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Consider the multiple linear regression model y; = xl’. B + ¢;, where ¢;’s are independent and identically
distributed random variables, x;’s are known design vectors and § is the p x 1 vector of parameters. An
effective way of approximating the distribution of the M-estimator B - after proper centering and scaling,
is the Perturbation Bootstrap Method. In this current work, second order results of this non-naive bootstrap
method have been investigated. Second order correctness is important for reducing the approximation er-
ror uniformly to on~ V%) 1o get better inferences. We show that the classical studentized version of the
bootstrapped estimator fails to be second order correct. We introduce an innovative modification in the stu-
dentized version of the bootstrapped statistic and show that the modified bootstrapped pivot is second order
correct (S.0.C.) for approximating the distribution of the studentized M-estimator. Additionally, we show
that the Perturbation Bootstrap continues to be S.0.C. when the errors ¢;’s are independent, but may not
be identically distributed. These findings establish perturbation Bootstrap approximation as a significant
improvement over asymptotic normality in the regression M-estimation.

Keywords: Edgeworth expansion; generalized bootstrap; M-estimation; perturbation bootstrap; residual
bootstrap; S.0.C.; Studentization; wild bootstrap

1. Introduction

Consider the multiple linear regression model:

yi =X.B+¢, i=1,2,...,n (1.1)
where y1, ..., y, are responses, €1, ..., & are independent and identically distributed (IID) ran-
dom variables with common distribution F (say), Xy, ..., X, are known non random design vec-

tors and f is the p-dimensional vector of parameters.

Suppose Bn is the M-estimator of f corresponding to the objective function A(-) that is,
/_3 o =argming y i A(y;— x; t). Now if i/ (-) is the derivative of A(-), then /_3 ,, s the M-estimator
corresponding to the score function v (-) and is defined as the solution of the vector equation

> xivr(vi —x;8) =0.

i=1
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It is known (cf. Huber [27]) that under some conditions on the objective function, design vectors
and error distribution F; (8,, — B) with proper scaling has an asymptotically normal distribution
with mean 0 and dispersion matrix 6211, where 02 = sz(al )/Ezw’(sl ).

After introduction of bootstrap by Efron in 1979 [17] as a resampling technique, it has been
widely used as a distributional approximation method. Resampling from the naive empirical dis-
tribution of the centered residuals in a regression setup, called residual bootstrap, was introduced
by Freedman [20]. Freedman [20] and Bickel and Freedman [8] had shown that given data, the
conditional distribution of \/n(B}; — B,) converges to the same normal distribution as the distri-
bution of \/n (l_in — B) when 8 ,, 1s the usual least square estimator of 8, that is, when A(x) = x2.
It implies that the residual bootstrap approximation to the exact distribution of the least square
estimator is first order correct as in the case of normal approximation. The advantage of the resid-
ual bootstrap approximation over normal approximation for the distribution of linear contrasts
of least square estimator for general p was first shown by Navidi [42] by investigating the un-
derlying Edgeworth Expansion (EE); although heuristics behind the same was given by Liu [37]
in restricted case p = 1. Consequently, EE for the general M-estimator of 8 was obtained by
Lahiri [31] when p = 1; whereas the same for the multivariate least square estimator was found
by Qumsiyeh [43]. EE of standardized and studentized versions of the general M-estimator in
multiple linear regression setup was first obtained by Lahiri [32]. Lahiri [32] also established the
second order results for residual bootstrap in regression M-estimation.

A natural generalization of sampling from the naive empirical distribution is to sample from
a weighted empirical distribution to obtain the bootstrap sample residuals. Broadly, the resulting
bootstrap procedure is called the weighted or generalized bootstrap. It was introduced by Mason
and Newton [40] for bootstrapping mean of a collection of IID random variables. Mason and
Newton [40] considered exchangeable weights and established its consistency. Lahiri [32] es-
tablished second order correctness of generalized bootstrap in approximating the distribution of
the M-estimator for the model (1.1) when the weights are chosen in a particular fashion depend-
ing on the design vectors. Wellner and Zhan [48] proved the consistency of infinite dimensional
generalized bootstrapped M-estimators. Consequently, Chatterjee and Bose [10] established dis-
tributional consistency of generalized bootstrap in estimating equations and showed that general-
ized bootstrap can be used in order to estimate the asymptotic variance of the original estimator.
Chatterjee and Bose [10] also mentioned the bias correction essential for achieving second order
correctness. An important special case of generalized bootstrap is the bayesian bootstrap of Ru-
bin [46]. Rao and Zhao [45] showed that the distribution function of M-estimator for the model
(1.1) can be approximated consistently by bayesian bootstrap. See the monograph of Barbe and
Bertail [4] for an extensive study of generalized bootstrap.

A close relative to the generalized bootstrap procedure is the wild bootstrap. It was introduced
by Wu [49] in multiple linear regression model (1.1) with errors ¢;’s being heteroscedastic. Be-
ran [5] justified wild bootstrap method by pointing out that the distribution of the least square
estimator can be approximated consistently by the wild bootstrap approximation. Second order
results of wild bootstrap in heteroscedastic regression model was first established by Liu [37]
when p = 1. Liu [37] also showed that usual residual bootstrap is not capable of approximat-
ing the distribution of the least square estimator upto second order in heteroscedastic setup and
described a modification in resampling procedure which can establish second order correctness.
For general p, the heuristics behind achieving second order correctness by wild bootstrap in ho-
moscedastic least square regression were discussed in Mammen [39]. Recently, Kline and Santos
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[30] developed a score based bootstrap method depending on wild bootstrap in M-estimation for
the homoscedastic model (1.1) and established consistency of the procedure for Wald and La-
grange Multiplier type tests for a class of M-estimators under misspecification and clustering of
data.

A novel bootstrap technique, called the perturbation bootstrap was introduced by Jin, Ying
and Wei [28] as a resampling procedure where the objective function having a U-process struc-
ture was perturbed by non-negative random quantities. Jin, Ying and Wei [28] showed that in
standardized setup, the conditional distribution of the perturbation resampling estimator given
the data and the distribution of the original estimator have the same limiting distribution which
means this resampling method is first order correct without studentization. In a recent work, Min-
nier, Tian and Cai [41] also applied this perturbation resampling method in penalized regression
setup such as Adaptive Lasso, SCAD, [, penalty and showed that the standardized perturbed pe-
nalized estimator is first order correct. But, second order properties of this new bootstrap method
have remained largely unexplored in the context of multiple linear regression. In this current
work, the perturbation bootstrap approximation is shown to be S.O.C. for the distribution of stu-
dentized M-estimator for the regression model (1.1). An extension to the case of independent
and non-IID errors is also established, showing the robustness of perturbation bootstrap towards
the presence of heteroscedasticity. Therefore, besides the existing bootstrap methods, the per-
turbation bootstrap method can also be used in regression M-estimation for making inferences
regarding the regression parameters and higher order accuracy can be achieved than the normal
approximation.

A classical way of studentization in bootstrap setup, in case of regression M-estimator and for
IID errors, is to consider the studentization factor to be o, = s}t ~!, tF =n"131_ ¥/(e}),
si2 =n"1Y 0 P (e)) where ef = y; — xB%, i € {1,...,n}, with B¥ being the perturbation
bootstrapped estimator of §, defined in Section 2. Although the residual bootstrapped estimator
is S.0.C. after straight-forward studentization, the same pivot fails to be S.O.C. in the case of
perturbation bootstrap. Two important special cases are considered as examples in this respect.
The reason behind this failure is that although the bootstrap residuals are sufficient in capturing
the variability of the bootstrapped estimator in residual bootstrap, it is not enough in the case
of perturbation resampling. Modifications have been proposed as remedies and are shown to be
S.0.C. The modifications are based on the novel idea that the variability of the random perturbing
quantities G} (1 <i < n) along with the bootstrap residuals are required to capture the variabil-
ity of the perturbation bootstrapped estimator; whereas individually they are not sufficient. For
technical details, see Section 4.2 and Section 5.1.

