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Abstract

We introduce a new jackknife variance estimator for time-series and panel-data regressions. The novelty
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regressors and residuals. The procedure is tuning-parameter free and naturally adapts to the degree of
persistence of the data. We prove the asymptotic validity of our variance estimator under general
conditions and demonstrate excellent finite-sample properties in extensive simulation experiments,
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1 Introduction

Time-series dependence in economic and financial data is ubiquitous. Accommodating this
unknown dependence structure generally makes accurate inference challenging. For inference
in time-series regressions, the preeminent approach is to directly estimate the long-run vari-
ance of the score using one of the many available methods which are robust to heteroskedas-
ticity and autocorrelation of unknown form. Despite extensive and elegant theoretical con-
tributions to this literature, the finite-sample performance has often been unsatisfactory in
empirically relevant settings. As such, the goal remains to develop procedures that diminish
sensitivity to the exact form of dependence in the data (e.g., Lazarus, Lewis, Stock, and
Watson, 2018).

In this paper, we depart from the existing literature and approach the problem from
a different perspective. In particular, we develop a novel jackknife variance estimator for
time-series and panel-data regressions. The proposed estimator is fully agnostic about the
source of the serial dependence in the common time-series behavior, is tuning-parameter free,
and offers substantial finite-sample improvements over existing methods, especially when
the serial correlation is particularly strong. The key feature of our approach is that we first
appropriately transform the data and then perform a conventional leave-one-out jackknife on
this transformed space of the regressors and residuals. More specifically, we rotate the data
using orthonormal trigonometric functions so that the transformed observations are now
associated with particular frequencies that, under certain conditions, are asymptotically
orthogonal to each other.! Importantly, because our choice of basis is orthonormal, the
ordinary least squares (OLS) estimator is invariant to the rotation. The variance estimator
takes the usual sandwich form, but on the transformed variables, and is weighted by a
modified leverage term.?

Our focus is on conducting inference on a single coefficient in a standard time-series
regression model. We first provide an asymptotic expansion for the jackknife variance esti-
mator highlighting the different roles that heteroskedasticity and dependence play. We show
that under conditions akin to strict exogeneity, the variance estimator is consistent. When
the regressors are only pre-determined, then the difference between the jackknife variance
estimator and the long-run variance is a term which is guaranteed to be non-negative. This
directly implies that t-statistic based inference is asymptotically valid in popular applications

such as local projections. Under certain forms of conditional heteroskedasticity, there is an

IThese basis functions may be generated as the eigenvectors of the variance matrix of a random walk
process.

2Leverage refers to the normalized length of the observed regressor vector which comprises the weights in
the HC3 formulation of heteroskedasticity-robust covariance matrix estimators (see MacKinnon and White
(1985) or Hansen (2022) for a textbook treatment).



additional term in the asymptotic expansion. We provide simple bias-corrected versions of
our jackknife estimator which asymptotically eliminate this term.

Our paper is closely related to the literature studying robust inference procedures for
time-series regressions. This literature has shifted away from heteroskedasticity and auto-
correlation consistent (HAC) estimation (e.g., Newey and West, 1987; Andrews, 1991) and
toward heteroskedasticity and autocorrelation robust (HAR) estimation with the aim of re-
ducing the sensitivity of the performance to the choice of tuning parameter. This latter
approach was pioneered by Kiefer et al. (2000), Kiefer and Vogelsang (2002, 2005), Phillips
(2005), Miiller (2004, 2007), Sun (2013), among others (see Miiller (2014) for a detailed
summary). More recently, Lazarus et al. (2018) synthesize this literature using theoretical
results from Lazarus et al. (2021), to propose two data-driven implementations of the Newey
and West (1987) estimator and the equal-weighted cosine estimator of Miiller (2004) to guide
empirical practice. This literature finds that, in some settings, substantial improvements in
finite-sample properties may be achieved by accommodating the sampling variability, includ-
ing the contribution from the tuning parameter selection, of the long-run variance estimator
when conducting inference. In contrast, our approach is tuning-parameter free with appeal-
ing finite-sample performance using standard Gaussian critical values.

It is important to emphasize that our approach is conceptually distinct from the existing
strand of the HAC/HAR literature using trigonometric basis functions (e.g., Phillips, 2005;
Miiller, 2007). In these papers, the regression score is projected on a smaller subset of chosen
basis functions and the estimated coefficients are transformed to obtain the variance estima-
tor. In contrast, we rotate the raw data, not the regression score, using the complete set of
basis functions which span the space of the data. This change of basis is then maintained
throughout, including when constructing the jackknife variance estimator. Our approach
is thus fundamentally different as we remove, rather than accommodate, serial correlation
before constructing our variance estimator.

Our paper also contributes to the literature making use of trigonometric basis functions.
Early contributions include Hannan (1963), Engle (1974), and Phillips (1998). As discussed
above, trigonometric basis functions play a prominent role in a number of existing HAC/HAR
implementations. These bases have also been used in a variety of other applications including
band pass regressions (e.g., Corbae et al., 2002), unit root and cointegration models (e.g.,
Bierens, 1997), and time-varying coefficient models (e.g., Bierens and Martins, 2010). The
specific basis functions we utilize were also used in Crump and Gospodinov (2021) who show
that they provide close approximations to the eigenvectors of a persistent spatial AR(1)
process. Crump, Gospodinov, and Lopez Gaffney (2024), in a companion paper, formally
show that these basis functions (asymptotically) orthogonalize a wide class of time-series

processes.



We assess the finite-sample properties of our proposed variance estimator in simulation
designs where accurate inference is particularly challenging. We consider the predictive re-
gression design in Gungor and Luger (2020), the local projection setup in Kilian and Kim
(2011), and the comprehensive simulation design in Lazarus et al. (2018) which covers dis-
tributed lag models, forecasting regressions, and local projections. We compare our new
jackknife estimator to existing HAC/HAR approaches. In addition, we also consider vari-
ants of our approach using either the discrete cosine transform (DCT) used by Miiller and
Watson (2008) or the discrete Fourier transform (DFT) used, for example, by Hannan (1963)
to assess the role of our choice of basis functions. We show that our jackknife variance esti-
mator controls size better than all of these alternative procedures in essentially all settings.
Furthermore, this excellent size control does not come at the expense of a meaningful power
loss. The simulation experiments also demonstrate that our jackknife approach is particu-
larly effective when the degree of time-series dependence is high.

Cross-sectional dependence in panel-data models adds a layer of complexity with a more
intricate dependence structure across individuals and time. Nonetheless, we can modify the
variance estimator in a simple way to accommodate panel data. In this setting, we rotate
each individual time series, and then construct a leave-out estimator by removing the same
observation from each unit. The theoretical properties of the jackknife variance estimator
in the panel-data case are similar to the time-series setting. Under general conditions, a
bias-corrected version of the jackknife variance estimator provides asymptotically valid ¢-
statistic based inference. The form of our jackknife variance estimator may be interpreted as
clustering by frequency, allowing arbitrary correlation across units, whereas the orthogonal-
ization property of our data transformation obviates the need for clustering by unit. Recent
contributions in the related literature focus on variance estimators which explicitly allow for
different clustering structures (e.g., Cameron et al., 2011; Thompson, 2011; Davezies et al.,
2021). More recently, Chiang et al. (2024) endeavor to accommodate general forms of un-
known serial correlation in two-way clustered standard errors. They add a Newey-West type
autocorrelation correction to the standard two-way clustered standard errors (see also Chen
and Vogelsang, 2023). Finally, our paper is most closely related to Hidalgo and Schafgans
(2021) who first transform the panel using the DFT and then apply the Eicker-Huber-White
(EHW) variance estimator on the transformed data. However, Hidalgo and Schafgans (2021)
assume full independence between regressors and error terms; moreover, we show that there
are considerable benefits to our choice of basis functions and the presence of leverage weights.

We also conduct panel data simulation experiments using the data-generating processes
already considered by Hidalgo and Schafgans (2021) and Chiang et al. (2024). We compare
performance to one-way and two-way clustering, the method of Driscoll and Kraay (1998),
and the estimators in Hidalgo and Schafgans (2021), Chiang et al. (2024), and Chen and



Vogelsang (2023). We show that our jackknife variance estimator tightly controls empirical
size in all of these designs and uniformly outperforms all of these existing procedures.

The paper is organized as follows. Section 2 provides a heuristic motivation for our
jackknife variance estimator and our choice of basis functions. Section 3 formally introduces
the procedure and states all of the main theoretical results for the time-series case. Extensive
simulation evidence on the finite-sample properties of the jackknife estimator in time-series
regressions, as compared to alternative procedures available in the literature, is presented
in Section 4. Section 5 discusses extensions to panel-data and spatial models and provides
additional simulation evidence. Section 6 concludes. The Appendix contains additional
results and proofs of the main results. A Supplemental Appendix (hereafter, SA) provides

additional technical details and simulation results.

Notation For the time-series case, all limits are taken as T — oo. For sequences of
numbers or random variables, we use ar < by to denote that limsup, |ar/br| is finite,
ar S, by or ar = O,(br) to denote limsup,_, . limsup, Pllap/br| > €] = 0, ar = o(by)
implies ar /by — 0, and ap = o,(br) implies that ar /by —, 0, where —, denotes convergence
in probability. In addition, —; denotes convergence in distribution. In the panel setting,
limits are taken as N, T" — oo and the above definitions are modified by replacing ar and by
with anr and by, respectively. For a real-valued matrix A, let || - || denote the Euclidean
norm, ||A||> = tr(A’A), and let P(A) denote the projection operator, P(A) = A(A’A)~1A'.
Let I,, be the n x n identity matrix. For a square, real-valued matrix A, let Appn(A) and
Amax(A) denote the minimum and maximum eigenvalue of A, respectively. Finally, let E[-],

V[-], and C(-,-) be the expectation, variance, and covariance operators, respectively.

2 Motivation for the Variance Estimator

Our variance estimator relies on leave-one-out jackknife estimation with transformed vari-
ables. We use a particular choice of orthonormal trigonometric basis functions which have
desirable features as they render the time dependence asymptotically negligible without af-
fecting the OLS estimate. In this section, we start by reviewing the conventional jackknife
estimator in the i.7.d. setting. We then discuss how to transform time-series data in such a

way that enables the direct application of the jackknife.

2.1 Jackknife Variance Estimation

Let {(y;, ;) :i=1,..., N} be a random sample with associated linear regression model

v = 1.0 + €, i=1,...,N, (1)



where E[x;¢;] = 0. We can stack this model as
y=X0+e, (2)

Let & be the OLS estimator of equation (2). Then, the jackknife variance estimator of g is

N

Vo=2 (B — )0y — 0, (3)

=1

where @\(_i) is the OLS estimator of (2) for the sample which excludes the ith observation
(see Shao and Tu, 1996, for a textbook treatment of the jackknife).®> MacKinnon and White
(1985) clarify the relationship between the variance estimator in equation (3) and the more

familiar EHW robust variance estimator. We have that

Vo = (X'X) 7" (D000~ o (X'X) ™ ) i (3 — 216)”) (XX) @)

/ —1

where x; = (xlzyxéz) : 2

Ii)i )

induces a more conservative variance estimator than the conventional heteroskedasticity-

The presence of the leverage-based weights, (1 — z (X'X)

robust formulation (i.e., EHW), which has been found to have desirable properties both
in theory and in practice (see Hansen, 2023; MacKinnon et al., 2023a,b,c, and references

therein).

2.2 Rotating the Data

The appealing properties of the jackknife variance estimator we have just introduced rely
on an assumption of independence across units and so do not carry over immediately to the
time-series setting. To address this issue, we rotate the data using a particular choice of basis
functions which has the effect of strongly diminishing the covariation across observations.

We now define the orthogonal trigonometric basis. Let W = [1/11 sz], where 1; =
(wl,ja ...,wTJ)/ and

2 (H2j -
o= () )

3Jackknife variance estimators have also been proposed where the centering occurs at N ! Zjvzl 5(_3-)

instead of 6. In practice, the results are very similar and so we focus on the latter version of the jackknife
variance estimator in this paper. Further, block jackknife variance estimators have been proposed in the
literature where more than one observation is removed. Here, we focus on leave-one-out jackknife variance
estimation.



where ¢ = 1,...,T denotes the time-series observations. Each 1; is an eigenvector of the
variance matrix of a random walk and so satisfies W'U = UWU’ = |;. Figure 1 shows the
first, second and tenth basis functions as examples. We can observe that 1; is the lowest

frequency basis function and as j increases, the periodicity of ¢; shortens.

Figure 1. Examples of Basis Functions. This figure shows selected basis functions based on
the choice of ¥, as given by equation (5), for 7' = 200.

U1 p2 P10
0.1 0.1 0.1
0.08-
0.05 0.05
0.06-
0 0
0.04-
-0.05 -0.05
0.02
0 ‘ ‘ 0.1 ‘ -0 ‘ )
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200

t t t

Crump, Gospodinov, and Lopez Gaffney (2024) prove that for a large class of time-series
processes, we have that

max |C(¢jy, vyy)| = o(1), (6)
Jj#k
as T'— oo, where y = (yi,...,yr). For example, in the case of a stationary ARMA process,
we obtain
ma (0}, 0}p)] = O(T). 7)

Thus, we will use ¥ to perform a change of basis in any time-series regression with the aim

of reducing or eliminating covariation across observations. Consider the following time-series

model:

Yy = o+ 1,8 + &y, t=1,...,T, (8)
where z; € R, Using the notation ¥ = (', a)’, the stacked model is given by

y =X +e. (9)

By the orthonormal property of W, we can interpret W'y as the OLS regression of y on each

of the T basis functions (and similarly for the regressors) since

w= (V) Wy = Ty. (10)



Thus, w collects these coefficient estimates, where w; is associated with a particular frequency
of the data. In our case, w; is the loading on the lowest frequency basis function, wsy is the
loading on the next lowest, and so on. A similar interpretation holds for ¥'X. Thus, we can

rotate our regression model as
w = Zv + u, (11)

where Z = VX and u = V'e. Importantly, this transformation has no effect on the OLS

estimator since
0= (X'X)"'X'y = (X'OUX) ' XUy = (Z'Z) ' Z'w. (12)

Remark 1. From the theory of Toeplitz and circulant matrices, the candidate transforma-
tions to orthogonalize the variance matrices of stationary time series are trigonometric bases
(Gray, 2006). The econometrics literature has focused on a few specific types of trigono-
metric basis functions. The basis functions ¥ are the discrete-time counterpart to those
of Phillips (1998, 2005). The DCT, used by, for example, Miiller and Watson (2008), also
span lower frequency portions of the spectrum like . The DFT has been widely used in
econometrics but has the drawback that it cannot asymptotically orthogonalize persistent
processes like a random walk (Hannan, 1973; Lahiri, 2003; Dwivedi and Subba Rao, 2011).
In all of our simulation experiments, we include comparisons to results obtained using the
DCT or DFT as an alternative choice of basis functions and show that ¥ appears to exhibit

superior finite-sample properties. 0

3 A Jackknife Variance Estimator for Time-Series Re-

gressions

In this section, we will consider inference on the slope coefficients in equation (8).* Without
loss of generality, we let ; € R be the parameter of interest and partition z; as x; = (14, 25,)’

with zo = (2911, .., o k). We can then rewrite equation (8) as

y=oaur + X181+ Xofs + ¢, (13)

4The jackknife procedure is not appropriate for inference on the constant. In cases where this is of interest,
other procedures are available (e.g., Miiller, 2014).



where ¢t is a T x 1 vector of ones. We can limit the degree of correlation across observations

by rotating the data using ¥. To do so, we pre-multiply by ¥’ to obtain
w = Oéc—i‘Zlﬁl—FZgﬁg—i‘u, (14)

where ( = V1. Our variance estimator is the conventional leave-one-out jackknife variance

estimator but applied to the transformed linear model in equation (14),
A~ T ~ —~
V, = Z(ﬁl(fj) — B1)?, (15)
j=1

where 31(_j) is the OLS estimate of §; constructed by removing the jth observation (i.e.,
omitting a “frequency”) in equation (14). We saw from equation (12) that the OLS estimator
is invariant to the transformation W. However, when we omit the jth observation of w and
Z, we obtain an OLS estimate which is different from a leave-one-out estimate in the time
domain (i.e., the un-rotated data). Thus, \71 is fundamentally different than the conventional
jackknife variance estimator.

There is a notable difference between the jackknife variance estimator introduced in equa-
tion (15) and standard approaches to inference in time-series regressions such as HAC/HAR
estimators. In the latter case, there is generally an additional choice of tuning parameter
which must satisfy certain requirements to obtain valid inference. In contrast, the jackknife
variance estimator can be calculated directly without any additional inputs.

We can rewrite \71 in a more familiar HC3 form as
\ 1 ~of 1 - 1 ~2~9 ’

Vi = T X (f Z_: m%%) pjj = V;PX)y;, X =[Xy Xpur],  (16)

j=1

where W, = X{MQXl/T, g = Yiv, v = My X, and M, = Il —P([tr Xs]). Here, Wy represents
the inverse of the Gram matrix and would generally be present with any variance estimator.
The term in parentheses (the “middle of the sandwich”), however, is fundamentally different
from the usual formulation. In the absence of the factor (1 — pjj)72, the estimator is of
Eicker-Huber-White form (HCO or HC1) but, importantly, on the transformed variables u;
and g;. Instead, the presence of these weights lends the interpretation of a weighted version
of this estimator (HC3); see MacKinnon and White (1985). Here, the p;; represent the
normalized length of the transformed regressors since X'X = Z'Z. Further, they satisfy
0<pj; <1

To better understand the mechanism underpinning the jackknife variance estimator, con-

sider the following example.



Example 1. Suppose that

Yy = By + & (17)
Ty = Peli—1 + V;, €t = pe€¢ + V5, (18)

where |p.| < 1,|pc] < 1, and {vf} and {vf } are mutually independent, i.i.d. sequences with

a mean of zero and variance o2, and o2, respectively. Our jackknife approach differs from

ve?
"2"2

existing approaches through the factor T—! Zle lquj)z. For simplicity, let us ignore the
JJ

leverage-based weights. Then, for z = W'z and u = ¥'e, we have

1 T 1 T
=S @2 e S R[] o
j=1 j=1
1 & .
T 22 Blusueya] - T > E[ujueziz] (20)
g=1 &1 o
1 & .
? ; ; E €t<€sxt$s] - T ; T%E[gg’} ¢Z . w;E[Ix'} ¢£ (21)

where the third equality follows since z'u = 2'U'WUe = 2'e. As T — oo, the first term
converges to the long-run variance of the process {z;;}. The second term is O(T~!) by
equation (7) because the basis functions orthogonalize the variance matrices of a stationary
AR(1) process. Thus, this example highlights the two key properties of ¥ that we exploit.
Because VU is orthonormal we have that z'u = 2’¢. Further, because ¥ can asymptotically
diagonalize these variance matrices, then the second term in equation (21) is asymptotically
negligible.

To illustrate these phenomena in practice, we conduct a small-scale simulation experi-
ment, using the simulation design in Miiller (2014), setting p, = p. = p with v7 and of
drawn from a standard normal distribution and a burn-in period of 100 observations. The
top panel of Table 1 presents the empirical size of the jackknife variance estimator (W-JN)
for a t-test of Hy : 8 = [y varying the sample size and the choice of p, based on equations
(17) and (18). For reference, we also report results based on the Newey and West (1987)
variance estimator using the Andrews (1991) rule for lag length selection (labeled “NW”).
For both procedures we use standard normal critical values with a nominal size of 5%. The
empirical size of W-JN is very close to the nominal size even for 7" = 50 whereas NW suffers
from meaningful size distortions across all sample sizes and even when 7" = 500. Following
Miiller (2014), the bottom panel of Table 1 reports results when there are four indepen-
dent AR(1) regressors, generated exactly as for z;, and interest is on the coefficient of the

first regressor. In this case, the empirical size of W-JN is generally even closer to 5%. We



provide extensive simulations covering more challenging environments and other competing

procedures in Section 4.

0

Table 1. Size: Example 1. This table presents empirical size of the ¢-test for § = 1. The top panel
reports results for a single AR(1) regressor independent of an AR(1) error term, with common coefficient p.
The bottom panel reports results for four AR(1) regressors independent of an AR(1) error term, with
common coefficient p. All regressions include a constant and the nominal level is 5%. Based on 50,000

simulations.

T =50 T =100 T = 200 T = 500
v-JN NW | V- JN NW [P JN NW | U-JN NW
Scalar Regressor
p=0.00 | 0.057 0.087 | 0.054 0.070 | 0.051 0.059 | 0.049 0.052
p=0.70 | 0.066 0.191 | 0.063 0.145 | 0.057 0.109 | 0.054 0.084
p=20.90 | 0.070 0.340 | 0.073 0.266 | 0.068 0.193 | 0.060 0.125
p=0.95 | 0.066 0.422 | 0.071 0.351 | 0.072 0.273 | 0.066 0.173
p=0.98 | 0.063 0.487 | 0.068 0.444 | 0.073 0.380 | 0.070 0.266
p=0.999 | 0.064 0.537 | 0.066 0.535 | 0.068 0.526 | 0.069 0.500
Four Regressors
p=0.00 |0.049 0.097 | 0.051 0.073 | 0.049 0.061 | 0.049 0.053
p=0.70 |0.063 0.224 | 0.052 0.163 | 0.054 0.120 | 0.052 0.085
p=0.90 | 0.048 0.376 | 0.051 0.307 | 0.054 0.220 | 0.053 0.140
p=0.95 |0.047 0.432 | 0.049 0.388 | 0.052 0.307 | 0.053 0.201
p=0.98 |0.045 0.464 | 0.047 0.455 | 0.048 0.408 | 0.050 0.314
p=10.999 | 0.044 0.479 | 0.045 0.486 | 0.045 0.483 | 0.045 0.476

To prove the validity of our variance estimator, we require some assumptions on the data

generating process.

Assumption TS-1 (Model). We observe {(y;,z;) : t =1,...,T} which satisfy equation (8)

and assume the following:

(i) (y,x}) are strictly stationary and ergodic with py = Elxy], po = Elzary] for k =

1,---,K7 o= (M17ILL/2)/7 a’nd,LLZ:(,qu?"'

(ZZ) E[5t| Tty L1y

1=0;

) :U’QK)/;

(i17) (X'X/T) =, Q and Apin(2) is bounded away from zero;

(iv) T71*X'e =4 N(0,%), where ¥ = limy_,o T'E[X'e’X] is the long-run variance.

10



Assumption TS-1 imposes relatively modest restrictions on the data-generating process.
Assumption TS-1(7) is a standard weak exogeneity condition. Assumptions TS-1(ii)-TS-
1(#ii) ensure that the OLS estimator is well behaved and obtains the conventional limiting
distribution.

In addition to Assumption TS-1, we also assume the following:

Assumption TS-2 (Moments and Dependence). Let v = (vy,...,vp) with vy = x14 — g —
(mar — p2)'E, where & = plimy_,  (X5M, Xo) ' XM, X, and M, = lr — 1705 /T. Assume that:

(/l) C(Utl%, €t15t2) =0 fOT’ tl 7é tg;

(1) T2 304 by tnts 1Fa(Viys €y Vig, €1,)| = 0(1), where Ky is the fourth-order joint cumulant;

(i17) maxi<j<r E quﬂ < 1, maxj<j<r E [Hw;([Xl Xo] — LT,u’)”4] < 1 uniformly for all T
sufficiently large;

(iv) T1 Z;le (qu ? — E[q?u?]) = 0p(1), where q; = P}v.

Assumption TS-2 restricts the dependence in the data and imposes boundedness of
higher-order moments for both the original and transformed data. Assumption T'S-2(7) is
more restrictive than the usual conditions required for HAC/HAR estimators. However, the
assumption is still satisfied in many relevant settings. For example, it is immediately satisfied
if the ¢; are a martingale difference sequence (with or without conditional heteroskedastic-
ity) or if the ¢; are serially correlated but independent of z;. In recursive models, such as a
VAR(p), it is satisfied under the mean independence assumption used in Olea and Plagborg-
Mpgller (2021) which allows for, e.g., stochastic volatility. The mean independence condition
is generally sufficient for Assumption T'S-2(7) in the case of local projections or multi-step
prediction when h > 1. However, in some cases an additional bias correction is necessary
(see Remark 3 below). Simple sufficient conditions for Assumptions T'S-2(ii)—(iv) are pre-
sented in Appendix A.1. These sufficient conditions restrict the dependence of the data and
are comparable to standard assumptions made in the HAC/HAR literature (e.g., Andrews,
1991). We maintain these high-level assumptions for simplicity of presentation.

Under these assumptions, we can derive an asymptotic expansion of the jackknife variance

estimator.

Proposition 1 (Asymptotic Expansion of \71) Under Assumptions TS-1 and TS-2,
2 — 1
~ B 2
T-(Vi—Vi) =w;? T Z (WiE[ve'] ;)" =C(vy, 5?)—T Z VIR [0 [ i [ee"]1bs | +0,(1),
=1 i#s

where w;* is the (1,1) element of QL.

11



The asymptotic expansion in Proposition 1 is comprised of three terms. The form of
these terms shows that the leverage weights in equation (16) are asymptotically negligible;
however, these weights are important in improving finite-sample performance. Of these three
terms, the first term represents the contribution from the pre-determinedness assumption
and would be absent under stricter exogeneity conditions. The second term, meanwhile,
reflects the possible presence of conditional heteroskedasticity.

The third term in Proposition 1 arises from the rotation of the original data using a
change of basis. In general, this term will be nonzero and could take on positive or negative
values depending on the data-generating process and the choice of transformation. However,
for an appropriate choice of basis functions that diagonalize these variance matrices we can
eliminate this term asymptotically. The DFT, DCT and ¥ are all basis functions which
asymptotically orthogonalize symmetric Toeplitz matrices. To address this term here, we

make the following high-level assumption.

