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Measuring Granger Causality in Quantiles

ABSTRACT

We consider measures of Granger causality in quantiles, which detect and quantify both linear and nonlin-
ear causal effects between random variables. The measures are based on nonparametric quantile regressions
and defined as logarithmic functions of restricted and unrestricted expectations of quantile check loss func-
tions. They can consistently be estimated by replacing the unknown expectations of check loss functions
by their nonparametric kernel estimates. We derive a Bahadur-type representation for the nonparametric
estimator of the measures. We establish the asymptotic distribution of this estimator, which can be used to
build tests for the statistical significance of the measures. Thereafter, we show the validity of a smoothed
local bootstrap that can be used in finite-sample settings to perform statistical tests. A Monte Carlo sim-
ulation study reveals that the bootstrap-based test has a good finite-sample size and power properties for
a variety of data generating processes and different sample sizes. Finally, we provide an empirical appli-
cation to illustrate the usefulness of measuring Granger causality in quantiles. We quantify the degree of
predictability of the quantiles of equity risk premium using the variance risk premium, unemployment rate,
inflation, and the effective federal funds rate. The empirical results show that the variance risk premium and
effective federal funds rate have a strong predictive power for predicting the risk premium when compared
to that of the predictive power of the other two macro variables. In particular, the variance risk premium is
able to predict the center, lower and upper quantiles of the distribution of the risk premium; however, the
effective federal funds rate predicts only the lower and upper quantiles. Nevertheless, unemployment and

inflation rates have no effect on the risk premium.

Keywords: Measures of Granger causality; conditional quantiles; local linear estimator; smoothed local

bootstrap.
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1 Introduction

The concept of causality, introduced by Wiener (1956) and Granger (1969), constitutes a basic notion for
analyzing dynamic relationships between time series. An examination of Wiener-Granger causality reveals
that predictability is the central issue and is of great importance to economists, policymakers, and investors.
Many studies have investigated the building of the tests of Granger non-causality. However, once it has been
established that a “causal relationship”exists, it is usually important to assess its strength. Few studies have
proposed to measure Granger causality in mean between the variables of interest; refer to Geweke (1982,
1984), Dufour and Taamouti (2010), and Song and Taamouti (2018). However, these studies ignore or pay
less attention to the causality that can occur at other levels or aspects of the conditional distribution, such as
conditional quantiles. This study considers the measures of Granger causality in quantiles and, particularly,
proposes model-free measures that can quantify both linear and nonlinear causal effects in quantiles.

Causality tests fail to accomplish the task of quantifying the degree of Granger causality between the
variables of interest because they only provide the evidence on the presence of causality. A large effect may
not, at a given level, be statistically significant. Further, a statistically significant effect may be neither
“large” from an economic or a subject at hand viewpoint nor is it relevant for decision making. In this
study, beyond the acceptance or rejection of the non-causality hypothesis, which state that certain variables
do not help forecast other variables, we wish to assess the magnitude of the forecast improvement, where
the latter is defined in terms of some loss function (expectation of quantile check loss function). Even if the
hypothesis of no improvement cannot be rejected by looking at the available data (for example, because the
sample size or the structure of the process does not allow for high test power), sizeable improvements may
remain consistent with the same data. By contrast, a statistically significant improvement may easily be
produced by a large data set, which may not be relevant from a practical viewpoint.

The topic of measuring Granger causality has not attracted much attention. Further, most of the existing
measures focus on Granger causality in mean; thus, they cannot be used in the presence of causality in quan-
tiles. Geweke (1982, 1984) introduce measures of causality in mean based on vector autoregressive models.
Dufour and Taamouti (2010) extend Geweke’s work to propose measures for short and long run causality
in mean using vector autoregressive moving average models. Gouriéroux et al. (1987) build measures of
causality based on Kullback information criterion and use a parametric approach for the estimation of their
measures. Polasek (1994, 2002) show how causality measures can be computed using Akaike Information
Criterion and a Bayesian approach. Song and Taamouti (2018) propose nonparametric measures of Granger
causality in mean, extending the parametric approach of Geweke (1982, 1984) and Dufour and Taamouti
(2010). Taamouti et al. (2014) propose a nonparametric estimator and test for measures of Granger causality

in distribution. However, the latter measures are not informative enough regarding the level(s) (quantiles)



of the conditional distribution wherein the causality exists; hence, the importance of providing measures of
Granger causality in quantiles is relevant. There are also a number of papers dealing with Granger causality
in fields different from economics; e.g. communications in complex systems and neuroscience. To study
Granger causality between individual components in complex systems, Marinazzo, Pellicoro, and Stramaglia
(2008) use measures of nonlinear causality based on the theory of reproducing kernel Hilbert spaces. To
examine the causal relations in neural systems, Li, Wei, Billings, and Liao (2012) consider nonlinear time-
varying parametric models to build Granger causality measures that detect temporal causal interactions.
Furthermore, Hu and Liang (2014) suggest a model-free copula-based Granger causality measure to examine
nonlinear and high-order moment causality in neural data.

This study considers measures of Granger causality in quantiles that are able to detect and quantify
both linear and nonlinear causal effects, which can happen at any quantile of the conditional distribution
of the variable of interest. The measures are based on nonparametric quantile regressions and defined as
logarithmic function of restricted and unrestricted expectations of quantile check loss functions. A consistent
estimator of these measures is defined in terms of local polynomial estimators of the expectations of check loss
functions. Further, we derive a Bahadur-type representation for this estimator and establish its asymptotic
distribution, which we use to build tests for statistical significance of measures. Thereafter, we show the
validity of smoothed local bootstrap that we apply to perform statistical tests in finite-sample settings. A
Monte Carlo simulation study reveals that the bootstrap-based test has a good finite-sample size and power
properties for a variety of data generating processes as well as different sample sizes. Moreover, since testing
that the value of measure is equal to zero is equivalent to testing for the non-causality in quantile, we
consider an additional simulation exercise to compare the empirical size and power of our test with those of
the nonparametric test of non-causality in quantile, introduced by Jeong, Hirdle and Song (2012).! For the
finite samples, the simulation results indicate that our test controls the size and has better power compared
to that of Jeong et al.’s (2012) test. We have also suggested a bootstrap bias-corrected estimator for our
causality measure and investigated its finite sample performance using Monte Carlo simulations.

Finally, the empirical importance of measuring causality in quantiles is illustrated. We quantify the degree
of predictability of equity risk premium using the variance risk premium, unemployment rate, inflation, and
the effective federal funds rate. The empirical results show that the variance risk premium and effective
federal funds rate have a strong predictive power for predicting the risk premium compared to that of the
predictive power of the other two macro variables. In particular, the variance risk premium is able to predict
the center, the lower and upper quantiles of the distribution of risk premium; however, the effective federal
funds rate only predicts the lower and upper quantiles. Nevertheless, unemployment rate and inflation have

no effect on the quantiles (distribution) of risk premium.

'For the parametric tests of Granger causality in quantiles; refer to Lee and Yang (2014) and Troster (2018), among others.



The plan of the study is as follows. Section 2 provides the motivation for considering measures for
Granger causality in quantiles. Section 3 presents the theoretical framework that underlies the definition of
measures of causality in quantiles. In Section 4, we provide an estimator of the measures using nonparametric
quantile regressions and based on local polynomial approach. We establish the Bahadur representation of
this estimator in Section 5.1. In Section 5.2, we derive the asymptotic distribution of the nonparametric
estimator, which can be used to build tests for the statistical significance of the measures; we further study
their properties under some local alternatives. In Section 6, we show the validity of smoothed local bootstrap,
which can offer more accurate approximation to the finite-sample distribution of our test statistic. In Section
7, we extend our results to the case wherein additional control variables are considered. Section 8 presents
a Monte Carlo simulation exercise to investigate the finite-sample properties of the estimates and tests of
causality measures. Section 9 is devoted to an empirical application and the conclusion of the results is given
in Section 10. The key assumptions of the study and the proofs of the theoretical results are presented in

the Technical Appendix, which is available online.

2 Motivation

This study considers measures of Granger causality in quantiles. Most of the existing measures focus on
quantifying Granger causality in mean; refer to Geweke (1982, 1984), Dufour and Taamouti (2010), and Song
and Taamouti (2018). Other measures have been proposed to quantify Granger causality in distribution;
refer to Taamouti et al. (2014). The latter measures of causality in distribution, however, are not informative
enough of the level(s) (quantiles) of distribution wherein the causality exists. Thus, the significance of such
measures is limited in the presence of Granger causality in quantiles. A recent paper by Adrian, Boyarchenko,
and Giannone (2018) illustrates the importance of studying the causality at different levels (quantiles) of the
conditional distribution of GDP growth using economic and financial conditions. Using parametric quantile
regressions, they found that the lower quantiles of GDP growth exhibit strong variation as a function of
financial conditions, whereas the upper quantiles do not change over time. Hereafter, we consider measures
of causality in quantiles based on nonparametric quantile regressions. Such measures can quantify both

linear and nonlinear causality in quantiles. To motivate such measures, consider the following example.
Example 1 Consider the following mean regression model:
2 \1/2
Xe=p+¢ Xp1+ (’y + 5Y;_1) ¢, for some 7,5 > 0, (1)

where ¢ is normally (elliptically) distributed with mean zero and variance one. Since & is normally dis-

tributed, Xy is also conditionally normally distributed:

XilIxy(t—1) ~ N (4 ¢ Xom1, v+ 0Y2,),



where Ixy(t — 1) will be formally defined in Section 3, but it represents the available information at time
(t — 1) that contains both past of X and Y. Consequently, for T € (0,1), the T-th quantile of X; conditional

on Ixy(t—1) is given by:

1/2

Q" (X[ Ixy(t =1)) = p+¢ X1 + (v +8Y2,) T @71 (1), (2)

where ®~1 (1) is the T-th quantile of N'(0,1). Equation (1) shows that Y does not cause X through its
mean. However, from Equation (2) we observe that'Y does cause X through its T-th quantile. For example,
for 7 = 0.10, Y does cause X through its 10-th quantile even if there is no causality through its mean.
This example illustrates the case where the causality in mean does not exist, but it does exist in quantiles.

However, how can we measure the degree of this causality in quantile?

It should also be noted that the functional form of Granger causality in quantiles from Y to X can be

unknown. In other words, the mean regression model can generally be defined as follows:
Xe =m(Xi—1, Y1) + 0 (Xi—1, Y1) &,

where ¢; is normally (elliptically) distributed with mean zero and variance one. This implies that the 7-th

quantile of X; conditional on Ixy (¢t — 1) is given by:
QT (Xt |Ixy (t—1)) = m(Xi1, Y1) + 0 (Xe1, Y1) @71 (1),

where the functional forms of m(X;_1,Y;—1) and o (X;_1, Y;—1) are unknown. This illustrates the importance
of developing model-free measures that can quantify the degree of both linear and nonlinear Granger causality
in quantiles, which can be achieved using nonparametric quantile regressions. As pointed out in Cai and Xu
(2008), for many empirical applications, using linear quantile regression model might not be “rich” enough
to capture the underlying relationship between the variables of interest. However, there is an active and
growing literature on nonparametric quantile regressions that can accommodate nonlinear dependencies. In
particular, many smoothing methods (e.g. kernel methods) have been used to estimate the nonparametric
quantile regression for both independent and time series data; see Chaudhuri (1991), Yu and Jones (1998),
Honda (2000), Cai and Xu (2008), Jeong et al. (2012) and references therein.