With a view to establish second order correctness, we start with the standardized setup and
then proceed to studentization. First, we find a two-term EE of the conditional density of a suit-
able stochastic approximation of the concerned bootstrapped pivot and then we show that it is the
required two-term EE corresponding to the bootstrapped pivot. The result then follows by com-
paring the EE of the bootstrapped pivot with that of underlying original pivot. The techniques
that are to be used in finding EE have been demonstrated and discussed in Bhattacharya and
Ghosh [6], Bhattacharya and Rao [7], Navidi [42], Lahiri [32] and Chatterjee and Lahiri [11].

A significant volume of work is available in bootstrapping M-estimators. We will conclude this
section by briefly reviewing the literature. Bootstrapping M-estimators in linear model has been
studied by Navidi [42], Lahiri [32,34], Rao and Zhao [45], Qumsiyeh [44], Karabulut and Lahiri
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[29], Jin, Ying and Wei [28], Hu [25], El Bantli [18] among others. And in the applications other
than linear model, bootstrapping in M-estimation and its subclasses has been investigated by Ar-
cones and Giné [2], Lahiri [33], Wellner and Zhan [48], Allen and Datta [1], Hu and Kalbfleisch
[26], Hlavka [24], Wang and Zhou [47], Chatterjee and Bose [10], Ma and Kosorok [38], Lahiri
and Zhu [35], Cheng and Huang [13], Feng, He and Hu [19], Lee [36], Cheng [12], among others.

The rest of the paper is organized as follows. Perturbation bootstrap is described briefly in Sec-
tion 2. Section 3 states the assumptions and motivations behind considering those assumptions.
Main results for IID case, along with the modification in bootstrap studentization, are stated in
Section 4. An extension to the case of independent and non-IID errors is proposed in Section 5.
An outline of the proofs are given in Section 6. Section 7 states concluding remarks. The details
of the proofs are available in a supplementary material (Das and Lahiri [14]).

2. Description of perturbation bootstrap

In the perturbation bootstrap, the objective function A(-) has been perturbed several times by
a non-negative random quantity to get a bootstrapped estimate of B. It has nothing to do with
residuals in resampling stage, unlike the residual and weighted bootstrap. More precisely, the
perturbation bootstrap estimator f is defined as

n
B} = argmin Z A(yi — xjt)G}
toio
or in terms of the score function v (-), as the solution of the vector equation
Zx, yi —x;B)G} =0, (2.1

where G?‘, i € {l,...,n} are non-negative and non-degenerate completely known random vari-
ables, considered as perturbation quantities. Note that, if pg+ is the mean of GT, then B n 18
the solution of E(Y_/_; x; ¥ (§)) Gilel, ..., e0) = ) i Xi¥ () g+ =0 where & = y; — X;Bn,
i €{l,...,n}, are the residuals corresponding to the M-estimator ,B,,. This observation will be
helpful in finding a suitable stochastic approximation in bootstrap regime. For details, see Sec-
tion 6.

The central idea of the perturbation bootstrap is to draw a relatively large collection of IID
random samples {(G*b e, Gﬁb ):b=1,..., B} from the distribution of G} and then to find the
conditional empirical distribution of /n (8} — B ,) givendata y; :i =1,...,n, by solving

Zx, yi —x.8)G:* =0

for each b € {1, ..., B}; to approximate the distribution of /n(B . — B) asymptotically. As a
result the bootstrapped distribution may be used as an approximation to the original distribution,
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just like the normal approximation, in constructing confidence intervals and testing of hypotheses
regarding f.

Now, in the perturbation bootstrap M-estimation, G;’s can be thought of as weight corre-
sponding to the ith data point (X;, y;). To make it easier to understand, consider the least square
setup that is, A(x) = x2. In this case B takes the form

n -1 n
= (Z xix;Gf-‘> (Z X; y,-G;"> (2.2)
i=1 i=1

indicating that the perturbing quantities G}’s can be thought of as weights.

Remark 2.1. Consider the least square estimator Bn. Then keeping the asymptotic properties
o n
fixed, the perturbation bootstrap version f8;, of 8, can be defined alternatively as the solution of

Zx, Yo —XB)(G? — 16) + Y 5By — B) it — GF) =0
i=l1
which in turn implies that Bin is the solution of
n
Y iz —xiB) =0, 2.3)
i=1

where 77 = X;ﬁn + éi[uéi(G?‘ — g, & =y — x;ﬁn, i €{1,...,n}. On the other hand, the
simple wild bootstrap version an of f!n is defined as the solution of

Zx, yi —x{B) =0, (2.4)

where y;“ = x;ﬁn +&it;,i €f{l,...,n}and {t1,...,1,} is a set of [ID random variables indepen-
dent of {e1, ..., &,} with Ef; =0, Var(¢;) = 1. Additionally, one needs E(t13) =1 for establish-
ing second order correctness of wild bootstrap approximation (cf. Liu [37], Mammen [39]). Now
Looking at (2.3) and (2.4) and in view of assumption (A.5)(ii), it can be said that the perturba-
tion bootstrap coincides with the wild bootstrap in least square setup. Therefore one can view
perturbation bootstrap as a generalization of the wild bootstrap in regression M-estimation.

Remark 2.2. There is a basic difference between perturbation bootstrap and weighted boot-
strap with respect to the construction of the bootstrapped estimator. Whereas in the perturbation
bootstrap, the bootstrapped estimator is defined through the non-negative and non-degenerate
random perturbations of the objective function; in weighted bootstrap, the bootstrapped esti-
mator is defined through bootstrap samples drawn from a weighted empirical distribution. See
for example the construction of the weighted bootstrapped estimator corresponding to Theo-
rem 2.3 of Lahiri [32] and compare it with our construction as stated in Section 2. However, as
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pointed out by a referee, one can think of the perturbation bootstrap, defined in Section 2, as
the weighted bootstrap version of some statistical functional if the design vectors are random.
Suppose, {(x1, ¥1), ..., (x4, yp)} are IID with underlying probability measure Q. Then one can
write

B=TQ) = argtminEQ[A(yi —xt)]

for some statistical functional 7'(-). Define empirical measures Q, = n~1 Z?:l 1(x;, y;) and
Qu.w = n~! ZLI 1(x;, yi)W; where 1(-) is the indicator function and {Wi,..., W,} are
weights. Then we have Bn =T(Qy,) and B, = T(Q,,w) when W; =G}, i € {l,...,n}. The
weighted bootstrap of general statistical functionals of only the IID random variables is consid-
ered in the monograph of Barbe and Bertail [4]. Second order correctness of weighted bootstrap
of standardized mean of IID random variables was established by Haeusler, Mason and Newton
[22] under two choices of weights. One choice is the non-negative IID weights and the other
one is the self-normalized sum of non-negative IID random variables. Their results were ex-
tended by Barbe and Bertail [4] for general statistical functionals in IID case when the weights
are self-normalized sum of non-negative IID random variables (cf. Corollary 4.1 of Barbe and
Bertail [4]). For general M-estimation, Chatterjee [9] showed that weighted bootstrap estima-
tor is generally biased and established its second order correctness after properly correcting for
the bias. To the best of our knowledge, there is no second order result available in the literature
under studentized setup for general statistical functional. In this article, we have assumed the
design vectors to be non-random, implying that our setup fits neither in the general statistical
functional setup of Barbe and Bertail [4] nor in the general M-estimation setup of Chatterjee [9];
although Theorem 5.1 continue to hold when the design is random. Throughout the article we
consider weights to be non-negative IID. Our main motivation is to explore second order results
in studentized setup which, unlike the standardized (i.e., the known variance) case, is applicable
in practice. Further, we prove our results in the situation when errors are heteroscedastic. We
establish all our second order correctness results without requiring any bias correction.

