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ABSTRACT. This paper addresses inference in large panel data models in the presence of both
cross-sectional and temporal dependence of unknown form. We are interested in making inferences
that do not rely on the choice of any smoothing parameter as is the case with the often employed
“HAC” estimator for the covariance matrix. To that end, we propose a cluster estimator for
the asymptotic covariance of the estimators and valid bootstrap schemes that do not require the
selection of a bandwidth or smoothing parameter and accommodate the nonparametric nature of
both temporal and cross-sectional dependence. Our approach is based on the observation that
the spectral representation of the fixed effect panel data model is such that the errors become
approximately temporally uncorrelated. Our proposed bootstrap schemes can be viewed as wild
bootstraps in the frequency domain. We present some Monte Carlo simulations to shed some
light on the small sample performance of our inferential procedure.
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1. INTRODUCTION

Nowadays we often encounter panel data sets where both the number of individuals, n, and
the time dimension, T', are large or increase without limit. Phillips and Moon (1999) and Pesaran
and Yamagata (2008) provide some theoretical results for the parameter estimators in large panel
data models, that is where both n and T tend to infinity. These works were done under the
assumption of no dependence among the cross-sectional units. Yet, it is well recognized that the
latter assumption is not very realistic, and there has been a surge of work on how to provide valid
inferences when this type of dependence is present. The issues are closely related to Zellner’s
(1962) SURE (Seemingly Unrelated Regression) model, be it that here both dimensions are
allowed to increase without limit.

Once one accepts the possibility that the errors of the model may exhibit cross-sectional and /or
temporal dependence, a key component to make valid inferences is the consistent estimation of the
asymptotic covariance matrix of the estimators. For that purpose, we might proceed by explicitly
assuming some specific dependence structure on the error term. In our context, this route appears
to be quite cumbersome mainly for two reasons. First, it is quite difficult to specify an appropriate
model in the presence of cross-sectional dependence as there are ample generic models capable to
justify such a dependence. Some examples are the Spatial Autoregressive (SAR) model of Cliff
and Ord (1973), which has its origins in Whittle (1954), Andrews’ (2005) proposal to capture
common shocks (e.g., macroeconomic, technological, legal/institutional) across observations and
Pesaran’s (2006) factor model. Second, in many settings it may be quite unrealistic to assume that
the temporal dependence is the same for all individuals, so finding a correct specification may be
infeasible as n increases with no limit. Inferential properties based on parameter estimates that
use a specific (wrong) structure, moreover, may be worse than the least squares estimates (LSE).
The latter observation was first documented in Engle (1974) and latter examined in Nicholls and
Pagan (1977), who illustrated the adverse consequences of imposing incorrect temporal depen-
dence assumptions on inference, say when the practitioner assumes an AR (1) model instead of
the true underlying AR (2) specification.

As the task of finding an appropriate model for the dependence can be very daunting, one of
our main aims in this paper is then to provide inference in panel data not only when the error term
(potentially) exhibits both temporal and cross-sectional dependence, but also more importantly
doing so without relying on any parametric functional form for such a dependence. Under these
circumstances, one standard methodology is based on the HAC estimator, whose implementation
requires the choice of one (or more) bandwidth parameter(s).! While this approach is often invoked
and used in the context of time series regression models, application of spatial HAC estimators is
less common. The use of HAC estimators in spatial econometrics was advocated by Conley (1999)
and Kelejian and Prucha (2007) studied its use in Cliff-Ord type spatial models. Recently, a HAC

estimator accounting for both the temporal and the spatial correlation been considered by Kim

n a time series regression model context several proposals, both in the time and frequency domain, have
been employed and bootstrap applications commonly approximate the long term covariance by using a long AR
polynomial (sieve method). Other methods include the use of orthogonal polynomials, see, e.g., Sun (2013) and
Phillips (2005), instead of the use of Fourier sequences. All of them have in common that they require the choice

of a bandwidth parameter and/or base function. Lazarus et al. (2018) provide an interesting simulation study.
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and Sun (2013). The implementation requires not only the selection of a bandwidth parameter
but, also more importantly, an associated measure of distance between the cross-sectional units.
This explicitly assumes that there is some type of ordering among the individuals or cross-sectional
units which, in contrast with the time dimension, is not unambiguous. Even if one accepts the
existence of such an ordering, it is likely that various economics and/or geographical distance
measures, each requiring their own bandwidth, may be required to encapsulate the order. For
instance, simply relying on the geographic “as the crow flies” distance measure for ordering is
questionable as one cannot expect that two cross-sectional units located in the Rockies would
behave the same as if they were in the Midwest. Clearly, a distance measure which captures the
topography and other economic measures may be required. In addition, if we recognize that the
temporal dependence may not be the same for all individuals, even the selection of a bandwidth
parameter to account for the temporal dependence may become infeasible. Any cross-validation
algorithm used to determine the bandwidth parameter for temporal dependence may then need
to be performed for each individual.

To deal with the potential caveats of HAC estimators, we shall propose a cluster based estimator
which is able to take into account both types of dependence and permits the temporal dependence
to vary across individuals, see Condition C'1 and its discussion, extending the work of Arellano
(1987) and Driscoll and Kraay (1998) in a substantial way. While Driscoll and Kraay (1998)
employed a cluster type of estimator to account for the cross-sectional dependence, they relied on
the HAC methodology to accommodate the temporal dependence subjecting it to the drawback
mentioned before. We avoid the use of the HAC methodology altogether. In addition, we provide
a new CLT that accounts for an unknown and general temporal spatial dependence structure that
permits strong spatial dependence. Our approach allows for more general dependence structure
than permitted by Kim and Sun (2013) and Driscoll and Kraay (1998). Our new results can
therefore be regarded as providing primitive conditions that guarantee Kim and Sun’s and Driscoll
and Kraay’s assumption of the existence of a suitable CLT.

Our approach is based on the observation that the spectral representation of the fixed effect
panel data model (2.1) is such that the errors become approximately temporally uncorrelated
whilst heteroskedastic. It is this observation that enables us to conduct inference without any
smoothing. To provide finite sample improvements for inference based on our cluster estimator,
we present and examine bootstrap schemes which also do not require the choice of any bandwidth
parameter, contrary to the sieve or moving block bootstrap (henceforth denoted MBB). Two
bootstrap algorithms are presented, one where we assume homogeneous temporal dependence,
which we shall denote as the naive bootstrap, and a second one, denoted the wild bootstrap,
where we allow for heterogeneous temporal dependence. Our bootstrap schemes can be viewed as
wild bootstraps in the frequency domain which are shown to have good finite sample properties.

We compare our proposal to other methods that also do not require any ordering of the cross-
sectional units. In particular, we consider Driscoll and Kraay’s HAC estimator and the fixed-b
asymptotic framework advocated by Vogelsang (2012). We also consider the MBB bootstrap
applied to the vector containing all the individual observations at each point in time as proposed
by Gongalves (2011).
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While our estimator does permit more general spatio temporal dependence and does not require
any smoothing parameters, in line with Robinson (1998), the approach examined in Section 2
precludes the presence of conditional heteroskedasticity. In Section 4, we examine how we can
relax this by introducing a multiplicative error structure, v,y = o1(wp)o2 (0;) upt, where w, and
0, can be functions of the fixed effects and/or variables which are correlated with the included
regressors. It is worth noting that we do not need to observe these variables, as is the case
when w,, say, is the fixed effect. That is, we can allow for “groupwise” heteroskedasticity and
applications in development economics are commonplace, see Deaton (1996) and Greene (2018).
Of particular interest, here, is the realization that our cluster based inference is robust to the
presence of heteroskedasticity that is only cross-sectional in nature (i.e., where o (9,) is constant).
In the presence of a non-constant o (9,), we propose a simple way to robustify our cluster based
inference. Whereas more general forms of heteroskedasticity, where v,y = o(ap)up, can be
permitted, its implementation would require the use of nonparametric methods which would
require the selection of a bandwidth parameter to estimate the heteroskedasticity function. We
shall indicate how we should proceed if this were the case. Finally, a benefit of our estimator is
that it permits the temporal dependence to vary across individuals, which is more realistic. It is
important to point out that MBB would not be valid in these settings as it depends on some type
of temporal homogeneity or even stationarity.

The remainder of the paper is organized as follows: In Section 2 we discuss the regularity
conditions for our model and describe the main results. In Section 3 we introduce our bandwidth
parameter free bootstrap schemes and we demonstrate their validity. Section 4 discusses a gener-
alization of our model that permits (conditional) heteroskedasticity. Section 5 presents a Monte
Carlo simulation experiment to shed some light on the finite sample performance of our cluster
estimator and its comparison to others and we illustrate the finite sample benefits of our bootstrap
schemes. In Section 6 we summarize. The proofs of our main results are given in Appendix A,

which employs a series of lemmas given in Appendix B.

2. THE REGULARITY CONDITIONS AND MAIN RESULTS

We shall begin by considering the panel data model
Ypt = Bxp + Ny tartup, p=1..,n, t=1..T, (2.1)

where 3 is a k x 1 vector of unknown parameters, ;; is a k x 1 vector of covariates, a; and 7,
represent respectively the time and individual fixed effects and {upt}tez, p € NT, are sequences
of zero mean errors with heterogeneous variance F (u;%t) = 012), p € N*. We allow for general
(unknown) temporal and cross-sectional dependence structures of the sequence {upt}t€Z7 peENT,
detailed in Condition C1 and {xpt},cp, P € N T, detailed in Condition C2. Further details are
provided in our discussion of these conditions below. For simplicity, we shall assume that the
sequences {Zp},.,, p € N, are mutually independent of the error term {up},.,, p € N7,
whilst allowing for dependence of the covariates with the fixed effects ,, and/or ;.2 In Section

4, we shall relax this condition allowing for heteroskedasticity. A straightforward extension that

2In fact, all that is needed is that the first conditional moment of the error is zero and the second conditional

moment is equal to the unconditional one.
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allows for lagged endogenous variables {yp,t_g}ﬁl , as in Hidalgo and Schafgans (2017), requires
the use of the instrumental variable estimator, where {xm,g}gl provide natural instruments for
{yp,t—é}]eir We have avoided this generalization as it would detract from the main contribution
of the paper and it will only add some extra technicalities and/or considerations which are well
known and understood when n = 1.

Our first aim in the paper is to perform inference on the slope parameters 8 in the presence
of a very general and unknown spatio-temporal dependence structure. To that end, we first
need to extend a Central Limit Theorem provided in Phillips and Moon (1999), see also Hahn
and Kuersteiner (2002). The reason for this is that in their work the sequences of random
e P E NT, are assumed to be independent, that is {wl’t}tel and {¢qt}tez

are mutually independent for any p # ¢, which is ruled out in our context as we permit cross-

variables, say {d}pt}

sectional dependence. Moreover, as we shall allow for “strong-dependence” in our error and
regressor sequences, we cannot use results and arguments based on any type of “strong-mixing”
conditions, so that results in Jenish and Prucha (2009, 2012) cannot be invoked in our framework
either. Our theorem also extends the results provided in Hidalgo and Schafgans (2017) by allowing
the errors u,; to exhibit temporal dependence. A second aim of the paper is to extend the work of
Driscoll and Kraay (1998) by examining, in the presence of individual and temporal fixed effects,
a cluster estimator of the asymptotic covariance of the estimator of the slope parameters that does
not require the ordering of the observations (in the cross-sectional dimension) or the selection of
a bandwidth parameter.

The fixed effect model and the estimator for the slope parameters we consider are well known.

Denoting for any generic sequence {gpt};le, p=1,...,n, the transformation

Spt = Spt — St —Sp +5. (2.2)
T n

1 & 1 _ 1
Ty = n;gw; gp,:thlgpt; andf..:ﬁzzgﬁ,

t=1 p=1

the estimator of 3 is obtained by performing least squares on the transformed model (where the

individual and time effects are removed)

ﬂptzﬁ’fpt—kﬂpt, pzl,..‘,n andtzl,...,T, (23)
so that B is defined as
-1
R n T n T
B=|Y2> aua, S Tt | - (2.4)
p=1t=1 p=1t=1

It is obvious that we can take Ex,; = 0 as xp; is invariant to additive constants, say j,; or v,, to
Tpt-

In this paper, we shall focus on an equivalent frequency domain formulation of (2.1) and (2.3).
It is the application of the Discrete Fourier Transform (DFT) to our model, as will become clear
shortly, that plays an important role in describing and motivating the cluster estimator of the
asymptotic covariance matrix of B, or equivalently ¢ given in (2.7) below, and the bootstrap

schemes described in Section 3.
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For this purpose, we denote the DFT for generic sequences {gpt}le, p>1, by

Tep (A T1/2 ngte Wi =1, T=[T/2], N\ = D (2.5)

and Jcp (Nj) = Tep (—A1—j), 1 = T +1,..,T. We can then rewrite (2.3) as
jy,p( ) Bjxp( )+\-717,p(Aj)7 p:177n7 j:177T_1 (26)

Given that our sequences {zpt} +—1, P = 1, are centred around their sample means, we can leave
out the frequency \; for j =T (and 0) as J,, (0) = ﬁ ZtT:1 Spt = 0. The interesting property
of Tup(Aj),j=1,..,T — 1, that allows us to formulate our new cluster estimator that accounts
for both types of dependence, is that it is serially uncorrelated over the Fourier frequencies for
large T, whilst possibly heteroskedastic. Based on the frequency domain formulation of our model

(2.6), we can also compute our estimator of 3 as

n T-1

1
n T—
Z ijvp ()‘j>‘75,7p<_>‘j) ZZ Aj) Tgp (=A5) | - (2.7)

p=1 j=1
We introduce our regularity conditions next. To that end, and in what follows, we denote for

any generic sequence {vpt},o;, P € N,

SO'U (p7 Q) = COV ('Upt;vqt) ) fOI' any p,q 2 1.

Condition C1: {upt}tez, p € NT, are zero mean sequences of random variables such that

(i) Upy = de )ity D kdr <00, dj =:sup,|dy (p)|,

k=0
where E (& | Vpi-1) = 0 E (& 2| Vouo1) = O'g,p and finite fourth moments, with Vp;
denoting the o—algebra generated by {fps, s < t}.
(ii) For all t € Z and p € NT,

oo n
épt = Z Qayp (p) Eoty sup Z |ag < o0, 3;111)2 |CL[ <p)|2 < 00,
=1 = =l

PENT =y

where the sequences {€u}cy, £ € N*, are zero mean independent identically distributed
(13d) random variables.
(iii) The fourth cumulant of {upt},c,, p € NT, satisfies

T

Thm sup E | Cum (wpt, ; Upty s Upts ' Upo)| < 00.
/%0 peN+ t1,t2,t3=1

Condition C2: {ccpt}tez, p € N*, are sequences of random wvariables such that:

(i) Tpt = Z (P) Xp,t—k» Zk% < oo, ¢ =:sup, | (Pl

k=0
where || B|| denotes the norm of the matriz B and E (Xpt | Tpi—1) = 0; Cov (xpt | Tpi-1)

Yyp and E prtH < oo, with Tp ¢ denoting the o—algebra generated by {Xps> s < t}.

