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Abstract

Fan & Li (2001) propose a family of variable selection methods via penalized likelihood using
concave penalty functions. The nonconcave penalized likelihood estimators enjoy the oracle
properties, but maximizing the penalized likelihood function is computationally challenging, because
the objective function is nondifferentiable and nonconcave. In this article we propose a new unified
algorithm based on the local linear approximation (LLA) for maximizing the penalized likelihood
for a broad class of concave penalty functions. Convergence and other theoretical properties of the
LLA algorithm are established. A distinguished feature of the LLA algorithm is that at each LLA
step, the LLA estimator can naturally adopt a sparse representation. Thus we suggest using the one-
step LLA estimator from the LLA algorithm as the final estimates. Statistically, we show that if the
regularization parameter is appropriately chosen, the one-step LLA estimates enjoy the oracle
properties with good initial estimators. Computationally, the one-step LLA estimation methods
dramatically reduce the computational cost in maximizing the nonconcave penalized likelihood. We
conduct some Monte Carlo simulation to assess the finite sample performance of the one-step sparse
estimation methods. The results are very encouraging.
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1. Introduction

Variable selection and feature extraction are fundamental for knowledge discovery and
predictive modeling with high-dimensionality (Fan & Li 2006). The best subset selection
procedure along with traditional model selection criteria, such as AIC and BIC, becomes
infeasible for feature selection from high-dimensional data due to too expensive computational
cost. Furthermore, the best subset selection suffers from several drawbacks, the most severe
of which is its lack of stability as analyzed in Breiman (1996). LASSO (Tibshirani 1996)
method utilizes the L; penalty to automatically select significant variable via continuous
shrinkage, thus retaining the good features of both the best subset selection and ridge
regression. In the same spirit of LASSO, the penalized likelihood with nonconcave penalty
functions has been proposed to select significant variables for various parametric models,
including generalized linear regression models and robust linear regression model (Fan & Li
2001, Fan & Peng 2004), and some semiparametric models, such as the Cox model and partially
linear models (Fan & Li 2002, Fan & Li 2004, Cai, Fan, Li & Zhou 2005). Fan & Li (2001)
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provide deep insights into how to select a penalty function. They further advocate the use of
penalty functions satisfying certain mathematical conditions such that the resulting penalized
likelihood estimate possesses the properties of sparsity, continuity and unbiasedness. These
mathematical conditions imply that the penalty function has to be singular at the origin and
nonconvex over (0, ). In the work aforementioned, it has been shown that when the
regularization parameter is appropriately chosen, the nonconcave penalized likelihood
estimates perform as well as the oracle procedure in terms of selecting the correct subset model
and estimating the true nonzero coefficients.

Although nonconcave penalized likelihood approaches have promising theoretical properties,
the singularity and nonconvexity of the penalty function challenge us to invent numerical
algorithms which are capable of maximizing a non-differentiable nonconcave function. Fan &
Li (2001) suggested iteratively, locally approximating the penalty function by a quadratic
function and referred such approximation as to local quadratic approximation (LQA). With the
aid of the LQA, the optimization of penalized likelihood function can be carried out using a
modified Newton-Raphson algorithm. However, as pointed out in Fan & Li (2001) and Hunter
& Li (2005), the LQA algorithm shares a drawback of backward stepwise variable selection:
if a covariate is deleted at any step in the LQA algorithm, it will necessarily be excluded from
the final selected model (see Section 2.2 for more details). Hunter & Li (2005) addressed this
issue by optimizing a slightly perturbed version of LQA, which alleviates the aforementioned
drawback, but it is difficult to choose the size of perturbation. Another strategy to overcome
the computational difficulty is using the one-step (or K-step) estimates from the iterative LQA
algorithm with good starting estimators, as suggested by Fan & Li (2001). This is similar to
the well known one-step estimation argument in the maximum likelihood estimation (MLE)
setting (Bickel 1975, Lehmann & Casella 1998, Robinson 1988, Cai, Fan, Zhou & Zhou
2006). See also Fan & Chen (1999), Fan, Lin & Zhou (2006) and Cai et al. (2006) for some
recent work on one-step estimators in local and marginal likelihood models. However, the
problem with the one-step LQA estimator is that it cannot have a sparse representation, thus
losing the most attractive and important property of the nonconcave penalized likelihood
estimator.

In this article we develop a methodology and theory for constructing an efficient one-step
sparse estimation procedure in nonconcave penalized likelihood models. For that purpose, we
first propose a new iterative algorithm based on local linear approximation (LLA) for
maximizing the nonconcave penalized likelihood. The LLA enjoys three significant advantages
over the LQA and the perturbed LQA. First, in the LLA we do not have to delete any small
coefficient or choose the size of perturbation in order to avoid numerical instability. Secondly,
we demonstrate that the LLA is the best convex minorization-maximization (MM) algorithm,
thus proving the convergence of the LLA algorithm by the ascent property of MM algorithms
(Lange, Hunter & Yang 2000). Thirdly, the LLA naturally produces a sparse estimates via
coninuous penalization. We then propose using the one-step LLA estimator from the LLA
algorithm as the final estimates. Computationally, the one-step LLA estimates alleviate the
computation burden in the iterative algorithm and overcome the potential local maxima
problem in maximizing the nonconcave penalized likelihood. In addition, we can take
advantage of the efficient algorithm for solving LASSO to compute the one-step LLA
estimator. Statistically, we show that if the regularization parameter is appropriately chosen,
the one-step LLA estimates enjoy the oracle properties, provided that the initial estimates are
good enough. Therefore, the one-step LLA estimator can dramatically reduce the computation
cost without losing statistical efficiency.