3. Assumptions

Suppose, X; = (xi1, Xi2, ..., Xip)". Define, D, =D = (}_7_, Xixg)l/z, A, =n"'D% d; =D lx;,

l<i<nandgq = w. Also define, g x 1 vector z; = (xizl,x,-lxiz, .. .,xilxip,xizz,xizxg, cees
Xi2Xip, -+, xl.zp)’ . Note that for any constants a;, ...,a, € R, > ;_; a;z; = 0 which implies and
is implied by > "7, a;x;x; = 0. Hence, {z1, ..., z,} are linearly independent if and only if {x;x; :

1 <i < n} are linearly independent. Therefore, r,, = the rank of Z?:] Z; z; is nondecreasing in n.
So, if r = max{r, : n > 1} then without loss of generality (w.l.g.), we can assume that r, = r for
all n > ¢. Consider canonical decomposition of Y_}_, z;z] as

n
L(Zz,zé)L/ = |:10r g],
i=1
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where L is a ¢ x ¢ non-singular matrix. Partition L as L’ = [} L], where L; is of order r x g.
Define r x 1 vector z; by

z, =L,z;, 1<i<n.

Note that Y7 %z = Li(Q_;_,zz)L]| = L. Suppose, v; = (X;¥(e1),z¢/(1)). z; =
@, n71y.

Let, ®y denotes the normal distribution with mean 0 and dispersion matrix V and ¢y is
the density of ®y. Write ®y = ® and ¢y = ¢ when V is the identity matrix. A’, »” denote
respectively first and second derivatives of real valued function % that is twice differentiable.
Also || - || denotes euclidean norm. For any set B € R” and ¢ > 0, § B denotes the boundary of
B, | B| denotes the cardinality of B and B® = {x:x € R” and d(x, B) < ¢} where d(x, B) =
inf{||x — y|| : y € B}. For a function f : R — R and a non-negative integral vector o =
(ay,00,...,00), D f = D‘l)‘1 --~Df”f, where D(;.[jf denotes o times partial derivative of f
with respect to the jth component of its argument, 1 < j </. Also assume that (e, ..., e p)’ is
the standard basis of RP?. Let, P, and E, respectively denote conditional bootstrap probability
and conditional expectation of G} given data. The class of sets B denotes the collection of borel
subsets of R” satisfying

sup ®((8B)°) = O(e) ase | 0. 3.1
BeB

Next we state the assumptions:

(A.1) ¥ (-) is twice differentiable and 1" (-) satisfies a Lipschitz condition of order & for some
0<2a<1.
(A2) (1) A, — Aj as n — oo for some positive definite matrix Aj.
(i) E(n~! Z:’: 1 V,'Vé) — A, as n — oo for some non-singular matrix A,, where ex-
pectation is with respect to F.
(i) E®n™! > ff,-ffg) — A3 as n — oo for some non-singular matrix Az where V; is
defined as same way as v; with z; being replaced by z;.
(iti) n®2(C0 1di|2)!2 + 370 [zi|* = 0 (™).
(A3) () Ey(e)) =0and o =Ey>(e1)/E(Y/(e1) € (0, 00).
(i) Ely(e)* +El/(en]* + E[Y" (e1)]* < oo
(A.4) G} and ¢; are independent forall 1 <i <n.
(AS) (@) EG}P <oo.
(i) Var(G}) = g, E(G} — ug+)* = pigse.
(iii) (G} — pg~) satisfies Cramer’s condition:

limsup [E(exp(it(G} — ne+)))| < 1.

[t]—o00
(iii) (G} — ng*), (G} — wG+)?) satisfies Cramer’s condition:

lim sup |E(exp(it1 (GT — MG*) + ilz(GT - MG*)z))| <L

[ (t1,02) | =00
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(A.6) (1) (W(e1), ¥ (s1)) satisfies Cramer’s condition:

limsup  [E(exp(iniy (e) +iny'(e))] < 1.

(71, 02) |00
Q) (W(e1), ¥'(e1), ¥2(e1)) satisfies Cramer’s condition:

limsup |E(exp(itiyr(e1) + ity (er) +itsy?(en))] < 1.

(t1,22,83) || > 00

Define v; = x;, z;) where X; = xilp(?,'), z; =2;¥'(&); {€1, ..., &, ) being the set of residuals.
Also, define Ay, =n~' Y1 | %%, and Ay, =n~!' Y1 x;x/y/ (). Note that n =1 Y7, ¥; V) is
an estimate of the matrix E(n ! Y i—; viv;) and due to assumption (A.2)(ii), Y ;_, V;V is non-
singular for sufficiently large n. Hence, without loss of generality the canonical decomposition
of "7, ¥;V! can be assumed as

n
B(Z%%)B’ =1,
i=1
where k = p + g and B is a k x k non-singular matrix. Define k x 1 vector V; by
V,‘ZEV,‘, 1<i<n.

To find valid EE in the perturbation bootstrap regime, the following condition (cf. Navidi [42])
is also required:

(A.7) There exists a § > 0 such that —K,(8)/logy,, — oo where B,(§) ={l <i <n:
(Vit)? > 8y2 for all t € R¥ with [[t|? = 1}, K,,(8) = [B,(5)], the cardinality of the
set B,,(8), and y, = (-1, Vi [)'/2.

But note that the condition (A.7) has already been satisfied in our set up due to Lemma 6.2
and the proposition in Lahiri [32].

Now we briefly explain the assumptions. Assumption (A.1) is smoothness condition on the
score function v (-). This condition is essential for obtaining a Taylor’s expansion of v (-) around
regression errors. Assumption (A.2) presents the regularity conditions on the design vectors nec-
essary to find EE. For the validity of asymptotic normality of the regression M-estimator, only
(A.2)(1) is enough (cf. Huber [27]); whereas additional condition (A.2)(ii) is required for the
validity of the EE. (A.2)(iii) states utmost how fast the L? norm of the design vectors can in-
crease to get a valid EE. This condition is somewhat stronger than the condition (C.6) assumed
in Lahiri [32]; although there was a reduction in accuracy of bootstrap approximation due to this
relaxation. This type of conditions are quite common in the literature of edgeworth expansions in
regression setup; see for example Navidi [42], Qumsiyeh [43]. We now state an example where
assumption (A.2)(iii) is fulfilled.

Example 3.1. Suppose, {X1, ..., X} is a set of independent random vectors where X/) =
(O ST X,,j)’ is a vector of n IID copies of the non-degenerate random variable Xj;j,
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Jj €{l,..., p}. Define, p x p matrix M = ((m x))jk=1,..p Where m, = E(Xlsz%k) and

n x p matrix X = (X1, ..., XP)). Assume, E(X};) = E(ij) =0 and E|Xy[® < oo for all
jef{l,..., p} and det(M) # 0. Then for the design matrix X, assumption (A.2)(iii) holds with
probability 1 (w.p. 1).

Proof. For the design matrix X, x; = (X;1, Xj2, ..., X,~p)’ and z; = (Xizl, XiXi2, .-, Xir Xip,
X XioXi3, .o, XioXip, ..., X]) fori € {1,...,n}.

First note that if all the entries of X are IID then the condition det(M) # 0 is redundant.
By Kolmogorov strong law of large numbers, A, = n~'D? — diag (E(X%l), ce E(X%p)) and

nE S 1x 19F2% — E|x1[|°72¢ both w.p. 1 and hence

n 172 n 12
n(x/z (Z ”dl ||6+2(¥) < na/z ||D—l ||3+Ol (Z ”Xi ||6+2(¥>
i=1

i=1

(3.2)
=o(n") w.p. I.

Again, since M is a non-singular matrix, n ! Y ziz; - N w.p. 1, for some positive definite
matrix N. This implies that ||L|| = O(n~'/?) w.p. 1 and hence

n n

=14 4 4
E llz; I" < |IL] E Il ||
i=1 i=1

=o'y  wp L

(3.3)

Therefore, our claim follows from (3.2) and (3.3). O

Assumption (A.3) is the moment condition on the error variables through the score function
¥ (-). (A.3)(@) is generally assumed to establish asymptotic normality. Assumption (A.4) is in-
herent in the present setup, since G}’s are introduced by us to define the bootstrapped estimator
whereas ¢;’s are already present in the process of data generation. The conditions present in
Assumption (A.5) are moment and smoothness conditions on the perturbing quantities G;’s, re-
quired for the valid two term EE in bootstrap setup. The Cramer’s condition is very common
in the literature of edgeworth expansions. Cramer’s condition is satisfied when the distribution
of (G} — ug+) or (G} — ug), (G} — EGT)Z) has a non-degenerate component which is ab-
solutely continuous with respect to Lebesgue measure (cf. Hall [23]). An immediate choice of
the distribution of G7 is Beta(y, §) where 3y =& = 3/2. Also one can investigate Generalized
Beta family of distributions for more choices of the distribution of G’l‘. Assumption (A.6) is the
Cramer’s condition on the errors. Although this assumption is not needed for obtaining EE of the
bootstrapped estimators, it is needed for obtaining EE for the original M-estimator.

