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Abstract

This paper concerns a robust variable selection method in multiple linear regression: the
robust S-nonnegative garrote variable selection method. In this paper the consistency of
the method, both in terms of estimation and in terms of variable selection, is established.
Moreover, the robustness properties of the method are further investigated by providing a
lower bound for the breakdown point, and by deriving the influence function. The provided
expressions nicely reveal the impact that the choice of an initial estimator has on the robust-
ness properties of the variable selection method. Illustrative examples of influence functions
for the S-nonnegative garrote as well as for the original (non-robust) nonnegative garrote
variable selection method are provided.
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1 Introduction

Ordinary least squares regression is often used to fit a linear model. When many variables are
measured, these models become difficult to interpret. To improve the interpretability of such a
model, variable selection methods were introduced. A possible approach for variable selection
is to add a penalty term on the regression coefficients to the objective function of ordinary least
squares regression. For example, the Bridge (Frank and Friedman, 1993; Fu, 1998) and the Least
Absolute Shrinkage and Selection Operator (LASSO, Tibshirani, 1996) both use an L,-type of
penalty on the regression coeflicients, with ¢ < 1 and ¢ = 1 respectively. The Smoothly Clipped
Absolute Deviation (SCAD) penalty is used by Fan and Li (2001). This penalty function gy
satisfies ¢)(0) = 0 and its first-order derivative is given by

gr(0) :)\{I(Hg )\)+%I(9> )\)},

for some a > 2 and € > 0, and with A > 0 a regularization parameter. Herein /(A) denotes the
indicator function, i.e. I(A) = 1if A holds, and 0 if A does not hold. Another approach consists
of the nonnegative garrote method proposed by Breiman (1995). Here one firstly computes the
ordinary least squares estimator (OLS), and then shrinks or puts some coefficients of the OLS
equal to zero.

The main disadvantage of these methods is that they are not robust to outliers. Therefore,
robust versions of the LASSO, SCAD and nonnegative garrote method are proposed in the
literature. For the LASSO, different robust alternatives, such as the LAD-LASSO (Wang et al.,
2007), the WLAD-LASSO (Arslan, 2012) and the Sparse LTS (Alfons et al., 2013), have been
developed in the literature. The LAD-LASSO is a penalized least absolute deviation estimator



that is consistent in estimation and variable selection, but it is not robust to outliers that are
also outliers in the covariates (i.e. leverage points). Therefore, the WLAD-LASSO is proposed.
This method applies the LAD-LASSO to the data set in which each observation is weighted
using weights computed with robust distances. Arslan (2012) proved that the WLAD-LASSO
is also consistent in estimation and variable selection. The Sparse LTS is a trimmed version of
LASSO, that is robust to vertical outliers and leverage points. Its breakdown point is computed
in Alfons et al. (2013) and Ollerer et al. (2015) derived its influence function. A robust version
of the SCAD that is consistent in estimation and variable selection, is proposed by Wang and
Li (2009). Wang et al. (2013) proposed a penalized robust regression estimator based on the
exponential squared loss function, where the penalty function can be of any type. They also
proved that this method is consistent in estimation and variable selection and they computed
its breakdown point and influence function. In a mean shift regression model with normal
errors Xiong and Joseph (2013) consider regression with outlier shrinkage. The computational
complexity of such an estimator is comparable to that of an LTS estimator.

Since the theoretical properties of the nonnegative garrote method are well studied in the
literature (Yuan and Lin, 2007) and are extended to variable selection in additive regression
models and varying coefficient models by Antoniadis et al. (2012a,b), Gijbels and Vrinssen
(2015) investigated different robust versions of this variable selection method, among others the
S-nonnegative garrote method. An extensive simulation study shows that the S-nonnegative
garrote method performs quite well, also in comparison with competitors.

In this paper we provide some theoretical properties of the S-nonnegative garrote method. In
Section 2 we state the model assumptions and briefly explain the S-nonnegative garrote. Section
3 establishes oracle properties for this method. In Section 4 we prove that the S-nonnegative
garrote method is consistent in variable selection and estimation. In Section 5 its breakdown
point is established and in Section 6 we derive its influence function. Some illustrations regarding
the influence function are provided. The proofs of the theoretical results are deferred to Section
7.

2 Robust nonnegative garrote variable selection procedure

Consider a multiple linear regression model

p
Y=Y XiiBj + e, (1)

Jj=1

with (Xi1,...,X4p,Yi), ¢ = 1,...,n, independent and identically distributed observations from
(X1,...,X,,Y), satisfying the model ¥ = Z?:l X;B;j + ¢, where Y is the response, X =
(X1,... 7Xp)T is a vector with the p covariates with AT denoting the transpose of a matrix or
vector A, B = (f,..., ﬁp)T is the vector of unknown regression coefficients and ¢ is the error
term with mean 0 and variance o?. We denote X; = (X;1,...,X;)T, for i = 1,...,n, and
X = (Xi,...,X,)T. An intercept is included in the model by setting all elements in the first

column of X equal to one. We further assume that the model is sparse, i.e. 8 = (,@g, B/T\/)T with
S denoting the set of indices containing the non-zero (“to be selected”) regression coefficients,
S=1{j: Bj #0} and N denoting the set of indices containing the zero (“not to be selected”)
regression coefficients, A" = {j : §; = 0}. Throughout this paper we will also use this notation
to partition other vectors and matrices into vectors (or matrices) related to the non-zero and
zero regression coefficients, e.g. X = (Xgs, X ), where Xs and X contain the columns of X
related to Bg and 3, respectively.

As explained in Section 1, the original nonnegative garrote method of Breiman (1995) starts
from an initial estimator, for example the ordinary least squares estimator, and then it shrinks



or puts some coefficients 3; of the initial estimator equal to zero using the nonnegative garrote
shrinkage factors. More precisely, let BJOLS denote the initial least squares estimator of the

coefficient 3;, the nonnegative garrote shrinkage factors ¢ = (ci,. .. ,Ep)T are found by solving
2
1 ¢ ~  ~ors -
C = argmin % Z Y, — Z Cj,Bj Xij + An Z Cj (2)
¢ i=1 j=1 j=1

st.¢;>0(=1,...,p),
where ¢ = (c1,...,¢,)T and for a given regularization parameter A, > 0. The nonnegative
garrote estimator of the coefficient 8;,j = 1,...,p, is then given by

ANNG ~ HOLS
BT =68

In analogy with the original nonnegative garrote procedure, the S-nonnegative garrote method
now starts from a robust initial estimator, such as the MM-estimator (Yohai, 1987) or the 7-
estimator (Yohai and Zamar, 1988), and it uses the S-nonnegative garrote shrinkage factors to
shrink or put some coefficients of this robust initial estimator equal to zero. Denote the initial
estimator with 1™, BIM'X,; with Zij, for j = 1,...,pand i = 1,...,n, Z; = (Z,..., Zip)"
and Z = (Z1,...,Z,)T. The S-nonnegative garrote shrinkage factors ¢ = (¢, ... ,Ep)T are found
by solving

P
¢ =argmin ¢ o (r(c)) + A, E cj
c =

st.c;>0(G=1,...,p),

where o (r(c)) solves the equation

I~ (Yi—20li¢Zi\
E;?( 5 (r(c)) )‘b’

with r(c) = (r1,...,7)T with r; = Y; — Z§:1 ¢jZij, © = 1,...,n, p a loss function satisfying
Assumption 4.2 in Section 4 and b = E(p(Z)), with Z standard normally distributed. The
S-nonnegative garrote estimator of the coefficient §8;,7 =1,...,p, is then given by
- -~ i t
//B\JS NNG — cjﬁjlnl ) (4)

When the initial estimator Ejinit is equal to zero, we also set the S-nonnegative garrote shrinkage
factor ¢; equal to zero.

