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Abstract:

This paper investigates correct variable selection in finite samples via ¢1 and ¢1+¥¢2 type penalization
schemes. The asymptotic consistency of variable selection immediately follows from this analysis. We
focus on logistic and linear regression models. The following questions are central to our paper: given
a level of confidence 1 — §, under which assumptions on the design matrix, for which strength of the
signal and for what values of the tuning parameters can we identify the true model at the given level of
confidence 7 Formally, if T is an estimate of the true variable set I*, we study conditions under which
]P’(?: I*) > 14, for a given sample size n, number of parameters M and confidence 1 — §. We show
that in identifiable models, both methods can recover coefficients of size ﬁ, up to small multiplicative

constants and logarithmic factors in M and % The advantage of the £1 + f2 penalization over the
£1 is minor for the variable selection problem, for the models we consider here. Whereas the former
estimates are unique, and become more stable for highly correlated data matrices as one increases the
tuning parameter of the {2 part, too large an increase in this parameter value may preclude variable
selection.
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1. Introduction

The literature on various theoretical aspects of £; empirical risk minimization has enjoyed substantial growth
over the last few years, partly as a necessity to complement the flourishing field of convex optimization. The
main attraction, from both theoretical and computational perspectives, is the proved ability of such methods
to recover sparse approximations of the true underlying model when the number of parameters is large relative
to the sample size. The principal theoretical topics of interest are therefore focused on optimality properties
that involve the notion of sparsity. Whereas the theoretical properties of the ¢; 4+ {5 penalized estimates,
sometimes referred to as elastic net estimates, a phrase introduced by [23] in linear models, have not been
investigated for the models we consider, the properties of the ¢; penalized estimates, typically referred to as
the Lasso-type estimates, have received considerable attention. The topics studied range from finite sample
results concerning sparsity oracle inequalities for the risk of the estimators, in regression and classification,
e.g., [4], [5], [19], [26], [20], [2], [11] to the asymptotic behavior of the estimates, including the consistency of
subset selection, e.g. [9], [10], [13], [22], [21], [25], [6] [3], [17], [12], [14].

This work is motivated by the emergence of a large number of variations and improvements of the ¢;
penalization schemes in regression and classification. To appreciate the need for such variations it is im-
portant therefore to investigate the limitations of the original method. When the number of variables M is
large relative to n, an asymptotic analysis of the variable selection problem may obscure issues that arise in
finite samples. In this paper we investigate the finite sample accuracy of variable selection via the ¢; and the
closely related /1 + /> penalization schemes in regression models. We also discuss asymptotic alternatives and
asymptotic consequences of our results. Our goal is to review existing results, and to offer a self-contained,
back-to-back analysis of these important models and respective penalization schemes.

Formally, let (X;,Y;), 1 <1i < mn, be i.i.d. pairs distributed as (X,Y’) with probability measure P, where
Y e{0,1}or Y € Rand X = (Xy,..., Xp) € RM. We assume that E(Y|X = ) = g(3° ;. #;;), where
I* C {1,...,M} is an unknown subset and g is a known link function. In our analysis, M is allowed to

*Research partially supported by NSF grant DMS 0706829 and the Isaac Newton Institute, Cambridge, UK.

1
imsart-generic ver. 2007/12/10 file: honestselV108Nov6.tex date: November 13, 2008
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depend and be larger than the sample size n, and the size of I* may depend on n. The goal of this paper is
to provide an understanding of the merits and possible limitations of variable selection via these two penal-
ization schemes when used to answer the following central questions: given a level of confidence 1 — §, given
the number of variables M and the sample size n, under which assumptions on the design matrix, for which
strength of the signal and for what values of the tuning parameters do we identify the true model at the given
level of confidence ? Formally, if I is an estimate of I'*, we study conditions under which P(I = I*) > 1 — .

We will focus on variable selection in logistic regression, corresponding to the link function g(z) =
e”/(1+ e*), and also present a full analysis of the problem for linear models, corresponding to g(z) = z, to
facilitate the comparison of the results. We will conduct separate analyses of the corresponding estimates,
as different arguments are needed for models with possibly unbounded response, such as the linear model.

We denote by 3* the vector in RM with components B; for j € I and zero otherwise. We begin our analysis
in Section 2 by establishing upper bounds on the ¢; distance between the Lasso and elastic net estimators,
respectively, and the parameter 5*. These results are connected with the sparsity oracle inequalities recently
obtained for the Lasso estimators in [4] and [2], in linear regression models, and [19], in generalized linear
regression models. The focus in these works is on the predictive performance of the estimators, rather than
on the accuracy of variable selection, as considered here. For us, these results are an intermediate, albeit
essential, step in discussing the conditions under which an estimate T of the set I* satisfies IF’(I I*) >1-4.
It is intuitively clear that if the estimates ﬁ are too far from (*, we cannot hope to recover the true coefficient
set I* with high probability. It is interesting to note, however, that under some conditions on the design
matrix, we can still estimate the true subset correctly even if the distance between $* and the estimates is
not close to zero, but can still be controlled as in Section 2. Although this may appear surprising, it is this
phenomenon that sets the variable selection problem apart from the problem of estimating well §* itself:
here we aim at identifying a non-zero coefficient. Even if the estimate of this coefficient is relatively far from
the real value, it only matters whether it is different than zero, not whether it is very close to the truth.

The rest of paper is organized as follows. In Section 2.1 we re-visit the conditions on the design matrix
under which sparsity oracle inequalities for the Lasso estimates have been previously established and discuss
weaker conditions. In Sections 2.2 and 2.3 we show that these results continue to hold under the weaker
conditions. If one considers a slight modification of the ¢; penalty that consists in the addition of a properly
scaled /5 term, one can further weaken the requirements on the design matrix, while maintaining the sparsity
of the resulting estimator. This motivates the study the ¢; 4+ ¢5 estimates, which have not been, to the
best of our knowledge, investigated theoretically from this perspective in these models. Section 2.3 also
contains an alternative asymptotic analysis of the ¢; norm of the difference 8 — 0* for estimates in logistic
regression, motivated by the presence of possibly large constants in the finite sample oracle bounds. Under
weak conditions on a weighted version of the design matrix, we obtain improved oracle bounds, that hold
with probability converging to one.

In Section 3, which is central to our paper, we discuss in detail when the Lasso and the elastic net
methods can provide accurate variable selection, in linear and logistic regression models. We show that
obtaining results of the type P(I* = I) > 1 — ¢ depends crucially on a combination of conditions on the
design matrix and the signal strength. This analysis complements the existing asymptotic results for Lasso
estimates in linear regression models, and shows that similar phenomena occur in generalized linear models,
for which the variable selection problem has not been investigated from this perspective; we refer to the the
very recent work in [17] for related results in binary graphical models. Moreover, we provide the parallel
study of the elastic estimates, and investigate to which extent they can be used for variable selection. We
note that in a non-asymptotic framework, the study of P(I* = I) is well posed only if I is unique. Since the
elastic net estimates of 3* are unique, as shown in Appendix B, so is the corresponding I. Recall that, in
contrast, the Lasso-type estimators of 3* may not be unique. However, in that case, the problem studied
here is still well posed: even when the Lasso estimates of §* are not unique, the corresponding I is. This
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property has been used implicitly in [15], and then in [13], for linear models, without an explicit proof, and
not investigated outside linear models. For completeness, we present a proof of this result in Appendix B.

In the Conclusions section we summarize our findings and discuss the relative merits of the Lasso and
elastic net estimates. The proofs of our main results are in Appendix A. Additional technical results are
collected in Appendix B.

1.1. Notation

In the following sections we will denote by B the penalized least squares estimates, for both the ¢ and ¢1 + /5
penalties and, similarly, by 8 the penalized logistic regression estimates, for either penalty. The estimates are
of course different, but we opted for the same notation to keep the exposition simple. It will always be clear
from the context to which combination model/penalty they correspond to. In the same way, I will always
denote the set of selected variables, and I* will denote the set of truly associated variables. We denote by
k* the cardinality of I*. For simplicity, we assume that the observations on the X variables are normalized
and centered, that is % Dy X%- =1 and % Yo X;; =0, for all j. This is in no way crucial, but it allows
for cleaner results and easier interpretation of the assumptions. We will also assume that for all ¢ and j the
variables X;; are bounded by a common constant L > 0, with probability 1. For any vector in a € RM we

denote by |a|; = Zjle laj| the ¢; norm of a vector.

2. Sparse balls for the £; and ¢; + £> penalized estimates

In this section we establish upper bounds on the ¢; balls | B —*]1 and | B — [3*|1, for the Lasso and elastic net
estimates, in linear and logistic regression, respectively. We show that these bounds are, up to constants that
we make precise below, of the form k*r, where r is the tuning parameter corresponding to the ¢; penalty
and k* is the number of non-zero components of 5*. Since the £; norm is a sum of M terms, but the bound
only involves the unknown and possibly much lower dimension £*, we call the corresponding balls sparse.

2.1. Conditions on the design matrix

In [5] and [19] it was showed that the Lasso type-estimates belong to sparse ¢1 balls centered at the true
parameter, in linear models and generalized linear models, respectively. These results were established un-
der variants of a condition on the design matrix typically referred to as the mutual coherence condition,
introduced in [8]. We state below a mild version of this condition, which we will also use in Section 3 of this
paper. Let

n

1 .
Prj = EZXMXJ@', 1<,k <M.

i=1
Condition Identif: We assume that there exists a constant 0 < d < 1 such that
P( max |oul < ) =1
max ; —) =1.
jeI* ki PRIT= o

This condition guarantees separation of the variables in the true set I* from one another and from the rest,
where the degree of separation is measured in terms of the size of the correlation coefficients. We regard it
here as an identifiability condition. It will be used as a sufficient condition for correct variable selection in
Section 3 below. However, it is not needed for sparse oracle inequalities, as we detail below.