3 Framework

We consider two variables of interest X and Y. For the simplicity of exposition, we assume that X and Y
are univariate processes; however, in Section 7 we include a third variable W. In other words, in Section 7
we will still focus on the univariate quantiles; we will nevertheless extend the information set to include a

third variable that can play the role of an auxiliary variable.



We wish to measure the Granger causality in quantiles between X and Y. When it comes to causality
analysis, defining the information sets is crucial. Hereafter, we consider a sequence I of “reference information

sets” I(t — 1) such that:
I={It):teZ,t>w}witht <t = 1I(t) CI{) forallt>uw, (3)

where I(t) is an information set, w € Z U {—o0o} represents a “starting point”, and Z is the set of integers.
The “starting point” w is typically equal to a finite initial date (such as w = —1, 0 or 1) or to —oo; in the
latter case I(t) is defined for all ¢ € Z. The information set I(t) could correspond to a (possibly empty) set,
whose elements represent the information available at any point of time, such as time independent variables
(e.g., the constant in a regression model) and deterministic processes (e.g., deterministic trends).

We denote X (w, t— 1] the information set spanned by X, for w < s <t —1, and similarly for Y (w, ¢t —1].
That is, X (w, t — 1] and Y (w, t — 1] represent the information contained in the history of the variables X
and Y, respectively, up to time ¢t — 1. Furthermore, the information sets obtained by “adding” X (w, t — 1]
to I(t — 1) and Y(w, t — 1] to Ix(t — 1) are defined as

In(t—1)=I(t—1)+ X(w, t —1], Ixy(t —1) = Ix(t — 1) + Y(w, t — 1. (4)

We now remind the reader how Granger non-causality in quantiles can be characterized in terms of
restricted and unrestricted expectations of quantile check loss functions. First of all, to avoid useless rep-
etitions, in the following sections we treat only the causality from Y to X. For any information set B;_1
[B;—1 might represents Ix(t — 1) or Ixy(t — 1)], we denote Q7 (X| B;—1) the best linear /nonlinear quantile
forecast of X; based on the information set B;_1. Hereafter, the best forecast of X; will be defined based on

the quantile check loss function:
pr(e) = (1 —0.5)e + 0.5]e| = e(7 — 1(e < 0)), (5)

where 1(A) is an indicator function of an event A and 7 is the quantile of interest. In other words, the best

quantile forecast of X; based on the information set B;_1 is
Q7 (X¢| Bi—1) = argmingE[p,(X; — 0) | Bi—1].

Using the above notations the following definition provides a characterization of Granger non-causality

in quantiles from Y to X.

Definition 1 (Characterization of Non-Causality in Quantiles). Fort € (0,1),Y does not cause X through

its T-th quantile given I, iff
Elpr(Xe = Q7 (Xe| Ix(t = 1)) ] = Elpr(Xe = Q" (Xe[ Ixy (t — 1))) ], VE > w,

where the sets Ix(t — 1) and Ixy(t — 1) are defined in (4).



Using Definition 1, the measures of Granger causality in quantiles that we consider are based on the

following simple idea. For 7 € (0,1), we state that “Y causes X through its 7-th quantile” if
Elpr (X = Q7 (X Ix (t — 1)))] > Elpr(Xi — Q7 (X¢| Ixy (t — 1)))]. (6)

Consequently, measuring the difference between the two loss functions on the left and right-hand side of
the inequality (6) is the same as measuring the strength of causality in the 7-th quantile from Y to X.
The causality measures that we use here are suitable functions of the “distance” between the loss functions
on the left and right-hand side of the inequality in (6). These measures are defined using similar measure
functions as in Geweke (1982, 1984) as well as Dufour and Taamouti (2010). Important properties of these
measure functions are that they are non-negative and cancel only when there is no causality. Specifically,

we consider the following causality measures where by convention In(0/0) = 0 and In(z/0) = +oo for > 0.

Definition 2 (Quantile Causality Measure). For T € (0,1), the function

Elp-(X: — Q7 (X4| Ix(t —1)))]

Cr(Y - X|I)=In Elp:(X: — Q7 (X¢| Ixy (t — 1)))]

defines the T-th quantile causality measure from Y to X, given I.

C-(Y — X |I) measures the degree of causal effect from Y to the 7-th quantile of X given the past of
Y. With relation to predictability, it can be viewed as a measure of the amount of information brought by

the past of Y, which can in turn improve the forecast of the 7-th quantile of X;.

4 Estimation

Let {(Xt, Vi) eRxR= R?2 t=0,.., T} be a sample of strictly stationary stochastic process in R?. Denote
X, 1 =Xee1, 0, Xg) and Y, = (Y1, ..., Yi_g,) for some fixed known integers dy > 1 and dy > 1.

We assume that the following nonparametric unconstrained quantile regression hold,
Xt =¢qr (Z,_1) + &, for a fixed quantile T € (0,1), (8)

where Z,_; = (X,_,,Y}_;)" is a d = dy + dy dimensional random vector, ¢, (Z,_1) = Q" (X4 Z,_;) , and
g =Xy — Q7 (Xt| Zt_l) . Thus, &; is an error term with its 7-th conditional quantile given Z,_; equal to
zero, i.e. Pr(e; <0|Z,_; = z) = 7 for almost all z. To quantify the degree of Granger causality in quantile

from Y to X, we further consider the following nonparametric constrained quantile regression:
Xe=qr (Xy-1) + &, (9)

for g, (Xt_l) =Q (Xt|Xt_1), g6=X—Q (Xt|Xt_1) , with Pr(g; < 0|X,_; = z) = 7 for almost all z.



From Equation (7) and after replacing the unconstrained and constrained conditional quantiles of X}
by the corresponding regression functions g; (Zt_l) and ¢, (X t—l) , respectively, we obtain the following

nonparametric regression-based measures of Granger causality in quantiles from Y to X.

Proposition 1 Under the quantile regressions (8) and (9), for non-negative weighting function w(-) and a

fized quantile T, for 0 < 1 < 1, the function

Elpr (Xt — ¢-(Xy_1))w (Zt—l)]
Elpr (Xt = ¢:(Z4—1))w (Z;_1)]

is the T-th quantile causality measure from'Y to X, given I.

C.(Y = X|I)=In

(10)

The inclusion of non-negative weighting function w(-) in the expression of the above measure is to avoid
its highly uncertain estimation especially in regions with sparse or noisy data. In practice, w(-) will typically
take the value that is one in the center of the support of Z and zero near the boundary. The introduction
of the weight w(-) also permits the users to focus their analysis on a given range of interest of the variables.
Furthermore, notice that when ¢;(Z,_;) = ¢-(X,_;) with probability one (i.e., when there is no causality
from Y to X through its 7-th quantile), the measure C; (Y — X | I) becomes equal to zero.

Next, we provide a consistent nonparametric estimator for the above measure by replacing the unknown
expectations of check loss functions by their consistent nonparametric estimates. In particular, we need non-
parametric estimates for the following restricted and unrestricted quantile regression errors: X; — ¢-(X,_;)
and X; — ¢-(Z,_,), respectively. Due to its well-known advantages, we use the local polynomial approach
to construct our nonparametric estimates as discussed in Fan and Gijbels (1996). For simplicity of expo-
sition and to economize space, hereafter, we omit the information sets Z, ; and X, ; in the notations of
subsequent Granger causality measures and their corresponding estimates.

First of all, assume that the constrained [resp. unconstrained] 7-th conditional quantile function g (x)
[resp. ¢r(z)] is differentiable continuously at x = (@1, -+ ,24,)" [resp. z = (2,y'), with y = (y1,- - ,Ya,)']
up to order p + 1 [resp. ¢ + 1]. Then, the multivariate p-th order local polynomial approximation of the

constrained 7-th conditional quantile function ¢,(a), for any a close to z, is given by

F@~ Y D) o),

0<|r|<p
where r = (r1,--- ,7q,), 1| = Z?Ll ri, Tl =71l x ---rg !, and
orq
D, () = — @)

- 1 9. d
Oxy" -~ 8xd1

J J
Tl xR —\P
for % = ai' x - x @yt and o <, = Dio0 E g .

r=0  74,=0
————
ritetra, =j
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Now, let K(u) be a multivariate product density function on R% and hy = hypr € Rt a bandwidth
parameter converging to zero at appropriate rates specified in Assumption A.9 of Appendix A of the Online
Technical Appendix. Using the sample {(X;,Y:)}L o, we consider minimizing the following quantity with

respect to G, 0 < |r| < p, to derive the constrained estimator qT( ) evaluated at the data point x = X, ;:

min K (X, =X, 1) | Xs— Z Br(X Xi )| (11)

s=1,s#t 0<r|<p

where Kj, (u) = K(u/h1)/h{". Let 3.(X,_;), for 0 < |r| < p, be the minimizer of the above optimization
problem. The leave-one-out estimator for the 7-th constrained conditional quantile function g-(x) and its

partial derivatives D"q.(x) evaluated at x = X, ; are then given by

77t,‘r(lt—1) = fo and Dr —q_ tT(Xt 1) =r!fy, for1<|r|<p.

Similarly, we denote the multivariate ¢g-th order local polynomial leave-one-out estimator of the unconstrained
7-th conditional quantile function ¢, (z) and its derivatives D", (z) evaluated at the data point z = Z,_; by
q—t+(Z,_1) and Dﬂq_tJ(Zt,l), for 1 < |r| < g, respectively. Therefore, based on the above local polynomial
leave-one-out estimators E_W(L_l) and ¢_¢-(Z,_ ), the term
— T =
— Tt Zt:l Pr (Xt —q_tr (thl)) w (thl)

S 12
(¥ = X) T pr (X = Gorr (Z41)) w (24) "

is a suitable nonparametric estimator of the causality measure C, (Y — X) in (10). As we will show in
the proof of Theorem 2, using leave-one-out estimators helps to reduce the bias in estimating the measure
Cr (Y — X). The consistency of the estimator in (12) will be established for any continuous weight function
w (+) defined on a compact and non-empty interior support. Finally, the nonparametric estimator of the
measure of Granger causality from X to Y through its 7-th quantile can be obtained following the same
steps. Hereafter, we will omit the subscript “—t” of the leave-one-out estimators 6,th (X,_1)and g—+(Z;_1)

in the expression (12) to minimize the notation.

5 Asymptotic properties

This section aims to establish the asymptotic properties of nonparametric estimator C; (7: X) defined
in Equation (12). Before proceeding with this, we need to introduce some notations to facilitate the study
of local polynomial estimators. Following Kong et al. (2010), let N; = (ltlfl 1) be the number of distinct
di-tuples r with » = i. Arrange these N; di-tuples as a sequence in a lexicographical order, with the highest
priority given to the last position so that (0,...,0,7) is the first element in the sequence and (7,0,...,0) is

the last element. Let 7; denote the 1-to-1 mapping defined by m;(1) = (0,...,0,4),...,7n, = (¢,0,...,0).