(ii) The sequences of random variables {Xpt}teZ’ p € NT, are such that

o n
Xpt = Zbe P sup Y [be (p)* < o0, sup > |be (p)
PENT 1y =1 p=1



INFERENCE WITHOUT SMOOTHING FOR PANELS 7

where the sequences {ny},cq, £ € NT, are zero mean iid random variables.

(iii) Denoting Xy p = E (zpix),), we have
1 n
0<%, = lim — 2:1 Yep (2.8)
-

and the fourth cumulant of {Tpt},c,, P € NT, satisfies

T
Tlim sup Z | Cum (Tpty a3 Tpta b Tpts,e; Tpo,d)| < 00, a,b,e,d=1,...k,
- peNt t1,ta,t3=1
where Ty, denotes the a — th element of p;.
Condition C3: For all p € N*, the sequences {upt},., and {2pt},, are mutually indepen-
dent and

1<p<n

0 < max Y l¢ (p,q)| < o, (2.9)
q=1

where ¢ (p,q) := ¢, (p:q) ¢, (P, @)-
We now comment on our conditions. Conditions C'1 and C2 indicate that {up},., and {zp},;,
p € NT, are linear processes that permit the usual SAR (or more generally SARM A) model.
Indeed, by definition of the SAR model, with W a spatial weight matrix we have

u = (I—(,L)W)ilf‘:
— (I+%)e Z= (v, )"

pg=1’

so that u, = >0, (p) &g, which implies that the SAR model satisfies Condition C'1. Unlike the
SAR model, Condition C'1 does permit the sequence Y7, |a¢ (p)| to grow with n. One can allow
the weights ay (p) to depend on the sample size “n” as is often done in SAR models with weight
matrices W row-normalized, but it does not add anything significant. Our conditions, therefore,
appear to be weaker than those typically assumed when cross-sectional dependence is allowed
while being similar to those of Lee and Robinson (2013). As the sequences may exhibit long
memory spatial dependence, the condition of strong mixing for the spatial dependence in Jenish
and Prucha (2012) is ruled out. This appears to be the case as Ibragimov and Rozanov (1978)

showed; if the sequence {yuqu (])} is not summable, the process {up},.,,p € NT, cannot

be strong-mixing. The long memorjyé%iependence also rules out that the process is Near Epoch
Dependent with size greater than 1/2, which appears to be a necessary condition for standard
asymptotic CLT results.

Conditions C'1 and C2 do rule out long memory temporal dependence on the sequences {Tp }, .,
and {upt},c, for each p. Even though there are several results available allowing their temporal
dependence to exhibit long memory, see Robinson and Hidalgo (1997) or Hidalgo (2003), we have
decided to assume the temporal dependence of the regressors and errors to be weakly dependent
to simplify the arguments. It is worth pointing out that our Conditions C'1 (i) and C2 (i) can be
relaxed to some extent to allow some type of mixing condition such as L-Near Epoch dependence
with size greater than or equal to 2. The latter condition is often invoked when we allow the errors
to have a nonlinear type of dependence structure or if (2.1) were replaced by a nonlinear panel

data model

Ypt = g (xpt;ﬁ) + T]p + oy + Upt, P = 1a cey Ty t= la 7T
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In fact, we expect the conclusions of our results to hold under such a mixing condition as it
has been shown in numerous situations. Conditions C'1 and C2 do permit heterogeneity in its
second moments as E ({f,t | Vpi-1) = Jg?p and Cov (Xpt | Ypt-1) = Eyp- This follows from our
conditions because E (fit | Vpi1) = 302 lae (p)|* clearly depends on p. Furthermore, we allow
for some trending behaviour of the sequences {z} vz D € N*, as we allow the mean of zp; to
depend on time.

An important consequence of Conditions C'1 and C?2 is that they guarantee that the covari-
ance structure of the sequences {uy} rez, and {xpt}tez, p € N*, is multiplicative. For instance,
Condition C'1 implies that, for all p,q € N*,

E(uptuqs) = <de é-pt kZdK ‘qu f)

Z di—s10(p)de(q) t>s
= E(gpEn){ & (2.10)
Zdz ds—1+0(q) t<s

= Yy (p7 Q) '-Yu;pq( - S)'

Following the spatio-temporal literature, see Cressie and Huang (1999), we can denote this co-
variance structure as separable. Of course, there are nonseparable covariance structures, see
Gnueiting (2002) and tests for separability are available, see Fuentes (2006) or Matsuda and Ya-
jima (2004). Notice that in the absence of cross-sectional dependence, E (£,,€,1) = agpl (p=1q)
and E (uptugs) = ng'yu;pp (t —s)1(p=q). Here, and in what follows, 1 (A) denotes the indicator

function.

Remark 1. The condition sup,en+ oo las (p)|? < 0o guarantees that for any reordering of the
sequence {]ag (p)\2}€€N+, Yy {‘aem (p)|2}£(T)€N+, we have that agy (p) = O (é (T)_C) for some
¢ > 1/2. Similarly the requirement supy>q Y51 |a (p)* < oo will mean that a; (p) = O (p=°) for
some ¢ > 1/2 uniformly in £ > 1. Similar arguments follow for {|bg (p)|2}£ wit P >1.

€

Condition C3 assumes that the sequences {Zp},., and {upt},c,, P € NT are independent,
although we envisage that it can be relaxed to require only conditional independence in first and
second moments. To simplify the arguments somewhat, we have preferred to keep the condition as
it stands. Even though we allow long memory spatial dependence of the individual sequences, the
absolute summability requirement in (2.9) limits the combined cross-sectional dependence, that
is the dependence of the sequence {z, = uptxpt}tez, p € NT, is “weakly spatially dependent”,
see also Hidalgo and Schafgans (2017). We have adopted the convention that ~,.,, (t —s) =
E (uptups) /¢, (p,p) . Importantly, as we assume that the errors and regressors are uncorrelated,
the spectral density matrix of the sequences {2, =: upsTpt }, e P E N is given by the convolution

of the spectral density matrix of {xy},., and spectral density function of {up},.,, that is

= [ @) fap (- v)dv, pENT, (2.11)

where Conditions C'1 and C2 imply that f, (\) is twice continuous differentiable. By Fuller’s
(1996) Theorem 3.4.1, or Corollary 3.4.1.2, the Fourier coefficients of f, (A) are given by v, (j) =
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Va.p (]) Yu,p (])7 pe N+, so that

sup Z [7pg (O] < 005 Cov (2pt; 245) = Vg (t = 5) @ (0, ) -

p,q=1,.m , 7

With the convention that ’Yu,pq (0) = ’Yr,pq (0) = 17 Cov (Zptv th) = (p7 q) =Py (pa Q) P (pa Q) as
defined in Condition C3.

Remark 2. [t is worth noticing that (2.9) ensures that ¢ (p,q) = O (q_l_‘s) or ¢ (p,q) =
O (p*I*‘S) for some 6 > 0, so that
1
7}5{.10”%:1<p(p, q) < o0.
The latter displayed expression can be regarded as a type of weak dependence in the cross-sectional
dimension, see also Robinson (2011) or Lee and Robinson (2013). In addition, the ergodicity in

second mean, that is

% > (pu (P, @) + 95 (p,9) = o(1),

p,q=1
implies that ¢, (p,q) = O (¢"**) and ¢, (p,q) = O (¢"**) such that ¢, + s, =1+ > 0.

Conditions C1 — C3, therefore, imply that the “average” long-run variance of the sequences

{2pt =2 UptTpt },eq, P € NT, is given by

P = 27rn15205 Z foq (0) 0 (p,q) < 00 (2.12)
p,g=1
o0
27Tqu Z f)/pq
l=—00

Observe that standard algebra yields that

1 n T n T
® = :lim lim —F E TptU E !
n—00 T—00 T pttpt pt Upt
p=1t=1 p=1t=1
T

= lim lim — Z Z (zprls) E (uprtgs) , (2.13)

n—o0 T—oo NI
p,q=1t,5=1

or, using its spectral domain formulation,

T-1 n T-1 n
. . 1
© = lim lim B Y Y Tep ) Tup (FX) | | D0 Tap (2A0) T (V)

j=1p=1 j=1p=1

= i S S B (0 7 () P () T () 214
Jj=1pg=1
Finally, we denote

V=xtox 1 (2.15)

where X, > 0 was defined in Condition C2.
The following theorem presents our result establishing the CLT for our slope parameter esti-

mates in the presence of general temporal and cross-sectional dependence.
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Theorem 1. Under Conditions C1 — C3, we have that as n,T — oo,
()" (B 8) 4 N (0,V).

Proof. The proof of this result, based on either the time or frequency domain formulation, will

be given in Appendix A. All other proofs are relegated to this appendix as well. ([l

Remark 3. While the result could be shown to hold with finite n, a setting considered by Robinson

(1998), the presence of the time fized effect would require special attention since the dependence

n

-1
structure of upt and upt —n" Y

upt are not quite the same when n is finite.

With V defined in (2.15), Theorem 1 indicates that to make inferences on (3, we need to
provide a consistent estimator of ®. A first glance at (2.13) or (2.14) suggests that this might
be complicated or computationally burdensome due to the general spatio-temporal dependence
structure of the data. As we pointed out in the introduction, the standard approach to deal with
such dependence, that is a HAC type of estimator, has various potential drawbacks in the presence
of cross-sectional dependence. While choosing a bandwidth parameter associated with the cross-
sectional dependence requires or induces an artificial and/or nontrivial ordering, the presence of
individual heterogeneous temporal dependence (as assumed in Conditions C'1 and C2) would even
render any cross validation method used to choose the temporal bandwidth parameter intractable.

While Kim and Sun’s (2013) approach is subject to both these criticisms, Driscoll and Kraay
(1998) avoid the need to specify an ordering of individuals by introducing an HAC estimator of
cross-sectional averages, so that one can consider their estimator as a hybrid between an HAC
and a cluster one: they employ the HAC methodology to deal with the temporal dependence
whereas they employ a cluster type of estimator to account for the cross-sectional dependence.
We advocate to use an approach that does not require any ordering and /or selection of a bandwidth
parameter and also permits a more general spatio-temporal dependence than allowed by either
Driscoll and Kraay (1998) or Kim and Sun (2013) and permits the cross-sectional dependence
to be "long-memory" which latter work ruled out. Moreover our approach permits the temporal
dependence to be heterogeneous across individuals, which is more realistic.

Our approach can be regarded as a natural extension of the earlier work by Robinson (1998)
on inference without smoothing in a time series regression model context. In his case, abstracting

from cross-sectional dependence

Applying his estimator to our model, would yield the estimator

n T n

T—1
o e T O T (A =3 S 4, (07,0, (2.16)

p=1" j=1 p=1(=—T+1

where 7, , (j) and 7, , (j) are respectively the standard sample moment estimators of y, ,, (j) and
. . /
Yup () and Iy (A) =T (Zthl upte”)‘) (Zle upte*’t)‘> with I, (\) similarly defined. When

cross-sectional dependence is allowed, the latter arguments suggest that (2.16) is not a consistent
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(cluster) estimator of ®. The reason for this (see also the proof of Proposition 1) is that

1o =
EZ > Vo Oy () = @

p=1/¢=-T+1

as expected since the first moment of (2.16) does not capture the cross-sectional dependence.
The purpose of the next section is therefore to provide a consistent “cluster” estimator of ® that

accounts for the presence of cross-sectional dependence.

2.1. Cluster estimator of ®.

We shall present a simple cluster estimator of ® using the “frequency” domain methodology.
Obviously, there is a time domain analogue, which we shall briefly describe at the end of the
section. Our cluster estimator appears to be the first one which permits both time and cross-
sectional dependence and gives a formal justification of its statistical properties. Our estimator
therefore becomes an extension of previous cluster estimators in the literature such as that in
Arellano (1987) (where only temporal dependence is present) or Bester, Conley and Hansen
(2011) (where only cross-sectional dependence is present).

Our main motivation to propose a cluster estimator using the frequency domain methodology
comes from the well known observation that for all j # k, J,, () and Jy, 4 (A) can be considered
as being uncorrelated although possibly heteroskedastic. This observation was employed in the
landmark paper by Hannan (1963) on adaptive estimation in a time series regression model.
The fact that we may therefore consider Jz, (A\j) Jup (—A;) as a sequence of uncorrelated and
heteroskedastic random variables in j, although not in p, suggests that, in a spirit similar to

White’s (1980) estimator, we may estimate ® by

N

R e

¢ = f n1/2 Z jx,p ju,p( ) 1/2 Z j 7p jwp( ) . (2.17)

™

Based on the DFT formulation, we denote the estimator of 3, by

T—1 n

ZZJW (=)

j 1 p=1
The following proposition establishes the consistency of our cluster estimator for the “average”

long-run variance of the sequences {zps =: uptTpt},cp P € N +.
Proposition 1. Under the conditions of Theorem 1, we have that
(a) - = op (1)
(b) xSz =o0p(1).

Denoting V=: i; 1(i)§;1, we now obtain the following corollary.

oM

Corollary 1. Under the conditions of Theorem 1, we have that
()2 V1 (B - 5) L N (0,1).

Proof. The proof is standard from Theorem 1 and Proposition 1, and is therefore omitted. O
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We now describe the time domain analogue estimator of ®. For that purpose, using Zthl ethe =

0if 1 < ¢ <T —1, we have after standard algebra that

n

. 1 T-1
o =— Z Z ax,pq (8) au,pq (6) )

" p,q=11¢|=0
where due to (2.10)
—|e
R 1 & | |~ y
’Yx,pq (ﬁ) = T xptxq,t—l—ﬂ;
t=1
L Tl =
Tupa (O = = > Tprlig eyl (€3> 0) + 7 > Gl 4l (€< 0),
t=1 t=1

~ ~ ~_
and Upt = Ypt — B Tpt, p=1,...,m;t=1,..,T.

3. BOOTSTRAP SCHEMES

Our motivation to introduce bootstrap schemes emanates from findings in our Monte Carlo
experiment, which suggest that the asymptotic distribution of (nT)l/ 2y-1/2 (B — B) does not
appear to provide a good approximation of its finite sample distribution. In such situations,
the use of the bootstrap has been advocated as it has been shown to improve the finite sample
performance. The general spatio-temporal dependence inherent in our model suggests that a valid
bootstrap mechanism may not to be easy to implement since one of the basic requirements for its
validity is that it has to preserve the covariance structure of the data/model. Drawing analogies
from the time series literature, one might be tempted to use the block bootstrap (BB) principle
as it is not clear how the sieve bootstrap can be implemented under cross-sectional dependence
in the absence of a clear ordering of the data. Applying a BB in both dimensions, however,
would also be sensitive to the particular ordering chosen by the practitioner and be subject to
the absence of weak stationarity, where the dependence structure of say (p, ¢, .., Tp;+m¢) and
(Tpyt1,ty oo a:p1+m+1,t)/ need not be identical.

