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In this paper, we introduce a method of generating bootstrap samples with un-
known patterns of cross- sectional/spatial dependence, which we call the spatial
dependent wild bootstrap. This method is a spatial counterpart to the wild de-
pendent bootstrap of Shao (2010) and generates data by multiplying a vector of
independently and identically distributed external variables by the eigendecom-
position of a bootstrap kernel. We prove the validity of our method for studen-
tized and unstudentized statistics under a linear array representation of the data.
Simulation experiments document the potential for improved inference with our
approach. We illustrate our method in a firm-level regression application investi-
gating the relationship between firms’ sales growth and the import activity in their
local markets using unique firm-level and imports data for Canada.
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1. INTRODUCTION

Economic data is often characterized by dependence and heterogeneity and account-
ing for these features is important when performing statistical inference. This paper
presents a bootstrap method that is robust to spatial (cross-sectional) dependence and
heterogeneity of unknown forms in the context of a linear regression model. Spatially
dependent observations often need to be indexed in more than one dimension and are
not naturally ordered nor regularly spaced. This makes the application of the bootstrap
potentially challenging. For instance, the spatial block bootstrap (see, e.g., Lahiri and
Zhu (2006), and Nordman, Lahiri, and Fridley (2007)) requires a careful partition of the
data into blocks, which may not be feasible in many applications.

Our approach in this paper is based on a variation of the wild bootstrap and does
not require resampling blocks of observations. We propose a residual-based wild boot-
strap using a regression model, where the external random variables used to perturb the
residuals are cross-sectionally dependent. Covariances between pairs of external ran-
dom variables are equal to a kernel weight that depends on a distance measure. Shao
(2010) proposed this method for the time-series case with distances equal to time gaps,
calling it a “dependent wild bootstrap.” The theory for the spatial context is not trivial;
however, it is as easy to apply as in the time-series case, requiring only (potentially im-
perfect) measures of distances between all pairs of observations.

The economics involved in applications with spatial data often suggests “economic
distance” measures which can be used to model spatial dependence, which decays with
distance. We exploit the availability of such distance measures to generate bootstrap
observations with cross-sectional dependence. Distance measures can vary depending
on the application and multiple metrics are also easily allowed in our setup. This allows
our method to apply to panel data settings. For instance, our example application in
Section 7 illustrates using our method with firm-level data where correlations across
firms arise from both overlap in their local markets and similarity in their technologies.

We prove the first-order asymptotic validity of our “spatial dependent wild boot-
strap” under a set of regularity assumptions that are similar to those used in the spa-
tial HAC literature (Conley (1999), Kelejian and Prucha (2007), Kim and Sun (2011)). In
particular, we assume that the score vector for each observation i is a linear transfor-
mation of a possibly infinite number of common i.i.d. random innovations. Modeling
spatial dependence as a linear process is quite common in the spatial econometrics lit-
erature (see, e.g., Kelejian and Prucha (2007), Kim and Sun (2011, 2013), and Robinson
(2011)). It avoids having to index observations in a Euclidean space, as required with
mixing conditions, and a special case of this model is the popular spatial autoregressive
(SAR) process. Compared to Shao (2010), who assumes a stationary mixing time series,
our assumptions allow for heterogenous spatial dependence in dimensions higher than
one, but we rule out nonlinear forms of dependence.

We generate spatially dependent external random variables using the eigendecom-
position of the bootstrap kernel matrix. This matrix contains weights given by a kernel
function evaluated at the distance measure and is equal to the bootstrap covariance ma-
trix of the n x 1 vector of external random variables. Hence, it must be positive semidef-
inite, and a sufficient condition is that we choose a bootstrap kernel function whose
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Fourier transform is weakly positive. A similar assumption is imposed by Shao (2010) in
the one-dimensional time series context. We discuss a class of kernels that satisfy this
condition when spatial dependence is of dimension higher than one and the distance is
Euclidean. We also propose a modification for cases where the bootstrap kernel matrix
is not positive semidefinite. Our bootstrap method contains several existing methods as
special cases. One is the regular wild bootstrap. The other is the cluster wild bootstrap,
popularized by Cameron, Gelbach, and Miller (2008) and studied by Djogbenou, MacK-
innon, and Nielsen (2019).

We provide a theoretical justification for bootstrap hypothesis tests based on stu-
dentized statistics requiring the use of a spatial HAC estimator for the original and the
bootstrap test statistics. We allow for kernels used to construct test statistics to be dif-
ferent than those used for generating the bootstrap data. This is important since the
bootstrap kernel function needs to be positive semidefinite, but one may want to use
other kernels to construct test statistics. We also allow for the use of restricted residu-
als when computing bootstrap critical values for hypothesis tests. The use of restricted
rather than unrestricted residuals often results in better size control.

The structure of the paper is as follows. In Section 2, we describe the setup and re-
view the spatial HAC literature. In Section 3, we introduce the spatial dependent wild
bootstrap and prove the consistency of the bootstrap distribution under a set of regular-
ity assumptions that rely on a linear array representation for the score vector. The results
of this section can be used to justify the construction of bootstrap percentile intervals,
which do not require studentization. In Section 4, we discuss hypothesis testing based
on studentized test statistics. Section 5 discusses an extension of our method to nonlin-
ear models. Section 6 illustrates the finite sample performance of the method in com-
parison to alternative asymptotic-based methods. In Section 7, we illustrate our method
in a firm-level regression investigating the relationship between a firm’s sales growth and
the import activity in its local market, where two metrics characterize residuals’ depen-
dence. An Appendix contains mathematical derivations.

2. LINEAR REGRESSION WITH SPATIAL OR SPACE-TIME DEPENDENCE

We consider the following linear regression model:
yl:x;B—f—L[“ izl,...,n,

where the (p x 1) vector of regressors, x;, and error term u;, might be spatially or space-
time dependent. The OLS estimator of 8 is

n -1,
b= (z ) S
=1 i=1
Under some regularity conditions, we know that

Q717,07 A - B) -5 N(O, 1), (1)
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where O =plim,_,  n~! Y7, x;x/ is a positive definite matrix and

n n
Jp= Var(n_l/2 Zx,-u,-) = % Z E(V,-Vj’), where V; = x;u;.

i=1 ij=1

We assume throughout that J, is nonsingular uniformly in n. According to (1), the
asymptotic covariance matrix of 8 is C, = Q~1J,0~!, which we need to estimate for
inference on 8. A consistent estimator of Q is

n
On= i
n n A
i=1

Estimating J, in the presence of spatial (cross-sectional) or space-time correlation is
more challenging as all pairs of observations could potentially be correlated.

The literature on spatial HAC inference confronts this problem by using auxiliary
data on distances to model covariances between observations and to construct a non-
parametric estimator for J,; see Conley (1999). The basic idea is that measurements of a
distance between observations can serve to characterize covariance structures in a man-
ner analogous to time lags in a time-series setting. Observations that are deemed close
are modeled as potentially highly dependent, but those far enough away are approxi-
mately independent.

The spatial HAC literature has considered estimators of the form:

R o LAYy
Jn=;Z_ZK<E)V,»V,~, @
i=1 j=1

where V; = x;ii; and K (-) is a real-valued kernel function with K (0) = 1. The distance be-
tween i and j is denoted d;; and d,, is a scale parameter (bandwidth). We require d;; > 0,
dii =0, djj = dj;, but not the triangular inequality d;; < d;x + di;. This approach can be
viewed as an extension of smoothed periodogram spectral density estimators that have
long been used in the time-series literature, for example, Bartlett (1955) where distances
are analogous to time lags. It can be viewed as a generalization of what are commonly
called cluster or group dependence estimators (see, e.g., Liang and Zeger (1986) and
Moulton (1986)), where observations are taken to be correlated within a known set of
groups or clusters but independent across groups/clusters. These cluster estimators are
a special case of spatial HAC with a discrete distance metric reflecting group member-
ship and a uniform kernel K.

Distances need not be based upon physical locations; they can be much more gen-
eral measures of “economic distance” as in Conley (1999). For example, Conley and
Ligon (2002) use an economic distance measure based on the transportation cost be-
tween countries in the context of a cross-country growth regression. Other examples
include economic distances based on the similarity of input and output structures as
considered by Chen and Conley (2001) and Conley and Dupor (2003). In many applica-
tions, distances can be based on attributes, for example, input shares for firms. In these
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cases, observations’ locations can be indexed by a vector of attributes s; € R, and the
distance between two units, i and j, may correspond to the Euclidean distance between
s; and s;. Our method will be applicable with non-Euclidean metrics as well, possibly
with a modification (see Section 3.3).

The existing spatial HAC literature also allows for the presence of measurement error
in dj; (see, e.g., Conley (1999), Conley and Molinari (2007), Kelejian and Prucha (2007),
and Kim and Sun (2011)), that is, 7, . is based on d,, rather than on the “true” measures
d;j, where d;; is such that

dij = dij + &ij,
where &;; is a measurement error. We will follow this literature and also allow for mea-
surement errors in c?,-j when applying the dependent wild bootstrap. Regularity condi-
tions on &;; will be discussed in Section 3.2.

Our method is readily applicable to a panel data setting where distances between
observations are in part a function of the observations lead/lag in time. When distances
between pairs of observations are derived from locations, for example, s; and s;, time
can be viewed as just another element of these location vectors with K defined to be
a product kernel with one time series and one spatial component as in Conley (1999)
(see also Kim and Sun (2013)). In general, distance can depend on any fixed number
of metrics; see, for example, Kelejian and Prucha (2007) who suggest a HAC estimator
with M metrics based on K(min; <;,<p{dij,m/dn}), where d;j ,, denotes the mth distance
measure between i and j. For ease of exposition, we present our theory using a single
distance measure.

3. BOOTSTRAP INFERENCE
3.1 The bootstrap method

The bootstrap data generating process is described as follows. Let
yi=xiB+ulf, i=1,...,n, 3)

and generate

uy =1i;-m; 4)

I

where ii; = y; — x| B and 7; is an external random VariableAchosen by the researcher.

In this section, we rely on the unrestricted estimator 3 to generate the bootstrap ob-
servations on the dependent variable and discuss bootstrap consistency results that do
not impose any constraint on 8. We will discuss hypothesis testing in the next section,
where $ can be a restricted OLS estimator, which imposes the null hypothesis under
consideration. This is a key advantage of our method since the bootstrap literature has
shown that imposing the null on the bootstrap DGP can result in large size improve-
ments; see, for example, Davidson and MacKinnon (1999) and Djogbenou, MacKinnon,
and Nielsen (2019).

The choice of 7; is crucial. The regular wild bootstrap generates n; in ani.i.d. fashion
such that E*(n;) = 0 and Var*(n;) = 1 for all i. This implies that the bootstrap errors u}
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are independently distributed, conditional on the data, with mean zero and variance 22.

Hence, the wild bootstrap preserves heteroskedasticity but destroys cross-sectional (or
space-time) dependence.

Our goal in this paper is to generalize the regular wild bootstrap method so as to pre-
serve cross-sectional or space-time dependence and heterogeneity with a general form.
As usual, we require that £*(n;) = 0 and Var*(%;) = 1 for all ;. However, we do not gen-
erate n; independently across i. Instead, given a potentially mismeasured distance cNZij
between observations, we generate {n; : i = 1, ..., n} such that their covariance struc-
ture is given by

Cov*(m;, nﬂ:K*(%) for all (i, j), (5)
n

where K*(-) denotes a real valued kernel function and d; is a bandwidth parameter. The

choice of K* and d;; is discussed below, where formal assumptions on these quantities

will be introduced. We will also provide an algorithm on how to generate »; such as to

verify (5). Before we do so, let us provide some intuition for why this bootstrap method

can be robust to cross-sectional dependence. Let

n -1 n

A /

pr= (Zmi) D_xi]
i=1 =1

denote the bootstrap OLS estimator. Using the bootstrap data generating process above,
we can easily show that the bootstrap covariance matrix of /n(8* — ) is

Var® (\/E(BA* - B)) = Q;lfboot,nQ;l»

where

. 1 & 1
— L k) - = A * * *\ L./
Jboot,n = Var <ﬁ2xlui) = Z x; Cov* (uf, uj)x’
i=1 i,j=1
1 S 0:x 1 * 1 - * Czij 94 Vi
=;.Z xiuix;uj Cov (m,”flj)=ZAZK a Vivy,
i,j=1 i,j=1

given that Cov*(n;, n;) = K*( Z—g) by (5). This shows that the spatial dependent wild boot-
strap algorithm induces a bootstrap covariance matrix fboot,n, which is just an example
of a spatial HAC covariance estimator, where the kernel function is K* and the band-
width parameter is d;;. Given the link to the spatial HAC covariance matrix estimator, we
can expect this bootstrap method to be valid under conditions similar to those used in
the spatial HAC literature.

Next, we describe our requirements on the bootstrap spatial kernel function K*. To
do so, we introduce the notion of “pseudo-neighbors.”Given the bandwidth parameter
d, an observation j is defined as a pseudo-neighbor of i if its measured distance to i is
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less than d;. More specifically, let

5 n 1 n
B, ={i:dy=d;},  6,=) 1jeB,} and =-3 ¢, 6)
j=1 =

Then B}, is the set of pseudo neighbors that unit i has based on dj, ¢}, is the size of
B* and Z* is its average. Note that B* is arandom set due to measurement error in dl],
implymg that both ¢} and ¢, are random sequences.

