

QTp2) (2 _ = 2=
We now prove that & P'¢ " = 5107 =0,(Vs1)

First, consider the quadratic form S = ETP& where P is a symmetric m x m matrix, & = (&1,
LEmTand & (i =1, ..., m) are 11D. Assume that E[&] = 0, E[£7]=c> and the fourth
moment E[,;“'f]<oo. Let Pjj be the (i, j)th element of the matrix P. Then,

E[S]=E =0 tr(P),

m
fo P;;
i=1

and

var(S)=E ,En: é"ifj_fzé:kpijf’ik] - 0'4(51 Pn‘)-

[ SEPHE +E +E z ff,P,IP,A] (%P,-,-)_

i=j#l=k

5 EETPiPy

‘I\¢j‘

Z ffPuPzI\

i=l#j=k

-E[£4](ZP,,)+20 (ZP) (Zpiipll)_UA(%Pii)-
i=1

#j i#l

=(E[£]1- 4)(2P’)+2o (2P~)
#
< (E[£]]+0*)trace(P?), :

2\ __ " 52
where the last inequality holds since (P )_Zi’j‘pij,
POV=trl (P =5
Observe that TP )=tr{(PL) =51 Hence, on the event ., we have

E[s?TPPsPXD)=5,07,
M, M

and
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Var(s(Z)TPgl)sQHXgI)) < (E[e)+0M)5.
Using the Markov inequality, it follows that, under the event .,
.s@’TPgI)s(Z) ~510°=0,(/5).
Combining with the assumptions §1/n — P 0 and P( 4:) — P 1, we obtain that
s(z)TPgl)s(z) —S10%=0,(yn).
As a result,
(tn =)@ - 0)=Te? — tno+o,(Yn).
Similarly, we conclude that
(in —TSE)(E% — =W _ 1ng? 40, (yn).
Therefore, using the last two results, we have

—3 2y fpe N1 (T (2 2y, N (DT (1 2
Oy — O )\/n—m(e‘- Tg@ _ ino )+m(8( Te _ inoc-)+o,(1)

=7 (67 = D)+o, (1),
i=1
which implies that
@2, — o) 2 N, E[*] - o).

The proof of theorem 2 is completed.

To prove theorem 3, we shall use the following lemma. The results were stated and proved
in Meinshausen and Yu (2009) and Bickel et al. (2009).

Consider the lasso selector §|_ defined by equation (12) with 4,,. Under assumptions 14 and
7, for A, o avlog(p)/n, there is a constant M > 0 such that, with probability tending to 1 for n
— 00,
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’si < Ms,

B. —Bo”] < MO-S\/{@},

and

|]X()’6\z _ﬁO)”z < Mo?slog(p).

A.3. Proof of theorem 3

(n—7,)(@ - o) can be decomposed as

2
2

(n -5)@ - 0*)=(e"e - no?) - 26"X (B, —ﬁo)+‘|X@L ~Bo)|
=R|+R>+R;.

The classical central limit theorem yields Ry = Op(nY/2). Note that

Rl <27

[EL _ﬁo”l'

By equation (21) and lemma 1, it follows that
IR>2| =0, [ V{nlog(p)}]0,{sylog(p)/n}=0,{slog(p)}.

In addition, by the third conclusion in lemma 1, |R3| = Op {s log(p)}. Therefore, the
conclusion holds.

A.4. Proof of theorem 4

Let B°=(AT, o™y with 3, =(XTX,)"'XTy be the oracle estimator. The key step is to show
that, with probability tending to 1, the oracle estimator £ is a strictly local minimizer of
Qn,1n(8) defined by equation (16). To prove it, by theorem 1 of Fan and Lv (2011), it
suffices to show that, with probability tending to 1, f° satisfies

X[ (y - XB°) - npy, (B1)=0, (23)

XT(y - X°)|

W<"p/l,. (0+4), (24)
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1 _
Amin (_X{X l) >Ka, B1),
n (25)

where 5, (B1)=(sen(B1)p, (Bil). .. sgn(B)p), (B and ky, (Br)=max -1.... o} (BiD)