As explained in Gijbels and Vrinssen (2015) this optimization problem can be approximated
by a weighted quadratic programming problem that suggests an iterative procedure. Let ¢ be
the current value of c in the iteration procedure. Then, the value of ¢ in the next iteration step
can be found by solving the optimization problem

C
st.c;>0(G=1,...,p),

T
C = argmin {%CTZTWS(EO)ZC - (ZTWS(EO)Y — ﬁlp) c}

where Wg(c) = diag(Ws(c)) € R"*" with Wg(c) =
and Y = (Y1,...,Y,)".



Based on Zou (2006), the S-nonnegative garrote method can also be reformulated as

~S-NNG . ~ p 1]
_ B)+ A > =2
3 arggun o (r(8)) ]Z; ’ﬁjlmt (6)

st. BB >0 (j=1,....p),

where 7(r(3)) solves

1< Y, =30 B X\
E;”( 5(A) )"”

with r(8) = (r1(8),...,m(8))T and r;(8) = Y; — > F_1BiXij, i = 1,...,n. If the initial

estimator 3 B imit

Zero.
Throughout this paper we will use the following matrix and vector norm. Let A be a matrix

IIAX]|>

X2

of dimension n x 1 and ||x||2 = /D1 |zi|? is the usual Lo-norm of a vector x.

7

is equal to zero, we also set the S-nonnegative garrote estimator BJS‘NNG equal to

of size m x n. The Ly-norm of A is defined as ||Alj2 = max , where x is a non-null vector

3 Oracle properties

In this section we establish the so-called oracle properties of the S-nonnegative garrote, more
precisely of the minimizer of (5), for a given (fixed) €. Oracle properties are related to looking
at the situation that the set of non-zero coefficients is known, i.e. the set S is known, and one
focuses on estimation of these non-zero coefficients. Recall that the (sub)vector of true non-zero
regression coefficients is denoted by Bs and denote the corresponding S-nonnegative garrote

estimator by ,[Ai S_ . All asymptotic results in this paper are for fixed p number of covariates.

The oracle properties are derived from the fact that there is a close relation between the
adaptive Lasso and the nonnegative garrote. Indeed, Zou (2006) shows that (2) is equivalent to
solving

~NNG , 1 — 1541
3 = arggnn Z Y, — Zﬁ ij + An Z ’,BOLS’ (7)
i=1 j=1
s.t. ,8]0LS,8] Z 0 (.] = 15 ’p))
B\NNG

where ¢ ¢ = EOLS

Since weights Wg ;(€°) are introduced in (5), this S-nonnegative garrote optimization problem
is related to the adaptive Lasso optimization problem in heteroscedastic models (Wagener and
Dette (2013)). Wagener and Dette (2013) consider a heteroscedastic linear regression model

Y = X3+ 2(B)E, (8)

where Y = (Y1,...,Y,)T, and where the errors € = (£1,...,&,)T satisfy E(§;) = 0, Var(§;) = 1
and X(8) =diag(c(X1,3),...,0(Xy,3)), revealing the heteroscedasticity. The S-NNG optim-
ization problem (5) is equivalent to an unweighted adaptive Lasso optimization problem (see
the terminology used in Wagener and Dette (2013)) with extra constraint in a heteroscedastic



regression model:

D 2
Yz - ZB]XZ]
5 min L Z”: i=1 L Zp: 18]
B - 0 Sinit| [
2 | owyA@) ws(€0) = |ini 9)
s.t. BB >0 (G =1,...,p).

Define X = (Xg,Xy) = WY@)X, Y = WY?@)Y and denote by Xj; the (i, j)-th
element of the matrix X. With these notations, it can be seen that our model context leads to
Y =X3+ Wéﬂ(ﬁo)aé which is of the form (8). Furthermore, let Css = 1 X1 Xs.

In order to prove the oracle properties of the S-NNG, we need the following assumptions.

Assumption 3.1.

1 o
1. EZX%:I,foralljzl,...,p.
i=1

it
2. There exists a constant B > 0 such that the initial estimator ,BW satisfies

. .| Rinit ; 1) =
Aim P(Bmin |5, < min |5[) =0,

3. There exists a sequence T, — 00 such that the initial estimator satisfies

—~ 1
lim P M > =) =0.
i P(max |55 2 =)

4. The sequences \,, and 7, satisfy

An
* LsEhvm — constant € R, as n — oo,

Inn /nws(E®)

[ ]
AnTn

— 0, as n — oco.
5. There exists constants k1 and ko, such that
0 < K1 < Ain(Cs5) < Amax(Css) < ko < 00,

where Amin(Css) and Amax(Css) are the smallest and largest eigenvalue of Cgs respect-

wely.
6. There exists a constant & such that 0 < WS_ZI(EO) < <o, foralli=1,...,n.
7. m—ﬂ), as n — oo.

8. %maxlgign 1Xsill3 = % maxicicn (Wsi(€)[[Xsill3) — 0, where X3, is the i-th row of
Xs, as n — oo.
The next theorem states the sign consistency of the S-nonnegative garrote estimator, in the

sense that

~S-NNG
lim P(3 =sB) =1,
n— oo
~S-NNG ~S-NNG
where 3 =, 3 means that each component of 3 has the same sign as the corres-

ponding component of 3. Since the sign of 0 is defined as 0, sign consistency implies variable
selection consistent (in the sense of Theorem 4.1.2).



~S-NNG
Theorem 3.1. Under Assumptions 3.1.1-3.1.6, the S-nonnegative garrote estimator (3

obtained from (4) using the minimizer of (5), is sign consistent for 3.

Proof. This theorem immediately follows from Theorem 4.1 of Wagener and Dette (2013) and
the equivalence between the nonnegative garrote and the adaptive Lasso with extra sign con-
straint in (9). Wagener and Dette (2013) give the sign consistency of the adaptive Lasso in a
heteroscedastic model.

Furthermore we have to verify that the extra sign constraint in (9) is satisfied, with probab-
ility tending to 1. The proof of the latter is similar to the proof of Corollary 2 in Zou (2006). O

The asymptotic normality oracle property (Theorem 3.2) follows from Theorem 4.2 in Wa-
gener and Dette (2013) for the adaptive Lasso in a heteroscedastic model. It establishes the
asymptotic normality result of the estimated parameters, restricted to the true non-zero ones
(i.e. in a restricted parameter space).