Avoiding the need to establish a particular ordering of the cross sectional units, Gongalves
(2011) proposes to apply a moving block bootstrap (M BB) to the vector containing all individual
observations for each ¢, that is it only applies a BB in the time dimension. The M BB, however,
does require the choice of the block size and is known to be sensitive to its choice in finite samples.
In the absence of temporal dependence, the block size equals one, and the approach is similar to
Hidalgo and Schafgans (2017).

Here we propose valid bootstrap schemes with the interesting feature that they are computa-
tionally simple (there is no need to estimate, either by parametric or nonparametric methods, the
time and/or cross-sectional dependence of the error term) and do not require the choice of any
bandwidth parameter for its implementation, thereby avoiding any level of arbitrariness.

Both bootstrap schemes considered are in the frequency domain. We recall the DFT for generic
sequences {Gpt}f:p p>1,as Top (M) = ﬁ ST e =1, T =[T/2, Aj = %, and

define its periodogram

TooON) =T DD §=1,.,T=[T/2], p=1,..,n.
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The first scheme, labelled the naive bootstrap, imposes Condition C'4 under which the time
dependence is assumed to be homogeneous across individuals. We relax this assumption in the
second scheme, labelled the wild bootstrap, in line with Conditions C'1 and C2.

For homogeneous temporal dependence, therefore, we impose

Condition C4: Homogeneous time dependence: di(p) and ci(p) defined in Conditions C'1
and C2 do not vary over p.

Denoting o2 (p) = Eugt and fyp (M) the spectral density function of the sequence {uyt},,, for
any p = 1,2, ..., Condition C4 ensures that

fup (A)

o2 (p)

That is, the spectral density function normalized by the variance does not depend on p. This

=g.(N), p=1,2,3,.... (3.1)

enables us to use the average periodogram of standardized residuals in constructing the valid
bootstrap model. What really matters here is that the "correlation" structure is the same.

The naive bootstrap, involves resampling from the residuals of the model® and involves the
following simple 3 STEPS:

STEP 1: Obtain the residuals
Ut = ot — Bap, p=1,.m; t=1,...,T,
compute 52 (p) = T~ ZtT:l 2, and obtain the standardized residuals
Upt = TUpt /05 (P) -

STEP 2: Denoting U; = {ﬁpt}zzl, do standard random sampling from the empirical distri-
bution of the residuals {Ut}thl. That is, we assign probability 7! to each n x 1 vector Uj.
Denote the bootstrap sample by {U} }thl , where U = {u;t}zzl . Compute the bootstrap
analogue of (2.3) as

1/2

~/ 1
Tyrp (Nj) =B Tzp (M) + | > TugN) | Twp ()

forp=1,...n and j=1,....,T — 1.
STEP 3: Compute the corresponding bootstrap analogue of (2.7) as

-1

n T-1 n T-1
B =33 Fp ) Ty (1)) SN Ty ) Tgew (<N | (3.2)
p=1j=1 p=1 j=1

with Jgy p (Aj) = Tysp (Aj) — % 2221 Tyrq (Aj)-

Remark 4. Since ﬁp = 0 there is no need the recentre in Step 1. The standardization of the
residuals (the variance is not the same for all individuals) is used in Step 2 to impose the appro-
priate dependence structure on our bootstrap regression. As the bootstrap is done on the vector

containing all individual observations for each t there is no need for standardization otherwise.

39ee also Remark 6.
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Remark 5. We use the average periodogram of the standardized residuals to impose the appro-
priate dependence structure on our bootstrap regressz'on in Step 2. When the time dependence
is homogeneous among the cross-sectional units > 0_1 Taq (Aj) = 0,2(p) fup (Aj) (1 + 0p(1)) =

gu(Nj) (1 4+0,(1)), see also (3.1). That is, if the temporal dependence were given by an AR(])
model, the right side becomes the spectral density function of an AR(1) sequence, where the in-
novation sequence has variance equal to 1. In addition, as we bootstrap from s, which are the

residuals, we ensure that the variance of uy, is that of upt.

Remark 6. Alternatively, we could have used random sampling from the normalized DFT of the
residuals as considered by Hidalgo (2003). In that case, denoting Ty (A;) = {Tap (X)) /| Tap (A)) |}Z:1,
Tux p (Aj) form independent draws from the empirical distribution of Ta( Aj) = (Ta (Nj) —Ta) /6T

where Ty = [T /2]~ ZT/Q Ta (\j) and 6% = [T/2]* Z]T/? (Ta (N)) — 'f)2. The bootstrap analogue
1/2
of (2.8) would then be obtained using Jysp (Nj) = B Tzp (Aj)+ (5 > a=1Tuq ()\j)) aa (p) Tu=p (N)).

Our scheme uses Step 2, which has better finite sample properties as observed in Hidalgo (2003).

The key feature of this naive bootstrap, is that there is no need to choose any bandwidth
parameter for its implementation. Under Condition C4, uniformly in j = 1,...,7 — 1, we have
that

., ~ 2 ~
Ty () = 572 0Ty O+ (5 5) Tep ) + (5= 8) T ) Tup (1)
= 0,°(p) Zup (\) (140, (1)),

and

ELup (Aj) = fup (X)) (1 +0(1))

E* (Jurp (Nj) Turp (X)) = 0, if j # £, o%(p) otherwise

% (p) = 0% (p) (1 + 0, (1))
The last dlsplayed expressions suggest that, under Condition C4, we can consider

( > g=1Ta,q (A )) Jup (Aj) as some type of wild bootstrap in the frequency domain because
under homogeneous time dependence

1/2 2

E %ZIM (A) T p (Aj) = (0772(p)fu,p ()‘j)) 'U?L (p)- (140, (1))
q=1

= fup(Nj) (1 +0p(1)).

The following theorem is used to establish the validity of our naive bootstrap scheme.
Theorem 2. (Naive Bootstrap) Under Conditions C1-C4, we have that in probability,
()" (B = B) SN (0.,

With the bootstrap cluster estimator of the asymptotic covariance, given by,

T-1
1
ey f Zl n1/2 ij,p ju ,p( ]) n1/2 ZJ z,p ju 7p( ) (33)
Jj=

the next proposition establishes the consistency of the bootstrap cluster estimator.
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Proposition 2. (Naive Bootstrap) Under the assumptions of Theorem 2, we have
P — P =0, (1).

The previous results can be extended to incorporate the more realistic situation where the
temporal dynamics might differ by individual, as allowed by Conditions C'1 and C2. This boot-
strap, labelled the wild bootstrap, merges ideas from Hidalgo (2003) and Chan and Ogden (2009).
As the DFT residuals are heterogeneous whilst independent over the Fourier frequencies, it ap-
plies the wild-type bootstrap approach to the increasing dimensional vector {7 p (A )}p - 1t
requires a modification of the above bootstrap, which primarily involves replacing STEP 2. For

completeness we provide all steps:

STEP 1’: Obtain the residuals
o~ ~ ~/~
Upt = Ypt — B Tpt, p=1,...,m; t=1,...,T.

STEP 2’: Denote {nj };’.le a sequence of independent identically distributed random vari-
ables with mean zero and unit variance. We then compute the bootstrap analogue of (2.3)

as

=1,...
Ty (Nj) = ﬁjﬂﬁp( )+jﬁﬁp()‘j)nj’ {];:17...,772—1,

where Jyup (Aj) = Tywep (A7 ])andnj—nT j,fOI‘j—T—i-l ST —1.
STEP 3’: Compute the corresponding bootstrap analogue of (2.7) as

n T-1 n T-1
szf,p (>‘j>~7§/,p<_>‘j) ZZJLP jy*m( j) )
p=1 j=1 p=1 j=1

with Jgy p (Aj) = Tysp (Aj) — % 22:1 Tyrg (Aj)-

Remark 7. For a discussion regarding the requirement that n; = np_; for j = T+ 1,..,7T—1.,
we refer to Hidalgo (2003).

The validity of the wild bootstrap scheme follows from the following proposition.

Proposition 3. (Wild Bootstrap) Under Conditions C1-C3, in probability,
()2 (5" = 5) SN (0, V)

and &* — & = op (1).

We conclude with the stating the validity of the standardized bootstrap statistic
Corollary 2. Under Conditions C1-C3, we have that in probability,

(nT)1/2 x—1/2 (ﬂ 5) N(0,1),

where V¥ = $710*5 1,

Proof. The proof is standard after Theorem 2 and Propositions 1, 2 and 3. O
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4. (CONDITIONAL) HETEROSKEDASTICITY

In this section, we extend our model to permit general forms of heteroskedasticity. Specifically,

we begin by considering
Ypt = B'Ep + Np+or+op, p=1,.,n t=1...T, (4.1)
where

vpt =: 01 (wp) 02 (2f) Upt- (4.2)

The error {upt},cp, P € NTsatisfies the same regularity conditions given in Condition C1, exhibit-
ing general spatial and temporal dependence. The sequences {wp}peN and {0, },cz, which can even
be functions of the fixed effects, are not required to be mutually independent of the regressors
{Zpt};cz» p € NT. Without loss of generality we will normalize 03 , = 1 in Condition C1; o7 , is
not separately identified from o%(w,) and 03 (¢;). The error {up}, ,, p € NT is assumed to be
independent of the regressors {Zpt},c,, p € N, {wp}en+ and {o4}e, see also footnote 2. Here
the errors v,; permit conditional heteroskedasticity. This is an extension of the so-called groupwise
heteroskedasticity, where observations belonging to different groups have distinct variances, see
for instance Greene (2018). This type of heteroskedasticity is not uncommon in applications such
as in development economics, where it has been suggested that observations within a villages or
strata would have the same (conditional) variance while differences over villages or strata exist
(Deaton, 1996), that is the variance depends on some specific village variable(s).

Before we modify our Condition C3 to ensure we can permit this generalization, it is useful to
introduce some notation. We shall denote {&yt},.,,p € NT, the sequence that applies the usual

transformation to remove the fixed effects, see (2.2), to the sequence {Zpt},.; ,p € N*, such that

1 n 1 T 1 n T
Gt = Fpp — nz;geqt—TZ;gépﬁnTZZ:eqs.
q= s=

q=1 s=1
Observe that as it happens with Z,;, we can take E (Z,;) = 0. Our new Condition C3' is given
next.

Condition C3': For all p € NT, the sequence {uyt}, ., is independent of {€pi},cq , {wp}
and {o};cy and

peEN

n
0< 1215?“2 l (p, @)l < o0, (4.3)
q:

where ¢ (p,q) == ¢, (p,q) vz (p,q) and

@z (p,q) = Cov (01 (wp) &ps; 01 (wg) Ery) , for any p,q > 1.

The requirement given in (4.3) limits the combined cross-sectional dependence in vy and &t
(Zpt) needed to ensure the existence of a consistent estimator of the “average” long-run variance

. .. + . . . . . .
of the sequences {zp =: VprZpt +cz» P € NT in this framework. This is an obvious extension of our
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previous Condition C3, since our expression for ® under our generalization becomes

n T n T
T 1 > Z Z . Z Z "
oo lim 1m —— LptU XU
n—oo T—oo N1’ pEpE ptopt

p=1 t=1 p=1t=1

)

= nh_{goTlgréoni Z Z {‘72 0;) 02 (05)} {o1 (wp)xpt} {Ul wq) qs})E(uptuqS)(4 4)
p,q=1t,s=1

We shall now give some examples. We can allow
(1) dpr =t wpr + ha (wp) + ha (g;) and (ii) e =: b (wp; 0f) Tp, (4.5)

for given hi, hy and h, where z,; satisfies Condition C2. It is clear that under the additive

structure in (i), the transformed variables that account for the fixed effects, recall (2.2), satisfy

Tpt =1 Tpt = Tpg, p=1,...,n; t=1,....7T,

which renders this, potentially, the most straightforward setting. In this case we have

1 n T n T
¢ = :lim lim —F SO i | | DD Ep

p=1 t=1 p=1 t=1
1 n T n T
= nh_)xgo IJEI;O n—TE Z zpro1 (wp) o2 (04) Upt Z Z .’L‘;tdl (wp) o2 (04) Upt
p=1 t=1 p=1t=1

= lim lim — Z Z E Xptxqs (uptuqs)7

n—o00 T—oo NI’
p,q=1t,s=1

where %X,; = z,t01 (wp) 02 (0;). The behaviour of the second moments of %X,; are essentially those

of x,; because
Cov (Xpt, Xgs) = E (01 (wp) 01 (wy)) E (02 (01) 02 (05)) Cov (pt, gs) -
Remark 8. In the last displayed assumption we have only assumed that
E(zpt | wp, 0;) =05 E(xptags | wp, w; 01, 05) = E (Tprags) =2 Cov (xpt, Tgs)
s0 some type of dependence between xp and (wp, o;) is still allowed.

With the multiplicative structure in (ii), it is basically the same since

1 n T n T
¢ = : lim lim —F SO i | | DD Epvp

p=1t=1 p=1t=1
1 n T n T
= 7}5{}0 Tlggo ﬁE Z Tpth (wp; 04) o1 (wp) o2 (0) Upt Z Z x;;th (wp; 01) o1 (wp) 072 (0;) Upt J
1t=1 p=1t=1

T

:hmhm—E gExx Upt U

n—00T—00 N1 ptigs ( pt 95)7
p,q=1t,s=1

where now %Xp,; = h (wp; ;) 01 (wp) 02 (0;) Tpt,and |Cov (Xpt, Xgs)| < K |Cov (zpt, T4s)| using Markov

inequality. The same caveats mentioned in the last remark apply in this case.



18 JAVIER HIDALGO AND MARCIA SCHAFGANS

We now turn to the consistent estimator of the “average” long-run variance of the sequences
{2pt = Vpt¥pt }yep, P € NT in this framework (recognizing that we have established the necessary

regularity conditions for its existence). Following a rescaling of our regressors,

Tpy =: Tpto1 (wp) o2 (o),

for given o1 (wp) o2 (g;) , our estimator for ®, see also (2.17), becomes

b= % Z 1/2 ijp ) Jap (=A7) 1/2 Z ,p Aj) Tap (A) ) (4.6)

where 1y := O/ (61 (wp) 62(0,)) and Ty = &1 (w,) &g(gt)%pt. Implementation of this estimator
only requires a consistent estimator of o3 (9;) (up to unknown scale of proportionality), and a

natural estimator we can use is

1 n
— § :A2
) - E vpt
p=1

The estimator for o3 (wy,), 6% (w,), indeed cancels out when considering the product Tz p (Nj) Tap (—

as

. N7 (. i —zt>\ —it)\-

/\

!