The following condition specifies the requirements on the spatial kernel K*.

AssumpTION 1. (i) Thekernel function K*:R — [—1, 1] satisfies K*(0) = 1, and K*(z) =
K*(—z) forall z e R;

d;
(i) Ee* SUPLE(nggB* |K*(d/)|)—0(1)and Vol sup,ngéan |K*(d_;€)|:0P(1);

(iii) The matrix K}, = [K* (glij [N} j=1 Is symmetric and positive semidefinite for all n,
almost surely.

Part (i) is a standard assumption in the HAC literature, which is satisfied by stan-
dard kernels such as the rectangular, Bartlett, Parzen, and Quadratic Spectral (QS) ker-
nels. Parts (ii) and (iii) are new to our context. Assumption 1(ii) is automatically satisfied
by truncated kernels for which K*(z) = 0 for |z| > 1, regardless of the distance used. It
allows for kernels that do not truncate provided the tails of K* decay sufficiently fast.
Providing more primitive conditions for general distances is difficult, but we can do so
for the Euclidean distance. For instance, with locations indexed on the line (such as a
time series) and assuming away the presence of measurement error in distances, this
condition is satisfied if ffooo |K*(u)| du < oo. Standard kernels used in time-series anal-
ysis satisfy this condition, including the QS kernel and the exponential (Gaussian) ker-
nel. Shao (2010) excludes these kernels by assuming a truncated kernel. Similarly, if we
map locations into a two-dimensional lattice, a sufficient condition for part (ii) is that
[0 [2 IK*(y/x2 + y2)| dx dy < oo or equivalently fol r|K*(r)| dr < oo, a condition that is
satisfied by the Gaussian kernel.

Part (iii) is a high level condition that requires the matrix of weights K* = [K *(c;f,-j /
1} j=1 10 be symmetric and positive semidefinite. The reason why we impose this
condition is that K? is the bootstrap variance matrix of n = (1, ..., 17,)’ and, therefore,
needs to satisfy these conditions. When distances correspond to Euclidean distances
between points in R7, a sufficient condition is that the kernel K* be positive definite.

Bochner’s theorem provides a necessary and sufficient condition for a kernel K* to
be positive definite in R”: the Fourier transform of the kernel function K* is weakly posi-
tive. For example, with locations indexed on the line, ffooo K*(u)e ™ du >0 forall r € R.
This well-known condition is met by a number of kernel functions such as the Bartlett
kernel or the Parzen kernel. Shao (2010) imposes this condition (see his equation (2))
when studying the properties of the dependent wild bootstrap for the one-dimensional
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dependent context. In higher dimensions, an analogous condition applies; K*(x) is pos-
itive definite if it is of the form:

. T ) (1—2)/2
K (x)=F(—>/ (—) Jr—2)2(rx)dF(r), x>0, (7
0

2 rx

where F is a probability distribution function on [0, c0) and J(;_»),2(-) is a Bessel func-
tion of order (7 —2)/2. This characterization follows from simplifying the integrals in the
Fourier transform via polar coordinates to exploit the radial symmetry of K*(x). Discus-
sions of positive definite kernels can be found in, for example, Conley (1999), Chen and
Conley (2001), Gneiting (2002), or Kelejian and Prucha (2007); see Yaglom (1987) for a
textbook characterization of this class of functions.

The set of positive definite kernels depends on the dimension 7 and it shrinks as 7
grows, implying that a kernel which is positive definite in  dimensions will be positive
definite in any smaller number of dimensions. An example of this class of kernel func-
tions from Kelejian and Prucha (2007) is

* (l_x)v) Ofxflr
Ki(x) = ®)

) x>1,

where v > (7 + 1)/2. This is similar to the sharp (or steep) origin kernel in Phillips, Sun,
and Jin (2007).

The set of kernels that are positive definite in any dimensional Euclidean space (7 =
o0) can be represented as

K*(x) :/ exp(—xzrz) dF(r), x>0. 9)
0

An example kernel in this class is
K*(x) = exp(—x?), (10)

which is a Gaussian kernel (see, e.g., Stein (1999, p. 44)). Choosing a kernel that is pos-
itive definite in any dimensional Euclidean space avoids the need to know the dimen-
sion 7. When distances are non-Euclidean, we do not know if there is a class of kernels
guaranteed to be positive definite; we discuss one strategy to overcome this issue in Sec-
tion 3.3.

A recent paper by Kojevnikov (2021) also considers a modification of the dependent
wild bootstrap kernel function that satisfies Assumption 1(iii) in the context of a network
dependent model. His weighting function depends on the topology of the network and
requires a structure of locations, which we do not require.

Under Assumption 1, K* is symmetric and positive semidefinite, which implies that
there exists ®,, such that

K: = ®,A, P,
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where A, is a diagonal matrix with the nonnegative eigenvalues of K and the columns
of ®, are the associated orthonormal eigenvectors (®,®, = I,,). We can write

1k
q)nz[(bl,---;(i)n] with ¢k: and
d)nk
A0 0
Ay = 0 A with A; > 0 for all .
S, L0
0O -~ 0 A,

Thus, we can generate 7; as follows. Letting L,, = CI>nA,1,/ 2, we set

1
n=|:|=Lyv, v~iid(0,1), (11)

Nn

where 7); is the ith element of #. This algorithm implies that E*(n) = 0 and Var*(n) =
L,L, =K.

An attractive feature of our bootstrap method is that it contains several existing
methods as special cases. The simplest example is the wild bootstrap with K¥ =1, and
Ly=1,.

A more complex example is the cluster wild bootstrap proposed by Cameron, Gel-
bach, and Miller (2008). This method is very popular in applied work and its theoretical
properties have been recently studied by Djogbenou, MacKinnon, and Nielsen (2019).
The usual way of describing the cluster wild bootstrap is as follows. Suppose we can
partition the sample of n observations into G groups of observations, so that the n x 1
vector & can be partitioned as & = (#1, ..., iig)’, where for each g, i1y = (i1, ..., ﬁng,g)’,
andn= 25:1 ng. The cluster wild bootstrap generates residuals as follows:

ft;fg =lljg - £g,
where &, is a common shock to all observations in cluster g.

One way to map this setup to ours is to order the observations by cluster. The weight-
ing matrix K} has typical element given by K*(/, m) =1 (/ and m belong to same clus-
ter), that is, the (/, m) element is 1 if the two observations belong to the same cluster
and 0 otherwise. This results in a block diagonal K} with matrices of ones of dimensions
ng x ng along the diagonal. In other words,

Ki, O 0
0 Kj,
K = :
0
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where K;n = Lngb;lg, with tng =(1,..., 1) for each g =1,..., G. The eigendecomposi-
tion of K}, is equal to L,L;, where L, is a block diagonal matrix with L , on the main
diagonal and L, , is an ng x ng; matrix whose first column is a vector of ones and the
remaining columns are zero. Thus, setting n = L,, - v where v ~119 (0, I,,) is equivalent to
generating an n x 1 vector of shocks partitioned as n = (7}, ..., n;)’, where for each g
cluster, ng = (&g, ..., &¢)’ contains the same shock &g.

3.2 Bootstrap distribution consistency

In this section, we examine the properties of our bootstrap procedure. To establish the
asymptotics, we assume that the p x 1 vector of scores V; has a linear array representa-
tion. In particular, we make the following assumption.

AssumpTIiON 2. (i) Fora=1,..., p,
o
vio=3 re, (12)
I=1
where Vi(“) is the ath component of V;, e; is a random innovation, and rl.(l”) isa

nonstochastic weight.

(i) ¢~ (0, 1) and there exists a constant M < oo such that E(e}) < M.

(iii) Foreachl, Y3, |r’| < M, and foreachi, Y72, 1r{"| < M, foralla=1, ..., p.

Assumption 2 is sufficient for proving that a central limit theorem applies to the
scaled average of the scores, that is, that J,, 12,-172 Y Vi N (0, 1,). Alinear trans-
formation of i.i.d. random variables is often employed in the literature to characterize
spatial (or spatiotemporal) processes; see, for example, Kelejian and Prucha (2007), Kim
and Sun (2011, 2013), Robinson (2011), Robinson and Thawornkaiwong (2012), Lee and
Robinson (2016), and Hidalgo and Schafgans (2017). In particular, our linear array model
in (12) is the same as in Robinson (2011) (see also Hidalgo and Schafgans (2017) for a
panel extension of this model), with the difference that we impose the linear array rep-
resentation directly on the score vector rather than assuming that the error term u; is a
linear array.

As in the time-series context, an alternative to a linear array representation would
be to assume some mixing-type conditions in the cross-sectional dimension as, for ex-
ample, in Conley (1999). This is also the approach of Shao (2010), who considers the
one-dimensional (time-series) case. Although mixing assumptions have the advantage
of allowing for nonlinear forms of dependence, these types of conditions are harder to
deal with in the cross-sectional context than in the time-series context and in particu-
lar more difficult to apply without directly indexing observations in Euclidean space as
in Conley (1999). The linear array representation is general enough to cover most spa-
tial models used in economics, including in particular the class of spatial autoregressive
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(SAR) models as a special case.! Because the coefficients rl.(l“) are functions of i, we allow
for heterogeneity in the second and higher order moments of {};}.

A key requirement for bootstrap validity is that the asymptotic bootstrap variance
of Vn(p* — ,é) replicates the asymptotic variance of /n( B — B). This entails showing
the consistency of the bootstrap variance fboot,” toward J,,. For this result, we need to
impose further restrictions on the cross-sectional dependence of {V;}. Define

1-K*
K:=lim == 2 )

L S for g € [0, 00)

and let g5 = max{q : K; < oo} be the Parzen characteristic exponent of K*(z). For in-
stance, g = 1 for the Bartlett and Kelejian and Prucha (2007) kernels and gj; = 2 for the
QS, Parzen, and Gaussian kernels. Larger values of g; imply smoother kernel functions
at 0 and a smaller asymptotic bias for the HAC estimator, ceteris paribus (see Andrews
(1991) for the time-series HAC estimator and Kim and Sun (2011) for its spatial ana-
logue).

As in the HAC literature, the asymptotic bias of the bootstrap variance estimator de-
pends on the decaying rate of spatial dependence as a function of the distance metric
and ¢g§. Our next assumption follows Kim and Sun (2011, 2013) and is used to control
this bias.

AssuMPTION 3. There exists a constant an < oo such that % > Z;‘zl ||E(V,-V]/) ||aliqj0 <
ng, for all n, where | - || denotes the Euclidean norm of a matrix.

Assumption 3 requires the degree of cross-sectional dependence between V; and V;
to decrease as a function of the “true” distance d;; (and the degree of smoothness of the
kernel function at zero as dictated by ¢g;). In the time-series context, this assumption
is implied by a standard smoothness condition on the spectral density function of {V;}
evaluated at zero: Z]J-;Ofoo ||E(V,Vt’+j) I |j|45 < 0o (see Andrews (1991, equation (3.4))).

Our next assumption imposes conditions on the measurement error &; that imply
that the presence of measurement error in c?ij does not change this absolute summability

condition.

ASSUMPTION 4. (i) {¢;} are independent of {e;} and {x;};

(ii) |§ij| < c§f0rall Lj=1,...,n.

Assumption 4 assumes that measurement errors are bounded, which is standard
in the spatial HAC literature; see, for example, Conley (1999) and Kelejian and Prucha
(2007). The independence assumption implies that {¢;;} is independent of {}}}, greatly
simplifying the proof.

IDistance construction can be problematic for some SAR specifications. While SAR models are linear
processes, they do not necessarily have a covariance structure that can be characterized by a set of dis-
tances. In particular, simple graph distances in some SAR models will not fully characterize the implied
covariance structure; see Martellosio (2012). We leave the characterization of SAR models for which an ar-
ray of distances can be constructed for future work.
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Our next assumption controls the number of pseudo neighbors that a given obser-
vation i is allowed to have and corresponds to Assumption 5 in Kim and Sun (2011). In
particular, we require that each observation i has at most cE¢}; pseudo neighbors, where
c is an arbitrary (large) constant and E¢}, is the expected average number of pseudo
neighbors.

ASSUMPTION 5. Foralli, £}, < cE(;, a.s., for some constant ¢ > 0.

Assumption 5 rules out the possibility that most observations are concentrated
around some locations and not others. Note that in the time-series context with reg-
ularly spaced observations ¢} < 2d;; (with equality for all i € [d};, n — dj; + 1] if d}; is an
integer) and E¢;, > d;, and this implies that ¢} < 2E¢; for all i. Thus, Assumption 5
is automatically satisfied in this case. We can also see that E¢}, and d;; are related to
each other and both parameters can be thought of as bandwidth parameters. This is
true more generally, with E¢}, clearly increasing with d};. More specifically, as discussed
by Kim and Sun (2011, p. 354), for locations on a regular lattice, it is natural to assume
that E¢}, is proportional to 47, where 7 is the dimension of the space. When 7 = 1, this
implies that E¢}; is proportional to d}, as discussed above, whereas for 7 = 2 we obtain
E0% = ad? for some constant a. Since E¢ (and d;) plays the role of the bandwidth pa-
rameter in the usual time-series HAC literature, we will let E¢}; — oo as n — oo but at a
slower rate than » when deriving our results. This is because we will show that (as usual)
alarger E¢} (and hence a larger d};) reduces the asymptotic bias but increases the vari-
ance of the bootstrap variance estimator at the rate O(E¢},/n).