Theorem 3.2. Let Assumption 3.1 hold. Then for all &, € RIS (where |S| is the size of S)
with ||@,||2 = 1, the following holds
~S-NNG
@5‘3(/@8 w _BS) 2} N(Ovl)v asn — oo,
s

n

Tl 1/2 m0ng ~v—1 =
where s2 = %aa};C’SéXgWS/ (€)X sCsstn.-

4 Consistency

In this section we establish that the S-nonnegative garrote estimator is consistent in estimation
and variable selection. The latter means that the estimator tends to estimate a true-zero as a
zero. The results in this section complement these of Section 3, where the essence
(in particular in Theorem 3.2) is that the set of non-zero coefficients S is known (the
oracle situation). In reality however the set S is not known. Note that Theorem 3.1
provides the variable selection consistency of the S-nonnegative garrote estimator,
but under the restricted setting of a given ¢” (see the assumptions). An obvious
good choice for this initial vector would be a vector containing one’s (respectively
zero’s) at positions of non-zero (respectively zero) true coefficients, a knowledge
that is available when the set of true (non-zero) coefficients is known.

In this section we also obtain the variable selection consistency of the S-nonnegative
garrote estimator, but under a different (and more realistic) setting. In Section 3
the emphasis was on establishing an asymptotic normality result for the oracle
estimator, whereas in this section the main goal is to establish the estimation con-
sistency of the S-nonnegative garrote estimator, including its rate of convergence.
As such the results in Sections 3 and 4 are complementary.

We need the following assumptions on the data:
Assumption 4.1.
1. The matrix %XEXS is invertible.
There exists M > 0 such that | X;;| < M forall j=1,...,p,i=1,...,n.

g; = O(1), almost surely (with probability one), as n — oo, for alli=1,...,n.

e e

P(Xt0 =0, Vi=1,...,n) <05 for all @ € R?\ {0,}, where 0, denotes the null vector
of dimension p.



5 P(aY; +X10=0, Vi=1,...,n) < 0.5 for all « € R and 6 € RP for which |a|+ (0|2 # 0.

Assumption 4.1.4 implies that the random variables X; may not be too concentrated on any
subspace of RP. Assumption 4.1.5 is needed to avoid solutions with &(r(c)) = 0 (see Maronna
and Yohai (1981)). For the loss function we need the following assumptions:

Assumption 4.2. Let p: R — R be a real function satisfying the following assumptions:

1. p is symmetric, continuously differentiable and p(0) = 0.

2. There exists d > 0 such that p is strictly increasing on [0,d] and constant on [d,c0) and
such that 0 < p(d) = a < 400.

o

Denoting (u) = p'(u), then ¥(u)/u is nonincreasing for u > 0 and 0 < (u)/u < 1.

A loss function that satisfies these assumptions is for example Tukey’s biweight loss function

o= |5 (1- (- @)) weiza (10)
if |x| > d.

Theorem 4.1. Suppose Assumptions 4.1 and 4.2 hold and assume that the initial estimator

~init | . . .
B is strongly consistent with rate K, i.e.

~init

1B=8""ll2=0O(n), asn — oo,
with probability 1, for some Kk, — 0. If A, tends to 0 in a fashion such that k, = o(\,) and
~S-NNG
nA, = O(1), then there exists a minimizer of (5), 3 o , such that

1. ||B - ,BS_NNGHQ = O(\n), as n — 0o, with probability 1.

2. P(ﬁSNNG#O>—>O, asn — oo, for any j € N.

This theorem states that the S-nonnegative garrote estimator is strongly consistent with
rate \,. The S-nonnegative garrote estimator has a lower rate of convergence than the initial
estimator, but it has the advantage that it estimates the true-zero coefficients as zero. Suppose
that the initial estimator is strongly consistent with convergence rate k, = n~", with n > 0,
and that the regularization parameter ), is of order n=%, with 0 < £ < min(n,1). Then, the
S-nonnegative garrote estimator is strongly consistent with rate n=¢. A possible initial estimator
for the S-nonnegative garrote method is the ordinary least squares estimator. Chatterjee and
Lahiri (2011) proved that, if Ele|* < oo for 1 < ¢ < 2, the ordinary least squares estimator is
strongly consistent with convergence rate n~(¢~1/¢. Hence, taking values for the regularization
parameter A, of order n~¢ with 0 < & < (¢ —1)/( results in a strongly consistent S-nonnegative
garrote estimator. But using as initial estimator the ordinary least squares estimator would
not lead to a robust procedure. A robust method is obtained by using for example as initial
estimator the least median absolute estimator, proposed in Ip et al. (2003) for which a uniform
strong consistency result was established. As shown in the latter paper this estimator is strongly
consistent with rate O(n -1/ 4\/%) Taking A, of order n~¢ with 0 < £ < 1/4 this leads to a
strongly consistent and robust S-nonnegative garrote estimator.

Note that the conditions for the variable selection consistency in the second item of Theorem
4.1, are different from these under which variable selection consistency was obtained in Section
3. Indeed in that section, assumptions are formulated in the situation that ¢ and the set S
are given. Consequently, for example, an assumption on the invertibility of %X}X‘g is needed
in Section 3 (see Assumption 3.1.5), whereas an assumption on the invertibility of %XEXS is
needed in the current section (see Assumption 4.1.1). Another example is the boundedness
imposed on )_(ij (see Assumption 3.1.1) in Section 3, opposed to the boundedness assumption
on Xj; (in Assumption 4.1.2) in the current section.

7



5 Breakdown point

Let P, = (XZT,YZ) and P, = {Py,..., P,}. Assume that P,, is obtained by adding m arbitrary
data points (outliers) to the original uncontaminated sample of size n — m. Without loss of
generality, assume that the m outliers are the first m observed points, i.e. denox te the outliers
by P,, = {P1,...,P,} and the original sample by P,,_,, = {Pn+1,...,P,}. The fraction of
outliers in P, is 7. Let ,[Ain = B(Pn) denote a regression estimator based on the sample P,,.
The finite sample breakdown point (Donoho and Huber, 1983) of an estimator is defined as

B (B, Po-) = min { ™ s 5up [B(P) ~ BlP,-)lz =0 |

Let
— ! 4liim+1<i<nand X'0 =0}
Apm = = max i:m 1 <n an -0 =0},
" n—m o n—m ecrr\{0,) - !
with a4 the maximum number of X;, i =m +1,...,n, lying on the same subspace. If there are

two covariates, a, is the maximum number of X;’s lying on the same line. When the carriers X;
are in general position, which means that no more than p of the carriers X; lie on a hyperplane
of RP, then a, = p. For example, in the case of two covariates, the carriers are in general position
if there are no more than 2 X;’s on the same line and thus a, = 2.

In the sequel we will use a fixed value for \,, namely take A\, = A. A lower bound for the
breakdown point of the S-nonnegative garrote estimator is provided in Theorem 5.1.

Theorem 5.1. Suppose that Assumptipﬂs 4.1.4—4.1.5 and 4.2 are satisfied, that b/a = 0.5,
Gnm < 0.5 and 0 < A < +oo. Then, if ,/B\Imt is the initial estimator of 3, we have

55-NNG . ~init 1—2a
BP(B ,Pp_m) > min {BP([B Pom), #} .
nm

Regarding the assumption on the loss function in Theorem 5.1 consider, for example, Tukey’s
biweight loss function in (10) for which a = d?/6. A common choice for robust scale estimation
is d = 1.547 (see for example Maronna et al. (2006)) which, with the constraint that b/a = 0.5,
leads to b = (0.1994341.

From Theorem 5.1 we get that, if for example the ordinary least squares estimator (which
has breakdown point 1/n) is used as initial estimator, then the lower bound of the breakdown
point of the S-nonnegative garrote estimator is at most 1/n. This means that this S-nonnegative
garrote estimator may not be robust to outliers. But, if we use a more robust estimator, such
as the S-estimator which has a breakdown point of ([%] —-p+ 2) /n, then the breakdown point
of this S-nonnegative garrote estimator is asymptotically at least 50% when the carriers are in
general position.