Assumption TS-3 (Orthogonalization). Assume that

T R [0 E e [ = o(1). (22)
J#s

In practice, Assumption TS-3 is mild and holds for a wide variety of time-series pro-
cesses and sufficient conditions for it to hold can be obtained using the results from Crump,
Gospodinov, and Lopez Gaffney (2024) (see equation (7) and associated discussion). When
vy or g; (or both) are white noise processes then this term is identically zero since Yibs =0
whenever j # s. Moreover, under the conditions in Example 1, the third term is O,(7!). In-
tuitively, Assumption T'S-3 will hold if a sufficient number of off-diagonal terms of W' [vv’ } Y

and W'E[ee’] ¥ converge to zero fast enough.

We can now present the first of our main results.

Proposition 2 (Consistency). Let Assumptions T'S-1-TS-3 hold. If supps; Amax(E[ve’] +
Elev']) = o(1) and C(v},e?) = 0, then T(\71 — V1) = 0,(1).

Proposition 2 provides conditions under which the jackknife variance estimator is con-
sistent. The eigenvalue condition is weaker than the conventional assumption of strict exo-
geneity as we do not even require that E[ve’] = 0. That said, we do restrict the behavior of
the second moment of £;,. An alternative to restricting this covariance to be zero is to work

with a corrected version of the jackknife estimator which removes the presence of this term

asymptotically:
N N @ =~ ~9
Trpe = 0y + SO0 50) 23)
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where @( -,+) is a consistent estimator such as the sample covariance. It then follows immedi-
ately that T(\A/l,bC — V1) = 0,(1) under Assumptions TS-1-TS-3 and the eigenvalue condition
in Proposition 2.

When only weak exogeneity holds, the jackknife variance estimator no longer retains con-
sistency in general; however, we can guarantee asymptotically valid inference, as established

by the following result.

Proposition 3 (Asymptotic Conservativeness). Let Assumptions TS-1-TS-3 hold and

~

C(v2,?) = C(v?,e?) + 0p(1). Then,
(i) T(Vipe = Vi) = 20T S50 (W [ve']4;)” + 0,(1);
(i) If C(v?,?) = 0, then T(Vy — V1) = 207277 S0 (W [ve']4y)” + 0,(1).

Proposition 3 shows that the bias-corrected jackknife variance estimator may not consis-
tently estimate the long-run variance, but the gap is guaranteed to be positive asymptotically.
The intuition for the result comes from Proposition 1. The first term in the asymptotic ex-
pansion is always positive whereas the second term is removed via bias correction and the

third term is asymptotically negligible because of our choice of basis functions.

Remark 2. The jackknife variance estimator can be heuristically compared to a HAC vari-
ance estimator with a fixed tuning parameter. When the tuning parameter is fixed, HAC
estimators are also inconsistent. Consistency is only achieved through restrictions on the
tuning parameter sequence as the sample size grows. In contrast, our procedure is tuning-
parameter free and so lacks this additional choice parameter to control the asymptotic be-
havior of the estimator. As Proposition 3 shows, this may result in conservative inference.
However, it has the advantage that its implementation is not a function of any user-inputted
choices.® Furthermore, the choice of tuning parameter generally affects the rate of conver-
gence of a HAC variance estimator which is then not the case for the jackknife variance

estimator. U
A direct implication of Proposition 3 is the following:

Corollary 1. Let Assumptions T'S-1-TS-3 hold. Then for a € (0,1),

limsup P
T—o0 \/1 e

> ! (1 _ 3) <a, (24)

where ®(-) is the CDF of a standard normal random variable.

5Tt could be argued that the choice of basis functions is a user input. However, this is, e.g., more akin to
the choice of kernel rather than choice of bandwidth sequence in a HAC estimator. Moreover, as we show in
Section 4, the jackknife variance estimator is relatively insensitive to the choice of basis functions.
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Corollary 1 shows that conventional ¢-statistic based inference using the jackknife vari-
ance estimator, \A/l,bc, and standard Gaussian critical values produce valid inference. The
simulation evidence provided in the next section suggests that this asymptotic approximation
performs well in practice. Moreover, Corollary 1 could allow for an unduly conservative infer-
ence procedure but, again, simulation experiments with empirically relevant data-generating
processes suggest this is not the case. We should note that our results do not immediately
carry over to general tests of multiple linear restrictions for the coefficient vector 5. To
accommodate Wald-type tests, the variance estimator must be modified to adjust for the

fact that the basis functions only marginally orthogonalize each variable.

Remark 3 (Local Projections and Multi-Step Forecasting). Assumption TS-2(7) may not
hold in the case of local projections and multi-step forecasting when the forecast horizon is

greater than one. As a simple example, let z; be a zero-mean AR(1)

9t = OGgi—1 + Ouly, (25)

with corresponding local projection

h

Gt+h = Bngt + Nitn, Nitn = Z Ph_i0t+in+z" (26)
i=1

Assumption T'S-2(7) still holds, for example, if 1 are i.i.d. and {11} and {0} are independent
processes. This encompasses most stochastic volatility processes but does not cover, for

example, GARCH errors. Instead, for x; = g; and ¢, = 145, we will have
C(.TtlﬂftQ, €t1€t2) §£ 0, |t1 — tz’ < h7 (27)

and zero otherwise. We can then work with a modified variance estimator of the form,

h—1 "~ ~~
\7(h) o \71 et 2 Z,«Zl (C(xtxt—ra €t€t—r)
- ,bc =
1,bc T. w%

. (28)

We use this modified variance estimator, \7?}@0, in our simulation experiments when imple-
menting local projections or predictive regressions. We also add a finite-sample adjustment

through a multiplicative factor of T'/(T' — h + 1) as a degrees-of-freedom adjustment. U

In sum, our recommendation for empirical practice is to rely on Vi, outside of local

projections or multi-step forecasting applications where \A/ghlgC should be used instead.

Remark 4. Analogous to the conventional jackknife, we can use our approach of jackknifing

the transformed data for bias correction. By extension, we can also consider the pairs (or
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wild) bootstrap on the transformed data to construct an alternative bias correction. In Ap-
pendix SA-D in the SA, we show that implementing these bias corrections shows substantial
promise. We simulate data from a persistent AR(1) and a standard predictive regression
model and show that jackknife- and bootstrap-based (on the rotated space) corrections

largely eliminate the well documented OLS bias in these settings. 0

4 Simulation Evidence for Time-Series Regressions

In this section, we provide extensive simulation evidence demonstrating the appealing finite-
sample properties of our newly proposed jackknife estimators. We use simulation designs
directly from Gungor and Luger (2020) (hereafter, GL), Kilian and Kim (2011) (hereafter,
KK), and Lazarus et al. (2018) (hereafter, LLSW). For our new jackknife variance estimators,
we report results using \71 (labeled U-JN) and either \A/UOC or \A/YQC depending on the design
(W-JNbc). We also report results denoted by JN-EHW which is the EHW variance estimator,
using ¥ to transform the data (i.e., setting p,;; = 0 for all j in equation (16)).

For comparison, we also include results from a variety of existing inference procedures
which rely on asymptotic distributional approximations: (1) Newey and West (1987) with A
lags (NWh); (11) the equal-weighted cosine estimator of Lazarus et al. (2018) (LLSW-EWC);
(111) the modified Newey and West (1987) estimator of Lazarus et al. (2018) (LLSW-NW);
(1v) the DFT-based estimator of Hidalgo and Schafgans (2021) specialized to the time-series
case (DFT-EHW); (V) the jackknife variance estimator of equation (15) replacing ¥ with the
DFT (DFT-JN); (vI) the analog to (1v) using the discrete cosine transform® rather than the
DFT (DCT-EHW); (vi1) the analog to (V) using the discrete cosine transform (DCT-JN).

Throughout all simulation exercises in this section, we follow Lazarus et al. (2018) and
center the test statistics at the average value across simulations of the OLS estimator. Finally,

all results are based on S = 50,000 simulations.

4.1 Predictive Regressions

We utilize the simulation design in Gungor and Luger (2020) which mimics the properties

of equity-return predictive regressions. The true data follow

Ty = Ot (29)
Tig = Q11 Tig—1 + V1 (30)
Toy = Qoo - Toy—1 + Vay. (31)

6To construct an orthonormal basis, we replace one of the T discrete cosine transforms with a column of
ones. For further information on these basis functions, see Miiller and Watson (2008).
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We assume that (1, vy, vg) are jointly i.i.d. mean-zero Gaussian variables with unit variance
and C(n¢, v1it) = pairs C(ne, v2r) = 0, and C(vig, var) = Payan. We set pg 2, = 0.1 and vary pg,,
such that p,,, € {0,—0.9} and, as in GL, we report results for 7'= 120 and T' = 240 with a
burn-in of 1000 observations. For o; we use either a GARCH(1,1) process or homoskedastic
errors (0; = o), using the same parameters as in GL.”

We consider inference on BYL) and Béh) in the multi-horizon predictive regression
ri = a® 4 8"y + B g+l (32)

where rﬁ)h = 7441 + Teao + -+ + 1iop. GL report results only for A = 1 whereas we also
consider a longer forecast horizon of h = 12. For all forecast horizons, the true values of th)
and ﬁéh) are zero.

Table 2 presents the empirical size (nominal size of 5%) of ¢-tests corresponding to either
the first or the second regressor at both time horizons. The third column shows that NWh
over-rejects for all specifications, with the degree of over-rejections worsening for larger ¢q1,
|peyr|, and h. For example, when h = 12, the rejection rates all comfortably exceed 40%. The
modified HAR estimators, LLSW-NW and LLSW-EWC, generally improve on NWh but still
exhibit meaningful size distortions, especially for h = 12.% Similarly, all variance estimators
based on the EHW variance estimator after a basis transformation (using DFT, DCT or V),
show meaningful size distortions. In contrast, their jackknifed counterparts exhibit far less
size distortion. This underscores the important role of the leverage-based weights in improv-
ing finite-sample performance. Comparing the three different jackknife variance estimators,
we observe that the DFT-based estimator generally has the most difficulty controlling em-
pirical size, with the worst performance, unsurprisingly, occurring for h = 12. Although the
DCT-based estimator largely outperforms its DFT-based counterpart, it also has difficulty
controlling size at h = 12. Importantly, our newly proposed jackknife variance estimator,
and its bias-corrected counterpart, all exhibit only modest size distortions across all choices
of parameters and forecast horizons.

The challenge in conducting inference in predictive regressions is, by now, well known in
the literature. The poor performance of generic HAC and HAR estimators shown in Table
2 underscores this point. Nevertheless, without being tailored to the design, the jackknife
variance estimators demonstrate a highly-appealing degree of size control. To assess the
ability of the different test statistics to discriminate across values of B%h) and 5§h), we also

report rejection rates when testing a non-zero null hypothesis of th) and ﬁéh). For h =1, we

"The simulation results for homoskedastic errors and the larger sample size (T = 240) are available in
the SA.

8We should note that Lazarus et al. (2018) do not recommend the use of their procedures in cases where
the data have medium-to-high persistence. However, we include these methods here as they are routinely
utilized in empirical applications.
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use the non-zero null hypothesis of 0.1 for each coefficient. For h = 12, we use the non-zero
null hypothesis of 1 for each coefficient. The true values of these parameters continue to be
zero so we ensure that the simulated data for asset returns mimic the properties encountered
in the realized data. With some abuse of terminology, we will refer to these rejection rates
as empirical power. Table 3 reports the size-adjusted power for these t-tests. Overall, we
can observe that the excellent size control demonstrated by the jackknife variance estimator

does not come at the expense of any consequential loss of power.

4.2 Local Projections

We follow Kilian and Kim (2011) who use a bivariate VAR(1) data-generating process to
investigate the finite-sample properties of local projection estimation and inference. They

specify

1/2
By 0 R
= _ 67
““\os 05/ \os 1 !

where e; is a bivariate error with mean-zero and mutually independent elements. We utilize
By € {0.5,0.9,0.97} and 7" = 100 as in KK (with a burn-in period of 200 observations).
To further investigate the behavior of our variance estimator, we also include results for
Byy = 0.75. We report results imposing that each element of ¢; are 7.7.d. standard Gaussian,
as in KK, along with a set of alternative choices.

In particular, we choose each element of e; to be either (1) independent Gaussian with
structural breaks in the variance; (2) i.i.d. chi-square distribution with one degree of freedom;
and (3) GARCH(1,1) errors based on a Student’s ¢(6) distribution (with a constant term of
0.05, a GARCH coefficient of 0.75, and an ARCH coefficient of 0.2). In the main text, we
report results for the GARCH(1,1) specification while the alternative error specifications are

reported in the SA. As in KK, we consider inference on ﬁfh) in the local projection

Y2,t4+n = oM 4 Bih) Y1+ 5§h) “Y2.0 + nt(i)h,v (33)

and report results for horizons of h € {1,4,8,12,16}. Along with the alternative proce-
dures already considered in the predictive regression case, we also report results for the

lag-augmented inference procedure of Olea and Plagborg-Mgller (2021).°

9For implementation, we assume that the number of lags, which is one, is known and rely on the EHW
variance estimator and standard normal critical values. Although Olea and Plagborg-Moller (2021) show
that this approach is asymptotically valid, they recommend a bootstrap-based inference procedure for better
performance. For simplicity, and to enable direct comparisons to the other approaches based on asymptotic
distributional approximations, we use the plain-vanilla lag-augmentation approach here.
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Table 4 reports empirical size across simulations based on a nominal size of 5%. Note first
that for these specifications, the maximum absolute eigenvalue of the autoregressive matrix
is equal to By;. When Bj; = 0.5, most methods perform reasonably well with only modest
size distortion. That said, all of the jackknife methods exhibit the best performance when
h > 1. When h = 1, LA has size closest to the nominal level. As the persistence increases,
the performance of the existing methods—NWh, LLSW-NW, LLSW-EWC, LA, and DFT-
EHW-—deteriorate, especially for large h. For example, when By; = 0.97 and h = 16, these
methods have rejection rates between 11% and 26%. Further, only the jackknife methods
based on the DCT or ¥ have empirical size close to 5% across all specifications with those
based on W generally outperforming those based on the DCT. These qualitative conclusions
continue to hold for the alternative assumptions on the innovations shown in the SA.

Table 5 reports the size-adjusted power across the different specifications. We generate
data under the alternative hypothesis of (Bj; — 0.3) and test that the coefficient is equal
to By for Byp € {0.5,0.75,0.9,0.97}. When Bj; = 0.5, the table shows that JN and JNbc
have higher power than either of the LLSW procedures and, outside of h = 1, also NW and
LA. Even when other procedures have higher power than JN and JNbc, the differences are
modest. This general pattern continues to hold for other values of B;;. Taken in sum, this
simulation design again shows that the size control shown by the new jackknife estimators

does not lead to a meaningful loss in power.

4.3 General Time-Series Regressions

Lazarus et al. (2018) conduct an extensive set of simulation experiments which includes
regression specifications covering distributed lag models, forecasting regressions, and local
projections. They generate data using a dynamic factor model calibrated to US economic

and financial data. Let X; be a 207 x 1 vector of these series which is assumed to follow

Xt = AFt + €, €t = (el,ta cee 76207,75),7
Fr=%F 1+mn

it = 0i1€i4—1 + 0i2€; 4—2 + Viy,

)

207

where 7, is mean-zero, with a variance matrix of ¥,, and mutually independent of {v;;};27,

which are mutually uncorrelated with individual variances o... As in LLSW, we include
results where (1) 1, and {v;;}?°7 are independent Gaussian variables; and (ii) 1, and {v;,}2°7
are block bootstrapped from their empirical counterparts and interacted with random draws
from a Rademacher distribution (for further details, see Lazarus et al., 2018, p.553). Based on

this dynamic factor model, LLSW randomly select 828 individual data-generating processes
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for each of the 23 different regression specifications and choices of innovation distributions.
LLSW consider both t-tests and Wald tests across multiple coefficients. In the latter case,
we instead obtain results for individual ¢-tests of each of the relevant coefficients and then
aggregate the results.

We follow LLSW and report size distortion—empirical size less the nominal size of 5%—
and power loss—infeasible power based on the true sampling distribution less size-adjusted
empirical power.!? To summarize the 9, 522 different regressions for each choice of innovation
distribution, we follow LLSW and report the 95th percentile of size distortion and power
loss across the 414 individual regressions in each of the 23 specifications. In the SA, we also
provide results for the 75th percentile. Throughout, the format for all tables will be the
same. The first column reports the regression specification (see Lazarus et al., 2018, p.554)
whereas the second column specifies the number of regressors of interest, m.!'* Note that
in many of the regression specifications, there are additional control variables beyond just a
constant. The third column denotes the forecasting horizon which varies across specifications
from h = 0 to h = 12. Finally, we follow LLSW and report results for the Newey and West
(1987) estimator with a “textbook” (Stock and Watson, 2015) choice of lag length, 0.75-T/3,
using fixed-b critical values (labeled “LLSW-NWtb” in all tables).'?

Table 6 provides results for size distortion in the case of Gaussian errors.'® As a bench-
mark, the fourth column reports the size distortion for LLSW-NWtb. For many of the 23
specifications there is meaningful size distortion which can be as high as 9.3 percentage
points with an average of 3.9 percentage points (above the nominal size). This underscores
that this is a challenging inference environment. The next two columns correspond to the
two LLSW inference approaches. They both provide improvements over the conventional
HAC approach. Across the 23 specifications, the size distortion can improve by as much as
5.6 percentage points for LLSW-EWC and 4.4 percentage points for LLSW-NW.

To assess the role that the leverage weights play in finite samples, we can next compare the
transformed EHW variance estimators to their JN counterparts for all three choices of basis
functions (DFT, DCT, ¥). For all of the results based on the DCT and ¥, and almost all of
those based on the DFT, the jackknife approach outperforms the unweighted EHW estimator.
We can see this clearly in the last two rows which shows the meaningful improvements that
arise from the leverage weighting. In the case of ¥, the penultimate column shows that

the average and median size distortion is essentially zero across specifications. In the case

10As in LLSW, we consider a grid of infeasible power values, (0.25,0.50,0.66,0.75,.9999), and report the
maximum power loss across these five points.

1'When m > 1, we first calculate the 95th percentile of size distortion or power loss for each t-test and
then average across these results.

12Gize control is uniformly worse when critical values based on a standard Gaussian distribution are used.

13There are some small discrepancies in our results relative to those in LLSW which we ascribe to random
variation in the simulated data.
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of Gaussian errors, there is no need to bias correct the jackknife variance estimator, but in
empirical applications, this knowledge is unavailable. The final column shows that using the
bias-corrected estimator, when it is unnecessary, incurs only a negligible cost in terms of size
control.

The corresponding results for power loss are presented in Table 7. While LLSW-NWtb
exhibits the smallest power loss, these power gains are infeasible as this variance estimator
exhibited substantial size distortions. In Table 6, we saw that W-JN provided the best
size control across all variance estimators. Here, we see that this does not come at the
expense of appreciable power loss. In fact, the average power loss across specifications is
1-2 percentage points lower than either of the LLSW procedures. In the final column, we
show the power loss of the bias-corrected variance estimator. Although the power properties
do deteriorate mildly, the bias-corrected variance estimator protects against the potential
presence of conditional heteroskedasticity.

The benefits of implementing the bias correction are illustrated clearly in Table 8. This
table reports the size distortion for the case of “empirical” errors where the simulations
utilize random draws from the actual fitted errors which preserves non-Gaussianity and
other features, such as conditional heteroskedasticity, that are inherent to the true data.
Outside of the first specification,'* the bias-corrected jackknife variance estimator has the
smallest size distortion in 14 out of the 23 specifications, while the plain W-JN exhibits the
smallest size distortion in the other 8 specifications. In fact, the bias-corrected jackknife
variance estimator has better size control than either LLSW procedure in 22 out of the 23
specifications with a median improvement of 1.5 percentage points in both cases. Further,
the bias-corrected variance estimator uniformly outperforms either DF'T-based procedures or
the DCT-EHW approach across all specifications. Relative to the DCT-JN, it outperforms
in 21 out of 23 specifications (V-JN always outperforms DCT-JN).

Taken in sum, Tables 6 and 8 show that the new jackknife procedures have superior size
control in all but one of the 46 different specifications. As in the case of Gaussian errors,
the excellent size control of the jackknife variance estimators comes at minimal cost in terms
of power. Table 9 shows the power loss in the case of empirical errors. The penultimate
column shows that the median power loss of W-JN is 7.1 percentage points as compared to
10.2 percentage points for LLSW-EWC (which has better size control than LLSW-NW in
Table 8). Further, the power loss of the bias-corrected variance estimator is, on net, very
similar to that of LLSW-EWC even though it has smaller size distortions.

In the SA, we also include the results for the 75th percentile of the size and power loss

14\We should note that the OLS estimator in this specification sometimes exhibits pronounced non-Gaussian
behavior (bi-modality and sharp asymmetry) which is generated by the bootstrapped empirical errors. This
behavior does not arise with Gaussian errors.
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distributions. These tables show that the outperformance of the newly proposed procedures
is even stronger than what Tables 6-9 imply. For example, for the 75th percentile, the
jackknife variance estimator, and its bias-corrected counterpart, has better size control than
any of the existing procedures (NW, LLSW-EWC, and LLSW-NW) uniformly across all 46
specifications. Moreover, the bias-corrected jackknife variance estimator has smaller power
loss, on average, relative to the LLSW procedures at the 75th percentile. As shown by
the universal presence of non-trivial size distortions across all procedures, these simulation
designs pose a clear challenge for trustworthy inference. We have shown that the jackknife
approach using ¥ has clearly appealing finite-sample properties even in these challenging

environments.

5 Extensions

5.1 Panel Data

Panel data models are often characterized by strong cross-sectional and time-series depen-
dence. In particular, typical applications, such as panels of states or countries, feature time
series behavior which is, at least partially, driven by common components (e.g., the state of
the business cycle). This adds an additional layer of complexity as it induces a more intricate
dependence structure across individuals and time. In this section we summarize how our
jackknife approach can be implemented in panel-data regressions. The variance estimator
is most appropriate for cases where T is large and N may be fixed or large. We relegate
technical assumptions and associated discussions to the SA as they are conceptually similar
to those presented for time-series regressions.

Consider the following linear panel-data model,
yit:ai+x1,it61+x/2,it/82+5ita izlv"‘7N7 = 17"‘7T7 (34)

where z;;; € R and 25,4 € RE 15 Again, we assume that 3; is the parameter of interest. We

can stack the model as
}/i :OéiLT+X17¢B1+X2,i52+€i, 1= 1,...,N, (35)

where Y; = (y;1,...,yir) and similarly for X 14, X2,4, and €;. As in the previous sections, we

15We could also allow for time effects but we omit them for clarity of presentation. The simulation design in
Section 5.3 includes time effects and there we discuss how to modify the jackknife estimator to accommodate
their presence.
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can transform this equation using our basis functions ¥ which yields
Wi = ai( + Z1:61 + Z23B2 + w, i=1,...,N, (36)

where W; = V'Y, Z;,;, = V' X, and Zy; = V' X,,;. We will construct our variance estimator
as a leave-out jackknife of equation (36). Unlike the time-series case, however, we will omit
N observations (rather than one) when we construct our leave-out OLS estimator. The form
of the jackknife variance estimator may be interpreted as clustering by frequency.'6

Let w;; be the jth element of W; and similarly for ¢;, 21, 22,j, and u;;. We omit the
jth observation for each ¢ from i = 1,..., N and, using the remaining data (sample of size
(T'—1)N), we calculate the OLS estimator, B(_j). Let Bl,(—j) be the component of this OLS
estimator corresponding to #;. Then, our jackknife variance estimator is exactly the same
as given in equation (15).

Below we present the main results. We rely on Assumptions PD-1, PD-2, and PD-3
which are given in the SA and act as the panel counterparts to Assumptions TS-1, TS-2,
and TS-3.

Proposition 4 (Asymptotic Expansion of \71) Let Assumptions PD-1 and PD-2 hold. Then,

& N & 1 < 2
NI V) =i 3 3 ()" + o |ax @ 6 Tar(iv @ v))|
1 N T
~NT Z Z (vitver, €ncer)
1 ]\7 ]
- NT Z > (S0 + ) st (S5 + D) s | + 0p(1),
(=1 ji#s

where w™t is the (1,1) element of plimy p_, . (X'X/NT)~*
Ly =B (X1 — X2.:8)ey], r=nN"! Z Lii,

U nr is a block matriz with (i, €) block equal to Ty, and & = plimy 1, o, (X M3X2)71X’2M3X1
with M3 = INT — P(Xg) FU/Fth@’F Zzé = C(Xl i XQ zé' Xlg - X2 gf) and EM = E[ézgz]

16Tn setups where there are natural clusters in the cross-sectional dimension (e.g., states, when cities are
the observational units), and where we assume independence across clusters (as in Hansen, 2023, 2025), we
can modify our jackknife variance estimator appropriately to accommodate this dependence structure.
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As in the time-series case, we can construct a bias-corrected jackknife estimator as
| NI
Vipe = Vi + NT g g (Vit Vs, EstEr), (37)
i0=1 t=1

where v = (X’2M3X2)_1X’2M3X1 is a (NT x 1) vector with elements v;; and & is the OLS
estimate of g;.

We can now state our main result.

Proposition 5. Let Assumptions PD-1, PD-2, and PD-3 hold and

N T N T
1 N~ 1
~NT Z > C(0iVu, Eufn) — NT D Cloivn, eucu) = op(1),

lim sup P b —h > ! (1 — E) < a, (38)

N, T—o0 V1 b
c

where ®(-) is the CDF of a standard normal random variable.

Corollary 5 shows that valid asymptotic inference can be conducted using our proposed
jackknife variance estimator. Because there are no additional tuning parameters necessary,
our estimator can be implemented easily and in a computationally-effective manner. In
Section 5.3 we show that the jackknife estimator displays excellent finite-sample properties

in panel-data simulations.

Remark 5 (Unbalanced Panels). In practice, panels may not be balanced. We can accom-
modate the unbalanced panel case by defining a selection matrix S € RV*N'T)  where N
is the number of observations in the unbalanced panel, and S is a matrix of ones and zeros
corresponding to the observations available in the sample. In order to calculate the jackknife

estimator in this unbalanced case, define
Unr () = S(Iv @ V),

where W(_j) is the matrix ¥ with the jth column removed. Then, we can calculate 3(_j)
through a regression of \I/’NT7(_j)Y on ‘ileT,(—j)X> where X is the N x (N + K + 1) vector of
right-hand side variables and Y is the corresponding IV x 1 vector of left-hand side variables.