In Sections 2.2 and 2.3 below we show that Condition Identif can be relaxed if one is only interested in
prediction or the global behavior of the estimates measured, as in these sections, by the ¢; distance to the
truth. To formulate the weaker condition let o, ¢ > 0 be given. Define the set

Va,e = UGRM:Z|vj|§aZ|Uj|+6 . (2.1)
JEI jeI*

imsart-generic ver. 2007/12/10 file: honestselV108Nov6.tex date: November 13, 2008



F. Bunea/Honest variable selection 4
Let ¥ be the M x M matrix with entries py;.

Condition Stabil. Let «, e > 0 be given. There exist 0 < b < 1 such that

P U/ZUZbZU?—E =1, forany veEV,..
JET*

Remark. We denote generically one of the estimates of §* studied below by B We will motivate the definition
of the set V, ¢ by showing, in the course of the proofs of Theorems 2.2 - 2.7, that B — B* € V¢, with high
probability, for specific parameters « and e. For instance, we will show that « is either 3, for the ¢; penalized
estimates, or 4, for the ¢; + ¢ penalized estimates. The parameter € will be either zero, for the least squares
estimates, or exponentially small, for each M and n, in the case of the logistic regression estimates. The
term € in the definition of V,, . is needed for purely technical reasons, and does not affect the results or
their interpretation. Condition Stabil corresponding to o = 3 and € = 0 has been introduced, for an analysis
similar to the one we conduct here, by [2], for a comparative study of the predictive performance of the
Dantzig and Lasso estimators in linear models.

One possible intuitive interpretation of Condition Stabil is as follows. If ¢ = 0, Condition Stabil is immediately
implied by P(X —bD > 0) = 1, where D is the M x M matrix containing the k* x k* identity matrix corre-
sponding to indices in I*, and with zero elements otherwise. This asserts that the correlation matrix remains
semi-pozitive definite if we decrease the diagonal elements corresponding to the true variables slightly, and
leave all other entries unchanged. Since this modification affects only k* of M? entries, it can be regarded as
a stability requirement on the correlation structure. Condition Stabil is even milder than P(¥ —0D > 0) = 1,
since it is only required to hold for v € V, , for some given o and e.

The following lemma establishes the relationship between the two conditions, and shows that Condition
Stabil is less restrictive. A brief argument establishing this link is also offered in [2], for & = 3 and € = 0; we
include a full proof here for the general case, for completness.

Lemma 2.1. Let o and € be given. If Condition Identif holds for some 0 < d < 1/(14 2a+¢€), then
Condition Stabil holds for any 0 <b<1—d(142a+¢).

Proof. Let ¥* be the k* x k* matrix with entries py;, k,j € I*. For any v € RM denote by v, the vector in
R*" obtained from v by retaining only the components corresponding to I*. Then

VS > 0l =2 Y ol vl
JEI* keI~

.2 y .
> oY, — T Z [vj] Z |vg|, under Condition Identif
Jjer* k¢I*
. 2ad 2de
> vl Y, — ?(Z lu;|)? — = Z v}, forve Vo,
Jjer* Jjer+
2d
> V¥, — 2ad Z v? - kf\/k*( Z 0]2-)1/2, by the Cauchy -Schwarz inequality
jeI- jer
> VY%, — (2a+ €)d Z 0]2- —de, since 2zy < 22 4 3>
jer
> (1-d(l1+42a+¢) va—e.
jerI*

The last inequality follows from Condition Identif, which also implies that v;X*v, > (1 —d) > /- v? and
so Condition Stabil holds for any b with 0 <b<1—-d(1+2a+¢). R
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Thus, for instance, for the study of the Lasso estimates in linear models, we have a = 3 and ¢ = 0 and so
if Condition Identif holds for some d, then Condition Stabil holds for 0 < b < 1 — 7d, which imposes the
restriction 0 < d < 7.

The results of Sections 2.2 and 2.3 below will be established directly under the less restrictive Condition
Stabil, which requires the specification of a constant b. Notice that if b is very small, the condition is almost a
tautology, as ¥ > 0 by construction. However, as it will become apparent from the results established below,
a very small value of b will increase the radius of the ¢; balls covering the estimator. This motivates the
parallel study of the elastic net estimates. We show that they are less affected by potentially small values of
b.

2.2. Sparse €1 balls for estimates in linear regression models

Throughout all sections on linear regression in this paper we assume that the model generating that data is
E(Y|X=1)=) . Bz for X € RM and I* C {1,..., M}. This is the most popular model for regression
with unbounded response Y. It is also becoming increasingly common in regression models with Y € {0, 1},
when the data supports it. Its usage in this context dates back to [1].

2.2.1. An £y penalized least squares estimator
We estimate 5* by

n M
~ 1
ﬂ:argming E {Y; —ﬁ’Xi}2+2r E 181, (2.2)
B i=1

Jj=1

where r =: r,, p(0) is a tuning sequence depending on n, M and a user specified parameter §. In what follows
we determine r such that P(|8 — %1 > Crk*) > 1 — §, and we make C' > 0 precise.

In the following theorem we will use Condition Stabil corresponding to the set V, . defined in (2.1) for e =0
and a = 3. Let 02 = Var (Y) and recall that L denotes a common bound on X;,1<j< M.

Theorem 2.2. Assume that Condition Stabil is satisfied for some 0 < b < 1. If we choose

21 2M
r>2 T if Y e {0,13,
n

or
In 4 In £4
r>4Lo o v8L—2 if Y eR,
n n
then

~ 4
P <ﬁ -8 < brk*) >1-5,
for B given in (2.2).
Remark 1. In practice one can replace o in the tuning sequence by an estimator, as discussed in detail in [4].

Remark 2. 1t is interesting to note that although the results above indicate that the radius of the ¢; ball is
small if k*r < 1, the proofs make no use of this restriction on k*; in particular k* > /n is allowed. It is clear
that in this case the bounds are large but, perhaps surprisingly, this does not affect the validity of variable
selection, for some design matrices. We discuss this in detail in the next section.
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Theorem 2.2 above shows that the bound on |3— (B*|1 becomes large if Condition Stabil is satisfied only for
very small values of b. One remedy is provided by a slightly modified estimator, which retains the sparsity
properties of the Lasso estimates, but is less affected by small values of b. The modified estimate will be
penalized least squares with a combined ¢; and /5 penalty and we discuss it in the next subsection.

2.2.2. An Uy + U5 penalized least squares estimator

We estimate now §* by B , where

n M M

~ 1

B=argmin— Y {V; - gX;}" +2r Y ||+ B2 (2.3)
R j=1 j=1

As before, the goal is to find r =: r,, p(9) and ¢ =: ¢, () for which we can construct sparse balls for the

estimates.

In the following theorem we will use Condition Stabil corresponding to the the set V, . defined in (2.1) for
e=0and o =4.

Theorem 2.3. Assume that Condition Stabil is satisfied for some 0 < b < 1. If max;cy-
B > 0, independent of n, and if

ﬁ;‘| < B, for some

21n 24 r
> 2 ° =—. if Y 1
r > —, ¢= 5@ if € {0,1},
or
111% ln% r )
r>4Lo V8L——, ¢=—, if Y eR,
n n 2B
then

-~ 4.25
P - B < 1 >1-
<ﬂ ﬂll_b+crk>_ 5

for B given in (2.3).
Remark. The result above shows that even if Condition Stabil holds with b very close to 0, the bound on
|G — B*|1 stays finite, for any given M and n. Note that it may still be large, since c¢ is restricted to take

relatively small values, dictated by the sizes of r and B. However, we cannot choose a much larger value for
c: in that case the /5 penalty would become prevalent, and no estimates will be set to zero in finite samples.

2.3. Sparse €1 balls for estimates in logistic regression models

We denote the logistic loss function by

1(B) =:1(B;x,y) = —yf'x +log(1 + exp 3'x),

and denote by PI(3) = El(3; Y, X) the associated risk. Define * = arg mingcga I(3). Throughout all sections

on logistic regression we will assume that

(e By)
1+ EXP(Z]'GI* B]*wj)

E(Y[X =) = p(x) (2.4)
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2.3.1. An {1 penalized logistic regression estimator

We estimate §* by

n

M M M

~ 1

ﬁzargminfg inE 06 X;; + log 1+exp§ 06X, + 2r Bl 2.5
fra—— R R j§:1|ﬂ (2.5)

i=1 j=1 j=1

We will determine the tuning sequence r = 7, 3/(0), different than the one above, for which we can construct
sparse balls for these estimators. We will analyze the estimates under the assumption that p(x) is bounded
away from zero and one for all x. This is implied by:

Assumption A: There exists D > 0 such that |5*|; < D,
in combination with the assumption that all X variables are bounded by L.

In the following theorem we will use Condition Stabil corresponding to the set V,, . defined for

log 2

€= Svny+1

1
X =,
r
with r given below, and for a = 3. Also, let s be a constant depending on L and D, which decreases with D.

Theorem 2.4. Assume Condition Stabil is satisfied for some 0 < b < 1. If Assumption A holds and if

2log2(M V n) 2log(}) 1
> =2 ~ @7
r> (6+4v2)L - + 2L = +4(Mvﬂ),
then A )
P (155l < ok + (14 D) 215 (26)

for B given by (2.5).
Remark. Notice that the term (1+%)e is roughly 5777 and therefore negligible. As noted above, the bound on

| E —3*|1 becomes large for very small values of b, which motivates the study of the ¢; +¢5 penalized estimators
in the next section. Also, the constant 1/s, the exact form of which is given in the course of the proof of
this theorem, can be very large for large D; similar results, based on different arguments and slightly more
restrictive assumptions on ¥ have also been obtained in [19]. However, if we content ourselves with asymptotic
statements, we can obtain an improved bound on | B — B*|1, with 1/s replaced by a quantity arbitrarily close
to 1. These results will hold with probability converging to 1, and under more stringent requirements on the
design. They are based on the following fact, which is of independent interest: it establishes the sup-norm
consistency of f'x as an estimate of 3*'z.