Note that the condition (A.7) is somewhat abstract. Hence as pointed out by a referee, some
clarification would be helpful. To this end, it is worth mentioning that to find formal EE for the
standardized bootstrapped pivot (see Section 4.1), the most difficult step is to show

. g/
max / |D°‘E*e’tTﬂ
le|<p+q+4 JC) <y It <C2

dt=o0,(n""?), (3.4)
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where Cj,C, are non-negative constants and TF = Y7, ()V(;k — E*(X}k)), with X;“ =
Vi(Gi — ) 1(IVi(Gi — =)l < 1). Now it is easy to see that for any |a| < p +¢q + 4,

| DYE,e'tTx| is bounded above by a sum of n'%/-terms, each of which is bounded above by

Cla) - max{E, |X; —E (X)) | i e} - [T [B¥ ],

iel*
where I C {1,...,n} is of size |¢| and I’} = {1,...,n} \ I and C(«) is a constant which
depends only on «.
Now note that forall i € {1,...,n},

E. X7 —E.(X})|*' <2 and

|E*eit/5¢| < |E*eit/\7,-(Gi—uG*)

+ 2P, (|Vi(Gi — ue)| > 1).

Hence, in view of Cramer’s condition (A.5)(iii) and Lemma 6.2, if there exists a sequence of sets
{Juln>1suchthat J, C{1,...,n}andforalli € J,, y, L1¢'¥;| > & for some & > 0, then for some
0 <6 <1 we have

sup{ 1_[ ’E*e' X;

il

:CrL =il < Cz}

< sup{ 1_[ |E. el 't | Ci <t = Cz} (3.5)
ielxn],

S ellzfﬂJ” ‘ .

Again [I}*NJ,| > |J,| — || and y,, > kn~!. Therefore, to achieve (3.4), it is enough to have

2P0+ gal=(ratd) — o (,=1/2),

Hence due to Lemma 6.2, it is enough to have |J,| > a, — C -log y,, for some positive constant C
and a sequence of constants {a,} increasing to co. This observation together with (3.5) justifies
condition (A.7).

We will denote the assumptions (A.1)-(A.5) by (A.1)’—=(A.5)" when (A.2) and (A.5) are re-
spectively defined with (ii)" and (iii)’ instead of (ii) and (iii).

4. Main results

4.1. Rate of perturbation bootstrap approximation

Here we will state the approximation results both in standardized and studentized setup. It is
well known that /n, has asymptotic variance 02A; 1. So, the standardized version of the M-

estimator ﬂn is defined as F,, = \/n a’lAl/ 2(/3” — B). Now to define the standardized version of



664 D. Das and S.N. Lahiri

the corresponding bootstrapped statistic 8, we need its conditional asymptotic variance, given
the data. Usmg Taylor s expansion, it is quite easy to get | the condltlonal asymptotic variance of
Jn B as Al A2,,A . Note that inverse of the matrices A ! and A ! are well defined for suffi-
ciently large sample 51ze n due to the assumption (A.2)(i) and (A. 3)(11) Hence, the standardized
bootstrapped M-estimator F}; can be defined as

F: = \/ﬁi;lﬂ(ﬂ: - Bn)’

where f) A_l/ 2A1,,, A2n2 being defined in terms of the spectral decomposition of Azn;
although it can be deﬁned in many different ways (cf. Lahiri [33]). Under some regularity con-
ditions, both the distribution of F, and the conditional distribution of F}; can be shown to be
approximated asymptotically by a Normal distribution with mean 0 and variance I,,. Hence, it is
straightforward that perturbation bootstrap approximation to the distribution of the M-estimator
is first order correct. The second order result in standardized case is formally stated in Theo-
rem4.1.

Proposition 4.1. Suppose, the assumptions (A.1)—(A4), (A.5)() hold. Then there exist constant

C1 > 0 and a sequence of Borel sets Q1, C R", such that P((e1,...,&,) € Q1) —> lasn — oo,
and given (g1, ..., &) € Qn, n > Cy such that there exists a sequence of statistics {B}n>1 such
that

P*(ﬂ,’; solves (2.1) and ||ﬂ:; -8, || <C,-n1?%. (logn)l/z) >1—8,n 12,
where §, =6, (e1, ..., &) tends to 0.
Theorem 4.1. Let {B)},>1 be a sequence of statistics satisfying Proposition 4.1 depending on
(&1,-..,€&n). Assume, the assumptions (A.1)—(A.5) hold.

(a) Then there exist constant Cy > 0 and a sequence of Borel sets Qx, € R" and polynomial
ay (-, ¥, G*) depending on first three moments of G} and on Y (), ¥'(-) & ¥" () through
the residuals {€1,...,&,} such that given (e1,...,€&,) € Qon, with P((e1,...,&,) €
Q2,) — 1, we have for n > Cj,

sup
BesB

P*(F: € B) —/ £ (x)dx
B

where £F(x) = (1 +n~"2a*(x, ¥, G*))¢ (x) and 8, = 8,(¢1, ..., &) tends to 0.
(b) Suppose in addition assumption (A.6)(i) holds. Then we have,

sup |P.(F% € B) — P(F, € B)| =0, (n'/?).
BesB

Now, the quantity o2 is mostly unavailable in practical circumstances. Hence, the non-pivotal
quantity like F,, is very rare in use in providing valid inferences. It is more reasonable to ex-
plore the asymptotic properties of a pivotal quantity, like the studentized version of the M-
estimator 8,,. Depending on the observed residuals & = y; — X: ﬂn,z € {1,...,n}, the nat-

ural way to define an estimator of o2 is 6,% where 6, = s, 7, 1, T, =n 12;:1 ¥'(&;) and
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2—p! > ¥2(g;). Hence, the studentized M-estimator in regression setup may be defined

55 =
asH, = /no,; lA,l/ 2(,3,, — B). Define the studentized version of the corresponding bootstrapped
estimator as
1A e—12 -
H! = /no 6,2, (,B;; — ﬂn),
N o—1/2

where of = siti 7! =07 Y Y(el), si2 =T Y ¥2(ef) and 67 and X, /% are as
defined earlier.

Theorem 4.2. Suppose, the assumptions (A.1)—(A.5) hold.

(a) Then there exist constant C3 > 0 and a sequence of Borel sets Q3, C R" and polynomial
ay (-, ¥, G*) depending on first three moments of G7 and on (), ¥'(-) & ¥ () through
the residuals {€1,...,&,}, such that given (e1,...,¢&,) € Q3,, with P((e1,...,&,) €

Q3,) — 1, we have for n > Cs,

sup
BeB

P*(HjeB)—/ £¥(x) dx
B

where £*(x) = (1 4+ n~12a* (x, ¥, G*))p(X) and 8, = 8,(s1, ..., €,) tends to 0.
Suppose in addition assumption (A.6)(i) holds. Then
(b) for the collection of Borel sets B defined by (3.1),

sup [P,(H} € B) —P(H, € B)| = Op(n—l/z);
Be8B

() if2Ey2(e1)EV(e))V¥ (1) # EY/ (e1) EV(e1), then there exists & > 0 such that,

P(liminf V| sup [P.(H; € B) — P(H, € B)| | > ¢) = 1.
n—oo BeB

Remark 4.1. Proposition 4.1 states that there exists a sequence of perturbation bootstrapped
estimator B, within a neighborhood of length C-n~ 172 (log n)!/? around the original M-estimator
Bn outside a set of bootstrap probability o, (n~'/2). This existence result is essential in finding
valid EEs in bootstrap regime. This can be compared with Theorem 2.3(a) of Lahiri [32], where
similar kind of result was shown in case of residual and generalized bootstrap.