The rest of the paper is organized as follows. In Section 2 we introduce the local linear
approximation algorithm and discuss its various properties. In Section 3 we discuss the one-
step LLA estimator, in which asymptotical normality and consistency of selection are
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established. Section 4 describes the implementation detail, and Section 5 shows numerical
examples. Proofs are presented in Section 6.

2. Local Linear Approximation Algorithm

Suppose that {(x;,y;)7, } are n identically and independently distributed samples, where X;
denotes the p-dimension predictor and y; is the response variable. Assume that y; depends on

x; through a linear combination x,.Tﬂ, and the conditional log-likelihood given ¥; is

(B, ¢):€,-(x,.T,B, vi» ¢), where ¢ is a dispersion parameter. In some models, such as logistic
regression and Poisson regression, there is no dispersion parameter. In linear regression model,
¢ is the variance of the random error, and is often estimated separately after § is estimated. In
most variable selection applications, we do not penalize the dispersion parameter (Frank &
Friedman 1993, Tibshirani 1996, Fan & Li 2001, Miller 2002). Thus, we simplify notation in

the reminder of this paper by suppressing ¢, and further use ¢; () to stand for fi(x,.Tﬁ, Yis ).

2.1. Penalized likelihood

In the variable selection problem, the assumption is that some components of 3 are zero. The
goal is to identify and estimate the subset model. In this work we consider the variable selection
methods by maximizing the penalized likelihood function taking the form

n P
0B)=> "t ~ny_pi,(B).
i=1

J=1 (2.1)

In principle, p,; can be different for different components (coefficients). For ease of
presentation we let ij(|Bj|) =Py(B jI), i.e., the same penalty function is applied to every
component of B. Formulation in (2.1) includes many popular variable selection methods. For
instance, the best subset selection amounts to using the Lg penalty, while the lasso (Tibshirani
1996) uses the L penalty p,(|B]) = A|f]. Bridge regression (Frank & Friedman 1993) uses the
Lq penalty p(IB) = AIB|9. When 0 < q < 1, the Lq penalty is concave over (0, «), and non-
differentiable at zero. The SCAD penalty (Fan & Li 2001) is a concave function defined by
p,(0) =0 and for |B| > 0

pLUB)=AI(Bl < D)+ M[(Iﬁl»ﬁ) for some a>2.
a-1 (2.2)

Often o = 3.7 is used. The notation z,. stands for the positive part of z: z, isz if z> 0, zero
otherwise. The SCAD penalty and L 5 penalty are illustrated in Figure 1. Note that with a
concave penalty the penalized likelihood in (2.1) is a nonconcave function. Hence maximizing
nonconcave penalized likelihood is challenging. Antoniadis & Fan (2001) proposed nonlinear
regularized Sobolev interpolators (NRSI) and regularized one-step estimator (ROSE) for
nonconvex penalized least squares problems under wavelets settings. They further introduced
the graduated nonconvexity (GNC) algorithm for minimizing high-dimensional nonconvex
penalized least squares problem. The GNC algorithm was first developed for reconstructing
piece wise continuous images (Black & Zisserman 1987). The GNC algorithm offers nice ideas
for minimizing high-dimensional nonconvex objective function, but in general, it is
computationally intensive, and its implementation depends on a sequences of tuning
parameters. Fan & Li (2001) proposed the local quadratic approximation (LQA) algorithm for
the nonconcave penalized likelihood. We introduce the LQA algorithm in Section 2.2 in detail.
Hunter & Li (2005) showed that the LQA shares the same spirit as that of the MM algorithm
(Lange et al. 2000). Wu (2000) pointed out that the MM algorithm and GNC algorithm share
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the same spirit in terms of optimization transfer. In general, the GNC algorithms do not
guarantee the ascent property for maximization problems, evidenced from Figure 8(c) in
Antoniadis & Fan (2001), while the MM algorithms enjoy the ascent property, as demonstrated
in Hunter & Li (2005).

2.2. Local quadratic approximation

It can be seen from Figure 1 that the penalized likelihood functions become non-differentiable
at the origin and nonconcave with respect to p. The singularity and nonconcavity make it
difficult to maximize the penalized likelihood functions. Suppose that we are given an initial
value p(© that is close to the true value of . Fan and Li (2001) propose locally approximating
the first order derivative of the penalty function by a linear function:

[paBNY =P, (B;Dsign(8)) ~ {p (B 1/1BY1B;-

Thus, they use a LQA to the penalty function:

1
PaBD ~ 2B+ 3 0BT VIBT NS ~ B, for B ~ B 09

Figure 1 illustrates the LQA for the L 5 penalty and the SCAD penalty. With iteratively
updating the LQA, Newton-Raphson algorithm can be modified for maximization of the
penalized likelihood function. Specifically, we take the un-penalized likelihood estimate to be
the initial value p©: Fork =1, 2,..., repeatedly solve

n b o (12
) P (8D
B**D=arg max E fi(ﬁ)—ng (:() JZ )

io1 28,

=

(2.4)

Stop the iteration if the sequence of {$X} converges.