Proposition 2.5. Let § =: 6, be any sequence converging to zero with n. If max ey~
B > 0, independent of n, and k*r — 0, then for any n > 0 we have

ﬁ;‘| < B, for some

P (sup |3z — x| > 77) — 0,
x
as n — oo.
Remark. It is interesting to note that this result holds independently of the assumptions on the design.
The next result is obtained under a condition similar to Condition Stabil, but required to hold for a

weighted version of the matrix X. Let g(z) = e*/(1 + €*). Let ¥; be the M x M matrix with entries
LS 9 (BY X)Xk Xji, 1 < j k< M.
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Condition LStabil. Let a, e > 0 be given. There exist 0 < b < 1 such that
P 1}/211121)21)]2»—6 =1, forany ve€V,..
jers

Theorem 2.6. Assume Condition LStabil is satisfied for some 0 < b < 1. Let

2log2(M V n) 2log(5-) 1
> V2) L\ ———— + 2L r
r> (6+4v2)Ly/ m + PERRTETEESE

ﬂj*\ < B, for some B > 0 independent of n, and k*r — 0, then

for any sequence 6, — 0. If max;cy-
Py * 4 * 1
for B given by (2.5) and for a constant w arbitrarily close to one.

2.8.2. An €1 + Ly penalized logistic regression estimator

In this section we obtain similar results for estimators of 5* given by

M M M M
1 ,
B = argﬁlmn )Y ]E:l B;Xi; +1log | 1+ exp jE=1 BiXij | ¢ +2r jE=1 1351 + C;:l G5 (2.8)

In the following theorem we will use Condition Stabil corresponding to the set V,, . defined in (2.1) for

€ ’

_ log2 1
= o0ive1 <,

for r given below, and o = 4. Let s > 0 be the constant given in Theorem 2.4 above.

Theorem 2.7. Assume that Assumption A holds and that Condition Stabil is satisfied for some 0 < b < 1.
Let B > 0 such that max |3|; < B and take

2log 2(M 1 2log(L
og 2( \/n)+ Y og(,;)’ e

r> (6+4V2)L 4(M vV n) n 2B

Then

~ 4.25rk* 1
P 5%, < + (14 = >1-6
(|ﬂ |1 = 5b c ( T)€> - )

for B given by (2.8).

The comments and remarks of Section 2.2.1 apply here with no change: the ¢; 4+ ¢5 penalized estimates are
more stable, in that the radius of the ¢; ball covering the estimate is less affected by small values of b and
s. However, care must be exercised in choosing too large a ¢, as in that case the sparsity properties will be
lost. We can also derive, in a similar manner, versions of Proposition 2.5 and Theorem 2.6 for the ¢; + {5
penalized estimate. Since the results are nearly identical we do not include them here.
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3. Correct subset selection

The asymptotic properties of subset selection via the Lasso in linear models have been studied recently by
a number of authors: [13] studied selection Gaussian graphical models, [21] investigated subset selection in
linear regression on for what was termed incoherent design matrices, [3] studied approximating regression
models under design matrices satisfying Condition Identif introduced in Section 2 above and previously
discussed in [4], and [25] investigated a three stage procedure in linear models. A nice overview of the con-
nections between incoherent design matrices and matrices satisfying conditions similar to our Condition
Identif is given in [14]. An interesting asymptotic analysis, in which one studies the interplay between the
sample size n, the sparsity level k* and the number of variables M for average asymptotic consistency in
linear regression models with Gaussian design is presented in [24]. There the coefficient set I* is assumed to
have been selected uniformly at random from {1,..., M}, and one studies asymptotically the average error
probability, where one averages over all possible choices of I*. We refer to the work of [6] for a non-asymptotic
investigation of the accuracy of model selection via the Lasso in linear models, but under model assumptions
different than ours: the coefficient set I'* is again assumed to have been selected uniformly at random from
{1,..., M}, and conditionally on I* the signs of 3}, j € I*, are assumed to be equally likely to be 1 or -1. The
properties of the Lasso-type estimates used for correct subset selection in logistic regression have not been
investigated from the perspective considered here. After finishing this paper, we learned of the recent work
of [17], which investigates the very related topic of asymptotic model selection consistency in binary graphs;
we comment on connections with our work in Section 3.2.2. The finite sample properties of variable selection
via the elastic net have not been investigated in either of the models considered here. For a discussion of its
usage in linear regression models with different target parameters than those considered here we refer to [23].

We study in this section the non-asymptotic merits of the Lasso and elastic net estimates when used for
variable selection. We conclude the section with the asymptotic implications of these results.

All estimates of 0* analyzed in Theorems 2.2 - 2.7 have zero coefficients. These theorems, however, do
not necessarily guarantee that the corresponding set of the non-zero coefficients of these estimates is exactly
equal with I*, with high probability: we can either omit some of the true variables or include variables that
do not belong to I'* while still being able to control the radii of the ¢ balls. In this section we find estimates
of #* that have the properties discussed in Section 2 and for which, in addition, we have P(I* = f) >1—n,
for some given small v > 0. Since P(I* = 1) > 1 —P(I* ¢ I) — ]P’(fg I*), we find the subset T such that

PI*Cl)>1—» and PI*21)>1—n,

with y1 + 92 =17.

3.1. Correct inclusion of all true variables in the selected set

In this section we discuss conditions under which we can obtain results of the type
P(I*C1)>1-m,

for some given 1 > 0, for estimates having the properties discussed in Section 2 above. Lemma 3.1 below
shows what governs the size of P(I* C I). We discuss in detail to which extent we can use the results of
Section 2 directly for this study. Recall that the cardinality of I'* is k*.

Lemma 3.1. Let 3* and 3 be a combination parameter/estimator from Section 2. Let I be the index set of
the non-zero components of 3. Then

p(rr g 1) <P (13- = min o). (3.1)
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Proof. The following display follows directly from the definitions of I and I*.

P(I* ¢ 1) < P(j¢I for some jeI*)
< IF’(BJ—Oandﬁ # 0, for some j € I*)
< P(B; — B =155, for some j € I")
< P(f; = Fjl 2 min|G], for some j € I")
< 3— %1 > min |57 ) . [ |
< 2 (155 = in 1)

3.1.1. Detection of large signals

The purpose of this subsection is to point out that the study of P(I* C I) via a direct application of the
sparse oracle bounds derived in the previous section may lead to suboptimal results. We argue this in what
follows. Inequality (4.15) in the proof of Lemma 3.1 above makes it clear that the rate at which P(I* € I)
decays is governed by how small we can make the probability of estimating a non-zero component of G* by
zero. However, if we further bound this probability and arrive at (3.1), we can use Theorems 2.2 - 2.7 of the
previous section directly. We thus arrive at the following corollary.

Corollary 3.2. Let 0 < 6 < 1 be fized. Assume Condition Stabil holds, for the parameters specified in the
statements of Theorems 2.2 - 2.7, respectively.

1. ¢y penalized least squares in linear models:

If minjeg- 6;\ > %rk* with v given by Theorem 2.2, then P(I* C 1) > 1—9.
2. €y + by penalized least squares in linear models:

If 425rk* < minjer- \ﬁ | < maxjer-
2.8, then P(I* C I) >1-9.

B; | < B, for some B > 0, and with r and ¢ given by Theorem

3. {1 penalized logistic regression:

If minjer- ﬂ]*\ > ﬁrk* +(1+ %)e, with s, r and € given by Theorem 2.4 and if Assumption A holds,
then P(I* C 1) >1—4.

4. 41 + U5 penalized logistic regression:

If ;lb_zi_scrk* (1+ %)e < minjes- 57| < maxjer- |87 < B, with v, ¢ and € given by Theorem 2.7 and

if Assumption A holds, then P(I* C 1) >1—4.

Remark. The lower bounds on the minimum size of the true coefficients stated in Corollary 3.2 are all of the

type
néllrl ‘ﬁ | > Crk*, (3.2)

possibly up to the small additive term € defined in the previous section.
For stable design matrices, when the constant C' is close to 1, and if the true model is supported on a space
of dimension k*, with very low k* satisfying rk* < 1, then such lower bounds imply that we can detect

moderate sized signals. Clearly, for large k*, the lower bounds on the coefficient size are too conservative,
especially since the constant C' may also be large. We discuss below when one can weaken this requirement.
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3.1.2. Detection of weaker signals

Propositions 3.3 and 3.4 below show that the lower bounds on the signal strength can be significantly weak-
ened under further conditions on the design matrix. The intuition is the following: if the signal is very weak
and the true variables are highly correlated with one another and with the rest, one cannot hope to recover
the true model with high probability. We will therefore work, for the remainder of this paper, under the
assumption that the true model is identifiable, as quantified in Condition Identif stated in Section 2 above.
Recall that this condition only requires that the true variables be separated from on another and from the
rest, and it does not impose any restrictions on the variables placed outside the true set.

Detection of weak signals via /1 and /¢; 4+ /> penalized least squares in linear models.

We show below that if the identifiability condition is met, then we can recover coefficients with sizes
above the noise level n~1/2. The following result shows that, if the identification is to be performed at some
given confidence level §, the size of the signal will also depend on §. Moreover, it will depend on M, via a
logarithmic term: this is the price to pay for simultaneous identification of the true variables, among all M
possibilities. In what follows we will use the following tuning parameters, depending whether Y € {0,1} or
Y € R. Let 0 < 6 < 1 be fixed. Let K be an upper bound on k*. Since k* is unknown, one can always use the
conservative bound M. However, if in practical situations K is known, one can use it instead of the larger
bound M. Consider

2 n( 2EM

ro> 2 M, if Y €{0,1} (3.3)

n

or
In AK M In AK M

r > 4Lo o _v8L—2— if Y eR.

n

Proposition 3.3. For r given above we assume that
in | 3| > 2r.
min Bl = 2r

1) If Condition Identif is satisfied for d < & and 7 corresponds to the ¢1 penalized least squares estimate,
15
then 5
PI*Cl)>1-6— —.
(rehz1-5-4

(2) We assume, in addition, that max;er- ﬁ]*| < B for some B > 0. We choose ¢ = 5. If Condition Identif

2B

is satisfied for d < };‘g and T corresponds to the {1 + £y penalized least squares estimate, then
P(I*Cl)>1-6 0
_ iy M .