Remark 4.2. Note that, where as the error term in approximating the distribution of M-estimator
by perturbation bootstrap is of order O, (n~'?) in the prevalent studentize setup, it reduces
the order of the error of approximation to o, (n~1/2) in simple standardized setup. This means
that the difference between coefficients corresponding to the term n~!/2 in the EEs of original
and bootstrapped estimator can be made arbitrarily small in standardized setup, but not in usual
studentized setup.

Remark 4.3. To understand part (c) of Theorem 4.2, consider the usual least square estimator. In
least square setup, the condition in the Theorem 4.2(c) reduces to Ee> 0. This simply means
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that if the studentization in perturbation bootstrapped version is performed analogously as in
case of original least square estimator, then the bootstrap distribution can not correct the original
distribution upto second order. If this is investigated more deeply, then it can be observed that the
usual studentized perturbation bootstrap approximation can not correct for the skewness of the
error distribution F'.

4.1.1. Examples

Theorem 4.2 concludes that the standard way of performing studentization of the bootstrapped
estimator is first order correct. In order to show that the usual studentized setup is not second
order correct, we consider following two important special cases with 1 (x) = x.

Example 4.1. Consider the observations {y, ..., ¥,} are coming from the distribution F with a
location shift . This in terms of regression model becomes

Yi=p+ ¢

Hence, in thissetup p=1,=pn anc~1 xi=1 fgr alli e {l,...,n}.
It can be shown that in this setup, &,(-) and &, (-), the EE of H,, and H respectively, turn out
to be

E.0)=|1-n"121b i+6—113 d—3 é(x)
n(X) = o 3173 ;

P —1/2 ) 7% d —17% d3
E,x)=|1-n bua +6 b31@ #(x),
where
b= =20 S, by = —2073Ee),
n n
b}, = —2crn_1n_1 Zéi, b3 = 0”_3 — 120”_111_1 Zéi.
i=1 i=1

It is clear that I;Tl as well as 15’;1 are not converging respectively to by1 and b3; in probability
and hence the perturbation bootstrap method is not second order correct in the above setup when
the bootstrapped estimator is studentized in the usual manner.

Example 4.2. Consider the simple linear regression model

yi = Bo+ Bixi + i,

where B and B are parameters of interest and &;’s are IID errors. This model, in terms of our
multivariate linear regression structure, can be written as y; = i;ﬂ + &; where B = (Bp, B1)’ and
%; = (1, x;). Hence, the EEs of the original and bootstrapped estimators up to the order o(n~1/?),
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after usual studentization, respectively becomes

i 02 P R
E,(v1, ) = ~1/2 Zb J meﬁ‘” P (1. y2).

Jj=0

i 2 ) 5 BLpUsi
& 1, y2) = [1 —”_1/2{ Db ) hD('lﬁ_””M}’l,yz),

j=1 j=0

where

by =2 [ —IZeA 5 }m,

I;ﬁj) =o0p(1),

where (e, ..., e[,)/ is the standard basis of R”, j = 1 or 2, y; is the coefficient of skewness of 1,
Ap=n"1Y0 %% = [; ;2] where ¥ =n~1 Y7 | x; and X2 =n"1 Y ! x2. Ay, is as defined
in general setup with X; in place of x; for i € {1, ..., n}. The form of the coefficients l;g'{"jZ) and
l;;ij 1272) are given in the supplementary material (Das and Lahiri [14]) for all (ji, j2) € {(a, b) :
a,be{0,1,2,3} anda + b = 3}.

Note that, the coefficients bg’l), 1 < j < p, all can not vanish together unless y; = 0 and hence
blin bij)

can not converge to by|" unless y; = 0. Similarly, it can be shown that same condition is

required to have the closeness of the coefficients 5;{’3_j ) and l;;kij 379, Hence, the two EEs can
not get closer unless y; = 0, similar to the Example 4.1. This is exactly what is stated in the part
(c) of Theorem 4.2 in most general form.

4.2. Modification to the bootstrapped pivot

As it has been seen that HY, the usual studentized version of the perturbation bootstrapped es-
timator is not attending the desired optimal rate o p(n’l/ 2), so in the perspective of statistical
inference, perturbation bootstrap is not advantageous over asymptotic normal approximation.
For the sake of obtaining second order correctness, define the modified studentized ﬂ:‘, as

~ 1r @—1/2
i = n(57) 6.5, " (8; — B.). @.1)
where 6 =551 ¥ =n 12, VY (EDGE 5 =0T YT v EN(GE — )
The bootstrapped statistic HZ can be seen to be achieving the optimal rate, namely o), (n~1/2),
in approximating the original studentized M-estimator H,,, which is formally stated in the fol-

lowing theorem:

Theorem 4.3. Suppose, the assumptions (A.1)'—(A.5) hold. Also assume E GT4 < 00.
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(a) Then there exist constant C4 > 0 and a sequence of Borel sets Qa, C R" and polynomial
ay (-, ¥, G*) depending on first three moments of G} and on Y (), ¥'(-) & ¥" () through
the residuals {€1,...,&,}, such that given (e1,...,€&,) € Qun, with P((e1,...,&,) €

Qun) — 1, we have for n > Cy,

<502

sup
BeB

P.(H; € B) — / EX(x) dx ,
B
where £*(x) = (1 +n~'2a*(x, ¥, G*))¢ (x) and 8, = 8, (&1, ..., &) tends to 0.
(b) Suppose, in addition (A.6)(i) holds. Then, for the collection of Borel sets defined by (3.1),

sup |P.(H: € B) — P(H,, € B)| = 0, (n"'/?).
Be&B

Remark 4.4. The modification that is needed to make the perturbation bootstrap method correct
up to second order, suggests that besides incorporating the effect of bootstrap randomization
through ¥ (-) and v/’ (-) in the studentization factor of the bootstrap estimator, it is also essential to
blend properly the effect of randomization that is coming directly from the perturbing quantities
G?’s.

Remark 4.5. As pointed out by a referee, the usefulness of the above results depend criti-
cally on the rate of the probability P((e1,...,&, € Qin)), i = 1,2, 3,4. Following the steps
of the proofs, it can be shown that P((¢1,...,6, € Qy)) =1 — O(n_l/z(logn)_2+V2) where
Q, = ﬂ?zl Qin, for some y» € (0, 2), although the rate can be improved under moment condi-
tion stronger than (A.3)(ii). In general, if E[y (e1)]?” + E[y/'(e1) |2 + E[y" (e1)]|"* < oo for
some natural number y3 > 2, then analogously it can be shown that P((¢q,...,&, € Q) =
1 — 0(n~®=3/2(logn)~73*72) for some y; € (0, y3). This implies that second order correct-
ness of perturbation bootstrap can be established in almost sure sense under higher moment
condition.

Remark 4.6. The condition (3.1) on the collection of Borel subsets 8B of R?, that is considered
in the above theorems, is somewhat abstract. This condition is needed for achieving two goals.
One is to obtain valid EE for the normalized part of the underlying pivot (cf. Corollary 20.4
of Bhattacharya and Rao [7]) and the other one is to bound the remainder term with an order
o(n~1/2) with probability (or bootstrap probability) 1 — o(n~1/2). These two together allow us to
get EE for the underlying pivots. A natural choice for 8 is the collection of all Borel measurable
convex subsets of R”.

5. Extension to independent and non-identically distributed
errors

In this section, we will extend second order results of perturbation bootstrap to the model (1.1)
with independent and non-identically distributed [hereafter referred to as non-IID] errors. Clearly
the case of non-IID errors includes the situation when the regression errors are heteroscedastic.
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In many practical situations, the measurements obtained have different variability due to a num-
ber of reasons and hence it is crucial for an inference procedure to be robust towards the presence
of heteroscedasticity. We will show that perturbation bootstrap can approximate the exact distri-
bution of the regression M-estimator ,, up to second order even when the errors are non-1ID.