Furthermore, for each i = 1,..., p, define a N; x 1 vector p;(x) with its k-th element given by 2™ (®)and
write p(z) = (1, pi(z), ..., pp(x)’)’, which is a column vector of length N = >¥ | N;. Similarly, define
vectors fp(x) and 8 through the same lexicographical arrangement of D"¢-(z) and §, in Equation (11) for

0 < |r| < p. Thus, Equation (11) can be rewritten as
. !
mﬁm Z K, (Xs—l - Kt—l) Pr (Xs —H (Xs—l - Xt—l) ﬁ) . (13)

Now, let us denote the minimizer of equation (13) by A7(X,_;), and let 8,(X,_;) = W,B7(X,_), where
W, is a diagonal matrix with diagonal entries that are equal to the lexicographical arrangement of r!, for
0 < |r| < p. In addition, let p(u) = 71(u > 0) + (7 — 1)1(u < 0) be the piecewise constant derivative of the
check loss function p-(g) given in (5). Define G (6,z) = E [¢ (X; — 6) |X,_; = z] and g(z) = 0G(0,z)/06.
Then, it holds true that g(z) = —fzx(0|z), where fzx(:|z) is the conditional probability density function
of the constrained quantile error & = X; — ¢-(X,_,) given X, ; = z. Let v; = [ K(u)udu and define
vr; = [ K(u)ut Lg(x + hiu) fx (z + hiu) du, where fx(-) is the marginal probability density function of X, ;.

Finally, for 0 < j,k < p, let S 1 and St 1 (z) be two N; x Nj, matrices with their (I,m) elements, respectively,

[Sjelim = V) +me(m) and [ST; (@), = V(1) 4 (m) (2)-

Using the above notations, we now define the N x N matrices S, and St (x):

Soo So1 0 Sop Sto0() Sroi(z) -+ Srop(x)

S S - S S z) S z) - S z
5, = %,0 %,1 | %,p  Sry() = T,1i0(7) TJil(J T,1,'p(7)

_Sp,O Sp1 v Spm_ _ST,p,O(I) Stp1 () - STpp @)_

Further, for |S,| # 0, define

B, ) = ;11 WSt @HT Y K (X, =X, e(Xe—p(X, =X, )Wy By, DX, 1—X, 1),
where Hr is a diagonal matrix with diagonal entries h'zl for 0 < |r| < p, in the aforementioned lexicographical
order. The quantity 57.(X;_;) is the leading term in the Bahadur representation of Bp( 1) — Bp(X,y),
which is the sum of a bias term E[55(X,_;)] (with E, denoting expectation with respect to s) and a
stochastic term 3}.(X,_;) — Es[f5(X,;_)]; for more details, among other studies, refer to Kong et al. (2010),
Guerre and Sabbah (2012), and Noh et al. (2013).

The ¢-th order local polynomial leave-one-out estimator for the unconstrained conditional quantile func-
tion ¢-(Z,_;) using a second bandwidth hgy, denoted by ¢r(Z,_;), can accordingly be defined as above for
a (X,_1). Therefore, we omit the steps for constructing ¢-(Z,_;).



5.1 Bahadur representation

In this subsection, we establish a Bahadur type representation for the nonparametric estimator in Equation
(12). This representation will be used to deduce the consistency of the estimator in (12). To derive the
Bahadur’s representation of C'- (?: Y'), some regularity assumptions are needed. Therefore, we consider a
set of standard assumptions that have been widely used in the literature on nonparametric estimation and
inference; refer to, for example, Hong (2003), Guerre et al. (2012) and Noh et al. (2013) for independent
and identically distributed (i.i.d.) data, and Kong et al. (2010) for the strongly mixing data. For simplicity
of exposition, we relegate all these assumptions to Appendix A of the Online Technical Appendix. The

following theorem establishes the Bahadur representation for the estimator C (X — Y) [refer to the proof

of Theorem 1 in Appendix B of the Online Technical Appendix].

Theorem 1 Let d = dy + do. Suppose Assumptions A.1-A.9 in Appendiz A of the Online Technical
Appendiz hold, p > d1/2 — 1, hy = O(T~ ") with 1/2p + 2+ d1) < k1 < 1/(2d1), ¢ > d/2 — 1, and
ho = O(T~"2) with 1/(2p+ 2+ d) < ke < 1/(2d). Then, for each given quantile 7 € (0,1), we have

T
VT (G (V 5 X) =G (Y = X)) = (1+CT(Y—>X))\/1TZ(et )+ 0y (1),
t=1

where
o = r X @ (X)) w(Zi) — Elpr (X = 6 (X)) w(Z0)]
Elpr (Xt = @r (Xy1)) w (Z4-1)] ’
and
I (Xt = ar (Z-1)) w (Zeos) = B lpr (Xe = ar (Zo1)) w (Ze)]

Epr (Xt = ar (Ze-1)) w (Z4-1)]
Note that the conditions p > d;/2—1 and ¢ > d/2—1 are needed to obtain the asymptotic representations

of the empirical analogue of the check loss functions involving /E\T() and §-(+), respectively; refer to Lemmas
3 and 4 in Appendix C of the Online Technical Appendix. They imply that the orders p and ¢ of the local
polynomial approximations of ¢,(z) and ¢,(z) should increase as the dimensions d; and d of X, ; and Z,_;
increase, respectively. One immediate implication of Theorem 1 is that the estimator CT(?:X ) in (12)
is comnsistent. Thus, the following proposition can be straightforwardly deduced from the above Bahadur’s

representation of C-(Y — X)) , therefore its proof has been omitted.

Proposition 2 Under Assumptions A.1-A.9 in Appendiz A of the Online Technical Appendiz, for each

given quantile T € (0,1), the nonparametric estimator Cr (Y — X) in (12) converges in probability to the

true Granger causality measure C- (Y — X) in (10).
Besides the consistency property, the Bahadur representation implies v/T (CT (7: X)-C.(Y - X )>

is asymptotically normal with mean zero and variance 0%, = (1+ C, (Y — X ))2 >, where

T
Y= Tll_rgo T~ "War <; (er — ut)> = Var (e —up) + 2; Cov (e1 — uy, e —uy) .
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Specifically, the asymptotic normality of C; (Y — X) can be established by applying the central limit
theorem to the strongly mixing process {(e; — Ut)}tT:1; refer to, for example, Theorem 2.21 in Fan and

Yao (2003). One direct application of this theorem is the construction of confidence intervals for the

2

: : 22 _
i, is available. For example, 67 =

causality measure C-(Y — X) once a consistent estimator for o
(1 +C; (?: X ))2 3.,, where 3, is the long-run variance estimator (“Newey—West” or HAC estimator)
based on sequence {(é; — dt)}thl with é; and 1 respectively the sample analogues for e; and u; in Theorem
1. However, recall that by construction C; (Y — X) is non-negative and it is zero if and only if there is no
causality from Y to X through its 7-th quantile. It is immediate to observe that when C; (Y — X) = 0,
the asymptotic variance 0'%7_, given before, degenerates to zero. This means that the asymptotic normality
result, which can be obtained using Theorem 1, is also a degenerate distribution and is meaningless except
the consistency of CT(ﬁX ) to zero. Thus, unlike the cases when the degree of Granger causality in
quantiles is important (i.e. value of the causality measure is non-zero or large), we should herein investigate

the next leading term in the previous Bahadur expansion in order to get a non-degenerated distributional

result. We will study this important case in detail in the next section.

5.2 Inference

The causality measures, which we defined in the previous sections, can be used to test for Granger non-
causality in quantiles between X and Y. If there is no causality from Y to X through its 7-th quantile,
then the restricted and unrestricted expectations of quantile check loss functions will be equal: E[p,(X; —
-(X,_1))] = Elp-(X: — ¢-(Z,_,))]. Hereafter, we will use this equality to test the null hypothesis of
Granger non-causality in certain quantiles. In other words, for a pre-specified quantile 7, for 0 < 7 < 1, we

are interested in testing the null hypothesis
Hy:C-(Y - X)=0 (14)

against the alternative hypothesis

Hy:C:(Y —- X)>0. (15)
As we had discussed at the end of the previous subsection, under Hy, the Bahadur representation in Theorem
1 tells us nothing about the asymptotic distribution of CT(?:X ). Therefore, to test Hy against H; we
need to derive a non-degenerated distribution of C; (7: X) when C(Y — X) = 0is true. Using the theory
for U-statistics, the following theorem provides non-degenerate asymptotic normality of the nonparametric
estimator C (?: X) at a given quantile 7, for 0 < 7 < 1 [refer to the proof of Theorem 2 in Appendix B
of the Online Technical Appendix]|. Again, here, in this study, we focus only on Granger causality from Y

to X, however, a similar result can be obtained for Granger causality from X to Y.

11



Theorem 2 Let d = dy + do. Suppose Assumptions A.1-A.9 in Appendiz A of the Online Technical
Appendiz hold, p > d1/2 — 1 and hy = O(T~"") with 1/(2p+ 2+ d1) < k1 < 1/(2dy1), and ¢ > d/2 — 1 and
ho = O(T~"%2) with 1/(2q9+ 2+ d) < ko < 1/(2d). Then, under the null hypothesis Hy in (14), we have

Th2C,(V = X) % N (0,02.)

where

o, _ 27 (1—1) 2 w?(2) o
Oy = W/K () dU/sz(z) dz,
with k(1) = E [pr (Xt — - (Z,_1)) w (Z4_1)], f-2(0,2) the joint density of e; = Xy — qr (Z;_1) and Z;_,

evaluated at ¢ = 0, and fz (z) the marginal density of Z,_,.

To implement the test in practice, we require a consistent estimator of 0(2)7. In this study, we suggest to

replace o3, by the following estimator:

T
i, = A=) W) Ly (Zes=Zos )
oor = 2 — 1 2 0 VA hd h2 )
K (7) t=ls 1,s¢tf (0,Z,_1)

where
T

Es—1 Zy 1 —Zs
0,2 — | K| ——
Ra0z =7y 3 g (52) 6 (22522).
is the leave-one-out kernel density estimator for f& 2(0,Z,_,), and

T

W) = 7 S (X (2wl Z,y)

t=1
is a consistent estimator of x (7).2 It is worthwhile to remark that if we choose w(z) = f. z(0,z), our
expressions for o2, and 73, reduce to those for o3 and 52 in Jeong et al. (2012, Theorem 3.1(i) and (ii))

apart from the normalizing constant 2 (7). We now define the following feasible test statistic:

R /2
AL C(Y—>X) a7

UOT

Under Hg, Theorem 2 implies that the test statistic fT is asymptotically pivotal and asymptotically dis-
tributed as A/(0, 1). This result forms the basis for the following one-sided asymptotic test for Hy: for a given
significance level a;, we reject the null Hy if lA“T > 24, where z, is the one-sided critical value, i.e. the upper
a-th percentile from the standard normal distribution. The following proposition establishes the consistency
of the above test for the fixed alternative (15). It shows that the test statistic T'y = Thd/ ’c, (7: X)/o0r
diverges to infinity under the alternative hypothesis H; [refer to the proof of Proposition 3 in Appendix B

of the Online Technical Appendix].

2The proof of the consistency of the estimator 63, for o, can be found in the proof of Theorem 2 in Appendix B of the

Online Technical Appendix.
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Proposition 3 Let d = di + da. Suppose Assumptions A.1-A.9 in Appendiz A of the Online Technical
Appendiz hold, p > d1/2 — 1 and hy = O(T~"") with 1/(2p+ 2+ d1) < k1 < 1/(2dy1), and ¢ > d/2 — 1 and
he = O(T"2) with 1/(2q + 2+ d) < ko < 1/(2d). Then, under the alternative hypothesis of causality in
(15), we have

Pr {Thg”QCT(?:X)/aOT > BT} S,

for any non-stochastic sequence By = o <Thg/2).