7’L't)\j

~ i Ll

Moreover, this result shows that when o3 (g,) is a constant, our results in Section 2 and 3 continue
to hold true. That is, our estimators in previous section are robust to groupwise heteroskedasticity
in the cross-sectional unit, a result supported by our Monte Carlo simulations in Table 4 in the
next section.

The intuition of the validity of this estimator comes from the standard observation that

02 (Qt) ﬂ 1
U% (o) ’
so that
(i = ~ — = 1 + o0 1 =:01(wy)u 1 +o0 1 ,
& o2 (o) oa(0;)  o2(04) ( p< ) ( p) Upt ( p( )
and

Upt
02 (Qt) g1 (wp)

from the above arguments. Of course the details can be lengthy, but have been considered in

=1 Upt (1 + Op (1))

other contexts many times.
Our bootstrap algorithms also require some obvious and minimal change. The only adjustment
to the wild bootstrap algorithm relates to the use of the robust estimator of ® provided in (4.6).

For the naive bootstrap, a straightforward modification involves the following steps

STEP 1": Obtain the residuals

~ ~ >~
Upt = Ypt — 5 Ipt, P = Lon; t=1,...,T,

Aj)s
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o —

compute o2(wp)od(o) = TS 1, o - n! > =1 2, and obtain the standardized resid-

uals
Upt = 5pt/01(®0\2(£’t>
STEP 2": Denoting U; = {apt};:p do standard random sampling from the empirical dis-
tribution of the residuals {ﬁt}le. That is, we assign probability 7! to each n x 1
vector U;. Denote the bootstrap sample by {U}}]_, , where U = {u;‘,t}zzl. Let V;* =

—_— n
{01(wp)ag(gt)u;t}pZICompute the bootstrap analogue of (2.3) as

1/2

Tonw ) =F T2, )+ [ =3 Tag ) | Farp )
q=1

forp=1,...n and j=1,....,T — 1.
STEP 3": Compute the corresponding bootstrap analogue of (2.7) as

n T—1 h n T-1
sz,p ,p<_>‘j) ZZ Aj) Tgep (=25) | 5
p=1j=1 1j=1

p=
with Ty p (Aj) = Tysp (Aj) — % 2221 Tyeq (Af)

Remark 9. Step 2" assumes that the temporal dependence of the nx1 vector {vy/(o1(wp)oa(or))}p—1
is homogeneous so we can use the average periodogram to impose proper dependence structure on

uy, (drawings from the empirical distribution of {Opt/(01(wp)o2(e))}p=1)-

We now discuss the scenario where the conditional moment of the error term depends on the

regressors &, =: Ty themselves, i.e.,
! 7 . . ’
Ypt = B'dpt + My + i + vpr, With vy =1 o (Lpr)upt

As mentioned in the introduction, this would require us to estimate the conditional expectation,
o? (&pt) , nonparametrically. Several methods are available such as the Kernel regression method
or sieve estimation. As this approach would require the selection of a bandwidth parameter which
we set out to avoid in this paper, we do not consider this in detail although we outline how
to proceed. Regardless of the approach used, we anticipate that the estimator would be pretty
accurate as the number of observations in large panel data will normally be huge. For instance
in a typical data set, with T = 20 and n = 1000, we can use 20,000 observations to estimate the

nonparametric function. The estimator for @, see also (4.6) , becomes

T-1

9 1
=7 > nl/z Z Ai) Jap (=) 1/2 2‘7 by (2N Jaw (M) |

j=1
where Uy 1= Opt/ (Lp) and Zpy =0 (&pt) Tpt. For the associated naive bootstrap procedure, we

can proceed as above where o1 (wy)oa(g,) is replaced by & (£,) .*

4As this setting requires the use of a bandwidth, we may also consider an alternative bootstrap based on the
MBB methodology. For its validity, though, the resampling would need to be done on the residuals and regressors
jointly (a pairs MBB, see also Politis et al. (1997), that is we need to perform the bootstrap on {Z;},_,, where
Ze = {(dps, Upr)" }

n

p=1"



20 JAVIER HIDALGO AND MARCIA SCHAFGANS

5. FINITE SAMPLE BEHAVIOUR

In this section, we discuss the finite sample performance of our cluster-based inference proce-
dure in the presence of cross-sectional and temporal dependence of unknown form. We contrast
this performance with the HAC-based inference procedure proposed by Driscoll and Kraay (1998),
which unlike ours, requires the choice of smoothing parameters that may be arbitrary and erro-
neous. We also provide evidence of the potential finite sample improvements of our frequency
domain bootstrap schemes and implement the MBB time domain bootstrap to the vector con-
taining all individual observations for each t. Our frequency domain approaches have the benefit
that they do not rely on the choice of any smoothing parameter or require an ordering of cross-
sectional units, which, as we argued before, may be arbitrary and erroneous. Another benefit of
our estimator we address in our simulations is the fact that our estimator permits heterogeneity
in the temporal dependence. In our simulations, we also consider a multiplicative error structure
that permits groupwise heteroskedasticity and we reveal the robustness of our estimator to this
setting.

In our Monte Carlo experiments, we first consider the following data generating process
Ypt =t + 1, + Brpt +up forp=1,...,nand t =1,..,T.

The time fixed effects oy and individual fixed effects 7, are drawn independently (c; ~ ITDN(1,1)
and n,, ~ IIDN(1,1)) and are held fixed across replications and without loss of generality 3 is set
equal to zero. The independently drawn errors and regressors are postulated to exhibit a variety
of scenarios for the temporal and cross-sectional dependence that are assumed to be the same for
simplicity.

To evaluate the performance of our proposed cluster estimator, we analyze the empirical size
and power for testing the significance of our parameter, Hy : f = 0 against Hy : 8 # 0, at the
nominal 5% level for various pairs of n and T using 5,000 simulations. In addition to presenting
the rejection rates based on the asymptotic distribution of the Wald statistic nTB;; EV‘% FE>
with V =: i;lfff);l where ® is defined in (2.17) (or equivalently the asymptotic t-test as [ is
scalar), we present rejection rates based on the empirical distribution of the bootstrapped test
statistic

. . N A .
nT </8FE - ﬁFE) [V*} (BFE - 5FE> ;
where B*F g and V* are the bootstrapped estimators of 8 and V' defined in Section 3. As inference
based on the asymptotic distribution might not provide a good approximation to the finite sample
one, this allows us to assess the finite sample improvements our bootstrap schemes may yield.

We compare the finite sample performance of our cluster-based inference procedure to the
HAC based inference procedure and select the bandwidth parameter, denoted myp, using the
parametric AR(1) plug-in method suggested in Andrews (1991).% This lag window is designed to
minimize (approximately) the mean square of the standard error.” For the HAC based inference

we provide rejection rates of the Wald statistic nTB/F E'Vn;; B rp based on the asymptotic critical

Smy is chosen to be upward rounded integers.

Kiefer and Vogelsang (2002) discuss the use of HAC estimators with bandwidth equal to the sample size (b = 1).
This bandwidth free approach does come at the cost of power relative to Andrews’ popular data driven optimal

bandwidth selection, see also Vogelsang (2012).
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values (asy) and the critical values based on the fixed-b asymptotics (fixb) of Kiefer and Vogelsang
(2005) as this is shown to lead to more reliable inference, see also Vogelsang (2012). With

sl
) zptzqs,

Ving =: f);l&)mTi*l ®,,,. is defined as
where 2, = Tyt and K (h) = (1 — |h|) 1 (Jh| < 1) is the Bartlett kernel. The fixed-b asymptotic

x
n o n
7

S 3) )3 or (=

p=1g=1t=1 s=1 T

distribution is non-standard and our critical values are obtained by simulation.
We also provide critical values for HAC based inference that rely on the pairs moving block
bootstrap proposed by Gongalves (2011). She obtained bootstrapped samples z; = (y5;, z¥)’
by arranging k resampled blocks of £ observations from the set of 7' — £ 4+ 1 overlapping blocks
{B14, .., Br—os1,0} With By = {2tm, 2t41ms s 2t40-1n} and 20, = (21t, .., 2nt) in sequence (for
notational simplicity 7" = kf). When ¢ = 1 this corresponds to the standard iid bootstrap on
{zt,n}tT:l. The MMB based critical value are based on the standardized test statistic T (B; 52— B E)/

R T DU ) s} g (st s Tr T
[VZ*} (BFE - BFE) . Here Vf = (Z;) o (E;) , 3% = op 21 Yim Tptpt and

v, 1 .k B ’ 1 B ' L ,
(I)Z = Eijl (E 1/2 thln 18ﬂ,(j—1)[+t) (E 1/2 Zt:ln 15n7(j_1)g+t) ’

where 87, =3/, T}, (g;t - i';;t/@;“]:?) with g = yp, Y. — Y4 +y. and Ty, = x5 —Tp, —T4+T.. (see
also Gotze and Kiinsch, 1996). The block size used is given by the integer part of the automatic
bandwidth chosen by the Andrews (1991) as proposed by Gongalves (2011).

5.1. Simulations with Homogeneous Time Dependence. In the first set of simulations, we
assume that the time dependence is homogeneous among individuals p = 1,..,n. In particular,
we assume that the error and regressors are mutually independent, homoskedastic, first order

autoregressive random variables with p = 0.7 or p = 0.9. The error term, therefore, takes the form

Upt = pup i1 + /1 — p*n,, with p=0.7,0.9

where 7, characterizes the spatial dependence inherent in the error.® We consider both a weak
and a strong cross-sectional dependence scenario for uy (n,;). To describe the cross-sectional
dependence, we follow Lee and Robinson (2013) and draw random locations for individual units
along a line, denoted s = (si,...s,) with s, ~ IIDU[0,n] for p = 1,..,n. Using the linear
time dependence representation, 1,, = o, (3,2 ce (p) esr) with egs ~ IIDN(0,1), we set co(p) =
(1+]se—sp|+)*° to permit weak dependence; oy, is such that Var(n,;) = 1. For the strong spatial

—0.7 :

dependence setting, we use ¢;(p) = (1 + |s¢ — sp|+) instead, see also Hidalgo and Schafgans

(2017). The same discussion holds for the independently drawn, strictly exogenous regressor ,

et W,(r) denote a ¢ dimensional vector of independent standard Wiener processes and define W,(r) =
Wy (r) — rW,(1). The limiting distribution of the t-test is Wi(1)/v/Ci with C, = %fol Wy (rYW, (r) dr
-1 Ol_b [Wq (r + D)YWy(r) + Wy (r)W,(r + b)'] dr given the use of the Bartlet kernel, where b € (0, 1] with mr = bT
(see Theorem 4, Vogelsang, 2012); the limiting distribution of the Wald test is W,(1)'C, 'W,(1). We obtain the
critical values using 500,000 simulations.

8We generated the spatial data with 49 + T periods and take the last T periods as our sample using 0 as the

starting value.
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where, to allow for some time heterogeneity, we may, without loss of generality add p,, which is
independently drawn (u, ~ IIDN(1,1)).

In Table 1, we report the empirical size for testing the significance of 5 at the 5% level of
significance based on our cluster estimator of the variance of B in the columns labelled HS
(Cluster). In addition to presenting the rejection rates based on the asymptotic critical values
(asy), we report the empirical size based on the naive bootstrap (nb), and the wild bootstrap
(nb). The empirical size based on the HAC based inference procedure proposed by Driscoll and
Kraay (1998) are reported in the columns labelled DK (HAC). For the HAC based inference, we
provide rejection rates based on the asymptotic critical values (asy), the critical values based on
the fixed-b asymptotics (fixb) of Kiefer and Vogelsang (2005), and Gongalves’ (2011) MBB (mbb).
We used the parametric AR(1) plug-in method suggested by Andrews (1991) to determine the
window lag mp and the block length /.

] Insert Table 1 around here ‘

The results from Table 1 reveal that our cluster based inference performs remarkably well even
in the presence of strong cross sectional dependence for moderately large panels. As before, the
rejection rates based on the asymptotic critical values tend to be closer to the nominal rejection
rates as n and T increase. The finite sample performance using these asymptotic critical values
does suffer, in particular, from 7" being small, more so when the temporal dependence is stronger.
This suggests that the cluster variance’s finite sample performance, in particular, appears to
require larger 7', in order for us to be able to rely on the asymptotic critical value. Nevertheless,
finite sample improvements in inference can be made using either frequency domain bootstrap
schemes as rejection rates based on them are typically closer to the nominal rejection rates, with
the differences typically smaller as sample sizes increase. Given that we assume the temporal
dynamics to be the same for all individuals in this simulation, both bootstrap schemes are valid.
The naive bootstrap approach tends to perform better in the sense of providing a size closer to
the nominal rejection rate.

Our cluster based inference, using the naive bootstrap for small panels, suggests large im-
provements in size relative to HAC based inference. While the use of fixed-b asymptotic critical
values for HAC based inference does indeed improve its performance, in accordance with Vogel-
sang, (2012), the gains in improvement in size achieved by our cluster based estimator remain
significant and are larger when the temporal or spatial dependence is stronger. Our cluster based
inference, however, does not necessarily perform superior to the HAC based inference that use
the critical values based on Gongalves’ pairwise MBB. Her approach indeed performs very well
in this setting where the temporal dependence is homogeneous across individuals. As we will see
in Table 3 relaxing this assumption, which is more realistic, does reveal a marked improvement
of our cluster based performance over HAC based inference using the MBB. But even in the
homogeneus setting, it should be noted that the MBB approach is sensitive to the chosen block
size, and its selection here was appropriate given the imposed AR(1) temporal dependence (which
is unknown in practical applications). Contrary to the MBB we do not need to choose a block

size.
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In Table 2, we present the empirical power of our test for the significance of the slope when
B = 0.1 for a selection of (n,T") pairs and compare the performance of our cluster-based inference

procedure to the HAC based inference procedure proposed by Driscoll and Kraay as before.

] Insert Table 2 around here ‘

The results from Table 2 show that our cluster based inference has good power to reject Hy :
B =0 when g = 0.1 in both time dependence scenarios, even for small panels, in particular when
the spatial dependence is not strong. For the reported sample sizes, the cluster based inference
using the naive bootstrap only showed limited size distortions. As expected its power approaches
one as the sample size, and therefore the precision of our estimator, increases. This improved
power performance comes about faster when the cross sectional and/or temporal dependence is
lower and improved power performance appears stronger with increases in 7T relative to n. The
power for our cluster based inference, using the naive bootstrap, compares well with that of
power of HAC based inference. Where the size-distortions for HAC based inference are smallest,
any apparent power loss of cluster based inference disappears. Both cluster based inference and
HAC based inference have a comparable loss of power when both the spatial and the temporal

dependence are large.