6 Influence function

In this section we derive the influence function of the S-nonnegative garrote estimator, for
any given A > 0. Denote the cumulative distribution function of (XT,Y) by F. In order to
obtain the influence function we first introduce the functional form of the S-nonnegative garrote
estimator. Like for the sample level (see optimization problem (3)), the functional form of the S-

nonnegative garrote estimator ((BS'NNG(F))T , O'(F)) = (BTNNG(F),. .. ,ﬁS‘NNG (F),0(F)) is
obtained by shrinking or putting some components of the functional form of the initial estimator
equal to zero by using the functional form of the S-nonnegative garrote shrinkage factors. Denote



iy . . T
the functional form of the initial estimator with B™*(F) = ( MY, .. @;mt(F )) and let

Z(F) = (Z\(F),...,Zy(F))" where Z;(F) = ﬁjinit(F)Xj for j =1,...,p. The functional form
of the S-nonnegative garrote shrinkage factors ¢S NG (F) = (FNNG(F), ... cS‘NNG(F))T can

» Cp
be found by minimizing

p

S+AY ¢ (11)
j=1

st.c;>0(G=1,...,p),

for (c,5) € (R x Ry \ {0}), where S solves

/p (%T(F)‘j dF(XTY) =0 (12)

The functional form of the S-nonnegative garrote estimator for the coefficients g8;, j = 1,...,p,
is then given by

S-NNG S-NNG init

j (F) = ¢; (F)lem (F).
To simplify the notation, we will use dF for dF(X™,Y) in the sequel. Further, we assume that
the functional of the S-nonnegative garrote shrinkage factors and the S-nonnegative garrote
estimator is continuous in F. If F' is the empirical distribution function corresponding to the
sample P,,, this optimization problem is equivalent to problem (3).

The influence function of a functional T" at a distribution F' measures the effect on T" of an
infinitesimal contamination at a single point. If we denote the point mass at Py = (X{¢, Yp) with
Xo = (Xo1,---,Xop)* by p, and consider the contaminated distribution F, p, = (1 —€)F +€dp,
with 0 < € < 1, then the influence function is given by

T(Fp)—T(F) 9

IF(R, 7. F) = limg - =) — 2 1(F, )y

The expression for the influence function of the S-nonnegative garrote estimator is derived in
the next theorem.

Theorem 6.1. Let p be a twice differentiable function and let A > 0. The influence func-
tion of the S-nonnegative garrote regression functional at a point Py = (XE,YO) with Xy =
(Xot,- -+, Xop) T is given by IF(Py, B5 NG F) = (IF1 (P, B5 NG F), ..., IF,(Py, B5NNC, F))T
with

0 if B7NC(F) =0,
o (0 () -0) e (o)
| —— (p| = ) =0) + =0 —= | X
{ u3 \"\o(F) pr - \o(F) ’
X + ) ro o
IF (R, B5NNG ) = v2 —b)ap — = >—
(F ) a P\ P2 \em ) s
+Adiag (8™Y(F)) " IF (R, B, F)
otherwise,

for j=1,...,p, where Il; denotes the jth row of

—1
o(F)i [uiA — mbrap — mapbp + warap|



ro = Yo — XEBSNNG (), A= / Y (up) XX dF,

ap = /w(uF)X dF, bp = /W (up) upX dF,
1 = /¢(uF)uFdF, vy = /W(UF)u%dF,
up = (Y = X1 NC(F) Jo(F), (13)

with ¢ the first derivative of 1, and where diag ((,@mit(F))_2> 1 a diagonal matriz where the

init

-2
jth diagonal element is (5] (F)> . The influence function of the scale is given by

1 o T S-NNG
IF(Py,0,F) = Z {J(F) (p (0(F)> — b) —aplF (P, B ,F)} .

Theorem 6.1 reveals that the boundedness of the influence function IF;(F, B5-NNG, F) is
guaranteed if all quantities involved such as ap, br, X, and so on, are finite, as well as the
influence function of the initial estimator IF(Py, 3™, F) is bounded. If the latter does not hold,
then the influence function of the S-nonnegative garrote estimator will be unbounded as well.
See also the examples further in this section.

For completeness, we also provide the expression of the influence function of the original
nonnegative garrote estimator in Theorem 6.2. But we first introduce the functional form of the
nonnegative garrote estimator.

To obtain the functional form of the nonnegative garrote estimator, denoted by (,BNNG(F)) T
(ﬁ%\ING(F), e 6§NG(F ))T, we start with the functional form of the initial estimator and we
then shrink or put some components of the functional form of the initial estimator equal to zero
by using the functional form of the nonnegative garrote shrinkage factors. This functional form

of the nonnegative garrote shrinkage factors c"N%(F) = (fNG(F), ..., cpNNG(F))T can be found

by minimizing
1 P
T 2
5/(Y—Z (F)c) dF+)\Zlcj (14)
j=
st.c;>0(G=1,...,p),

for c € Rﬂ. The functional form of the nonnegative garrote estimator for the coefficients f;,
7 =1,...,p, is then given by

BNG(F) = NGy (F).

Theorem 6.2. The influence function of the original nonnegative garrote regression functional
for A > 0 is given by TF(Py, BNNC, F) = (TF, (Py, BNNC, F), ..., TR, (Py, BNNC, )" with
0 if BiNG(F) =0,
ini -1
e Hj [(Yb o Xg‘ﬁNNG(F)) XO —A (IBIDIt(F))
IFj(P07 B ) F) - . init —2 init
+Adiag (87 (F)) ™ IF(Py, ™, F)
otherwise,

-1
forj=1,...,p, wherell; denotes the jth row of (/ xx? dF> and ([5’init(F))_1 is a column

vector of length p where the jth element is (ﬁ;nit(F)>

10



The proof is along the same lines as the proof of Theorem 6.1 and is therefore omitted here.

We will now compare the influence functions of different initial estimators, the original non-
negative garrote estimator and the S-nonnegative garrote estimator. These influence functions
are plotted for simple linear regression Y = X3y + ¢ with Sy = 2 and where X and ¢ are inde-
pendent and both standard normal distributed. Different values for the regularization parameter
A are used, i.e. A =0.1 and A =0.5.

The influence functions of the 7- and OLS-estimator together with those of the S-nonnegative
garrote estimator for different values of the regularization parameter A and different initial
estimators are plotted in Figure 1. The blue lines in these plots correspond to the true re-
gression line. It can be seen from Figures 1(a), 1(c) and 1(e) that the shape of the influence
functions of the 7-estimator and of the S-nonnegative garrote with the 7-estimator as initial
estimator are quite similar. This just illustrates that the main characteristics of the influence
function IFj(PO,,@S'NNG,F ) of the S-nonnegative garrote estimator are determined by these
of the influence function of the initial estimator IF (P, gt ), together with, among others,
the boundedness (or not) of Xg. Since the influence functions of, for example, the T-estimator
and the S-estimator are unbounded (see for example Yohai and Zamar (1988) and Yohai and
Zamar (1997)) this property is inherited by the influence function of the S-nonnegative garrote
estimator with the T-estimator as initial estimator. Estimators with an unbounded influence
function can still have a high breakdown point, and a more detailed study of the maximum
bias properties of estimators explains their ‘robustness’ properties. We refer the readers to Yo-
hai and Zamar (1988), Yohai and Zamar (1997) and Maronna et al. (2006), among others, for
background information on these issues.