We also examine the asymptotic power of the test for detecting local departures, which converge to the
null hypothesis (14) at a suitable rate. Specifically, we consider a sequence of Pitman-type local alternatives
of the following form:

Hy (67) : 47 (2) = @7 (2) + 67Ar (2), (18)

where d7 might depend on 7 and 7 — 0 as T' — oo, and Ar (2) is a non-constant continuous function in z;
this indicates how large the deviation of ¢, (z) is from ¢, (z). Equivalently, Ar (z) indicates how large the

deviation of the measure C; (Y — X) is from zero. Further, we define the following term:

y=r(r)"" lim E[AH(Z, )w(Z, 1)f2000Z, )] (19)

T—o00

We also assume Ap(z) is a function that satisfies v # 0. The following proposition states that our test
has a non-trivial asymptotic local power against the sequence of Pitman local alternatives defined in (18),
which converges to the null at the rate 7-1/ 2h2_ U4 With d = dy + dg [refer to the proof of Proposition 4 in

Appendix B of the Online Technical Appendix].

Proposition 4 Let d = dy 4+ da. Suppose Assumptions A.1-A.9 in Appendix A of the Online Technical
Appendiz hold, p > d1/2 — 1 and hy = O(T~") with 1/(2p+ 2+ d1) < k1 < 1/(2d1), and ¢ > d/2 — 1 and
ho = O(T™"2) with 1/(2¢ + 2+ d) < k2 < 1/(2d). Then, under the local alternatives Hy (d7) in (18) with
or = (Thg/2>_1/2, we have

Thy*C.(Y — X) % N(7,02,),

where o3, is defined in Theorem 2 and v is defined in (19).

Note that our test can detect a class of local alternatives that converge to the null hypothesis at the

same rate as Jeong et al. (2012), which is T_1/2i12_d/4

. This rate is a typical rate for tests based on kernel
smoothing, see e.g. Hérdle and Mammen (1993), Fan and Li (1996) and Zheng (1996) to mention only a few.
On the other hand, Lavergne et al. (2015) propose a kernel-based test that smooths only over the covariates
appearing under the null hypothesis, so that the rate of local alternatives for their test is -1/ 2hgl/ 4, which is

(di+dz2)/4

faster than the rate 71/ 2hy . However, none of the aforementioned tests, including Lavergne et al.

(2015)’s, can detect T—1/2]ocal alternatives. Finally, to obtain tests that can detect T—1/2-local alternatives,
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global-type tests, which avoid nonparametric smoothing estimation under the alternative hypothesis, needs
to be constructed, see e.g. Volgushev et al. (2013) for a stochastic process-based test for the significance of
covariates in multivariate nonparametric quantile regression. Nonetheless, both Volgushev et al. (2013) and

Lavergne et al. (2015) consider significance testing for i.i.d. data.

6 Bootstrap

The result in Theorem 2 is valid only asymptotically. The asymptotic normal distribution might not work
well in the finite samples and our unreported simulations using asymptotic critical values also confirm this
observation. Particularly, for high dimensional random variables the asymptotic test is subject to huge
size distortion because of possible finite-sample bias in the nonparametric estimation due to the curse of
dimensionality. One way to improve the size performance of the asymptotic test is to use the smoothed
local bootstrap introduced in Paparoditis and Politis (2000). One major advantage of smoothed local
bootstrap procedure is that it can preserve the unknown dependence structure in the data; thus, it can
“mimic” adequately the finite-sample distribution of our test statistic. Thus, in this section, we suggest a
bootstrap-based procedure to improve the performance of our test in Theorem 2 in finite samples.

In the sequel, X ~ fx means that the random variable X is generated from a density function fx. Let
L1, Lo and L3 be three kernels and h* be a bandwidth parameter. Hereafter, we discuss the implementation
of the test based on local smoothed bootstrap. It is easy to implement in the following four steps:

(1) We draw a bootstrapped sample {(X;,Y;*)}L ;. To do so, we first draw X} ; from its nonparametric
(kernel) marginal probability density

T

* 1 Xsfl -z
X~ g o0 (F55)

s=1

then conditional on X} ;, we draw X; and Y ; independently from the following two nonparametric
(kernel) conditional probability densities:
T
1 X1 —Xi
Xt*NﬁZLl <8h*t> L2<

Jra ()

T
. | X, - X5 Y. X, - X
i1 h*dQZL1< o 1>L3< - >/ZL < i 1)’

s=1

and

(2) Based on the bootstrapped sample {(X;,Y;*)}L;, we compute the bootstrapped version of the test

ThY 2C*(Y—>X)

9
UOT

statistic: f* =

(3) Repeat the steps (1)-(2) B times so that we get I _, for j =1,...,B;

3T

3For details about how to generate the bootstrap replicates computationally, see Paparoditis and Politis (2000, Remark 2.1).
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P
ThY?C, (Y =5X) .

(4) Compute the bootstrapped p-value using p* = B~} Zle 1(f§7T > fT), where fT =
test statistic based on the original sample {(X;,Y;)}/_;, and for a given significance level a, we reject the
null hypothesis if p* < a.

In the above bootstrap-based procedure, we have taken the same bandwidth A* for the nonparametric
kernel estimators of the marginal density of X, ; and the conditional densities of X; and Y, ; given X, ;.
However, in principle, one can use different bandwidths without invalidating the local smoothed bootstrap.

The next theorem establishes the asymptotic validity of the smoothed local bootstrap-based procedure [refer

to the proof of Theorem 3 in Appendix B of the Online Technical Appendix].

Theorem 3 Suppose the assumptions in Theorem 2 and Assumption A.10 hold. Then, we have

d/2 */\

T -

5,
in probability induced by the bootstrap resampling conditional on the original sample {(Xy, Y1)}, as T — oo,

where 333 is analogously defined as in Theorem 2.

The result in Theorem 3 provides an asymptotically valid approximation to the limiting null distribution
of fT. Regardless of whether the null hypothesis is true or not, the test statistic fi will be normally

distributed, but with different mean.

7 Extension: Additional control variables

In this section, we consider an additional control variable W, which can play the role of auxiliary variables
and transmit a possible indirect causality between the variables of interest X and Y. As for the processes
X and Y, let {W, € R, t =0,...,T} be a sample of strictly stationary stochastic process in R, and denote
W, 1= Wi1,...,Wi_g,), for some fixed known integer d3 > 1. Hereafter, we focus on the estimation of
the measure of Granger causality in quantiles from Y to X in the presence of W. We can, in a similar way,
define an estimator of the measure of Granger causality in quantiles from X to Y, after controlling .

To simplify the derivation of the main results in the presence of the auxiliary variable W, the following

unconstrained partially linear quantile regression model is considered, i.e. for a fixed quantile 7 € (0,1),
Xe =W, 1 +4r (Z41) + &1, (20)

where Z,_| = (7;,1,7271)/ is a d = dy + d2 dimensional vector that contains the past of X and Y, ¢, is
a ds-dimensional vector of unknown parameters, and ¢; is an error term with its 7-th conditional quantile,
conditional on (W}_1, Z}_1)’, equal to zero. The quantile regression in (20) is a linear function of the past of

W (i.e. ¢.W, ;) and a nonlinear function of the past of X and Y (i.e. ¢, (thl)). It is assumed throughout
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that the remainder of this section that ¢, and ¢, are identified uniquely. For sufficient conditions that
guarantee the identification of the model (20), the readers can refer to Theorem 1 of Lee (2003). Partially
linear quantile regression models are particularly useful because they compromise flexibly between fully
parametric and fully nonparametric models to avoid the loss of precision due to the curse of dimensionality
while making weaker assumptions about the functional form of the regression model.

Similarly, the constrained partially linear quantile regression model is given by

Xe =6y Wy i+ 3 (X,_1) + 5, (21)

where X, ; = (Xy_1,...,X;_q,)" is a di-dimensional vector that contains the past of X, ¢, is a ds-
dimensional vector of unknown parameters, and Z; is an error term with its 7-th conditional quantile,
conditional on (W}_;, X}_;)’, equal to zero. Note that the linear parts in the constrained and unconstrained
partially linear quantile regressions are similar; thus, the only difference between the two quantile regressions
is in the nonlinear parts that depend on different information sets.

Based on the constrained and unconstrained partially linear quantile regressions in (20) and (21), we

define the following measure of Granger causality from Y to X through its 7-th quantile, for 7 € (0, 1), after

controlling for the presence of the auxiliary variable W that might be the source of indirect causality:

E [PT (Xt — E’wt_l —qr (Kt—l)) w (Zt—l)]

cPLyv =5 X\1w) =1 7
A I T (X oW (Ze) w (Ziy)

(22)

where the superscript PL stands for “partial linear”, and w(-) is a user-chosen weighting function.

We here follow Lee’s (2003) and Sun’s (2005) approaches for the estimation of ¢., ¢, ¢., and g,. For
more details on the estimation of partially linear quantile regression, the reader can refer to Lee (2003) and
Sun (2005). Using estimates of ¢., ¢r, ¢., and §,, the measure of causality in quantile given control variables

W defined in Equation (22) can be consistently estimated using the following estimator:

25:1 pr (Xt - Ewt—l - 57 (Xt—1)> w(Z; 1)

CPL(Y 5 X|[W)=In | — -
S pr (X =6 Wy = s (Zim)) w (Z00)

(23)

The following two theorems, respectively, provide the Bahadur representation and a non-degenerate
asymptotic normal distribution for the nonparametric estimator C'L (Y — X|W) in (23), under the null
hypothesis Hy : CPL (Y — X|W) = 0. The proofs are similar to those of Theorems 1 and 2; hence, only

sketched proofs of Theorems 4 and 5 below will be found in Appendix B of the Online Technical Appendix.

Theorem 4 Let d = di + do. Suppose Assumptions A.1-A.10 in Appendiz A of the Online Technical
Appendiz hold, p > d1/2 — 1, hy = O(T™") with 1/2p +2+ d1) < k1 < 1/(2d1), ¢ > d/2 — 1, and
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ho = O(T™"2) with 1/(2p+ 2+ d) < ke < 1/(2d). Then, for a given T € (0,1), we have

T
VT (CfL Y = X|W)-CcPE(y —» X\W)) =1+l (Y - x|w)) 1T > (el —uf") + op(1),

t=1

where

b P (Xt - E/Et—l —qr (Xt—1)) w(Z,,) - E [Pr (Xt — oWy —Gr (Xt—l)) w (Zt—l):|
e = — ,
t E[pr (X =0/ Woy — @ (X,00) ) w0 (Ze)]
and

uPL = P (X =W,y 1 —ar (Z1))w(Ziy) —E [pr (Xe =Wy 1 —qr (Z41)) w(Z41)]
' E [PT (Xt — Wy —gr (Zt—l)) w (&:—1)} '

Theorem 5 Let d = di + do. Suppose Assumptions A.1-A.10 in Appendiz A of the Online Technical
Appendiz hold, p > d1/2 — 1, hy = O(T™") with 1/2p +2+ d1) < k1 < 1/(2d1), ¢ > d/2 — 1, and
hy = O(T~"2) with 1/(2p+2+d) < ke < 1/(2d). Then, under the null hypothesis Hy : CEL (Y — X|W) =0,

for a given T € (0,1), we have
d/2 ~pL, (7 O d PL2
ThY2CPL(Y = X|W) % N(0,0l2),

where

2 2 1— 2 2
ol = 7 ( 72) /KQ(u) du/éy(z)dz,
kPL (1) fiz (0[2)
with K72 (1) = E [pr (Xe — W, — ar (Z41)) w(Z;_1)], fo2(0]2) is the conditional density of & :=
Xi— W, 1 —aqr (Zt_l) gwen Z, | = z evaluated at €, = 0.