Remark. Notice that although Corolarry 3.2 is established under the weaker Condition Stabil, it only guar-
antees that P(I* C f) for the collection I* for which minjer- 37| > %rk*. In contrast, if Condition Identif
holds, we can detect variables corresponding to the set I* for which minjey- | ﬂj*| > 2r. This is a substantial
relaxation of the lower bound on the signal strength, which no longer depends on either the possibly large k*
or the possibly small b. Similar relaxations of the requirements on min;e;- ﬁ]*| have also been obtained by
[24] and [6], but for models in which I'* is assumed to be random, as discussed at the beginning of Section 3.

Proposition 3.3 above allows an immediate comparison between the selection properties of the Lasso and
the elastic net. Their behavior is almost the same, the only difference is in the restriction on the constant d:
slightly larger values of d can be allowed for the elastic net estimate. This translates into saying that if the
correlations between the true variables, and between the true variables and the rest are slightly larger than
what is allowed for the Lasso, then the ¢; + ¢ penalized estimate may provide an alternative . However, as
we noted in Section 2, although it would be tempting to increase the value of ¢, in order to allow for a larger

imsart-generic ver. 2007/12/10 file: honestselV108Nov6.tex date: November 13, 2008



F. Bunea/Honest variable selection 12
degree of correlation, this would result in not setting any components of the estimate to zero.
Detection of weak signals via ¢; and ¢; + /> penalized logistic regression.

The identifiability condition needed for linear models needs to be adjusted to the nature of the logistic
regression model, in a manner similar to that of replacing Condition Stabil by Condition LStabil. We impose
below a new condition: a weighted correlation matrix should exhibit the same type of separation we required
of the correlation matrix of the data. The weights depend on the link function. This perhaps comes with
little surprise: the correlation matrix appears explicitly in the expression of the least squares estimates in
linear models, and this is not typically the case for other models and estimates. We formalize this below. For
agiven 0 < 6 < 1, M and n, let

21og 2(M V n) 2log(24) 1
> (6+4v2)L\| ———— + 2L 3.4
roz (6+4v2) n + n +4(M\/n)’ (34)
log 2 1
€ = Sorve+ X,

where we recall that L is a common bound on the X;’s. Let d be as required by Condition Identif. Recall
that for such 0 < d < 1 there exists a 0 < b < 1 for which Condition Stabil holds, as specified in Lemma 2.1.
For this b define

M ALrk* 1
- R" : Y BiXyl < L1+ -
U a € 1IélaX la; — 2 B Xij] < - +L(1+ T)E ,

for s > 0 given in Theorem 2.4. The definition of U is justified by the properties of the estimates B dis-
cussed in Section 2, which have been proved under Condition Stabil and Assumption A. Let g(z) = e*/(1+¢€7).

Condition Lidentif. Let d be the constant required by Condition Identif. We assume that

d
P — (@:)Xi; Xix] < =1.
SR 20l £ 1)

Remark 1. We give a formal justification of this condition in the course of the proof of Proposition 3.4 in
Appendix A below. It is a natural condition that appears via a linearization of the likelihood function. The
term containing € in the definition of U is exponentially small, and can be essentially ignored for practical
purposes; its role is purely technical.

Proposition 3.4. Let r and € be as in (3.4) above and s > 0 as in Theorem 2.4. Let Assumption A hold.

(1) Assume that Conditions Identif and Lidentif are met with d <
b<1-—d(7T+e).If

m, for a set U corresponding to

1
in |87 > 3.5r+3(14 -
yeullglﬁjl 2 357 +3(1+ e,
and T corresponds to the {1 penalized logistic regression estimate then

P(I* C1I)>1-36.

(2) Let B > 0 be such that maxyer- |35| < B and choose ¢ = 2. Assume that Conditions Identif and Lidentif

are met with d < m%(‘:s_&), for a set U corresponding to b <1 —d(8 +¢). If

1
in 3] > 3. 14 =
min |G| = 3.57 + (1 + ~)e,

and T corresponds to the {1 + {o penalized logistic regression estimate then

P(I* CI)>1-—36.
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Remark 2. Notice that if g(z) = z is the linear link, Condition Lidentif becomes Condition Identif. Since e
is exponentially small, the requirement on the minimum size of the coefficients is essentially

in |B;| > 3.5
min |G| > 3.5r

~

As discussed in the remark following Proposition 3.3 above, Corollary 3.2 shows that P(I* C I) can
also be controlled under the less restrictive Condition Stabil, but in that case we can only recover sets I*
corresponding to the large signal strength min ¢z« ﬁ]*| > 54—ka* +(1+ %)6 In contrast, Proposition 3.4 shows
that we can detect weaker signals, however the correlation structure needs to follow the more restrictive
Conditions Lidentif and Identif. As discussed before, similar properties are valid for the elastic net estimate,
for an appropriate choice of the tuning sequence c. Refinements of this result, that replace the possibly small
constant s by a term close to 1 are possible, if instead of statements that hold with probability larger than
1 — 60 we consider statements that hold with probability converging to one. For this, one can use Proposition
2.5 and Theorem 2.6. Since these results are very similar to those above, we do not include them here, for
brevity.

3.2. Correct subset selection

The set estimates I of the previous section satisfy P(I* C T ) > 1 — 1, for an appropriate 7;. In what follows
we show that I also satisfies ]P’(f C I*) > 1—+y,, thereby guaranteeing that IP’(f =I*)>1—, for v1+v2 = 7.

3.2.1. Correct selection via the Lasso and the elastic net in linear regression models

Theorem 3.5. Let K be an upper bound on k* and take

9 n(2KM
r>2 M, if Y €{0,1},
or
1D.4I(A{ 1D.4I{A4
r>4Lo o _v8L—I  if YeR.
n
Assume that
in|g > 2
yeulr,}lﬂjL r

(1) Assume that Condition Identif is met for d < % If T corresponds to the {1 penalized least squares

estimator, then

. 5
=I)>1-3— —.
P(I=I)>1-30— -

(2) Assume, in addition, that max;cr- 35| < B for some B > 0 and choose ¢ = 5. If Condition Identif is

met for d = };g and T corresponds to the {1 + l5 penalized least squares estimator, then
PI=1")>1-36 Ll
= > i

Remark. Since k* is unknown, one can always take K = M. However, if in some instances one has a rough
idea of the order of magnitude of k*, one can use that value instead of the conservative bound M. The
remarks on the relative merits of the Lasso versus the elastic net from the previous sections apply here with
no change. R

Recall that the Lasso parameter estimates 8 may not be unique. However the set estimates I are unique,
for each given tuning sequence r. This result, which we prove in Appendix B, is needed throughout the paper
to ensure that the problem is well posed. We mention it again here, since it will be used constructively in
the proof of Theorem 3.5 in Appendix A.
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Theorem 3.5 has immediate asymptotic implications. It guarantees that /* will be consistently estimated by
I if M, the number of candidate variables is polynomial in n, i.e M = O(n¢), for some ¢ > 0. To obtain this
result it suffices to replace § by any sequence converging to zero with n. For instance, choosing 6 = 1/n and
restating the value of 7 in terms of order of magnitude we have the following corollary.

Bl =04/ lorgl"). Then, under the assumptions

Corollary 3.6. Letr = O(4/ lofi") and assume that minjcr-
(1) or (2), respectively, of Theorem 3.5 we have

lim P(I = I*) =1,

n—oo

for T either the £y or the 1 + €y penalized least squares estimator.

3.2.2.  Correct variable selection via {1 or {1 + {2 penalized logistic regression

In this subsection we show that the type of results that hold for ¢; or ¢; 4+ /5 penalized least squares continue
to hold for penalized logistic regression, under requirements on the correlation matrix that are tailored to
this type of loss function.

Theorem 3.7. Under the assumptions of Proposition 3.4 we have:

(1) Iff corresponds to the £1 penalized logistic regression estimate then

P(I* =1)>1- 5.

(2) Iff corresponds to the €1 + ls penalized logistic regression estimate then
P(I* =1)>1—-56.

The asymptotic implications of Theorem 3.7 are again immediate. If M is polynomial in n and for § = 1/n
we therefore obtain:

Corollary 3.8. Let r = O(/ 105") and assume that minjer- |37| = O(4/ 10‘2"), Then, under Assumption A
and the assumptions on the design required for (1) or (2), respectively, of Theorem 3.7 we have

lim P(I =I*) =1,

n—oo

for T either the {1 or the {1 + {5 penalized logistic regression estimator.

Remark. In the proofs of Corollary 3.8 and Theorem 3.7 above we invoked Theorem 2.4 of Section 2.3.1 and
therefore used its hypotheses. If instead one invoked the asymptotic result of Theorem 2.6, one could obtain
a version of Corollary 3.8 with Assumption A replaced by the conditions maxycr- 55| < B and rk* — 0.
For polynomially large M, the order of our tuning sequence is r = O( li’fﬁn). The condition rk* — 0 therefore

ﬁ on the size of the true model, for some positive constant C. In this

context, similar results, based on different arguments, have been independently obtained by [17], under the

slightly more stringent requirements k* < C' (%)1/ 3 and minge- 85| > k%, but under slightly more relaxed

conditions on the weighted matrix of the design.

places the restriction k* < C

4. Conclusions

The scope of this paper is to offer finite sample, non-asymptotic, benchmarks on the performance of the Lasso
and the closely related elastic net methods for variable selection in logistic and linear regression methods. We
showed that the methods can be used for correct variable selection in identifiable models, where we defined
identifiability via Condition Identif and Condition Lidentif. The added requirement for correct selection,
versus good prediction, is on the size of the signal strength: we can detect coefficients larger than a small
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constant multiplied by the tuning parameter of the ¢ penalty. This tuning parameter is a function of n, M
and the level of confidence, §. The size of the tuning parameter has to be larger than the noise level, typi-
cally of order in, up to factors that are logarithmic in M and %. Our contribution can be detailed as follows.