U
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5.2 Spatial Models

We can also consider more general forms of dependence. It is straightforward to tailor our
procedure to models of spatial dependence, i.e., X € RY" which follows a d = 2 Levy-
Brownian motion as in Miiller and Watson (2024). Here, N is the cardinality of the sets
X, Y € RY.1T Correspondingly, the index set C = X x ) has cardinality N? with C(i) defining
the location or coordinate where X; is observed for all 7 € {1,..., N*}. In this section we
assume a single cross-section for simplicity but similar steps as below can be followed in the
panel spatial case.

Given that X follows a Levy-Brownian motion, we can describe its covariance matrix
5 e RV a5

1 . . . :
Bij = ZUC@ON+ICGI = lIC@) = -
An eigendecomposition of ¥ produces a ¥ which satisfies
V'YW = A,

where A is a diagonal matrix collecting the eigenvalues. Although, in this case, ¥ is not
generally available in closed-form, it can be easily computed numerically.

In practice, we may have that C # X x ) (i.e., the data are irregularly sampled over a
grid). To accommodate this case, we can define a set C=Xx Y and a selection matrix
S € RV**N_ where N is the cardinality of C. Then, we can form the matrix & € RN**V?
as above and then perform an eigendecomposition on 3 to obtain U. We then construct
¥ = $'0 and utilize the transformation U'X.

To generalize to the regression setting, consider the spatial regression model:
y=ay+ X101+ Xof +e,

where g is an N x 1 vector. We can pre-multiply by U’ as before and obtain the spatial
jackknife variance estimator,
N2

V= Z(BLH) — B1)*. (39)

j=1

17The case where the cardinality of X differs from the cardinality of ) can also be accommodated but
with more complicated notation.
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5.3 Simulation Evidence for Panel-Data Regressions

In this section, we present simulation evidence on the finite-sample properties of our new
procedures in a panel-data setting with spatial dependence. For our simulation experiments,
we rely on the designs in Hidalgo and Schafgans (2021) and Chiang et al. (2024).'® This has
several advantages. First, this allows us to cover a wide range of different data-generating
mechanisms. Second, these are established designs and so are not tailored to our approach.
Finally, this facilitates (implicit) comparisons with an even wider range of methods since
these papers include computationally-intensive bootstrap methods which we avoid for sim-
plicity (e.g., Menzel, 2021; MacKinnon et al., 2021; Hidalgo and Schafgans, 2021) and vari-
ance estimators which are nested in other procedures (e.g., Thompson, 2011). To conserve
space, we report results for the Hidalgo and Schafgans (2021) setup in the main text along
with a brief discussion of the results for the Chiang et al. (2024) design. The tables and full
discussion of the Chiang et al. (2024) setup are in Section SA-C.1 of the SA.
Hidalgo and Schafgans (2021) consider data which follow the linear panel model

Yit = 0 + 1 + Bi + Uy,

where a; and 7n; are mutually independent Gaussian random variables with unit mean and
variance and are held fixed across simulations. We follow Hidalgo and Schafgans (2021) and
set f = 0. To generate spatial dependence, we draw s; as an independent uniform random
variable on [0, N] for i = 1,..., N. These are the locations of the units. Next, define the

spatially-dependent error process as

Uig = pui—1) + /1 — pey,

where €% = 0, S, co(i)eq and c(i) = (1+ |s; — s;])"°7. Here, ey are i.i.d. standard Gaus-
sian random variables, o, is chosen to ensure that €}, has unit variance, and the weighting
function ¢,(i) generates strong spatial dependence.'® The z;; are generated in the exact same
way and then transformed as x; — x; + py, where u; are mutually independent Gaussian
random variables with unit mean and variance.

We present results for our JN variance estimator and its bias-corrected counterpart
(JNbc) along with the following alternatives: (1) Eicker-Huber-White heteroskedasticity

robust estimator (EHW); (11) cluster-robust variance estimator within ¢ (Ci); (111) cluster-

18We also considered the simulation design of Chen and Vogelsang (2023) but the results were qualitatively
similar to those based on the Chiang et al. (2024) design. These results are available upon request.

19We also considered the weak spatial dependence design of Hidalgo and Schafgans (2021) and our variance
estimators performed similarly as in the strong spatial dependence case. We omit these results here for brevity
but they are available upon request.
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robust variance estimator within ¢ (Ct); (1v) the Cameron et al. (2011) two-way cluster-
robust variance estimator (CGM); (v) the Chiang et al. (2024) variance estimator (CHS);
(v1) the bias-corrected CHS variance estimator from Chen and Vogelsang (2023) (CHSbc);
(vi) the modified Driscoll-Kraay and Arellano variance estimator from Chen and Vogel-
sang (2023) (DKA); (vii1) the Driscoll and Kraay (1998) variance estimator?’ based on the
LLSW-NW lag selection and corresponding critical values (LLSW-DK); (1X) the DFT-based
estimator of Hidalgo and Schafgans (2021) (HS); (X) the jackknife variance estimator of
equation (15) replacing ¥ with an orthonormal basis based on the discrete cosine transform
(DCT-JN).

All procedures, outside of LLSW-DK, rely on an asymptotic standard Gaussian limiting
distribution.?* All simulations set N = 50 and vary 7" and p, and are based on 10,000
replications. The nominal size is set equal to 5%. Because of the presence of time effects,
we modify the implementation of the JN variance estimator to accommodate them. In

particular, we work with the transformed variables ¢;; and Z;;, defined as

1 & 1 &
Yit = Yir — N ;yim Tip = Tig — N ;$zt

We can make such a transformation because the JN implementation is invariant to time
effects and so is unaffected by whether the data have been rotated or not. Once we obtain
yir and T, we proceed exactly as detailed in the previous section.

In Table 10, we present the empirical size for T € {16, 32,64, 128} and p € {0.7,0.9}. The
table shows that the EHW variance estimator and either of the one-way clustering approaches
lead to severe size distortions with empirical size as high as 81%. Generalizing the variance
estimator to two-way clustering (CGM) only modestly improves the empirical size which is
at least 22% (relative to a nominal size of 5%) for all values of 7" and p. Adjusting the
two-way cluster variance estimator to accommodate serial correlation (CHS, CHSbc, DKA)
appears to require larger T and weaker time-series dependence but still generally suffers from
meaningful size distortions. The modified Driscoll and Kraay (1998) estimator (LLSW-DK)
and the Hidalgo and Schafgans (2021) approach have very similar rejection rates under the
null. When p = 0.7 and T' = 128, both procedures have empirical size around 7%; however for

smaller 7" and when p = 0.9, they over-reject considerably. The last competing procedure we

20The standard Driscoll and Kraay (1998) variance estimator, which utilizes the Newey and West (1987)
HAC estimator, performed uniformly worse and so is omitted from our results.

21For more direct comparison and computational ease, we do not explore bootstrap-based procedures here.
However, Chiang et al. (2024) include the approaches of Menzel (2021) and MacKinnon et al. (2021) in their
simulation results while Hidalgo and Schafgans (2021) also include a bootstrap version of their method.
Based on the simulation results presented in these papers, we can conclude that our procedures control size
better than these resampling-based methods.
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consider is DCT-JN. This approach uniformly outperforms these nine alternative procedures
with empirical size ranging from around 6% to around 13%.

In contrast to all of the competing approaches, the JN variance estimator has empirical
size close to nominal size for all values of T and p. In fact, the empirical size resides
between 5.2% and 6.0% for all specifications. Comparing these rejection rates to those based
on HS highlights two important differences between our approach and that of Hidalgo and
Schafgans (2021). First, the DFT is ill-suited to more persistent data commonly encountered
in Economics and Finance (Hannan, 1973; Lahiri, 2003; Dwivedi and Subba Rao, 2011) which
explains the over-rejections when p approaches one. Second, there are substantial benefits in
terms of finite-sample performance to the presence of leverage-based weights in the jackknife
estimator which are absent in the EHW implementation (see, e.g., Hansen, 2023; MacKinnon
et al., 2023a,b, for similar results in different contexts).??

In this design, there is no need to utilize the bias-corrected JN variance estimator (JNbc);
however, we observe that there is little cost to doing so in terms of size distortion so a
researcher can remain agnostic about the exact form of higher-order dependence in the data.
Although the rejection rates are modestly higher for JNbc as compared to JN, they are
still uniformly lower than for DCT-JN and all other competing procedures. Moreover, it is
important to emphasize that HS and DCT-JN should be compared to JN, rather than JNbc,
as they would also need to be bias-corrected to accommodate more complex dependence
(e.g., conditional heteroskedasticity).

Importantly, the excellent size control demonstrated by our procedures does not come
at the expense of lower power. Table 11 presents size-adjusted power for this design under
B = 0.3. Broadly speaking, the power is similar across all of the different approaches.
However, for all of the competing procedures this power is practically unattainable since, as
shown in Table 10, they generally have empirical size which is highly distorted.

Tables SA.17 and SA.19 in the SA report the empirical size for the Chiang et al. (2024)
design (without and with fixed effects, respectively). In general, the broad patterns of Table
10 continue to hold with all of the competing procedures failing to control size. Similar to
Table 10, the empirical size when using the JN variance estimator is very close to nominal
size ranging from 4.2% to 6.1%. The advantages of our method are particularly striking as
p increases. When p = 0.95, all competing procedures (outside of DCT-JN) suffer severe
to extreme size distortions. In contrast, even when T = 25, the empirical size for JN is
4.2%. JNbc also performs well and has uniformly better size control compared to any of the

alternative procedures. Finally, as in Table 11, our new procedures have comparable power

22 Another notable difference is that Hidalgo and Schafgans (2021) obtain their theoretical results under
the assumption of independence between the regressors and the errors, whereas we prove validity under more
general sampling assumptions, relying only on pre-determinedness.
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properties to their competitors despite exhibiting much better size control (see Tables SA.18
and SA.20 in the SA).
Taken in sum, these simulation results highlight that the highly desirable finite-sample

properties of the JN variance estimators continue to hold in panel-data settings.

6 Conclusion

In this paper, we propose a novel jackknife variance estimator for time-series and panel-data
regressions. The procedure is particularly simple to implement, requiring no additional tun-
ing parameters, and can be characterized as leave-one-out jackknife variance estimation on
a rotated data space. The variance estimator performs well in finite samples for varying
degrees of persistence but especially outperforms alternative approaches when the degree of
persistence in the data is high. We prove asymptotic validity of our approach and demon-
strate its excellent finite-sample properties in an extensive series of simulation experiments
using designs that have previously been investigated in the literature.

Our proposed jackknife variance estimator is also well suited to panel data models with
more structure imposed, such as the reduced-rank regression models prevalent in empirical
finance (e.g., Adrian, Crump, and Moench, 2015). This setting is studied in the companion
paper, Crump, Gospodinov, and Lopez Gaffney (2025). Further, a natural extension to the
results herein would be the linear instrumental variables model. In this case, both the first-
stage and the second-stage regression models should be transformed by ¥ before preceding

to the analogous leave-one-out jackknife construction.

28



References

Adrian, T., Crump, R. K., Moench, E., 2015. Regression-based estimation of dynamic asset pricing
models. Journal of Financial Economics 118, 211-244.

Andrews, D. W. K., 1991. Heteroskedasticity and autocorrelation consistent covariance matrix
estimation. Econometrica 59, 817-858.

Bierens, H. J., 1997. Testing the unit root with drift hypothesis against nonlinear trend stationarity,
with an application to the US price level and interest rate. Journal of Econometrics 81, 29-64.

Bierens, H. J., Martins, L. F., 2010. Time-varying cointegration. Econometric Theory 26, 1453—
1490.

Cameron, A. C., Gelbach, J. B., Miller, D. L., 2011. Robust inference with multiway clustering.
Journal of Business & Economic Statistics 29, 238-249.

Chen, K., Vogelsang, T. J., 2023. Fixed-b asymptotics for panel models with two-way clustering,
working Paper.

Chiang, H. D., Hansen, B. E., Sasaki, Y., 2024. Standard errors for two-way clustering with serially
correlated time effects. Review of Economics and Statistics (forthcoming).

Corbae, D., Ouliaris, S., Phillips, P. C. B., 2002. Band spectral regression with trending data.
Econometrica 70, 1067-1109.

Crump, R. K., Gospodinov, N., 2021. On the factor structure of bond returns. Econometrica 9,
295-314.

Crump, R. K., Gospodinov, N., Lopez Gaffney, 1., 2024. A simple diagnostic for time-series and
panel-data regressions. Staff Report 1132, Federal Reserve Bank of New York.

Crump, R. K., Gospodinov, N., Lopez Gaffney, 1., 2025. Robust empirical asset pricing, working
paper.

Davezies, L., D’Haultfeeuille., X., Guyonvarch, Y., 2021. Empirical process results for exchangeable
arrays. Annals of Statistics 49, 845-862.

Driscoll, J. C., Kraay, A. C., 1998. Consistent covariance matrix estimation with spatially dependent
panel data. Review of Economics and Statistics 80, 549-560.

Dwivedi, Y., Subba Rao, S., 2011. A test for second-order stationarity of a time series based on the
discrete Fourier transform. Journal of Time Series Analysis 32, 68-91.

Engle, R. F., 1974. Band spectrum regression. International Economic Review 15, 1-11.

Gray, R. M., 2006. Toeplitz and circulant matrices: A review. Foundations and Trends®) in Com-
munications and Information Theory 2, 155-239.

Gungor, S., Luger, R., 2020. Small-sample tests for stock return predictability with possibly non-
stationary regressors and GARCH-type effects. Journal of Econometrics 218, 750-770.

Hannan, E., 1973. Central limit theorems for time series regression. Zeitschrift flir Wahrschein-
lichkeitstheorie und verwandte Gebiete 26, 157-170.

29



Hannan, E. J., 1963. Regression for time series. In: Rosenblatt, M. (ed.), Proceedings of the Sym-
posium on Time Series Analysis, John Wiley and Sons.

Hansen, B. E., 2022. Econometrics. Princeton University Press, Princeton, NJ.

Hansen, B. E., 2023. Jackknife standard errors for clustered regression. Review of Economic Studies
(forthcoming).

Hansen, B. E., 2025. Standard errors for difference-in-difference regression. Journal of Applied
Econometrics 40, 291-309.

Hidalgo, J., Schafgans, M., 2021. Inference without smoothing for large panels with cross-sectional
and temporal dependence. Journal of Econometrics 223, 125-160.

Kiefer, N. M., Vogelsang, T. J., 2002. Heteroskedasticity-autocorrelation robust testing using band-
width equal to sample size. Econometric Theory 18, 1350-1366.

Kiefer, N. M., Vogelsang, T. J., 2005. A new asymptotic theory for heteroskedasticity-
autocorrelation robust tests. Econometric Theory 21, 1130-1164.

Kiefer, N. M., Vogelsang, T. J., Bunzel, H., 2000. Simple robust testing of regression hypotheses.
Econometrica 68, 695-714.

Kilian, L., Kim, Y. J., 2011. How reliable are local projection estimators of impulse responses?
Review of Economics and Statistics 93, 1460-1466.

Lahiri, S. N.; 2003. A necessary and sufficient condition for asymptotic independence of discrete
Fourier transforms under short- and long-range dependence. Annals of Statistics 31, 613 — 641.

Lazarus, E., Lewis, D. J., Stock, J. H., 2021. The size-power tradeoff in HAR inference. Economet-
rica 89, 2497-2516.

Lazarus, E., Lewis, D. J., Stock, J. H., Watson, M. W., 2018. HAR inference: Recommendations
for practice. Journal of Business & Economic Statistics 36, 541-559.

MacKinnon, J. G., Nielsen, M. @., Webb, M. D., 2021. Wild bootstrap and asymptotic inference
with multiway clustering. Journal of Business & Economic Statistics 39, 505-519.

MacKinnon, J. G., Nielsen, M. ., Webb, M. D., 2023a. Cluster-robust inference: A guide to
empirical practice. Journal of Econometrics 232, 272-299.

MacKinnon, J. G., Nielsen, M. @., Webb, M. D., 2023b. Fast and reliable jackknife and bootstrap
methods for cluster-robust inference. Journal of Applied Econometrics 38, 671-694.

MacKinnon, J. G., Nielsen, M. @., Webb, M. D., 2023c. Leverage, influence, and the jackknife in
clustered regression models: Reliable inference using summeclust. Stata Journal 23, 942-982.

MacKinnon, J. G., White, H., 1985. Some heteroskedasticity-consistent covariance matrix estima-
tors with improved finite sample properties. Journal of Econometrics 29, 305-325.

Menzel, K., 2021. Bootstrap with cluster-dependence in two or more dimensions. Econometrica 89,
2143-2188.

30



Miiller, U., Watson, M., 2024. Spatial unit roots and spurious regression. Econometrica 92, 1661—
1695.

Miiller, U. K., 2004. A theory of robust long-run variance estimation, working paper, Princeton
University.

Miiller, U. K., 2007. A theory of robust long-run variance estimation. Journal of Econometrics 141,
1331-1352.

Miiller, U. K., 2014. HAC corrections for strongly autocorrelated time series. Journal of Business
& Economic Statistics 32, 311-322.

Miiller, U. K., Watson, M. W., 2008. Testing models of low-frequency variability. Econometrica 76,
979-1016.

Newey, W. K., West, K. D., 1987. A simple, positive semi-definite, heteroskedasticity and autocor-
relation consistent covariance matrix. Econometrica 55, 703-708.

Olea, J. L. M., Plagborg-Mgller, M., 2021. Local projection inference is simpler and more robust
than you think. Econometrica 89, 1789-1823.

Phillips, P. C., 1998. New tools for understanding spurious regressions. Econometrica 66, 1299-1325.
Phillips, P. C. B., 2005. HAC estimation by automated regression. Econometric Theory 21, 116-142.
Shao, J., Tu, D., 1996. The Jackknife and Bootstrap. Springer, New York, NY.

Shevelev, V., Moses, P. J. C., 2014. Tangent power sums and their applications. Integers 14, 1-15.
Stock, J. H., Watson, M. W., 2015. Introduction to Econometrics. Addison-Wesley, Boston.

Sun, Y., 2013. A heteroskedasticity and autocorrelation robust F test using an orthonormal series
variance estimator. Econometrics Journal 16, 1-26.

Thompson, S. B., 2011. Simple formulas for standard errors that cluster by both firm and time.
Journal of Financial Economics 99, 1-10.

31



Table 2. Size: Predictive Regression with GARCH errors. This table presents empirical size of the
t-tests for Bih) and ,Béh) with h € {1,12} based on the Gungor and Luger (2020) simulation designs. The
results are reported for a nominal level of 5%, T' = 120, and different values of ¢1; and p,,,. Based on
50,000 simulations. NWh is the Newey-West estimator with i lags; LLSW-EWC is the LLSW
implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW implementation of the
Newey-West estimator; EHW denotes Eicker-Huber-White on the transformed data and JN denotes HC3
on the transformed data; DFT and DCT indicate transformation using the discrete Fourier transform and
the discrete cosine transform, respectively. ¥ indicates transformation using the basis functions introduced
in Section 2. ¥-JN and ¥-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full
details.

LLSW DFT DCT v

®11 Pzyr | NWh | EWC NW | EHW JN | EHW JN | EHW JN  JNbc
(M
1

0.90 0.00 | 0.068 | 0.077 0.075 | 0.094 0.069 | 0.107 0.062 | 0.111 0.051 0.057
0.90 -0.90 | 0.101 | 0.110 0.114 | 0.050 0.021 | 0.064 0.020 | 0.070 0.014 0.013
0.99 0.00 | 0.067 | 0.088 0.086 | 0.134 0.073 | 0.172 0.062 | 0.161 0.041 0.046

0.99 -0.90 | 0.190 | 0.184 0.196 | 0.141 0.048 | 0.171 0.024 | 0.180 0.013 0.014
@)
2

0.90 0.00 | 0.066 | 0.075 0.073 | 0.093 0.068 | 0.107 0.062 | 0.110 0.051 0.057
0.90 -0.90 | 0.089 | 0.079 0.082 | 0.088 0.062 | 0.105 0.053 | 0.108 0.045 0.048
0.99 0.00 | 0.066 | 0.086 0.085 | 0.134 0.070 | 0.171 0.061 | 0.161 0.040 0.046

0.99 -0.90 | 0.152 | 0.138 0.148 | 0.159 0.086 | 0.203 0.062 | 0.199 0.041 0.043
(12)
1

0.90 0.00 | 0.421 | 0.151 0.179 | 0.149 0.106 | 0.180 0.091 | 0.184 0.068 0.072
0.90 -0.90 | 0.403 | 0.144 0.174 | 0.086 0.077 | 0.116 0.052 | 0.125 0.042 0.049
0.99 0.00 | 0477 | 0.167 0.204 | 0.206 0.115 | 0.258 0.092 | 0.248 0.060 0.060
0.99 -0.90 | 0.514 | 0.208 0.252 | 0.196 0.125 | 0.237 0.059 | 0.255 0.043 0.041

5512)
0.90 0.00 | 0414 | 0.146 0.175 | 0.149 0.104 | 0.177 0.090 | 0.179 0.066 0.069
0.90 -0.90 | 0.451 | 0.161 0.189 | 0.163 0.110 | 0.193 0.093 | 0.199 0.064 0.065
0.99 0.00 | 0474 | 0.165 0.205 | 0.205 0.116 | 0.258 0.092 | 0.247 0.061 0.061
0.99 -0.90 | 0.571 | 0.244 0.288 | 0.265 0.151 | 0.315 0.104 | 0.315 0.066 0.063
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Table 3. Power: Predictive Regression with GARCH errors. This table presents empirical power
of the t-tests for ﬂﬁh) and ﬂéh) with h € {1,12} based on the Gungor and Luger (2020) simulation designs.
The results are reported for a nominal level of 5%, T' = 120, and different values of ¢1; and p,,,. Based on
50,000 simulations. NWh is the Newey-West estimator with i lags; LLSW-EWC is the LLSW
implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW implementation of the
Newey-West estimator; EHW denotes Eicker-Huber-White on the transformed data and JN denotes HC3
on the transformed data; DFT and DCT indicate transformation using the discrete Fourier transform and
the discrete cosine transform, respectively. ¥ indicates transformation using the basis functions introduced
in Section 2. W-JN and ¥-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full
details.

LLSW DFT DCT v

®11 Pzyr | NWh | EWC NW | EHW JN | EHW JN | EHW JN  JNbc
(M
1

0.90 0.00 | 0.957 | 0.923 0.936 | 0.945 0.904 | 0.937 0.925 | 0.936 0.925 0.916
0.90 -0.90 | 0.891 | 0.845 0.864 | 0.878 0.828 | 0.866 0.857 | 0.860 0.860 0.861
0.99 0.00 | 0.990 | 0.978 0.983 | 0.980 0.946 | 0.968 0.963 | 0.973 0.969 0.965

0.99 -0.90 | 0911 | 0.875 0.890 | 0.865 0.777 | 0.838 0.884 | 0.822 0.900 0.900
M
2

0.90 0.00 | 0.957 | 0.922 0.937 | 0.943 0.905 | 0.936 0.924 | 0.937 0.925 0.916
0.90 -0.90 | 0.938 | 0.901 0.916 | 0.934 0.856 | 0.923 0.895 | 0.925 0.893 0.888
0.99 0.00 | 0.990 | 0.977 0.983 | 0.979 0.949 | 0.968 0.962 | 0.974 0.968 0.964

0.99 -0.90 | 0972 | 0.946 0.956 | 0.962 0.843 | 0.942 0.892 | 0.950 0.909 0.905
(12)
1

0.90 0.00 | 0.964 | 0.950 0.949 | 0.952 0.904 | 0.943 0.932 | 0.943 0.932 0.921
0.90 -0.90 | 0.979 | 0.971 0.975 | 0.980 0.919 | 0.977 0.967 | 0.975 0.962 0.946
0.99 0.00 | 0984 | 0.978 0.977 | 0.967 0.910 | 0.942 0.939 | 0.955 0.956 0.949
0.99 -0.90 | 0.975 | 0.967 0.969 | 0.966 0.865 | 0.954 0.959 | 0.946 0.967 0.961

LN
0.90 0.00 |0.964 | 0.949 0.949 | 0.952 0.906 | 0.941 0.931 | 0.946 0.935 0.926
0.90 -0.90 | 0.951 | 0.933 0.932 | 0.939 0.872 | 0.925 0.908 | 0.930 0.913 0.906
0.99 0.00 | 0.984 | 0.978 0.978 | 0.967 0.911 | 0.944 0.940 | 0.956 0.955 0.948
0.99 -0.90 | 0.971 | 0.958 0.957 | 0.947 0.843 | 0.907 0.891 | 0.923 0.921 0.915
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Table 4. Size: Local Projections with GARCH errors. This table presents empirical size of the
t-test for B\ with h € {1,4,8,12,16} based on the Kilian and Kim (2011) simulation designs. The results
are reported for a nominal level of 5%, T' = 100, and different values of By;. Based on 50,000 simulations.
NWh is the Newey-West estimator with h lags; LLSW-EWC is the LLSW implementation of the
equal-weighted cosine estimator; LLSW-NW is the LLSW implementation of the Newey-West estimator;
LA denotes the Eicker-Huber-White estimator in a model augmented with an additional lag; EHW
denotes Eicker-Huber-White on the transformed data and JN denotes HC3 on the transformed data; DFT
and DCT indicate transformation using the discrete Fourier transform and the discrete cosine transform,
respectively. U indicates transformation using the basis functions introduced in Section 2. ¥-JN and
U-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full details.