5.2. Simulations with Heterogeneous Time Dependence. In our second set of simulations,
we allow individual heterogeneity in the time dependence of the error and the strictly exogenous

regressor. The error term w,; is generated using various heterogeneous ARMA processes
(1= prpL) (1 + poL + paLPyupe = (1+ 01 L + 02 L2 + 0317 )1y,

with L denoting the lag operator, such that, e.g., Lup = upi—1, p1, and 6y are individual
specific AR and MA coefficients, and (py, p3) and (f2,03) are additional non-varying higher order
AR and MA coefficients. As before 7, characterizes the spatial dependence. A similar description
holds for the independently drawn, strictly exogenous regressor, x;;, which is assumed to have the
same spatial temporal dependence as the error for simplicity. We allow the variance of u,; to vary
across individuals p =1, ...,n.

We consider four heterogeneous specifications: Mixed AR(1), Mixed AR(1)/MA(1), Mixed
AR(3), and Mixed AR(3)/MA(3). The individual specific parameters p; ,, and 1, where non-
zero, reflect equidistant points on [0.5,0.9]. The full details of these heterogeneous specifications
are provided at the bottom of Table 3.

] Insert Table 3 around here ‘

In Table 3, we report the empirical size for testing the significance of 8 in the presence of
heterogeneous time dependence for panels where n = 100 and T = 64, 128, and 256. As before,
we consider both weak and strong spatial dependence scenarios. For HAC based inference we
used the parametric AR(1) plug-in method suggested by Andrews (1991) again, to determine
the window lag my and the block length ¢. A common approach, which neither recognizes the
temporal heterogeneity nor the higher order (autoregressive) nature of the temporal dependence

under consideration.
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The results in Table 3 show that our cluster estimator of the variance is robust to the presence
of individual specific time dependence. The rejection rates based on the asymptotic critical values
in the heterogeneous AR(1) time dependence setting, with {pr}::l in the range [0.5,0.9], are
comparable to the rejection rates in the homogeneous AR(1) setting with p = 0.7.% As in the
homogeneous time dependence setting, the rejection rates based on the asymptotic critical values
approach the nominal rejection rate of 5% as the sample size increases. The rejection rates based
on both frequency-based bootstrap schemes show that finite sample improvements in inference
can be made. The improvements achieved when applying the wild bootstrap, proven to be valid in
the heterogeneous time dependence scenario, are more modest than those suggested by the naive
bootstrap, which assumes homogeneous time dependence. Our cluster based inference reveals a
similar pattern when we permit higher order heterogeneous autoregressive/moving average tem-
poral dependence with the naive bootstrap performing remarkably well again, suggesting that the
naive bootstrap may be robust to violations of the homogeneous time dependence such as those
considered in these simulations. Whereas the wild bootstrap does perform less well then expected,
in particular in the presence of strong spatial dependence, the discrepancy between the rejection
rates based on the two bootstrap schemes does appear to be smaller than in the homogeneous
time dependence scenario.

Importantly, our cluster based inference suggests large improvements over HAC based inference
in these heterogeneous time dependence settings, whether we use the asymptotic, the fixed-b
asymptotic critical values or base its rejection rates on the MBB. The inferior HAC based inference
may be explained by the inappropriate use of a single smoothing parameter in these heterogeneous
settings, as is common practice, in addition to the fact that the parametric AR(1) plug-in method
does not account for other, and possible higher order (autoregressive) processes, than AR(1). Our
cluster based inference benefits from not requiring the choice of any smoothing parameter, and
is therefore not subject to this deterioration in size. Aside from the ease of implementation, the
robustness of our approach to the presence of individual specific time dependence is a particularly

attractive feature of our cluster robust inference.

5.3. Simulations with (Conditional) Heteroskedasticity. Finally, we consider simulations
that make use of our "modified" cluster based inference that permits general forms of heteroskedas-

ticity. Here the data generating process is given by
Ypt = o + 1y, + Bipt + o1 (wp)oa(oy) upt forp=1,...,nand t =1,.,T.
We consider both an additive and multiplicative specification for &, in particular
Gpt = Tpt + Wy + 0, and Fpp = Tpr (Wpoy)” -

Here uy; and xp; are drawn independently with weak temporal and weak cross-sectional depen-
dence; w, and g, are additional regressors where w), exhibits strong spatial dependence and g,
follows an AR(1) with coefficient equal to 0.7. Without loss of generality 5 = 0 again. Due to the

presence of the multiplicative error o1 (wp) o2 (0;) upt 1= vy, this setting does permit (conditional)

9 Associated simulations considering the power to reject Ho : f§ = 0 when 8 = 0.1 in the presence of heterogenous
temporal dependence show comparable results as in the homogenous time dependence setting, see also Hidalgo and
Schafgans (2018).
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heteroskedasticity with Var (vpt|@pe, wy) = 02 (wp) 03 (o) after a normalization of the variance of

upt to one, for simplicity. In particular, we consider
o1 (wp) o2 (0;) = 0 - [exp(dr1wp) + 1] [exp(d20;) + 1] with §; = 0.5, 2.0 and d2 = 0,0.2,0.5.

The severity of heteroskedasticity, which we can measure using the coefficient of variation of
o2 (wp) 03 (0;) , increases with the values of 61 and &2. The coefficient of variation is defined as the
ratio of the standard deviation of 0% (wy,) 03 (o;) to its mean. The average coefficient of variation of
o2 (wp) 03 (0;) over our simulations with 62 = 0.5 ranges from 42% (61 = 0.5) to 260% (&1 = 2.0).
The constant o in chosen in such a way that the expected variability of 0% (wy) 03 (g;), equals
one for comparability across simulations.

In Table 4, we report the empirical size for testing the significance of 8 in the presence of
(conditional) heteroskedasticity. The average coefficient of variation for each specification across
the simulations is given in the first column. We provide two sets of simulations for our cluster based
inference: first we apply the original cluster based inference, which is robust to the presence of
heteroskedasticity that is only cross-sectional in nature, followed by the heteroskedasticity robust
cluster based inference. In the top panel, we report the results based on the additive specification
of the regressor. The multiplicative specification of the regressors is in the bottom panel. As
before, we will compare the empirical size of our (robust) cluster based inference with the HAC
based inference, in particular those using the MMB based critical values. As we impose an AR(1)
temporal dependence, we have ensured that the use of the parametric AR(1) plug-in method
suggested by Andrews (1991) to determine the window lag my and the block length ¢ required

for this approach is suitable.

] Insert Table 4 around here ‘

The results in Table 4 show that under the additive formulation of the regressor, the perfor-
mance of the cluster based inference and robust cluster based inference (which accounts for a
non-constant oz (p;)), is quite similar. The robust cluster based inference is required for our first
three formulations, where o(wp, 0;) = o1(wp)o2(0;), whereas the final formulation permits the
original cluster based inference. Compared to the results in Table 1 (case with weak spatial and
temporal dependence), the rejection rates in the presence of (conditional) heteroskedasticity are
only slightly larger (in part explained by the need to use estimates for o9 (p;)). Since ;L‘;pt = Tpt
under the additive formulation of the regressor, a comparison with the results in Table 1 is more
straightforward here than under the multiplicative formulation. Rejection rates that rely on the
naive bootstrap compare favourably with those of the HAC based inference that uses the MBB
and there does not appear a serious deterioration in the performance of the (robust) cluster based
inference when the severity of heteroskedasticity increases, either via d; or d2, in this setting.

Under the multiplicative formulation of the regressor, the performance of the robust cluster
based inference is clearly superior in our first three specifications where robust cluster based
inference is required. The cluster based inference that does not account for (conditional) het-
eroskedasticity that is not purely cross-sectional in nature (i.e., in the presence of non-constant
o2 (p;)), deteriorates quite quickly with 02 (parameter reflecting the severity of temporal het-

eroskedasticity). The rejection rates that use the robust estimator of the long-run variance, 4.6,
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are much closer to the nominal 5% rejection rates, whether we use the asymptotic critical values
or the bootstrap algorithms. In fact, rejection rates that rely on the naive bootstrap compare
again quite well with the HAC based inference that uses the MBB, which reveals the robustness
of our estimator to this type of (conditional) heteroskedasticity.!’ This is a welcome result, given

that our estimator is simple to apply and does not require the choice of any smoothing parameter.

6. CONCLUSIONS

In this paper we extend the literature on inference in panel data models in the presence of
both temporal and cross-sectional dependence of unknown form. While a standard methodology,
based on the HAC estimator, is often invoked and used in the context of time series regression
models, in the presence of cross-sectional dependence its implementation has only recently been
considered, see Kim and Sun (2013), Driscoll and Kraay (1998) or Vogelsang (2012). To deal with
various potential caveats of the HAC' estimator, we propose a cluster based estimator which is
able to take into account both types of dependence and allows the temporal dependence to be
heterogeneous across individuals, extending the work of Arellano (1987) and Driscoll and Kraay
(1998) in a substantial way. We provide a new CLT that accounts for an unknown and general
temporal spatial dependence structure that permits strong spatial dependence. We thereby pro-
vide primitive conditions that guarantee Kim and Sun’s (2013), Driscoll and Kraay’s (1998) and
Gongalves’ (2011) assumption of the existence of a suitable CLT.

Our approach is based on the insightful observation that the spectral representation of the fixed
effect panel data model is such that the errors become approximately temporally uncorrelated and
heteroskedastic allowing the use of a cluster estimator of the long run variance in the frequency
domain. As the cluster estimator may not be reliable in small samples, and therefore may not
provide a good approximation to make accurate inferences, we present and examine bootstrap
schemes in the frequency domain that are also bandwidth parameter free.

Our simulation results reveal that our cluster estimator performs quite well even in the presence
of strong spatial dependence. For large panels, inference based on our cluster estimator is properly
sized even in the presence of heterogeneous time dependence unlike Driscoll and Kraay’s HAC
based inference of cross sectional averages that ignores such heterogeneity. Our bootstrap schemes
provide small sample improvements, where inference that uses the naive bootstrap, in particular,
is well sized, and reveal large improvement in size relative to HAC based inference when fixed-b
asymptotic critical values are used. Improvements over MBB based inference are more limited,
except in the presence of heterogeneous time dependence. We have shown the robustness of our
cluster based inference to the presence of “groupwise” heteroskedasticity. To enable us to adapt
to the presence of “groupwise” heteroskedasticity that is not purely cross-sectional in nature,
a simple robust cluster based inference procedure was proposed that also does not require the

selection of any smoothing parameter.

10While more general forms of heteroskedasticity could have been considered, this would have required non-
parametric estimates for o(Z,:) and bandwidth selection (see also footnote 4) and was not attempted here. For

moderately large sized panels, there is no reason to expect the MBB to outperform our proposal.
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Appendix A: PROOF OF MAIN RESULTS

We first introduce some notation. For a generic function h, we shall abbreviate h (A;) by h (j)

. T
and for generic sequences {wpt} wp P=1..n,

T n
. 1 1 —ith;
jﬂw(J):TUQZ gzwqt e
t=1 q=1
Using expression (10.3.12) of Brockwell and Davis (1991), we also have the useful relation

Tup (G) = Bup(=3) Tep (7)) + Yup (J) (A.1)
Top (G) = Bap(=3) Tp )+ Yap (), p=1,.0n,

where By (j) =: Bup (67), Bep (§) =: Bryp (¢7V) and
- ' . T—¢ T

Yup (i) = ;;de (p) e <T1/2 { g
oo

Yop(J) = ZCK (p) et (TI/Z {t¥ _Z

(=0

Finally, we shall make use of the well know result

EJyp () Ixg (k) = ¢, (0,0)1( =k) (A.3)
EJep (3) Teq (k) = ¢, (0,0)1(j=Fk).

6.1. PROOF OF THEOREM 1.

For completeness, we provide the proof using the time domain estimator, B , and the frequency
domain estimator, B
We begin with B . Without loss of generality assume that x,; is scalar. Using (2.2) and standard

arguments, we obtain

T n T n T n
Z Z ':Eptﬂpt = Z Z TptUpt — Z Z (f.t + Tp. — T) Upt
t=1 p=1 t=1 p=1 t=1 p=1
T n
3N @+ Uy ) e+ 0y ((nT)l/Q). (A.4)
t=1 p=1

Because the second and third terms on the right of (A.4) are handled similarly, we shall only look

at the second. Now

T n 2 T n
DD Tt | = DD E(TAT) Vg (= 5) 0 (29)
t=1 p=1 t,s=1p,q=1
1 " T
= n2 Z ®z (P2, 42) 0 (P1, Q1) Z V,page (t—s) Yuprq1 (t—s)
P2,92,P1,91=1 t,s=1
T - U
= 03 > 1ew (02, 02)] > lew (01 0))]
p2,q2=1 p1,q1=1

= o(nT).
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The latter displayed expression holds true because Conditions C'1 and C2 imply that

T

Z sup ‘fym)q (t — 8)| -+ sup "y%pq (t— s)‘ < C, (A.5)
X P

whereas Condition C3, see also Remark 2, implies that!'!

so that
n n
Y eulpp) Y o (ae)=o(n?). (A7)
p1,p2=1 q1,92=1

Proceeding similarly with Zle > p—1 Tplpt and T. Zthl > p—1 Upt, we can conclude using (A4.4)
that

d
1/2 Z Tptlpt = 1/2 szptupt +0p (1) > N (0,2)

t=1 p=1 t=1 p=1

by Lemma B.8. From here it is standard to conclude that (nT)l/2 (B - ﬁ) —q N (O, Z*1¢E*1).
We now show that (nT)l/2 (E - B) —q N (0,271®¥71). Proceeding similarly as we did above,

we shall examine

n T-1 n T-1
1/2 Z Z jx,p juap - 1/2 Z Z jx,p ) (AS)
p=1 j=1 p=1 j=1
n T-1
WZZ@p ~3)-
p=1 j=1

The first term of (A.8) converges in distribution to A (0, ®) by Lemma B.9. So, to complete the
proof it suffices to show that the last two terms of (A.8) are o, (1). We examine the second term

only, with the third term being handled similarly. By standard algebra and (A.1), this term is

n T—-1
1 1 . . . .
n3/2 Z T1/2 Bap (5) Bu,g () Txp (3) Te.g (—3)
p,g=1 Jj=1
1 n 1 T-1
+—75 2 775 O Bow (1) T () (T (=3) = Bug () Jea (=)}
pg=1 Jj=1
1 n 1 T-1
tn 172 2 Bup () Tea (=) {Teq (=7) = Big (7) Tp (1)} (A.9)
pg=1 Jj=1
1 n 1 T-1
+m Z T1/2 (T,q (—=3) = Bag (3) Txp () X (Jusg (=) = Bug (4) Te.q (—3))
p,g=1 Jj=1