To avoid numerical instability, Fan and Li (2001) suggested that if ﬁj-k) in (2.4) is very close

to 0, say |/3'(jk)|<80 (a pre-specified value), then set BJ- =0 and delete the jth component of x from
the iteration. Thus, the LQA algorithm shares a drawback of backward stepwise variable
selection: if a covariate is deleted at any step in the LQA algorithm, it will necessarily be
excluded from the final selected model. Furthermore, one has to choose &g, which practically
becomes an additional tuning parameter. The size of g potentially affects the degree of sparsity
of the solution as well as the speed of convergence. Hunter and Li (2005) studied the
convergence property of the LQA algorithm. They found that the LQA algorithm is one of
minorize-maximize (MM) algorithms, extensions of the well-known EM algorithm. They
further demonstrated that the behavior of the LQA algorithm is the same as that of an EM
algorithm with the LQA playing the same role of E-step in the EM algorithm. To avoid
numerical instability and the drawback of backward stepwise variable selection, Hunter and
Li (2005) suggested optimizing a slightly perturbed version of (2.4) bounding the denominator
away from zero: for k = 1,2,..., repeatedly solve

n p 7 (1R

B V=arg max Zfi(ﬂ) - HZW Jz}
i-1 =1 2{16; 1+ 7o} 25
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for a pre-specified size perturbation to. Stop the iteration if the sequence of {p()} converges.
In the practical implementation, we have to determine the size of perturbation. This sometimes
may be difficult, and furthermore, the size of 10 potentially affects the degree of sparsity of
the solution as well as the speed of convergence.

2.3. Local linear approximation

To eliminate the weakness of the LQA, we propose a new unified algorithm based on local
linear approximation to the penalty function:

(B = paBYD+p (BB — 1B, for B ~ B, 2.6)

Figure 1 illustrates the LLA for the L 5 penalty and the SCAD penalty. Fan & Li (2001) show
that in order to have a continuous thresholding rule, the penalty function must satisfy a
continuity condition: the minimum of |6] + p'A(|0]) is attained at zero. Although the L 5 penalty
fails to hold the continuity condition, we show in Section 3 that it is still good for deriving
continuous one-step sparse estimates. For ease of presentation, we assume in this section, unless
otherwise specified, that the right derivative of p, (") at 0 is finite.

Similar to the LQA algorithm, the maximization of the penalized likelihood can be carried out
as follows. Set the initial value B(© be the un-penalized maximum likelihood estimate. For k
=1, 2,..., repeatedly solve

n P
pr*D=argmax § > 68) - n > pL B DI -
i1 j=1 (2.7)

Stop the iterations if the sequence of {B&)} converges. We refer this algorithm as to the LLA
algorithm. The LLA algorithm is distinguished from the LQA algorithm in that pk*1) and the
final estimates naturally adopt a sparse representation. The LLA algorithm inherits the good
features of LASSO in terms of computational efficiency, and therefore the maximization can
be solved by efficient algorithms, such as the least angle regression (LARS) algorithm (Efron,
Hastie, Johnstone & Tibshirani 2004). From (2.7), the approximation is numerical stable, and
thus, the drawback of backward variable selection can be avoided in LLA algorithm.

We next study the convergence of the LLA algorithm. Denote

o B1187")=paB”D+p(8 DB ~ 1B,
and

J

n )4
GBB®)=) 6B —n) ¢" BB,
i=1 =1

Theorem 1—For a differentiahle concave penalty function pA(-) on [0, =), we have

0 = G(BB™) and QBX)=G(BP|B). (2.8)
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Furthermore, the LLA has the the ascent property, i.e., forallk=0, 1, 2,...

0B 1y > o). (2.9)

If the penalty function is strictly concave then we always take “>"" in (2.9).

From (2.8), G(B|p®) is a minorization of Q(g), and finding p k*1) is the maximize-step in MM
(minorize-maximize) algorithms. Therefore, the LLA algorithm is an instance of the MM
algorithms. For a survey of work in MM algorithms, see Heiser (1995) and Lange et al.
(2000).

The analysis of convergence of LLA can be done by following the general convergence results
for MM algorithms. Let M(B) denote the map defined by the LLA algorithm from p) to
pk+1) Note that the penalty function has continuous first derivative and solving pk*1) is a
convex optimization problem, thus M is a continuous map. We define a stationary point of the
function Q(B) to be any point  at which the gradient vectors is zero.

Proposition 1: Given an initial value g©, let sK) = M), If Q(8) = Q(M(8)) only for
stationary points of Q and if 8™ is a limit point of the sequence {f}, then 8 is a stationary

point of Q(f).

Proposition 1 is a slightly modified version of Lyapunov’s Theorem in Lange (1995). We omit
its proof. In Theorem 1 we show that the LLA of p,(-) provides a majorization of the penalty
function p,(-). In fact, the LLA is the best convex majorization of p,(-) as stated in the next
Theorem.

THEOREM 2—Denote by (") the LLA approximation of p;(-).

Y (O)=pa(to)+p’ (1)t — 19), 1,19 > 0. Suppose that y(-) is a convex majorization function of
p;() atto, i.e.,

Y(to)=pa(to) and Y (1) > p,(1) for all 7.
. We must have ¥(t) > #"(t) for all t. If the right derivative of p(-) at zero diverges, the above
conclusions hold for ty > 0 and t > 0.

Figure 1 shows an illustration of Theorem 2 with the SCAD and L 5 penalties. As can be seen
from Figure 1, the LLA approximation is underneath the LQA approximation in all four cases.

The ascent property of MM indicates that MM is an extension of the famous EM algorithm.
Under certain conditions, we show that the LLA algorithm can be cast as an EM algorithm.

Suppose that exp(— npy () is a Laplace transformation of some non-negative function H(:).
Then H(:) is the inverse Laplace transformation of exp(—np,(:)) and

exp(—np,(18))= [, Ht)e V. (2.10)

For example, if p,(|B|) = A|B|%, the Bridge penalty (0 < q < 1), then

exp(-nA|Bl*)= [ H(He Vdt,
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(n)a . (nd)7 . . o . .
where H(1) o« > S(Tl) and S(-) is the density of the stable distribution of index g (Mike
1984).
2 1
Let ﬂ(l)=?H(;) and we independently put a Laplacian prior on f;
1 e
pBjltp)=5—€ .
Ry (2.11)
Further regard IT as a hyper-prior on tj (2.10) implies
exp(—npa(B)= ) pBjltn(z))dr . 2.12)

Maximizing Q(p) is equivalent to computing the posterior mode of p(Bly), if we treat exp
(=npx(IBjl)) as the marginal prior of . The identity (2.12) implies an EM algorithm for
maximizing the posterior p(Bly).