LLSW DFT DCT v
NWh | EWC NW | LA |EHW JN |EHW JN |EHW JN JNbc
B =0.50
h=1 |0.074 | 0.075 0.075 | 0.061 | 0.079 0.072 | 0.084 0.069 | 0.085 0.067 0.063
h = 0.118 | 0.096 0.099 | 0.113 | 0.079 0.068 | 0.085 0.063 | 0.086 0.061 0.058

h=8 |0.121 | 0.081 0.085 | 0.106 | 0.062 0.050 | 0.066 0.046 | 0.068 0.041 0.048
h=120.137 | 0.074 0.079 | 0.104 | 0.058 0.047 | 0.062 0.042 | 0.064 0.039 0.050
h =16 | 0.151 | 0.070 0.075 | 0.102 | 0.055 0.045 | 0.059 0.040 | 0.061 0.036 0.049

By =0.75

h=1 |0.075 | 0.081 0.080 | 0.049 | 0.085 0.076 | 0.091 0.071 | 0.093 0.068 0.058
h=4 |0.140 | 0.107 0.114 | 0.127 | 0.095 0.076 | 0.101 0.072 | 0.104 0.066 0.063
h=8 |0.152 | 0.098 0.109 | 0.137 | 0.076 0.060 | 0.083 0.053 | 0.087 0.047 0.054
h =12 | 0.157 | 0.082 0.095 | 0.129 | 0.063 0.049 | 0.069 0.041 | 0.075 0.036 0.047
h =16 | 0.167 | 0.076 0.088 | 0.127 | 0.060 0.047 | 0.067 0.038 | 0.071 0.033 0.044

B11 = 090

h=1 |0.075| 0.087 0.085 | 0.038 | 0.085 0.074 | 0.093 0.069 | 0.095 0.065 0.051
h=4 10.150 | 0.110 0.121 | 0.114 | 0.104 0.075 | 0.112 0.071 | 0.115 0.063 0.060
h = 0.185 | 0.120 0.137 | 0.156 | 0.096 0.072 | 0.104 0.063 | 0.109 0.056 0.060
h=1210.199 | 0.106 0.129 | 0.161 | 0.083 0.068 | 0.093 0.054 | 0.101 0.048 0.056
h =16 | 0.207 | 0.097 0.117 | 0.157 | 0.072 0.059 | 0.082 0.042 | 0.090 0.035 0.043

By =097

h=1 |0.075 | 0.091 0.090 | 0.033 | 0.082 0.070 | 0.092 0.066 | 0.093 0.059 0.044
h=4 |0.155| 0.113 0.126 | 0.102 | 0.109 0.070 | 0.116 0.067 | 0.120 0.055 0.051
h=8 |0.202 | 0.130 0.150 | 0.157 | 0.107 0.074 | 0.114 0.062 | 0.120 0.054 0.056
h=12|0.237 | 0.134 0.161 | 0.184 | 0.109 0.091 | 0.120 0.068 | 0.132 0.060 0.066
h =16 | 0.261 | 0.135 0.163 | 0.194 | 0.108 0.097 | 0.122 0.067 | 0.138 0.058 0.064
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Table 5. Power: Local Projections with GARCH errors. This table presents empirical power of the
t-test for B\ with h € {1,4,8,12,16} based on the Kilian and Kim (2011) simulation design. We generate
data under the alternative hypothesis of (B1; — 0.3) and test that the coefficient is equal to By for selected
values of By;. The results are reported for a nominal level of 5%, T' = 100, and different values of By;.
Based on 50,000 simulations. NWh is the Newey-West estimator with h lags; LLSW-EWC is the LLSW
implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW implementation of the
Newey-West estimator; LA denotes the Eicker-Huber-White estimator in a model augmented with an
additional lag; EHW denotes Eicker-Huber-White on the transformed data and JN denotes HC3 on the
transformed data; DFT and DCT indicate transformation using the discrete Fourier transform and the
discrete cosine transform, respectively. ¥ indicates transformation using the basis functions introduced in
Section 2. ¥-JN and ¥-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full
details.

LLSW DFT DCT v

NWh | EWC NW | LA | EHW N \EHW JN | EHW JN  JNbc
B11:0.50
0.714 | 0.634 0.675 | 0.729 | 0.693 0.678 | 0.689 0.692 | 0.686 0.690 0.705

h=1

h=4 10363 0.323 0.353 | 0.310 | 0.372 0.352 | 0.360 0.372 | 0.357 0.373 0.370
h=8 10420 | 0.387 0.409 | 0.356 | 0.439 0.440 | 0.434 0.450 | 0.432 0.452 0.449
h=1
h=1

210415 | 0.382 0412 | 0.364 | 0.443 0.444 | 0.439 0.451 | 0.434 0.455 0.445
6 | 0.403 | 0.385 0.412 | 0.362 | 0.441 0.435 | 0.435 0.449 | 0.435 0.455 0.445
B, =0.75

h=1 |0.722 | 0.638 0.678 | 0.754 | 0.707 0.690 | 0.698 0.703 | 0.695 0.706 0.720
h=4 10241 | 0.226 0.236 | 0.261 | 0.245 0.225 | 0.226 0.241 | 0.226 0.248 0.241
h=8 |0.279 | 0265 0.276 | 0.261 | 0.306 0.306 | 0.301 0.323 | 0.291 0.327 0.320
h=120.298 | 0.284 0.299 | 0.283 | 0.338 0.342 | 0.333 0.362 | 0.324 0.362 0.356
h =16 | 0.305 | 0.296 0.310 | 0.288 | 0.340 0.342 | 0.333 0.363 | 0.329 0.374 0.366
B =0.90
0.741 | 0.642 0.691 | 0.784 | 0.728 0.712 | 0.718 0.726 | 0.717 0.728 0.749

h=1

h=4 102011 0.189 0.198 | 0.263 | 0.197 0.188 | 0.179 0.200 | 0.176 0.212 0.213
h=8 |0.174| 0.177 0.174 | 0.190 | 0.197 0.183 | 0.182 0.214 | 0.175 0.218 0.217
h=1
h=1

210.199 | 0.197 0.199 | 0.200 | 0.231 0.223 | 0.217 0.254 | 0.211 0.261 0.253
6| 0.215 | 0.215 0.216 | 0.219 | 0.258 0.258 | 0.249 0.297 | 0.234 0.309 0.305
B, =097

h=1 |0.753 | 0.643 0.698 | 0.800 | 0.749 0.736 | 0.735 0.746 | 0.736 0.752 0.773
h=4 10194 | 0.182 0.187 | 0.273 | 0.186 0.187 | 0.168 0.206 | 0.166 0.224 0.229
h=8 |0.131 | 0.139 0.134 | 0.167 | 0.145 0.134 | 0.131 0.174 | 0.120 0.178 0.184
h =12 0.130 | 0.138 0.131 | 0.145 | 0.149 0.129 | 0.131 0.170 | 0.121 0.172 0.177
h=16 | 0.132 | 0.137 0.128 | 0.142 | 0.151 0.134 | 0.141 0.182 | 0.127 0.193 0.191
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Table 6. Size Distortion: Various Time-Series Regressions with Gaussian Errors. This table
presents the 95th percentile of size distortion of t-tests across 414 different regressions in each of 23
specifications using the simulation design in Lazarus et al. (2018). When the number of regression
parameters of interest, m, is greater than one, we report the average of the 95th percentiles. Predictive
regressions and local projections have forecast horizons denoted by h > 0. The final two rows report the
average and median size distortion across the 23 specifications. The results are reported for a nominal level
of 5%, T' = 200, and are based on 50,000 simulations. LLSW-NWtb is the LLSW implementation of the
“textbook” (TB) Newey-West estimator using fixed-b critical values; LLSW-EWC is the LLSW
implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW implementation of the
Newey-West estimator; EHW denotes Eicker-Huber-White on the transformed data and JN denotes HC3
on the transformed data; DFT and DCT indicate transformation using the discrete Fourier transform and
the discrete cosine transform, respectively. ¥ indicates transformation using the basis functions introduced
in Section 2. U-JN and ¥-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full
details.

LLSW DFT DCT v
Spec. m h | NWtb EWC NW |EHW JN |EHW JN |EHW JN JNbc
1 1 0 | 0040 0.021 0.026 | 0.014 0.012 | 0.017 0.006 | 0.018 0.003 0.006
2 5 0 | 0.015 0.010 0.012 | 0.010 0.003 | 0.013 0.001 | 0.014 0.000 0.004
3 10 0 | 0.020 0.014 0.016 | 0.017 -0.001 | 0.021 -0.003 | 0.021 -0.004 -0.001
4 1 1 0.039 0.019 0.025 | 0.012 0.010 | 0.015 0.006 | 0.017 0.003 0.006
) 1 4 | 0057 0.027v 0.034 | 0.017 0.014 | 0.021 0.010 | 0.023 0.005 0.010
6 1 8 | 0079 0.033 0.044 | 0.016 0.017 | 0.022 0.011 | 0.025 0.007 0.015
7 1 12| 0.090 0.034 0.046 | 0.021 0.022 | 0.029 0.015 | 0.032 0.009 0.019
8 3 1 0.014 0.010 0.011 | 0.007 0.003 | 0.009 0.001 | 0.010 0.001 0.005
9 3 4 | 0.023 0.017 0.018 | 0.008 0.006 | 0.012 0.002 | 0.014 0.000 0.009
10 3 8 | 0.027r 0.020 0.021 | 0.010 0.009 | 0.016 0.004 | 0.017 0.001 0.013
11 3 12 0.025 0.021 0.021 | 0.011 0.012 | 0.017 0.006 | 0.020 0.001 0.014
12 3 1 0.010 0.008 0.009 | 0.009 -0.002 | 0.011 -0.003 | 0.011 -0.004 -0.000
13 3 4 | 0.019 0.013 0.015] 0.013 0.002 | 0.016 -0.001| 0.017 -0.003 0.003
14 3 8 | 0.031 0.021 0.023 | 0.016 0.005 | 0.021 0.001 | 0.022 -0.002 0.006
15 3 12 0.033 0.024 0.026 | 0.018 0.008 | 0.024 0.003 | 0.026 -0.001 0.008
16 1 1 0.014 0.011 0.013 | 0.016 -0.004 | 0.017 -0.005 | 0.018 -0.006 -0.003
17 1 4 | 0021 0.017 0.018 | 0.019 -0.001 | 0.023 -0.004 | 0.024 -0.005 -0.002
18 1 8 | 0.033 0.025 0.027 | 0.023 0.002 | 0.029 -0.002 | 0.030 -0.006 -0.000
19 1 12| 0.039 0.030 0.032 | 0.025 0.006 | 0.032 -0.000 | 0.035 -0.005 0.002
20 3 1 0.042 0.020 0.026 | 0.016 0.009 | 0.021 0.005 | 0.022 0.002 0.005
21 3 4 | 0.065 0.026 0.034 | 0.019 0.013 | 0.025 0.008 | 0.027 0.004 0.009
22 3 8 | 0.076 0.033 0.042 | 0.023 0.016 | 0.029 0.011 | 0.032 0.006 0.012
23 3 12 0.093 0.037 0.050 | 0.023 0.021 | 0.031 0.012 | 0.034 0.007 0.015
Mean: 0.039 0.021 0.026 | 0.016 0.008 | 0.020 0.004 | 0.022 0.001 0.007
Median: 0.033 0.021 0.025 | 0.016 0.008 | 0.021 0.003 | 0.022 0.001 0.006
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Table 7. Power Loss: Various Time-Series Regressions with Gaussian Errors. This table
presents the 95th percentile of power loss of t-tests across 414 different regressions in each of 23
specifications using the simulation design in Lazarus et al. (2018). When the number of regression
parameters of interest, m, is greater than one, we report the average of the 95th percentiles. Predictive
regressions and local projections have forecast horizons denoted by h > 0. The final two rows report the
average and median power loss across the 23 specifications. The results are reported for a nominal level of
5%, T = 200, and are based on 50,000 simulations. LLSW-NWtb is the LLSW implementation of the
“textbook” (TB) Newey-West estimator using fixed-b critical values; LLSW-EWC is the LLSW
implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW implementation of the
Newey-West estimator; EHW denotes Eicker-Huber-White on the transformed data and JN denotes HC3
on the transformed data; DFT and DCT indicate transformation using the discrete Fourier transform and
the discrete cosine transform, respectively. ¥ indicates transformation using the basis functions introduced
in Section 2. U-JN and ¥-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full
details.

LLSW DFT DCT Y
Spec. m h | NWtb EWC NW |EHW JN |EHW JN | EHW JN JNbc
1 1 0 | 0.041 0.089 0.080 | 0.043 0.084 | 0.057 0.062 | 0.056 0.065 0.068
2 5 0 | 0.029 0.078 0.065| 0.018 0.034 | 0.023 0.026 | 0.023 0.027 0.046
3 10 0 | 0.029 0.078 0.066 | 0.016 0.039 | 0.023 0.028 | 0.023 0.029 0.046
4 1 1 0.043 0.088 0.079 | 0.041 0.075 | 0.0561 0.057 | 0.052 0.058 0.062
5 1 4 | 0.068 0.116 0.104 | 0.075 0.137 | 0.096 0.102 | 0.098 0.104 0.118
6 1 8 | 0.067 0.121 0.106 | 0.082 0.168 | 0.115 0.118 | 0.117 0.120 0.148
7 112 0.072 0.125 0.115 | 0.099 0.204 | 0.141 0.144 | 0.137 0.144 0.183
8 3 1 0.029 0.079 0.066 | 0.022 0.038 | 0.028 0.031 | 0.027 0.030 0.042
9 3 4 | 0041 0.091 0.077 | 0.042 0.070 | 0.054 0.058 | 0.054 0.057 0.088
10 3 8 | 0049 0.103 0.087 | 0.067 0.115 | 0.085 0.090 | 0.085 0.090 0.137
11 3 12| 0.051 0.100 0.083 | 0.074 0.141 | 0.100 0.105 | 0.099 0.105 0.173
12 3 1 0.026 0.076 0.064 | 0.011 0.021 | 0.014 0.016 | 0.014 0.016 0.023
13 3 4 | 0033 0.082 0.069 | 0.024 0.049 | 0.033 0.037 | 0.034 0.037 0.050
14 3 8 | 0.040 0.090 0.078 | 0.044 0.084 | 0.060 0.066 | 0.060 0.067 0.091
15 3 12] 0.042 0.090 0.078 | 0.053 0.111 | 0.075 0.084 | 0.076 0.083 0.118
16 1 1 0.027 0.076 0.064 | 0.010 0.020 | 0.013 0.015| 0.014 0.015 0.021
17 1 4 | 0.031 0.079 0.068 | 0.020 0.041 | 0.027 0.031 | 0.028 0.032 0.041
18 1 8 | 0.040 0.087 0.075 | 0.040 0.077 | 0.054 0.062 | 0.054 0.062 0.076
19 1 12] 0.045 0.092 0.080 | 0.061 0.117 | 0.079 0.090 | 0.079 0.091 0.110
20 3 1 0.039 0.087 0.077 | 0.035 0.069 | 0.046 0.054 | 0.046 0.054 0.058
21 3 4 | 0053 0.100 0.091 | 0.057 0.110 | 0.078 0.084 | 0.078 0.084 0.097
22 3 8 | 0065 0.119 0.105| 0.081 0.159 | 0.112 0.119 | 0.113 0.119 0.144
23 3 12 0.063 0.110 0.100 | 0.082 0.184 | 0.122 0.128 | 0.123 0.127 0.162
Mean: 0.044 0.094 0.082 | 0.048 0.093 | 0.065 0.070 | 0.065 0.070 0.091
Median: 0.041 0.090 0.078 | 0.043 0.084 | 0.057 0.062 | 0.056 0.065 0.088
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Table 8. Size Distortion: Various Time-Series Regressions with Empirical Errors. This table
presents the 95th percentile of size distortion of t-tests across 414 different regressions in each of 23
specifications using the simulation design in Lazarus et al. (2018). When the number of regression
parameters of interest, m, is greater than one, we report the average of the 95th percentiles. Predictive
regressions and local projections have forecast horizons denoted by h > 0. The final two rows report the
average and median size distortion across the 23 specifications. The results are reported for a nominal level
of 5%, T' = 200, and are based on 50,000 simulations. LLSW-NWtb is the LLSW implementation of the
“textbook” (TB) Newey-West estimator using fixed-b critical values; LLSW-EWC is the LLSW
implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW implementation of the
Newey-West estimator; EHW denotes Eicker-Huber-White on the transformed data and JN denotes HC3
on the transformed data; DFT and DCT indicate transformation using the discrete Fourier transform and
the discrete cosine transform, respectively. ¥ indicates transformation using the basis functions introduced
in Section 2. U-JN and ¥-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full
details.

LLSW DFT DCT Y
Spec. m h | NWtb EWC NW |EHW JN |EHW JN | EHW JN JNbc
1 1 0 | 0110 0.079 0.081 | 0.145 0.128 | 0.144 0.128 | 0.145 0.124 0.095
2 5 0 | 0.051 0.046 0.046 | 0.069 0.060 | 0.073 0.055 | 0.074 0.053 0.043
3 10 0 | 0.042 0.037 0.037 | 0.053 0.029 | 0.057 0.027 | 0.058 0.025 0.025
4 1 1 | 0.072 0.054 0.057 | 0.067 0.056 | 0.060 0.048 | 0.062 0.046 0.040
5 1 4 | 0.079 0.050 0.0567 | 0.062 0.055 | 0.061 0.053 | 0.063 0.047 0.043
6 1 8 | 0.091 0.061 0.060 | 0.043 0.042 | 0.045 0.038 | 0.049 0.033 0.033
7 1 12} 0.101 0.050 0.059 | 0.038 0.042 | 0.045 0.036 | 0.048 0.032 0.035
8 3 1 | 0.041 0.039 0.038 | 0.044 0.040 | 0.049 0.037 | 0.050 0.035 0.027
9 3 4 | 0039 0.038 0.035| 0.035 0.033 | 0.039 0.027 | 0.040 0.025 0.023
10 3 8 | 0045 0.042 0.042 | 0.038 0.034 | 0.044 0.032 | 0.047 0.027 0.029
11 3 12] 0.037 0.033 0.032 | 0.027 0.028 | 0.032 0.022 | 0.034 0.016 0.025
12 3 1 | 0.030 0.029 0.029 | 0.037 0.022 | 0.039 0.021 | 0.039 0.020 0.017
13 3 4 | 0.040 0.037 0.037 | 0.052 0.035 | 0.055 0.032 | 0.055 0.030 0.024
14 3 8 | 0.050 0.042 0.041 | 0.053 0.032 | 0.054 0.029 | 0.055 0.027 0.026
15 3 12] 0.047 0.039 0.039 | 0.039 0.026 | 0.043 0.021 | 0.046 0.016 0.023
16 1 1 | 0.035 0.032 0.033 | 0.049 0.024 | 0.051 0.023 | 0.052 0.022 0.016
17 1 4 | 0.042 0.037 0.038 | 0.057 0.029 | 0.062 0.026 | 0.062 0.024 0.017
18 1 8 | 0.053 0.045 0.046 | 0.059 0.028 | 0.063 0.025 | 0.064 0.021 0.018
19 1 12| 0.055 0.047 0.048 | 0.046 0.023 | 0.054 0.018 | 0.057 0.012 0.015
20 3 1 | 0067 0.044 0.049 | 0.059 0.043 | 0.059 0.042 | 0.060 0.039 0.036
21 3 4 | 0.081 0.061 0.057 | 0.063 0.048 | 0.062 0.046 | 0.065 0.042 0.035
22 3 8 | 0091 0.063 0.059 | 0.051 0.039 | 0.055 0.038 | 0.057 0.033 0.032
23 3 12] 0.105 0.049 0.060 | 0.038 0.035 | 0.046 0.028 | 0.048 0.023 0.028
Mean: 0.061 0.045 0.047 | 0.053 0.040 | 0.056 0.037 | 0.058 0.034 0.031
Median: 0.051 0.044 0.046 | 0.051 0.035| 0.054 0.032 | 0.055 0.027 0.027
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Table 9. Power Loss: Various Time-Series Regressions with Empirical Errors. This table
presents the 95th percentile of power loss of t-tests across 414 different regressions in each of 23
specifications using the simulation design in Lazarus et al. (2018). When the number of regression
parameters of interest, m, is greater than one, we report the average of the 95th percentiles. Predictive
regressions and local projections have forecast horizons denoted by h > 0. The final two rows report the
average and median power loss across the 23 specifications. The results are reported for a nominal level of
5%, T = 200, and are based on 50,000 simulations. LLSW-NWtb is the LLSW implementation of the
“textbook” (TB) Newey-West estimator using fixed-b critical values; LLSW-EWC is the LLSW
implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW implementation of the
Newey-West estimator; EHW denotes Eicker-Huber-White on the transformed data and JN denotes HC3
on the transformed data; DFT and DCT indicate transformation using the discrete Fourier transform and
the discrete cosine transform, respectively. ¥ indicates transformation using the basis functions introduced
in Section 2. U-JN and ¥-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full
details.

LLSW DFT DCT Y
Spec. m h | NWtb EWC NW |EHW JN |EHW JN | EHW JN JNbc
1 1 0 | 0.08 0.138 0.131 | 0.059 0.099 | 0.068 0.073 | 0.068 0.076 0.089
2 5 0 | 0.041 0.091 0.077 | 0.025 0.038 | 0.029 0.032 | 0.030 0.032 0.066
3 10 0 | 0.035 0.085 0.071 | 0.019 0.040 | 0.026 0.030 | 0.025 0.031 0.062
4 1 1 0.062 0.115 0.103 | 0.052 0.084 | 0.059 0.065 | 0.060 0.066 0.073
5 1 4 | 0.098 0.150 0.143 | 0.091 0.160 | 0.116 0.121 | 0.119 0.124 0.154
6 1 8 | 0.09 0.148 0.135| 0.101 0.182 | 0.133 0.141 | 0.131 0.138 0.164
7 1 12] 0.081 0.137 0.124 | 0.102 0.210 | 0.143 0.148 | 0.144 0.148 0.193
8 3 1 0.043 0.094 0.080 | 0.031 0.046 | 0.036 0.038 | 0.036 0.038 0.055
9 3 4 | 0053 0.105 0.091 | 0.051 0.081 | 0.063 0.068 | 0.063 0.067 0.104
10 3 8 | 0061 0.116 0.099 | 0.073 0.124 | 0.091 0.097 | 0.092 0.097 0.142
11 3 12| 0.056 0.102 0.085 | 0.078 0.148 | 0.104 0.109 | 0.103 0.110 0.174
12 3 1 0.030 0.081 0.068 | 0.013 0.021 | 0.016 0.017 | 0.016 0.017 0.024
13 3 4 | 0044 0.093 0.080 | 0.031 0.052 | 0.039 0.043 | 0.040 0.043 0.060
14 3 8 | 0051 0.101 0.088 | 0.050 0.090 | 0.067 0.073 | 0.066 0.071 0.104
15 3 12] 0.047 0.094 0.080 | 0.055 0.106 | 0.075 0.083 | 0.074 0.082 0.123
16 1 1 0.030 0.080 0.066 | 0.014 0.022 | 0.016 0.018 | 0.017 0.018 0.023
17 1 4 | 0.041 0.087 0.075 | 0.027 0.045 | 0.032 0.037 | 0.033 0.036 0.046
18 1 8 | 0.050 0.093 0.082 | 0.047 0.077 | 0.057 0.064 | 0.056 0.063 0.079
19 1 12| 0.047 0.091 0.080 | 0.054 0.106 | 0.072 0.080 | 0.072 0.083 0.103
20 3 1 0.055 0.107 0.096 | 0.041 0.076 | 0.054 0.061 | 0.054 0.061 0.065
21 3 4 | 0074 0.127 0.117 | 0.070 0.125 | 0.090 0.096 | 0.091 0.098 0.118
22 3 8 | 008 0.142 0.129 | 0.091 0.174 | 0.127 0.133 | 0.127 0.132 0.158
23 3 12 ] 0.074 0.126 0.115 | 0.094 0.193 | 0.133 0.138 | 0.134 0.142 0.175
Mean: 0.058 0.109 0.096 | 0.055 0.100 | 0.072 0.077 | 0.072 0.077 0.102
Median: 0.053 0.102 0.088 | 0.052 0.090 | 0.067 0.073 | 0.066 0.071 0.103
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Table 10. Empirical Size (HS). This table presents empirical size for the t-test of the null hypothesis
that 8 = 0 for the simulation design of Hidalgo and Schafgans (2021). The results are reported for a
nominal level of 5%, N = 50, and different values of T" and p. Results are based on 10,000 simulations. All
reported methods are defined and discussed on page 25.

LLSW DCT v

p T |EHW Ci Ct CGM CHS CHSbc DKA DK HS JN JN  JNbc
0.7 16 | 0.661 0.553 0.283 0.248 0.318 0.213 0.222 0.171 0.18 0.113 | 0.060 0.073
0.7 32 | 0688 0.560 0.282 0.244 0.217 0.166 0.155 0.133 0.130 0.092 | 0.057 0.063
0.7 64 | 0.688 0.559 0.268 0.234 0.140 0.117 0.109 0.099 0.085 0.071 | 0.054 0.058
0.7 128 | 0.692 0.559 0.260 0.226 0.102 0.088 0.081 0.078 0.069 0.062 | 0.052 0.053
0.9 16 | 0.737 0.558 0.443 0.359 0429 0.215 0.338 0.268 0.299 0.135| 0.052 0.061
0.9 32| 0.793 0.568 0.507 0.397 0379 0.217 0.282 0.241 0.245 0.126 | 0.059 0.061
0.9 64 | 0.810 0.559 0.528 0.406 0.264 0.182 0.196 0.187 0.171 0.109 | 0.058 0.062
0.9 128 | 0.816 0.558 0.536 0.408 0.181 0.138 0.141 0.146 0.119 0.088 | 0.059 0.060

Table 11. Size-Adjusted Empirical Power (HS). This table presents size-adjusted empirical power
for the t-test of the null hypothesis that § = 0 with data generated under the alternative hypothesis that
B = 0.3 for the simulation design of Hidalgo and Schafgans (2021). The results are reported for a nominal
level of 5%, N = 50, and different values of T' and p. Results are based on 10,000 simulations. All reported
methods are defined and discussed on page 25.