Before stating second order result in non-IID case, we describe briefly the literature available
on bootstrap methods in heteroscedastic regression. Although there is huge literature available
on bootstrap in homoscedastic regression, literature on bootstrap in heteroscedastic regression
models is limited. Wu [49] mentioned the limitation of residual bootstrap in heteroscedasticity
and introduced wild bootstrap in least square regression. Beran [5] gave justification behind con-
sistency of wild bootstrap. Liu [37] established second order correctness of wild bootstrap in
heteroscedastic least square regression when dimension p = 1. Liu [37] proposed a modification
of residual bootstrap in resampling stage and gave justification behind second order correctness.
You and Chen [50] proved consistency of wild bootstrap in approximating the distribution of least
square estimator in semiparametric heteroscedastic regression model. Davidson and Flachaire
[15] and Davidson and MacKinnon [16] developed wild bootstrap procedure for testing the coef-
ficients in heteroscedastic linear regression. Arlot [3] developed a resampling-based penalization
procedure for model selection based on exchangeable weighted bootstrap.

We state some additional assumptions needed to establish second order correctness. Define,

A=Y xixXEy/() and Agy =n 1 Y0 xix{ B2 (ep).
(A2) (i) n™2 30y %012+ 200 11z 1 max{1, Ely/ (ep) [ = O (™).
(A3) () Ey(s;)=0foralliel(l,... n).
(i) n= 'Y [Ely ()Y + E[Y/ () 15TV + Ely (61)|*TV] = O(1) for some v > 0.
(A.6) (1) (V(en), ¥ (gn), wz(e,,));il satisfies Cramer’s condition in a uniform sense i.e. for
any positive b,

limsup sup  |E(exp(itiv(en) +ita¥f'(en) + it31//2(8,,)))| <1.

=00 ||(11,12,13)||>b

(A.8) A1, and Ay, both converge to non-singular matrices as n — oo.

We will denote the assumptions (A.1)-(A.4) by (A.1)"—(A.4)” when (A.2) is defined with
(iii)” instead of (iii) and (A.3) is defined with (i)”, (ii)”" in place of (i) and (ii) respectively.

5.1. Rate of perturbation bootstrap approximation

Note that when the regression errors are non-identically distributed, \/n B ,, has asymptotic vari-
ance A}, AznA . Hence, the natural way of defining studentized pivot corresponding to ﬂn
is

H,=n%, "B, -B).
where £,/ = AJ1?A1, with Ay, = n~! Y7 XXy (1), Agy = 0! Y, xiX/y2 (&) and
& =Yy —X; Bn, i €{l,...,n}. Define the corresponding bootstrap pivot as

H: = /nz) (B2 - B,).
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*—1/2 *—1/2

. —1 n
where X, =A, TTAT, with ef =y; —xBy, A, =n"" Y} I xiX(y/(e7)GF and A} =

n Y XX (e (G — gt i €1, n),

Theorem 5.1. Suppose, the assumptions (A.1)"—(A.4)" and (A.5)() hold.

(a) Then there exist constant Cs > 0 and a sequence of Borel sets Qs, € R", such that

P((e1,...,&1) € Qsy) = 1 as n — o0, and given (g1, ..., &,) € Qs,, n > Cs such that
there exists a sequence of statistics {B}n>1 such that

P, (B, solves 2.1) and | B; = B,| < Cs-n™"/> - (logm)'?) = 1 = o(n™1/?).

(b) Suppose in addition (A.5)(ii), (iii) and (A.8) hold. Then there exist polynomial
ay (-, ¥, G*) depending on first three moments of G and on Yy (-), ¥'(-) & ¥"(-) through

the residuals {€1, ..., &,}, such that given (g1, ..., &,) € Qs,, we have for n > Cs,
sup P*(I:IZ € B) —/ EX(x)dx| < 8,n" 12,
BeB B

where E*(x) = (1 +n~'2a* (x, ¥, G*)p(x) and 8, = 8, (€1, . .., &,) tends to 0.
(c) Suppose, in addition to the assumptions (A.1)"—(A.4)", (A.5)(), (i), (iii) and (A.8),
(A.6)(1)" holds. Then, for the collection of Borel sets defined by (3.1),

sup |P*(I:IZ €B)— PH, € B)| = Op(nfl/z).
BeB

Remark 5.1. The form of the studentized pivot I:IZ, defined for achieving second order cor-
rectness in non-IID case is different from I:I;‘,‘, due to the difference in asymptotic variances
of ﬁn in two setups. In non-IID case, one cannot ignore computation of the negative square
root of a matrix at each bootstrap iteration. But Theorem 5.1 is more general than Theorem 4.3
in the sense that it also includes the case when errors are IID. Note that 2_2: = AT; IAZAT; !
where A% =n"!3"  x;xy/(ef) and A3 =n~' Y x;x[y%(ef) and o, = i7" where
T =" Y (D), 52 =n ! Y ¥2(e)). We need to modify X, and o to X% and &
respectively to achieve second order correctness.

Remark 5.2. There is no difference in employing perturbation bootstrap and the usual residual
bootstrap with respect to the accuracy of inference. Under some mild conditions, both are sec-
ond order correct. But in view Theorem 5.1, the advantage of employing perturbation bootstrap
instead of residual counterpart is evident when the errors are no longer identically distributed.
Perturbation bootstrap continues to be S.O.C. in non-IID case without any modification, whereas
a modification in the resampling stage is required for residual bootstrap to achieve the same. To
see this, consider the heteroscedastic simple linear regression model

yi = Bxi + &, (5.1
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where ¢;’s are independent, E¢; = 0 and Esl.z = aiz. The least square estimator of S is
B =" xivi/ Y0, x? and hence Var(f) = Y-, x?a2/(31_, x2)%. The bootstrap obser-

l

vations in residual bootstrap are y* = x; 8 + e where {e],..., e} is a random sample from
{e1—@),...,(en—&)},e=n"'Y"_|e;jande; = y; —x;B,i €{1,...,n},are least square resid-
uals. The residual bootstrapped least square estimator is ** = Y"1 | x;y**/ Y 7, xiz. Hence,
Var(B**eq, ..., e0) = Y 1 (ei — &)/ D x? where n ! 37 _|[(e; — &) — 0] —> Oasn —
00. Thus Var(8**|eq, ..., &,) is not a consistent estimator of Var(8)and hence residual bootstrap
is not second order correct in approximating the distribution of 8 when errors are heteroscedas-
tic. For details, see Liu [37]. On the other hand, if 8* is the perturbation bootstrapped least square
estimator, then it is easy to show Var(8*|e1,...,&,) =D 1, xizaf/(Zf':l xiz)2 + 0, ). Ad-
ditionally, a centering adjustment is required in the definition of residual bootstrapped version of
the regression M-estimator to achieve second order correctness even when the regression errors
are IID (cf. Lahiri [32]); whereas in the perturbation bootstrap no adjustment is needed.

Remark 5.3. In view of second order correctness of bootstrap in heteroscedastic linear regres-
sion, Theorem 5.1 is the most general result available. Nonparametric or residual bootstrap fails
in heteroscedasticity, as shown by Liu [37]. Liu [37] developed a weighted bootstrap method
as a modification of residual bootstrap in least square setup for the simple linear regression
model (5.1). She proposed the weight to be x;/ Y 7, xi2 corresponding to ith centered residual
(e; —en),i €{1,...,n},toachieve second order correctness. There is no general theory available
on weighted bootstrap for the multiple linear regression model (1.1) even in heteroscedastic least
square setup, to the best our knowledge.