Let &,=X]& and &,=X] &. Consider the events
1
An={||é1]|., < VInlog(m)log{log(n)}]} N {,zmin (;xTxl) > cl}
and

1
An={||&2|., < VIn™*logllogm)}1} N {n;xgxlnm < Cz}-

Observe that 3 =(X|TX1)A1X}"y. Then, we obtain 5; — B :(XITXI)‘IX,Te and hence, under
the event A.

|[El —,301”00 < '[Bj —ﬁ01| 5
<I(EXTX) 7 ILIEXTell,
< Ain( 2XTX,) /sl Tel
< cy/[log(n)log{log(n)}/n'~] < A,,

for some constant ¢ not depending on n. Note that, in the above inequalities, we use that
facts s = O(n®0) and A, & n~(1=)2 |og(n).

Since dy=imin ;1 _|Bo;l = n”log(n) with y€(0,1] and dp, > Ay, as addressed in assumption
9, we have, under the event 4., .

jirllin glﬁﬂ > jg]lin s‘Iﬁoj] - lﬁl —501| .
> 2d, — cy[log(mlog{log(n)}/n' =]
>d, > A,

for sufficiently large n. As a result, this leads to l;in (1) = 0 and x;,,(f1) = 0 and hence
implies that conditions (23) and (25) hold under the event ...

Now turn to prove the inequality (24). Under the event 4. N A.:, we have
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ILXT(y - XBOI, < L]éa]| o+ x§x]||2m||g1 ~pul,
< V™ 'log{log(m)}]+c2cy[ log(m)log{log(n) /n'~0}]
oc A,(\/log{log(n)}/log(n)+cacy/[log{log(n)}/log(n)])

< %/l,1<p:ln(0+) (26)

for sufficiently large n. This shows that inequality (24) holds for sufficiently large n under
the event 4. N 4., By taking ¢ = v Tog{log(n)}, similar arguments to those for theorem 1
lead to

P(ﬂnl N ﬂn2) — 1

as n — oo, Thus, we have proven that £° is a strictly local minimizer of Qn,z, (B) with large
probability tending to 1. Consequently, fscap = f°.

Now consider the asymptotic distribution of 7., — . Observe that 8, =(X"X,)”'XTy.
Under the event A: N A,

Hence, we have that
@~ 0V > NO,E[6'] - o),

=2

which also implies that 7=, | — a*=0,(n™"/%). The proof is complete.

A.5. Proof of results (4) and (5)

Let ®(-) and F—o(-) be the cumulative density functions of the standard Gaussian and
Student’s t-distribution with n — 2 degrees of freedom. For large u,

1 = Fros(u)>1 — ®(u)>exp(—u?).

Therefore, u=/Tog(p/c) satisfies Fn_»(u) < d(u) < 1 — c/p. The classical result that {éx.;}',
are 11D t,,—o-distributions entails that

P{ sup (£,j)>u}=P[ sup {Fy2(j)}>Fp-2(u)]
I<j<p 1<j<p

=1 —{1-Fp2)}”,

which, by the choice of u, is further bounded from below by
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1-(1-c/p)? =1-exp(—c).
2. )
Note that ¥»j=&nj/(n — 2+§,2,j) s strictly increasing. It follows that

P{ sup (y,,j)>'l—l]/2} :P{ sup (f,,j)>u} > 1 —exp(—c).

1<j<p (n —2+u?) 1<j<p

Result (4) follows from the fact that, when u2 < n + 2,

u < u
(n—2+u2)'* NQ2n)

We now derive the limiting distribution (5). For each x > 0,

[ S

Pl \/{ZIOg(l’)}{ sup (fnj) - dp}<x]:P{ sup (‘fnj)<dp+m

I<j<p 1<j<p

. P
:{ 1- [ f,,_g(t)dt} :

d,+x/~/{2log(p)}

Therefore, it suffices to show

o0

p [ fia(dt - exp(-x).
dy+x//{2log(p)}

Let v=n — 2. The following inequalities are helpful to verify the limit (27)