The final assumption imposes regularity conditions on the regressors. Note that As-
sumption 1 implies that a similar moment condition holds for the scores V;, that is,
EIVi|* <M.

AssuMPTION 6. (i) There exists a constant M < oo such that E||x;||* < M;
.. P .. . .
(i) n~' Y0, xix} — Q, a positive definite matrix.

THEOREM 3.1. Suppose Assumptions 1-6 hold. If d%, EC; — oo such that EC/n'/? = o(1)
and E*|vi|* < M, then we have

sup | P*(vn(B* — B) < x) — P(Vn(B — B) < x)| = 0,(1)

xeRP

asn — oo.

Theorem 3.1 states the consistency of the bootstrap distribution of «/n(8* — 8). The
proof of Theorem 3.1 is in the Appendix. It follows by showing that Jyo0( , —J» — 0 and

Q17,01 V2 un(B* - B) —4 N, 1,),

in probability; see the Appendix for the definition of —¢" in probability.
The rate condition on the bandwidth parameter E¢}/./n — 0 is stronger than the
rate E¢;/n — 0 used for showing the consistency of the (spatial HAC) variance estimator
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fboot,n (analogously Theorem 1 of Kim and Sun (2011) and the proof of Lemma A.2). The
stronger rate condition on E¢} is used to prove that a bootstrap central limit theorem
holds for the scaled average of the bootstrap scores, n=1/2 Y% | V* =n=123"  Vin,.

For the one-dimensional context, Shao (2010) proves the validity of the dependent
wild bootstrap for smooth functions of sample means of stationary mixing time-series
data that are possibly irregularly spaced in time. His rate condition on the bandwidth
parameter (which is given by ¢ rather than E¢;, since there is no measurement error) is
more stringent than ours, requiring that ¢%/n'/3 — 0 as n — co. He also assumes that the
external random variables 7; are £};-dependent, an assumption we do not make. As he
remarks after his Theorem 3.1, this assumption makes the proof of the bootstrap central
limit theorem easier as he relies on a blocking argument that exploits the ¢};-dependence
of the process n;. Our method of proof is different from his. In particular, we use the
eigendecomposition of K¥ to write n; = Y y_,(v/Ax¢ix)vk, where Ax and ¢y are the
kth eigenvalue and eigenvector of K, and v, ~i.i.d.(0, 1) independently of the original
sample. It follows that n=1/2 "7 | V* can be written as n= /2 3"} _; vk, where condi-
tionally on the original sample, w; = /At V' is a known function and vy ~i.i.d.(0, 1).
Hence, we apply Lyapunov’s CLT for independent heterogeneous arrays and rely on the
rate condition E¢/n'/? — 0 as n — oo to verify the Lyapunov’s condition. Note that de-
spite the (conditional) independence of the array wj vy, the conditional bootstrap vari-
ance of n=1/2 """ | V* is still robust to spatial dependence. Indeed, we can show that this
variance is equal to

n n
ny wp=V' <n—1 > A ¢k¢;<) V =n"1V'®,A,D,V
k=1 k=1

" -
d::

= nilV/KflV =n"1 Z K* (d_li>VlV/ = Jhoot,n»
i,j=1 n

a spatial HAC variance estimator. Although this estimator is infeasible as it is based on
V; = x;u;, we show in Lemma A.2(ii) that the difference between this estimator and its
feasible version fboot,n is asymptotically negligible under our assumptions.

We now provide an algorithm to compute valid bootstrap percentile intervals.

ALGoRrITHM (Bootstrap Percentile Intervals).
(i) Compute

n

" -1

A 7 N A 5 A~ .

ﬁ:(g x,-xi) E xiyi, uj=y;—x;8, and Vi=x;u;, i=1,...,n.
i=1

i=1

(ii) For a given bandwidth choice d (to be discussed later), compute the matrix
K} = [K”‘(d,-j/d;;)]l'."j:1 and its eigendecomposition K}, = ®,A,P;, where A, is a
diagonal matrix with the nonnegative eigenvalues of K and the columns of ®,,

are the associated orthonormal eigenvectors. Let L, = CID,,A,I/ 2,
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(iii) Generate an n x 1 vector v ~ (0, I,,). We recommend using a sequence of standard
normal variables, but other distributions like independent Rademacher random
variables (+1 or —1 with equal probability) could be used. Then generate a se-
quence of random variables {n; : i =1, ..., n} by multiplying this vector v by L,:

n=L,v.

(iv) Let
yi=x.B+uf, whereuf=imn;,

and compute the bootstrap OLS estimator

n -1 n

O /

B = ( E xixi) E x;y; .
i=1 i=1

(v) Repeat steps (iii)—(iv) B times. Symmetric (1 — «) confidence intervals can be ob-
tained as

[é - QI—OU l§ + QI—a]y

where ¢, is the (1 — @) quantile of the distribution of |,l§* - ,é|. If preferred,
equal-tailed intervals can be obtained as

(B — P1-as2, B— Paj2),

where p,/2 and p1_q/2 are respectively the «/2 and 1 — «/2 quantiles of the dis-
tribution of (8* — B).

3.3 Extension to bootstrap kernels that are not positive semidefinite

The asymptotic validity of the spatial dependent wild bootstrap described in the previ-
ous section depends crucially on the positive semidefiniteness and symmetry properties
of K* (cf. Assumption 1(iii)). These assumptions guarantee that the bootstrap covari-
ance matrix of the external random vector 7 is nonnegative definite, thus ensuring that
the bootstrap measure is a valid measure. Although the symmetry property of the dis-
tance metric (which we assume for c?ij) implies the symmetry of K%, the assumption that
K is positive semidefinite can fail when 3,7 is non-Euclidean. In this case, choosing K*
as a nonnegative definite function (as, e.g., letting K* be the Gaussian kernel) does not
guarantee the nonnegative definiteness of K.

In this section, we provide an alternative bootstrap method that does not require K
to be positive semi-definite.? The idea is to transform K7 into a positive semidefinite
matrix M} and choose 7 such that E*(nn') = M. For example, if we assume that V’K;V
is positive definite, we could choose

M =KEV (VKEV) T VK.

2We thank Andres Santos for this suggestion.
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Note that this matrix has rank equal to the rank of ¥, which is p. The next theorem
implies the validity of percentile confidence intervals constructed using the previous
algorithm by defining L, = CI),,A,l/ 2 where A, is a diagonal matrix with the eigenvalues
of M on the diagonal and ®,, is the matrix of associated eigenvectors. In addition, in this
case, the external variables must be generated from the standard normal distribution.

THEOREM 3.2. Suppose the assumptions of Theorem 3.1 hold but K, is not necessarily
positive semidefinite. Suppose V'KIV is positive definite and define M =
KV (V'KEV)"WKE. If v~ N(O, I,),

sup [P*(v/n(B* = ) < x) = P(Vn(B = B) < x)| = 0,(1)

xeRP

as n — oo and d;; — oo such that E¢},/n — 0.

This result proves the consistency of the bootstrap distribution of /n( B* — B), thus
justifying the construction of bootstrap percentile intervals for 8 even when K7 is not
positive semidefinite.

REMARK 1. Assuming that ’ K;V is positive definite is weaker than assuming that K*
is positive definite. In practice, it is possible to ensure that V’K;’;I} is a positive definite
matrix by replacing its negative eigenvalues by € > 0, a small positive constant, as sug-
gested by Politis (2011) (see also McMurry and Politis (2010)). Since under our remaining
assumptions, n_IV’KﬁI} converges in probability to J,,, and J;, is assumed to be positive
definite uniformly in #, this regularization is asymptotically negligible.

The Gaussianity assumption on v is crucial for proving Theorem 3.2, as we explain
here. For simplicity, assume that p = 1, that is, that V; = x;; is a scalar. Then n= 11" KV
isascalar and K}V is n x 1, which implies that the rank of M is 1. This implies that

n=Lyv=+/A1¢1v1,

where \; is the only nonzero eigenvalue of M} and ¢ is its corresponding eigenvector.
It follows that n; = /A1 vy, foralli=1, ..., n. Since u} = it;n;, we have that

ui =u;m; = (Vi)

implying that the bootstrap scores V" = x;u} = (17,-\/)\_1 ¢;1)v; are all proportional to v;.
The implication is that n=1/2 Y% | I’* does not satisfy a bootstrap central limit theorem.
To obtain a Gaussian distribution, we need to generate v; as N (0, 1). Under this condi-
tion, conditionally on the original sample,

n
172 ZI/I* _ (n_l/ZI}/\/qubl)vl NN(O, n—ll}/M;I}),
=1

where by construction,

nWMEV = nmWKEY = Jhootn-
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Thus, conditionally on the data,
oA a1 A A
Vn(B*—B) = Qﬁlﬁ ZV,* ~ N(0, Q;lJboot,nQZI)-
i=1

Theorem 3.2 follows because Q;lfboot,,,Q;I —Cp=0p(1), where C, = Q717,07 (apply
Lemma A.2, noting that it does not require the positive definiteness assumption on K?).

When p > 1, the same argument applies except that the rank of M} is now p > 1,
implying that we can write

n p
D AED D VAV
i=1 k=1
in which case the joint Gaussianity of (vy,...,v,) determines the Gaussianity of the

scaled average of the bootstrap scores.

4. HYPOTHESIS TESTING

The previous results justify the construction of bootstrap percentile confidence inter-
vals. These are based on the bootstrap quantiles of the unstudentized statistic /z(3* —
B). In this section, we consider bootstrap tests based on studentized statistics. Specifi-
cally, we consider testing

HO:R,BZ’"O A H]ZRB;EI’Q, (13)

where R is ar x p matrix with r < pand rg isar x 1 vector.
For testing (13), we employ the Wald statistic given by

Wa = Va(RB - r0) [RO; 1,0, R Vn(RB — 1r9), (14)

a special case of which is the squared z-statistic when r = 1. The Wald test statistic re-
quires the use of a spatial HAC estimator given by J,,. Our assumption is that this esti-
mator is of the usual form

IS\ pp

= DK (G )R

i=1 j=1

where K (-) and d,, correspond to a spatial kernel function and a bandwidth parameter
that are possibly different from the bootstrap kernel function K*(-) and the bootstrap
bandwidth parameter d;.

For bootstrap testing, using restricted residuals is often preferable as this reduces the
size distortions. In this case, the bootstrap data generating process can be described as
follows. Let 3 denote the restricted OLS estimator of 8 obtained under Hy. We generate
bootstrap data as y; = x;,é +uj, where"u;.k = ﬁ,-rl,-, wiAth 0=y — x;ﬁ and 7; generated as
before. In what follows, we denote by B either B8 or 8, depending on whether we use the
restricted or the unrestricted residuals.
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The bootstrap Wald statistic is then defined as
Wy = vn(RB* - RB)[RO; 50, R Vn(RB* — R),

where

ik
n n 4 : dn 4 ] ’
i=1 j=1
with 171* = XU}, Uf =y —x; é*, and ﬁ* the unrestricted OLS estimator from regressing y;
on x;.

Similar to the Wald test statistic, the bootstrap Wald statistic also requires the choice
of a spatial kernel and a bandwidth parameter. Our approach in this paper is to use
the same kernel and bandwidth for studentizing the two Wald test statistics. Hence, our
approach is similar to the naive bootstrap approach considered by Gongalves and Vo-
gelsang (2011).

To establish the asymptotic validity of the bootstrap Wald test, we need to impose
conditions on K and d,,. In order to do so, we define another set of pseudo neighbors of
i using the bandwidth d,:

n n
. . 1
Bi,n ={j: dij <dy}, gi,n = § 1{j e Bi,n} and ¢, = ; E Lin,
j=1 i=1

and make the following assumption.
AssumpTION 7. (i) K:R — [—1, 1] satisfies K(0) =1, and K(z) = K(—z) forall z € R;

. djj djj
(i) gy sup; E(Xj¢p,, K(F) =0, gi-sup; X jup, , K(35) = Op(1);

(iii) There exists a constant Cy, < oo such that % > Z?:l ||E(V,-Vj’) ||d?j0 < Cyy, forall
n, where qq denotes the Parzen characteristic exponent of K(z);

(iv) Foralli, ¢;, < cEtl,, a.s., for some constant c > 0.

Assumption 7 imposes conditions on K and d,,, which are similar to those imposed
on K* and d by Assumption 1(i) and (ii), and Assumptions 3 and 5. The main difference
is that we do not require the kernel function K to be positive definite. If necessary, we can
ensure that RQ;lfn Q; 1R’ (and its bootstrap analogue) is positive definite by replacing
its negative eigenvalues by € > 0, a small positive constant, as discussed in Remark 1.

THEOREM 4.1. Suppose Assumptions 1-7 hold. If E*|v;|* < M and d,, Et,, — oo and
d:, EC: — oo as n — oo such that E¢,/n = o(1) and Et:/n'/? = o(1), then under H,
asn— oo,

sup|P*(Wy; < x) — POV, < x)| = 0op(1).

xeR
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Assumption 7 (along with our remaining assumptions) is used to show the consis-
tency of J* for Jyoor, n = Var* (n~1/2 YL x;uf); see Lemma A.4. Since Jpoor, , CONVerges to
Jy, this implies that J;: is consistent for J,, which together with Theorem 3.1 imply the
result.