To derive the EM algorithm, we consider ty,..., Tp as missing data. The complete log-likelihood
function (CLF) is

n
i=

P )
Db+ ) [-log(21)) ~ ;‘%mgn(r M.

=1 =
Suppose the current estimator is ). The E-step computes the conditional mean of CLF

n )4 X
E g | CLFI= ) 6(B)+ Y E[~log(2t j)—llj—;]Hog x@HB®,yl
i=1 =1

The M-step finds B(**1) maximizing Egw y[ CLF]. Thus

; & 1
pYD=arg max Y LB+ ) (—szuz[ T—jLB(k’, y]).

P
i=1 J=1 (2.13)

Theorem 3—Suppose that (2.10)—(2.13) hold for p,(-), the LLA algorithm and the EM
algorithm are identical. Moreover, (2.10) implies that p,(-) must be a strictly increasing
function on [0, «) and unbounded. Thus the SCAD penalty does not have an inverse Laplace
transformation.

In the above discussion, we have assumed all the necessary conditions to ensure the the EM
algorithm is proper. If this is the case, then Theorem 3 shows that the EM algorithm is exactly
the LLA algorithm. On the other hand, it is also worth noting that there are concave penalty
functions for which (2.10) cannot be true. The SCAD penalty is such an example. Thus,
Theorem 3 also indicates that MM algorithms are more flexible than EM algorithms.

Ann Stat. Author manuscript; available in PMC 2009 October 9.



1duasnuey Joyiny vVd-HIN 1duasnue Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Zou and Li Page 8

3. One-step Sparse Estimates

In this section, we propose the one-step LLA estimator, which is significantly distinguished
from the one-step or k-step LQA estimate because it automatically adopts a sparse
representation. Thus it can be used as a model selector. One may further define k-step LLA
estimator, but, in general, it is unnecessary. As demonstrated in Fan & Chen (1999) and Cai,
Fan & Li (2000), both empirically and theoretically, the one-step method is as efficient as the
fully iterative method, provided that the initial estimators are reasonably good. In LQA finding
pk+1)is aridge regression problem, which indicates that almost surely, none of the components
of pk+1) will be exact zero. Hence the one-step or k-step LQA estimates in the LQA will not
be able to achieve the goal of variable selection. To get insights into the one-step LLA estimator,
let us start with linear regression models and consider the penalized least squares.

3.1. Linear regression models

The LLA algorithm naturally provides a sparse one-step estimator. For simplicity, let the initial
estimate P(%) be ordinary least squares estimator. Then the one-step estimator is obtained by

1 z
_, . 2 ’ (0)
p=arg min Zly - X +n;p,,<wj DIB;H

J (3.1)

We denote by f(ose) the one-step estimator p(2.

We show that the one-step estimator enjoys the oracle properties. To this end we assume two
regularity conditions

(ADY;j = xiBg * €, where g1,..., &, are independent and identically distributed random
variables with mean 0 and variance 2

(A2); .
XX C where C is a positive definite matrix.

T
Without loss of generality, let Bo=(Boi. - - - ,ﬁo,))T=(ﬁT0,,3§0) and Byg = 0. We write

Cn Ci2 l

C=
Cu Cp |

Theorem 4—Let p;,(-) be the SCAD penalty. If v, — oo and 4, — 0, then the one-step
SCAD estimates p(ose) must satisfy,

a. Sparsity: with probability tending to one, f(ose), = 0.
b. Asymptotic normality: \/ﬁ(/ﬂ\(ose)l - Bio) — N(O,(r2C]l').

In addition, consider p,,(-) = 4np(:)- Suppose p’() is continuous on (0, «) and there is some s
> 0 such that p'(d) = O(675) as & — 0+. Then (a) and (b) hold, if

1+s
n? A, » o and Vnl, — 0

3.2. Penalized likelihood

For a general likelihood model, let 5(ﬁ)=zi=15i(ﬂ) denote the log-likelihood. Suppose that the
log-likelihood function is smooth and has the first two derivatives with respect to . For a given
initial value B© , the log-likelihood function can be locally approximated by
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(@) ~ () +ve®) (B - ﬁ“”)%(ﬂ ~ B0 V2N - ). (3.2)

Let us take p(@ = p(mle). Then V¢(B(©) = 0 by the definition of MLE. Thus p() is given by

p
B0 =arg min 38— BO) -V (BB - B0 B DB
J=1 (3.3

It is interesting to see that (3.3) reduces to the one-step estimates in linear regression models,
if we are willing to assume that € ~ N(0, o2). However, it should be noted that normality
assumption is not needed in Theorem 4.

We show that in the general likelihood setting, () is desired the one-step estimates, denoted
by B(ose). Let I(Bg) be the Fisher information matrix and 11(B10) = 11(B10,0) denote the Fisher
information knowing Bog = 0. Note that I1(Bg) isa p x p matrix and 11(B1g) is a submatrix of
11(Bg)- It is well known that under some regularity conditions (Lehmann & Casella 1998),
n-1v2¢(B(mle)) z P —1(Bg), and

V(B - Bmle))—, W=N (0,1 (By)).