There are however also some noticeable (quantitative) differences in the influence functions
of the T-estimator and of the S-nonnegative garrote with the 7-estimator as initial estimator,
in particular for points (zo,yo) that are away from the regression line, but still close to the
regression line. See Figures 1(a), 1(c) and 1(e): the area where the influence function is zero is
more extended for the S-nonnegative garrote estimator, and this area is larger for smaller values
of A. At the same time for points (xg,yp) away but even closer to the regression line, the values
of the influence function for the S-nonnegative garrote estimator tend to be larger. In other
words, the S-nonnegative garrote estimator is less influenced by those observations (zg, yo) with
larger residuals and more influenced by those with smaller residuals (see the behaviour away
but close to the straight line in Figures 1(a) and 1(e)). Figures 1(b), 1(d) and 1(f) show that
the influence function of the OLS-estimator and of the S-nonnegative garrote estimator with
the OLS-estimator as initial estimator are even unbounded for points (xg,yo) far away from the
regression line (there are no flat zero-valued parts).

Figure 2 presents again the influence functions of the 7- and OLS-estimator, but now together
with those of the original nonnegative garrote estimator for different initial estimators and for
different values of the regularization parameter. It can be seen that the influence function
of the original nonnegative garrote estimator is even unbounded for points (zg,y0) far away
from the regression line, when the OLS-estimator as well as the T-estimator are used as initial
estimator. In conclusion, the S-nonnegative garrote estimator with as initial estimator a -
estimator is ‘robust’ to regression outliers, i.e. points that are far away from the regression
line (see e.g. Figures 1(c) and 1(e)) whereas the original nonnegative garrote estimator with as
initial estimator a T-estimator is not robust to such outliers (see for example Figures 2(c) and

2(e))-
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IF TAU
IFOLS

(a) T-estimator. (b) OLS-estimator.

IF S-NNG
IF S-NNG

(c) S-NNG estimator with 7-estimator as ini- (d) S-NNG estimator with OLS-estimator as
tial estimator and A = 0.1. initial estimator and A = 0.1.

IF S-NNG
IF S-NNG

(e) S-NNG estimator with 7-estimator as ini- (f) S-NNG estimator with OLS-estimator as
tial estimator and A = 0.5. initial estimator and A = 0.5.

Figure 1: Influence functions for the T-estimator, the OLS-estimator and the S-NNG estimator.
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IF TAU
IF OLS

(a) T-estimator. (b) OLS-estimator.

IF NNG
IF NNG

(c) NNG estimator with T-estimator as initial (d) NNG estimator with OLS-estimator as
estimator and A = 0.1. initial estimator and A = 0.1.

IF NNG
IF NNG

(e) NNG estimator with T-estimator as initial (f) NNG estimator with OLS-estimator as
estimator and A = 0.5. initial estimator and A = 0.5.

Figure 2: Influence functions for the 7-estimator, the OLS-estimator and the original NNG
estimator.
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7 Proofs of the theorems

7.1 Proof of Theorem 4.1

Before proving Theorem 4.1, we prove the following lemma.

Lemma 7.1. Suppose Assumptions 4.1.4, 4.1.5 and 4.2 hold and that € is the current value of
c in the iterative procedure (5), then

1
0< ——
< s () < +00,

a(r(c))
where wg(c) = .
T S WaenTe)
Proof of Lemma 7.1. By Lemma 2.2 in Maronna and Yohai (1981) there exist constants Ay, As €
(0, +00) such that A; < &(r(c?)) < As. Further, we have, fori =1,...,n, that 0 < Wg,(c") < 1
because of Assumption 4.2.3, and if |r;(€?)| > d, then Ws;(c") = 0. Hence,

1 _ doica WSz(eo)TZQ(EO) < dic1 WSi(EO)dZ < d?
nwg(cv) no(r(cv)) - no(r(cv)) ~ a(r(eY))

O

The proof of Theorem 4.1 is based on arguments similar to those used in the proof of Theorem
1 in Yuan and Lin (2007).

Proof of Theorem /4.1. Let

Ays={j:¢; =0,8; # 0} Ay =1{j:¢;=0,5; =0}
Ass={j:c;>0,8 #£0} Asy={j:¢;>0,8; =0},

and p;; = # (Ayj), for i,j = S, N. Also define the events A = {psy > 0} and B = {pys = 0}.
We first prove the second part of the theorem by proving that

P(A) — 0, as n — 0o, (15)
by contradiction type of arguments, and by then showing that
P(B]A°) — 1, as n — 0o. (16)

The convergence rate of the S-nonnegative garrote estimator of the first part of the theorem is
obtained as a final result in the proof of statement (16).
In this proof, the following notations are introduced: for a vector ¢ € R”, denote ¢;; = cp

135
for 1,7 = S,N, ciyy = (c;{g,c;l;\[)T and cy; = (cgj,cffj)T for 7,7 = S, N. For all other matrices
and vectors, the same type of notation is used. Further, let 1, be a vector of length p with all
elements equal to one, I, a diagonal matrix of size p X p with the diagonal elements equal to
one and A a diagonal matrix with on the diagonal the elements of 3. By way of illustration,
suppose that p = 10 and that the set of indices S contains 4 elements. For 3 of these elements,
we have that ¢; > 0. For 1 element of the set of indices N, we also have that ¢; > 0. For this
example we now have that pss = 3, pys = 1, psy = 1 and pyy = 5. The vector 1,,., is thus
a vector containing one element and the matrix Ays is a (1 x 1)—matrix containing the value
of 8; for which ¢; = 0.
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1. Proof of statement (15). Let cs; be the unconstrained minimizer of

1 A T
§CTZ Wis(€%)Zsec — (ZEEWS(EO)Y - W%(J)lpsz) c

with ¢ € RPs¢, Hence, Cgy is given by

. Ay
(CSS> B <ZT3WS( )ZSS ZSSWS( )Z$N> ZSSWS(EO) 5(80)11755
Csn Z5\Ws(€")Zss ZSNWS(AO)ZSN Z5\Ws(@)Y — 2y,

ZinZss/n ZgyZLsn/n ZENY/n— 221,

_ <ZSSZSS/n ZSSZS/\//n> < ZTSY/n >\n 1pss )

where Zgj = WE/Q(EO)ZSJ», for j=8S,N,Y = Wéﬂ(ﬁo)Y and w, = nws(c?). Denote

A (Ass ASN)
Ays Ann)’

with
Aij ZZEZZS]/H for i,j:S,N,
-1 Lo 7 7T 7 e |5
B = Avx — AxsAgiAsy = —ZLy i Lse — Zss (zsszss) 72\ Zsw
and because
~ ~ ~ -1
Lss — Zss (ngzss) Zss

is a projection matrix, and therefore positive definite, we have that B is a positive semidefinite
matrix. By using these notations we can obtain the inverse of the matrix A,

A-l_ (AsstAs ASNB* ANSAgg ~AScAsyB™!
B TAnsAgs B! '