Theorem 4.1 shows that the bootstrap Wald test W) mimics the null distribution of
W, when the null is true, irrespective of whether we use the restricted or unrestricted
approach. This is sufficient to claim the first order asymptotic validity of the bootstrap
critical values under the null hypothesis. When the null is not true, the bootstrap distri-
bution of the bootstrap Wald test based on the unrestricted residuals still converges to
the null limiting distribution of W, . This result follows because (i) the bootstrap distri-
bution of «/n(B* — B) converges to a normal distribution with mean zero and variance-
covariance equal to C, = Q~1J,071, and (ii) f;’; is consistent for J,, independently of
the true value of B underlying the DGP. For the restricted approach, we can show that
the same is true when the true value of g is equal to 8o + §/./n. Hence, the restricted
bootstrap Wald test mimics the null limiting distribution of W, under a set of local alter-
natives. This ensures that the bootstrap Wald test achieves the same local power as the
test based on asymptotic critical values.

Next, we provide a description of the steps involved in testing Hy : R3 = rp using our
bootstrap method.

ArcoriTHM (Spatial Dependent Wild Bootstrap for Testing Hyp : RB = r9).

(i) Compute

n -1 n
B= (inxﬁ) inyi, 2=y —xif, and Vi=x;iii;, i=1,...,n
i=1 i=1
(ii) Compute W, = /a(RB —r0) [RQ; 11,0, 'R~ /n(RB — ro), where

5 LI F I (i \pop
Qn:;zxixi and Jn=;ZZK d_n ViVj,
i=1 i=1 j=1
for a given kernel K, a bandwidth d,, and a set of distances {c?,-j}. Section 6 pro-
vides a method for choosing d,,.

(iii) Compute the matrix K} = [K*(c?ij/d:)]? j=1 and its eigendecomposition K}, =
®, A, P, where A, is a diagonal matrix with the nonnegative eigenvalues of K,
and the columns of ®,, are the associated orthonormal eigenvectors. Let L, =

o, AL

(iv) Generate ann x 1 vector v ~ (0, I,). We recommend using a sequence of standard
normal random variables, but another distribution could be used. Then gener-
ate a sequence of random variables {n; : i =1, ..., n} by multiplying this vector v
by L:

n=L,v.
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(v) Compute the restricted OLS estimator

n -1 n -1
B=B- (Z xix;-) R |:R (Z xix;-)R’j| (RB — r9)
i=1 i=1

and the restricted residuals #; = y; — x;. ﬁ, i=1,...,n. Let
yi=x,B+uf, whereuf=imn;.

(vi) Compute Wi = /n(RB* — o) [RQ; \T* 0 1R~ \/n(RB* — o) using

n -1 n
B = (Z xix§> > X
i=1 i=1
bootstrap scores 171* = xiﬁ;‘, and
. 1 n n &i' o
B L (G
=1 j=

(vii) Repeat steps (iv)—(vi) B times and compute the bootstrap p-value as

B
1
Pn=13 D1 > w),
b=1

529

where Wj ®) is the bootstrap Wald statistic in replication » and 1(-) is the indica-
tor function. Reject the null hypothesis if p, is less than the chosen significance

level of the test.

Finally, we note that the spatial dependent wild bootstrap based on the modified
nonnegative kernel M discussed in Section 3.3 is not asymptotically valid when applied
to studentized test statistics. In particular, suppose we consider testing Hy: B = Bp in a

simple location model y; = 8 + u; by relying on a t-test

o V(B - Bo)

se(B)
where B =jy=n""! > i, yiand se(,é) is the square root of
A 1 & Lz[j _ _ 1 & c?,j A
== K(Z)\yi-noi-n==-Y k(=2 )V,
0 nijZZI ( dﬂ)(yz i — ) nijZZI ( d,,) iV

with V; = &i; = y; — B. Now, consider the spatial dependent bootstrap based on the
modified kernel M. Specifically, let y* = 8 + uj, with u} = @;n;, and n = L,v, where
v~ N(0,I,)and L, = ®,A,, as described in Section 3.3. The bootstrap analog of ¢, is

_AE B
se(,é*) ’

n
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where se(8*) is the square root of

j*len:K @ (y?"_)‘;*)(y?k_)‘;*)=12n:1{ é pryE
! ”ij=1 dn) ™" l _nij=1 dn) '

with 171* =ul=y - f)’* We can show that 171* =uf — u* =v1(z — z), where we let z; =
itj/ A1 ¢;1. With this notation, we can write

Vn(B*—p)
A

where a1 = \/> is a discrete (Rademacher) random variable given by

tZE

Zy=a1Zy,

1 with prob. 1/2,
alr =
! —1 with prob. 1/2,

depending on the sign of v;, and
1 n
%
Z K( )(zl —Z)(zj - 2)

z]l

Z, =

is a function of the original sample. Thus, conditionally on the data, #} has a discrete
distribution function given by

n * (4% * 1 1
Fa(x) = P*(t < x) = P*(@1Zy < x) = S1(Zn = %) + 51(=Zp = ).

Since F),(x) is discrete, we cannot expect it to converge to ®(x), the limiting distribution
function of #,. Although the consistency of the bootstrap distribution is not necessary
for the validity of a bootstrap p-value (as recently emphasized by Cavaliere and Georgiev
(2020)), we can also show that the bootstrap p-value induced by this modified procedure
has a discrete distribution, and hence it cannot be uniformly distributed, as n — oc.

5. EXTENSION TO NONLINEAR MODELS

In this section, we describe an extension of the score wild bootstrap of Kline and San-
tos (2012a) to the spatial context. This method is a fast resampling method, which can
be used for inference in nonlinear models estimated by asymptotically linear estimators
such as the QMLE or the GMM estimator. The main idea of the score wild bootstrap is
to perturb the score vector evaluated at the estimated parameter of interest by an ex-
ternal random variable n; with mean zero and variance one. Kline and Santos (2012a)
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assume that 7; is i.i.d., as in the regular wild bootstrap. Instead, here we allow for spa-
tial dependence of unknown form in the score contributions and generate 7; such that

Cov*(m;, mj) = K*( d’ ). For brevity, we only provide a description of the method, omit-
ting the proof of asymptotic validity.

Let {Z;:i=1,...,n} denote a sample of observations on a random vector Z € R%z
andlet 6 € ©® C R” . For the linear model considered previously, Z; = (y;, x})’, but this
decomposition does not need to hold in general. The parameter of interest is denoted by
6o and we assume that its estimator # admits the following asymptotic linear expansion:

Vn(b—6p) = A4, (00)[

where A,(6) is a p x £ matrixand V;(0) =V (Z;, 0) isan £ x 1 vector, where ¢ > p. If

ZV(eo)+op(1),

An(60) > 49 and %gweo)ﬁmo,m,

it follows that
V(B — 80) -5 N(0, Co),

where Co = AoJo 4.
Two examples of A that fit into this framework are the QMLE and the GMM estimator.
For QMLE,

n 1<
0 = argmin — Zi, 9,
ggg(an;q( i 0)

where ¢g(-, 0) is a quasi-log-likelihood real valued function. Assuming that g is twice dif-
ferentiable in 0, we can write

Vn(6—60) =—H, 1(90)72V(90)+o,,(1),

where

1 - d*q(Z;, 0)
H,(0)=-Y 12077
n(0) n Z 3006

is the p x p Hessian matrix and V;(6p) = W

tion i. Thus, we have that

is the p x 1 score vector for observa-

dq(Z;, 0o)

An(80) =—H,'(6p) and V()= 0

3This could be established under conditions similar to those used by Kim and Sun (2011) (who studied
the spatial GMM estimator) by applying the bootstrap uniform law of large numbers and the bootstrap
central limit theorems derived in Gongalves and White (2004). Providing primitive conditions on the data
such that a linear array representation holds for the score vector is difficult and case-specific.
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A special case is the OLS estimator considered previously, where V;(6p) = —2x;u; and

Hy(0)=2n"131, XX
For GMM estimators, assume that

E[g(Z;, 60)] =0,

where g: Z x ® — R’ contains the ¢ moment conditions with £ > p. The GMM estima-
tor of 0 is defined as

= argmm(— Zg(Z,, 0)) ( Zg(Zu 9))

where W, is a random positive definite symmetric matrix, which converges in proba-
bility to W > 0. Assuming g is differentiable in 6, we define the Jacobian matrix of the
moment conditions as

07g(Zu 0)
Gn(0) = 24,
~ 90

Under standard regularity conditions that allow for spatially dependent observations
(see, e.g., Kim and Sun (2011)),

. _ 1 &
V(8 — 60) = —(Gn(60) Wy Gn(60)) 1Gn(eo)’Wnﬁ > " gi(60) +0,(1),
i=1

implying that
Ap(80) = —(G(60) WaGn(60)) ' Gn(60) Wy, and Vi(6p) = gi(6o).

Following Kline and Santos (2012a), we can approximate the distribution of ﬁ(@ —
o) by relying on the bootstrap distribution of

.1 &
= A (0)— ) V7,
v n()ﬁ;,

where V* = V(H)n, and ; are such that Cov*(n;, n;) = K*(d ).
This method contains the spatial dependent wild bootstrap for linear regressions as
a special case. In particular, note that for the linear model,

-1
n
An(0) = (nl inxé) =0, and V¥ =Vi(0)n;=xilm; = xul,
where u} = i;m;. Since yf = x;,é + uj, this implies that

Qn \/—leu _Qn \/—le yl i “/E(B*_B)’

which shows that v* is equal to /z(3* — ), as we considered before.
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For GMM, the spatial score bootstrap simulates the critical values of
1 1 «
v = —(Gu(0) WaGn(8)) ™ Gu(0) Wo—= " gi(B)m;,
=

in order to approximate the distribution of /z(6 — 6y). Since v;; does not depend on any
bootstrap GMM estimator 6*, this is a fast resampling method that does not require any
optimization in the bootstrap world.

6. MONTE CARLO SIMULATIONS

In this section, we consider a simulation experiment to document the properties of
our proposed approach. Our design follows Lee and Robinson (2016) and Sun and Kim
(2015). The data is generated as

Yi=o+px;+u;

where o = 0 and B8 = 1. The observations lie within a square of dimension /n x \/n
where 7 is the sample size. The locations s; = (s;,, s;,) are drawn uniformly within that
square once and for all for each design, that is, we let s;, ~ U[0, /n] independently of
si, ~ U[0, /n]. The distance between observations at locations s; and s; is Euclidean:

dij = \/(Sil - Sh)z + (si, — sz)z'

Regressor and errors have the same dependence structure. Each of z; = (x;, u;)’ and
z; are drawn from a standard normal N (0, I2) distribution but with correlation 6% be-
tween them. The parameter 6 controls the degree of dependence among observations
with a higher value of 6 leading to observations that are more highly correlated. In our
experiments, we consider values of 6 between 0 and .9 in increments of .1. We report
results for three sample sizes: n = 25, 100, and 400 as a function of # with 10,000 replica-
tions.

We consider rejection rates of the null hypothesis of 8 =1 against a two-sided alter-
native at the 5% level using the ¢ statistic:

_ V-1

In ~
se(B)

where se() is the square root of the (2, 2) element of 01/, 0! with

fu= Loy k(D)
n— n ' . d” l ]!
i=1 j=1
using the Gaussian kernel, the data-based choice of d,, discussed below, and cNZ,-j =djis
the Euclidean distance between the locations s; and s;. We will later consider the pres-

ence of measurement error in locations and the misspecification of the distance mea-
sure.



534 Conley, Gongalves, Kim, and Perron Quantitative Economics 14 (2023)

The choice of bandwidth is clearly important. Our suggested approach is to com-
pute an estimate of C(d((,k)), the spatial analog of the autocovariance function of the
residuals for a set of potential bandwidths {d(()k ),k =1,..., M}, arranged in increasing
order of magnitude. We estimate C (d(()k )) nonparametrically using a local average esti-
mator C (d(()k ), following Conley and Dupor (2003) and Conley and Topa (2002). We view
C (dék )) as a test statistic for the null hypothesis of spatial independence at distance d (k)
and construct an acceptance region via a bootstrap simulation imposing this null, based
on bootstrap data sets with i.i.d. draws from the empirical distribution of residuals. The
bootstrap analog of C’(d(()k )) is then constructed for each spatially independent bootstrap
sample, with their distribution providing a reference distribution for the null of spatial
independence. We identify the first distance in the ordered set {d{*), k = 1, ..., M} for
which the bootstrap test does not reject independence and select the bandwidth as the
previous value of that distance.

The next algorithm details the steps involved.

ALGoRITHM (Bandwidth Selection).

(i) Compute
n -1 n
B= (inx;-) > xivi =y —x;, and Vi=x, i=1,...,n.
i=1 i=1

(ii) Choose a set of potential bandwidths dy = (d(()l), . d(()M ) )’, ordered in increasing
magnitude, and tolerance level €. Foreach k =1, ..., M, compute C (d(()k) ), the co-

variance between residuals at distance d{)
tolerance of e:

Clag) =

, via a uniform kernel regression with

1 = k
1(|dyj — d§¥| < €) i
— o 2 ldi—dg it
> 1(ldij—dg| <€)
ij
(iii) Generate data using an i.i.d. bootstrap from the empirical distribution of residu-
als i; for each location s;. For each k =1, ..., M, compute the bootstrap analog

of C(d{"),

. 1 2
(4R = i > 1(|dy — d| < e)iar.
(") S 1(dy — a0 <) & (Idij — dg™"| < e)iz;a;
ij

(iv) Repeat step (iii) B times and obtain a bootstrap acceptance region for the null of

spatial independence using the 2.5% and 97.5% quantiles of é*(d(gk ).