LLSW DCT v

p T |EHW Ci Ct CGM CHS CHSbc DKA DK HS JN JN  JNbc
0.7 16 | 0424 0.411 0.397 0.411 0352 0.362 0.361 0.323 0.373 0.379 | 0.399 0.376
0.7 32 | 0678 0.633 0.652 0.665 0.590 0.586 0.596 0.551 0.606 0.609 | 0.626 0.615
0.7 64 | 0915 0.878 0.900 0.905 0.858 0.857 0.863 0.827 0.873 0.862 | 0.860 0.859
0.7 128 | 0995 0.989 0.994 0994 0.989 0.989 0.989 0.983 0.991 0.988 | 0.986 0.987
0.9 16 | 0.263 0.258 0.252 0.268 0.255 0.246 0.243 0.229 0.229 0.257 | 0.299 0.283
0.9 32| 0352 0.341 0.341 0.366 0.331 0.330 0.310 0.309 0.298 0.327 | 0.353 0.347
0.9 64 | 0.514 0.491 0.506 0.518 0.460 0.460 0.456 0.449 0.455 0.461 | 0.490 0.485
0.9 128 | 0.754 0.712 0.745 0.753 0.700 0.695 0.695 0.699 0.707 0.679 | 0.703 0.700
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Appendix

A.1 Sufficient Conditions for High-Level Assumptions

In this section, we lay out simple sufficient conditions for the high-level assumptions given in the
main text. Throughout, we maintain that Assumption TS-1 and TS-2(7) holds. It is straightforward
to show that Assumptions T'S-2(iz)-TS-2(iv) hold under jointly elliptically symmetric data (which
encompasses joint normality). Here, we provide more general sufficient conditions which restrict
the degree of dependence. In particular, we will assume that {(v;, &)} are o-mixing (i.e., strong

mixing). Recall that a process is o-mixing if o(m) — 0 as m — oo, where

a(m) = sup sup |P(AN B) —P(A)P(B)], m > 0.

teZ AeFt ,BEFX,,

Here, F? := o ({(vi,e¢) 1 a <t < b}), F° =0 ({(vs,65) : s > t}), and FL  := o ({(vs,&5) : s < t}).

In addition, we assume there is a v > 1 such that
E[|ve|*] < oo, E[les]*] < 0. (A-1)

Sufficient conditions for Assumption TS-2(ii) Let 6 = (v —1)/v. If, in addition to the

restrictions on the moments given by equation (A-1), we have that

1

T
- > (m+1)2x(m)’ =0, (A-2)

m=0

then Assumption T'S-2(7) holds.

Sufficient conditions for Assumption TS-2(ii7) If, in addition to the restrictions on the

moments given by equation (A-1), we have that

T
> (m+1)%a(m)’ < o, (A-3)

m=0

then Assumption T'S-2(7i7) holds. The condition in equation (A-3) was also imposed in, for example,
Andrews (1991).

Sufficient conditions for Assumption TS-2(iv) Let equation (A-3) hold and assume
E[|v:|%] < o0, E[le|®] < oo. (A-4)

In addition, assume that the process {vie;} has absolutely summable cumulants up to order 4.
Then, Assumption TS-2(iv) holds. Note that the cumulant condition is a conventional assumption

in the time-series literature (e.g., Olea and Plagborg-Mgller, 2021).
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A.2 Proofs

Before proceeding to the proofs of the main results, we introduce the following lemma which we

rely on repeatedly in the proof of the propositions.

Lemma A.1. Let (; = ¢iur. Then,

(1) ¢ >0;
(i) S5 =G = 252

(iii) Y11 G = O (log (1) VT) ;
(iv) Z;A'le Gr=0 (T™/2) for m € N withm > 2 .

Proof of Lemma A.1. For (i), we have that

- Z < 2j1)> -1 mn(ﬂﬁT))
i= mtl 2T + 1 V2T +1 2r+1 )

As j € {1,..,T}, we know mUH) ¢ (5, m) which in turn implies tan (”2(%1711)) < 0 as tan(z) <0

2T+1
V2 e (§+ma,m+ma) and all a € Z, the result follows.

For (ii), by a series expansion at 7' = oo of (; we have that

2V2VT

~1/2
w(2j — 1) +O0(T )

G =

and the result follows. For (iii), note that from the above we have that

¢ -1 ta mj . T
o 0
J 2T + 1 oT+1 2T +1

so that

6 - (s (o
=7 \2veTr+1 2T+1 Tt

— 7T(j+1) ) _
< <2T—i—l /l/T tan <2T+1> dj) [1+0(T™Y).

Evaluating the integral, we obtain

! TG+1)\ ,. 2T+1 TG+ 1)\ |
/l/T tan <ﬂ“> d] = — T log (COS <W>>

1/T

2T
2T + 1 Cos (2T-:1>

=— log
T Tra(1+T-1

i cos ( (2T+1 )>
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From a series expansion at T' = oo, we then have that

! T+ 1) 2T +1 4 2 .
) df = — log (=T +=—0(T") ) = O(log (T
/1/Ttan ( T 1 > dj —— log <7r + - O( )) O(log (1))

and the result follows. Finally, for (iv), we have that

S-S (e oo ()
sre 3 [ () (st o (U2

Since 0 < csc2p(ﬂﬁpj_;21)) <ooVje{l,.,T} and sin(mrj) =0V j € Z,

T

1 (25— 1)\ . [(7(G—1-T)\1*
2p <P _ - me) =) _ ¢
sy [Fe (") (U
T .
. +17)
— P t 2p ﬂ'(j
JZ} o ( 2T + 1
T i
=T77) tan? .
j; an <2T+ 1)
By Theorem 2 of Shevelev and Moses (2014), we have

22p71(22p71 _ 1)
tan By, |T?P
Z o (2T—|—1> (2p)! [Bap| T,

where By, is a Bernoulli number and so the result holds for even m. For odd values of m, we can

use the Cauchy—Schwarz inequality and the result for even m to obtain the general result. O

Proof of Proposition 1. The middle of the variance estimator may be decomposed into
T
5252 _
Z gq]J Y =R+ +Rs,
=1 (1 —pjj)

where X1 is the (1,1) element of ¥ and

1 1 1< 1 & 1<
N R DN LIRS SRR Wt
j=1 j=1 j=1 j=1
1 T 1 T 1 T 1 T T
Ry =D qu; — > Elqfu]] =D Eluf] — =) D Elgjujgsud
j=1 j=1 j=1 j=1s=1
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T T
ZZE QJUJQSUS 211

7j=1s=1

H\H

We will show first that
1 X T T

T Z (w;E [UEI] wj)Q - % Z Z C (vtlvt2?‘€t1€t2 ij UU 1/151/1] [EE ] ws,
7=1

t1=1t2=1 j;és
and then that |R;| = o, (1) for i € {1,2,3,5} which will complete the proof.
We have that

1
Ry = T ZE [qjujqsus] = Rar + -+ - + Rua,

i#s
where
B =g Y ki), Re = D ElgulEll
0= ) (05,0, 85, 0s) 2= T 2 B E st
j#s J#s
1 1
Ry =~ > Bl Elujul, s =~ D Elgjus E fas]
J#s i
First,

4 (g5, 44, qj,uy)

IIMﬂ

LI
Ry = —7 ZZM (g5, uj,qs, us) +

j=1s=1

However, by standard properties of joint cumulants, we have

T T
1
_TZZF‘ﬂ(qjvuj?qS?us) = T T Z th]wtg,j Zwtg,stS H4(Ut176t27vt376t4)

j=1s=1 t1, t4_] 1

1
) ST,

t1=1t2=1
1 T T
- _T E E C(Utlvtzagtlgtg) )
t1=1t2=1

where we have used the orthonormality of ¥ and Assumption T'S-1(i7). The second term satisfies,

T
Z q]?“]? q]?“J) = 5 Z Z |¢t17]‘ ’wt%J’ |¢t37]‘ ’wt4,J| ! (Uh?gtw Utz 5154)
j=1 t1 ..... tg j=1
< 1
~ ﬁ Z K4 (Ut176t270t37€t4)
t1,...ta

so that

T T
1
Ry = th:ltzzlc(vtlvtga&lﬁtz) +0op (1),
1 2
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by Assumption TS—Q(ii). Next, we have

Rip = ij ve'] Yy [ve'] s
J#S
AN 1 T
2
= 2D WE e OE e o + = D (VB [v] 4y)
j=1s=1 j=1
1 1 &
= T[tr( —l—TZl wEva @b] ,
]:
where we have used the orthonormality of ¥. Thus, by Assumption TS-1(i7), we have that Ry =
2
% Eszl (1/}31&3[1}5’] @le) . Next, we can directly rewrite Ry3 = —% D jts PYIE [vo'] s [ee’] 1hs.
Finally, we have
1
Ry = ~= Z YiE [ve'] Y ULE [ve'] v;
jsﬁs

- ——Zws )2 s + = Z WE [ve'] ;)

where we have repeatedly used the orthonormality of ¥ along with Assumption TS-1(iz). Now we

consider Ry,

1
2 5252
‘%l‘ﬁlrgnjagXT (1 —pjj) _1"T : qj i

The second factor is O, (1) because we show that |R4] is O (1) and |R;| = 0, (1) for i € {2,3,5}.

The first factor is o, (1) because maxi<j<r |[p;j| = 0p (1). This follows because

X (T XX) X

max = 77! max
1<G<T Pl 1<5<T

< T i (T7H-X'X)

- max [[oX |

< 71y (p-1.x'x\" L.
S T i (T XX) 7 ma mae [z

However, under Assumption TS-2(444), we have that max;<j<7 |zj 1| = Op(T~'/*) and under As-
sumption TS-1(i7i), we have that Apin (T*1 X! X) — Op(1) and the result follows. Next, consider
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MRy. We have that Ry = 2?21 NRor, where

T T
1 ~ R 1 .
R =7 > @ —q)” (@5 — uy)?, Rz = 7 > (@ —a) ),
j=1 =1
T T
9 ~ R 1 _
Ros = 7 D (@ — 1) (i — ) uj, Por= 7 ) q; (U —uy)’,
j=1 =1
T T
2
9{25_fzq] (uj —uj) uj, m%_fz(q]_q])q] (1 =)
j=1 7=l
T T
5 4 _
Ror =7 > (@ — a5) a5, Ros = 7> (@ = 03) 45 (@ — wy)
j=1 7=l

Here,
g = 5 (X1 —vppn — (X2 — vpph) €)
G — qj = ¥} (Xo — vrh) (€ =€) + A,
Ag = (1 — fir) + (n2 — fi2) € + (n2 — fi2) (€ €),
and
B~y = (X o) (F-B) ~Ghue M= (u—0) (F-5) Ty, =

We can show that Ry, ..., Mo are oy (1) by repeatedly using elementary bounds and our assump-

tions. To see this, consider

T
Ro1 = %Z@—%)Q(ﬁj—ua‘)m
=1
1JT 2 x 2l ln 2
S 7 2 NGAP IGA + = D7 |0 (X2 — i) (€= )] 1Al
=1 j=1
1 & 9] NS 2
o DG ) (X = erid) (- B)|
j=1
1 d / / 2 / N (7 2
+TZ‘¢]'(X2_LTM2) (f—g)‘ ‘%(X—LTM)(B—@’ -

j=1
The first term is

T T
1 2 2 2 2 1
7O IGA G S TN X TIA % 5
j=1 j=1

The first two factors are Oy, (1) by Assumption TS-1 and the last factor is O, (T') by Lemma
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A.1. The second term is
1 d / / 2 2 2 2 1 d / I\12 2
= 20| (X = erh) (6 = )| IGA < TIAP x Tle = €7 x 5 D[ (X2 — ) | 2.
j=1 j=1

The first two factors are O, (1) by Assumption TS-1. The third factor is O, (Tﬁl) by Markov’s
inequality, Assumption T'S-2(7i7) and Lemma A.1. The third term follows by similar steps. Finally,

U (X —ert) (5-)|

1 d / / 2
7o ‘%‘ (X2 — o) (€ — 2)‘
=1

< rlem % Bo 8 x s S (e - ena) P (X - e
j=1

The first two factors are O, (1) by Assumption TS-1 and the last factor is O, (T*Q) by Markov’s
inequality, the Cauchy-Schwarz inequality and Assumption T'S-2(7i7). The bounds for the remaining

terms can be obtained by similar steps. O

Proof of Proposition 2. This result follows by Proposition 1 and the bound

9 T 2 1 T
72 (WE[e]195)" £ 5 D Amax(Elve] + E[v'])?,
Jj=1 g=1
where we have used the orthonormality of . O

Proof of Proposition 3. The proof follows directly from Proposition 1 and the stated assump-

tions. ]
Proof of Proposition 4. This proof follows by similar steps as in the proof of Proposition 1. [

Proof of Proposition 5. This proof follows by similar steps as in the proof of Proposition 3. [
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SA-A Time Series: Additional Simulation Results

SA-A.1 GL Design

SA-A.1.1 Sample Size, T'= 120

Table SA.1. Size: Predictive Regression with Homoskedastic errors. This table presents
empirical size of the t-tests for B§h) and ﬁéh) with h € {1,12} based on the Gungor and Luger (2020)
simulation design. The results are reported for a nominal level of 5%, T' = 120, and different values of ¢1;
and pg, . Based on 50,000 simulations. NWh is the Newey-West estimator with h lags; LLSW-EWC is
the LLSW implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW
implementation of the Newey-West estimator; EHW denotes Eicker-Huber-White on the transformed data
and JN denotes HC3 on the transformed data; DFT and DCT indicate transformation using the discrete
Fourier transform and the discrete cosine transform, respectively. ¥ indicates transformation using the
basis functions introduced in Section 2. ¥-JN and ¥-JNbc are defined in equations (15) and (28),
respectively. See Section 4 for full details.

LLSW DFT DCT v

$11 Pz | NWh | EWC NW | EHW JN | EHW JN |EHW JN  JNbc
M
1

0.90 0.00 | 0.068 | 0.081 0.081 | 0.094 0.068 | 0.107 0.062 | 0.110 0.051 0.056
0.90 -0.90 | 0.099 | 0.109 0.113 | 0.040 0.015 | 0.052 0.014 | 0.057 0.011 0.012
0.99 0.00 | 0.066 | 0.091 0.091 | 0.132 0.071 | 0.171 0.061 | 0.160 0.041 0.044
0.99 -090|0.179 | 0.176 0.190 | 0.129 0.041 | 0.157 0.019 | 0.168 0.011 0.011

Y
0.90 0.00 | 0.066 | 0.078 0.078 | 0.093 0.068 | 0.107 0.062 | 0.109 0.050 0.057
0.90 -0.90 | 0.090 | 0.083 0.087 | 0.087 0.061 | 0.105 0.053 | 0.108 0.045 0.048
0.99 0.00 | 0.066 | 0.088 0.089 | 0.133 0.071 ] 0.170 0.061 | 0.162 0.039 0.044

0.99 -0.90 | 0.153 | 0.144 0.156 | 0.158 0.085 | 0.202 0.062 | 0.200 0.040 0.042
(12)
1

0.90 0.00 | 0.422 | 0.154 0.184 | 0.149 0.106 | 0.180 0.091 | 0.185 0.068 0.072
0.90 -0.90 | 0.401 | 0.140 0.172 | 0.076 0.072 | 0.106 0.047 | 0.115 0.040 0.048
0.99 0.00 | 0.476 | 0.170 0.206 | 0.205 0.116 | 0.258 0.091 | 0.247 0.059 0.061

0.99 -0.90 | 0.507 | 0.198 0.242 | 0.179 0.117 | 0.220 0.053 | 0.241 0.040 0.041

(12)
2

0.90 0.00 | 0.414 | 0.151 0.178 | 0.149 0.104 | 0.177 0.091 | 0.180 0.068 0.073
0.90 -0.90 | 0.451 | 0.166 0.196 | 0.163 0.111 | 0.195 0.092 | 0.198 0.065 0.067
0.99 0.00 | 0.475 | 0.169 0.206 | 0.202 0.114 | 0.256 0.090 | 0.244 0.060 0.062
0.99 -0.90 | 0.573 | 0.251 0.295 | 0.266 0.149 | 0.316 0.102 | 0.316 0.066 0.064




Table SA.2. Power: Predictive Regression with Homoskedastic errors. This table presents
empirical power of the t-tests for ﬁih) and Béh) with h € {1,12} based on the Gungor and Luger (2020)
simulation design. The results are reported for a nominal level of 5%, T' = 120, and different values of ¢1;
and ps, . Based on 50,000 simulations. NWh is the Newey-West estimator with h lags; LLSW-EWC is
the LLSW implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW
implementation of the Newey-West estimator; EHW denotes Eicker-Huber-White on the transformed data
and JN denotes HC3 on the transformed data; DFT and DCT indicate transformation using the discrete
Fourier transform and the discrete cosine transform, respectively. ¥ indicates transformation using the
basis functions introduced in Section 2. ¥-JN and W-JNbc are defined in equations (15) and (28),
respectively. See Section 4 for full details.

LLSW DFT DCT v
$11 Payr | NWh | EWC NW | EHW JN | EHW JN |EHW JN  JNbc

B
0.90 0.00 | 0.555 | 0.467 0.501 | 0.523 0.444 | 0.508 0.480 | 0.510 0.476 0.460
0.90 -0.90 | 0.509 | 0.452 0.476 | 0.492 0.408 | 0.480 0.447 | 0.473 0.446 0.442

0.99 0.00 | 0.832 | 0.743 0.778 | 0.753 0.625 | 0.701 0.656 | 0.730 0.680 0.664

0.99 -0.90 | 0.605 | 0.545 0.576 | 0.526 0.395 | 0.496 0.514 | 0.469 0.527 0.524
(M)
2

0.90 0.00 | 0.560 | 0.470 0.503 | 0.520 0.444 | 0.509 0.475 | 0.510 0.476 0.458
0.90 -0.90 | 0.494 | 0.409 0.437 | 0.478 0.368 | 0.457 0.407 | 0.461 0.394 0.386
0.99 0.00 | 0.830 | 0.746 0.779 | 0.757 0.635 | 0.712 0.659 | 0.734 0.686 0.668

0.99 -0.90 | 0.690 | 0.588 0.621 | 0.644 0.428 | 0.586 0.461 | 0.613 0.464 0.458
(12)
1

0.90 0.00 | 0.590 | 0.540 0.540 | 0.560 0.500 | 0.547 0.533 | 0.558 0.542 0.514
0.90 -0.90 | 0.637 | 0.565 0.591 | 0.603 0.376 | 0.569 0.510 | 0.552 0.464 0.402
099 0.00 | 0.773 | 0.726 0.722 | 0.675 0.555 | 0.615 0.598 | 0.655 0.639 0.615

0.99 -0.90 | 0.703 | 0.647 0.662 | 0.615 0.423 | 0.582 0.553 | 0.566 0.556 0.526
)
2

0.90 0.00 | 0.597 | 0.544 0.544 | 0.570 0.504 | 0.554 0.537 | 0.563 0.547 0.517
0.90 -0.90 | 0.551 | 0.496 0.496 | 0.518 0.469 | 0.504 0.492 | 0.516 0.512 0.491
0.99 0.00 | 0.777 | 0.733 0.731 | 0.688 0.566 | 0.623 0.606 | 0.657 0.637 0.613
0.99 -0.90 | 0.685 | 0.624 0.621 | 0.586 0.453 | 0.517 0.497 | 0.553 0.544 0.530




SA-A.1.2 Sample Size, T' = 240

Table SA.3. Size: Predictive Regression with GARCH errors. This table presents empirical size
of the t-tests for ﬂ%h) and 6§h) with h € {1,12} based on the Gungor and Luger (2020) simulation design.
The results are reported for a nominal level of 5%, T = 240, and different values of ¢1; and p,,.. Based on
50,000 simulations. NWh is the Newey-West estimator with h lags; LLSW-EWC is the LLSW
implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW implementation of the
Newey-West estimator; EHW denotes Eicker-Huber-White on the transformed data and JN denotes HC3
on the transformed data; DFT and DCT indicate transformation using the discrete Fourier transform and
the discrete cosine transform, respectively. ¥ indicates transformation using the basis functions introduced
in Section 2. U-JN and ¥-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full
details.

LLSW DFT DCT v

¢11 Per | NWh | EWC NW | EHW JN | EHW JN | EHW JN JNbc
M
1

0.90 0.00 | 0.057 | 0.066 0.063 | 0.076 0.063 | 0.083 0.058 | 0.087 0.052 0.054
0.90 -0.90 | 0.075 | 0.087 0.086 | 0.033 0.018 | 0.041 0.018 | 0.044 0.014 0.012
0.99 0.00 | 0.058 | 0.079 0.079 | 0.130 0.071 | 0.163 0.066 | 0.156 0.045 0.048
0.99 -0.90 | 0.162 | 0.165 0.170 | 0.117 0.034 | 0.142 0.021 | 0.155 0.012 0.012

a3V
0.90 0.00 | 0.059 | 0.067 0.064 | 0.076 0.063 | 0.085 0.058 | 0.087 0.0b1 0.055
0.90 -0.90 | 0.070 | 0.067 0.065 | 0.070 0.055 ] 0.081 0.050 | 0.082 0.043 0.047

0.99 0.00 | 0.058 | 0.079 0.079 | 0.128 0.071 | 0.160 0.064 | 0.154 0.044 0.047

0.99 -0.90 | 0.133 | 0.129 0.132 | 0.143 0.081 | 0.181 0.060 | 0.181 0.043 0.044
(12)
1

0.90 0.00 | 0.392 | 0.104 0.120 | 0.104 0.086 | 0.121 0.077 | 0.124 0.065 0.065
0.90 -0.90 | 0.395 | 0.117 0.135 | 0.047 0.045 | 0.065 0.035 | 0.067 0.030 0.030
0.99 0.00 | 0.460 | 0.120 0.145 | 0.168 0.098 | 0.207 0.081 | 0.201 0.057 0.057

0.99 -0.90 | 0.533 | 0.183 0.214 | 0.140 0.069 | 0.172 0.039 | 0.189 0.030 0.029

(12)
2

0.90 0.00 | 0.392 | 0.103 0.119 | 0.102 0.086 | 0.120 0.076 | 0.120 0.062 0.062
0.90 -0.90 | 0413 | 0.110 0.125 | 0.107 0.089 | 0.126 0.077 | 0.130 0.063 0.063
0.99 0.00 | 0.461 | 0.119 0.143 | 0.166 0.096 | 0.205 0.081 | 0.200 0.055 0.055
0.99 -0.90 | 0.562 | 0.188 0.217 | 0.203 0.124 | 0.250 0.090 | 0.250 0.062 0.062




Table SA.4. Power: Predictive Regression with GARCH errors. This table presents empirical
power of the t-tests for ﬁih) and Béh) with h € {1,12} based on the Gungor and Luger (2020) simulation
design. The results are reported for a nominal level of 5%, T' = 240, and different values of ¢1; and p,, .
Based on 50,000 simulations. N'Wh is the Newey-West estimator with h lags; LLSW-EWC is the LLSW
implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW implementation of the
Newey-West estimator; EHW denotes Eicker-Huber-White on the transformed data and JN denotes HC3
on the transformed data; DFT and DCT indicate transformation using the discrete Fourier transform and
the discrete cosine transform, respectively. ¥ indicates transformation using the basis functions introduced
in Section 2. U-JN and ¥-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full
details.

LLSW DFT DCT v
$11 Payr | NWh | EWC NW | EHW JN | EHW JN |EHW JN  JNbc

B
0.90 0.00 |0.998 | 0.996 0.996 | 0.998 0.996 | 0.997 0.997 | 0.997 0.997 0.997
0.90 -0.90 | 0.992 | 0.986 0.987 | 0.991 0.986 | 0.990 0.989 | 0.990 0.989 0.990

0.99 0.00 | 1.000 | 1.000 1.000 | 1.000 0.999 | 0.999 0.999 | 1.000 0.999 0.999

0.99 -0.90 | 0.998 | 0.996 0.996 | 0.996 0.987 | 0.994 0.996 | 0.992 0.997 0.997
(M)
2

0.90 0.00 | 0.998 | 0.995 0.996 | 0.997 0.995 | 0.997 0.997 | 0.997 0.996 0.996
0.90 -0.90 | 0.997 | 0.995 0.995 | 0.997 0.994 | 0.997 0.996 | 0.997 0.996 0.995
0.99 0.00 | 1.000 | 1.000 1.000 | 1.000 0.998 | 1.000 0.999 | 1.000 0.999 0.999
0.99 -0.90 | 1.000 | 0.999 0.999 | 0.999 0.991 | 0.999 0.997 | 0.999 0.997 0.997

(12)
1

0.90 0.00 | 0.997 | 0.996 0.996 | 0.998 0.992 | 0.997 0.995 | 0.996 0.995 0.995
0.90 -0.90 | 0.999 | 0.998 0.998 | 0.999 0.998 | 0.999 0.999 | 0.999 0.999 0.999
0.99 0.00 | 1.000 | 0.999 0.999 | 0.999 0.996 | 0.998 0.998 | 0.999 0.998 0.998

0.99 -0.90 | 0.999 | 0.999 0.999 | 0.999 0.991 | 0.999 0.999 | 0.999 0.999 0.999
)
2

0.90 0.00 | 0.998 | 0.996 0.996 | 0.998 0.992 | 0.997 0.996 | 0.997 0.996 0.996
0.90 -0.90 | 0.998 | 0.996 0.996 | 0.997 0.989 | 0.996 0.994 | 0.996 0.994 0.994
0.99 0.00 | 1.000 | 1.000 1.000 | 0.999 0.995 | 0.999 0.998 | 0.999 0.998 0.998
0.99 -0.90 | 0.999 | 0.999 0.999 | 0.999 0.979 | 0.997 0.993 | 0.997 0.995 0.995




Table SA.5. Size: Predictive Regression with Homoskedastic errors. This table presents
empirical size of the t-tests for ﬂYL) and ﬁéh) with h € {1,12} based on the Gungor and Luger (2020)
simulation design. The results are reported for a nominal level of 5%, T' = 240, and different values of ¢1;
and ps, . Based on 50,000 simulations. NWh is the Newey-West estimator with h lags; LLSW-EWC is
the LLSW implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW
implementation of the Newey-West estimator; EHW denotes Eicker-Huber-White on the transformed data
and JN denotes HC3 on the transformed data; DFT and DCT indicate transformation using the discrete
Fourier transform and the discrete cosine transform, respectively. ¥ indicates transformation using the
basis functions introduced in Section 2. ¥-JN and W-JNbc are defined in equations (15) and (28),
respectively. See Section 4 for full details.