Therefore we have that,
~ -1 1 (5T < An 7T An -1
CS_/\/':—B ANSASS ZssY/n—w— PSS +B ZSNY/n_w_lpsN :B W
n n
with
)\ An
w=Zg\Y/n - —Lpsx — AnsASEZEsY /n + 5 ANSAsslpss
n

U — )\ An
= ZE\ Y /n — ZEZss (Z33Z88> Z5sY/n— o lpsu + = ANsAss pss

~ ~ o~ - )\ )\
=Zsy <Ipss —Zss (ZESZSS> Z$$> Y/n - o Lysp 5 AN8A$$ pss-

We first look for an upper bound for

n

_ ~ o~ o~ o\l 1~y 1= l~p 1~ \!
AnsAgl = (ZENZSS) (z}szss) - (EZENEZ33> (EZES_Z“) .
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Since Blm is a strongly consistent estimator with rate k, and by using Assumption 4.1.2, we
find for (Zsn);, the jth column of Zsys, that

1
(Zsw)j = 0[3 = O(xy),

with probability 1 and thus is ﬁ‘|(zs_/\/’)j”2 = O(ky) with probability 1.
In addition, we have for the jth column of Zgss that

1 1 1
= l(Zs5), 2 < Z=1(Zss); = (Kss)fyl+ = (Xsis) s
— O(k) + %H(xsswb < +oo,

since ,BHH is strongly consistent with rate , and (Xss); is uniformly bounded.
Since |[Wg(c%)||2 < 1, we have that,

o~ 1
“ZE.Z < ||zt .7
nH Ss 88H2_nH ssZssll2

IN

1 1
EHZESZSS — AssXEsXs5As5]2 + EHASSXESXSSASSHQ
= Lzt — XssA L — AssXEs)XssA L AssXLsXssA
—nHZss(Zss XssAss) + (Zss — AssXss)Xss ss\|2+n|| ssXssXssAssl2
1 1 1 1
< |Z —||Zss — XssA —||Zte — AgsXTLolla—=||XssA
_\/ﬁH ss\lz\/ﬁH ss — Xss ss||2+\/ﬁ|| ss — Ass sstﬁH ssAsslla
1
+ EHASSXESXSSASSM
1 1 1
= (O(ﬂn) + %Hxssﬁss!b) O(kn) + O(Rn)%HXSSASS\b + EHASSXESXSSASSM
1
= O(k2) + O(kn) + EHASSXESXSSASSHQ

= O(knp) + EHASSXESXSSASSH%

with probability 1. Therefore we obtain that,
~1

Toam ~ \ 1 1 1 -1
(EZESZSS> = (EASSXESXSSASS) (Ip55+0('<én) <5A33X§3X33A33> )

-1
= <%ASSX:£SXSSASS> (Ipss + O(kn)pss)
and
1 Z8sZs8)™ 12 = 1 AssXEsXssAss) ™ a1+ Osn),
with probability 1. An upper bound for A NgAgé is now given by
|ANsAGs]l < IIANslleAEé\Iz

= H_ZSNZSSH It Zsszss) Y2
Zsyll2 Zss Z Zss) -
< = lZex o= Zss el ZhsZss) |
= 0lsn) (00 + %HXssAss\b) (2 255X EsXs5285) a1 + Or,)

= O(’%n)v
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with probability 1. Hence,

_ o~ N~ A
w=ZSy (Ipss — Zss(Z5sZss) 12?3) Y/n— w—n(l + O(kn)) Lpgy -
n

Because Ipssiss(igsiss)—ligs is a projection matrix, we have that
7 7T 7 \—15T
pss — Zss(ZssZss)” Zssll2 <1
and therefore,

1(pss = Zss(ZssZss) ' Z5s)Y |2 < IMpss — Zss(ZssZss) ™ Zssll2 Y |12

< [Yll2 = O(v/n),
with probability 1, because of Assumption 4.1.2 and 4.1.3 and by using Model (8). Since

1Z5n (Xpss — Zss(ZsZss) ' Z5s) Y2 < | Zsnll2l|(Tpss — Zss(ZisZss) ' Z5s)Y |2
< || Zsnrll2l|(Xpss — Zss(ZssZss) ' Zgs)Y |2

= O(vnra)O(Vn) = O(nry),

with probability 1, and because of Lemma 7.1, we find that

An An
W = O(“n)lpsxv - w_n(l + O(“n))lpsxv = _w_(l + 0(1))1PSN = _O()‘n)lps./\f'

n

The contradiction is now obtained from the fact that we have that for any j € Asy ¢; > 0 and
therefore wTésy < 0. But we also have that sy = B~ 'w and therefore wTB~'w is positive,
because B™! is a positive definite matrix. Consequently, P(A) — 0 for n — oco.

2. Proof of statement (16). We now show that P(B|.A°) — 1 and therefore we assume
psy = 0. Let €5 be the unconstrained minimizer of

L 1,7 ~0 T =0 A B

EC ngws(c )Z,@SC— <Z£5-WS(C )Y— W%O)lpfs C,
where ¢ € RP¢S. Denote again W}g/ 2 (©)Zys with Zys, Wg/ 2(EO)Y with Y and nwg(¢°) with
wp. Using similar calculations as in the first part of this proof we obtain that

me i fere A
s = (ZisZs/n)~" (ZESY/H - w—nlpes> ;
n

1 1
Ty = —X A ),
T les = o Kas s+ O(kn)

lops 1
EZZSZES = gAESx;{SXzSAes + O(kn),
1ZEsY /nll2 < [ AsXEY /a2 + O(kn),

with probability 1, and hence

~ 1 - An
Crs = <EA€8XZSX€SAZS> <AZSXESY/H - w_lpes> (1+O(#n)).
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+ & and

Pes

Furthermore, we find that, because H(%AngE‘SXgSAgs)ilH <00, Y = XypsAusl
2

because of Assumption 4.1.3,

1 -1 -1
<EA53X}3X53A53> Astng/n—< AesxgsxzsAw) EAZSXZ;XZSAzslpeS

1

1
- SngXesAes> ApsXise/n

1
e v0 ()

R 1 A (1 !
Cis = ( pes + ( ) 1pw) (1+O(ky)) — o (EA53X23X53A53> Lp,s(1+ O(kn))

- 1pl$ + 1pl$ )\n

/—\

We now have that

provided that n\, = O(1), as n — oo.
Hence, ﬁjS'NNG = ﬁjlmt(l + O(\y,)) for all j such that 5; # 0 and P(ﬁS NNG — 0) — 1 for all
j € N. As a final result we obtain that
~S-NNG ~5- NNG 1n1t ~init
18 -8l <18 l2+18 —Bl2
=0(\,) + O(Fan) =0(\n),

with probability 1. O

7.2 Proof of Theorem 5.1

Before proving Theorem 5.1, we will prove the following Lemma. The proofs of this lemma and
of Theorem 5.1 are inspired by the proofs of Theorem 2.1 in Yohai (1987), Theorem 3.1 in Yohai
and Zamar (1988) and Theorem 2 in Wang et al. (2013).