(v) We search for the first element of dy for which C (d(()k )) is within these bands and
set the bandwidth as the previous element of d.

We implement this algorithm as follows. We set d$") = ¢, x n'/8, for ¢, between 0.5
and 4 in increments of 0.5, which gives M = 8. From Kim and Sun (2011), the chosen rate
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of expansion is optimal in the MSE-sense when locations lie in a two-dimensional space
using the Gaussian kernel. We also set the tolerance level € as 0.1 x nt . These values were
arrived at with some experimentation.

We compare the test statistic to 3 different critical values. The first one is the critical
value from the standard normal distribution. The second critical value is obtained from
the i.i.d. bootstrap, which approximates the fixed-b asymptotic distribution in Bester,
Conley, Hansen, and Vogelsang (2016) that assumes that the bandwidth d,, is a fixed pro-
portion of the sample size. As in the time-series context (see, e.g., Kiefer and Vogelsang
(2005)), the fixed-b asymptotic distribution in the spatial context is nuisance parameter-
free, but is highly nonstandard. In contrast to the time- series case, it is a complicated
functional of Brownian sheets and it depends on the sampling region. Thus, for practical
purposes, it is hard to implement the fixed-b asymptotic critical values without resorting
to the i.i.d. bootstrap. Finally, the last critical value is obtained using our spatial depen-
dent wild bootstrap (SDWB) using the restricted residuals to obtain the bootstrap draws.
We implement it using the same Gaussian kernel and bandwidth used to compute the ¢-
statistic in the sample. We use independent standard normal random variables as exter-
nal draws and B = 399 bootstrap samples. The use of the Gaussian kernel with Euclidean
distance ensures that the matrix K? is positive semidefinite.

Figure 1 reports the rejection rates for the three sets of critical values under the null
hypothesis of 8 = 1. The first thing to note from Figure 1 is that, as expected, size distor-
tions increase with higher dependence (higher value of 9). Second, the use of asymptotic
normal critical values leads to sizable size distortions for small values of n. For exam-
ple, for n = 25, the rejection rate for 6 = 0.5 is 25.1% instead of 5%. This is reduced to
13.7% for n = 400. The i.i.d. bootstrap critical values perform much better and reduce
the size distortions considerably. Again, for 6 = 0.5, the rejection rate is 12.7% for n = 25
and 7.8% for n = 400. Finally, the spatial dependent wild bootstrap gives rejection rates
closer to the nominal level, 10.9% for n = 25 and 6.5% for n = 400.

Figures 2 to 5 explore measurement error in locations as in Lee and Robinson (2016).
Hence, location i becomes

5i= (sil + gl‘lr Si, + 512)7

where ¢; = (¢}, ¢?)' is independently drawn from N (0, {I) with { = 2 (Figure 2), { =4
(Figure 3), or { = 10 (Figure 4). In other words, the data is generated as above with the
correct locations s; and using the Euclidean distance in the data-generating process.
However, when implementing all test procedures, we use the incorrect random distance

c?,-j = \/ (8i, —§j,)% + (5i, — §j,)? arising from the mismeasured locations.

Comparing Figures 1 and 2, measurement error in locations worsens all meth-
ods. For n = 25, the i.i.d. bootstrap performs best, but our SDWB dominates it for
n = 100 and 400 though the difference is much smaller than when the correct loca-
tions are used. Making measurement error larger reinforces these findings as shown in
Figures 3 and 4. If measurement error is large enough, distances convey no informa-
tion and are discarded. The results with asymptotic theory converge toward the White
heteroskedasticity-robust standard errors, and our method deteriorates analogously.
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T T
45 | ==@=— N(0,1) critical values
=== iid bootstrap (Bester et al.)
=——©— Spatial Dependent Wild Bootstrap (SDWB)

n =100

n =400

F1GURE 1. Rejection rate with no measurement error.
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n=25

T T
451 |—— N(0,1) critical values
===fi— iid bootstrap (Bester et al.)
=——©— Spatial Dependent Wild Bootstrap (SDWB)

%
N
o

n =100

n =400

F1GURE 2. Rejection rate with N (0, 2) error in locations.
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%

n=25
50 T T T T T T T
45+ + N(0,1) critical values
40k ==fi— iid bootstrap (Bester et al.)

=——©— Spatial Dependent Wild Bootstrap (SDWB)

n =100

n =400

F1GURE 3. Rejection rate with N (0, 4) error in locations.
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n=25
T T T T T T T T
S5 + N(0,1) critical values
50 | === iid bootstrap (Bester et al.)
45- =—@=—= Spatial Dependent Wild Bootstrap (SDWB)

n=100

F1GURE 4. Rejection rate with N (0, 10) error in locations.
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n=25

T T
451 | —— N(0,1) critical values
= iid bootstrap (Bester et al.)
=——©— Spatial Dependent Wild Bootstrap (SDWB)

n =100

n =400

FIGURE 5. Rejection rate, max distance in DGP, Euclidean in sample.
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The i.i.d. bootstrap is obviously more robust since it relies less on the existence of a dis-
tance measure (it still relies on it in the construction of the statistic). Nonetheless, our
SDWB performs better for larger sample size and stronger dependence.

Finally, Figure 5 considers the case where the wrong distance measure is used, This
experiment generates data as before by drawing locations uniformly in a square of di-
mension +/n x 4/n, but the distance between observations is the maximum distance:

dij = max(|si, — sj,1, 1si, — 5p,]-

We suppose that the researcher believes that he is in the same context as for Figure 1
and uses the Euclidean distance between observations. This is a different type of mis-
specification than what was considered in Figures 2—-4. Here, the locations are correctly
observed, but the wrong metric between them is used. Because the Euclidean distance
and Gaussian kernel are used in the sample, the resulting K matrix is still positive semi-
definite.

When comparing Figures 1 and 5, we see that the misspecification worsens results
for all methods, but the effect is quite small, much less than a N (0, 2) measurement error
in locations. For example, with 6 = 0.5, our bootstrap has a rejection rate of 11.8% for
n =25, 8.4% with n = 100, and 6.6% for n = 400 compared to 10.9%, 8.0%, and 6.5% with
no measurement error, and 20.0%, 18.7%, and 7.9% with N (0, 2) measurement error in
locations.

We conclude from these experiments that the spatial dependent wild bootstrap re-
moves a large fraction of the size distortions associated with the use of the normal
asymptotic critical values. Its superiority is especially pronounced with stronger spa-
tial dependence (larger values of 6). Moreover, it outperforms the i.i.d. bootstrap except
for cases with large misspecification combined with either small sample size or weak
dependence.

7. EMPIRICAL EXAMPLE

In this section, we present an example application to illustrate our method. This appli-
cation’s goal is to understand how firms are affected by import behavior in their local
markets. An extensive empirical literature has examined the role of import competition
in the reallocation of manufacturing within and across industries, for example, Bernard,
Jensen, and Schott (2006), Autor, Dorn, Hanson, and Song (2014), and Acemoglu, Autor,
Dorn, Hanson, Price (2016). Recent work in this literature, such as Utar (2017) and San-
doval (2020), has been concerned with the distinct effects of imports depending on their
location in the supply chain. This motivates an empirical investigation of the impact of
different types of imports upon firm outcomes. We examine a regression that provides
stylized facts about the correlations between firms’ growth and the level of importing ac-
tivity in their local markets, distinguishing between three types of imports. These three
categories are: final goods imports which may reflect competition facing domestic pro-
ducers in the local market, intermediate goods imports which could reflect, for example
the scale of operation by competitors or the supply of inputs in the market, and capi-
tal goods imports, which may reflect varying access to technology and/or competitors’
scale of operation.
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We use Canadian firm-level data from the National Accounts Longitudinal Micro-
data File (NALMF), constructed by Statistics Canada, for the years 2003 and 2007. The
NALMEF contains all incorporated firms in Canada, and is mainly used to track GDP and
employment of firms, and their locations. We use data from 2003 and 2007 and link
wholesaler import data from Statistics Canada to the NALME* This provides data on
firm-level imports that include their value, country of origin, and product at the level of
a ten-digit harmonized system code. These import-linked data allow us to study how the
import activity of Canadian wholesalers in intermediate, final, and capital good markets
affect manufacturing firms’ outcomes.”

Specifically, we examine the relationship between manufacturing firms’ sales growth
and the level of exposure to import activity in their local markets. We estimate that rela-
tion using a cross-section of firms and the following specification:

Sales Growth; = a + X3l o yntermediate | gycapital 7 o (15)

where i corresponds to a manufacturing firm. The dependent variable, Sales Growth;,
corresponds to the growth rate of real sales between 2003 and 2007. The local market of
firm i is taken to be its Economic Region (ECR) among the 72 ECRs defined by Statistics
Canada.® Importing activity variables X are defined at the ECR level and reflect 2003
activity. We define the parameter vectoras 8 = (o, 0, v, 8, ')’

X iFinal is computed as a ratio. Its numerator is the value of all imports by wholesalers
of final goods within firm i’s ECR. Its denominator is the total value of all imports and
domestic sales of manufacturing firms in firm s ECR. The import measures X }mermediate

and X IC il 5 re defined analogously. See Sandoval (2020) for an extensive discussion of
the merits of these particular measures of import activity.

Our conditioning information in Z; includes 2003 data on firm age, the logarithm
of real sales, and measures of capital and skill intensity. Following Bernard, Jensen, and
Schott (2006), we measure capital intensity as the natural log of a capital/labor ratio
using the book value of tangible assets divided by firm’s total payroll, and measure skill
intensity as the ratio of the total payroll to the payments to production workers. We focus
on a cross-section of manufacturing firms with more than 20 workers in 2003, yielding
a sample of 6120 firms. Approximately 88% of Canadian manufacturing workers in 2003
worked in these sample firms.

We anticipate that spatial dependence will be present in this cross-section of firms
due to two main factors. Firms that are close in terms of travel time will have relevant lo-
cal markets that overlap. When firms’ local markets overlap, they will tend to face corre-
lated shocks, for example, labor supply shocks. We use physical distance between firms
as our measure of the overlap between firms’ local markets. Correlated unobservables
could also easily arise due to similarities in firms’ technology making them vulnerable

4See Sandoval (2020) for a detailed description of these linked data.

5We classify imports according to their end-use as intermediate, final, or capital goods using the corre-
spondence tables between the HS and Broad Economic Categories (BEC) classification.

6 Approximately 96% of the firms in our sample have single locations; for the remaining firms, we take a
firm’s location as the location of its designated headquarters.
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to a common set of shocks or changes to their technology. We represent firms’ technol-
ogy via two characteristics that we use to generate a “technology distance”: their capital
to labor ratio and the fraction of total payroll going to production workers.

We combine our two distance measures to implement the spatial dependent wild
bootstrap. For physical distance, we use the coordinates of the centroids of the ECR in
which firms are located as firm coordinates and use straight line distance as our measure
of firms’ physical distance.” Each firm’s technology is summarized by a two-dimensional
vector containing its capital/labor ratio and ratio of total payroll to production worker
payroll, both in 2003. Technology distance is calculated as the Euclidean distance be-
tween firms’ two-dimensional technology characteristics vectors.

We add both distance measures after scaling them so neither dominates. The com-
bined distance for firms i and j, d~l~j, is constructed by adding a scaled multiple of their
technology distance to their physical distance:

c?ij = physical distance + scale x (technology distance).

The technology scale factor is constructed so that the median of the scaled technology
distance is equal to the median physical distance (560 km). Thus, for two firms with
identical measured technology, our combined distance C?ij is equal to physical distance,
providing at least some sense of units.

We use the same kernel and bandwidth for the spatial dependent wild bootstrap
procedure and spatial HAC:

K*((]ij/dn) = K(gl,'j/dn) = exp(—(El,-j/d,,)z), where d,, = d:.

We present results in Table 1 using a methodology for choosing d,, similar to that de-
scribed in Section 6. Specifically, we obtain é(d(()k)) for arange of values for d(()k). Figure 6
gives these estimates for an assortment of distances, along with upper and lower ends of
a 90% acceptance region for spatial independence. c (d(()k )) is normalized in Figure 6 by
dividing by the sample variance of residuals. Although spatial covariances can be small
relative to the variance of residuals, it is important to note that there can be a very large
number of firms at the smaller distances from each other so their covariances’ sum can
still be substantial relative to their variance. Pointwise hypothesis tests for spatial inde-
pendence can be done by simply comparing the covariance estimates (circles) to the ac-
ceptance region (between dashes).? Estimated autocovariances are generally decreasing
and independence is rejected until about 500-700 units and then “borderline rejected”
until about 1100 units. This motivated our choice of a bandwidth of 560 for our reported
estimates; the implied weight K is greater than 0.14 for only 25% of the pairs of firms.

7Centroids are calculated from Statistics Canada maps of 2016 ECR boundaries.