LLSW DFT DCT v
$11 Payr | NWh | EWC NW | EHW JN | EHW JN |EHW JN  JNbc

B
0.90 0.00 |0.063 | 0.073 0.072 | 0.078 0.069 | 0.085 0.060 | 0.091 0.055 0.056
0.90 -0.90 | 0.075 | 0.087 0.088 | 0.025 0.011 | 0.031 0.014 | 0.033 0.009 0.010

0.99 0.00 | 0.056 | 0.085 0.086 | 0.131 0.066 | 0.162 0.068 | 0.155 0.047 0.049

0.99 -0.90 | 0.157 | 0.165 0.171 | 0.105 0.028 | 0.128 0.018 | 0.145 0.010 0.010
(M)
2

0.90 0.00 | 0.058 | 0.072 0.069 | 0.079 0.065 | 0.094 0.065 | 0.092 0.055 0.057
0.90 -0.90 | 0.070 | 0.067 0.067 | 0.072 0.054 | 0.084 0.054 | 0.083 0.045 0.046
0.99 0.00 | 0.066 | 0.094 0.093 | 0.136 0.074 | 0.168 0.067 | 0.160 0.045 0.047

0.99 -0.90 | 0.143 | 0.139 0.147 | 0.148 0.084 | 0.191 0.062 | 0.189 0.041 0.042
)
1

0.90 0.00 | 0.395| 0.105 0.122 | 0.102 0.083 | 0.113 0.073 | 0.116 0.055 0.056
0.90 -0.90 | 0.392 | 0.115 0.136 | 0.041 0.041 | 0.056 0.030 | 0.061 0.027 0.027
0.99 0.00 | 0.454 | 0.116 0.140 | 0.165 0.102 | 0.208 0.079 | 0.201 0.056 0.057

0.99 -0.90 | 0.534 | 0.179 0.211 | 0.125 0.064 | 0.161 0.036 | 0.173 0.027 0.028
)
2

0.90 0.00 | 0.395 | 0.108 0.127 | 0.100 0.082 | 0.124 0.076 | 0.116 0.062 0.064
0.90 -0.90 | 0.407 | 0.118 0.131 | 0.106 0.088 | 0.127 0.077 | 0.129 0.062 0.063
0.99 0.00 | 0.469 | 0.133 0.159 | 0.174 0.097 | 0.209 0.080 | 0.209 0.058 0.059
0.99 -0.90 | 0.574 | 0.205 0.233 | 0.212 0.131 | 0.257 0.088 | 0.259 0.062 0.063




Table SA.6. Power: Predictive Regression with Homoskedastic errors. This table presents
empirical power of the t-tests for ﬁih) and Béh) with h € {1,12} based on the Gungor and Luger (2020)
simulation design. The results are reported for a nominal level of 5%, T' = 240, and different values of ¢11
and ps, . Based on 50,000 simulations. NWh is the Newey-West estimator with h lags; LLSW-EWC is
the LLSW implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW
implementation of the Newey-West estimator; EHW denotes Eicker-Huber-White on the transformed data
and JN denotes HC3 on the transformed data; DFT and DCT indicate transformation using the discrete
Fourier transform and the discrete cosine transform, respectively. ¥ indicates transformation using the
basis functions introduced in Section 2. ¥-JN and W-JNbc are defined in equations (15) and (28),
respectively. See Section 4 for full details.

LLSW DFT DCT v
$11 Payr | NWh | EWC NW | EHW JN | EHW JN |EHW JN  JNbc

B
0.90 0.00 | 0.878 | 0.821 0.831 | 0.854 0.795 | 0.847 0.828 | 0.838 0.828 0.819
0.90 -0.90 | 0.810 | 0.779 0.783 | 0.796 0.755 | 0.789 0.775 | 0.781 0.780 0.775

0.99 0.00 | 0994 | 098¢ 0.988 | 0.984 0.949 | 0.970 0.963 | 0.974 0.967 0.964

0.99 -0.90 | 0.924 | 0.895 0.906 | 0.874 0.799 | 0.859 0.900 | 0.828 0.904 0.904
M
2

0.90 0.00 | 0.879 | 0.837 0.841 | 0.853 0.815 | 0.837 0.821 | 0.842 0.826 0.819
0.90 -0.90 | 0.858 | 0.813 0.821 | 0.850 0.774 | 0.833 0.798 | 0.841 0.805 0.800
0.99 0.00 | 0.994 | 0.984 0.986 | 0.978 0.937 | 0.969 0.958 | 0.975 0.967 0.964
0.99 -0.90 | 0.972 | 0.950 0.954 | 0.959 0.816 | 0.937 0.884 | 0.948 0.902 0.904

(12)
1

0.90 0.00 | 0.886 | 0.856 0.856 | 0.870 0.801 | 0.854 0.831 | 0.859 0.851 0.850
0.90 -0.90 | 0.905 | 0.887 0.893 | 0.916 0.832 | 0.905 0.893 | 0.897 0.880 0.878
0.99 0.00 | 0.987 | 0.977 0.976 | 0.965 0.896 | 0.942 0.935 | 0.960 0.946 0.945

0.99 -0.90 | 0.952 | 0.948 0.953 | 0.932 0.779 | 0.915 0.917 | 0.901 0.926 0.926
)
2

0.90 0.00 | 0.886 | 0.846 0.847 | 0.875 0.801 | 0.844 0.835 | 0.859 0.840 0.840
0.90 -0.90 | 0.859 | 0.815 0.807 | 0.849 0.758 | 0.819 0.800 | 0.825 0.793 0.792
0.99 0.00 | 0981 | 0.975 0.972 | 0.958 0.882 | 0.938 0.922 | 0.948 0.940 0.939
0.99 -0.90 | 0.952 | 0.933 0.932 | 0.929 0.724 | 0.884 0.832 | 0.897 0.846 0.847




SA-A.2 KK Design

Table SA.7. Size: Local Projections with Chi-Square(1) errors. This table presents empirical size
of the t-test for B\ with h € {1,4,8,12,16} based on the Kilian and Kim (2011) simulation designs. The
results are reported for a nominal level of 5%, T' = 100, and different values of By;. Based on 50,000
simulations. NWh is the Newey-West estimator with h lags; LLSW-EWC is the LLSW implementation
of the equal-weighted cosine estimator; LLSW-NW is the LLSW implementation of the Newey-West
estimator; LA denotes the Eicker-Huber-White estimator in a model augmented with an additional lag;
EHW denotes Eicker-Huber-White on the transformed data and JN denotes HC3 on the transformed
data; DFT and DCT indicate transformation using the discrete Fourier transform and the discrete cosine
transform, respectively. ¥ indicates transformation using the basis functions introduced in Section 2. ¥-JN
and WU-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full details.

LLSW DFT DCT L4
NWh | EWC NW | LA |EHW JN |EHW JN |EHW JN JNbc

B =0.50

h=1 |0.079 | 0.075 0.080 | 0.074 | 0.059 0.054 | 0.064 0.052 | 0.064 0.050 0.071
h=4 |0.117 | 0.086 0.093 | 0.127 | 0.050 0.044 | 0.056 0.038 | 0.056 0.036 0.052
h=8 |0.119 | 0.073 0.082 | 0.125 | 0.047 0.038 | 0.051 0.034 | 0.053 0.030 0.048
h =12 0.135 | 0.070 0.079 | 0.127 | 0.048 0.039 | 0.052 0.035 | 0.054 0.031 0.049
h =16 | 0.150 | 0.065 0.075 | 0.128 | 0.050 0.041 | 0.055 0.037 | 0.058 0.034 0.054

By =0.75

h=1 |0.069 | 0.074 0.076 | 0.055 | 0.058 0.052 | 0.064 0.049 | 0.065 0.047 0.057
h=4 |0.130 | 0.089 0.099 | 0.137 | 0.059 0.048 | 0.065 0.043 | 0.068 0.039 0.050
h=8 |0.146 | 0.090 0.103 | 0.162 | 0.055 0.047 | 0.064 0.039 | 0.067 0.035 0.049
h =12 0.154 | 0.078 0.091 | 0.159 | 0.053 0.040 | 0.060 0.033 | 0.063 0.029 0.043
h =16 | 0.166 | 0.072 0.087 | 0.157 | 0.054 0.043 | 0.062 0.035 | 0.068 0.029 0.044

B =0.90

h = 0.063 | 0.075 0.077 | 0.037 | 0.052 0.045 | 0.059 0.041 | 0.059 0.039 0.042
h=4 |0.139 | 0.093 0.105 | 0.126 | 0.068 0.049 | 0.074 0.044 | 0.076 0.039 0.046
h=8 |0.177 | 0.108 0.126 | 0.186 | 0.070 0.059 | 0.081 0.047 | 0.087 0.041 0.051
h=1210.195 | 0.102 0.125 | 0.197 | 0.072 0.061 | 0.083 0.045 | 0.091 0.039 0.052
h=16|0.202 | 0.092 0.115 | 0.190 | 0.067 0.052 | 0.078 0.037 | 0.087 0.031 0.043

By, =097

h=1 |0.061 | 0.078 0.079 | 0.029 | 0.044 0.038 | 0.052 0.035 | 0.053 0.031 0.032
h=4 |0.143 | 0.097 0.109 | 0.116 | 0.074 0.047 | 0.080 0.043 | 0.083 0.035 0.040
h=8 |0.194 | 0.120 0.142 | 0.187 | 0.083 0.063 | 0.093 0.050 | 0.099 0.043 0.048
h=12|0.229 | 0.128 0.156 | 0.220 | 0.094 0.082 | 0.105 0.058 | 0.116 0.052 0.060
h =16 | 0.257 | 0.129 0.160 | 0.232 | 0.100 0.088 | 0.113 0.060 | 0.127 0.052 0.060




Table SA.8. Power: Local Projections with Chi-Square(1) errors. This table presents empirical

power of the t-test for BYL) with h € {1,4,8,12,16} based on the Kilian and Kim (2011) simulation design.
We generate data under the alternative hypothesis of (B11 — 0.3) and test that the coefficient is equal to
By for selected values of By;. The results are reported for a nominal level of 5%, T' = 100, and different
values of By;. Based on 50,000 simulations. NWh is the Newey-West estimator with h lags;
LLSW-EWC is the LLSW implementation of the equal-weighted cosine estimator; LLSW-NW is the
LLSW implementation of the Newey-West estimator; LA denotes the Eicker-Huber-White estimator in a
model augmented with an additional lag; EHW denotes Eicker-Huber-White on the transformed data and
JN denotes HC3 on the transformed data; DFT and DCT indicate transformation using the discrete
Fourier transform and the discrete cosine transform, respectively. W indicates transformation using the
basis functions introduced in Section 2. U-JN and ¥-JNbc are defined in equations (15) and (28),
respectively. See Section 4 for full details.

LLSW DFT DCT v
NWh | EWC NW | LA |EHW JN |EHW JN |EHW JN JNbc

B =0.50

0.826 | 0.710 0.753 | 0.820 | 0.765 0.749 | 0.756 0.758 | 0.753 0.761 0.793
0.412 | 0.365 0.386 | 0.352 | 0.459 0.439 | 0.443 0.454 | 0.440 0.456 0.442
0.428 | 0.398 0.415 | 0.344 | 0472 0473 | 0.469 0.484 | 0.465 0.482 0.467
0.401 | 0.374 0.397 | 0.335 | 0.460 0.458 | 0.455 0.471 | 0.454 0.479 0.452
0.378 | 0.372 0.391 | 0.318 | 0.443 0.444 | 0.437 0.451 | 0.431 0.455 0.424

[\

ST
Il
— = 00 B

(=)

Bll = 075

0.849 | 0.731 0.771 | 0.855 | 0.794 0.779 | 0.785 0.789 | 0.782 0.790 0.828
0.306 | 0.274 0.288 | 0.305 | 0.328 0.304 | 0.307 0.324 | 0.305 0.328 0.317
0.283 | 0.265 0.272 | 0.250 | 0.343 0.333 | 0.327 0.354 | 0.323 0.359 0.333
0.285 | 0.274 0.281 | 0.251 | 0.354 0.363 | 0.346 0.378 | 0.341 0.386 0.363
0.274 | 0.277 0.283 | 0.246 | 0.344 0.344 | 0.334 0.365 | 0.327 0.372 0.354

I I
O

SoSSS S
I

= = 00 > =

[«

B =0.90

0.874 | 0.753 0.796 | 0.891 | 0.836 0.822 | 0.828 0.834 | 0.827 0.834 0.869
0.268 | 0.236 0.249 | 0.313 | 0.266 0.254 | 0.249 0.276 | 0.241 0.284 0.286
0.188 | 0.182 0.181 | 0.190 | 0.240 0.208 | 0.214 0.248 | 0.207 0.251 0.240
0.184 | 0.185 0.183 | 0.174 | 0.250 0.236 | 0.232 0.272 | 0.225 0.279 0.2539
0.193 | 0.198 0.197 | 0.179 | 0.257 0.267 | 0.249 0.304 | 0.236 0.314 0.294

[\

ST
I
— = 00 W

(=)

Bll - 097

0.887 | 0.765 0.807 | 0.910 | 0.868 0.853 | 0.859 0.865 | 0.857 0.867 0.892
0.254 | 0.223 0.236 | 0.321 | 0.246 0.249 | 0.226 0.264 | 0.222 0.288 0.295
0.144 | 0.143 0.143 | 0.166 | 0.177 0.154 | 0.155 0.197 | 0.146 0.205 0.205
210124 | 0.130 0.125 | 0.129 | 0.165 0.136 | 0.146 0.188 | 0.138 0.192 0.186
6 | 0.119 | 0.127 0.120 | 0.119 | 0.166 0.146 | 0.152 0.198 | 0.139 0.202 0.195

Il s s
Il
— = 00 s




Table SA.9. Size: Local Projections with Gaussian errors. This table presents empirical size of the
t-test for BYL) with h € {1,4,8,12,16} based on the Kilian and Kim (2011) simulation designs. The results
are reported for a nominal level of 5%, T' = 100, and different values of By;. Based on 50,000 simulations.
NWh is the Newey-West estimator with h lags; LLSW-EWC is the LLSW implementation of the
equal-weighted cosine estimator; LLSW-NW is the LLSW implementation of the Newey-West estimator;
LA denotes the Eicker-Huber-White estimator in a model augmented with an additional lag; EHW
denotes Eicker-Huber-White on the transformed data and JN denotes HC3 on the transformed data; DFT
and DCT indicate transformation using the discrete Fourier transform and the discrete cosine transform,
respectively. ¥ indicates transformation using the basis functions introduced in Section 2. ¥-JN and
P-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full details.

LLSW DFT DCT v
NWh | EWC NW | LA |EHW JN |EHW JN |EHW JN JNbc
B =0.50

0.065 | 0.058 0.062 | 0.052 | 0.059 0.054 | 0.064 0.051 | 0.064 0.049 0.056
0.099 | 0.069 0.076 | 0.105 | 0.051 0.045 | 0.057 0.041 | 0.058 0.037 0.045
0.109 | 0.066 0.073 | 0.108 | 0.050 0.040 | 0.055 0.035 | 0.057 0.032 0.043
0.127 | 0.064 0.072 | 0.106 | 0.050 0.041 | 0.056 0.037 | 0.058 0.033 0.045
0.142 | 0.064 0.072 | 0.105 | 0.052 0.043 | 0.058 0.038 | 0.060 0.035 0.050
B11 = 075

0.069 | 0.074 0.076 | 0.055 | 0.058 0.052 | 0.064 0.049 | 0.065 0.047 0.057
0.130 | 0.089 0.099 | 0.137 | 0.059 0.048 | 0.065 0.043 | 0.068 0.039 0.050
0.146 | 0.090 0.103 | 0.162 | 0.055 0.047 | 0.064 0.039 | 0.067 0.035 0.049
0.154 | 0.078 0.091 | 0.159 | 0.053 0.040 | 0.060 0.033 | 0.063 0.029 0.043
0.166 | 0.072 0.087 | 0.157 | 0.054 0.043 | 0.062 0.035 | 0.068 0.029 0.044
B11 =0.90

0.065 | 0.064 0.068 | 0.023 | 0.050 0.042 | 0.057 0.039 | 0.058 0.036 0.040
0.129 | 0.080 0.094 | 0.108 | 0.070 0.048 | 0.078 0.046 | 0.079 0.039 0.044
0.169 | 0.102 0.120 | 0.162 | 0.076 0.060 | 0.085 0.050 | 0.089 0.044 0.051
0.186 | 0.096 0.117 | 0.170 | 0.075 0.061 | 0.086 0.047 | 0.093 0.041 0.049
0.199 | 0.089 0.110 | 0.168 | 0.069 0.054 | 0.080 0.039 | 0.089 0.033 0.041
Bll = 097

0.065 | 0.066 0.069 | 0.017 | 0.043 0.036 | 0.049 0.032 | 0.051 0.029 0.033
0.135 | 0.085 0.098 | 0.096 | 0.077 0.047 | 0.083 0.044 | 0.085 0.035 0.039
0.186 | 0.113 0.134 | 0.166 | 0.086 0.062 | 0.094 0.051 | 0.100 0.043 0.049
210.220 | 0.119 0.146 | 0.198 | 0.095 0.081 | 0.107 0.060 | 0.117 0.053 0.059
6 | 0.250 | 0.122 0.153 | 0.205 | 0.102 0.090 | 0.115 0.063 | 0.129 0.054 0.061
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Table SA.10. Power: Local Projections with Gaussian errors. This table presents empirical power
of the t-test for ﬂyl) with h € {1,4,8,12,16} based on the Kilian and Kim (2011) simulation design. We
generate data under the alternative hypothesis of (B;; — 0.3) and test that the coefficient is equal to By
for selected values of Byi. The results are reported for a nominal level of 5%, T' = 100, and different values
of B1;. Based on 50,000 simulations. NWh is the Newey-West estimator with A lags; LLSW-EWUC is the
LLSW implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW implementation
of the Newey-West estimator; LA denotes the Eicker-Huber-White estimator in a model augmented with
an additional lag; EHW denotes Eicker-Huber-White on the transformed data and JN denotes HC3 on
the transformed data; DFT and DCT indicate transformation using the discrete Fourier transform and
the discrete cosine transform, respectively. ¥ indicates transformation using the basis functions introduced
in Section 2. U-JN and ¥-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full
details.

LLSW DFT DCT W
NWh | EWC NW | LA |EHW JN |EHW JN |EHW JN JNbc
B =0.50
h=1 |0.787 | 0.689 0.721 | 0.808 | 0.791 0.772 | 0.783 0.785 | 0.780 0.786 0.772
h=4 10409 | 0369 0.383 | 0.377 | 0.459 0.434 | 0.439 0.448 | 0.440 0.456 0.434
h=8 | 0411 | 0.385 0.396 | 0.370 | 0.467 0.470 | 0.459 0.477 | 0.458 0.478 0.452
h =12 0.387 | 0.370 0.384 | 0.361 | 0.458 0.456 | 0.452 0.469 | 0.448 0.469 0.437
h =16 | 0.358 | 0.349 0.369 | 0.348 | 0.444 0.439 | 0.434 0.450 | 0.431 0.453 0.403

Bll - 075

0.805 | 0.702 0.736 | 0.849 | 0.819 0.803 | 0.807 0.814 | 0.807 0.816 0.803
0.301 | 0.272 0.280 | 0.329 | 0.323 0.298 | 0.300 0.319 | 0.304 0.330 0.314
0.276 | 0.260 0.265 | 0.277 | 0.332 0.325 | 0.318 0.346 | 0.319 0.351 0.325
0.278 | 0.270 0.277 | 0.282 | 0.344 0.358 | 0.337 0.371 | 0.334 0.380 0.353
0.261 | 0.259 0.268 | 0.272 | 0.333 0.344 | 0.329 0.360 | 0.322 0.367 0.333
B =0.90

h=1 |0.836 | 0.725 0.762 | 0.891 | 0.858 0.844 | 0.848 0.853 | 0.848 0.857 0.847
h=4 10259 | 0238 0.244 | 0.335 | 0.263 0.259 | 0.244 0.271 | 0.247 0.289 0.278
h=8 |0.180 | 0.178 0.176 | 0.209 | 0.225 0.206 | 0.204 0.239 | 0.200 0.241 0.230
h=12|0.190 | 0.192 0.189 | 0.203 | 0.242 0.231 | 0.223 0.268 | 0.222 0.276 0.258
h =16 | 0.192 | 0.195 0.196 | 0.202 | 0.259 0.266 | 0.245 0.297 | 0.238 0.312 0.291
Bll = 097
0.856 | 0.744 0.781 | 0.914 | 0.887 0.873 | 0.878 0.882 | 0.876 0.884 0.877

h=1

h=4 10243 | 0.223 0.229 | 0.348 | 0.243 0.249 | 0.225 0.269 | 0.226 0.294 0.284
h=8 10138 0.139 0.139 | 0.184 | 0.167 0.152 | 0.149 0.194 | 0.145 0.205 0.193
h=1
h=1
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210.130 | 0.137 0.130 | 0.151 | 0.165 0.139 | 0.147 0.182 | 0.137 0.184 0.181
6| 0.128 | 0.134 0.127 | 0.137 | 0.162 0.140 | 0.147 0.186 | 0.136 0.195 0.188
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Table SA.11. Size: Local Projections with Gaussian errors and a structural break in the
variance. This table presents empirical size of the t-test for B§h) with h € {1,4,8,12,16} based on the
Kilian and Kim (2011) simulation designs. The results are reported for a nominal level of 5%, T' = 100, and
different values of B1;. Based on 50,000 simulations. NWh is the Newey-West estimator with h lags;
LLSW-EWC is the LLSW implementation of the equal-weighted cosine estimator; LLSW-NW is the
LLSW implementation of the Newey-West estimator; LA denotes the Eicker-Huber-White estimator in a
model augmented with an additional lag; EHW denotes Eicker-Huber-White on the transformed data and
JN denotes HC3 on the transformed data; DFT and DCT indicate transformation using the discrete
Fourier transform and the discrete cosine transform, respectively. ¥ indicates transformation using the
basis functions introduced in Section 2. ¥-JN and ¥-JNbc are defined in equations (15) and (28),
respectively. See Section 4 for full details.

LLSW DFT DCT v
NWh | EWC NW | LA |EHW JN |EHW JN |EHW JN JNbc
By =0.50

0.068 | 0.065 0.063 | 0.057 | 0.079 0.072 | 0.084 0.069 | 0.084 0.066 0.058
0.108 | 0.078 0.084 | 0.112 | 0.068 0.059 | 0.073 0.054 | 0.075 0.050 0.051
0.116 | 0.074 0.079 | 0.111 | 0.063 0.051 | 0.069 0.046 | 0.069 0.042 0.047
0.135 | 0.073 0.078 | 0.111 | 0.065 0.053 | 0.070 0.048 | 0.070 0.043 0.050
0.154 | 0.072 0.078 | 0.108 | 0.065 0.053 | 0.070 0.049 | 0.071 0.043 0.053
Bll = 075

0.070 | 0.071 0.070 | 0.042 | 0.080 0.072 | 0.088 0.067 | 0.087 0.062 0.052
0.125 | 0.087 0.097 | 0.122 | 0.078 0.061 | 0.085 0.058 | 0.086 0.053 0.053
0.144 | 0.091 0.101 | 0.142 | 0.072 0.058 | 0.080 0.050 | 0.082 0.045 0.049
0.158 | 0.084 0.097 | 0.139 | 0.069 0.052 | 0.076 0.043 | 0.078 0.038 0.046
0.171 | 0.079 0.091 | 0.133 | 0.067 0.052 | 0.075 0.044 | 0.076 0.037 0.046
B =0.90

0.070 | 0.078 0.077 | 0.029 | 0.075 0.065 | 0.083 0.059 | 0.084 0.054 0.044
0.136 | 0.092 0.105 | 0.111 | 0.089 0.060 | 0.095 0.058 | 0.097 0.050 0.050
0.175 | 0.111 0.127 | 0.162 | 0.086 0.066 | 0.095 0.057 | 0.097 0.048 0.053
0.194 | 0.104 0.124 | 0.168 | 0.082 0.066 | 0.093 0.052 | 0.097 0.043 0.050
0.205 | 0.094 0.115 | 0.165 | 0.074 0.057 | 0.084 0.041 | 0.089 0.034 0.041
Bll = 097

0.071 | 0.083 0.081 | 0.023 | 0.070 0.058 | 0.078 0.054 | 0.078 0.048 0.037
0.142 | 0.097 0.111 | 0.099 | 0.095 0.057 | 0.101 0.056 | 0.103 0.044 0.043
0.193 | 0.121 0.140 | 0.165 | 0.096 0.065 | 0.105 0.055 | 0.106 0.045 0.048
210.226 | 0.125 0.152 | 0.193 | 0.101 0.082 | 0.113 0.064 | 0.118 0.053 0.057
6 0249 | 0.123 0.152 | 0.202 | 0.102 0.088 | 0.115 0.063 | 0.121 0.053 0.057

[\
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I
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Table SA.12. Power: Local Projections with Gaussian errors and a structural break in the
variance. This table presents empirical power of the t-test for ﬂ;h) with h € {1,4,8,12,16} based on the
Kilian and Kim (2011) simulation design. We generate data under the alternative hypothesis of (B1; — 0.3)
and test that the coefficient is equal to By for selected values of Byi. The results are reported for a
nominal level of 5%, T' = 100, and different values of By;. Based on 50,000 simulations. NWh is the
Newey-West estimator with h lags; LLSW-EWC is the LLSW implementation of the equal-weighted
cosine estimator; LLSW-NW is the LLSW implementation of the Newey-West estimator; LA denotes the
Eicker-Huber-White estimator in a model augmented with an additional lag; EHW denotes
Eicker-Huber-White on the transformed data and JN denotes HC3 on the transformed data; DFT and
DCT indicate transformation using the discrete Fourier transform and the discrete cosine transform,
respectively. ¥ indicates transformation using the basis functions introduced in Section 2. ¥-JN and
U-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full details.