Note that U[I)DTM can be estimated consistently by 8(1)?2 similar as (16). Lastly, as in the aforementioned

partially linear quantile regressions, the linear parameter ¢, [resp. ¢,] can be estimated consistently at the
parametric v/T-rate, which is much faster than the convergence rate of the nonparametric part g, [resp. Grl,
the estimation effect of q/gT [resp. @T] is asymptotically negligible; hence, it is possible to derive the above
results for the causality measure from Y to X replacing X; by X; = X; — gg;ﬂt_l [resp. X; — E/Et_ﬂ as

if ¢, [resp. ¢.] were known.

8 Monte Carlo simulations

In this section, we conduct a Monte Carlo simulation study to investigate the performance of the bootstrap-
based test, which we suggested previously for testing the statistical significance of our measures of Granger
causality in quantiles. Our primary interest is to evaluate the empirical size and power of the test in Theorem
3. Further, we will compare with size and power of Jeong et al.’s (2012) nonparametric test for testing the

Granger non-causality in quantile.
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All through this section, we consider two univariate time series processes X; and Y;. The null hypothesis
of interest corresponds to Granger non-causality in quantile from Y to X, i.e. Hy: C-(Y — X) =0, for a
given quantile 7 € (0,1). In the sequel, 7; and ¢; are two independent sequences of i.i.d. standard normal

random variables.

8.1 Bootstrap-based Test

Though the asymptotic-based test fT in (17), given by Theorem 2, is not time consuming and easy to
implement, the empirical size of the test statistic fT in small samples may differ significantly from that of
the significance level. The size distortion is almost unavoidable for small samples, which has been confirmed
in our unreported simulations. However, it is also known that some types of bootstrap such as smoothed
local bootstrap or moving block bootstrap can help eliminate or mitigate the asymptotically negligible higher
order terms, which may have a substantial and adverse effect on the size of fT for small sample studies.
Additional benefits of using smoothed local bootstrap test are that it can handle the unknown form of
dependence in the data and - based on simulations - it is not very sensitive to changes in the bandwidth
parameter. Thus, our primary interest is to evaluate the empirical size and power of the bootstrap-based
test in Theorem 3 using the data generating processes (DGPs) presented in Table 1.

Before we discuss the DGPs in Table 1, we should recall the following. Assume that the variable X is
a linear /nonlinear function of its own past, Ix(t — 1), and the past of Y, Iy (¢ — 1). Formally, consider the

following mean regression equation:
Xe=p(Ux(t—1),Iy(t = 1)) + e, (24)
where ¢; is an error term that satisfies E [ey [Ix(t — 1), Iy (t — 1)] = 0. The latter assumption implies that
B (X[ Ix (t— 1), Iy (t — 1)) = p (I (¢ — 1), Iy (t — 1)).

Now, if we further assume that & is a N (0,02) , then the 7-th quantile of X}, conditional on the past

Ix(t—1)UlIy(t — 1), will be given by
QT (X |Ix(t—1),Iy(t—1)) = pu(Ix(t—1),Iy(t—1))+cd (1), for 7 € (0,1), (25)

where @ (-) is the cumulative distribution function of the standard normal A (0,1).

Equations (24) and (25) show that under normality assumption of the error term &, linear/nonlinear
Granger (non-)causality in mean from Y to X is equivalent to linear/nonlinear Granger (non-)causality
in quantiles from Y to X. Consequently, since the error terms in Table 1 are assumed to be normally
distributed, (non-)causality in mean implies (non-)causality in quantiles. Thus, the eight DGPs in Table 1

will be used to evaluate the empirical size and power of the bootstrap-based test in Theorem 3. The last
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Table 1: Data generating processes

DGPs Variables of Interest Direction of Causality
Y Xt
DGP S1 Y, =05Y1+¢e X: =05X 1+ X»Y,YV»X
DGP S2 Y, =0.5Y;_1+0.5X; 1 +¢ X =05X 1+ X—=Y,Y»X
DGP P1 Y; =0.5Y1+¢ X =05X,_14+0.5Y;1 +m X»Y,Y—=>X
DGP P2 Y, =0.5Y:1 + ¢ Xt =0.5X;1+0.5Y,_1 +0.5sin(—2Y;—1) + X»Y, Y > X
DGP P3 Y, =05Y_1+¢ X; =0.5X;1 +05Y2, +n X»Y Y —=X
DGP P4 Y, =05Y1+¢e X =05Xy 1Y 1+ X»Y Y —-X
DGP P5 Y, =—-03Yi_1 + & X =065X;_1+02Y,_1 +/1+ Y2 m X»Y, Y > X
DGP P6 Y, = —0.3Y_1 + & X; =0.65X;_1 +4/1+ Y2 m X»Y,Y =X

Note: This table summarizes the DGPs, which we consider in the simulation study, to investigate the properties (size
and power) of nonparametric test of causality measures in quantiles. We simulate (Y;, X;), for ¢ = 1,...,T, under
the assumption that (g;,7;)" are i.i.d from N (0, I3) with I the 2 x 2 identity matrix. The last column of the table
summarizes the directions of causality and non-causality in each DGP. “—” and “-” refer to Granger causality and

non-causality, respectively.
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column of this table summarizes the directions of (non-)causality in quantiles in those DGPs. Since in DGP
S1 and DGP S2 the null hypothesis of Y Granger non-causing X in quantiles is satisfied, they are used
to investigate the size property of our test. In particular, in DGP S1 neither X Granger causes Y nor Y
Granger causes X, while in DGP S2 X Granger causes Y but Y does not Granger cause X. DGP S2 is used
to examine whether the size of our test for Granger causality of Y to X is affected by the Granger causality
of X to Y. On the other hand, in DGP P1 to DGP P6 [the exception is when 7 = 0.50; i.e. ®~!(7) =0,
thus DGP P6 falls under the null], the null hypothesis is not satisfied, and therefore, these six GDPs serve
the purpose of illustrating the power of our test. Further, notice that DGP P2 to DGP P6 are nonlinear
and DGP P6 is taken from Example 1 in our motivating section. All DGPs under consideration are strictly
stationary and ergodic processes.

For the estimation of nonparametric quantile regressions, consequent to the measures of Granger causality
in quantiles, we use the nonparametric estimator defined in (13) with a polynomial order of p = 1 (i.e. local
linear estimator). The weight function w(-) in the estimator of the measure in Equation (12) is set to be
equal to one everywhere, i.e. the trivial weight function, given that the performance here is not depending
heavily on the weight function. Further, to estimate the conditional restricted and unrestricted quantile
regression functions, we take the univariate kernel function K(-) equal to the standard normal density. For
the multivariate case, we use the product kernel.

The bandwidths used to estimate the univariate (restricted) and bivariate (unrestricted) quantile regres-
sions have the forms hy = cst1TY5 and hy = estaTY 6. respectively, where cst; and esty are selected using
the cross-validation technique for quantile estimation, refer to Tong and Yao (2000) and Noh, et al. (2013)
among others. For simplicity, the bandwidth h*, used to generate the bootstrap samples, is assumed to
take the same values as the above univariate bandwidth h;. How to choose the bandwidths A1 and hs to
maximize our test’s power is not yet investigated and requires more attention in future studies. Gao and
Gijbels (2008) have proposed to use the Edgeworth expansion of the asymptotic distribution of the test in
order to choose the bandwidth such that the power function of the test is maximized while the size function
is controlled. Furthermore, three sample sizes T' = 50, 100 and 200 are considered. For each DGP, we
first generate T 4 300 observations and then discard the first 300 observations to minimize the potential
adverse effect of the initial values. We use 500 simulations to compute the empirical size and power. For
each Simulation, we use B = 199 bootstrap replications. Finally, we focus on the nominal size 5% and we
report the results for five different quantiles: 7 = 0.10, 0.25, 0.50, 0.75 and 0.90.

Table 2 reports the empirical size and power of the bootstrapped test statistic fi in Theorem 3. As
expected, the local bootstrap-based test controls its size for both small and moderate samples in DGP S1
in which non-causality of X and Y holds in both directions. However, the test is conservative in DGP S2

potentially due to the presence of Granger causality of X to Y while testing for the Granger causality of Y to
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Table 2: Empirical size and power of our test

Quantiles DGPs

DGP S1 DGPS2 DGPP1 DGPP2 DGPP3 DGPP4 DGPP5 DGPP6

T =50
T =0.10 0.036 0.046 0.118 0.130 0.328 0.194 0.132 0.100
T=0.25 0.036 0.024 0.118 0.130 0.328 0.194 0.132 0.100
T =0.50 0.046 0.040 0.136 0.112 0.242 0.156 0.108 0.044
T=0.75 0.048 0.028 0.112 0.122 0.264 0.144 0.128 0.114
7 =10.90 0.048 0.046 0.112 0.122 0.264 0.144 0.128 0.114
T =100
7=0.10 0.044 0.030 0.334 0.332 0.672 0.416 0.282 0.230
T=0.25 0.044 0.028 0.334 0.332 0.672 0.416 0.282 0.230
T =0.50 0.052 0.018 0.312 0.358 0.720 0.474 0.230 0.048
T=0.75 0.050 0.018 0.282 0.326 0.690 0.472 0.272 0.258
7 =10.90 0.050 0.018 0.282 0.326 0.690 0.472 0.272 0.258
T = 200
T =0.10 0.048 0.008 0.696 0.762 0.974 0.882 0.684 0.422
T=0.25 0.048 0.018 0.696 0.762 0.974 0.882 0.684 0.422
7 =10.50 0.046 0.012 0.732 0.822 0.982 0.890 0.604 0.046
T=0.75 0.054 0.022 0.670 0.708 0.980 0.876 0.658 0.454
T =0.90 0.054 0.024 0.670 0.708 0.980 0.876 0.658 0.454

Note: This table reports the empirical size and the power of our local bootstrap-based test in Theorem 3 for testing
the Granger non-causality in quantiles from Y to X at a = 5% significance level. Note that when 7 = 0.50, DGP P6

falls under the null. The number of simulations is equal to 500 and the number of bootstrap resamples is B = 199.
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X. Concerning the power, Table 2 shows that this test has a reasonable power against various alternatives.
Its power is low for T = 50; however, it rapidly increases as we increase the sample size to T" = 100 and 200.
Moreover, for extreme (upper and lower) quantiles the results are almost the same perhaps because very
few observations are used given the sample sizes we considered. In general, given the small and moderate
samples that are under consideration, the performance of local bootstrap-based test is satisfactory for the

quantiles examined.

8.2 Comparison with Jeong et al.’s (2012) test

We saw in Section 5.2 that testing that the causality measure is equal to zero is equivalent to testing for
Granger non-causality in quantile. Thus, the tests in Theorems 2 and 3 can be viewed as tests of Granger
non-causality in quantile. Jeong et al. (2012) have recently proposed a nonparametric test for Granger
causality in quantiles. For g-mixing processes and under the null hypothesis of non-causality in quantile,
the asymptotic distribution of Jeong et al.’s (2012) test statistic is given by a standard normal distribution.
However, Jeong et al. (2012) do not provide a bootstrap-based test as we have done in this study. It is
worth mentioning that for finite samples, one might expect that our bootstrap-based test will perform better
than Jeong et al.’s (2012) asymptotic-based test, which is justified only for the large samples only. In the
following, for the sake of fair comparison, we investigate the performance of our local bootstrap-based test
with Jeong et al.’s (2012) test implemented with the same local bootstrap procedure. But we have to remark
that justifying validity of the local bootstrap procedure for their test statistic is not the main objective of
this paper and thus we leave its formal justification for future study.