Lemma 7.2. Consider the same assumptions as in Theorem 5.1. Then, if 0 < A < +00 and
for given € < min {BP(,@H11 yPro_m), %iggzz }, there exists a K such that % < e implies

P : ~init
inf 4G(r(B)+ A B TEN a(r(B )+,

t
18ll2=K = |5

where v(B) = (r1,...,mn) T with r; = Y; — XIB and 5(r(B)) is the solution of

% Z” () -

1=

Proof of Lemma 7.2. By definition of ay,, we have
#{i:m+1<i<nand XT3 >0} /(n—m)>1—apm

for all B € RP. Take a; > ap,, such that e < an too Therefore, we can find § > 0 such that

”ﬂlﬁlfl#{l m+1<z<nand\XT,8]>5}/n— m)>1—ay. (17)
2
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12a

Since 1l —e>1— —2at = =007 QG* , there exists 0 < ag < a = sup p(u) such that = < ¢ implies
n—m a
> (1-— > . 18
0" 2 (1= oy > 55 (15)

> ‘Kl

Since a = sup p(u) and p is continuous, there exists k2 such that p(k2) = ag. Furthermore, since
e <BP(B ,P,_m), there exists k; such that H[Ai’initHg < k1, and let G(r(Bmit)) = ko.

il = 1Y; = XiB] > |1 X Bl — Y|

n n
Y, — X} K |XT8| -V
inf Zp< ? zﬁ)z inf P< 1| 113| |Z|>
18ll2>F1 4 ko 18ll2=1 4= ko
> (n—=m)(1 = ay)p(k2)
2

u
~init
Now let K = (max,+1<i<n |Yi| + kok2) /6 and suppose that ™ < ¢ and ||3|]2 > K . For any
i=1,...,n, we have
B T B
Iota |x7 (75| - X; -l
‘ 1812 “\lIBl2 Z
Hence we see that, by using (17) and (18), 7> < e implies
1=1
(K1|X¢T/3| - |Yz|>
inf P 5
||[3||2 1= 0
=(n—m)(l—a))ag
a
> n— = nb,
where A = {i:m+1<i<nand |X}B|>§ (for B with ||3||2 = 1)}. Therefore, for all 3 with
IBll2 > K1, we have

~ ~ ~init
a(r(B) > ko =0a(x(B ). (19)
Let Ko = p%/2k;. Take K = max(K1, K), we have
p .
inf ) + )\Z B m inf o(r(8))+ inf A Wt
1Blla>K 6”“ | IIBII2>K IBll2K = 18,
=~ |8l

> inf o(r(B))+ inf A Bt
1Bll2> K1 (x(8)) 18ll2> K2 jzl|18jlmt|

Because of (19), we only need to deal with the second term. Since ||3||2 > K2 implies that there
exists an element 3; of @ such that |3;| > Ka/,/p for some j, we have that

P
18l]2> Ko — ‘6]}n1t’ - ’/lemt‘ - HBlth \/—kl
O
Proof of Theorem 5.1. Suppose € < min {BP(Blmt, Po_m), 5:;32: } For a contaminated sample

P, and for ©* < e we have that, according to Lemma 7.2, if there exists a K such that
~S-NNG
18 l2 > K,

FSNNG
|ﬁ |

a_\( (AS NNG 1A Z lmt (r(Binit)) n )\p
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~S-NNG
Since this is a contradiction to the fact that 3 minimizes ¢ o( )+ )\Z |;ﬁ“]“t for

B3 € RP we have that

~S-NNG i 1—
BP(B ’Pn*m) 2 min {BP(ﬂlnlta Pn*m)) ﬂ} .

2 —2anm

7.3 Proof of Theorem 6.1

Proof of Theorem 6.1. By the chainrule, we have that the influence function of ,@S NNG (),
7 =1,...,p, is given by

)
IF(Py, B N6, F) = o 576 (R

a S-NNG init S-NNG 0 init
= ~ Oe ¢ (Fe)L:Oﬁj (F)+Cj (F)E /Bj (Fe) 0
= IF(Py, NG, F)B™ (F) + NG (F) IR (P, 8™, F) (20)

with F := (1 — €)F + edp,.

In this proof we denote the set of indices containing the non-zero regression coefficients of
B5NNG(F) with Sy = {j ﬁ]S‘NNG (F) # 0} and the set of indices containing the zero regression
coefficients of B35 NNG(F) with Ny = {j : 6§‘NNG(F) = 0}.

Note that the necessary conditions (Karush-Kuhn-Tucker conditions; see Kuhn and Tucker
(1951) or Boyd and Vandenberghe (2004), among others) for minimizing (11) are

£+)\ i = 0 forj=1,...,p (21)
J
¢ > forj=1,...,p
/’L]cj = 0 fOI‘jzl’...,p

i = 0 forj=1,...,p,

where the p1; are the KKT (Karush-Kuhn-Tucker) multipliers corresponding to the positivity
constraint on the c;.

First we calculate the influence function of ﬁJS‘NNG(F ) for j € N,. There are two possible
ways to have that ﬁ]S‘NNG(F ) = 0. In the first case we have that 6jinit(F) = 0. Since we then
also set cS NNG(F) equal to zero, we have, by (20), that IF(PO,B]S‘NNG, F) = 0. In the second
case 6]-”“( ) # 0, but by the choice of the KKT multipliers p; we have that c?‘NNG(F ) =
0. Since CJS NNG(F) is continuous this implies that IF(P, cS NNG ) = 0 and by (20) that

(PO,,BJS» NNG F) = 0. Hence, for all j € N) we have that IF(PO,ﬁ;S’ NG ) = 0.

To find the expressions for the influence functions of the S-nonnegative garrote shrink-
age factors c]S NNG(F), for j € Sy, and o(F), we first differentiate the estimating equations
of c;c’ NNG(F) and o(F) at the contaminated model with distribution F. with respect to e
and then take the limit of these expressions for € going to zero. The influence functions of
the regression coefficients ﬁ]S‘NNG(F ) for j € Sy are then obtained by (20). The estimating
equations of the S-nonnegative garrote shrinkage factors at the population level can be de-
rived in a similar way as these at the sample level. Note that the quantity up in (13) equals

up = (Y — ZY(F)cSNNG(F)) /o(F).
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If j € Sy, then the KKT multiplier y; equals zero and (21) reduces to

s
- A=
oe, TA=0

where —‘ = / Y (up) Zj(F)dF/ / ¥ (up)up dF, which can be obtained by taking the de-

rivative of equation (12) with respect to ¢;. See Gijbels and Vrinssen (2015) for more details.
Hence, cS NNG(F) for j € Sy and o(F) can be represented by the following equations:

/¢ up
— +A=0, for j € Sy, (22)
L/d%uF)uFdF

and

/p(up) dF =b. (23)

We first derive the expression for the influence function of o(F') and then these for cS NNG(F)

7 € Sx. We finalize the proof by combining the two obtained equations.

)

1. By differentiating equation (23) at the contaminated model with distribution F, with respect
to €, we have, since ZT(F)cSNNG(F) = xT35NNG(F), that

0 :% [(1 —€) /MUFJ dF +ep (YO - X(E?;;I;NG(FG)H

_ % T 3S-NNG
:—/ﬂ(UFE)dF—l—P(YO X(;?Fe) (Fe)>

S-NNG up, 0
(1—e¢ /1/) ug.) < ,@ (Fo) — o (F0) aa(ﬂ)) dF
_Ew <}/E)_XTBS NNG _BS NNG(FE)
S- NNG S-NNG
_€¢ (}/0 XTB 16 (FE)ga(Fe)

Letting ¢ — 0, we obtain

0:_/P(UF)C1F+P(

where 79 = Yy — X3 B5NNCG(F). Using (23), we get

a(F) (p (JZ})) - b) - / Y(up) X dF TF(Py, B9 F)
IF(Py,0,F) = /w(UF)UF - .