6. Proofs

First, we define some notations. Throughout this section, C, Cy, C>, ... will denote generic
constants that do not depend on the variables like n, x, and so on. For a non-negative inte-
gral vector o« = (1, a2, ...,a;) and a function f = (f1, f2,..., 1) : R > R[> 1, write
lel = a1+ oy, el =ol-oql, =) (). Fort=(t1,....11) € R' and & as
above, define t* = tf” S tla !. The collection B8 will always be used to denote the collection of
Borel subsets of R” which satisfy (3.1). g+ and oé* will respectively denote mean and vari-
ance of G]. We want to mention here that only the important steps are presented in the proofs
of the proposition and the theorems. For further details, see the supplementary material Das and
Lahiri [14]. Although the proofs for second order results of perturbation bootstrap go through
more or less same line as that for residual bootstrap in Lahiri [32], the advantage in perturbation
bootstrap is that the perturbing quantities are independent of the regression errors and hence it is
much easier to obtain suitable stochastic approximation to the bootstrapped pivot and finally the
EE than the same in case of residual bootstrap. On the negative side, in our proofs at least we
need Cramer’s condition separately on regression errors and on the perturbing quantities [see as-
sumptions (A.5) and (A.6)], whereas for residual bootstrap, one can derive a restricted Cramer’s
condition on resampled residuals from the Cramer’s condition on regression errors to obtain sec-
ond order correctness. Moreover, second order results can be established for residual bootstrap,
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after a modification, without any Cramer type condition in the case p = 1 (cf. Karabulut and
Lahiri [29]). We do not know yet if similar conclusion can be drawn in case of perturbation
bootstrap.

Before coming to the proofs we state some lemmas:

Lemma 6.1. Let, {Y; = (Y;1, Yi2)', 1 <i <n} be a collection of mean zero independent random
vectors. Define, for some non random vectors ly; and ly; of dimensions p1 and p> respectively

with Y_ il =1, and 7 = (252 X0y IilH'72 = 0=/,
n
U= YY), Vi= Cov<Z U,-), U =V, 'y,
i=1

for1<i<n,and S, =Y"_,U;. Let &, =n~ 'S/ E|Y IPT(IY:N1? > 29,70, where 1(-) is
the indicator function and )\ satisfies 0 < A < liminf,_, o Ay, A; = the smallest eigen value of
i, X; = Cov(Y;). Suppose, {(Mon}n>1, (Mintn>1,i =1,..., p be (p + 1) sequence of matri-
ces such that for each n > 1, My, is of order p X (p +r). and Mi,, 1 <i < p, are of order
(p+r)x(p+r),p=1,r=1. Let,k=p+r, Mg, =[0: I],xx and My, :[Mé)n :Mé)n]/‘
Define the functions gy : R¥ — RP by g,(X) = MopX + (X Mi,X, ..., X M,x), x € R¥, n > 1.
Assume that

(a) there exists a constant k such that n=" Y ENY; I? <k foralln>1,

(®) a, =o(1);

© Zhe Bharacteristic Junction g, of Y, satisfies limsup,,_, . Supj =5 182 (&) < 1 for all
> 0;

(d) max{||[Mi,|l:1=<i<p}=0n);

(e) [[Monll = O(1), liminf,_, o inf{|[Mo,u] : ull = 1, u € R¥} > § for some constant § > 0.

Then for the class B of Borel sets satisfying (3.1),

sup P(gn(Sn)eB)—/ £,(x) dx| =0(},)  asn— oo,
B

BeB

where é‘,, O=0+ n_1/26°l(-))¢]°)n ), f)n = MOan),, and a(-) is a polynomial whose coefficients
are continuous functions of E(Y;)%, || <3 andi €{1,...,n}.

Proof. The above lemma follows from Theorem 20.6 of Bhattacharya and Rao [7] and retracting
the proofs of Lemma 3.1 and 3.2 of Lahiri [32]. O

Lemma 6.2. Under the assumptions (A.1)—=(A.3) or (A.1)"—(A.3)", it follows that

N 1/2
(Z ||vi||4> =0,(n"'7?).
i=1

Proof. See supplementary material (Das and Lahiri [14]). ]
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Lemma 6.3. Under the assumptions (A.2)(i) and (A.2)(iii) or (A.2)(iii)", the following is true.

@ Qi i O + T, 14192 = 0(n~1/3).
®) Y I I/ = O@n) for j =3,4,5,6,6 + 2a when the errors are IID and for j =
6 +2a,3,...,12 when the errors are non-I1ID.

Proof. This lemma follows from assumption (A.2) and by applying Holders inequality. (I

We present only outline of the proofs of the main results from Sections 4 and 5 to save space.
For details, see the supplementary material (Das and Lahiri [14]).

6.1. Outline of the proof of Proposition 4.1

Suppose,

le —X/t5)G =0.

Then by Taylor’s expansion we have,

* * * . [x (ﬂn_t )]2 ” *
Zx,w(e»G +Zx, n = EWEDGT + ) %=y )G =0, (6.1)
i=1

where foreachi € {1,...,n}, lu; — &| <le} — &].
Now (6.1) can be written as

Li(t—B,) =A%+ R (6.2)
where

n
Ar=n""Y "X @) (GF — ue).

i=1

n
Ly=n""Y"xxjy/ )G},

i=1

n
E.Ly=n""Y xixy/'E)pcr

i=1
n _ R
R* —12 [X (ﬁn )] b AL, LR NG,

By Fuk and Nagaev inequality [21] [hereafter referred to as FN(71)], Lemma 6.3, the Lipschitz
property of ¥”(-) and the Taylor’s expansion of v (-) and v’(-), it follows that there exist a
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constant C > 0 and a sequence of Borel sets Q, € R", such that given (¢1,...,&,) € Q, with
P((e1,...,e4) €Qy) > 1, forn>CandanyO<e < 1,

m(
p*(

Hence, from (6.3)-(6.5), on the set Q, and given (e1,...,&,) € Q, with P((e1,...,&,) €
Q,) — 1, for n > Cy, (6.2) can be rewritten as (t) — Bn) = fu(th — ,B,,), where f, is a
continuous function from R? to RP satisfying Py (|| f,(t: — B, < C1 - n~ 2 (logn)'/?) =
1 —o(n~'/?) as n — oo whenever [[t5 — B,,| < C; - n~'/?(logn)'/? for some constants C; > 0.

Hence, Proposition 4.1 follows by Brouwer’s fixed point theorem.

n
> kil (G — EGY)

i=1

> ne) = o(n_l/z), (6.3)

> xijxi¥' &) (G — EGY)

i=1

>n8> :o(nil/z), j.ke{l,..., p}, (6.4)

P.(|ak] > C-n7'2ogn)'/?) = o(n"/?). (6.5)

6.2. Outline of the proof of Theorem 4.1

Consider, the sequence of statistics {#},>1 which satisfies the proposition. Then (6.2) can be
written as

V(B = Ba) =Ly n[ A+ X + R}, (6.6)
=L /nAl 4+ RS, (6.7)

rR¥_R V12
where 7 =~ 0 x SBEOL g1 ) G
Now, by FN(71), for some constant C > 0,

P*(HR* H >C- n7(2+“)/2(10gn)(2+°‘)/2) = op(rf]/z)

1n

and
P.(|Rs,| > C-n ' (logn)) = 0,(n1?).
Again,
Lyt = (BLy) "+ W+ 2 6.8)
where

W = (B LY) " (BuLf — LF)(E,LY)

n n

Zy = (B.L}) " (BuL} - L) (BaLy) (B — Ly)L3.

n n
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Now, it can be shown by FN(71) that for some constant C1 > 0, as n > Cy,
P.(|Z;| > C1-n~ 2 (ogn) ™)
<P.(|L} —E.L}| > Ci -n~*(ogn)~/?) (6.9)
—o0p(n™17).

Therefore, it follows that there exists C; > 0 and a sequence of Borel sets Qy,, such that
P((e1,...,&1) € Qzy) = 1 as n — o0, and given (¢4, ...,&,) € Qy and n > C»,

Sn(B: = By) = (ELLE) ™ VAL + Wi/nAL + (ELE) ™ Vax) + Ry, (6.10)

where
x=n"" Z L ((E*L*) AP e
and
P. ([R5, [ =o0(n7'2)) =1—o(u™"7).
Since E = 0,(1), so by argument similar to (4.12) of Qumsiyeh [43], we have
sup [P.(F; & B) —P.(U; € B)| =op(n™""%). 6.11)
€

where U = n%, P I(B, L) A% + WEAF + (B L) 1],
Now, forall 1 <i <n, d~eﬁning YF=(Gf — g, Xf =V, Y*, Vi=3"7" Cov. (X)), X} =
V72X and S7 = Y7, X7, it can be established that
Ul =M, SE + (SYM],SE, ..., SIM%, S, (6.12)

pnn

where M, = 0, (1) and M}, = O,(n~%) forall je{l,..., p.
Therefore, by Lemmas 6.1 and 6.2,

sup P*(U;;eB)—/g;:(x)dx =o0,(n""?)  asn— oo, (6.13)
BeB B
where
*(v)
£(x) =[ _n—1/2{ Y bD+ Z by D“”¢(x) (6.14)
[v|=1 [v|=3 !