HFor two nonnegative sequences {a,} and {B,}: > B, < C implies that >, > B8, = 0(n) if 3 (ap + 3,) =
o(n).
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We examine the second term of (A.9) first. Using (A.3), we have that its second moment is
bounded by

n

1 .
7 D ulana) e, (01p2) Zsup | fapip2 ()]

P1,P2,q1,92=1 j 1 P1,p2
1 - n
T T3 Z pu (q1,42) Z ¢ (P1,12)
q1,92=1 p1,p2=1
= O(Tfl),

by Lemma B.1 and (A.7). Likewise the third and fourth terms of (A.9) are o, (T_1/2). So to

complete the proof we need to examine the first term of (A.9), whose second moment is, by (A.7)
and using (sup,,, | fapq (7)] 4+ sup, 4 | fupg (7)) < C, bounded by

T-1 n n
1 . .
773 2 S | frpg (DI fupg DI D @aprip2) Y eul@ra) =o(1).
j=1 P4 p1,p2=1 q1,q2=1
This concludes the proof of the theorem. O

6.2. PROOF OF PROPOSITION 1.
We begin with part (a). We need to show that, for any ki, ko = 1, ..., k,

1 T-1

Phoy ey = T Z 1/2 ZJW”“I ) Jap (=3) 1/2 ij’k? =) Jap (9)
j=1
P
— Dp) k-
To simplify the notation we shall assume that £ = 1. Now, after observing that

Fap () = Tip () = (B = 8) Tep (1)

we have that ® =: <i>171 is

1
T 1/2 Zj z,p j“vp 7) 1/2 Zj z,p ‘7“71”( )
J=1 p=1
5 1 T-1 1 n 1 n
+2(5-0) 5 2 |z LT O) | | s 2 T () Tun )
j=1 p=1 p=1
5 21 T-1 1 n 2
+(B-8) 72 | T )| - (A.10)
j=1 p=1

The third term of (4.10) is O, (T'~') by Lemma B.7 and B—pB= Op ((nT)fl/Z). The second
term of (A.10) is also o, (1) by Cauchy-Schwarz inequality if we show that the first term converges
in probability to ®. Since

\7%717 (J) = jr,p (J) - jf,~ (.7) ) (A-11>

this result holds true if we show that

P

T-1

1

T Z 1/2 ZJM ) Jup (=3) 1/2 ZJW ) Tup () - @ (A.12)
j=1
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and

=
L

N[~

mZJx ) Tup (—5) l/ijjm,p ) Fup ()
J

+;Z;{(nl/22@ ) Fup (— ) ( WZJI §) Fu (7 ))}

= o, (1)? (A.13)

1

First we examine (A.13). We begin with the first term on the left of (A.13), whose first moment

is

T—1 n
1 .
722 2 B (Te (1) Tep (=) B (Fap (=) Tup (7))
j=1p=1
C T-1 n n C
= Tn2 lep 12@:}3 b, T Z@u b, q { T}

using Lemma B.1, after we observe that the factor in brackets is n'/2 7. (j) Ju. (—j). Using
(A.6), we conclude that the last displayed expression is o (1). Next, we observe that Lemma B.5

implies, for instance, that
E (Ja (=5) Tup () T (—k) Tug (k) = E* (Fa, (—5) Tup (7))
1 < ‘ C
= eu(P4) 5 > el a) {1(] =k)+ T}-

p1,q1=1

The variance of the first term on the left of (A.13), therefore, is bounded by

T-1 n n n
%Z Z@(RQ)% Z ©, (P1,q1) Z gox(pg,qg){l(j:k)+?}:o<;>

J,k=1p,q=1 p1,q1=1 p2,q2=1

using Condition C3 and (A.7). Hence the first term on the left of (A.13) is o, (1). The same
conclusion holds true for the second term of (A.13).

To complete the proof of part (a), it remains to show (A.12). Using (A.1), we have that (A.12)
holds true if the following expressions (A.14) — (A.16) are o, (1);

1 T—-1
g { (ZB e (—3) Bup () Typ (j)Jg,p(j))

ZBx,p (=7) Bup (3) Txp (j)jﬁ,p (=J) -9, (A.14)

T7-1 [ n "
nLT (Z Yop (7) Yup (])> (Z Yup (=J) Yap (])) (A.16)
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We begin by showing that (A.14) is oy, (1). First, the expectation of (A.14) is

~

-1

=3 ) 1 Y Ba (=) Br (1) Bup (3) Bug () — @ = O (T7)

p,q=1 1

<.
Il

because, by continuous differentiability of fi ,q (=) fupq (A), we have that

2
%ZB,p B (1) By (1) Bug () = [ Frpg (-3) fupa ) dr = 0 (17).

Next, because (A.3) implies that

E{(Txp1 (4) Tepr (=) Txan (—3) Teq () — E ()
(Txp2 (—K) Te po (k) Tx.q2 (k) N/ (=k)—E())}
= ¢, (p1,02) 0 (@1, @2) 0 (@1, 12) @y, (P1,02) 1 (j = )
+¢ (P15 P2) 0 (@1, 42) 0o (P1,P2) 0o (01, 42) 1 (G = k)

+2¢, (p1,2) ¢x (a1,42) Y ce (p1) eo (p2) e (q) e (42) 1 (j = k)
(=1

> R4 ¢R
# 2 o) o (o) o (a) o ;de pr) d (p2) de (a1) di (a2) (15 = k) + 2500 )

standard algebra yields that the second moment of (A.14) is o (1), when recognizing

> de(pr)de (p2) de (@) de(q2) <Y de(p1)de(p2) Y de(a1) de (q2)

=1

= ¢, (P1,02) ¢y (01, 2) (A.17)
Zce (p1) ce (p2) ce (q1) ce(g2) < Z ) ce (p2 ZCE
/=1 (=1 =1

= @, (p1,02) ¢, (41, 92) (A.18)

and

l1—a
D 0r (p1,02) @y (p1,32) < (Z o/ (p1, p2) ) (Z o/ (p1, 42 )

p1=1 p1=1 p1=1

= 0(1) (A.19)

since 221:1 ©a (P1,P2) ¢y (P1,p2) = O (1) implies ¢, (p1,p2) = O (Pfa) and ¢, (p1,p2) = O (pfﬁ
with a + 5 > 1.

Next consider (A.15). Because sup,, Bz (—j) Bup (§)| < C, the second moment of (A.15) is
bounded by

nTQ S S 1 ) G (K Yo () Ve ()

J.k=1p1,q1,p2,q2=1

E{Yu,m (=3)Y u,q1 (k )Jﬁm (—J) N/ (k).
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From here, proceeding as with (A.14) but using Lemmas B.1 and B.2 as needed, we easily conclude
that (A.15) = o, (1) by Markov’s inequality, since for instance
E{Txp (3) T (k) Yapo (=5) Yago (—F)}
= E(Jxp (9) T (K) E(Yapy (=7) Yago (=K))
+E (T (G) Yapo (=3)) E(Txar (F) Yago (=F))
+E (Txpr () Yoo (=K) E(Txar (k) Yy (=5))
Feum (Typ, (7)) Ty (B) i Yaps (=3) ; Yag, (=K)).-

(
The proof of part (a) now concludes since (A.16) = o, (1) by standard algebra and Lemmas B.1
and B.2.
Part (b). Because the continuous differentiability of f., ()), we have that 71 Zle fop(G) —
027r fop (X)dX\ =: 3, 5, see Brillinger (1981, p. 15), so we can conclude by Lemma B.6 and (A.11),
that to finish the proof, it suffices to show that

n T-1 n T-1
S T () and 30N T (1) T () = 0 (1),
p 1j=1 p=1 j=1

are both o, (1). However this is the case proceeding similarly as with the proof of (A4.13), so it is
omitted. O

6.3. PROOF OF THEOREM 2.
Because Lemma B.7 implies that (nT)_1 Zp 1 ZT 1 Tz p (4) 5 Y, and abbreviating J/”; () =
1 Zq 1 Ziq (7)), it suffices to show

n T-1
(1) T1/2n1/2 Z Z Jzp (J ( HOENHEE )) Jurp (=J) = op= (1) (A.20)
p=1 j=1
n T-1
(i) SN T M) 12 6) Tur p (=) S N (0, @) (A.21)
T1/2n1/2 2 .p Tux p ; :
p=1j=
We begin with part (ii). The left hand side of (A.21) is
n T-1
T1/2 1/2 Z Z 1% (9) (1) Txp (7) Fusp (=) (A.22)
p=1 j=1
n T-1
o D0 00 S 0) (T ()~ B () Tep (1) e (=)
p=1j=1

The second (bootstrap) moment of the second term of (A4.22) is

> qu 5) Gupg (Tzp (5) = Bup () Typ (1) (Trg (=) = Bug (—5) Tya (—3))  (A.23)
nT

p,g=1 j=1

using

T
X . ~ . ~ 1 PO
E* (Jurp (3) Tur g (k) = Oupgl ( = k)5 Oupg = T Zupt“qta (A.24)
t=1
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By Lemma B.1 and (A.1),

E (jo?gv (]> ( )jxm (J )) (jxq (—=7) — Bm,p (‘.7) Jx.p (_J)) = %S% (p, q);

Gupe = 00 (0,0) (1 +0, (T*1/2)> .

Hence it easily follows that the expected value of equation (A.23) is o (1) and consequently the
second term of (A.22) is o, (1), after we observe that (A.23) is a nonnegative expression.
Turning to the first term of (A.22), let us denote

— I« . . .
Zem) = 5D Xpsti G(0) = Bayp () fuly () (A.25)
p=1

Standard algebra yields that the first term of (A.22) is

T T
1 1 —* . i
T1/2T Z Ssit (”)ZQ(J)ez(t ) T1/2 Z ¢ (It Ea ( T3/2 E (n), (A.26)
t,s=1 j=1 ts=1 fa1

where to simplify the notation we assume that ¢, (p,p) = ¢, (p,p) = 1 for all p = 1,...,n and
¢ () is the rth Fourier coefficient of G (j). Hence the right hand side of (A.26) can now be written

as

) T—2¢ 1 n T— ¢ 5) T2 1 n n
T1/2 nl/2 Z XptUpt + Z 1/2 /2 Z XptUp,i+e T Z Xp,t+eUpt ( - (A.27)
t=1 p=1 =1 t=1 p=1 =

Because ¢ (r) = O ( _2) by Conditions C1 and C2, given the independence of the sequences of
random variables n~1/2 Zp 1 XptUy e and 1 —1/2 Zp 1 Xp,t4eUp 10 ¢, to complete the proof of
part (ii), it suffices to show that

A*_.1”*d*NT£11”
tn = 12 ZXptup,t—i—E - 0 T o n Z ¢ (p,q)
p=1 p,g=1
The second bootstrap moment of A}, is
T L
= Z XptXqt o Z Up,r+Uq,r+0 = Z XptXqt Z Up,rteUgr+e (1 +0p (1)),

pq 1 pq 1
by standard algebra and Theorem 1. Now, Conditions C'1 and C2 imply that

n

n T2
1 1 T-/¢1
n Z {E (Xthqt) T Z; E (UP7T+£uq7T+Z)} = T n @ (p.q) -

p,q=1 p,q=1
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Moreover, because E (tp, 40t t-+0Upy,s+0Ugs,s+¢) = E (Up; g tUp,stigys)

2
Z Xthqt Z uptuqt
pq 1
1 n T2
- a2 § : E (thqutszthzt) T2 E : E (Upy tUqy tUp,stqss)
P1,q1,p2,92=1 t,s=1

n

T—
1
= ﬁ Z T2 Z XpltX(ht) E (XP275X(12t> + B (XpltXQ2t) E (sztqut)
P1,91,p2,92=1 t,s=1

+E (thxpzt) E (qutxqzt) +cum (Xplt’ Xq1t; Xpot; qut)}
X AE (upyttigt) B (Upystigys) + B (Upyttgys) B (Upystigye)
+E (uthmS) E (“qltquS) + cum (up1t5 Uqyt; Upys; quS)}

1

T T2 Z Z E (Xplthlt) B (Xp2th2t) E (upyttigit) E (Upstges) (14 0(1))
P1,41,p2,92=1¢,s=1
" 2
T—1¢ 1
= =7 ¢ q) | (1+o0(1))
p,q=1

because E (Upstigr) = 4, (P, q) Vaupg (T — ), ng:l [Vupg (r —5)| = O(T) and (A.19). This shows
that the second moment converges to the square of the first moment, and hence E* ‘A;nf —

Te1 pq 1¢(p7 )_Op(l)

Thus, it remains to show the Lindeberg’s condition to complete the proof of part (ii). To that

end, it suffices to show that

1 & .
n? DB (e ) =0p(1).
p=1

The left hand side of the last displayed expression is

n T2
1 1 1
n2§:prtH4T G = 30 Pl 7 D e (140, (1)
p:l t=1
= Op (”_1)7

which completes the proof of part (ii).
Next we prove part (i). The left side of (A.20) is

n T-1

WZ ( L@ =120 )) Bap () Txp (3) Furp (=) (A.28)
p=1 j5=1
nj T-1
T1/2n1/2 Z Z ( ' 1/2 (])) (*7571? (7) = Bap (3) Txp )) Wy p (=) -
=1 j=1

We shall only show explicitly that the first term of (A.28) is op+ (1), the second term following

similarly if not easier proceeding as with the second term of (A.22) and Lemma B.1. Now by
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(A.24), the first term of (A.28) has second bootstrap moment given by
1o 1 "
T T > [RPG) = 12 DY 10G) Y Gt (7) T (9).
t=1 j=1 p,q=1

Because the last displayed expression is a nonnegative expression, to show that it is o, (1), it

suffices to show that its first moment converges to zero. To that end, we first observe that

[RPG) - 120 < Zz,q Ju ()] = 0p (1) (A.29)

using standard arguments and Theorem 1 under Condition C'4. On the other hand, proceeding

similarly as in Proposition 1, we obtain easily that
- Z Upt T (J) Ugt Txsq (— Z Upt Txp (7) UgtTx,q (—7) (L +0p (1)),
pq 1 pq 1

and thus the proof of part (i), and thereby the theorem, is completed if

Z upttigt Ty p (3) Tx.q (—3) | = O (n).

p,q=1

But the left hand side of the last displayed expression is

T n
Z 0 (pyq Z E (zpgs) e "IN =C > 0, (9,9) ¢, (p,9) = O (n)
t,s=1

p,q=1 p,q=1

by Condition C'3, which completes the proof of the theorem. O

6.4. PROOF OF PROPOSITION 2.
As with the proof of Proposition 1, we shall assume that &k = 1. Now, after observing that

Ty () = Tiep () = (B = B) T (1)

we have that ®* equals the sum of the following expressions (A4.30) — (A.32);