Lasso and the elastic net in linear regression. The properties of the /1 penalized least squares in regression
models are becoming well understood, while those of the ¢ + £5 penalized least squares have not been in-
vestigated from this perspective. We complemented the existing results on the Lasso estimates by providing
a refinement of assumptions. We showed in Section 2 that the ¢; penalized estimates belong to sparse ¢
balls under Condition Stabil, also proposed in [2]. We included a full proof of this result to facilitate the
comparison with the elastic net estimates, which allow for a slightly higher degree of correlation between the
X variables than the one permitted by the Lasso estimate. We discussed in Section 2 the precise interplay
between this degree of correlation and the choice of the tuning parameters. If the tuning parameter of the ¢y
term is smaller than the tuning parameter of the ¢; term, this estimator is also sparse: it belongs to a sparse
£ ball centered at the true value and can be used to recover the true coeflicient set I* with high probability.
However, care must be taken when using this estimate: if the tuning sequence accompanying the extra £y term
is too large we would essentially have a ridge regression estimate, and no variable selection will be performed.

In Section 3 we provided a non-asymptotic analysis of the subset selection problem in linear models, which
complements the existing asymptotic results. We showed that the signal detection boundaries suggested by
previous asymptotic analyses can be relaxed. In the works of [21] and [3], which investigate aspects of
selection consistency, the minimal signal strength is required to be n’%w, for some 6 > 0, up to unspecified
and possibly large constants. The work in [3] requires Condition Identif from Section 2 above. In [21] a less
restrictive assumption on the design matrix is imposed, namely the irrepresentable design condition, which
is almost necessary and sufficient for the sign consistency of the estimators, which implies consistent subset
selection. The work of [14] uses a coherence-type condition similar to our Condition Identif, which is shown
to be a sufficient condition for the sign consistency of a further thresholded Lasso estimator. The price to pay
is a stronger requirement on the minimum size of the detectable coefficients: this size depends on sequences
involved in the definition of their coherence condition and k*. These requirements are similar in spirit to
those discussed in our Corollary 3.2 above, and share similar drawbacks.

We showed here that if one concentrates directly on the study of P(I = I'*), instead of sign consistency, and
studies the original (untruncated) Lasso estimator under Condition Identif, one can relax the requirement on

21n(2242)

min;er- ﬂ]*| We showed in Theorem 3.5 that one only needs min;¢y- ﬁj*| be larger than , up to
small constants independent of the design. For M polynomial in n and the choice § = 1/n one can therefore

detect, with the untruncated Lasso, coefficients of order O(y/ loi ).

Lasso and the elastic net in logistic regression models. We showed in this article that the ¢; and ¢1 + {5 pe-
nalized logistic regression estimators have features that are similar to ¢; and ¢; + {5 penalized least squares
estimators, but the study of the estimates depends on conditions on a weighted correlation matrix of the data.

The predictive performance and adaptation to unknown sparsity of the Lasso penalized estimates in gen-
eralized linear models received very little attention, with the notable exceptions of [19], [26] and [11] in
regression and classification. Here we revisited some of these issues, and showed that the ¢; penalized logistic
regression estimators, as well as the elastic net estimates belong to sparse ¢; balls under the weaker Condi-
tion Stabil. The size of the radii of these balls can be improved asymptotically under Condition LStabil. We
also showed that the £; 4+ ¢> penalized logistic regression estimators, which have not yet been investigated,
exhibit the same adaptation to unknown sparsity as the Lasso estimates, for appropriate choices of the tun-
ing parameters given in Section 2.3. We showed in Theorem 3.7 that, similar to linear models, ¢; or ¢1 + {5
penalized logistic regression can be used to estimate I* with very high probability. The difference is in the
conditions on the correlation matrix, which need to be adapted to the nature of this model, as in Condition

Lidentif. The size of the coefficients that are detectable via this method is also of the order O(4/ long), where
the constants involved in this bound are independent of the design or sparsity level.
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Appendix A

< M. For ease of

Proof of Theorem 2.2 Let X; be the M dimensional vector with entries X;;, 1 < j
notation, let r,, a7(0) = r. By the definition of the estimator, and with W; =Y; — E(Y;|X;), we obtain

i=1

_ 1 n N M N 9 M M N
(6*B)’{nzxéxi}(ﬂ*ﬂ)SZIﬂ;‘ﬂjl{n }+2T25;|27"Zﬂjl- (4.1)
i=1 j=1 j=1 j=1

Define the event

%ZWiXij

i=1

< r} . (4.2)

Notice that on the event A display (4.1) yields, via simple algebra, that
S8 -B51<3Y 18- 5.
jer- jerx

Therefore, on the set A we have B, 0* € V, with V defined in (2.1), for e = 0 and a = 3.

Adding T|B— B*|1 to both sides of (4.1) and re-arranging the terms we also have

(8"~ B)’ {;szxi} (B* = B)+riB =B < 4r Y |67 — Byl- (4.3)
i=1

jerI*
Using the Cauchy-Schwarz inequality in the right hand side of the inequality above, followed by an inequality
of the type 2uv < au® + v?/a, for any a > 1, we further obtain

% -~ 1 " * 2 ) * 27.% 1 * 232
(B —ﬁ)'{nzxéxz} (8" = B) 470 = F7h < dark” + — Z(ﬁj - B)°
i=1 jer*
Since B — * € V we can invoke Condition Stabil and, by taking a = 1/b, we obtain, on the set A, that
) * 4 *
G-l < yrk

To conclude the proof we determine now r = r, pr(9) such that P(A°) < 4. If Y € {0,1} we use Hoeffding’s
inequality to obtain

M n
2
P(AS) <D P2 W Xi|>r]| <2M —nr?/8), 4.4
( )_; (‘nZ; g_r>_ exp(—nr/8) (4.4)
and the choice
2 1n(2M4
Tn)M((S)ZQ M
n

guarantees that P(A¢) <. If Y € R we use Bernstein’s inequality to obtain

n

%ZWiXij

i=1

nr? nr
> 1") <2M <exp(16L202) + exp(SL)) , (4.5)
and the choice
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In4M 8 4M
raat(8) > ALoy | 0 v 21 20
n

n g

guarantees that P(A€) < 4. This concludes the proof. B

Proof of Theorem 2.3. Using the definition of the estimator, the fact that max;e;-
choice of ¢ = 55 we obtain, on the event A, that

STUB -8 <a> 1B - Byl

JjEr- jer*

5]*| < B and our

Therefore, on the set A we have 37 0* € V, with V defined in (2.1), for e = 0 and a = 4.

We use the same reasoning as in Theorem 2.2, and invoke Condition Stabil to obtain the analogue of display
(4.3). The only difference is that we complete the square generated by the f5 part of the penalty:

DY (B B2+ Y (B =B HrlB -5l <20 BrB - By +4r S (B - Bil, (4.6)
JjeI* JjerI* JjeI* jeI*

and so, under the assumption that max;ecr-

5]*| < B and our choice of ¢ = 55 we obtain, for any a > 1

* a2 a2 * * 1 * A
(b+0) D (B =B 47l =B < 4250k + — 3 7 (8; — 5%, (4.7)
JEI* JEI*
and the remaining part of the proof is identical to that of Theorem 2.2, if we now choose a = ﬁ |

Proof of Theorem 2.4 Recall that we denoted the logistic loss function by
UB) = 1(Byz,y) = —yB'z +log(1 + exp f'z),
and the associated risk by PI(3) = El(f;Y, X). We also denote the empirical risk by

PG = YZ@%H%lme@U

i=1 j=1

With this notation and letting r = 7, a/(0), the estimator satisfies, by definition

P,l +27~Z|ﬁj|<1@ +27‘Z|ﬁ|

Jj=1

By adding and subtracting P(I(3) — [(8%)) +r ZJ 35— ;| to both sides and rearranging terms we obtain

B- T +P(1B) - 18Y) < (Ba—P) (18 —1B)) +71B - 8" (48)
M M _
+ 2y 18— 20 ) 1B
j=1 j=1

bt ® — P)US*) - U(5))
B O T e
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Notice first that if we change the ith pair (X;,Y;) while keeping the others fixed, the value of L,, changes
by at most %, where L is a common bound on all Xj;;. To see why, recall that P, = %E?:l 0x,.y, is
the empirical measure putting mass 1/n at each observation (X;,Y;). Let P/, be the empirical measure

P, =1 (E?:_ll’#l 0%,,y, + (Sxi,yl/) corresponding to changing the pair (X;,Y;) to (X},Y/). Then

n

(P = P)(U(B") = U(B)) _ (P, = P)(U(B) = U(B))

18— B +e 16— B +¢
_ LUET Y, Xa) = 1B Y, Xy) — (BT Y], XG) + 16 Y], X))
n |8 =B +e
4L |B =B 4L
< n7|ﬂ—ﬁ*\1+€§ = (4.9)

where the inequality follows immediately by a first order Taylor expansion and the assumption that all X
variables are bounded by L. Therefore we can apply the bounded difference inequality (e.g. Theorem 2.2,
page 8 in [7]) to obtain that

2
nu
Thus, if we take
2log +
u> 2Ly 2285
n

we have

P(L, —EL, >u)<§

We will use Lemma 3 in [26] to obtain a bound on L,,. We re-state it here for ease of reference, adapting it
to our notation.

Lemma 3, [26]. Let J, be an integer such that 27+ > n. Then, if L, defined above corresponds to a Lips-
chitz loss and the components of X are bounded by L, with probability one, then EL, < Ci4/ w +

CQQ(MJW, where C1,Cy are positive constants depending on the Lipschitz constant and L.

Our loss is Lipschitz in ¢ = @'z, with constant 2. Also, inspection of the chaining argument used in the

proof of the Lemma shows that we can take J, = (M Vn) and € = 2(1\14%% x L. Therefore, by making the

constants precise we obtain

2log2(M V n 1
g 2( )+

EL, < 6L .
- n 4(M Vv n)

Define the event
E={L,<r}. (4.10)

From the previous displays we then conclude that if

2log(1
> 61 210g2(M\/n)+ 1 0g(5)

then P(E) > 1— .