In this subsection, we consider an additional simulation exercise to compare the empirical size and power
of our bootstrap-based test in Theorem 3 with those of Jeong et al.’s (2012) nonparametric test. We generate

data according to the following model adapted from DGP P6 in Table 1:

X; = 0.65X;_1 4 /1 + Y2 m, Y; = —0.3Y,_1 + &,

where c is a non-negative constant, and €; and 7, are independent standard normal random variables. Here,
¢ = 0 corresponds to the null hypothesis of non-causality from Y to X. Thus, the above DGP under ¢ = 0 is
used to investigate the size property of the two tests. However, the null hypothesis is not satisfied whenever
¢ > 0, and therefore the above GDP under ¢ > 0 serves to illustrate the power of the tests. It is worthwhile
to notice that, when ¢ > 0, there is no causality in the mean from Y to X, but there is causality in quantiles
from Y to X. To investigate the power of both tests, we take ¢ = 0.3, 0.5, 0.7, 0.9, 1.1, such that the
higher c is the stronger the causality from Y to X is. The empirical size and power of both local bootstrap-
based tests are computed using 500 replications and 199 bootstraps. To demonstrate the small or moderate

sample improvement of bootstrap procedure, results for our asymptotic-based test and Jeong et al.’s (2012)
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asymptotic-based test are also reported, which are based on 1000 replications and one-sided critical values
from standard normal distribution. Furthermore, for the purpose of making fair comparison, for our test,
we use the following univariate bandwidth h; = T-1/5 and bivariate bandwidths hy = T/, and for Jeong
et al.’s (2012) test, the same univariate bandwidth hy = T-1/5 ig adopted. Sample sizes T' = 50, 100, and
200 are considered to facilitate the comparison of the finite-sample performance of the two tests. Finally, to
save space, results for quantiles 7 = 0.25, 0.50, and 0.75 are provided.

Table 3 compares the empirical size and power of our bootstrap and asymptotic-based tests with those
of bootstrap and asymptotic-based tests of Jeong et al.’s (2012) for testing the non-causality in quantiles
from Y to X at o = 5% significance level. From this, we observe that under the null hypothesis [column
¢ = 0], there is a serious size distortion (oversized) for both our asymptotic-based test and the Jeong et
al.’s (2012) asymptotic-based test (results in parentheses), while, as expected, both bootstrap-based tests
are able to preserve the size well. This result is consistent across different levels of quantiles and sample
sizes under examination. In addition, the power of Jeong et al.’s (2012) bootstrap-based tests is almost
always dominated by the power of our bootstrap-based test, especially for slightly larger ¢’s and T" = 100
and 200. For example, when ¢ = 1.1, 7 = 0.75 and T = 200, our bootstrap-based test has a power of 50%,
i.e., five times higher than the power of the bootstrap-based test of Jeong et al.’s (2012). This illustrates the

usefulness of using our local bootstrap-based test for finite sample studies when sample sizes are limited.

8.3 Bootstrap-based Bias Correction

In the previous sections, we have investigated the finite sample properties of the fT test in Theorem 2.
Here we provide additional simulation results to examine a bootstrap bias-corrected estimator of measure
of Granger causality in quantile. Our estimator is motivated again from the local smoothed bootstrap
proposed by Paparoditis and Politis (2000), which can conserve the conditional dependence structure in the
data. The procedure is simple. We first use bootstrapped sample to compute the finite sample bias in the
nonparametric estimator of quantile Granger causality measure. We then subtract the bias term to obtain
a bootstrap bias-corrected estimate. The estimate is easy to obtain in the following four steps:

(1) We draw a bootstrapped sample {(X;,Y;*)}L; using the step (1) described in Section 6;

(2) Based on the bootstrapped sample {(X},Y;*)}L_;, we compute the bootstrapped version of the quantile
Granger causality measure C’;*(?: X);

(3) Repeat the steps (1)-(2) B times so that we get C7_ (Y — X), for j =1,..., B;

o —

(4) We approximate the bias term Bias = E[C-(Y — X)—C-(Y — X)] by the corresponding bootstrapped
bias Bias* = E* [C’;*(?:X) - C- (?: X)], where E* is the expectation based on the bootstrapped

distribution of C*(Y — X), and C-(Y — X) is the estimate of C-(Y — X) using the original sample.
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Table 3: Empirical size and power of our test and Jeong et al.’s (2012) test

Quantiles DGPs
c=0 c=0.3 c=0.5 c=0.7 c=0.9 c=1.1
ST JHS ST JHS ST JHS ST JHS ST JHS ST JHS
T =50
7=0.25 0.044 0.037 0.040 0.045 0.110 0.055 0.088 0.049 0.112 0.050 0.116 0.062
(0.075)  (0.073) (0.062) (0.085) (0.074) (0.080) (0.080) (0.075) (0.072)  0.080  (0.080) (0.078)
7=0.50 0.046 0.051 0.042 0.044 0.060 0.056 0.064 0.047 0.049 0.060 0.058 0.052
(0.052)  (0.058) (0.074) (0.072) (0.060) (0.061) (0.058) (0.053) (0.059) (0.056) (0.078) (0.075)
7=0.75 0.036 0.041 0.046 0.056 0.076 0.054 0.090 0.064 0.116 0.062 0.114 0.053
(0.066) (0.067) (0.062) (0.073) (0.083) (0.075) (0.076) (0.085) (0.079) (0.073) (0.073) (0.071)
T =100
7=0.25 0.044 0.046 0.058 0.072 0.112 0.059 0.162 0.073 0.222 0.092 0.208 0.075
(0.076)  (0.102) (0.082) (0.095) (0.091) (0.100) (0.083) (0.097) (0.103) (0.102) (0.093) (0.105)
7 =0.50 0.048 0.043 0.057 0.043 0.048 0.056 0.058 0.071 0.062 0.067 0.064 0.077
(0.051)  (0.069) (0.068) (0.066) (0.061) (0.078) (0.079) (0.074) (0.076) (0.083) (0.069) (0.076)
7=0.75 0.042 0.044 0.082 0.048 0.130 0.054 0.162 0.070 0.188 0.067 0.212 0.071
(0.078) (0.071) (0.075) (0.086) (0.083) (0.093) (0.094) (0.110) (0.087) (0.077) (0.093) (0.091)
T =200
7=0.25 0.048 0.049 0.124 0.070 0.208 0.055 0.346 0.090 0.442 0.090 0.478 0.100
(0.074)  (0.092) (0.100) (0.114) (0.112) (0.096) (0.118) (0.129) (0.129) (0.133) (0.137) (0.133)
7=0.50 0.046 0.050 0.054 0.059 0.058 0.048 0.052 0.049 0.045 0.050 0.040 0.044
(0.062)  (0.068) (0.075) (0.083) (0.079) (0.078) (0.092) (0.097) (0.069) (0.068) (0.072) (0.067)
7=0.75 0.034 0.037 0.162 0.066 0.240 0.077 0.308 0.073 0.426 0.109 0.500 0.094
(0.086) (0.088) (0.092) (0.090) (0.107) (0.118) (0.110) (0.137) (0.122) (0.118) (0.137) (0.128)

Note: This table reports and compares the empirical size and power of our local bootstrap-based test [hereafter ST

with a local bootstrap-based test of Jeong et al.’s (2012) [hereafter JHS] for testing Granger non-causality in quantile

from Y to X at o = 5% significance level. The table also provides the results for the two asymptotic-based tests: see

the values between parentheses. Note that when 7 = 0.50, the considered DGPs fall under the null. The number of

simulations is equal to 500 and the number of bootstrap resamples is B = 199.
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This suggests the bias estimate

% —

B
. 1 . o
Bias = 5 E Ci (Y = X) = Cr(Y = X).
i=1

Hence, a bootstrap bias-corrected estimator of measure of quantile Granger causality from Y to X at the

7-th quantile is given by

o — o~ %

“po(Y = X) = C-(Y — X) — Bias . (26)

In practice and especially when the true value of quantile causality measure is zero or close to zero, it
is possible that for some bootstrapped samples the quantity C? ;~(Y — X) becomes negative. In this case

we follow Dufour and Taamouti (2010) and suggest to impose the following non-negativity truncation:

2 po(V = X) = max {Cf 5o (Y > X),0}.

T

Tables 1, 2, and 3 of the Online Technical Appendix report some additional simulation results for the
bootstrap bias-corrected estimates of measures of Granger causality at quantiles 7 = 0.25,0.50 and 0.75,
for sample sizes T' = 50,100,200 and 400. We consider the DGPs described in Table 1. The same kernel
and bandwidths as in the previous sections are adopted. The bias terms and the average values of the
bootstrap bias-corrected quantile causality measures are computed based on 500 simulations and B = 199
bootstrap replications. From the three tables, we see that when there exist no Ganger causality from Y
to X at the three considered quantiles for DGPs S1 and S2, the bootstrap bias-corrected estimates are
close to zero and not statistically significant according to their standard deviations, while for DGPs P1-P6
these estimates are clearly different from zero and significantly positive judging by the associated standard
deviations. Moreover, we find that the bootstrap bias-corrected estimates decrease as sample size increases

for the considered DGPs, possibly due to the large finite sample bias in the nonparametric estimators.

9 Empirical application

This section aims to apply the causality measures, defined in the previous sections, to quantify and compare
the predictability of quantiles of conditional distribution of stock returns using several economic and financial
variables. The ultimate objective is to find which of these variables- financial or macro variables-help predict
better the quantiles of stock returns.

The issue of predicting the conditional distribution of stock returns using quantile regressions has been
the focus of many recent studies. For example, Chuang, Kuan, and Lin (2009) have investigated the causality
(predictability) between stock return and volume based on parametric quantile regressions. Using a sup-
Wald-type test for testing the Granger non-causality in all quantiles, they found that the causality from

volume to return is usually heterogeneous across quantiles. In particular, the quantile causal effects of volume
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on return exhibit a spectrum of (symmetric) V-shape relations so that the dispersion of return distribution
increases with lagged volume. Cenesizoglu and Timmermann (2007) have also used a parametric quantile
regression framework to look at whether a range of common predictor variables proposed in the finance
and macro literature (e.g. Book to Market Ratio, Dividend Yield, Dividend Price Ratio, Inflation, T-bill,
Stock Variance, Earnings Price Ratio, etc.) are helpful in predicting (Granger causing) specific quantiles
of the stock return distribution. Empirically, they found little evidence to suggest that the center of the
return distribution can be predicted. However, their main findings suggest that the tails of stock returns
can be predicted by means of state variables proposed in the literature. Yang, Tu, and Zeng (2014) have
applied parametric regression models to investigate the Granger causality in mean and quantiles between
stock returns and exchange rate for nine Asian markets. Their empirical results show that there are more bi-
directional causal relations based on the quantile regression than the conventional mean regression. Finally,
Engle and Manganelli (2004) have used nonlinear parametric regressions to model the Value-at-Risk (VaR)
of stock returns, which corresponds to predicting lower quantiles of the distribution of returns.

Thus, most existing works, focus on the predictability of quantiles of stock return distribution based on
the parametric quantile regressions. In this section, we consider nonparametric predictability of quantiles of
stock returns using several economic and financial variables. The nonparametric causality measures, defined
in the previous sections, do not impose any restriction on the model linking the dependent variable (stock
return) to the independent variable (financial/macroeconomic variables).