1 (1 1 r2<fm g [° d<Cvlv1t2_W_l)/2
Yooz 7)o 73] s < | fr(s)ds < CO)———| 1+ ;

14
where

v+1 v
C(v)=T (T) JNOT (5)

Page 28

(27)

(28)

Substituting t = dy, + xW{2 log(p)} into the inequalities (28), it is easy to verify that, under

the condition log(p) = o(n'/2),
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exp(—x)+o(1)<p [ flndi<exp(=x)+o(1).
dp+x/+/{2log(p)}

This proves limit (27) and hence result (5).
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2
n

density of y,
(=23
T
L
density of ¢
o
T

0.8 0

Fig. 1.
(a) Densities of the maximum absolute sample correlation y, for various p and (b) densities

of the corresponding estimates &2 given by equation (1) (all calculations are based on 500
simulations and the sample size n is 50): |, true variance 1;——, p = 10; - ——, p=100; - - - -
-, p =1000; —o0—, p = 5000
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density of o,

20 7

Fig. 2.

(a) Densities of spurious multiple correlation with the response for various numbers of
spurious variables s and (b) densities of the naive two-stage estimators of variance (all
calculations are based on the stepwise addition algorithm with 500 simulations, n = 50 and p
=1000): |, true variance 1; ——,s=1; - ——,5s=2; - - - ,$=5;—0—,5=10
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Fig. 3.

(a) Densities of the variance estimators based on the naive two-stage approach for various
numbers of spurious variables and (b) densities of RCV estimators of variance (all
calculations are based on 500 simulations using SIS as a model selector and the sample size
n is 50; they show that the biases of the naive two-stage estimator are correctable): |, true
variance 1;——,s=1;,-——,5§=2; - -+ - ,$=5 —0—,5=10
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Fig. 4.

Boxplots of 52 when data are generated from the null model (17) with p =1000 and (a) n =
50, (b) n =100 and (c) n = 200 (the number of simulations is 100): ——, true variance 1
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Fig. 5.

Comparison of various methods for variance estimation in model (18) withn =200 and p =
2000 (p = 0.5 and b = 1): presented are boxplots of 72 based on 100 replications
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Fig. 6.

Sensitivity of model size § on variance estimation for (a) p =0and b =1 and (b) p = 0.5 and

b =1 (presented are the medians of naive and RCV two-stage estimators when n = 200 and p
= 2000 among 100 replications): e, oracle; o, N-SIS; A, N-LASSO; e, RCV-SIS; A, RCV-
LASSO
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Fig. 7.

Effect of covariance structure on variance estimation for (a) b = 1 and (b) b = 2 (presented

are the medians of naive and RCV two-stage estimators when n = 200 and p = 2000 among
100 replications for various p): e, oracle; o, N-SIS; A, N-LASSO; e, RCV-SIS; A, RCV-
LASSO
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Fig. 8.

(a) Medians of various variance estimators when n = 400 and p = 1000 among 100
replications for example 3 (e, oracle; o, N-SIS; A, N-LASSO; e, RCV-SIS; A, RCV-
LASSO; o, P-LASSO;*, CV-LASSO) and (b) medians of variance of missing variables of
various model selection methods (e, oracle; o, SIS; o, ISIS; A, LASSO; e, RCV-SIS; m,
RCV-ISIS; A, RCV-LASSO)
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Fig. 9.

(a) Medians of various variance estimators when n = 400 and p = 10000 among 100
replications (e, oracle; o, N-SIS; o, N-ISIS; e, RCV-SIS; m, RCV-ISIS) and (b) medians of
variance of missing variables of various model selection tools (e, oracle; o, SIS; o, ISIS; e,
RCV-SIS; m, RCV-ISIS)
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Fig. 10.

Estimated standard deviation of benchmark one-step forecast of HPA in San Francisco and
Los Angeles for various model sizes: (a) San Francisco, naive method; (b) San Francisco,
RCV method; (c) Los Angeles, naive method; (d) Los Angeles, RCV method
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