> /q,z) ( )IF(P ,BSNNG By %IF(PO,U,F)) dF,

(24)
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2. At the contaminated model with distribution F, (22) yields for j € Sy,

. N(F)
O DRy
where
T S—NNG
—(1—¢ we ) u ¢ Yo — ZE(FG)CS_NNG(FG) Yo — ZE(FG)CS_NNG(FG)
D(F)=(1 )/¢(m)ndF+¢< ) s
with Zo(F.) = diag(8™"(F.))X,. Differentiating with respect to e gives
1 Yy — Zg (Fy SNNG(F)
(ur.) ) dF — D(F6)1p ( o (F) Zo;(Fe)
e cS-NNG T
/w < T(Fe) J(FE()F) + ZU 1(76 )666(:8 NNG( )> dF
—€ uF 0
7 [ ¥ ) 2P T SR
€ Y()—ZT(F) SNNG(F) o SNNG(FG) ZT( )a i
*D@nw( o(F) >%“FW5?aF) o(F) UMQE?MW%EO
€ YO _ ZT S NNG YO _ ZT ) S_NNG(FE) o
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- D(Fe)w ( ) EZOJ
N Y, — ZT S NNG F Y, — ZT Fe S-NNG Fe
M [ /@1w1wdF+¢(o () 1o =B IS

SNNG T
T ) Z (F) 9 sna
—1—e/¢ Up, uF( zZ + - (F) 3¢ (F)>dF
u

1—e/¢ up.) F 6 —o(F, )dF 1—e/¢uF uF)ge (F.)dF
SNNG(Fe) ZT(F) 0 sxne
(1—¢) /¢ UF, < F,) - (F) + J(Fe) 3¢ (F))dF
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where gZ( F,) = d1ag< BMY(F, )> X. Now let € — 0,

oz v () e
/quuFdF /quuFdF

0:

/ Y (up) (IF(Py, 2, F) S WNC(F) + ZT(F)IF (R, N F)) dF

P) [ wweyur dr
/w up) upZ;(F)dF
/¢ up)up AF

/w (up) IF (P, Z;, F)dF

/¢(up)uF dF

_/ /MF 2w((ﬂ)(;«o

(F)

IF(Py, 0, F) —

/w(uF) dF/zp up)up (IF(Py, Z, F) NG (F) + ZT(F) IF(Py, S NNC, F)) dF
(/w up)up dF)2
- [ewnzmar | w'mmt% e / b(ur)Z I
o(F) (/¢(uF)uF dF) /w up)up dF

/w(uF)Zj(F) dF/zp(uF) (IF(Py, 2, F)TSSNE(F) 4+ ZT(F)IF(Ry, SN F)) dF
2

where IF(Py, Z, F) = diag(IF(Py, 8™, F))X.

(25)
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3. The proof is then completed by plugging (24) (in which we replaced X1 IF (P, B NNG )
with IF(Py, Z, F)TcS NG (F) 4 ZT(F)IF(Py, S NNG | F)) into (25). We get

_ 1 To
' 1/)< F))ZOJ(F)
/zp ur) (IF(Py, Z,F)TSSNE(F) 4+ ZT(F)IF(Ry, SN F)) dF

Ml

()
B 1 /

F)dF / Y(up) IF(Py, 2, F)TSNNG(F)dF

F)i /?/)/ (up)upZ;(F) dF/¢(uF)ZT(F) AFIF(Ry,cSNNG )

1 1 70 70
- E/w(uF)IF(PO,Zj,F) dF+ /w(UF)Zj(F) dFy (W) o(F)

W/%Z)(UF)ZJ'(F) dF/¢’(uF)uFIF(PO’Z’F)TCS-NNG(F) dF
1

#/w UF Z F dF/w/(uF)uFZT(F) dFIF(P(),CS_NNG,F)

g foemon ()

Lg/zpw (F) dF/zp VIF(Py, 2, F) S NNG(F) dF
M1

+L/zp ur)Z;(F) dF/zp up) ZT(F) dF IF(Py, S NNG )
Ml

/“F yar (v <T%>)‘b>

. H(F)dF ) IF(Py, 2, F)'SNNG(F) dF

+ ﬁ/ﬂ)(u(«) i(F dF/i,Z) up) ZI( )dF IF (P Py, SNNG )
RSeS| F
ﬁ /w(uF)Zj([“ ) dF/w(uF)IF(pm ZjF)TCS-NNG(F) F
o(F)uy i

a(ﬁ% / W(up)Z;(F)dF / W(up) 2T (F) dF IF (P, ¢ NG, F),
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Noting that the last four terms cancel out and regrouping all terms in IF(Fp, cSNNG B ), we get

1 , , T 1 ! (o) unZ. g
{%(F)mﬁ (up) Z;(F)Z° (F)dF 70(F)u%/w (ur) FZ](F)dF/¢( P ZT(F)dF
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/q,z) up)Z )dF/¢(uF)zT(F) dF} IF(Py, S NNG )

o () Zu(r) - & [ ez m)ar (o (7))
- 5 [ vwnzi(pyary (UZ})) T+ [ otz (p (J’(})) - b)

+ui%/¢(uF)Zj(F) dF (p <%) - b> +i/?,[)(UF)IF(P0,Zj,F) dF

/ V' (up) Z;(F)IF(Py, Z, F)TSNNG(F) dF

)
i
1

F)u
(%w/w' (up)upZ;(F) dF/zp(uF)IF(PO,Z,F)TCS‘NNG(F) dF
o 1

ﬁ/@Z)(UF)Z]'(F)dF/¢’(UF)UFIF(PO’Z’F)TCS-NNG(F) dF
1

% / Y(urp)Z;(F)dF / Y(up) IF(Py, Z, F)" NG (F) dF.

To obtain the expressions for the influence functions of cS NNG(F) for j € Sy, we take all
the equations for cJS NNG(F) for j € Sy together and use that Z(F) = diag (Binit(F)) X. Since
IF (P, 3ANE, F) = 0, we find

IF(Py,c§ NG, F) = diag (B (F)) ' s, diag (BE(F)) " diag (B2(F)) [iw (%) Xos,

o
)

—Mil V' <UF>UFstdF< (J}g) - ) ul/MF XsAde( ")

+ 0 /w(uF)XSA dF (p (%) - b> + 2 /zp(uF)XsA dF (p (

+ Adiag (BE(F)) " IF(Py, 85, F) — 115 diag (IF(Py, BE, >)c§3NNG< )]

where

1 1
s, = L i X3, dF —W/W (up) upXs, dF/?/’(UF)XEA dr

-1

— ,u /quXS/\dF/'Lﬂ UFUFXSAd —l— /'LﬂuFXS/\dF/quXS dF:|
1
Note that the term Adiag (,@mlt( )) IF (P, ,@}i‘t, F) is obtained by using (22) on the term

L [(up) IF(Py, Zs,, F) dF.
If we now use equation (20) and the following notations,

= [ ¢ (up) Xs, X3, dF, aps, = | ¥(up)Xs, dF,
A

brs, = /wl (up)upXs, dF,
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we obtain
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