81t is important to remember that these acceptance regions are for the null hypothesis of independence
rather than zero correlation. Rejections can occur due to differences in the sampling distribution under
dependence versus independence, even if the covariance at the given distance were zero. We anticipate
that with spatial dependence rejections at smaller distances will occur largely due to nonzero autocovari-
ances. At larger distances, we anticipate some (correct) rejections even though true covariance is zero at
that distance due to the sampling variability being larger under dependence than independence.
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TaBLE 1. Inference for regression (15) predicting the growth of sales between 2003 and 2007.

Half width of 95% confidence intervals

Clustered Clustered
wild wild Spatial
Cluster Bootstrap Cluster Bootstrap Spatial wild
B OLS White ECR ECR Industry  Industry HAC  Bootstrap

Import Pen. 4.342 1.666 1.799 1.833 2.048 1.696 1.746 1.838 2.074
Intermediate
Import Pen. —3.033 1.584 1.454 2.164 1.465 1.344 2.063 1.557 1.695
Final
Import Pen. —0.130 1.307 1.027 1.271 1.119 1.199 1.061 1.013 1.021
Capital
Log real sales 0.013 0.017 0.016 0.014 0.010 0.031 0.019 0.021 0.023
Age —0.003 0.004 0.004 0.003 0.003 0.004 0.004 0.004 0.005
Capital 0.028 0.021 0.030 0.032 0.034 0.037 0.028 0.028 0.031
intensity
Skill intensity 0.004 0.051 0.023 0.023 0.012 0.025 0.011 0.023 0.013
Constant —0.265 0.191 0.197 0.192 0.200 0.455 0.266 0.280 0.311

Note: Theimport penetration variables are computed at the ECR-level and for the year 2003. The reminder of the regressors
refer to firm-level data for the year 2003. For the Wild bootstrap, we compute a symmetric t-percentile confidence interval using
2000 Bootstrap repetitions. Skill intensity is measured in 100s.

We obtained qualitatively very similar results with bandwidth choices up to 1120; at this
bandwidth, K is greater than 0.14 for 53% of firm pairs and K is greater than 0.61 for 25%

of pairs.

ACF Residuals

1000

Distance

2000

3000

FiGuURE 6. Circles are local average estimates of spatial covariances and dashed lines represent
edges of a 90% acceptance region for the null hypothesis of spatial independence. Uniform ker-
nel with tolerance § = 57 for smallest distance and § = 113 for all others. Covariances are nor-
malized by dividing by sample variance of residuals.
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We also include in Table 1 confidence intervals using different methods for com-
puting standard errors and critical values. Specifically, we compute asymptotic theory-
based intervals that rely on different standard errors: classical OLS, heteroskedasticity
consistent (labeled White), clustered at the ECR-level, clustered at the 3-digit industry-
level, and spatial HAC. We also include three bootstrap-based intervals: cluster wild
bootstrap at the ECR level, cluster wild bootstrap at the industry level and our spatial
dependent wild bootstrap using the same kernel and bandwidth as in the spatial HAC.®

The results presented in Table 1 have several key features. The relative sizes of con-
fidence intervals across methods differ across elements of 3. For example, for the first
element of B, the coefficient on intermediate goods imports, our spatial wild bootstrap
CIs are the widest but for the coefficient for final goods imports, Cls using clustering on
ECR are largest.

There is evidence of substantial dependence as a function of physical distance, but
its impact on inference again varies across elements of 8. This can be seen by compar-
ing, for example, White CIs with ECR cluster for the capital imports coefficient where
the length of CIs differ by 24%, but for the intermediate goods coefficient, these ClIs are
nearly the same length. There is also some evidence of correlations due to similar tech-
nology, which are partly reflected in CIs under Clustered by Industry. CIs using Industry
clusters are sometimes larger and sometimes smaller than White Cls across the three co-
efficients of interest. Both the spatial HAC and spatial dependent wild bootstrap attempt
to allow for both types of correlation.

Finally, there is evidence that using the spatial dependent wild bootstrap matters
relative to a spatial HAC estimator using the same kernel. Across all parameters, the dif-
ference in length of the ClIs is typically about 10% to 20%, possibly reflecting the greater
robustness of the bootstrap intervals to finite sample deviations from the normal distri-
bution.

8. CONCLUSION

This paper has proposed a method for generating bootstrap data under spatial and
space-time dependence of unknown form. It is implemented by multiplying a vector
of external variables by the eigendecomposition of a bootstrap kernel. The wild boot-
strap and wild cluster bootstrap are special cases of this approach and do not require
the decomposition of a full » x n matrix, but our method can also be used to generate
data with dependence patterns for which no alternative method exists. Simulation ex-
periments suggest that there are gains from generating bootstrap samples that replicate
the spatial patterns in the data.

Results by Zhang and Shao (2013) show that the Gaussian dependent bootstrap is
second-order correct for the Gaussian location model under fixed-b asymptotics. Ex-
tending these results to the regression model with non-Gaussian errors and spatial de-
pendence is an open but challenging topic for future research (see Kline and Santos
(2012b) for results for the standard wild bootstrap in the i.i.d. context).

9We do not compare to blocking/clustering methods allowing for general dependence structures as in
Bester, Conley, and Hansen (2011) or Ibragimov and Miiller (2010) due to the difficulties in defining appro-
priate blocks/clusters when dependence is characterized by multiple metrics.
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Another interesting extension of our results would be to investigate the properties
of the spatial dependent wild bootstrap when locations are randomly selected from a
given population rather then being fixed, as we have assumed here. This setup has been
recently considered by Miiller and Watson (2022), who propose a new estimator of the
spatial long run variance using a fixed number of principal components obtained from a
“worst-case” benchmark parametric model for the covariance structure of the error term
in a location model. A critical value is then constructed using this benchmark model
under the additional assumption of Gaussianity so as to ensure that the size of the re-
sulting test is asymptotically correct. Contrary to our setup, Miiller and Watson (2022)
assume locations to be randomly selected from a density g and show that allowing for a
nonuniform density has implications for the conventional fixed-b limiting distributions.
The choice of sampling design may also impact bootstrap validity (see, e.g., Lahiri and
Zhu (2006) for results on the spatial block bootstrap). Interestingly, Shao (2010) shows
that the wild dependent bootstrap is asymptotically valid when the sampling design is
stochastic with a potentially nonuniform spatial density g. It would be interesting to
extend these results to our context, where spatial dependence is not restricted to be in-
dexed on the line.

APPENDIX

As usual in the bootstrap literature, we use P* to denote the bootstrap probability mea-
sure, conditional on the original sample (defined on a given probability space (), F, P)).
For any bootstrap statistic 7/, we write 7,: = op«(1), in prob-P, or T, —P"0,in prob-P,
when for any é > 0, P*(|7;;| > 6) = op(1). We write T,; = Op=(1), in prob-P, when for all
6 > 0 there exists M5 < oo such that lim,_, o P[P*(|T,f| > Ms) > 6] = 0. By Markov’s in-
equality, this follows if E*|T*|9 = Op(1) for some ¢ > 0. Finally, we write T —4" D, in
probability, if conditional on a sample with probability that converges to one, 7, weakly
converges to the distribution D under P*, thatis, E*(f (7)) —P E(f(D)) for all bounded
and uniformly continuous functions f.

A.1 Auxiliary lemmas

Define
1 n
Jboot,n = Var* («/_ﬁ ; Vﬂh)

and note that Jyqt , differs from fboot, n= Var*(ﬁ > Vini) by replacing V; with V;.

Recall that dij =d,j + &;;, where d;; is deterministic, and ¢;; is a measurement error which
is independent of {¢;} and {x;}. Let ¥,, = {&;;,1, j=1, ..., n}.

LEMMA A.1. Under Assumptions 1(i) and (ii), we have

1 <A " C?ij Eﬁ;kl
P ()] =0 (%)

i=1 j=1

as Et}, d — oo such that E€};/n — 0.

n
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Proor oF LEMMA A.1. Note that
B 1
— Lyl =~ Z !
=1 jeB;,

i=1 j=1
where B}, is a random set containing the neighbors of i using c~l,-j. Thus, we have that

(@22 e () - 2o 2 e ()

jeB; j¢BL,
If K* truncates, the second term is automatically zero, whereas the first term can be
bounded by n?E Y7, 377 es;, 1= n'E(n 'YL, e ,) = nm'EC;. When K* does not
truncate, then we use Assumptlon 1(ii) to bound the second term. Specifically, we obtain

that
di\| Ee: (1 d;; EC;
— I =< E =0(—2).
(d;:)‘- n (Ez*sup > [k (d) () .

l ¢B*
The following lemma establishes the consistency of Jyq,, and fboot,n toward J,,.
This is a key result for proving the asymptotic validity of the bootstrap distribution of
Jn(B* — B) and the corresponding Wald test Wi,

e (@) x e

1 n n
2 E) K
=1 j=1

ZZEZ

=1 j¢B;},

LEMMA A.2. Suppose that the conditions of Theorem 3.1 hold. Then (i) Jpoot,n — Jn —* 0
and (i) Jpoot,n — In —F 0.

Our next result is an auxiliary result used to prove Theorem 3.1.

Lemma A.3. Suppose Assumptions 1 and 2 hold. Then, for any pair (i, j), conditionally
onWV, ={§;},

SN NEVV V) bikdbj| <M,

i=1 j=1
uniformlyink =1, .. o n, where ¢y, is the ith element of ¢y = (d1k, .., dui)’, the kth

eigenvector of K =(K*( d’ ))i,j=1,...,n» and where the constant M is independent of V.

PROOF OF LEMMA A.2. Part (i) Since Jpoor,, —Jn —F 0 ifand only if &' Jyoor na — @/ Ty —T

0 for any p x 1 vector «, we consider the case that Jy,,,, and J, are scalars without loss
of generality. Write
) — 1)E Vivi)

Jhoot,n —In = ZZK*( )VV EWViV)]+ ZZ( (

i=1 j=1 i=1 j=1

:*|\..

=b; + by.
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For b1, note that by the law of iterated expectations and the independence between {V;}
and \Pn = {fl]}’

E(by) =— ZZE[K*( ) (ViV; — EWViV))| ¥, )}

_ _ZZE[K*( ) EWVVI¥, )—E(VV))]

i=1 j=1

where E(V;V;|¥,) = E(V;V;) given Assumption 4(i). Hence, it suffices to prove that
Var(b1) = 0(1). We have

Var(bﬂ—Var(—ZZK*( )VV, E(IGV,-)])

i=1 j=1

Err e (i) ()]

i1=11=liz=1j>=1

x [EViyViyVi,Vi) = EVy Vi) E(V, V)], (16)

using again the law of iterated expectations and the independence assumption between
{V;} and ¥,,. Adding and subtracting appropriately in (16), we can bound Var(b1) by

Var(b1) < b1y + b1 + b3,

where
b= Z Z Z Z|E(V,1V,1V,2V,2) E(VaVi)EVi, V)
i1=1j1=1ix2=1jp=1
— EVi Vi )EV;,Viy) = EWi Vi ) E(V;, Vi) |
and

l dl
b1p = ZZZZZ [ ( ”l)K*( 2’2)}|E(VHVQ)E(V,1V,2)|

i1=1j1=1ix=1jp=1

i di j
o= >0 50 3 S [ i ()]l p0s vl

i1=1j1=1ix=1jp=1

We can show that b2 and b;3 are both of order 0( b ), whereas b = 0( ). Thus,
Var(b;) = o(1) under our assumptions prov1ded T = o(1). Next, we focus on the term
b12 (the argument for b;3 is the same and the proof that b;; = 0(%) follows by an argu-
ment similar to the one used to show that C; = O(1) in the proof of Theorem 3.1, so we
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omit the details here). We can write

s EEee()

Z|E(V11Vzg)| Z [E(V;, V)

ih=1j1=1 ir=1 J2=1
Z Z ‘ ( 1111) (SupZ]E(Vsz)O (supZ|E(Vij)|)
i1=1j1=1 =1 J2=1

<A

<A <

w()-o(2) w0
n

=% — 0 by Lemma A.1. Note that we have used the fact that sup; > 7_; [E(V;V})| < A

< ZZZ

i1=1j1=1

Ee
if

under Assumption 2.
For by, note that
o) =4
| asd,— oo,
*\ 4

0

ZZHE(VV)qu" K + o(1)) =

|bz|<
qont 1j=1 n
because
1 n n i 11 n n -
P{= D Y NEVp|dP > A) < 1= 3 Y [EVV)[E(d) 0 asA— oo
i=1 j=1 i=1 j=1

given Assumption 4. Hence, b, = op(1), completing the proof of part (i)
For part (ii), given (i) it suffices to show that jboot,n — Jboot,n = op(1). Since x;it; =

xilui + xi(B — B)1, we can write

fboot,n — Jboot,n = — Z ZK*

lljl

)x,-xj(it,-l}j — uiuj)

TN
3&9‘6|\ !

ey k(g

i=1 j=1

)xxjxx](ﬁ B)? +2xjui(B—B)]=c1 +co

§-)$

Because 8 — B = Op(n~1/2),

=0P(1)< - ZZK*(

i=1 j=1

)=o),

:*
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because by Markov’s inequality

n n 7.
P(lp s () -o) < px el () vt
i=1 j=1 i=1 j=1 n/ e
<M
M1 1 E(*
<—— EK*\—)|=0 L
<3 nnie ()=o)

under Lemma A.1. For ¢»,

i=1 j=1

2 « d 1 ¢ 2 . * &ij g
= HZZK (d*)xzux (B-— .3) OP(I)(WJ-_ X; -le <d_:;>xlul>'