Theorem 5—Let p;,(-) be the SCAD penalty. If vz, — oo and A, — 0, then the one-step
SCAD estimates p(ose) must satisfy

a. Sparsity: with probability tending to one, (ose), = 0.
b. Asymptotic normality: \/ﬁ(ﬁ(ose)l - B1o) — N(O, I[‘(,BIO)).

In addition, consider p;,(-) = Znp(-). Suppose p'(-) is continuous on (0, o) and there is some s
> 0 such that p'(6) = O(675) as & — 0+. Then (a) and (b) hold, if

1+s
n? A, » o and Vnl, — 0

In Theorems 4 and 5 we have established the oracle properties of the one-step SCAD estimator.
It is interesting to note that the choice of A, is the same as that in Theorem 2 of Fan & Li
(2001). It is also worth noting that our results require less regularity conditions than Theorem
2 of Fan & Li (2001), for the penalty function does not need to be twice differentiable.

3.3. Continuity of the one-step estimator

For the nonconcave penalized likelihood estimates to be continuous, the minimum of the
function |6+ p’,(16]) must be attained at 0 (Fan & Li 2001). Bridge penalty (0 < g < 1) fails to
satisfy the continuity condition, thus it is considered suboptimal (Fan & Li 2001). Our results
require weaker conditions to ensure a continuous thresholding estimator. Note that (ose) is
obtained through an €1 penalized criterion. Therefore, we only require p’,(|6]) is continuous for
|6] > 0 to ensure the continuity of B (ose). Theorem 4 and Theorem 5 indicate that Bridge
penalty, p,(|0])=A|6|% for 0 < q < I, can be used in the one-step estimation scheme and their one-
step estimates are continuous.

There is another interesting implication of the continuity of  (ose). Suppose two penalty
functions have very similar derivatives, then we expect their one-step estimators are very close
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too. To illustrate this point, we consider the limiting one-step estimator with the Ly penalty
when q — 0+.

1 Y
(V' =arg min 5B~ B[~V B —ﬂ(o))Jf”Z/l‘/'q_l 1B;l-
=1

J

For each fixed g, we are interested in the whole profile of ,Bfl” as a function of A. Thus we can
consider . = Aq as the effective regularization parameter. On the other hand, suppose we
consider the one-step estimator with the logarithm penalty, P, (|B|) = Alog|p|,

P
B =arg min 28— BO) -V (EONB - BO)4n Y M B

J=1

Proposition 2—If g — 0+, then the profile of B, converges to the profile of Bj,. in the sense

that im0+ (1/q)=B}) (1), VA>0,

We make a note that the convexity of the LLA is crucial for Proposition 2. We demonstrate
the continuity property of the one-step estimator in linear regression models with an orthogonal
design. As can be seen from Figure 2, in orthogonal design the Lg 91 penalty and the logarithm
penalty are equivalent to some discontinuous thresholding rules, but their one-step estimators
yield continuous thresholding rules. Moreover, the one-step Lg o1 estimator with A = 200 is
very similar to the one-step logarithm estimator with A = 2, which shows us an illustrative
example of Proposition 2. We also show the SCAD thresholding and its one-step version in
Figure 2. They are both continuous and unbiased for large coefficients, but they are not
identical.

4. Implementation

In this section we show that the LLA allows an efficient implementation of the one-step sparse
estimator. The key is to notice that solving p®) is not much different from solving LASSO.
Standard quadratic programming software can be used to solve LASSO. The shooting
algorithm also works well (Fu 1998, Yuan & Lin 2006). Efron et al. (2004) proposed an efficient
path algorithm called LARS for computing the entire solution path of LASSO. See also the
homotopy algorithm by Osborne, Presnell & Turlach (2000). The LARS algorithm is a major
breakthrough in the development of the LASSO-type methods. Zou & Hastie (2005) modified
the LARS algorithm to compute the solution paths of the elastic net. Rosset & Zhu (2004)
generalized the LARS type algorithm to a class of optimization problems with a LASSO
penalty. The LARS algorithm was used to simplify the computations in an empirical Bayes
model for LASSO (Yuan & Lin 2005).

We adopt the LARS idea in our implementation. Write ,uizx;r,B and ¢;=C;(u;, y;). Observe that

-v2e(3")=X"DX,
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) .
- ——— . mi=x fO,i=1,..
where D is a n x n diagonal matrix with du? " In linear
regression models, Dj; = 2. We separately discuss the algorithm for two types of concave
penalties.

Type 1: p,(t) = Ap'(t) and p’(t) > O for all t. Bridge penalties and the logarithm penalty belong
to this category which also covers many other penalties. We propose the following algorithm
to compute the one-step estimator.

Step. 1 Create working data by

Xg= VDix;i/p' (B and yi = Ditii, i=1,2,...,n5j=1,..., p.

Step 2. Apply the LARS algorithm to solve

=arg ming Z(yl - x* B) +n/lZ|ﬂ,

Then it is not hard to show that

BP=B3/p(BY) j=1,2,...,p

Thus, if ,EJ # 0, then x; is selected in the final model.

Type 2: For some penalties, the derivative can be zero. In addition, the regularization parameter
A cannot be separated from the penalty function. The SCAD penalty is a typical example. Let
us assume that

U={j:p,(B}"=0} and V={j:p} (18" )>0} .

We write

TT
X=[X,,X,]and gV= (ﬁ“’u,ﬁ“)‘,) .

We propose the following algorithm to compute B(1).

Step la. Create working data by y; = vDj;, x; = VDiix;, i=1,...,n;

. . A
X);:X;W for j eV
Step 1b. Let PyB;") .