Since P (l(ﬁ) — l(ﬁ*)) > 0, by the definition of 8*, display (4.8) yields
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M N M N M M ~
rY 1B =B < D 2wIB = B+ > 2Bl = > 2r|By| + e
j=1 j=1 j=1 j=1

IN

M N M M M _
20 1B+ 2r Y 1B+ 2r Y 181 2r|B] + re
j=1 j=1 j=1 j=1

4r|B*|1 + re,

IN

on the set E. Therefore, if Assumption A holds, we obtain

M
> 18— B 4D+ €< 5D, (4.11)

Jj=1

where we used the possibly conservative bound D on € to keep the exposition clear.

By Example 4.5 in [18] we have PI(8) — PI(5*) > ||gg — gp~||?, where gg(x) = % and || || is the
Lo norm with respect to the distribution of X. A first order Taylor expansion gives gg(x) —gp(z) =

%(]‘5(@ — fg«(x)), where fz(x) = B’z and 'z is an intermediate point between Bz and B*z.

Let A =6LD, and let s = (1 + e4)~*. Then, since Assumption A and (4.11) hold, we have Hgg— gp-|* >
sl 5 — eI

Thus, on the event E, display (4.8) further yields

M
r> 1B = 851+ sllfz — fo

j=1

IA

M
> 2|3 - 5] (4.12)
j=1

M M _
+ Y 2B =) 2r|B] + e
j=1 j=1

4Zr|3j—ﬁ;|+re.

jer*

IN

Via simple algebra, display (4.12) yields
DB =B51<3) 18 - Bfl +e
JEr- JerI*
on the set F. Therefore 5 — (* € V, for the set V given by (2.1) of Section 2, with = 3 and € as in the

statement of the theorem.

Let vi; = EXp X, fOE k,j € {1,...,M} and let T be the M x M matrix with entries 74;. Notice that

||f§ — fa<||? = (B* — B)'T(B* — B) and so, using a reasoning identical to the one used in display (4.3) of
Theorem 2.2, we further obtain

M
rY 1B = Bl +s(8° = B)T(B" = B) < 4ar’k* + 1 Y (B = B;)7 +re
j=1 JEI*

Since on the set E we have 5 — 0% € V, we can use Condition Stabil. The condition implies that (8* —
B)T(B* = B) > sbY_,er-(B; — B;)* — € and so
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M
P 1B = B+ sb Y (8 — Bj)? < dar’k” + é B - B)*+ (r+ e (4.13)
Jj=1

JeI* JEI*

Taking a = 1/sb we obtain, on the set E, that

M
~ N ark* 1
;Iﬁj — Bl < -+ (14 e

Since we have shown above that P(E) > 1 — 4, the proof is complete. B
Proof of Proposition 2.5.

First notice that on the event F defined in the previous theorem, display (4.8) yields

P(1B) —1(57)) < 4rlB7 + e

Then, the assumptions of this proposition imply that the righthandside of the above display converges to
zero with n and so we have that for any ¢ > 0

P (|P((B) - UB") 2 v) =0, (4.14)
since P(E°) < §,, — 0.

Observe that PI(3) = PxPyx!(), where we regard the expectations as being taken with respect to a pair
(X,Y) independent of the sample. By the definitions of the loss [ and p(x) we have

Py x=.(8) = log(1 + %) — p(z)3'z.

Let & > 0 be arbitrary, fixed. Simple algebra shows that if sup, |§’9: — [f*x| > 6 then IP’Y|X:CL.Z(/§) >

Py | x=[(5%), for all z, and so there exists 9o > 0 such that P(I(3) —(8")) > ¥p. Then

P <sup |8z — 3z > 9) <P (IP’(Z(B) —1(B) > 199) —0,
where the convergence to zero follows by (4.14) above. This concludes the proof of this proposition. B

Proof of Theorem 2.6. The proof differs from the proof of Theorem 2.4 above only in the way we obtain
the lower bound on P(I(8) — {(6*)). For quantities defined in the discussion immediately following display
(4.11) above we write

exp(f'z)

1+ exp(B*'x)
(1 + exp(f'z))? (7

() (3@ o))

(#50) = for () = expe - 57 (

exp B”')

where we recall that 4z is an intermediate point between B’ x and %z and that we defined p(z) = Trop@7D)"

Let 6 > 0 be arbitrarily close to zero. Let Ag be the set for which

sup |B’x — "z <0,
€T

and recall that, by Proposition 2.5 we have P(4g) — 1. On the set Ay we have

« 2
L+ exp(d 'x>> St

exp(f'z — "'x) ( 1+ exp(f'x)

imsart-generic ver. 2007/12/10 file: honestselV108Nov6.tex date: November 13, 2008



F. Bunea/Honest variable selection 21

for all  and with w arbitrarily close to 1. Let I'y be the matrix with entries Ep(X)(1 — p(X)) XX}, for

2 > w(B* — B)'T1(8* — B). Invoking condition LStabil

we obtain (* — 8)'T1(8* — B8) > wb Zjel* (Bj - ﬁ;‘)Q and the rest of the proof carries on unchanged, with
results holding now on the set AgNE. A

k,j€{1,...,M}. Therefore, on Ay we have ||g§—gﬁ*

Proof of Theorem 2.7. The proof is identical to the one of Theorem 2.4 above, up to the following display

M M M
P 1B =Byl > (B =B +ed o> B <ar Y18 — Bl + (r+ e
Jj=1 j=1 j=1

Jjerx Jjerx
To arrive at this display we observe that the elastic net satisfies
D18 =B <4 18— Bl +e
jeI= jers

and so B — (* € V, for the set V given by (2.1) of Section 2, with & = 4 and € as in the statement of the
theorem. Therefore the use of Condition Stabil in the derivations above is valid.

For the remaining of the proof we reason as in Theorem 2.3 above. We complete the square in the left hand
side of the inequality above and invoke the assumption max;ey- ﬁj*| < B to obtain

M
rY 1B =Bl 4sb Y (B =B +ed (B —8;)7 < Ay 1B = Bil+ (r+1)e
j=1

jeI* jerx jerx

+2eB Y18 - B,

Jer*

which immediately implies, by choosing ¢ such that 2¢B = r, that

M
PSR = B4 (b4 0) SO (B - B < 2x 250 S 1B — Bl + (r + De.

j=1 jer~ JeI*

Then, we use again the Cauchy-Schwarz inequality followed by 2y < az? + y?/a to obtain

M
rY 1B = B+ (sb+0) Y (87 =557 < (25)%ak™r? + 1 S8 =B+ (r+ De.

j=1 jer~ jer*
Choosing now a = #Jrc gives, on the event E defined in (4.10) above
M
~ 4.25r 1
-G < E*+ (14 —)e
;Wj 6J|_sb+c ul Jrr)g

Since we showed in the proof of Theorem 2.4 that P(E€) < §, this completes the proof. B

Proof of Proposition 3.3. Recall that we denoted the cardinality of I* by k*. First observe that by the
definitions of I and I'* and by the union bound we have

P(I* ¢ 1) < ]P’(k¢ff0rsomek€[*)
< ]P’(Bk:OandﬁZ7éO, forsomeké[*)

< k iré&;gP(ﬁk:Oandﬁk#O).

imsart-generic ver. 2007/12/10 file: honestselV108Nov6.tex date: November 13, 2008



F. Bunea/Honest variable selection 22

We first show that P(I* C 7 )>1-0— % for the ¢; penalized least squares estimator. It follows immediately

from Lemma 4.1 in Appendix B below that if Bk = 0 is a component of the solution B then

n M

%Z Yi—Z@‘Xij Xir| < 2.
i J

=1 =1

Therefore
PI* ¢ 1) < k géalglp(ﬁk — 0 and G ;Ao)
2 n M N
< k¥ max P - Zl[Y; - Zlﬂinj]Xik <2r; By #0
1= j=
2 — ~ 2 —
K max P %@+n§:w¢&k+§:m, @XnE:XﬁXm)72r
i=1 j#k i=1
* * 1 - n * 1 -
< Kmax PG| - |EZWiXik| — 1> (B =B D XyXu) <r
i=1 j#k i=1
. 1 & ~ il = .
= k max P |EZW’L'XU€| +Z|ﬁj _ﬁjHﬁZXiniH > 1Bl =1,
=1 =1

7k
where the penultimate inequality follows by the triangle inequality |a+b+c¢| > |¢|—|a| —|b|. Under Condition
Identif and since minje - BJ*\ > 2r we further obtain

7 1 ~ rk*
P(IrrglIl) < k* Pl|- Wi Xi| >r/2 kP — B > .
(I"g 1) < k max (In; i zkl_r/>+ <|ﬁ 61_2d>
We argue exactly as in the course of the proof of Theorem 2.2 to bound the probabilities above. We use
either Hoeffding’s inequality, for Y € {0,1} or Bernstein’s inequality, for Y € R to bound the first term by

112*1\(/51 < %, for r given by (3.3). Similarly, for this choice of 7, we have

~ drk* 1)
e (B-ohz ) sk x g <o

for a constant b for which Condition Stabil holds. By Lemma 2.1 in Section 2, Condition Identif implies
Condition Stabil with b =1 —7d. Notice that for this value of b we have 1/2d > 4/b for d < 1/15, as required
in statement of this theorem. Therefore, combining these results we obtain

P(I* ¢ I) < TR

We establish now similar results for the ¢; + {5 penalized least squares estimator. By the characterization
of a zero component of the solution, given in Lemma 4.3 in Appendix B below, we also have

. 2 & Mo

P(I* < z - XX < *

( SZI) —]P) nZD/l ZB]XU]XHC _27", ﬁk #0 )
=1 Jj=1

and so the proof is identical to the one above. The only modification is in terms of constants: in this case

Condition Identif implies Condition Stabil with b = 1 — 9d. From Theorem 2.3 we obtain for the choice of r
given by (3.3) that

_ 4950k*\ 6
P(ﬁ—ﬁ*hz T)<

b+ec ) K
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As above, we note 1/2d > 4.25/(b+c) for d < 12<. Invoking now Theorem 2.3 with these constants concludes
the proof. B

Proof of Proposition 3.4. As in the previous proof, recall that we denoted the cardinality of I* by k* and
that

P(I* ¢ )

IN

]P’(k;¢ffor somek‘el*)

k max P(ﬁkzoandb’k#O).