We have

S (o

7
§OP(1)( ) (%; ZK( >xu,

lc2| < Op(1)~ Zx

2\ 1/2 =7
) o),
n

because

S (B )

(e )

i E¢,
( u)supZ|E[VCV,2]y_ ( ; )

ir=1
by Lemma A.1. Therefore, fboot, n — Jboot,n = op(1) under the rate condition on EZ};,
which concludes the proof. O

(2

D

j=li1=1lix=1

I

j=1li1=1

<M

Proor oF LEMMA A.3. The proof uses the weak dependence of V; and the fact that
> qbl?k = 1for any realization of K}. Let us rearrange the sequence of {¢, i =1, ..., n}
as {d)}("), a=1,...,n}for each k in a way that |q,’>,({“)| is the ath largest component among
{lgixl,i=1,...,n}. Thatis, [V = |¢Z)| > ... > |\ |. Using this, conditionally on ¥,,
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we can rewrite

S EG) budi| = 3 S W) 60|

i=1 j=1 =1b1
n n—-1 n
=S IECV) G I +2Y Y )80 60
a=1 a=1b—a+1
(1): diagonal part )

where we have used the independence of {V;} and V,,.
It follows that

(1)—Z||EVa (@) = sup | E(er?) IIZ (o4)" =sup | E(eV)) | < o0,

a=1

since Y-"_; (¢1*)? = 1. Similarly,

n-1 n
@@= ||E(%I/é)|||¢i”)|l¢(b)|<Z|¢>k‘”| Z AR

a=1b=a+1 b=a+1
n—1 n

=TSN 1A (AAT e
a=1 b=a+1

where the second inequality is due to |d>§(”)| > |qb§(b)| with a < b. Then

@< S 3 Ll <X (s 0

b=a+1 a=1

(s lE0)]) <o

¢ p=1

assuming that the term in parentheses is bounded. This last condition is slightly stronger
than the usual weak dependence %2?21 27:1 IIE (V,V/)H < 0o, but it holds under As-
sumption 2. O

A.2 Proof of main results in the paper

PROOF OF THEOREM 3.1. Let C, = Q17,07 and define its square root matrix as Cl/2

o1, 172 where J 2 is such that I 1/ 2(J 1/ 2) = J, and it exists by assumption. It follows
1 2 _ 1 /5
0 and

c 1/2\/5(3* _p)=c; I/ZQ;lﬁ inu;f =17, I/ZQQ;IE inu;?‘
Py i=1

—-1/2 1

n
=/J — ) xjuf+op(1),
n «/ﬁ; 4 p+(1)



552 Conley, Gongalves, Kim, and Perron Quantitative Economics 14 (2023)

since under Assumption 6(ii), Qn N Q. Thus, it suffices to show that

n
-1/2 1 % d* .
Iy ﬁ E_ xju; =% N(0,1,), inprob-P, 17)
to conclude that
G\ 2yn(B* - B) >4 N(0,1,), inprob-P. (18)

Given that C,; 1 zﬁ( ﬁ —B)—=4N(©O,1 p) under our assumptions, (18) implies the result
by Polya’s theorem and the continuity of the normal distribution. Using the definition of
u?, (17) follows if

1 < .
ﬁin(ﬁ,-—ui)maP 0, inprob-P, and (19)
J;l/Z\/_Zx uin; -4 N(0, I,), inprob-P, (20)

i=1

as n — oo. For (19), we note that

%;xi(ﬁi—udm Zxxm\/_(ﬂ B),

_,_./ —OP( )
=m

so it suffices to show that a; = op+(1) in prob-P. By Markov’s inequality, this follows if
E*|a1|? = op(1). Routine calculations show that

Efla* = 222“’””1 )E"(mimj) = 222“”””1 |K*<d_}>§>

i=1 j=1 i=1 j=1
E¢;
=0p< ”>—>0, (21)
n
Ee*
as =2 — 0, given Lemma A.1.

Next we prove (20). Given Assumption 1, K* is symmetric and positive semidefinite,
which implies that K} = ®,A,®), where A, is a diagonal matrix with the nonnegative
eigenvalues of K}, and the columns of ®, are the associated orthonormal eigenvectors.
Then L, can be written as

L= @0 = [0 01, .., A% a),
implying that
n=0,A v =[N?b1, ..., b dalv,

where v ~i.i.d.(0, ,;). Given that V; = x;u; is p x 1, let

V' :[Vl Vn]-

pxn
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It follows that

n
12 1 ~1/2 12 1,
In _§ xiuin; =Jy _§ mi=Jn T —=V'n
Vi Vn iz vn
n

n
1/2,1/2 s 1 .
=—=> (T "NV )u=—7=) 7,
k k
k=1 Vn k=1
where by definition,

-1/2,,1/2
ZE =0,V i) ure

Note that ()\llc/ 2]; 12y ¢r) is a p x 1 vector of constants conditional on the data and
that v, ~ i.i.d.(0, 1), which implies that Z; is an independent heterogeneous array. We
will show that n=Y/23"}_, Z¥ —4" N(0, 1), in prob-P, by applying Lyapunov’s CLT (see,
e.g., Proposition 2.27 of van der Vaart (1998)). First, note that conditionally on the data,
E*(Z;)=0and

( sz> Z)\k] 1/2V/¢ d’ V( 1/2)
zjrl—l/zV,(% ZM%M)V(J;UZ) J—1/2J0n(J—1/2) ’
k=1

where

1 n 1 n 12 1 n
Jboot,n=Var*<—ZVm,->=Var*(—Z(V/Ak br)vk | =V =D Moy |V
ﬁi:l ﬁk:l n

k=1

By Lemma A.2, Jpoot,, — Jn — ¥ 0, which then implies that

1 & P
* (ﬁZz;;> — Ip.
k=1

Hence, it remains to check Lyapunov’s condition, which requires that for some v > 0,

2
1+v/z ZE*”Zk“ P, (22)
k=1
Note that
2 2
Hv/z ZE* |Ze|* = 1+v/z ZE*HJ VOV g |
k=1 k=1

24+v
||]_1/2 ||2+v

1 14v/2
T2 (SUPA ) ZE*
k=1

ZV¢1kvk

i=1
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_ ”J;uz H2+vvi/2(mfx /\611+v/2)
n

1 n P n n 1+v/2

k=1 \m=1i=1 j=1

We will show that the Lyapunov condition holds for v = 2 by showing that

%(m;lx/\i) =op(1), (24)

n P n n 2
%Z(Z ZZV;’(m)I/j(m)d)ikd)jk) = Op(1), (25)
k=1 \m=1i=1 j=1

and noting that E*|v;|* < M by assumption. To prove (24), since K} ¢, = Ay¢,, for a =
1,...,n, wehave thatforeachi=1,...,n,anda=1,...,n,

ZK*< ) ja =Aabia.

Let i =i, such that |¢; ,| = max;|¢,,|. Then, fora=1, ..., n, it follows that

la ia * 6?ia.
(@) = no= e (Gl <2l ()]

Thus, we can obtain an upper bound for {),} as follows:

e )
d}’l

n

Aaldial <YK

j=1

Ijal _
(brnal po

supA, <
a

Assumptions 1 and 5 imply

= sule +supZ

&)

j=1 jeBin ¢ jeBs .,
[ —
=sup, £ n<cEl;
andsince A, >0fora=1,...,n,
~ 2 ~
1 9 1 n da' d . 2
—supAs < —su K*( X cEl} +su la)
st < Loun( 3 (4 vaup 3 [re (%
]:1 n j¢8* n

n n

2 2
E¢;, E¢;
Z(C n) +2( n) < 1 sup Z

[0 — = 1
) < P((n1/2> ) op(1)

given Assumption 1(ii) and the fact that we let %’Z =o0(1).
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Next, we prove (25). We will focus on the special case where p = 1 for simplicity, and
show that

% ZE(ZZ%cmkV,»cb,-k) =E[% ZE((Z V,-¢>,»k> \\Ifﬂ —o(),
k k=1

=1 \i=1j=1 i=1

which suffices to prove (25) given Markov’s inequality. In particular, we will argue condi-
tionally on ¥, and show that the average of the conditional expectation is bounded by
a constant. This is enough to prove that the unconditional expectation of the average is
bounded. Letting Vik = Vidir, we have that

4 n n n n n
\wn) B 3D IPID I WA IN

k=1i1=1ix=1i3=1i4=1

1 n n B
e
k=1 i=1

=C1+Co+C3+ Cy,

where adding and subtracting appropriately,

EWiiViokVigk Vigr | W)
. Z Z Z Z Z —E(Ifilklfizqufn)E(Ifigklfmqu’n) |
M el i=li=1i3=1i4=1 — EWViiVisk V) E(ViyiVigid W)
— EWitVigk 1Y) EWigkVig | %)

1 n n n 5 ~ n n ~ N
G = - Z Z Z EWVyiVipk|¥n) Z Z EWiiVigk W) ¢
k=1 \Uij=1ix=1 i3=1iz=1
1 n n n 5 - n n - "
Co=—> 12 2 ECaiVigkl¥n) 14 D D" EWioiVigk W) 1
k=1 \ij=1i3=1 ip=1i4=1
1 n n n 5 - n n - "
Ca=—> 42 2 ECaiVie¥n) 14 D2 D" EWipiVigk W) ¢
k=1 li;=1iy=1 ip=1i3=1

We will now show that each of the terms C; through Cy4 is bounded by a constant given
our assumptions. Recall that Vi = Vipix, where V; = > 72, rige; given the linear array
representation of V; (Assumption 2). We will rely on this assumption as well as on the
orthonormality of the eigenvectors ¢y = (¢ :i =1, ..., n) to prove the desired results.
Write

o 0
Vie=Vidix =Y _(rudi)er= Y Fixer, Where Fiy i =ridik.
=1 =1
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Using the fact that ¢; are i.i.d. (0, 1), it follows that
EVikVigkVigk Vigk 1)

(o, <N O BNe o BN ¢]

= Z Z Z Z Fisly, kTigly, kTisls, kTigly, kK E (€1 €1, €15€1,)

1=10=113=11=1
o o o
=Y Firl kFiol, kFisl, iyt E (€]) Z DhkFilk D il kFiglyk
=1 1=1 lh=1,l1#l»
(0.¢] oo o o
D FankFislk Y FibkFubk + Y Fan kFahk Y Fib kil k
hL=1 lr=1,l1#l» L=1 lh=1,l1#l>

=d) +dy+ds+ds.

Now, notice that for a given pair (i, j), for example, (i1, i»), we have that

EWiiVik |¥0) =

oo o
Z;illl,kell Z;izlz,kelz ‘\Pi’l

=1 lr=1
o o

oo
Z Z Fisly, kTily, k E(epen) Z Fisy kil k-
1=10=1

=0if 1l and 1if Iy =1» =

This implies that

E(I%lkﬁzqurn)E(I%\gkI;ljqu,n)

o0

=D FunkFink > FigbykFiglk + Fishy kFialy
_(—/
h=1 la=1,L#h when l1=[
o o0
= Z iy, kTish, k Z Figly, kTigly k | + Z;illl;k;izll;kfi3llrk;i4llyk
1=1 lz=1,lg;ﬁll 11:1
Hence,
o0 o0
do= > FuniFoni || D FiabkFib.k
h=1 lo=1,l#0

oo
= E(I/}lk‘[/igqujﬂ)E(I/lékI/};;qufn) - Z ;illl,k;igll,k;i311,k;i4ll,k'
hL=1
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Similarly,
o0 oo
ds= > FuniFan i )| D FobkFubk
h=1 lr=1,l2#h

o
= E(I/;lkl/ig,k |\I’n)E(Vi2kV;'4k |q’n) - Z ;illl,k;igll,k;i3ll,k;i4ll,k

L=1
and
o0 o0
da= D FuniFoni )| D FiabkFubk
h=1 la=1,l2#h

o
= E(I/ilkl/i4k|\yn)E(I/i2kI/;3k|\Pn) - Z ;illl,k;izll,k;igll,k;iﬂl,k‘
h=1

Putting everything together yields
E(Izlkl;;zkt7i3kl7i4k|q,n) - E(I;;lkl}izk |\PH)E(I7lgkI;;4k|\I,n)
- E(I7ilk17i3k |q,n)E(I7lzkI7l4k|\I,n) - E(Vilkﬁi‘;k |\IIH)E(I712kI7l3k|\I,n)

3

~ ~ ~ ~ 4 ~ ~ ~ ~
= Zrill,krizl,krigl,kri4l,kE(el) -3 Zri]l,krigl,krigl,kri4l,k
=1 =1

3

=D Fut kil kPt kTt k (E(€]) = 3),
1=1
=Ky

which then implies that
1 n n n n n o0
Cr=ra- DI D FnkFankFist kFial k-
k=1i1=1i2=1i3=1i4=1[=1
To bound this term, note that x4 < A under our assumptions and, therefore,

1 n n n n n o
Ci=A- DU YYD it kFipl ksl kigt k]

k=1i1=1i2=1i3=1i4=1[=1

= A Z Z Z Z Z |rlllr121r131rl4l| Z |¢)11k¢12k¢13k¢l4k|

ll—llg lig=1i4=11[=1

12, ,
= A Z Z Z Z Z|r111r121r131rl4l| Z(d)llkd)lzk) Z(¢i3k¢i4k)2
11—112 liz=1i4=1[=1 k=1
1/4 1/4

= A Z Z Z Z Z'rlllrlzlrl3lrl4l| Zd)llk Z¢12k

11—112 lig=1i4=1[=1

557

1/2



558 Conley, Gongalves, Kim, and Perron Quantitative Economics 14 (2023)

" /4 , , 1/4
y (z ¢;gk) (z ¢,tk)
k=1 k=1

<a- Z Z Z Z Z ITistTigt iy il [SUP<Z ¢zk>}

l] lir=1i3=1i4=1[=1

. e ;L e .
n n — n — i ’
We know that @, is such that ®,®, = &, P, = I,,, which implies that for each i

> k—1 % = 1. Write

n n
2 42
Z ik = Z Dl i
k=1 k=1
Because ) ;_, % =1 for each i, it must be the case that sup,_; ., [¢% | < 1. Thus,
n n n
4 2 2
D b= bidi 52’¢zk|sup|¢zk’SZ’(bik‘:l’
k=1 k=1 k=1

implying that

1 n n n n oo
G =A- DU irnrariirial

n=lip=lig=1iz=11=1

A T <Z |rl~21|) (Z |r,»3z|> (Z |r,-4z|>

i1=11=1 ir=1 iz=1 ig=1
1 n 0 x o x
A= > lrul (Z |r,-21|> (Z |rl~31|> (Z |rl-4z|>
i1=11=1 ir=1 i3=1 ig=1
%/_d

<M by Assumption 2
n

1 o0
< AM3; Z Z |r;,1] < Const.
i1=11=1
a/_d
<M
To show that Cy, C3, C4 are also bounded by some constant that does not depend on ¥,
we apply Lemma A.3. 0

To prove Theorem 4.1, we rely on the following lemma.