Step 1c. Let Hy be the projection matrix in the space of {x}, j € U}. Compute
y'=y" = H,y and X["=X_ - H X[,
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Step 2. Apply the LARS algorithm to solve

- N T
B, =arg ming {Elly - X;J,B||2+n/lIIBII1}-

Step 3. Compute B =(X:"X") ' X:7(y* - xB"). Then it is not hard to show that

U

(1) _p* , (1) _7 :
BV=B, and "=B; for jeV.

(BN

Thus, if ,EJ # 0, then x; is selected in the final model for j € V.

In both algorithms the LARS step uses the same order of computations of a single OLS fit
(Efron et al. 2004). Thus it is very efficient to compute the one-step estimator. It is also
remarkable that if the penalty is of type 1, then the entire profile of the one-step estimator (as
a function of }) can be efficiently constructed. For the SCAD type penalty we still need to solve
the one-step estimator for each fixed A, for the sets U and V could change as A varies.

5. Numerical Examples

In this section, we assess the finite sample performance of the one-step sparse estimates for
linear regression models, logistic regression models and Poisson regression models in terms
of model complexity (sparsity) and model error, defined by

ME{E()=E{f(x) — p(x))*

for a selected model [i(), where the expectation is taken over the new observation x. We
compare their performance with that of the SCAD with the original LQA algorithm (Fan & Li
2001) and the perturbed LQA algorithm (Hunter & Li 2005), and the best subset variable
selection with the AIC, and BIC. For a fitted subset model 77, the AIC and BIC statistics are
of the form

2 log (likelihood) — A - |.Z|,

where || is the size of the model and & = 2 and log(n), respectively. Note that the BIC is a
consistent model selection criterion, while AIC is not. We further demonstrate the proposed
methodology by analysis of a real data set.

In our simulation studies, we examine the performance of one-step sparse estimates with the
SCAD penalty, logarithm penalty (defined in Section 3.3) and Lq g7 penalty. Note that we
expect the logarithm penalty and Lg o1 penalty generate similar one-step sparse estimators. In
Table 1-Table 3, one-step SCAD, one-step LOG and one-step Lg g7 stand for the one-step
sparse estimate with the SCAD, logarithm and L o1 penalty, respectively; SCAD and P-SCAD
represent the penalized least squares or likelihood estimators with the SCAD penalty using
LQA and perturbed LQA algorithm, respectively; and AIC and BIC are the best subset variable
selection with the AIC and BIC criteria, respectively. For the best subset variable selection,
we exhaustively searched over all possible subsets. We used five-fold cross-validation to select
the tuning parameters.
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(Linear Model) In this example, simulation data were generated from the linear regression
model,

y=xB+e,

where p = (3,1.5,0, 0, 2, 0,0, 0,0, 0,0,0)T, £ ~ N(0,1) and x is multivariate normal distribution
with zero mean and covariance between the ith and jth elements being pl|i—j| with p =0.5. In
our simulation, the sample size n is set to be 50 and 100. For each case, we repeated the
simulation 1000 times.

For linear model, model error for 1 = x"p is ME(p) = (B—B) "E(xx")(B—B). Simulation results
are summarized in Table 1, in which MRME stands for median of ratios of ME of a selected
model to that of the ordinary least squares estimate under the full model. Both the columns of
C’ and ’IC” are measures of model complexity. Column *C’ shows the average number of
nonzero coefficients correctly estimated to be nonzero, and column *IC’ presents the average
number of zero coefficients incorrectly estimated to be nonzero. In the column labeled *Under-
fit” we presented the proportion of excluding any nonzero coefficients in 1000 replications.
Likewise, we reported the probability of selecting the exact subset model and the probability
of including all three significant variables and some noise variables in the columns ’Correct-
fit’ and *Over-fit’, respectively.

As can be seen from Table 1, all variable selection procedures dramatically reduce model error.
One-step SCAD has the smallest model error among all competitors, followed by the SCAD
and perturbed-SCAD. In terms of model error, penalized least squares methods with concave
penalties outperform the best subset selection. In terms of sparsity, one-step SCAD also has
the highest probability of correct fit. The SCAD penalty performs better than the other penalties.
One-step LOG and one-step Lg o1 perform very similarly, which numerically confirms the
assertion in Proposition 2. It is also interesting to note that a simulation study by Leng, Lin &
Wahba (2006) showed that in this example the LASSO did not consistently select the true
model when optimizing the prediction error. In contrast, the nonconcave penalty methods and
their one-step estimates all work very well in this example because of their oracle properties.

(Logistic regression) In this example, we simulated 1000 data sets consisting of n = 200
observations from the model

Y|x ~ Bernoulli {p(x"B)},

where p(u) = exp(u)/(l + exp(u)), and p is the same as that in Example 1. The covariate vector
x is created as follows. We first generate z from a 12-dimensional multivariate normal
distribution with zero mean and covariance between the ith and jth elements being pli~J with
p =0.5. Then we set Xpx—1 = Zpk—1 and xoi = 1(zox < 0) fork =1, ... , 6, where I(:) is an indicator
function. Thus, x has continuous as well as binary components.

Unlike the model error for linear regression models, there is no closed form of model error for
the logistic regression model. In this example, the model error was estimated using Monte
Carlo simulation. Simulation results are summarized in Table 2, in which MRME stands for
median of ratios of ME of a selected model to that of the un-penalized maximum likelihood
estimate under the full model, and other notation is the same as that in Table 1.
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From Table 2, it can be seen that the best subset variable selection with the BIC criterion
performs the best, however, the computational cost of the best subset variable selection is much
more expensive than that of the nonconcave penalized likelihood approach. One-step sparse
estimates require the least computational cost. It is interesting to see from Table 2 that the one-
step SCAD performs as well as the fully iterative SCAD estimates by the LQA and perturbed
LQA algorithms in terms of model error. The one-step estimates with logarithm and Lg o1
penalties perform very well. They have lower model error and rate of under-fit models than
ones with the SCAD penalty.