Now, the coefficients bﬁw and b;iv) can be computed using the transformation techniques of
Bhattacharya and Ghosh [6]. If v| is a p x 1 vector with all the elements being 0, except the jth
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one and v; is a p x 1 vector with all the elements being 0, except the ji, j» and j3 positions then
after some algebraic calculations it can be shown that

b = thn<” Z[ZEEZnAlixiw(éi)w’(éi)])

i=1
(6.15)

+@n)~ 1Za,m, A AL XY (E),

*(vz) nl Z|:<1_[1 ;,,in>1/f3(gi)j|

2n~? Z Jll" len( J3k”Z EknAln )wz(él)W(gj)w/(éj)
ij=1L

n )4
2n—2Z (Z Jzknz;EznAf;w)W(é»wﬂw%é» (6.16)
i,j=1L k=1

n p
2n~2 Z @i W(Zh,.knzéEznAntXj)W(éi)wé/)w’(é»
i, j=1L k=1 J
n - -
3070 D @@ (KA XA LX) Y GV EDYEE)).
i jl=1
where 1&1,1 and Azn are as defined earlier and Az_nl /2 = (hyy, ..., hy,), h WX = a;‘m, hj, =
(Mijny .o shpjn), JE{1,...,pliell,....,n} andE TniSaq X pmatrlx w1th ||E || <gq for all
kell,..., p}.
Now, one can find the two term EE of F,, = \/ﬁo’lA,i/ 2(/3 , — B) in similar way such that (for
details, see Lahiri [32])

sup P(FneB)—/ g.x)dx|=o0(n"'?)  asn— oo, (6.17)
BeB B
where
(V)
sn<x)=[ —I/Z{Zb“h)w Y o D“”«p(x) (6.18)
[v|=1 [v|=3 '

where the coefficients b{"" and b{"?) are such that for all j, ji, j2, j3 € {1,..., p}, B —p)y

and (b*(vz) bng)) both can be shown to converge in probability to 0. Hence by (6.12)—(6.18),
Theorem 4.1 follows.



S.0.C. of perturbation bootstrap 677
6.3. Outline of the proof of Theorem 4.2

We have,
1A =—1/2 -
H: = Jno; 16,2, "% (% - B,). (6.19)

where o,F is as defined earlier. Now using Taylor’s expansion and Lipschitz property of ¢ (-), it
can be established that

H: =F: — J/n6,%, 25 ((B.L?) ' AZ) + R}, (6.20)

where

Zx = (2s31l)” |:21:,, ( ZW//( DX ((EL;)™ ;)])
2 - - /= / *\ *
—rf(;§w<ei)w ED[x; ((ExLyy) lAn)]ﬂ

and there exist constants C3 > 0 and a sequence of Borel sets Q3, such that P(Q3,) 1 1 and
given (g1, ...,&,) € Q3, and n > C3,

(| R}y = oa™2)) = 1~ o(n7). 621)
Therefore, writing H as H} = U* + R} s WE have
fj:: = MOn*S,’; + (S:/Mln*sg s S:/Mpn*sﬁ),, (6.22)

where Mo,« = 0, (1) and Mf;n =0,(n""?) forall je{l,..., p}.
Hence, by Lemma 6.1,

sup P*(ﬁjj €B)— / EX(x)dx| = op(n_l/z) asn — 0o (6.23)
BesB B
where
. *(V)
[v|=1 [v|=3 !

Hence part (a) follows by (4.12) of Qumsiyeh [43].
Suppose the two term EE of the original studentized regression M-estimator H, =

6 A B, — B is

(v)
E,(x) = [1 —n_l/z{ PIIEY by D””qs(x) (6.25)

lv|=1 v|=3



678 D. Das and S.N. Lahiri

Now part (b) of Theorem 4.2 follows directly by comparing (6.24) and (6.25). Again after some
algebraic calculations, it can be shown that 155'1) and 55‘? both contain terms involving [2E w (e1)
Ey(e))y'(e1) — EY’ (81)E1//‘ (¢1)] which cannot be replicated by the terms present in b (”) and

*(") (cf. Supplementary material (Das and Lahiri [14])). Hence part (c) of Theorem 4.2 follows

6.4. Outline of the proof of Theorem 4.3

We have the modified studentized bootstrapped M-estimator as,

~ A <—1/2
H; = vn(57)'6,%, (B}~ B). (6.26)
where 6 =55TF1, £* —n—lz” (W (NG and 52 =n~ Y w2(e9)(GF — pugr)?. Also

n-n
suppose, T, = (LG*T, and § s = aé*s2

Now using the same hne of arguments which is working behind (6.20) in the proof of Theo-
rem 4.2, it can be shown that

— V2, (25 = ZE)(BaLy) T AY) + RS, 627)

where Z* is as defined in the proof of Theorem 4.2 and Z;l" is defined as

Zr=2"1 %52 [2%,15,3 (n“ > v'EN(GF - uc*))

i=1

— 72 <n‘1 Xn: V2E[(GF - ner)’ - Ué*])}

i=1

and there exist constant C4 > 0 and a sequence of Borel sets Qu,, such that P(Qg,) 1 1 and given
(e1,...,&n) € Quyand n > Cy,

P.(|Rs, | =0(n™' ) =1—0(n"""?). (6.28)

Therefore, defining Y|, = G} — g+, ¥y, = (Gf — wee)* — O'G*, Xf=(.Y],n n=1292(E;) x
Y3, V=31 Covi (X)), X;“ =V, 1/2X;", Sk = Y X;‘ with v; defined with z; in place
of z;.

Hence, we have H* as H* U* + R3S, where

Uy =M;,S; + (SyM},S;. ... Sy /M3, S5’ (6.29)
with M} = 0, (1) and M;n = op(njl/Z) forall je{l,..., p}.
Hence, there exists a two term EE £*(-), as in Theorem 4.2, such that

sup =o0,(n""?)  asn— oco. (6.30)

BeB

P*(ﬁZeB)—/ E* (x) dx
B
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Now, £*(-) can be found explicitly as in standardized case. See supplementary material Das
and Labhiri [14] for more details. Again if §,;k (+) is compared with §n (), given by (6.25), then it can
be established that all the coefficients in é,’f(-) are close in probability to that of én (+), unlike the
case of naive studentized bootstrapped estimator. One point we want to make here that the term
Z;f which is present in the expression of I:Ij;, unlike the expression of HY, introduces important
third order terms which are crucial in getting second order correctness. Therefore, Theorem 4.3
follows.

6.5. Outline of the proof of Theorem 5.1

See supplementary material (Das and Lahiri [14]).

7. Conclusion

Second order results of Perturbation Bootstrap method in regression M-estimation are estab-
lished. It is shown that the classical way of studentization in perturbation bootstrap setup is not
sufficient for correcting the distribution of the regression M-estimator upto second order. This is a
general statement corresponding to the fact that the usual studentized perturbation bootstrapped
estimator is not capable of correcting the effect of skewness of the error distribution in least
square regression. Novel modification is proposed in general setup by properly incorporating the
effect of the randomization of the random perturbing quantities in the prevalent studentization
factor and is shown as second order correct in both IID and non-IID error setup. Thus, in a way
the results in this paper establish perturbation bootstrap method as a refinement of the approx-
imation of the exact distribution of the regression M-estimator over asymptotic normality. The
second order result in non-IID case establishes robustness of the perturbation bootstrap towards
the presence of heteroscedasticity, similar to the wild bootstrap, but in the more general setup of
M-estimation. This is an important finding from the perspective of S.O.C. inferences regarding
the regression parameters.
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