Our data consist of monthly aggregate S&P 500 index over the period of January 1990 to December 2014
and monthly Variance Risk Premium, Unemployment rate, Inflation, Effective Federal Funds rate, over the
period January 1990 to December 2014. The variance risk premium is defined as the difference between
the ex-ante risk neutral expectation of the future stock return variance and the expectation of stock return
variance. Following Bollerslev et al. (2009) and Zhou (2010), we estimate the variance risk premium by the
difference between the squared-Volatility Index (VIX) and lagged realized variance.

Our empirical analysis is based on the logarithmic return of the S&P 500 index and the macro variables
that we transformed using the first-difference in log. Furthermore, the estimation and inference of measures
of causality in quantiles are performed using the same kernel functions as in Section (8.1). Finally, again
as in Section (8.1), the bandwidths used to estimate the univariate and bivariate quantile regressions have
the forms h; = cstlT_l/ 5 and hy = cstoT™Y 6. respectively, where cst; and csty are selected using the

cross-validation technique for quantile estimation.

9.1 Empirical results

Table 4 presents the results of estimating the measures of Granger causality in quantiles from variance

risk premium, unemployment rate, inflation, and effective federal funds rate to S&P 500 stock returns.
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Table 4: Measures of causality (predictability) in quantiles of S&P 500 returns

Direction of Causality Quantiles Estimate of Causality Measure p-value

VRP — RP
T=0.25 3.825%* 0.012
T =0.50 5.178%* 0.030
T=0.75 3.717** 0.038
UNEMP — RP
T =0.25 1.094 0.414
7 =10.50 1.095 0.484
T=0.75 1.084 0.344
INFL — RP
T=0.25 0.415 0.654
7 =10.50 0.386 0.520
T=0.75 0.401 0.484
EFF — RP
T=0.25 2.2471%* 0.026
7 =10.50 2.175 0.106
T=0.75 2.125%* 0.038

Note: This table reports the results of the estimation and inference for measures of Granger causality (predictability)
in quantiles from variance risk premium (VRP), Unemployment rate (UNEMP), Inflation (INFL), Effective Federal
Funds rate (EFF) to S&P 500 risk premium (RP). “**” means the statistical significance at 5% significance level. The

sample size is calculated from January 1990 to December 2014.

Furthermore, it reports the p-values for testing the statistical significance of the estimates of the measures
using the bootstrap-based procedure introduced in Section 6.

Table 4 shows that the degree of predictability (causality) of quantiles of stock returns using variance
risk premium is much higher compared to that of the other three variables. The degree is even higher at the
median compared to the 0.25-th and 0.75-th quantiles of stock returns. Thus, the variance risk premium
affects more the center of the distribution of stock returns. The estimates of the measures at different
quantiles of stock returns are statistically significant at 5% significance level. Thereafter, the degree of
predictability of quantiles of stock returns, using effective federal funds rate, is also high compared to those
produced by unemployment rate and inflation. The estimates of the measures are statistically significant at

5% significance level for the 0.25-th and 0.75-th quantiles; however, not so for the median, which indicates
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that the effective federal funds rate only affects the left and right tails of the distribution of stock returns,
but not its center. Finally, it seems that the degrees of predictability of quantiles of stock returns using
unemployment rate and inflation are weak and statistically insignificant. Finally, the above results show that
only financial variables help predict quantiles of S&P 500 stock returns. On the contrary, the economic and

statistical significances of the causal effect of macro variables on quantiles of stock returns are not significant.

10 Conclusion

We have considered measures of Granger causality in quantiles that are able to detect and quantify both linear
and nonlinear causal effects between random variables. The measures are based on nonparametric quantile
regressions and defined as logarithmic function of restricted and unrestricted expectations of quantile check
loss functions. They can be easily and consistently estimated by replacing the unknown expectations of check
loss functions by their nonparametric kernel estimates. We derived a Bahadur-type representation for the
nonparametric estimator of the measures. We provided the asymptotic distribution of this estimator, which
can be used to build tests for the statistical significance of the measures. We also examined the properties
of these tests under certain local alternatives. Thereafter, we established the validity of a smoothed local
bootstrap, which one can use in finite-sample settings, to perform statistical tests. A Monte Carlo simulation
study revealed that the bootstrap-based test has a good finite-sample size and power properties for a variety
of data-generating processes and different sample sizes.

Using the above nonparametric test for testing the null hypothesis that the true value of measure is equal
to zero is equivalent to testing for non-causality in quantile. Thus, our test can be viewed as a competitor
of the exiting nonparametric tests of Granger causality in quantile. There is only one nonparametric test
of Granger causality in quantile, which is proposed by Jeong et al. (2012). We considered an additional
simulation exercise to compare the empirical size and power of our test with those of Jeong et al.’s (2012)
test. The simulation results indicate that our test controls the size and has a better power than Jeong et al.’s
(2012) test. We have also suggested a bootstrap bias-corrected estimator for the quantile Granger causality
measure and investigated its finite sample performance using Monte Carlo simulations.

Finally, the empirical importance of measuring Granger causality in quantiles was illustrated. We quan-
tified the degree of predictability of quantiles of equity risk premium using the variance risk premium, unem-
ployment rate, inflation, and the effective federal funds rate. The empirical results showed that the variance
risk premium and effective federal funds rate have strong predictive power for predicting the quantiles of
risk premium, compared to that of the predictive power of the other two macro variables. In particular, the
variance risk premium is able to predict the center, the lower and upper quantiles of the distribution of risk

premium, whereas the effective federal funds rate only predicts the lower and upper quantiles. However, the
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unemployment rate and inflation have no effect on the quantiles of risk premium.
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Measuring Granger Causality in Quantiles: Technical Appendix

February 22, 2020

This document provides the necessary assumptions and the proofs of the theoretical results in the main
text, and some additional simulation results. Appendix A of this document reports a set of standard
assumptions that have been widely used in the literature on nonparametric estimation and inference; see for
example Kong et al. (2010) and Noh et al. (2013) among others. Appendix B contains the detailed proofs
of the theoretical results developed in sections 5, 6 and 7 of the main text. In particular, it contains the
proofs of theorems 1, 2, 3, 4, and 5 and propositions 3 and 4 of the main text. Appendix C provides four
auxiliary lemmas which are useful to prove the results in sections 5-7 of the main text. Finally, Appendix D
contains the tables of some additional simulation results that examine a bootstrap bias-corrected estimator

of measure of Granger causality in quantiles.

Appendix A: Assumptions

First of all, let {(X¢, Y2)} be a jointly stationary process. Since we are interested in time series data, we need
to specify the dependence in the processes of interest. In what follows, we define the mixing dependence
that we consider in this paper. The stationary stochastic process {(X4, Y;)} is strongly mixing, with (k)

its strong mixing coefficient, if

(k) = sup IP(AB) —P(A)P(B)| — 0 as k — oo,
AeF° ,BeFpe

with F0 = o <{(Xt, Yt)}fza) , where o(-) means the smallest sigma algebra. Furthermore, let V,, and V, be

two open convex sets in R% and R%+92 | respectively. We now consider the following assumptions:

A.1. The processes {(X;,Y;)} are strongly mixing with mixing coefficients (k) satisfying

YR (R < o0,
k=1

for some vy > 2 and o > max{(p+di + 1)(1 — 2/v2)/d1, (g + d1 +da + 1)(1 — 2/v3)/(d1 + d2) }.



A.2.

A.7.

All partial derivatives of gr(x) up to order p + 1 exist and are continuous for all z € V,, and there
exists a constant Cq > 0 such that |DZq,(z)| < C1, for all z € V,, and |r| = p+1. All partial derivatives
of ¢-(z) up to order ¢ + 1 exist and are continuous for all z € V,, and there exists a constant Co > 0

such that |DZg,(z)| < Cy, for all z € V, and |r| = ¢ + 1.

. The marginal density of ¢, = X; — ¢-(Z,_) is bounded and satisfies E(p(e¢)|Z;_;) = 0.

. For all e in a neighbourhood of zero, the conditional density f.z  (e|z) of &r = Xy — ¢-(Z;_1) given

Z,_, = z satisfies
fa@,l(e’él) - fa\g,1(€|§2) < Kellzg — 25

where K, is a positive constant depending on e. Further, the conditional density is positive for e = 0
for all values of z € V,, and its first partial derivative with respect to e, D' Il Z_l(e|§), is bounded for

all z € V, and e in a neighbourhood of zero.

. The weight function w(z) is continuous, and its support D C V, is compact and has non-empty interior.

. The kernel function K () has a compact support and Hl(g) — Hl-(y) < Jlu—vl| for all j with 0 < j <

max{2p + 1,2q + 1}, where Hj(u) = wl K (u).

The probability density function of Z, 1, fz(z), is positive and bounded with bounded first-order
derivatives on V. The joint probability density of (Zy, Z,) satisfies f(z z,)(u,v;l) < C < oo for all
[ >1.

. The conditional density fz |x of Z, ; given X; exists and is bounded. The conditional density

function f(z, z,)/x1,x41) of (Zg, Z;) given (X1, X; + 1) exists and is bounded for all [ > 1.

. The bandwidth sequences h; and ho satisfy hy — 0, Th‘liﬁz(pﬂ)/logT = O(1), hg — 0, and

Thgl+d2+2(q+1)/log’f = O(1) as T — oo. Furthermore, we assume Thg(d1+d2)/(logT)3 — 00, hy =

o(hg), and h§ T4 = o(h{1).

A.10. The bootstrap bandwidth h* satisfies h* — 0 and Th* @+d2+2(a+1) /(Jog T)» = O(1), for some A > 0

as T — oo.

The assumptions presented here are frequently seen for nonparametric smoothing in multivariate time

series analysis, see Masry (1996) and Kong et al. (2010). Assumptions A.1-A.2, A.6-A.8 and A.9 are

standard. Assumptions A.4 and A.5 are required to derive the Bahadur representations in Lemmas 3-4 in

Appendix C. Assumption A.10 is assumed to guarantee the consistency of the smoothed local bootstrap.



Appendix B: Proofs of the main results

This section provides the proofs of the main theoretical results developed in sections 5, 6 and 7 of the main
text.

Proof of Theorem 1: Theorem 1 can be proved by combing the first order Taylor expansion of C'; (?: X)
around 1 (i.e. using Iny ~ y—1) and the asymptotic Bahadur representations in Lemmas 3 and 4 of Appendix
C and with the equality a/b = a/b+ b~'[(a — a) — (b —b)(a/b)]. O

Proof of Theorem 2: Note that for any x, ,

pr(x —y) — pr(z) = (—y)p(z) +2(y — 2)[1(y > 2 > 0) = 1(y <z <0)].

Let 3(@) = 57 (z) — G-(z) and d(2) = ¢-(z) — ¢-(2). By straightforward calculation, under the null hypothesis

of no causality, we obtain

1 & o T

TZPT(Xt—ET(Xt—O) (Zi-1) Z Gr(Zy-1))w(Zy1)
t=1 —
T

=3 [0 Zi) ~ e Z0) ~ (7K ) — 3K | wlZ)ete)
t=1

T
+ %Z (Xt = ¢-(Z4-1)) {1(d(Zt71) > e >0) — l(C?(Zt,l) <g < 0)} w(Z;_4)

:=Ar + Br + Cr.