IN

We begin by establishing the result for the £; penalized estimator. By Lemma 4.1 in the Appendix below it
follows that if 8y = 0 is a component of the solution § then

Mo
1 & ex B X 1 &
*ZX‘ p2371ﬂj~3 —*ZYiXik

ik M S 2r.
nia I +exp Zj:l BiXi; "

Let now

zn: { exp Zjl\/il Bi Xy B epoﬁil B; Xij }
1 —|—€Xp ZJ]Vil BJXZ] 1 —i—eXpEj]Vil BjXU
Then, since Y; =Y; — p(X;) + p(X;) =: W, + p(X;), where p(X;) is given by (2.4), we obtain:

=1

1 n
Sn— > WiXix

i=1

* 7 < *
P(I*¢Z 1) < kgg})ﬁﬂ”(

< 2r; 52#0)

Define

M N 1 n
= Z(ﬁj - B7) (n ZXinik> -

j=1
Recalling that % Dy Xiz,C = 1 we obtain, for every k € I'*, that

1 n
P(Sn—Bn+Bn—ZWiXik < 2r; 5;7&())
ni:l
1< .
< ]P’<|Bn|—|Sn—Bn|— EZ;WiXik < 2r; ﬂ;ﬁéO)

LS Wi

=1

<2r

* 7 * 1 -
= P \5k|*|2(ﬂj*5j)EZXinik|*|Sn*Bn|*
i=1

(i)

1 n
75 WiXik| >
n
=1
S5 - BIIE S XXl > (1 Dy
J fi n & ijrik 2 r

M

r 1
P —B,| > = 1+ -
(lsn n|— 2+( +1")6)’

where the last inequality follows from the assumption that minjer- |35 > 3.57 + 3(1 + 1)e. We bound the
first term above using Hoeffding’s inequality:

1n
p<
n:

> Wik

i=1

5
> r/2> <o (4.15)
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. . . 2log(2M
since, in particular, r > 2L %.

If Condition Identif holds, we can bound the second term of the last inequality of the display above by

P (IB— Bh > er; +(1+ i)e) < %, (4.16)

as in Theorem 2.4, if ﬁ > 57 with b given by Condition Stabil. By Lemma 2.1, Condition Identif implies

Condition Stabil with b =1 — d(7 + €), and so the restriction on d is d < o ¢

It remains to bound the term P(|S, — By| > 5 + (1 + 1)e. For this, let g(z) = €/(1 + €*) and notice that
Taylor’s formula gives g(u) — g(v) = ¢'(a)(u — v), for a point a between u and v, where 0 < ¢'(a) < 1.
Therefore

n

M
~ 1
|Sn - Bnl < Z WJ - 5;”% Z(l - g/(ai))XinikL (4'17)
=1

i=1

. . M 3 M .
where a; is a point between ijl B3;X;; and ijl B Xij, for each 4, and so

M M
jai — Zﬂ;Xij| < LZ |8 — B;l, for each i.
=1

Jj=1

Let

M ~
Gn=4> 18 =551 <

j=1

4rk* 1
14 =
sb +(1+ r)e)

Therefore, by Theorem 2.4, for b chosen as in the discussion following display (4.16) above, we have
B(G5) < 6.

Notice that on the event G,, we have

M
. 4rLk*
|ai*25sz‘j|§ b

1
+ L(1+4 -)e, for each i.
s r

j=1
This justifies the definition of the set U in Condition Lidentif.
Combining the results above with (4.17) we obtain
r 1 M 1 & r 1
* /
P (|5n —Bal 2 5+ (1+ 7ﬁ)d€)> < P jz:; 18; = G5l ;(1 = 9'(a)) Xy Xix| 2 5+ (1+ ")e ) Gn

+ 4.

Note that if Condition Identif and Lidentif both hold for d/2 then

I d
‘ﬁ ;(1 —9'(a;)) Xij Xix| < el
Thus, if d < m, and with b chosen as in the discussion following display (4.16) above we have
r 1 é )
P(IS, — Bn|> =+ (14 2)de) | <P(GENG,) + — = .
(150~ Bl = 5 + (14 Hag)) < PGz G + 7 =
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Therefore, collecting the bounds above, we obtain

K0 55,

P g <> <

The result for the £; + f3 penalized estimator follows in an identical manner. By Lemma 4.3 in Appendix B
below, if 8 = 0 is a component of the solution (3 then
n

v o~
1 Sy exp )iy B X

- liY;Xik < 2r.

ik M S
i Ltexp) ;m B Xy i

Therefore the remainder of the proof is identical to the proof above, if we invoke Theorem 2.7 instead of
Theorem 2.4. B

Proof of Theorem 3.5. In light of Proposition 3.3, it is enough to show that IP’(IAQ I*) > 1— 26, for both
the ¢1 and ¢1 + £5 penalized least squares estimators.

~

We begin by showing that P(I C I*) > 2§ for the ¢; penalized estimate. Let

- %Z{Yi = X 2 Y gl
=1

jeI* jeI-
and define
= argmin h(u). (4.18)
HERK
Let

B:ﬂ Z ZMJ i | Xik| < 2r

k¢I* jer*

Let, by abuse of notation, 7i € R be the vector that has the components of /i in positions corresponding to
the index set I* and components equal to zero otherwise. By standard results in convex analysis, e.g. Lemma
4.1 in the Appendix B below it follows that, on the set B, [ is a solution of (2.2). Recall that /3 is a solution
of (2.2) by construction. Then, by Proposition 4.2 in Appendix B, any two solutions have non-zero elements
in the same positions. Since, on the set B, Bk =0 for k € I*° we conclude that I C I* on the set B. Clarify
like this. By definition 3 # 0 for k € I. By construction, iy # 0 for k € S C I*, for some subset S. By
Proposition 4.2 in Appendiz B, any two solutions have non-zero elements in the same positions, therefore
I=5C1I*" onB. Hence

P(I ¢ I*) < P(B°) ZIP’ |*Z i—Zﬂinj]Xik|22r

k¢I* i=1 jeI*

SDORIE DS AR AR SR (D SITEIED e S AR
k¢I* k¢I* jeI* i=1
M n

< ZP<1|ZWZ'X1‘I€|Z;>+ZP |Z(ﬁj ZngXm Zg
=1 \" = kgls  \ jel* i=1

< e 3|§:W-X.|>f TS DN P

= n v ik Z 2 M = 2 )

k=1 k¢TI jerx
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where we used Condition Identif to obtain the last inequality. Recall now that if Y € {0,1} the choice

21n(2)

9

n

guarantees, as in display (4.4) of the proof of Theorem 2.2, that

M 1 n r
- X > = | <.
e (S wnuzg) <

Repeating now the proof of Theorem 2.2, with B replaced by i and using only the variables corresponding
to I'*, we obtain

. . rk*
|H*ﬂ |1 =94
on the set
A1: n { gile <T}.
, n 4 =
Jjer* =1

By Hoeffding’s inequality

P(AS) < 2k* exp(—nr?/8),
and the choice
2 ln( 2k* ]M)

)

Tk () > 2 (4.19)

n
implies that P(A§) < §/M, which in turn implies that

SE( S -sz ] <a

k¢l jeI
Here we used again the fact that, by Lemma 2.1, Condition Identif implies Condition Stabil and then rea-

soned as in Proposition 3.3 to conclude that the analogue of Theorem 2.2 can be used, for d < %

The same conclusion holds if Y € R, by invoking Bernstein’s inequality as in (4.5) and corresponding value
of r from the statement of this proposition, instead of Hoeffding’s inequality.

Of course, the choice in (4.19) is not implementable, as k* is not known in practice, and we can always
replaced it by a known upper bound, or the conservative bound M. This completes the proof for this part
of the proposition.

It remains to show that IP’(IAQ I*) > 1 — 26 for the ¢1 + {5 penalized estimate. We reason as above and let
1 n
m(p) = ;Z{Yi = X 42r Yl ey,
i=1 jer* jer* jer=
and define

= argminm(u). (4.20)
pERE”

Then, by Lemma 4.3 in the Appendix B, b= (11, 0), where 0 is a vector corresponding to indices in T*°, is a
solution of (2.3) on the set

B = m izn; Y;_Z/I;JXU Xkl < 2r
i=

kel*c jeI*
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Recall that ﬁ is a solution of (2. 3) by construction, and that by Lemma 4.3 in the Appendlx B, the solution
is unique. Since, on the set B, by = 0 for k € I*¢, by construction, and ﬁk =0 on IC by definition, we
conclude that I C I* on the set B. Therefore the proof is identical to the one above, where we now invoke
Condition Identif with d < };”g and the analogue of the proof of Theorem 2.3. B

Proof of Theorem 3.7. By Proposition 3.4, it is enough to show that P(I C I*) > 1 — 2§ for both the ¢
and ¢ + {5 penalized estimate.

~

We begin by showing that P(1 C I*) > 1 — 20 for the ¢; penalized logistic regression estimate. Let

1 n
H(p) = = A=Y X + log(1 + exp ' Xp)h+2r 3 |,
=1 Jjer+

and define

= argmin H (u). (4.21)

HERK"
< 27"} .