1 T—-1 . 1 n . . 1 n ]
T2 fu (4) W;ﬁ,p () Tur p (=) nl—/z:: 3 Turp (G) | — @ (A.30)
Y 1 Lo
? (ﬁ N 5) T £ () nl/2 > Tep(9) 1/2 ijvp ) Jurp (7) (A.31)
Jj=1 p=1
SN s o AR 2
<5 _ﬂ> T iz 2T )] - (A.32)
Jj=1 p=1

That (A.32) is oy« (1) follows straightforwardly by Theorem 2 and Lemma B.7 and (A.31) is
op+ (1) by Cauchy-Schwarz inequality if we show that (A.30) is 0p+ (1). To that end, using (A.11)
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and (A.24), we have

E* (A?)O) == L Z fu Z jx,p jx,q )Uu,pq &)
p,q=1
1
Z Ju(J Z Tz, (4) Tz, (=7) Tupq-
p,g=1

Because Gupg = @4, (p,q) (14 0, (1)) and & — & = 0, (1) by Proposition 1, proceeding as in the

proof of Theorem 2 part (i), it suffices to examine the behaviour of

T-1 n
1 . .
=2 Jul) D Aeu (0:0) Tep () Tug (=0)} — @ (A.33)
Jj=1 p,q=1
1 T-1
+T fu jx, x,~ Z Pu p: . (A'34)

—

Jj= pq 1

(A.34) is 0p (1) as we now show. As it is a nonnegative sequence, it suffices to show that its first
mean converges to zero. Using (A.1) and then Lemmas B.1 and B.2, we have that its first moment

is proportional to

% > sox(pm% > up.g) =0(1)

p,q=1 P,q=1
by (A.6). Because the first moment of (A.33) is o (1), it then remains to show that the (boot-
strap) variance of (A4.30), with Jz , (j) replaced by J,, (j), converges to zero. Using (A.24), the

(bootstrap) variance is

T-1 n
1 . 1 . .
T2 J/CZ (7) ) Z Tepr (1) Triar (=) Tapo (=) Tr,g2 (1) TuprpeOugran
J=1 P1,q1p2,q2=1
fae (140, (1)
) p N s N
T e g;{nowum

X Z ©u (P15 q1) Py (P2, 2) Tz, (J) Te,q1 (=J) Tz.p (—k) Tz,q2 (k) ¢,

P1,91P2,92=1

with Lemma B.4 guaranteeing

cum™ (s, 1, uh o us uh, ) = Kaepy, (p1,01) @4 (P2, 42) (1+0p (1))

From here we proceed as before after noticing that 7y p,p, = ¢, (P1,p2) (1 +0p(1)). This com-
pletes the proof of the proposition. O

6.5. PROOF OF PROPOSITION 3.
As with the proof of Theorem 2, it suffices to show that

T—1 n

T1/2 1/2 Z Zjﬂcp (=J)n; gN(O,Cb)- (A.35)

j=1p=1
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Because 7; are normally distributed it suffices to show

T-1 n

B p
T1/2n1/2 sz%p ) Jap (=3)n; | — @

j=1p=1

This is the case as we now show. The left hand side of the last displayed expression is

S

S[-
M-

-1
ji,p (.7) ji,q (_]) Jﬂp (_]) jﬁ,q (])

1

Q
—_

P,

Q
Il

%\H
M2 T
M:

..7 jx,q( )ju,p (_j) ju,q (j) +Op (1)

1

1pyq

<.
Il

as Upt — Upt = (B — B) xp and B -8=0, (T_l/Qn_l/z). Using (A.11) and proceeding as in the
proof of part (a) of Proposition 1, we now have that the right hand side is

Z Z jx,p jx,q )ju,p (_j) ju,q (_])

] 1 p,g=1

9 T—1 n
j=1pq:1

1 - .
Z > To (6) Tz (=5) Tugp (=) Tug (—5) + 05 (1) .
J 1p,g=1

The first term converges in probability to ®, whereas the second term follows by Cauchy-Schwarz
inequality if the third term is also o, (1). But that term is o, (1) proceeding as in the proof of
part (a) of Proposition 1 using Lemma B.5. Again observe that the expression is nonnegative.

This concludes the proof. ]

Appendix B: LEMMAS
First denoting Yy, (j) = { ?:}Z_Z — thzl} gpte—itAj and Uy, (5) = { tT:_lé_é — Zle} Xpte—it/\j,
we have that Y, , (j) and Y, (j) given in (A.2) can be decomposed as
Yup () = Y3 () +YE0) (B.1)
Yop (i) = YEL0)+ Y5 0),

where
1 L . 1 ° .
YOG = > de @) e ™o, ()5 YEG) =77 D de(®)e ey ()
=0 £=T+1
1 :
YE30) = Zim e e W, () YE (G T1/2 Z ce (p) e "Wy, (7).
=0 (=T+1

Lemma B.1. Assuming C1 and C2, we have that for p,q =1,..,n and some vy, v, > 0 finite,

. Uw(Pu; p7q
B0V ) = D 2
iy

E(YE,NYE () = o) e, pal(f=h; w=worz. (B3
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Proof. We examine only the case when w =: u, with the proof for w =: x similarly handled. We
begin with (B.3). Because for £ > T', E (Y, (j) Yo,q (=k)) =2T¢, (p,q) 1 (j = k), we obtain that
the left hand side of (B.3) is

2 S dy () dey (@) e (p@) 1= ).

The conclusion then follows because Condition C1 implies that Y%, sup, |d¢ (p)| = o (T71).
Next we consider (B.2). By definition, the left side is

T
1 . Uy
7 D A () de, () E (Tep () Teg (—K)) = ¢ (p.0)
l1,42=0
since Yy (§) = {2?214 - ZtT:T—eH} &y when ¢ < T, so that
E .
E(Yop () Tog (—k)) = 20, (p,q) Y _ e,
t=1
We now conclude because )2 £sup, |dy (p)| < oo by Condition C'1. O

Lemma B.2. Assuming C1 and C2, we have that for p,q=1,..,n,
1 L R
(@) B(YY0)Teq(=h) = 0u(p.a) 5 D de(p)e ™ Y s
=0 t=1

B (YR () Jeq () = ¢u(pa)1(=k)o(T7?)

1 T

¢
(b) E (Ym%z)v (4) Tx.a (_k)> = ¢ (p,q) T Z ¢y (p) e 1 Z ethi—k

£=0 t=1
E(Y® () Tt (H) = ¢:0.a)1( =k)o(T7?).

Proof. As in the proof of Lemma B.1 we shall only show part (a). To that end, we first notice
that Condition C'1 implies that

T
B (Y0 () Teq () = 2220 (1 G=B1e=T)+ Y 1< T)) |
t=T—0(+1
From here the proof concludes by standard algebra. O

Lemma B.3. Assuming C1 and C2, we have that

|cum (&, 63 Epati Epati Epat) | < el o (P1,02) @y (P3,04)

|cumn (Xt Xpati Xpsts Xpat) | < 15| 02 (P1,02) @4 (D3, D4) (B.4)

Proof. Using inequality (A.17), the proof follows easily since by definition

cum (&5,65 ot Epat Epat) = Fag > ar (p1) ae (p2) ae (ps) ar (pa) -
/=1

The proof is similar for the second expression in (B.4), where inequality (A.18) is used instead of
(A.17). O
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Lemma B.4. Assuming C1 and C2, for some T > 2,

|I‘64,§| Pu (P1,P2) P (Ps,m)
(ta —t1)" (t3 —t1)" (ta —t1)"

|"€4,X| P (p17p2) P (p?np4)
(t2 —t1)" (t3 —t1)" (ta —t1)"

|Cum (umh; Upoty; Upsts s Up4t4)’ <

|cum (mpltl; Tpatas Tpstss 'Tp4t4)’ <

Proof. As in the proof of Lemma B.3, we handle the first displayed inequality only. Without loss
of generality we take t1 < to < t3 < t4. Condition C1 and the definition of the fourth cumulant
then yield that

o0

CUmn (Upyty; Upoty Upstss Upsts) = Y dic (D1) dkeyty—ty (P2) dits—t, (P3) dicira—ty (pa)
k=1
xecum (&.plt; £p2t; épgt; £p4t) °

From here we conclude using Lemma B.3 and the fact that Condition C'1 implies that sup, |d (p)| =
O (k~7) for some T > 2. O

Lemma B.5. Assuming C1 and C2, we have that for w =: u or x,

B Tain () Tag (-0) = Fus )20 1) {16 =)+ £ | (B:5)
and
E(Juun ) T (~3) Fags (6) T (~F) (B.5)
= 0w (P1,P2) P (P3,14) {1+1 U=k + g} :
Proof. Consider w =: u, say. By (A.1), we have that the left hand side of (B.5) is

E((Bupy (=) Tepy () + Yupy () Bups (k) Tepy (—F) + Yups (=F)))

which using (A.3) equals the right hand side of (B.5) by Lemmas B.1 and B.2.
Next, the left hand side of (B.6) is

E(Jupy (3) Fups (=5)) E(Tups (k) Tups (k) + E(Fupy (7) Tups (k) E(Tups (=7) Tups (—F))
+E (Jupy () Tups (=) B (Tups (k) Tups (—3)) + cum (Fup, (5) 5 Tups (—3) 5 Tups (k) ; Tups (—F)) -

Using (B.5), the first three terms of the last displayed expression are proportional to

fU,p1p2 (]) fu,p3p4 (]) Py (pl,pQ) Pu (ps,p4) 1 (] = k) )

while the absolute value of the last term is bounded by

T T

! [ gl o (P1,12) Py (P3,P4)
B IR TR e S DI e o i 1 (R
t1ot2 b3, ta=1 titadata=1 2 1) T T

C
< T%u (p1,p2) ¢, (D3, p4)

because 7 > 2 using Lemma B.4. From here the conclusion follows easily. U
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Lemma B.6. Assuming C2-C3, we have that as n,T — o0,

2

ZI wp (9) = fep () | =0(1). (B.7)

Proof. Standard algebra yields that the left hand side of (B.7) is bounded by

2 2

S T () T () = B (T () T (=)} ZEI,p — for ()
p=1

Now n~1 dope1 BLip (5) = fap (j) = O (T71) is standard as fo, (\) is twice continuously differ-

entiable, Whereas Lemma B.5 implies that the first term of the last displayed expression is

% zn: 2 (p,q) <1+§> =o(1)

p,q=1

by Condition C3, see also Remark 1. O

Lemma B.7. Under C1-C3, we have that as n,T — 00,

1 T-1 1 n 2 1 n 2
T EZIx,p (J) *ZIx,p = Op (1) (B.8)
7j=1 p=1 p=1
1 T-1 1 n 2 T 1 n 2
"IN ED ST I N BTV SFAEV] USSP (B.9)
j=1 p=1 p=1
Proof. Noticing that
> () =1z (4),

We shall examine the first term of the last displayed expression, with the second one being handled

similarly, if not easier. Now, by definition

5@\

n2 ZJW ) Ta (=)

p,g=1

so that Lemma B.5, in particular (B.6), implies that

n

. 1 . C
EZZ (j) = v > o, (p1.92) ¢, (p3,14) {1+1 (j=k)+ T} =0(1)
D1,---,pa=1

because n 2 > pipa=1 Pz (P1,p2) = 0 (1) by ergodicity. This completes the proof of (B.8).
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Regarding (B.9), it suffices to show that

1 T—-1 1 n
S T (D E@n ()| = 0p(1) (B.10)
7=1 p=1
1 T—-1 1 n 1 n
T HZIM’ (J) = E (Zap (4)) EZE(IM’ () = op(1), (B.11)
Jj=1 p=1 p=1

because the continuous differentiability of f;, () implies

11 . Lo
TZnZE(I%p(j))—/ nhﬂngoﬁzf%p()\)ZO(l)
j=1 p=1 s =1

by standard arguments. Now (B.10) holds true by Lemma B.6 and (B.11) follows by Cauchy-
Schwarz inequality. O

The next lemma extends a Central Limit Theorem in Phillips and Moon (1999) when their

independence condition fails.

Lemma B.8. Let {up},., and {xp}, ;. p € NT, satisfy Conditions C1-C3. Then asn,T — oo,

T n
1 1 d
m Z m Z mptupt — N (0, (b) . (B12)
t=1 p=1
Proof. First, Hidalgo and Schafgans’ (2017) Theorem 1 implies that
1 < d

Zng = mzxptupt SN0,9),t=1,..,T, (B.13)

p=1

and also for any r,s > 0,

JR— d
nl/2 pr,t+r€p,t+s = N (0, Q).
1

p=

Now, Phillips and Moon’s (1999) Theorem 2 cannot be employed as the latter result requires that
the left hand side of (B.13), that is {z,},-,, is a sequence of independent random variables.

Dropping the subscript “p” for notational convenience, we have that
wiry = (Du (L) &) (Ca (L) X4) (B.14)
where

Dy (L) =) _diL';  Cp(L)=) el
=0 =0

by Conditions C'1 and C2. We now employ a “second-order” BN decomposition similar to that
in Phillips and Solo (1992, pp. 978-979). First, we notice that standard algebra yields that the
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right hand side of (B.14)

ngngt o Xt—p T < +Z Z ) deck&s—gXi—k

=0 k=0+1 k=0/(=k+1

= Zdeczft—th—z +> <Z deCoyr€e—eXt—k— e) +> (Z dekHXt—kft—k—e)
=0 k=1

=1 \k=0

¢
= D dici e+ ) <Z decerrL ) JEEDY (Z dek+eLk> Xt€t—
=0 k=1

{=1 \k=0

= L)&x + Z 0 (L) Exo - + Zgz ) Xei—ts

where gy, (L) = Y02 decorx L and go (L) = S50 crdi+o L. Observe that o, (L) = go (L).
Next, because for a generic polynomial h(L) = Y 2, heL*, we have the identity h (L) =

h(1)— (1 — L) h (L), where h (L) = Yoo heL! with hy = > pze+1 hp, we can write the right hand
side of the last displayed equality as

00 (1) &x +§tzgk( Xt—k ‘H@ZW ) &—e (B.15)
k=1 =1
- L) Z Jckgt—kXt—k -(1-17) o (L) &x— — (1= Z L) X4y
k=1 k=1 =1

Observe that

o0 o
de, = Bo(L), (L) =) Tpsl’ withTpp= > dpcpir,

£=0 p=0+1
o0 o0
~ ~ V™
g (L) = Zwk,ZL with wy = Z cpdpt o,
k=0 p=k+1

and & Y oo 0k (1) xy—p and x; Y peq ge (1) §;_p are mutually independent martingale differences.
Given (B.15) , we can write the left hand side of (B.12) as the sum of six terms. The contribution
due to the fourth term of (B.15) is

-7 1 1 ¢ ~1/2
k=1 p=1

because E ( —1/2 > =1 Ep itk Xpt— k) < (' and by summability of the sequence {C%k}keN+. Next,
the contribution due to the fifth and sixth terms of (B.15) follow similarly and hence they are
op (1).