(Poisson log-linear regression) In this example, we considered a Poisson regression model

Y|x ~ Poisson {/l(xT,B)},

where A(u) = exp(u), p=(1.2,0.6,0,0,0.8,0,0,0,0,0, 0, 0) " and x is the same as that of Example
1. We let the sample size be 60 and 120. For each case we simulated 1000 data sets. Note that
the model error is ME(B) = E{exp(x"p)—exp(x"B)}2. Since x is normally distributed, we can
derive a closed form for the model error using the moment generating function of normal
distribution. Simulation results are summarized in Table 3, in which notation is the same as
that in Table 2.

From Table 3, we can see that one-step SCAD sparse estimate outperforms the SCAD using
both the original LQA algorithm and perturbed LQA algorithm in terms of model errors, model
complexity and the rate of correct-fit. The best subset variable selection has the best rate of
correct-fit for both n = 60 and 120. The correct-fit rate of one-step sparse estimates becomes
much higher when the sample size increases from 60 to 120. This is not case for SCAD, P-
SCAD and the best subset variable selection procedures.

(Data analysis) In this example, we demonstrate our one-step estimation methodology using
the burns data, collected by the General Hospital Burn Center at the University of Southern
California. The data set consists of 981 observations. Fan & Li (2001) analyzed this data set
as an illustration of the nonconcave penalized likelihood methods. As in Fan & Li (2001), the
binary response variable is taken to be the indicator whether the victims survived their burns
or not. Four covariates, X, = age, Xo = sex, X3 = log(burn area + 1) and binary variable x4 =
oxygen (0O=normal 1=abnormal), are considered. To reduce modeling bias, quadratic terms of
X1 and xg and all interaction terms were included in the logistic regression model. We computed
the one-step estimators with the SCAD and logarithm penalties. The regularization parameter
was chosen by 5-fold cross-validation. The logarithm of selected A equals —0.356, and —7.095
for the one-step estimates with the SCAD and logarithm penalties, respectively.

With the selected regularization parameter, the fitted one-step SCAD sparse estimate yields
the following model

logit {P(Y=1]x)}=4.82 — 8.74x| — 4.795+6.67x; x3, 5.1)
where Y = 1 stands for a victims survived from his/her burns. This model indicates that only
X1 and x3z are significant. This is the same as the ones in the model selected by the SCAD with

the LQA algorithm and reported in Fan & Li (2001). The one-step fit with logarithm penalty
is
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logit {P(Y=1[x)}=4.55 — 6.45x; — 0.29x4 — 0.56x] — 4.21x3+5.21xx3 — 0.15x2.x3. 5.2)

It selects more variables than (5.1). This is consistent with Table 2, from which we can see that
one-step fit with logarithm penalty has a higher rate of *over-fit’ than the one-step SCAD
estimator. The one-step Lg oz fit is almost identical to (5.2).

6. Proofs

6.1. Proof of Theorem 1
At the k-step, define a function with parameter § ) as follows

p
GBIB®)=C®) - n> [ paB D+ P18 DB - BLD.

=

Observe that Q(B®) = G(BM|pM), and

p

0B) - GEIB®) = n )" [ B D+p3BDBH ~ B = patB D,

=1

By the concavity of the penalty function p,(:), we have

a8+, (BB — 11D = patlB)h) = 0.

If Bg-k) =0 we use the right derivative. Thus it follows that

o) = GPB™).

We can take ”>" in the above inequality if p,(*) is strictly concave. Moreover, it is easy to check
that

B* D =arg max G(BIB™).

Hence we have that

0™ D) = GE*VIBY) > GV IBY)=0B").

This completes the proof.

6.2. Proof of Theorem 2
Without loss of generality let us consider t > tg. suffices to show
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() — (1) 50
t—ty (6.1)
Note that
Y(t) — ¢ (O)=y(t) — ¥(to) — pi(to)(t — 19).
Thus (6.1) is equivalent to
Y@ — (o) > p'y(to).
t—1o (6.2)

Take a sequence of {t,} such that tg < ty < t and ty — to. By the convexity of ¢(-), we know

Y() — y(lo) S Y(t) — (1) Vk
t—ty t—1ty ' (6.3)

Since ¢(-) is a majorization of p, () at tg, we have

Y@ —¢to) _ palte) — palto)
tk — 1o - Ik — 1o ’ (6.4)

Thus combining (6.3) and (6.4), we know

Y@ — ¥to) _ palt) — palto) vk
t—1 - tr— 1ty '

Taking the limit in the above inequality we obtain (6.2). Similar arguments can be applied to
the case of t < t,.

6.3. Proof of Theorem 3

It suffices to show that

1
E[ —IB,yl=np,(B;)-
7j (6.5)

Then (2.13) is equivalent to (2.7), which in turn shows that LLA is identical to the EM
algorithm.

By p(zjlB.y) & p(Bjltj)n(j), we have

oo 1
fo ;P(ﬂlej)ﬂ(Tj)de

1 j
E[—Byl=—= )
Tj fo pBjltj) n (r))dt;
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and (2.11) and (2.12) yield

oo 1
Jo PBIDT T 1o expnpah)
[ pBilty) 7 (x))dr; d(B))

Hence (6.5) is proven.

By the non-negativity of H(t), it is easy to see that exp(—np,(|])) is astrictly decreasing function
of |B|, thus py (') is strictly increasing. To show p;(-) is unbounded, using dominant (or
monotone) convergence theorem, we have exp(—np,(|B|)) — 0 as |B| — «. Hence p,(:) is
unbounded.