LLSW DFT DCT W
NWh | EWC NW | LA |EHW JN |EHW JN |EHW JN JNbc
B =0.50
h=1 |0.711 | 0.620 0.677 | 0.729 | 0.704 0.685 | 0.694 0.699 | 0.695 0.704 0.702
h=4 103540324 0.343 | 0.320 | 0.385 0.361 | 0.367 0.377 | 0.368 0.385 0.372
h=8 |0.358 | 0.334 0.355 | 0.309 | 0.399 0.404 | 0.395 0.413 | 0.394 0.413 0.397
h=12|0.333 | 0.313 0.331 | 0.287 | 0.375 0.380 | 0.373 0.388 | 0.373 0.394 0.374
h =16 | 0.302 | 0.292 0.308 | 0.271 | 0.358 0.362 | 0.354 0.367 | 0.357 0.375 0.349

Bll - 075

0.725 | 0.624 0.678 | 0.775 | 0.730 0.714 | 0.716 0.724 | 0.716 0.727 0.726
0.258 | 0.236 0.248 | 0.282 | 0.274 0.253 | 0.249 0.266 | 0.249 0.271 0.266
0.245 | 0.233 0.238 | 0.235 | 0.288 0.283 | 0.276 0.302 | 0.272 0.304 0.294
0.241 | 0.234 0.238 | 0.232 | 0.295 0.304 | 0.292 0.319 | 0.28¢ 0.327 0.307
0.225 | 0.223 0.227 | 0.220 | 0.283 0.293 | 0.278 0.304 | 0.276 0.314 0.296

I [
O

ST
Il

— = 00 s

(@)

B =0.90

h=1 |0.751 | 0.631 0.691 | 0.817 | 0.772 0.752 | 0.755 0.768 | 0.754 0.767 0.770
h=4 10224 | 0205 0.214 | 0.293 | 0.228 0.221 | 0.207 0.230 | 0.207 0.246 0.241
h=8 |0.160 | 0.160 0.158 | 0.185 | 0.195 0.188 | 0.183 0.213 | 0.181 0.224 0.213
h=12|0.173 | 0.175 0.173 | 0.171 | 0.216 0.211 | 0.203 0.243 | 0.200 0.253 0.242
h =16 | 0.164 | 0.169 0.165 | 0.169 | 0.230 0.237 | 0.220 0.265 | 0.213 0.281 0.268

Bll - 097

h=1 |0.768 | 0.636 0.699 | 0.840 | 0.800 0.780 | 0.782 0.793 | 0.783 0.798 0.799
h=4 10212 0.192 0.201 | 0.308 | 0.211 0.218 | 0.192 0.230 | 0.193 0.258 0.255
h=8 10126 | 0.130 0.126 | 0.169 | 0.157 0.155 | 0.141 0.185 | 0.138 0.202 0.195
h=1210.120 | 0.124 0.120 | 0.133 | 0.152 0.126 | 0.132 0.170 | 0.129 0.184 0.179
h=16 | 0.113 | 0.118 0.112 | 0.114 | 0.147 0.138 | 0.136 0.175 | 0.124 0.185 0.183

12



SA-A.3 LLSW Design

Tables SA.13-SA.16 report the 75th percentile across regression models within each specifi-

cation.

Table SA.13. Size Distortion: Various Time-Series Regressions with Gaussian Errors. This
table presents the 75th percentile of size distortion of ¢-tests across 414 different regressions in each of 23
specifications using the simulation design in Lazarus et al. (2018). When the number of regression
parameters of interest, m, is greater than one, we report the average of the 75th percentiles. Predictive
regressions and local projections have forecast horizons denoted by h > 0. The final two rows report the
average and median size distortion across the 23 specifications. The results are reported for a nominal level
of 5%, T = 200, and are based on 50,000 simulations. LLSW-NWtb is the LLSW implementation of the
“textbook” (TB) Newey-West estimator using fixed-b critical values; LLSW-EWC is the LLSW
implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW implementation of the
Newey-West estimator; EHW denotes Eicker-Huber-White on the transformed data and JN denotes HC3
on the transformed data; DFT and DCT indicate transformation using the discrete Fourier transform and
the discrete cosine transform, respectively. ¥ indicates transformation using the basis functions introduced
in Section 2. U-JN and ¥-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full
details.

LLSW DFT DCT v
Spec. m h | NWtb EWC NW |EHW JN | EHW JN | EHW JN JNBCh
1 1 0 | 0016 0.011 0.013| 0.004 0.004 | 0.006 0.001 | 0.006 -0.000 0.003
2 5 0 | 0.009 0.007 0.008 | 0.008 -0.000| 0.010 -0.002 | 0.011 -0.002 0.001
3 10 0 | 0.013 0.010 0.011 | 0.015 -0.005 | 0.017 -0.006 | 0.017 -0.007 -0.003
4 1 1 0.017 0.012 0.014 | 0.003 0.003 | 0.005 0.000 | 0.006 -0.001 0.002
5 1 4 | 0035 0.017 0.023 | 0.005 0.006 | 0.007 0.002 | 0.008 -0.001 0.004
6 1 8 | 0044 0.021 0.027 | 0.005 0.009 | 0.010 0.002 | 0.011 -0.001  0.008
7 1 12| 0.052 0.023 0.030 | 0.006 0.012 | 0.012 0.004 | 0.014 -0.000 0.010
8 3 1 0.009 0.007 0.008 | 0.004 0.000 | 0.007 -0.001| 0.007 -0.002 0.002
9 3 4 | 0.012 0.011 0.012 | 0.004 0.001 | 0.007 -0.002 | 0.008 -0.004 0.003
10 3 8 | 0.015 0.014 0.014 | 0.004 0.003 | 0.009 -0.001 | 0.010 -0.004 0.006
11 3 12| 0.014 0.013 0.013 | 0.004 0.004 | 0.009 -0.001 | 0.011 -0.005 0.007
12 3 1 0.009 0.007 0.008 | 0.008 -0.003 | 0.010 -0.005 | 0.010 -0.005 -0.002
13 3 4 | 0.014 o0.011 0.012 | 0.010 -0.001 | 0.013 -0.004 | 0.014 -0.005 -0.000
14 3 8 | 0.020 0.015 0.016 | 0.011 0.001 | 0.016 -0.002 | 0.017 -0.005 0.002
15 3 12 0.019 0.017 0.017 | 0.011 0.002 | 0.016 -0.002 | 0.018 -0.006 0.004
16 1 1 0.013 0.010 0.011 | 0.014 -0.005 | 0.016 -0.006 | 0.016 -0.007 -0.004
17 1 4 | 0018 0.015 0.016 | 0.017 -0.003 | 0.020 -0.006 | 0.021 -0.007 -0.003
18 1 8 | 0025 0.021 0.023| 0.019 -0.001 | 0.024 -0.005 | 0.025 -0.008 -0.003
19 1 12} 0.028 0.024 0.025| 0.019 0.001 | 0.026 -0.004 | 0.028 -0.009 -0.002
20 3 1 0.018 0.012 0.014 | 0.006 0.002 | 0.008 -0.000 | 0.009 -0.001  0.002
21 3 4 | 0.036 0.018 0.023 | 0.010 0.004 | 0.013 0.001 | 0.014 -0.002 0.003
22 3 8 | 0.045 0.022 0.029 | 0.010 0.006 | 0.014 0.002 | 0.016 -0.001  0.005
23 3 12| 0.049 0.022 0.029 | 0.010 0.009 | 0.015 0.002 | 0.017 -0.002  0.007
Mean: 0.023 0.015 0.017 | 0.009 0.002 | 0.013 -0.001 | 0.014 -0.004  0.002
Median: 0.018 0.014 0.014 | 0.008 0.002 | 0.012 -0.001 | 0.014 -0.004  0.002
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Table SA.14. Power Loss: Various Time-Series Regressions with Gaussian Errors. This table
presents the 75th percentile of power loss of t-tests across 414 different regressions in each of 23
specifications using the simulation design in Lazarus et al. (2018). When the number of regression
parameters of interest, m, is greater than one, we report the average of the 75th percentiles. Predictive
regressions and local projections have forecast horizons denoted by h > 0. The final two rows report the
average and median power loss across the 23 specifications. The results are reported for a nominal level of
5%, T' = 200, and are based on 50,000 simulations. LLSW-NWtb is the LLSW implementation of the
“textbook” (TB) Newey-West estimator using fixed-b critical values; LLSW-EWC is the LLSW
implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW implementation of the
Newey-West estimator; EHW denotes Eicker-Huber-White on the transformed data and JN denotes HC3
on the transformed data; DFT and DCT indicate transformation using the discrete Fourier transform and
the discrete cosine transform, respectively. ¥ indicates transformation using the basis functions introduced
in Section 2. U-JN and ¥-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full
details.

LLSW DFT DCT v
Spec. m h | NWtb EWC NW |EHW JN |EHW JN |EHW JN JNBCh
1 1 0 | 0.030 0.079 0.066 | 0.026 0.046 | 0.032 0.036 | 0.033 0.036 0.042
2 5 0 | 0025 0.074 0.062| 0.011 0.024 | 0.016 0.018 | 0.016 0.018 0.027
3 10 0 | 0.025 0.074 0.062 | 0.011 0.025 | 0.015 0.018 | 0.015 0.019 0.029
4 1 1 | 0.030 0.079 0.067 | 0.026 0.047 | 0.033 0.037 | 0.033 0.037 0.043
5 1 4 | 0.043 0.089 0.079 | 0.043 0.081 | 0.056 0.062 | 0.057 0.062  0.075
6 1 8 | 0.044 0.089 0.081 | 0.049 0.095 | 0.062 0.069 | 0.064 0.070  0.093
7 1 12| 0.045 0.083 0.076 | 0.045 0.097 | 0.064 0.069 | 0.063 0.068  0.099
8 3 1 1002 0075 0.062]0.012 0.024 | 0.017 0.018 | 0.017 0.019  0.026
9 3 4 | 0.030 0.079 0.065| 0.027 0.047 | 0.033 0.037 | 0.034 0.038 0.054
10 3 8 ] 0.034 0.079 0.065| 0.036 0.066 | 0.047 0.051 | 0.046 0.051  0.081
11 3 12 0.033 0.076 0.061 | 0.032 0.068 | 0.045 0.048 | 0.044 0.050  0.095
12 3 1 ]0.024 0.073 0.061]0.008 0.018 | 0.012 0.014 | 0.012 0.014 0.020
13 3 4 ] 0.028 0.077 0.063 | 0.016 0.036 | 0.023 0.027 | 0.023 0.027 0.039
14 3 8 | 0.030 0.077 0.064 | 0.022 0.051 | 0.032 0.037 | 0.032 0.038 0.061
15 3 121 0.030 0.074 0.059 | 0.024 0.056 | 0.035 0.040 | 0.035 0.041 0.073
16 1 1 | 0.024 0.073 0.061 | 0.008 0.017 | 0.011 0.013 | 0.012 0.013 0.019
17 1 4 | 0.027 0.076 0.063 | 0.013 0.032 | 0.019 0.022 | 0.019 0.022 0.033
18 1 8 | 0.029 0.076 0.063 | 0.021 0.047 | 0.029 0.035 | 0.029 0.035 0.048
19 1 12| 0.031 0.074 0.061 | 0.022 0.050 | 0.030 0.036 | 0.031 0.037 0.054
20 3 1 | 0.029 0.077 0.066 | 0.019 0.040 | 0.026 0.030 | 0.026 0.031  0.035
21 3 4 | 0037 0.084 0.074| 0.032 0.067 | 0.044 0.050 | 0.044 0.050 0.061
22 3 8 | 0.041 0.08 0.077 | 0.040 0.083 | 0.053 0.060 | 0.053 0.060 0.079
23 3 12] 0.040 0.079 0.071 | 0.038 0.083 | 0.053 0.058 | 0.052 0.059 0.084
Mean: 0.032 0.078 0.066 | 0.025 0.052 | 0.034 0.038 | 0.034 0.039 0.055
Median: 0.030 0.077 0.064 | 0.024 0.047 | 0.032 0.037 | 0.033 0.037 0.054
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Table SA.15. Size Distortion: Various Time-Series Regressions with Empirical Errors. This
table presents the 75th percentile of size distortion of t-tests across 414 different regressions in each of 23
specifications using the simulation design in Lazarus et al. (2018). When the number of regression
parameters of interest, m, is greater than one, we report the average of the 75th percentiles. Predictive
regressions and local projections have forecast horizons denoted by h > 0. The final two rows report the
average and median size distortion across the 23 specifications. The results are reported for a nominal level
of 5%, T = 200, and are based on 50,000 simulations. LLSW-NWtb is the LLSW implementation of the
“textbook” (TB) Newey-West estimator using fixed-b critical values; LLSW-EWC is the LLSW
implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW implementation of the
Newey-West estimator; EHW denotes Eicker-Huber-White on the transformed data and JN denotes HC3
on the transformed data; DFT and DCT indicate transformation using the discrete Fourier transform and
the discrete cosine transform, respectively. ¥ indicates transformation using the basis functions introduced
in Section 2. ¥-JN and W-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full
details.

LLSW DFT DCT v
Spec. m h | NWtb EWC NW |EHW JN |EHW JN |[EHW JN JNBCh
1 1 0 | 0.047 0.036 0.038 | 0.050 0.050 | 0.055 0.046 | 0.056 0.043  0.034
2 5 0 | 0.020 0.020 0.019 | 0.026 0.017 | 0.029 0.014 | 0.029 0.013  0.011
3 10 0 | 0.020 0.019 0.019 | 0.026 0.004 | 0.028 0.003 | 0.029 0.002  0.003
4 1 1 ] 003 0.027 0.029 | 0.026 0.027 | 0.031 0.021 | 0.033 0.018  0.017
) 1 4 | 0.050 0.032 0.037| 0.026 0.025 | 0.031 0.022 | 0.032 0.018  0.014
6 1 8 | 0.056 0.033 0.039 | 0.018 0.023 | 0.025 0.017 | 0.027 0.013  0.016
7 1 12 ] 0.063 0.033 0.040 | 0.018 0.022 | 0.024 0.013 | 0.026 0.008  0.017
8 3 1 0.019 0.019 0.018 | 0.019 0.014 | 0.022 0.012 | 0.022 0.010  0.009
9 3 4 | 0.020 0.021 0.020 | 0.015 0.013 | 0.019 0.008 | 0.020 0.006  0.008
10 3 8 |0.022 0.023 0.021 | 0.013 0.012 | 0.019 0.007 | 0.020 0.004  0.011
11 3 12 0.020 0.021 0.020 | 0.010 0.011 | 0.016 0.005 | 0.018 0.000  0.011
12 3 1 | 0.017 0.016 0.016 | 0.020 0.008 | 0.023 0.007 | 0.023 0.006  0.005
13 3 4 | 0.022 0.020 0.019 | 0.024 0.011 | 0.028 0.009 | 0.029 0.007  0.007
14 3 8 | 0.028 0.025 0.024 | 0.023 0.012 | 0.029 0.008 | 0.030 0.004  0.009
15 3 12 0.027 0.024 0.023 | 0.019 0.010 | 0.026 0.005 | 0.028 0.001  0.009
16 1 1 0.022 0.019 0.020 | 0.030 0.008 | 0.033 0.007 | 0.033 0.007  0.004
17 1 4 | 0030 0.025 0.026 | 0.036 0.012 | 0.039 0.009 | 0.040 0.007  0.005
18 1 8 | 003 0.029 0.030| 0.033 0.010 | 0.039 0.005 | 0.041 0.002  0.004
19 1 12} 0.036 0.030 0.031 | 0.029 0.008 | 0.036 0.003 | 0.039 -0.002  0.003
20 3 1 |0.031 0.023 0.025] 0.025 0.018 | 0.028 0.016 | 0.029 0.013  0.012
21 3 4 | 0.049 0.029 0.034 | 0.027 0.020 | 0.031 0.016 | 0.033 0.012  0.011
22 3 8 | 0.068 0.032 0.039 | 0.024 0.018 | 0.029 0.013 | 0.031 0.008  0.013
23 3 12| 0.058 0.030 0.037 | 0.019 0.017 | 0.025 0.010 | 0.028 0.004  0.012
Mean: 0.034 0.025 0.027 | 0.024 0.016 | 0.029 0.012 | 0.030 0.009  0.011
Median: 0.030  0.025 0.025 | 0.024 0.013 | 0.028 0.009 | 0.029 0.007  0.011
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Table SA.16. Power Loss: Various Time-Series Regressions with Empirical Errors. This table
presents the 75th percentile of power loss of t-tests across 414 different regressions in each of 23
specifications using the simulation design in Lazarus et al. (2018). When the number of regression
parameters of interest, m, is greater than one, we report the average of the 75th percentiles. Predictive
regressions and local projections have forecast horizons denoted by h > 0. The final two rows report the
average and median power loss across the 23 specifications. The results are reported for a nominal level of
5%, T' = 200, and are based on 50,000 simulations. LLSW-NWtb is the LLSW implementation of the
“textbook” (TB) Newey-West estimator using fixed-b critical values; LLSW-EWC is the LLSW
implementation of the equal-weighted cosine estimator; LLSW-NW is the LLSW implementation of the
Newey-West estimator; EHW denotes Eicker-Huber-White on the transformed data and JN denotes HC3
on the transformed data; DFT and DCT indicate transformation using the discrete Fourier transform and
the discrete cosine transform, respectively. ¥ indicates transformation using the basis functions introduced
in Section 2. U-JN and ¥-JNbc are defined in equations (15) and (28), respectively. See Section 4 for full
details.

LLSW DFT DCT v
Spec. m h | NWtb EWC NW |EHW JN |EHW JN |EHW JN JNBCh
1 1 0 | 0.044 0.093 0.080 | 0.033 0.052 | 0.038 0.042 | 0.038 0.042  0.050
2 5 0 | 0.025 0.075 0.060| 0.011 0.023 | 0.015 0.017 | 0.015 0.017 0.029
3 10 0 | 0.023 0.072 0.057 | 0.009 0.023 | 0.014 0.016 | 0.014 0.017  0.030
4 1 1 | 0.034 0.084 0.069 | 0.031 0.051 | 0.037 0.042 | 0.037 0.042 0.043
5 1 4 | 0.045 0.092 0.080 | 0.047 0.086 | 0.060 0.066 | 0.059 0.066 0.077
6 1 8 | 0.045 0.089 0.080 | 0.050 0.100 | 0.064 0.070 | 0.066 0.071  0.096
7 1 12| 0.044 0.086 0.077 | 0.050 0.107 | 0.068 0.074 | 0.070 0.076  0.107
8 3 1 ]0.02 0.074 0.059 | 0.014 0.026 | 0.018 0.020 | 0.018 0.020  0.030
9 3 4 | 0031 0.079 0.062 | 0.029 0.049 | 0.036 0.039 | 0.036 0.039  0.056
10 3 8 ] 0.035 0.080 0.063 | 0.039 0.069 | 0.049 0.055 | 0.050 0.054  0.086
11 3 12 0.034 0.072 0.057 | 0.035 0.072 | 0.048 0.053 | 0.048 0.052 0.102
12 3 1 ]0.021 0.071 0.057|0.007 0.016 | 0.011 0.012 | 0.010 0.012 0.018
13 3 4 1002 0073 0.059 | 0.015 0.035] 0.022 0.026 | 0.022 0.026  0.038
14 3 8 | 0.027 0.072 0.058 | 0.022 0.049 | 0.032 0.037 | 0.031 0.037 0.063
15 3 12] 0.028 0.069 0.054 | 0.022 0.054 | 0.034 0.039 | 0.034 0.039 0.077
16 1 1 | 0.022 0.071 0.057 | 0.007 0.016 | 0.011 0.012 | 0.010 0.012 0.017
17 1 4 | 0.023 0.070 0.057 | 0.011 0.029 | 0.017 0.021 | 0.017 0.021  0.028
18 1 8 | 0.025 0.069 0.056 | 0.018 0.042 | 0.026 0.032 | 0.026 0.032  0.043
19 1 12| 0.026 0.066 0.053 | 0.022 0.051 | 0.030 0.037 | 0.031 0.039  0.055
20 3 1 | 0030 0.079 0.065]| 0.021 0.041 | 0.027 0.031 | 0.027 0.032  0.037
21 3 4 ] 0039 0.08 0.074]| 0.036 0.069 | 0.047 0.053 | 0.048 0.053 0.061
22 3 8 | 0.038 0.082 0.073 | 0.040 0.084 | 0.055 0.061 | 0.055 0.061 0.079
23 3 12] 0.037 0.075 0.067 | 0.039 0.083 | 0.052 0.058 | 0.053 0.059  0.083
Mean: 0.032  0.077 0.064 | 0.026 0.053 | 0.035 0.040 | 0.035 0.040 0.057
Median: 0.030 0.075 0.060 | 0.022 0.051 | 0.034 0.039 | 0.034 0.039 0.055
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SA-B Panel Data: Setup and Assumptions

In this section, we provide the assumptions underpinning the theoretical results for the panel-
data case presented in Section 5 of the main text. First, we make the following assumptions

on the data generating process.

Assumption PD-1 (Model). We observe (y;, xl,) which satisfies equation (34) and assume
the following:

(i) For each i, (yit,xl;) is strictly stationary and ergodic with 1 ; = Elxy 4] and poy,; ==

E[I2k1it] fO’f’ k= 17 CI) K7 Hi = (Ml,ia :u/Z,i)li and M2 = (:U’Ql,ia s 7“2](,2')/;
(i1) E[ eit Goy] =0, where Goy = o ({ (21,155 - - s T1vss Thggr - - Th vg) 18 <t (an, ..o o))
(i17) (NT)~! Zf\il (XZ- — LT,ug)/(X,- — LT,ug) —p Q and Apin(Q2) is bounded away from zero;

(iv) (NT)"'/2 3N (Xi — LT,u;)/Ei —q4 N(0,X), where ¥ is the long-run variance equal to
Y= limN7T_>oo(NT)’1 : V[le\il (Xz — LT[,L;)IZ:‘Z‘] .

Assumption PD-1 imposes relatively modest restrictions on the data-generating process.
We assume that the time-series dependence is well behaved and that OLS estimation of 3
with the associated standard limiting distribution holds in our model.

Let X be the NT x (N 4+ K + 1) matrix of right-hand side variables (including dummy
variables for the fixed effects) from equation (34). The first column of X comprises the
regressor of interest and is denoted as X, the next K columns are the additional regressors
denoted by Xy, and X3 are the dummy variables. In addition to Assumption PD-1, we also

assume the following:
Assumption PD-2 (Moments and Dependence). Assume that:

(i) NT tlog(T) — 0;

(7i) Ty is a lower triangular matriz with all zeros on the diagonal for all i,¢ =1,..., N,
where Ty := E [(X1; — X2,:8)ey] and & = plimy (X’2M3X2)_1X’2M3X1 with Mz =
INT — P(Xg),

(i1i) ALRV(e;) S 1, ALRV(214) S 1, and ALRV (29 ie) S 1 for k= 1,..., K, where
ALRV (%) = limy g0 N-L SN ¥ (ff ST xit> ;

(1v) C(vi, Very, €ity Eary) = 0 for ty # to and for all i, =1,..., N;

—1p—2 N N
(0) N7 30000 3001 2ot tataa 194 (Vity s ity Vs 0t )| = 0(1);
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. 4
(UZ) maXxj<;j<r maxlSiSNE |:|U”|4} 5 1, maXj<j<r Maxy<i<nN E [H’QZ); (‘XrZ — LT[L;) H :| S 1 fOT
all N, T sufficiently large;

(Uii) Define qij = @D} (Xl,i — lrlig — (X2,i - LT“é,i)g); Qj = ((hja---aQNj)/; and U7 =
(urj, - ung)'- Then, (NT) 27 { (Q709)° ~ E[(Q707)*] } = 0, (1),

Assumption PD-2 makes further restrictions on how the data are generated. Assumption
PD-2(7) imposes that 7" must grow sufficiently fast relative to N. Assumption PD-2(i7)
imposes that the regressors are pre-determined within and across all units. Assumption PD-
2(4i7) ensures that the average long-run variances (ALRV) of both the regressors and the
regression errors exist and are finite. Assumption PD-2(iv) — (vi) regulate the degree of time-
series and cross-sectional dependence in the observed data. In particular, they restrict the
higher-order covariances of the regressors and regression errors to diminish as observations
become increasingly far apart. Finally, note that we could follow a similar approach as in
Remark 3 to relax PD-2(iv).

As in the time series case, we will assume that our basis functions orthogonalize the
requisite matrices which holds under an approximate Toeplitz assumption and additional

regularity conditions (Crump, Gospodinov, and Lopez Gaffney, 2024).
Assumption PD-3 (Panel Orthogonalization). Assume that:
| X
7 2 2 (B ) (S5 + B5) v = o(1),
if=1 j#s
where ng = COV(XLZ‘ — Xgﬂf, Xl,g — X27g€) and Eié = E[EZEIZ]

Remark PD-1. As in the time-series case we can also write the jackknife variance estimator
in the more familiar HC3 form. Let &; be the OLS residual from equation (34) and define
uy = Y& Similarly, let v = (v1,...,0n) = (Iny — P(X3))X1 and define gi; = ¥jv;.

We can stack these objects across i to form the (N x 1) vectors U’ = (tj, ..., un;) and
@j = (Q1j,---,qnj)". We can then re-express V, as
1 1 2
\/ P A_2 A ./ — .. _l 77i -
Vi= o x O ; (@7 (1w =Py) ' T7) (SA-1)

O
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SA-C Panel Data: Additional Simulation Results

SA-C.1 CHS Design

In addition to the simulation results based on the design of Hidalgo and Schafgans (2021)
shown in the main text, we also consider the design utilized in Chiang et al. (2024) (hereafter,
CHS). The parameter choices we use are from Chen and Vogelsang (2023) but were originally
considered in Chiang et al. (2024). The data follow the linear model

Yie = Bo + Xuf1 + Us,
with (5o, 1) = (1,1), where (X, U;;) are generated as

Xit = Wa 0 + Wyy; + Weejy, Uit = wao' + Wy + weegy,
V=PVt (\/1 - p2) Vi s V=Y t+ (\/1 - p2) V'

S wg) = (wg,wz,wz‘) = (.25,.5,.25). Finally, (af, a¥, €, el 7F A1) along with

the initial conditions for 47 and 7}, are mutually independent standard Gaussian random

and (w®,w

variables.