So, we need to examine the contribution due to the first three terms of (B.15) on the left side
of (B.12), that is

1/2 Z ngt Xpt + 1/2 Z ZEthpt + 1/2 Z Z gthpt? (B16)

t=1 p=1 t=1 p=1 t=1 p=1

where

o0
)~(pt ::ng( Xp,t—k> §pt— Zgé fpt L
k=1
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The result that the first term of (B.16) converges to a normal random variable follows by (the
proof of) Hidalgo and Schafgans’ (2017) Theorem 1 and Phillips and Moon’s (1999) Theorem 2 as
n~1/2 Z _1 {pXpt arve independent sequences in t. Because the second and third terms of (5.16)

are similar, we only handle the second one explicitly. Now, that term is

ng 1/2 Zzgthpt kT Z Qk 1/2 ZZ&thp,t k* (B17)

t=1 p=1 k=K+1 t=1 p=1

By summability of g, (1) and given that
2

T
1/2 Zzﬁptxpt k| = T%ZZMP,Q) <C

t=1 p=1 t=1 p,q

by Condition C'3, we obtain that by choosing K large enough the second term of (B.17) is o, (1).
The first term of (B.17) on the other hand converges to a normal random variable proceeding as

with the first term of (B.16). The proof is then completed using Bernstein’s lemma. g

Lemma B.9. Under the same conditions of Lemma B.8, we have that
NI R J
T1/2 Zmzjr,p (4) Tup (=3) = N (0,®) . (B.18)
J=1 p=1

Proof. Using (A.1) and (B.5) of Lemma B.5, we have that the left side of (B.18) is governed by

T n

1 1 ) . ‘ .
F1/2 Z Y Z By () Bup (=) Txp () Tep (=)
T P —
1 L1 &
= =527 D Ear(nyg) eI, (B.19)
T j=1" t,s=1
where
_ 1< . . .
ot (mi) = —7 ng ) Xpslpts Gp () = Buyp () Bugp (—4) - (B.20)

Because {Xpt} ‘ez and {fpt} e P € N*, are mutually independent iid zero mean sequences, we
have that =, (n) is independent of Z, ,, (n) if s # r and ¢t # m and uncorrelated if s # r and
t =mor s =7 and t # m. By Lemma B.8, it follows that =, (n;j) =4 N (0, v (j)), where

V(j) = nlglgog Z Fepa (7) fupa (7) © (P, )

pg=l
and F |2, (n)|* < C.
Next, the right hand side of (B.19) is
21/2 T (- )2
T3/2 Z 1/2 prsfpt > op () e
tys=1 j=1

C
= T1/2 Z 1/2 Z¢p Xpsé.pt < T) (B21)
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using Brillinger’s (1981) Exercise 1.7.14(b), where ¢, (s) denotes the s-th Fourier coefficient of
gp (A;) defined in (B.20). Note also that Parseval’s equality, see Fuller’s (1996) Theorem 3.1.6,
implies that

> E0=5 [ G0 =5 [ O ay

{=—o00

Now, the right hand side of (B.21) can be written as

T—¢ n T—-1T-— n
1 1 1
T1/2 Z nl/2 Z bp (0) Xpelpr + Z Z ni/2 Z ¢y (£) (Xptfp,tH + Xp,thpt)
t=1 p=1 (=1 t=1 p=1

From here, we conclude the proof proceeding as we did in Lemma B.8 since, say,

1 n
/2 Z ¢p (0) Xptﬁp,ure
p=1

is a sequence of independent random variables in the ¢ dimension which converges to a Gaussian
random variable by arguments similar to those in the proof of Hidalgo and Schafgans’ (2017)

Theorem 1 and

T—1T—¢
T1/2 X2 s 1/2 Z(bp ) Xpt&p,t4e = 0p (1)
t=b t=1
by choosing b large enough since ¢, (£) = O (6*2). O
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TABLE 1. Monte Carlo Simulations with Homogeneous Time Dependence

Empirical size of test for significance of 3

Spatial Weak Spatial Dependence Strong Spatial Dependence
Dependence
Estimator | HS (Cluster) DK (HAC) HS (Cluster) DK (HAC)
asy nb wb | asy fixb mbb|asy nb wb | asy fixb mbb
(n,T) Time Dependence: AR(1), p=0.7
(50,16) 180 .074 .134 253 .163 .028 | .177 .068 .133 .261 .176 .030
(50,32) 126 .067 .091 .192 .131 .042 | .129 .056 .091 .210 .148 .043
(50,64) 080 .054 .068 .128 .092 .049 |.091 .050 .076 .158 .119 .056
(50, 128) 067 .049 .062 .108 .084 .056 |.068 .046 .057 .116 .089 .060
(50, 256) 055 .048 .055 .087 .073 .058 | .060 .051 .050 .096 .083 .065
(100, 16) A72.070 .120 249 153 .033 | .183 .073 .134 .261 .174 .031
(100, 32) 122 .057 .094 .185 .126 .050 |.121 .053 .088 .200 .143 .037
(100, 64) 082 .056 .070 .132 .098 .064 |.096 .055 .084 .153 .110 .054
(100, 128) 065 .047 .056 .108 .082 .066 |.072 .052 .060 .114 .091 .062
(100, 256) .058 .050 .063 .088 .074 .065 |.062 .054 .058 .089 .078 .059
(n,T) Time Dependence: AR(1), p = 0.9
(50, 16) 320 131 .276 410 .258 .009 |.312 .106 .257 .415 .279 .013
(50, 32) 242 .097 .189 327 .209 .013 |.260 .093 .201 .368 .246 .022
(50, 64) 168 .058 .107 .261 .169 .026 |.174 .068 .124 .281 .195 .037
(50,128) A11 .057 .084 .192 .132 .046 | .115 .059 .089 .199 .147 .050
(50, 256) .081 .055 .067 .142 .107 .062 |.085 .055 .069 .149 .114 .061
(100, 16) 316 125 254 414 255 .007 | .302 .130 .253 .400 .268 .011
(100, 32) 252 .084 .204 .350 .224 .017 |.242 .086 .173 .344 .229 .015
(100, 64) 174 .067 118 .249 .167 .026 | .174 .069 .139 .269 .188 .033
(100, 128) 112 .054 .091 .181 .131 .052 |.118 .060 .083 .198 .140 .056
(100, 256) 075 .049 .068 .132 .096 .057 |.088 .047 .071 .146 .115 .061
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TABLE 2. Monte Carlo Simulations with Homogeneous Time Dependence

Empirical Power of test for significance of 8 when g = 0.1

Spatial Weak Spatial Dependence Strong Spatial Dependence
Dependence

Estimator | HS (Cluster) DC (HAC) HS (Cluster) DK (HAC)

asy nb wb | asy fixb mbb|asy nb wb | asy fixb mbb

(n,T) Time Dependence: AR(1), p=0.7
(50,64) 852 .794 830 .919 .882 .802 |.243 .158 .212 .337 277 .162
(50, 128) 980 971 979 992 986 .978 | .386 .322 .357 .465 .428 .356
(50, 256) 1.00 1.00 1.00 1.00 1.00 1.00 |.549 .527 .525 .619 .588 .558
(100, 64) 972959 967 .991 987 971 |.318 .239 .297 .418 .354 .241
(100, 128) 1.00 1.00 1.00 1.00 1.00 1.00 |.451 .395 .426 .539 .495 .429
(100, 256) 1.00 1.00 1.00 1.00 1.00 1.00 |.690 .662 .675 .747 .721 .679
(n,T) Time Dependence: AR(1), p=10.9
(50,64) 605 .401 .513 .707 .605 .232 |.248 .116 .195 .359 .268 .065
(50, 128) 716 575 .659 812 .745 .539 | .253 .164 .214 .361 .287 .133
(50, 256) 884 .849 .867 .942 917 .856 |.290 .227 .253 .381 .333 .231
(100, 64) 784 .602 710 .872 .799 408 | .287 .142 .238 .402 .305 .082
(100, 128) 926 .857 .905 .969 .949 .867 |.288 .184 .230 .401 .321 .152
(100, 256) 995 .989 .994 .999 .998 .995 |.348 .256 .319 .453 .393 .272
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TABLE 3. Monte Carlo Simulations with Heterogeneous Time Dependence

Empirical size of test for significance of 3

Spatial Weak Spatial Dependence Strong Spatial Dependence
Dependence
Estimator | HS (Cluster) DC (HAC) HS (Cluster) K (HAC)

asy nb wb | asy fixb mbb|asy nb wb | asy fixb mbb

(n,T) Time Dependence: Mixed AR(1)

(100, 64) 101 .055 .079 .189 .132 .062 |.114 .065 .094 .207 .148 .052

(100, 128) 082 .055 .071 .144 .114 .078 | .079 .055 .067 .146 .116 .065

(100, 256) 064 .046 .052 .121 .098 .073 |.069 .053 .066 .117 .098 .073

(n,T) Time Dependence: Mixed AR(1)/MA(1)

(100, 64) .080 .049 .066 .176 .132 .083 |.092 .061 .087 .185 .136 .064

(100, 128) 068 .051 .059 .149 .120 .097 |.069 .053 .063 .140 .110 .074

(100, 256) 058 .049 .052 .112 .095 .084 |.067 .053 .063 .111 .095 .081

(n,T) Time Dependence: Mixed AR(3)

(100, 64) 064 .051 .062 .147 .135 .120 | .074 .055 .062 .150 .134 .125

(100, 128) 057 .048 .056 .146 .137 .122 |.062 .052 .056 .143 .134 .121

(100, 256) 053 .048 .050 .137 .132 .127 |.063 .061 .063 .138 .133 .135

(n,T) Time Dependence: Mixed AR(3)/MA(3)

(100, 64) 068 .048 .062 .134 .113 .094 | .072 .058 .068 .148 .129 .106

(100, 128) 057 .049 .049 .109 .094 .089 |.063 .052 .057 .120 .107 .091

(100, 256) .053 .046 .050 .094 .087 .080 |.061 .056 .061 .106 .098 .094

Note: With (1 — p; ,L)(1 + poL + p3L*)up =
wing parameterizations are used: Denoting p, =

Mixed AR(1): {

Mixed AR(1)/MA(1): {

Mixed AR(3): {

Mixed AR(3)/MA(3): {

(1+61,L + ¢921L2 + 63L3)n,;, the follo-
(Iol,p7 IO27 p3) and 917 = (Hl,pa 027 93),

= (0.5+0.425%,0, 0) apzo}

p=1
n/2

= (0.5 + 0424, 0, 0) epzo}pl

_ _ ) 41) n/2—1 >}n
{pp 0,6, (05+0 00

n
— (0.5+ 042,03, 06) ep_o}

p=1

p—1 !
pp = (05+0.4:271,0.3,06) ,9,,:0}

{pp =0, 0,

n/2

p=1
n/2

— (0.5 + 042527, 0.3,0.6)

p=1

49



JAVIER HIDALGO AND MARCIA SCHAFGANS

TABLE 4. Monte Carlo Simulations with Conditional Heteroskedasticity

Empirical size of test for significance of 3

Spatial Dep. Weak Spatial Dependence
Estimator HS (Cluster)®  HS (Cluster)"o?ust DC (HAC)
asy nb wb \ asy nb wb asy fixb mbb
CvV Z - additive
(n,T) o (wp, 0;) = o - [exp(0.5wp) + 1] [exp(0.2¢;) + 1]
(100, 64) 428 | .085 .054 .068 .089 .054 .068 .138 .100 .052
(100, 128) 424 | .069 .053 .058 .071 .052 .060 .110 .089 .065
(100, 256) 432 | .060 .052 .059 .062 .052 .060 .090 .076 .061
(n,T) o (wp, ;) = o - [exp(0.5wp) + 1] [exp(0.50;) + 1]
(100, 64) 733 | .086 .054 .068 .089 .052 .069 .132 .100 .055
(100, 128) 760 |.069 .053 .060 .073 .056 .061 .109 .087 .061
(100, 256) 788 |.059 .050 .060 .060 .050 .060 .086 .074 .060
(n,T) o (wp, 0;) = o - [exp(2wy) + 1] [exp(0.50;) + 1]
(100, 64) 2.560 | .090 .057 .070 .099 .055 .073 .133 .098 .051
(100, 128) 2.626 | .068 .054 .058 .075 .053 .060 .106 .086 .063
(100, 256) 2.588 | .055 .047 .056 .062 .045 .059 .086 .074 .062
(n,T) o (wp, 0) = 0 - [exp(2wp) + 1]
(100, 64) 2.117 | .088 .052 .070 .093 .050 .070 .134 .101 .056
(100, 128) 2.135 1.068 .052 .056 .074 .050 .057 .106 .085 .057
(100, 256) 2.074 1 .059 .052 .059 .066 .054 .063 .088 .075 .064
CvV 4 - multiplicative
(n,T) o (wp, 0;) = o - [exp(0.5wp) + 1] [exp(0.20;) + 1]
(100, 64) 428 | .077 .062 .077 .070 .057 .069 .160 .142 .066
(100, 128) 424 | .076 .065 .081 .065 .054 .073 .143 .129 .079
(100, 256) 432 | .067 .062 .069 .057 .057 .056 .105 .098 .068
(n,T) o (wp, ;) = o - [exp(0.5wp) + 1] [exp(0.50;) + 1]
(100, 64) 733 128 113 125 076 .063 .071 .162 .140 .051
(100, 128) 760 | 134 .122 137 .063 .052 .064 .141 .131 .055
(100, 256) 788 | 141 137 145 .057 .057 .057 .105 .098 .056
(n,T) o (wp, 0;) = o - [exp(2wy,) + 1] [exp(0.50;) + 1]
(100, 64) 2.560 | .131 .115 .123 .077 .063 .069 .162 .140 .049
(100, 128) 2.626 | .135 .130 .133 .070 .061 .062 .138 .123 .049
(100, 256) 2.588 | .145 139 .146 .062 .058 .055 .108 .102 .054
o (wp, 0;) = o - [exp(2wy) + 1]
(100, 64) 2.117 | .074 .049 .067 .086 .051 .068 .129 .099 .063
(100, 128) 2.1351.064 .052 .060 .075 .053 .09 .111 .093 .077
(100, 256) 2.074 1 .052 .049 .052 .061 .051 .03 .084 .076 .071
Note: The time dependence assumed is AR(1) with p = 0.7.
o is chosen to ensure that the expected o2 (wp)o?(0;) equals 1.