Let, by abuse of notation, 1 € RM be the vector that has the components of i in positions corresponding
to the index set I* and components equal to zero otherwise. By standard results in convex analysis, e.g.
Lemma 4.1 in the Appendix below it follows that, on the set By, i1 is a solution of (2.2). Recall that § is
a solution of (2.2) by construction. Then, by Proposition 4.2 in the Appendix B, any two solutions have

k
14 exp Zje[* 1 X5

Blzﬂ{

kgl

1 eXPjer- HiXij 1
sz jer i _f;nxik
7 =

non-zero elements in the same positions. Since, on the set By, ﬁk =0 for k € I*® we conclude that I C I*
on the set B;. Hence, reasoning as in Theorem 3.5 above

P(I ¢ I") < P(BY) (4.22)
< ZP<|ZWX11€|>T>+ ZP Z‘Uy ﬂ | Zg @ XZ]XZk

k¢I= kg¢r+  \jel*

1 < r ~ LTS r

< Zp<n|ZWiXik|Z2>+ SR | - Bl EZQ'(%)X Xik| 2 5

k=1 i=1 k¢TI jer- i=1
< 54+ Y P Y-8 =rkt/2d

kgl*  \jeI*

< 0+ D P D I Bl =k 2d 0Dy | 4+ ) B(DY)

k¢ I jer- rye

where, as in (4.15), we used Hoeffding’s inequality to bound by 4 the first term, we used Condition Lidentif
for the second term, and where

~ o Ark® 1
Dy= 8 i =B <~ + (14 e,

. sb
jer*

with b=1—d(7+ ¢) and
_ log2 1
€= 9(Mvn)+1 X r

Notice that by the definition of € and r, and since 0 < b, s < 1, we always have (14 + )e < Tk . Thus, for our
choice of d, we have rk*/2d > 42’;* + (14 1)e. Therefore

imsart-generic ver. 2007/12/10 file: honestselV108Nov6.tex date: November 13, 2008



F. Bunea/Honest variable selection 28

M
PIZI) <6+ Y P(D,NDS)+ Y PDS) =0+ > PD) <d+ Y PDS).
kg I* ke¢I* kgl k=1

Repeating now the proof of Theorem 2.4, with B replaced by j1, where we are now using only the variables

corresponding to I* we obtain that

4, 1
|ufﬂ|1<grk +(1+;)e

on the set

e e e
Az{ﬁeu&e* |6 —B*|1 +e = }7

where, as in Theorem 2.4, we can show that P(AS) < §/M, for our choice of r. Therefore

P(I ¢ I*) < 2.

It remains to show that the result above also holds for the ¢; + {5 penalized estimator. Define

n
M(p) = %Z —Yi > piXij+log(L+exp Y piXig) o +2r Y il +c > pl,
=1

jel jer JEI* jeI*
and let

= argmin M (). (4.23)

HERKT
< 27’} .

Let, by abuse of notation, z € RM be the vector that has the components of i in positions corresponding to
the index set I* and components equal to zero otherwise. By standard Lemma, 4.3 in the Appendix B below
it follows that, on the set By, v is a solution of (2.2). Recall that § is a solution of (2.2) by construction.

Also by Lemma 4.3 in the Appendix B, the solution is unique. Since, on the set By, 8, = 0 for k € I* we
conclude that I C I* on the set B. Therefore the remainder of the proof is identical to the one above. H.

Let

1 & exp Y ey i Xij 1 &
ZX szej M J _EZY;XU@

By = m { - ik ~
k%[* n i=1 1 + exXp ZjEI* 'LL]XZ] i=1

Appendix B
4.1. Properties of €1 penalized least squares and logistic regression solutions

The solution of the ¢; penalized optimization problem may not be unique. However, in this case, all solutions
have zero elements in the same positions, as we show below. We denote by Y = (Y1,...,Y,) and by X the
n x M matrix with entries X;;. We let L(8) = L(X,); ) be a function depending on the data and a
parameter 8 € RM. Let

M
f= arg min L(5) + A > 1Bl = arg min £(5), (4.24)

j=1

for some fixed A > 0. Let S be the set of indices corresponding to the non-zero components of a solution 3 :

S={k: B #0, 1 <k < M}.
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Lemma 4.1. If L is differentiable in 8 and if for any minima 3, 3(®)

OL(BY)  oL(B?)
;9B

then all B satisfying (4.24) have non-zero components in the same positions .

foralll1 <j< M, (4.25)

Proof. We recall that for any convex function f : RM — R the subdifferential of f at a point 3 is the set
Dg={weRM: f(u)— f(B) > (w,u— B)}. For the function f defined in (4.24) this becomes

Ds={weRM: w=VL(B) + \},
3 (5)

where VL((3) is the M-dimensional vector having as components and v € RM is such that

v, = 1, if ﬁj >0
v = —1, if ,Bj <0
Uy € [71, 1}, lf /Bj =0.

By standard results in convex analysis, 5 € RM is a point of local minimum for a convex function f if and
only if 0 € Dg, where 0 € RM,

Therefore, (3 satisfies (4.24) if and only if
’3L(ﬁ)
0B,
and so the index set S of non-zero components of a solution is given by
OL(3
IS
0p;
Therefore, if (4.25) holds, S is the same for all solutions. H

‘:)\|v, forall 1<j<M,

Sz{lﬁjSM:

Proposition 4.2. Let L correspond to either the least squares or the logistic criteria. Let 5V and 5 be
two minima of (4.24). Then:

(1) X(BNV) — B2 =0, for either estimate.

(2) All solutions of (4.24), for either estimate, have non-zero components in the same positions.

Proof. The proof uses simple properties of convex functions. First, we recall that the set of minima of a convex
function is convex. Therefore, if 3() and 5(?) are two distinct points of minima, so is pG™") + (1 — p)3?), for
any 0 < p < 1. Re-write this convex combination as 5% + pn, where n = (1) — 3(2). Then, recall that the
minimum value of any convex function is unique. For clarity, we argue separately for the two estimates.

{1 penalized least squares. By the above arguments we have that

1 n B 2 M B
Flp) = =3 {¥i= (39 + oy X} + 2215 + pmi| = c. (4.26)
j=1

=1

where ¢ is some positive constant, for any 0 < p < 1. By taking the derivative with respect to p of F(p)
above we obtain

n M M

n M n M
*%ZK’(ZWXM)JF%Z O niXi) Zﬁy i5) %pz mXi)2+ A msign(B) +png) = 0
=1 j=1

=1 j=1 =1 j5=1 j=1
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Since the function a + bp is continuous in p then, on a small neighborhood U of p the sign of B](.2) + pn;, for
each j, will be constant. Therefore, on U, the first two and the last term of the display of above are constant
with respect to p. Denoting the sum of these terms by C' we have

npzn:zm Xij) 24 C=0, forany pel.

By taking again the derivative with respect to p we obtain that Xn = 0, which is the result stated in the
first part of this Lemma.

{1 penalized logistic regression. We argue as above that the value of the function GG below evaluated at a
point of minimum is constant, and we evaluate it at a convex combination of two minima, as before. Thus

n

M
G(p) = ~ > {—Yi(ﬁ(Q) + pn)' X; + log(1 + exp (3@ + pn)’Xi)} +AD 1B + oy = ¢, (4.27)

n“ -
i=1 Jj=1

for some positive constant ¢ > 0. Reasoning as above, we can take the derivative of the above function twice,
with respect to p. Then, on a small neighborhood p € V we have

=0, forany p€eV,

2
M
1Zn f:ﬁ X expd_i—y (B; + pnj) Xij
J— . j i‘
i=1 1+exp Z?il(ﬂj + pnj) Xij

which implies that ZJ 11;Xi; = 0 for all 4, which in turn implies that Xn = 0, as claimed in part (1) of
this proposition.

The second part of the proposition follows trivially from the first part and by Lemma 4.1. It is enough to
show that X(3") — 3(?)) = 0 implies

OL(BY)  oL(B?)
g, ap;

For the ¢; penalized least squares estimator we have

2) n M 2 n 9 n M
3@ = ; ; BrXin] Xij = — ; YiXij — YN XXy,

=1 k=1

for all j.

and the last term is constant across solutions if X’ (3(") — 3(2)) = 0, for any two solutions, and this is implied
by part (1).

For the ¢; penalized logistic regression estimate we have

M
1 & exp > i, BiXi; 1 &
a _75 2 = =YX
ﬂk N4 1+eXPZj:1 B Xij i=1

This will be constant across solutions if Z]A/il B;X;j, for all 7, is the same for all solutions, which is again
implied by the result in part (1). This concludes the proof of this proposition. H.

4.2. Properties of the £1 + €2 penalized least squares and logistic regression solutions

We discuss below a number of properties of the solution of the ¢; 4+ ¢5 penalized optimization problem.
We begin by giving this result in terms of general likelihood functions and we obtain the results for our
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two examples as consequences. As in the previous sub-section, we let L(8) = L(X,Y; ) be any function
depending on the data and a parameter 3 € RM. Let

B = arg min L(5) + A Z 161 + cZﬂz arg min s(3), (4.28)

for some given tuning parameters A, ¢ > 0. We note that this solution is different than the one introduced in
the previous subsection, but for brevity we use the same notation.

Lemma 4.3. If L is differentiable in B then a solution of (4.28) satisfies

‘M(ﬁ)mcﬁj = N if 40, (4.29)
95,

OL(p - OL(j3 o

‘ 8éf)+275j ' aéf)‘ < A ifBi=0.

Moreover, the solution of (4.28) is unique for both the square and the logistic losses, respectively.

Proof. Appealing to the elementary properties of convex functions introduced in Lemma 4.1 and applying
them now to the function s above we trivially obtain the first part of this Lemma.

For the moreover part, let 51) and 5 be two solutions of (4.28). We show below that 3(Y) = 3 for the
two losses under study. Since s is a convex function of 3, for either loss, any convex combination of solutions
is a solution, and s(/3) is constant across solutions. Consider as before the convex combination 3% + pn,
where n = 3 — 3). Recall that the minimum value of any convex function is unique. Then, for the ¢; + (5
penalized least square estimator we obtain:

n M M
1 2 _ _
=52 { B + pny Xi} AR+ ol Y (B + o) =, (4.30)
=1 J=1 j=1

where c is some positive constant, for any 0 < p < 1. Reasoning now exactly as in Proposition 4.2 above and
taking the derivative with respect to p twice, we obtain

which immediately implies n; = 0 for allj, that is (1) = 3(2).

The same conclusion can be obtained for the logistic regression estimator, where we now differentiate twice
with respect to p the function G1(p) = G(p) + ’ijA/il(Bj@) + pn;)?, with G(p) defined in display (4.27) of
Proposition 4.2. This yields

2
M
1 n exXp Z] 1(Bj + pnj) X
Ezizl anXij 72”7 =0.
Jj=1

1+expY it (B + pm)X

Reasoning as above we again obtain () = 3(2), This completes the proof of this Lemma. H.
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