6.4. Proof of Theorem 4 and Theorem 5

Theorem 4 can be proven by the same proof for Theorem 5, and therefore we only prove
Theorem 5.

Let us define

V() :5%% —~ B [-VHBO) (L5 - B)
/’ M‘
+"ZP,1,,(|.3(]~0)|),301'+—\/_|-
Vu(u) = V,(0) ‘" L=V +</30—/3‘°>)1 ~VABN L

+"ZPA,, |,3(0)|)(|,30j+?| 1Bo;D

= T1+T2+T3

o . un)
Let 0(n) = arg min[V,(u) — Vi (0)], then ﬁ(ose)_ﬂ“ﬁ. By Slutsky’s Theorem, it follows that
Ty=- i V2O s, LT g,
2vn Vi "2 (6.6)

T =(Bo-B) [-V(E)
= Vi(By — BO) T D s, — Wy 6.7)

We can write T3 as

P Boj+-LlBojl 2
12O T
T3=§ ‘/V_IP,l,,(lﬁj DW = E Ts;.
J=1

J=1

Note that
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uj
|ﬁ0j+ﬁ|—|ﬁ0j|

/v — Sign(Bo;)u;I(Bo; # 0)u;|1(By;=0).

We now examine the behavior of \/ZP;,,(Iﬁ(JQ)I). First consider the case where
Pf,,,(I,B(jO)I)=/lnp'(|ﬂ§»ml). When Bg; #0, since I,BEO)IHPLBOJ'I, continuous mapping theorem says that
1?'(|,3(/-0)I)—>pp'(L30jI). Hence v, — 0 Yields Tgj —p 0. When Bgj = 0, T3j = 0 if u; = 0. For y;
# 0, we have

0
P B
(Q)l—.v ’
J

B Les
T3j=luj| Vndup' (B D=lujln = 2,0 VB )

By VB = ,N(0,1""(By) ), then from ' 1, — oo We see Taj —p .

For the SCAD penalty, we have similar conclusions. p/,(6)=0 if 6 > ak, (a = 3.7). Thus when
Boj # 0, L33~O>I—>plﬂo]'|>0, then A, — 0 ensures 73;=Sign(Bo,)u; \/pr{(LB(jO)I)HPO. When Bgj = 0,

1
O_r (2
T3j=0if uj=0. For uj # 0, we have I'Bj I=0p( \/,—,). Also note that p’(6)=21, forall 0 < 8 <

An, Which implies that if Vad, — oo, T3j= \/ﬁp,'l(l,B;O)I)luﬂ:Iujl Vna, with probability tending
to one. Thus T3j — 0.

. T
Let us write u=(u}, uy,) . Then we have

Tass 0if upp=0
377r) oo otherwise (6.8)

Denote W:(WITO, WZTO)T. Combining (6.6), (6.7) and (6.8) we conclude that for each fixed u,

1 .
sulol1(Bro)uto — Wiuro if uzp=0

Va(u) = Vu(0) =4 V(u) = { ) otherwise

The unique minimum of V(u) is ul():Il_l (Bro)Wipand upg = 0. V,(u) =V, (0) is a convex function
of u. By epiconvergence (Geyer 1994,Knight & Fu 2000), we conclude that

un)0—aly Bro)Wio, (6.9)

u(n)20—40. (6.10)

By W19 = N(0,11(B10)), (6.9) is equivalent to
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Va(Bose); —Bio) = N(O, I;' (Bio))-

Note that (6.10) implies that \/—(E(ose)z—> 0. We now show that with probability tending to
one, f = 0. This is a stronger statement than (6.10). It suffices to prove that if Boj=0,P (Bj
(ose)#=0) — 0. Assume Bj(ose) # 0. By KKT conditions of (3.3), we must have

—(1-V2eB)Blose) - ) = Vadpy(1B).
(=T B Bose) D) = Vo8 6.1

We have shown that when Bg; = 0, the right hand side goes to oo in probability. However, the
left hand side can be written as

_V2’ (0) . —V2
([#]\/ﬁ(ﬁ(ose)—ﬁo)) —( m )]«F B - Bo)

J J

By (6.9) and (6.10) we know the first term converges in law to some normal, and so does the
second term. Thus

P(Bj(0se) # 0) < P(KKT condtion (6.11) holds) — 0.

7. Discussion

In this article we have proposed a new algorithm based on the LLA for maximizing the
nonconcave penalized likelihood. We further suggest using the one-step LLA estimator as the
final estimates, because the one-step estimator naturally adopts a sparse representation and
enjoys the oracle properties. In addition, the one-step sparse estimate can dramatically reduce
the computational cost in the fully iterative methods. The simulation shows that one-step sparse
estimates have very competitive performance with finite samples.

We have concentrated on the one-step sparse estimate for linear models and likelihood-based
models, including generalized linear models. The proposed one-step sparse estimation method
can be easily extended for variable selection in survival data analysis using penalized partial
likelihood (Fan & Li 2002, Cai et al. 2005), variable selection for longitudinal data (Fan & Li
2004) and variable selection in semiparametric regression modeling (Li & Liang 2007).

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Plot of Local Quadratic Approximation (thin dotted lines) and Local Linear Approximation
(thick broken lines) at # = 4 and 1. (a) and (b) are for the Lg 5 penalty with A = 2, and (c) and

(d) are for the SCAD penalty with A = 2.
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FIG. 2.

Compare thresholding rules in orthogonal design, (a) and (b) are for the logarithm penalty and
its one-step LLA approximation, A = 2. (c) and (d) are for Bridge (Lg o1) and its one-step LLA
approximation, A = 200. (e) and (f) are for SCAD and its one-step LLA approximation, A = 2.
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