For each of these designs we report results for T € {25,75,125} and p € {0.2,0.5,0.9,0.95}.
This last choice of p is made to demonstrate the finite-sample properties under high persis-
tence as found in some macroeconomic or financial panel data applications. The nominal
size is 5% and all results are based on 10,000 simulations. Tables SA.17 and SA.18 pro-
vide empirical size and size-adjusted power when only a constant is included whereas Tables
SA.19 and SA.20 report results with individual fixed effects.
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SA-C.1.1 Constant Only

Table SA.17. Empirical Size (CHS). This table presents empirical size for the t-test of the null
hypothesis that 81 = 1 for the simulation design of Chiang et al. (2024). The results are reported for a
nominal level of 5%, N = 50, and different values of T" and p. Results are based on 10,000 simulations. All
reported methods are defined and discussed on page 25 of the main text.

LLSW DCT Y

P T | EHW Ci Ct CGM CHS CHSbec DKA DK HS JN JN  JNbc
0.2 25 | 0703 0.687 0.112 0.108 0.118 0.111 0.100 0.086 0.065 0.072 | 0.051 0.074
0.2 75 | 0703 0.567 0.084 0.073 0.075 0.072 0.066 0.074 0.057 0.066 | 0.054 0.062
0.2 125 | 0.715 0.488 0.092 0.073 0.072 0.070 0.064 0.072 0.062 0.074 | 0.060 0.065
0.5 25 |0.740 0.715 0.183 0.177 0.175 0.155 0.144 0.112 0.081 0.085 | 0.057 0.069
05 75 | 0758 0.632 0.158 0.144 0.111 0.103 0.098 0.088 0.064 0.070 | 0.057 0.063
0.5 125 | 0.763 0.556 0.165 0.138 0.092 0.086 0.081 0.081 0.064 0.073 | 0.061 0.065
09 25 | 0789 0.675 0.460 0.414 0.369 0.297 0.290 0.245 0.151 0.097 | 0.043 0.046
0.9 75 | 0867 0.755 0.535 0493 0.277 0.231 0.230 0.196 0.109 0.099 | 0.055 0.058
0.9 125 | 0.876 0.744 0.538 0.490 0.224 0.190 0.190 0.169 0.092 0.089 | 0.059 0.061
095 25 | 0.748 0.567 0.522 0421 0.368 0.282 0.285 0.278 0.168 0.111 | 0.042 0.045
095 75 | 0.881 0.726 0.628 0.559 0.351 0.291 0.293 0.267 0.136 0.095 | 0.048 0.050
0.95 125 0.900 0.752 0.655 0.592 0.303 0.255 0.256 0.246 0.117 0.093 | 0.054 0.056

Table SA.18. Size-Adjusted Empirical Power (CHS). This table presents size-adjusted empirical
power for the ¢-test of the null hypothesis that 81 = 1 with data generated under the alternative hypothesis
that 81 = 0.7 for the simulation design of Chiang et al. (2024). The results are reported for a nominal level
of 5%, N = 50, and different values of T' and p. Results are based on 10,000 simulations. All reported
methods are defined and discussed on page 25 of the main text.

LLSW DCT Y

p T | EHW Ci Ct CGM CHS CHSbec DKA DK HS JN JN  JNbc
0.2 25 | 0562 0.537 0.525 0.533 0.519 0.521 0.524 0432 0.570 0.522 | 0.541 0.486
0.2 75 | 0940 0.907 0.928 0.932 0.925 0925 0.926 0.872 0.933 0.930 | 0.926 0.916
0.2 125 0.992 0.985 0.991 0.991 0.990 0.990 0.990 0.981 0.990 0.990 | 0.988 0.987
0.5 25 | 0457 0424 0414 0419 0412 0415 0418 0.352 0.480 0.436 | 0.431 0.408
05 75 | 0820 0.774 0.805 0.811 0.785 0.784 0.787 0.730 0.811 0.797 | 0.789 0.781
0.5 125 | 0.953 0.928 0.948 0.950 0.938 0.937 0.938 0.909 0.941 0.939 | 0.931 0.928
09 25 |0.236 0.190 0.283 0.267 0.271 0.283 0.281 0.274 0.369 0.415 | 0.403 0.401
09 7 | 0312 0.265 0.316 0.315 0.329 0.323 0325 0.307 0.394 0.384 | 0.378 0.380
0.9 125 | 0.424 0.368 0.419 0421 0414 0411 0411 0409 0.478 0.457 | 0.450 0.453
095 25 | 0272 0.211 0395 0326 0.364 0.378 0.377 0.398 0.465 0.482 | 0.507 0.508
095 75 | 0.242 0.197 0.272 0.255 0.284 0.283 0.283 0.291 0.367 0.394 | 0.375 0.373
0.95 125 0.279 0.237 0.297 0.290 0.313 0.307 0.308 0.303 0.393 0.406 | 0.380 0.380
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SA-C.1.2 Fixed Effects

Table SA.19. Empirical Size (CHS). This table presents empirical size for the ¢-test of the null
hypothesis that $; = 1 for the simulation design of Chiang et al. (2024) where each procedure includes
individual fixed effects in the estimation. The results are reported for a nominal level of 5%, N = 50, and
different values of T" and p. Results are based on 10,000 simulations. All reported methods are defined and
discussed on page 25 of the main text.

LLSW DCT Y

p T | EHW Ci Ct CGM CHS CHSbc DKA DK HS JN JN  JNbc
0.2 25 | 0758 0.846 0.113 0.116 0.127 0.118 0.114 0.085 0.084 0.071| 0.059 0.084
0.2 75 | 0738 0.838 0.075 0.077 0.080 0.075 0.072 0.065 0.060 0.053 | 0.051 0.062
0.2 125 | 0.744 0.844 0.074 0.076 0.072 0.070 0.068 0.058 0.058 0.056 | 0.054 0.061
05 25 |0793 0.861 0.183 0.18 0.188 0.165 0.160 0.114 0.105 0.085 | 0.064 0.078
05 75 | 0796 0870 0.148 0.151 0.117 0.107 0.103 0.080 0.073 0.062 | 0.055 0.063
0.5 125 | 0.790 0.872 0.145 0.148 0.101 0.095 0.091 0.072 0.069 0.063 | 0.058 0.061
0.9 25 | 080 0.873 0459 0463 0.382 0337 0.334 0.255 0.214 0.094 | 0.043 0.047
0.9 75 |0901 0.930 0.532 0.536 0.288 0.264 0.262 0.197 0.146 0.098 | 0.058 0.061
09 1250901 0.935 0.534 0.537 0.244 0.225 0.223 0.173 0.120 0.091 | 0.065 0.067
095 25 | 0.819 0.835 0.515 0.517 0416 0.366 0.362 0.276 0.240 0.075 | 0.027 0.031
095 75 | 0911 0931 0.627 0.630 0.375 0.347 0.344 0.270 0.188 0.095 | 0.047 0.049
0.95 125 0.922 0943 0.650 0.654 0.328 0.307 0.305 0.246 0.162 0.096 | 0.062 0.062

Table SA.20. Size-Adjusted Empirical Power (CHS). This table presents size-adjusted empirical
power for the ¢-test of the null hypothesis that 81 = 1 with data generated under the alternative hypothesis
that 81 = 0.7 for the simulation design of Chiang et al. (2024) where each procedure includes individual
fixed effects in the estimation.. The results are reported for a nominal level of 5%, N = 50, and different
values of T" and p. Results are based on 10,000 simulations. All reported methods are defined and discussed
on page 25 of the main text.

LLSW DCT v

p T | EHW Ci Ct CGM CHS CHSbec DKA DK HS JN JN  JNbc
02 25 | 0422 0422 0.383 0.384 0.365 0.367 0370 0.319 0.396 0.372 | 0.377 0.343
0.2 75 | 0.857 0.854 0.848 0.848 0.834 0.833 0.834 0.764 0.850 0.848 | 0.845 0.829
0.2 125 | 0.972 0.968 0.969 0.969 0.967 0.967 0.967 0.947 0.970 0.969 | 0.969 0.965
0.5 25 |0.319 0.328 0.293 0.292 0.281 0.278 0.279 0.248 0.309 0.294 | 0.311 0.288
05 75 | 0685 0.679 0.676 0.676 0.644 0.645 0.644 0.592 0.681 0.678 | 0.673 0.664
0.5 125 | 0879 0.869 0.868 0.869 0.853 0.852 0.854 0.818 0.871 0.860 | 0.860 0.857
09 25 |0.161 0.157 0.161 0.161 0.166 0.171 0.170 0.164 0.202 0.266 | 0.277 0.271
09 75 | 0221 0.218 0.214 0.215 0.212 0.210 0.211 0.213 0.245 0.265 | 0.272 0.270
0.9 125 | 0.301 0.299 0.296 0.296 0.286 0.285 0.285 0.282 0.310 0.330 | 0.328 0.328
095 25 | 0164 0.156 0.191 0.192 0.216 0.220 0.216 0.217 0.261 0.374 | 0.400 0.400
095 75 | 0.174 0.166 0.179 0.1v9 0.181 0.181 0.180 0.184 0.213 0.267 | 0.268 0.268
0.95 125 0.202 0.201 0.195 0.194 0.194 0.193 0.193 0.198 0.230 0.281 | 0.265 0.266
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SA-D Jackknife- and Bootstrap-Based Bias Correction

In this section, we propose to use our framework to construct bias-corrected estimators in

time series and panel data settings. Consider the linear time series model
y=a+ [z +e, t=1,....T,

which we transform, as in the main text, to obtain {wj,z;}j_; where z; = (21,2 ;) and
z1; and z9; are the jth rows of Z; and Z,, respectively (see equation (14)). Let 5 be the
OLS estimator and B\(_g) the OLS estimator after leaving out {wy, z,} from the sample. We
can then construct a JN bias corrected estimator on the rotated space of the variables by

following the standard prescription (see Shao and Tu, 1996),

~ ~ T_-1 ~ R
Bin=B-—=3(Bs»-B). (SA-2)
t=1
We can generalize this bias correction by adding triangular weights {w;r}7_, which satisfy
Z].Tzl wjr=1forall T,

. . 7_1& . -

Bine =B ——=> wir (B -B8). (SA-3)

=1

In our simulation experiments below, we choose w;r = (24(X'X)z;) ™ where s¢p = T3,
Finally, since the (instantaneous) jackknife can be interpreted as a first-order approximation
to the bootstrap, it is natural to also consider a bootstrap-based bias correction. Since
we work with the rotated data, which are heteroskedastic in general, we utilize the pairs
bootstrap by resampling (with replacement) from {wj, z;}1_,." Let {w?,, 25, }]_; be the bth

bootstrap sample with corresponding OLS estimator ;. Then,
1B
Brow =285 1. (SA-4)
b=1
To assess the properties of these bias-corrected estimators, we consider two simulation

designs featuring data generating processes which are well known to produce severely biased

OLS estimates. The first design is an autoregression of order one,

Y = BYi—1 + €4,

1See Kirch and Politis (2011) for an alternative bootstrap procedure relying on the DFT.
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where &; ~;q N'(0,1 — %) and we focus on values of 3 near unity.> The second design is a

predictive regression model,

Y = Bri1 + Eyy

Ty = QT—1 + Exy,

where (g,4,€,) are multivariate Gaussian random variables with variance matrix equal to

1 p\/m
p/01 01 |

In the predictive regression model, we generate data under the null hypothesis that g = 0
(see, e.g., Stambaugh, 1999; Campbell and Yogo, 2006).

For all simulations, we consider sample sizes of T' € {50, 100,200} and report average and
median bias along with the mean-square error (MSE). Initial conditions are set equal to zero
and there is a burn-in period of 100 observations. All results are based on 5,000 simulations.

We begin with the AR(1) model. Following common practice, we consider two speci-
fications for the deterministic component. The first includes just a constant in the OLS
estimation of the autoregressive parameter whereas the second includes both a constant and
a linear time trend. We consider values of 8 € {0.3,0.9,0.95,0.99}. We include 5 = 0.3 in
the specification with a constant only to show how the bias-correction procedures perform
when the OLS estimator has little bias.?

The results are presented in Table SA.21. The OLS estimator of S exhibits a strong
downward bias in small samples and as [ approaches unity. As documented in the existing
literature, the downward bias is exacerbated when a linear time trend is included in the
estimation. For T' = 100 and § = 0.99 in the specification with a time trend, for example,
the mean and the median bias of the OLS estimator is —0.092 and —0.081, respectively. The
bias of the OLS estimator is greatly reduced using our jackknife and bootstrap bias-correction
procedures. The JN method effectively eliminates the downward bias for 7" > 50 but this
comes at the cost of increased variance and MSE. The weighted JN also manages to materially
reduce the downward bias of the OLS estimator but without elevating the variability of the
bias-adjusted estimate. As a result, the MSE for the weighted JN procedure is substantially
below the MSE of the OLS estimator for these higher values of 8. The best performing
method is the bootstrap on the rotated space of the data. This method almost fully corrects
the bias of the OLS estimator for 7' = 100 and T" = 200 with an MSE that is materially

2All results are robust to using standard Gaussian innovations rather than e; ~j;q N(0,1— 62).
3We do not report results for 4 = 0.3 in the second specification because it is unlikely that a linear time
trend will be included in the model when the underlying process is strongly mean reverting.
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lower (often twice as low) than that of OLS. This correction can be of great importance for
computing accurate half-lives, impulse responses, and for long-horizon forecasting.

We now move on to the predictive regression model. In this setting, the OLS bias rises as a
function of both ¢ and |p|. As such, we consider ¢ € {0.9,0.95,0.99} and p € {0,0.7,—0.95}.
The value of p = —0.95 mimics the properties of equity return predictive regressions when
the regressor is the dividend yield or dividend-price ratio (e.g., Campbell and Yogo, 2006).
In this case, it is known that the OLS estimator of 5 is upwardly biased. In contrast, when
p = 0.7, the OLS estimator will be downward biased. Finally, we include the case of p = 0 to
assess the robustness properties of the bias correction when the bias is small in magnitude.

Table SA.22 reports the results for the predictive regression model as we vary T, ¢
and p. When the degree of endogeneity is large (p = —0.95 or 0.7), the OLS estimator
is characterized by a large bias which tends to increase as the persistence parameter ¢
approaches one. The jackknife and bootstrap methods prove to be very effective in reducing
this bias which becomes rather negligible for the larger sample sizes. While the JN method
achieves this bias reduction at the expense of increased variability (reflected in its larger
MSE), the weighted JN and, especially, the bootstrap bias-correction methods have a MSE
that is lower than that of OLS. For example, the reduction of MSE of the bootstrap relative
to OLS is over 30% for the empirically relevant case of T = 200 and ¢ = 0.99. The
corresponding mean (median) bias in this case is 0.074 (0.059) for the OLS estimator and
0.005 (—0.005) for the bootstrap-based bias correction. The performance of the jackknife
and bootstrap methods remains satisfactory even when bias correction is unnecessary which
is the case of p = 0. We should note that the proposed methods can also straightforwardly
accommodate multiple predictors with varying degrees of persistence — a setting that cannot

be readily handled by many of the existing methods.

24



Table SA.21. Jackknife Bias Correction of AR(1). This table presents mean and median bias, along with the (scaled) mean-square error of four
different estimators of the autoregressive coefficient in an AR(1) model: (1) the OLS estimator; the jackknife bias-corrected estimator as in equation
(SA-2); (3) the weighted jackknife bias-corrected estimator as in equation (SA-3); the bootstrap-based bias corrected estimator as in equation (SA-4).
The top panel reports results for estimators with only a constant included as the deterministic term whereas the bottom panel reports results when both

qc

a constant and a linear time trend are included. All results are based on 5,000 simulations.

Deterministic Component: Constant Only

OLS JN Weighted JN Bootstrap

Mean Med. MSE | Mean Med. MSE | Mean Med. MSE | Mean Med. MSE
T I} Bias Bias x 100 Bias Bias x 100 Bias Bias x 100 Bias Bias x 100
50 0.30 | -0.0381 -0.0313 2.0052 | 0.0048 0.0075 2.3333 | -0.0113 -0.0074 2.1331 | -0.0067 -0.0017 2.1481
50 0.90 | -0.0819 -0.0661 1.5577 | 0.0263 0.0202 2.0989 | -0.0195 -0.0115 1.3020 | -0.0097 0.0012 1.2155
50 0.95|-0.0876 -0.0705 1.5079 | 0.0299 0.0200 2.0872 | -0.0232 -0.0168 1.1567 | -0.0114 -0.0006 1.0692
50  0.99 | -0.0979 -0.0815 1.6238 | 0.0299 0.0244 2.1839 | -0.0322 -0.0237 1.1409 | -0.0185 -0.0065 1.0271
100 0.30 | -0.0192 -0.0172 0.9219 | 0.0028 0.0043 0.9973 | -0.0038 -0.0023 0.9573 | -0.0021 -0.0001 0.9586
100 0.90 | -0.0389 -0.0297 0.4647 | 0.0137 0.0151 0.5614 | -0.0034 0.0024 0.4126 | -0.0007 0.0070 0.3840
100 0.95 | -0.0431 -0.0340 0.4389 | 0.0164 0.0132 0.5735 | -0.0046 -0.0000 0.3654 | -0.0016 0.0051 0.3275
100 0.99 | -0.0499 -0.0397 0.4492 | 0.0182 0.0141 0.6377 | -0.0090 -0.0052 0.3467 | -0.0056 0.0009 0.2925
200 0.30 | -0.0104 -0.0100 0.4800 | 0.0007 0.0017 0.4988 | -0.0019 -0.0009 0.4905 | -0.0015 -0.0009 0.4900
200 0.90 | -0.0189 -0.0143 0.1594 | 0.0063 0.0092 0.1711 | 0.0001  0.0037 0.1469 | 0.0006 0.0052 0.1380
200 0.95 | -0.0200 -0.0156 0.1241 | 0.0082 0.0093 0.1471 | 0.0008 0.0037 0.1119 | 0.0010 0.0050 0.0987
200 0.99 | -0.0242 -0.0189 0.1157 | 0.0100 0.0069 0.1678 | -0.0009 -0.0003 0.0995 | -0.0011 0.0015 0.0789

Deterministic Component: Constant and Linear Time Trend
OLS JN Weighted JN Bootstrap

Mean Med. MSE | Mean  Med. MSE | Mean Med. MSE | Mean Med. MSE
T 16 Bias Bias x100 | Bias Bias %100 Bias Bias x 100 Bias Bias %100
50 0.90 | -0.1393 -0.1231 3.1341 | 0.0336 0.0095 4.1863 | -0.0557 -0.0468 2.1418 | -0.0305 -0.0196 1.9550
50 0.95 | -0.1554 -0.1376 3.4747 | 0.0263 -0.0009 4.3289 | -0.0699 -0.0638 2.2084 | -0.0422 -0.0320 1.9366
50 0.99 | -0.1795 -0.1624 4.2903 | 0.0141 -0.0154 4.6869 | -0.0914 -0.0882 2.5973 | -0.0612 -0.0517 2.1888
100 0.90 | -0.0641 -0.0550 0.8064 | 0.0189 0.0116 1.0698 | -0.0158 -0.0120 0.6087 | -0.0070 -0.0015 0.5537
100 0.95 | -0.0741 -0.0646 0.8919 | 0.0205 0.0048 1.1826 | -0.0213 -0.0191 0.6071 | -0.0114 -0.0055 0.5275
100 0.99 | -0.0916 -0.0810 1.1588 | 0.0140 -0.0022 1.3474 | -0.0355 -0.0341 0.6939 | -0.0248 -0.0185 0.5858
200 0.90 | -0.0303 -0.0249 0.2397 | 0.0079 0.0078 0.2710 | -0.0047 -0.0010 0.1959 | -0.0020 0.0025 0.1790
200 0.95 | -0.0343 -0.0292 0.2250 | 0.0096 0.0063 0.2698 | -0.0058 -0.0035 0.1639 | -0.0032 0.0004 0.1425
200 0.99 | -0.0426 -0.0372 0.2644 | 0.0112 0.0030 0.3406 | -0.0102 -0.0107 0.1699 | -0.0074 -0.0045 0.1378




Table SA.22. Jackknife Bias Correction of the Predictive Regression Model. This table presents mean and median bias, along with the
(scaled) mean-square error of four different estimators of the slope coefficient in the standard predictive regression model: (1) the OLS estimator; the
jackknife bias-corrected estimator as in equation (SA-2); (3) the weighted jackknife bias-corrected estimator as in equation (SA-3); the bootstrap-based
bias corrected estimator as in equation (SA-4). The three panels report results for different degrees of endogeneity: p = 0.7, p =0, and p = —0.95,

9¢

respectively. All results are based on 5,000 simulations.

Degree of Endogeneity: p = 0.7

OLS JN Weighted JN Bootstrap
Mean  Med. MSE | Mean  Med. MSE Mean  Med. MSE | Mean  Med. MSE
T 153 Bias Bias x 100 Bias Bias x 100 Bias Bias x 100 Bias Bias x 100
50 0.90 | -0.1809 -0.1424 10.8375 | 0.0576 0.0497 14.9891 | -0.0437 -0.0229 9.9847 | -0.0210 0.0075 9.4721
50 0.95 | -0.2007 -0.1572 10.7000 | 0.0567 0.0446 15.4931 | -0.0589 -0.0369 9.4868 | -0.0326 -0.0018 8.8782
50  0.99 | -0.2170 -0.1718 10.3651 | 0.0648 0.0500 15.4823 | -0.0724 -0.0447 8.5658 | -0.0405 -0.0036 7.9525
100 0.90 | -0.0874 -0.0669 3.6264 | 0.0313 0.0359 4.4449 | -0.0073 0.0076 3.4883 | -0.0018 0.0172 3.2766
100 0.95 | -0.0954 -0.0721 3.0379 | 0.0340 0.0317 4.0741 | -0.0113 0.0019 2.8437 | -0.0046 0.0143 2.5997
100 0.99 | -0.1090 -0.0823 2.8909 | 0.0415 0.0353 4.4934 | -0.0188 -0.0050 2.6276 | -0.0115 0.0079 2.2918
200 0.90 | -0.0387 -0.0287 1.3447 | 0.0184 0.0233 1.4940 | 0.0044 0.0115 1.3358 | 0.0053 0.0135 1.2754
200 0.95 | -0.0455 -0.0345 0.9635 | 0.0175 0.0204 1.1624 | 0.0008 0.0082 0.9404 | 0.0011 0.0113 0.8564
200 0.99 | -0.0528 -0.0409 0.7231 | 0.0228 0.0190 1.1183 | -0.0013 0.0028 0.7162 | -0.0019 0.0063 0.5864
Degree of Endogeneity: p =0
50 0.90 | -0.0070 -0.0081 7.3627 | -0.0032 -0.0003 10.3906 | -0.0047 -0.0024 8.2579 | -0.0058 -0.0051 8.0228
50 0.95 | -0.0026 -0.0022 5.9564 | -0.0010 0.0019  9.9525 | -0.0020 -0.0011 7.0244 | -0.0023 -0.0018 6.7370
50 0.99 | -0.0015 -0.0021 4.5649 | -0.0062 -0.0081 9.3018 | -0.0038 -0.0044 5.6666 | -0.0035 -0.0048 5.4618
100 0.90 | -0.0006 -0.0002 2.6811 | 0.0017 -0.0011 3.3358 | 0.0009 -0.0015 2.9374 | 0.0006 -0.0012 2.8337
100 0.95 | -0.0004 0.0007 1.8085 | -0.0008 0.0016  2.6933 | -0.0006 0.0027 2.1411 | -0.0006 0.0019 2.0061
100 0.99 | 0.0020 0.0019 1.1922 | 0.0008 0.0013 2.1938 | 0.0014 0.0014 1.5176 | 0.0015 0.0016 1.3871
200 0.90 | -0.0021 -0.0005 1.0713 | -0.0018 -0.0006 1.2206 | -0.0019 -0.0004 1.1484 | -0.0021 0.0002 1.1145
200 0.95 | -0.0009 -0.0023 0.6916 | -0.0019 -0.0021 0.8864 | -0.0016 -0.0018 0.7898 | -0.0014 -0.0017 0.7435
200 0.99 | 0.0001 -0.0004 0.3526 | 0.0000 0.0011 0.6362 | 0.0001 -0.0001 0.4779 | 0.0001 0.0001 0.4165
Degree of Endogeneity: p = —0.95

50  0.90 | 0.2416 0.1901 14.2368 | -0.0796 -0.0667 19.4009 | 0.0567 0.0252 12.1099 | 0.0264 -0.0144 11.3643
50  0.95 | 0.2720 0.2243 14.7666 | -0.0824 -0.0482 20.6774 | 0.0769 0.0548 11.6859 | 0.0415 0.0080 10.7064
50  0.99 | 0.2962 0.2420 15.4953 | -0.0872 -0.0715 20.9835 | 0.0988 0.0719 11.2862 | 0.0560 0.0168 10.1439
100 0.90 | 0.1188 0.0908 4.6373 | -0.0399 -0.0465 5.4714 | 0.0114 -0.0071 4.1236 | 0.0033 -0.0200 3.8671
100 0.95 | 0.1275 0.1004 3.9868 | -0.0520 -0.0430 5.4968 | 0.0116 -0.0031 3.4299 | 0.0029 -0.0195 3.0496
100 0.99 | 0.1468 0.1207 3.9699 | -0.0580 -0.0442 5.5855 | 0.0238 0.0145 3.0160 | 0.0136 -0.0033  2.5915
200 0.90 | 0.0594 0.0462 1.5888 | -0.0162 -0.0245 1.6301 | 0.0022 -0.0089 1.4315 | 0.0004 -0.0114 1.3541
200 0.95 | 0.0658 0.0513 1.2940 | -0.0186 -0.0202 1.4726 | 0.0036 -0.0047 1.1539 | 0.0029 -0.0092 1.0242
200 0.99 | 0.0740 0.0590 1.0868 |-0.0291 -0.0195 1.5608 | 0.0036 0.0018  0.9475 | 0.0047 -0.0050 0.7458
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