LEMMA A.4. Suppose Assumptions 1-7 hold. If E*|v;|* < M and d,, Et, — oo and
d:, EC: —> 00 as n— o0 such that E€,/n = o(1), and E¢;/n'/? = o(1), then (i) J*
Jboot . =L 0, in prob-P when unrestricted residuals are used, and (ii) J * Jboot,n —F,
in prob-P, when restricted residuals are used, and Hy is true.

Proor oF LEMMA A.4. We focus on the proof of (i) since (ii) follows by similar argu-
ments because 3 — 8 is /n-convergent under Hy. Without loss of generality, we take
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p=1.Let

i =37 — X =3 — X (B ) = (B ),
where u? = i;m;. It follows that

f;zk _fboot,nz (f:; _jn) + (fn _fboot,n)

1 n o n ‘zij . X
= _ZZK Xi x]( luj — U u]) +(J ']boot,n)
n~—~* dy
i=1 j=1
=A1+ Ax+ Az + Ay,
where
1 (d;
]
A1—;ZZK<dn)x xjlufui — aia;]
i=1 j=1
and

*)2, and Ay =J,—J%

M
L[>
=
/\
\_/
m>
m>

First, note that A4 = op(1) by Lemma A.2. Next, we show that 4, and A3 are op+(1), in
probability. For these terms, we can use the fact that /n( ﬁ — ﬁ*) = Op+(1). Starting with
A3z, we can write

n n &i' . .
Ay = [%ZZKG)X?JC?}W(B ~B)° =op(1),
n D e ——

=1 j=1
= =0p+(1)

=Az1=op(1)

in probability, since we can show that 43; = op(1). Indeed,

b= (et < S5 () o[ ).

i=1 j=1 i=1 j=1

<M

e s . Elyy _
by Lemma A.1. Thus, by Markov’s inequality, A3; = Op(=2) = op(1). For A3,

A2:|: ZZK( )xxu}xﬁ(é—é*),

1 1
s —Op«(1)

Az1=o0p* (1)
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since we can show that the term in square brackets is op+(1). To see this, note that

ZZK( U)x(ul u)n,x +\/_ ZZK( ),-umix]g

i=1 j=1 i=1 j=1

— A 1 AD,

Starting with Agll), note that

11 n n 3
|A%H=:——~—§:§:K<—i>x(ﬁ Bymix%| < Op(1)= E:x-—E:K< )ﬁni
Vnni= =1 d =1
L 1/2 2, 1/2
sop(l)(—Zx}*) ( Z( ZK( )x?m)) :
nj:l Jj=1 i=1
=0p(1) =e1=0px (E{,/n) in prob.

where e; = Op«(E{¢,/n) in probability. For this result, it suffices to show that

E(E*(le1]?)) = O(Et,/n). But
d;
) (d:>lluE(numﬂ

(5w ()
R

Gty = 3w 3 K (g

i1=1ix=1

2 Ly y (%

i1=1lix=1

xx

<—Z 3PS

i1=1lix=1

implying that

sl =, 30 3 ek ()

i1=1ix=

&ij 2.2

() vt

n ————
&—\/—-/

<1 =M

of)

as shown in Lemma A.1. Therefore, Aéll) = Op+(E¢,/n) = op«(1), in probability. A similar

argument implies that A(Zzl) = Op+( E‘Z” ) = op«(1), in probability. Thus, to end the proof,

SR e()
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we show that A} = op«(1) in probability. We can write

ZZK( ”)xx, [xix;(B — B)? + 2x;u; (B — B)]mim;

i=1 j=1

__ZZK< l/)xx]xx,(,B B) +2x;uj(B — ,3)]

i=1 j=1

+ - ZZK< )xxmu,(nm, 1) = A1 + A1z + A,
i=1 j=1

where 412 = —(J;; — J§,) = op(1), as shown in the proof of Lemma A.2. Thus, it suffices

to show that 41 and A3 are op+(1), in probability.
We can decompose A;; as A1 = A(lll) + A% where
1
FE B

11
( ) 7717]]|(B B)z
i=1 j=1
=0P(1)12n:|x2n'} 12’1:
n R )

dy
(i)
i=1 j=1
- 2, 12
1 ¢ 1 dijj
SQv(U(;Z\X,?mI) (;Z( ( ’) \x,z-n,-\) ) :

i=1
=ej=o0px (1) in prob.

=0px(1)

where E(E*(e1)) = o(1), as shown before. Thus, A(lll) = Op+ (Ee") in prob-P. Using ar-
guments similar to those used before, we can show that Agzl) = op+(1), in probability,
concluding the proof that 41, = op«(1), in prob-P. Finally, we show that 4,3 = op+(1).
We have

A=t ZZK<d_f

23k (G )
)

= A + 4. (26)
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For A(I?, we prove that Var*(A(l)) =op(1) since E*(A ) = 0. By Markov’s inequality, it
suffices to show that £ (Var*(A%) )) =o0(1). We have that

S { (ESR@omr(2)

i=1 j=1

— Z Z Z ZE(VHVHVZZVD)

i1=1j1=1i=1jp=1

dii\ (i \ [ A\ (i
B[ k(G ) (52 ) (B mmmami = (2 ) (2 |

Let L;; denote the (i, k)-th element of L, such that K} = L,L/ . In particular, letting
L,= CI)nA,I/ 2 implies that

ni = ZL ikVk = Z (\/>¢zk)vk’

_le
where vy, isi.i.d. (0, 1). This decomposition implies that for any pair (i, j),
E*(ninj) —K*< ) Z Z Ligy Ljiy E* (Vg vky) = Zszij
k1=1ko=1
Similarly, it follows that

n n n n
E*(mimjimiynj,) = Z Z Z Z Ly Ly ey Ligtes L jokey E* (Vi iy Vicy Vi, )
k1=1ky=1ks=1ky=1

n
= Z LilijlkLiszjzk(E*(vi> - 3)
k=1

n n n n
+ Z Li1k1Lj1k1 Z Lizksszk3 + Z L iy Liyk, Z LhkzLJ'zkz

ki1=1 k3=1 ki=1 ko=1

n n
+ Z Liyky Ljpky Z Lj ik, Liyky

ki1=1 ko=1

n
= Z Li1ij1kLi2ij2k(E*(vi) - 3)
k=1

di, d; d; dj,;
K* 1J1 K* 2]2 K* Girip K* J1J2
- (d) (d: B d
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Thus,

d, 6?izjz
E*(miymjmiynj,) — K*( “I)K*< )
20 A B R /] d* d:
d

= 3 L LB (o) = 3) + K7 (T )R (B2 ) ke (2 (B2
n n

k=1 n n

Given this decomposition, it follows that
E(Var*(A\Y)) = Bi1 + Bi2 + Bis,

where

B = 2 Z Z Z ZE(VlelViszz)

i1=11=1i2=1 jo=1

Czi i dl *
X E[K<_dl: >K< 2,:2 ) (ZLzlijlkleijzk(E (vi) - 3))},
’1/1 lzjz * dlllz * ‘zjljz
Blz = 2 Z Z Z Z dn K d* K d* E(VithViszz)r
n

i1=1j1=1i2=1 jp=1

; iin\ o Ainis\ o (i
fm—22§222ﬁ{(”)(;ﬂK(;ﬂK(yﬂmmm%%y

i1=1j1=1i2=1jo=1

Since (E*(v;) —3) < M by assumption, by adding and subtracting appropriately, we can
bound Bj; by

ZLllijlkleijgk
k=1

(E(VanszV/z) EWViVi)EWV, Vi) )
_E(VilV;z)E(leV}z) - E(Vilez)E(leV;'z)

Bu=M— Z Z Z Z|E(V”V,1%2V]2)|E

i1=1j1=1ix=1jo=1

“MZZZZ

i1=1j1=1i2=1jp=1

n
E ZLilijlkLigijzk
k=1

+H(EWLViDEWV V)| + [EWVL V) EV; V)| + [EVi Vi) E(V Viy)))

n
E ZLilijlkLiszjzk
k=1

=B +BY + BY + BY.
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To bound Bﬁ), we rely on Assumption 2 to write

E(Vlth ) E(Vlth)E(Vlejz) _E(VilViz)E(leij) _E(Vilez)E(V}lViz)

o]

= Zrillrjllrizlrjzl(E(e;l) - 3)’

=1

by using an argument similar to the one used to study the term C; in the proof of Theo-
rem 3.1. Also, recall that L;; = \/Ar¢;r. Then

ik LjikLisk Lk

This implies that

By =M ZZZZZ

i1=1j1=1i2=1j2=1

n n n n o0
< M?*— 1 ZE|:/\ Z Z Z Z ZIrilzrjlzrizzrjzl¢i1k¢jlk¢i2k¢j2k|:|

k=1 ih=1j1=1ix=1jp=11[=1

E Z‘/\ ¢11k¢j1k¢lzk¢12k|

Zrlllrjllrlglrjgl
=1

. \/_ZE|:/\ [Z|¢“k|2mll|Zv,ll«b,lk@mzzrblzuZmzzcb,zu}

i1=1 j1=1 ir=1 Jo=1
Note that
[ Z bl Z Il Z il |kl Z Iriptl| bk Z |r,21||¢,2k|
i1=1 =1 =1 i2=1 Jo=1
1 1/2 o0 n n n
- —(Z ! ) (z ¢) (me) (z |r,-11|) (z |,,.2,|) (z |r,-2,|) M
i1=1 i1=1 =1 J1=1 ir=1 J2=1

=1 =1 <M

which implies

B < M6 (Z /\2). 27

Since {A;} are eigenvalues of K?, we have
n n n d 2
> (i) =Y (k7(92)) 28)
k=1 i=1 j=1 n
Plugging (28) into (27) yields

w5 S50 () ) conm e (4) o 55)

11]1 =1 j=1
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For Bgzl), we have
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n
B = = Z Z Z Z|E( VIVEWiVi)|E[D LikLjikLik Lk
i1=1j1=1i2=1j,=1 k=1
n
=M~ Z Z Z ZlE( ViDEWViR V) |ED " A bisk bk bink bk
i1=1j1=1ix=1jr=1 k=1
n n
<M—; EZAZ(Z Y |EW; h)qﬁhkqshkl)(Z ZE(VZ»ZV,-Z)@ZW,-Z;C)
i1=1j1=1 ir=1 jo=1
<M by LemmaA.3
n 2
—E(ZA%) M3—E<ZZ(K*< )) )
k=1 i=1 j=1
E¢*
w3 el ()| =or(5).
n
i=1 j=1
Using the same procedure, we can show that Bﬁ) = (4) = O(EY(}/n). Hence, By; =

O(EC://n) = o(1) given that E¢}//n = o(1). Since we can also show that the terms By
and B3 are o(1) by a similar argument, this concludes the proof that Agg =op+(1) in
prob-P.

For A%), the second term in (26), note that

1 l;i'
E(A%))s;ZDE(W;H(l—K*(ﬁ))20(”’
i=1 j=1 "

as d; grows, as proved in the proof of Lemma A.2 (see term b; in particular). Hence, it is
sufficient to show Var(A(z)) =0(1). We have

Var(4]3)

(LSS () )
S s () () ) () )]

i1=1j1=1ix=1jr=1
X [E(VilelV;zV}z) —E(I/}th)E(Vith)]
535 3 3p 32 1 KT W L [ AR et
dn
i1=1j1=1ix=1jp=1

=o(1),

ViE(Vi,Vi)|

as shown above. Therefore, A(13 = op(1), completing the proof. O
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Proor oF THEOREM 3.2. The proof is in the text. O
ProoF oF THEOREM 4.1. It follows from Theorem 3.1 and Lemma A.4. O
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