From the above decomposition, we will show that under the assumed assumptions, the term A7 is asymp-
totically normal, and the terms Br and Cr are asymptotically negligible.

Now, let us first show the asymptotic negligibility of term By. Define I(w) = {t: Z,_; € D,t =1,...,T}.
Note that X; — g, (Z;_1) = —d (Z,_,) + & Then,

< ;iw(zt—l) ‘C/Z\(Zt—l)} (|5t| < ) (Zt 1)‘)

T
‘A Zy ‘maxw Zl (’515\ < Srenlaiuc) ’g(Zs_l)D .

t:1

< 4 max
tel(w)

From the Glivenko-Cantelli Theorem for strictly stationary sequences, we have

=0, <T_1/2> ,

sup
a€R

T

1

TE;I (let| < a) — Pr(le] < a)
t=




It thus follows that

|Br| <4 max \J(Zt_l)\glgw(z){ <\e| < max ‘E(Zt_l)D 10, (T—1/2)}

tel(w) tel(w)

2D (2) {Fa (tg%fs) )E(Ztl)D ke <_tgé(lfj) ‘J(Ztl)D}

—I—4tIEnIe(L;<) ‘d(Zt 1 ‘maxw( ) Op (T_1/2>

—4 ‘d Z,

2
~ L1/ ~
=¢ <trenl%z}5) ‘d (Zt_l) D +CT tg}%i)() ‘d (Zt_l) ’

where the third step follows from the Taylor expansion of F., bounded marginal density of ; in Assumption
A.3, and bounded weight function w(-) in Assumption A.5. From Kong et al. (2010), we have

logT)3/4

max ‘J(thl)’ =0, (Thg

tel(w)

3/2 3/4
It follows that Br = O, <(1;%§> +T1/2 (1;%) ) = 0p <<Thd/2) ) under Assumption A.9.
2 2

Similar to the term Br, it can be proved that the term Cr = o, <(Th‘1i1/2) _1> = 0p <(Thg/2>_1>
under h¢ = o(h9') in Assumption A.9. It follows that it is sufficient to establish that Thg/ ® Ar converges in
distribution to a normal random variable with asymptotic variance given by &3, :=  (1)? 03,, for & (1) =
Elpr (X1 = ar (Zi-1)) w (Ze-1)]-

Using Lemmas 1 and 2 of Appendix C, we have

T -1

1 Hy"
Z w(Zt—l)QllTZST,}J(Zt—l)KhZ (Zso1 = Zi 1) Zs1 — Zy1)p(er)p(es)
2

Ap = —

|
=
~
=
M~

-1

T T
1 H
PRI O WA STy K ) K (Kot = Xe Xy = Xe)plenele)
t=1 s=1,s#t

()
(

Z_AlT + AQT + Op (

Thy?) >

where the negligible terms with ¢ = s have been dropped to apply U-statistic theory due to the leave
one observation out in the estimation part. We will show that Thg/ 2A1T converges in distribution and
Aor = 0 <(Thd/ 2) ) under our assumptions. First of all, to facilitate our analysis, from the notion of
“equivalent kernel” representation for local polynomial estimator [see Fan and Gijbels, 1996, pp.63-64], we

get

_ ! 3 w(Zi ) »
AT T 2 2 Tz ey Bt T Leplee ety (7))



Note that we can rewrite Thg/ 2Z1T into a standard U-statistic form with a symmetrized kernel depending

on the sample size T, i.e.

d/2— 2
Thy* Ay = 71 > Ur(xsxs), (1)
1<t<s<T
where Xt = (thlvgt)v UT(Xt?Xs) = 77T(Xt’Xs) + nT(Xth)v and
w(Zy_q) 1 (Zt—l - Zs—l)
) = SR (EE ) o) ().
M) S 2 S i) 1] TEEAS

Note that E[Ur(xs, xs)] = Elnr(xe Xs)| = E[Ur(xs Xo)Ix:] = Elnr(Xes Xs)|x:] = 0 under Assumption
A.3. So the previous U-statistic is a degenerate second order U-statistic. We can apply a central limit
theorem (CLT) for second order degenerate U-statistic with strong mixing processes. Under Assumptions
A1, A3, A.6, and A.9, one can verify that the conditions of Theorem A.1l in Gao (2007) are satisfied for

kernel Ur(x;, X,) so that a CLT applies to the term T’ hg/ zle. Its asymptotic variance is given by
66, = Nim 2B, By [UF(xp, X,)] = Jim 2B [n7(xi, xs)* + 77T(Xs> Xt)2 + 207 (X X ) (X X
(1- K?(u) du /
7 [ Ku)du s Oyz
2
= r(r) a2,

where F; denotes the expectation with respect to x,;. For example, by straightforward calculation of condi-

tional expectation, we have

h t ["1 (Xt?Xs
11 ! 271%%//7‘ Uz . 11(2( : 2>J (21)fz(23) dzy dz
: T Z\&
E\Z | 1 fZ 1) hg h2 1/J£\£2 1 Az9

(1—-7) /K2 du/
E\Z ’Z

by standard use of change of variables and Assumptions A.7 and A.9. The U-statistic representation in (1),

together with the form of asymptotic variance 2., implies that Thg/ A = Thg/ QZlT-Fop( 1) LN (0,53.).

/2

Observing that by using almost the same steps as in proving the asymptotic normality of Thy'“ A7, we

can prove that Th‘lil/ ® Aoy converges in distribution to a normal variable, and therefore T° h‘lil/ ?Agp = Op(1).
Thus, Th;mAT = Th‘;ﬂAlT + (hgp/hflﬂ) <Thcll1/2A2T> + 0p(1) — N(O 0'07_) by the assumption hd =
0 <h‘111) in A.9.

In addition, a consistent estimator for 53 is given by

T T 2
=2 2 2 1 wH(Zy_y) 1 o (Ziq1—Zsq
Gor =27°(1—1) 72 Z R d (Gl
" (T-1 t=1 s=1,s#t J?Z(O’Zt—l) h3 ha
972 (1 )2 1 i d wz(zt—l) 1 K2 (Zt—l _Zs—1> n (1)
=27 —T) - —_— op(1),
T (T - ]‘) t=1 S=1,S7ét ng’Z(O’Zt—].) h’g h2 P



where fs 2(0,Z,_4) is the leave-one-out kernel density estimator defined in the main text for f. (0,2, ;) =
~2
fe12z(01Z,_1)fz(Z,_1). As a consequence, the main term of G, can also be written into a standard U-statistic

form with a symmetrized kernel

w*(Zy_1) w*(Z,_1) 1 Zi— 2
HT 7, ’257 _ 27_2 1— 7 2 L1 + Lg—1 7K2 <t_15_1> .
BevrZot) e <f32(072t1) f22(0,Z, 1) ) hg ha

Note that in contrast to (1), 537 is a non-degenerate second order U-statistic and by the usual Hoeffding
decomposition, one can thus show that 537 =63, + op(1).

Finally, observing that by Taylor expansion of Iny around 1 (i.e. Iny &~ y — 1) and using the asymptotic
equivalence of /1/(?) to k(1) = Elp. (Xt — q-(Z;_1))w(Z,_;)] stated in Lemma 4 of Appendix C, together

with Slutsky’s theorem, we have

T2 (X — 30X ) w(Z,y)
T-1 Zthl pr(Xt — Gr(Z4—1))w(Zy—y)

92 Ap + 0,(1)

Thi?C, (Y — X) = ThY/? ( - 1) +0,(1)

=r(r)" ' Th
i>/\/(O,<7%7.),

~ =2 =2 . .
where 02 := 2 /k (7). Tt is straightforward to show that 62 = 7, /k(7) is a consistent estimator for

o3 . Thus, our test statistic T, = Thd/ ’C. (7:)( )/Gor 4N (0,1). This ends the proof of Theorem 2. [J
Proof of Proposition 3: This result can be shown by following the same steps as in the proof of Theorem

2. Noting that, under the fixed alternative hypothesis H; in Equation (15) of the main text, we have

*ZPT /a: (X ))w(Zy 4 _72107' Gr(Z_1))w(Z;_1)

(T ZPT Xy )w(Z; ) TZPT Z;q))w (Zt_1)>

+ Ar + Br+Crp
:=Dp + Ap + Bp + Cp,
where the last three terms Ap, Br, and Cr are as defined before in the proof of Theorem 2. Following
the same arguments as those in Theorem 2, Thd/ (A7 + Br + Cr) = Op(1). As a matter of fact, one can

furthermore prove that all A7, Br and Cr are of order o, (T -1/ 2), see the proof of lemma 3 in Noh et al.

(2013). On the other hand, under H; of causality, the weak law of large numbers yields immediately

Dr = E [p,(Xi — 4 (X, )Jw(Zy_1)] — E [p,(X: = 4 (Zy_)Jw(Z,_y)] + 0p(1) (2)

Ep(Xi — @ (X ))w(Ziy)] o
E [p(Xs — ¢:(Zy1))w(Zy_1)] 1) ot

= B [p(Xt = ¢:(Z4-1))w(Z41)] C+(Y — X) + 0p(1)

=F [ﬂT(Xt - qT(thl))w(thl)] (

=r(7) x Cr(Y — X) + 0p(1),



where the third step follows by a Taylor expansion of Iny around 1.

Therefore, since under Hy, C-(Y — X) > 0, or equivalently, Pr [¢-(Z,_,) = ¢-(X,_;)] < 1, we have

%0, (v — X)
a2 TS 0 (K = (X ) w(Zi) = TS pr(Xe = e (Zi )l Ze )
’ =150 p(Xe = 6-(Z, ) w(Zy )
=k (7)" TR Dy + THY? (Ag + Br + CT)] [+ 0p(1)]

X [L+0p(1)]

—Thd/QC’ Y - X)— o0

Alternatively, under H; of causality, one can simply apply the consistency result in Proposition 2 to
show that C'- (7: X) converges in probability to C-(Y — X) > 0, and consequently T’ hg/ ’C, (7: X) will
diverge to infinity under our assumptions.

On the other hand, following arguments similar to those we have used in the proof of the consistency
of estimator 3(2)7 to the asymptotic variance J%T in Theorem 2 under the null hypothesis, we can show
that 62, := 5(2)7 / 63 = Opy(1) under the alternative hypothesis of no causality. Proposition 3 follows then
from Thg/QCT(?:X) — 00 and 0gr = Op(1) as T'— oo. Hence, the test T, = Thd/ZC (?:X)/&\OT is
diverging to infinity at the rate Thg/ % and is consistent. O
Proof of Proposition 4: First, following similar arguments as in Theorem 2 and Proposition 3, with the
only exception that the term Dr defined in (2) now takes a different form. Specifically, we can show that

under the local alternatives given in Equation (18) of the main text,

T
TW% 2 or(Xe = G (X))ol Ze) - TZ tn>@n—m)
=ThY? (Ar + Br + Cr) 5 N (0,62,),

with A, Br, Cp, and 62 given in the proof of Theorem 2.
Second, under the local alternative hypotheses Hj(d7), using the second order Taylor expansion, one can

calculate that

Dy = E [p; (Xt — G-( Xy ))w(Zy )] = E [pr (X — ¢ (Zy1))w(Z, )] [1+ 0p(1)]
= E [p;(Xt = ¢:(Zy 1) + 01 D7(Zy 1))w(Zy )] = B [pr(Xe = ¢r(Zy1))w(Zy )] [1 + 0p(1))]

ZEM% Dw(Zy1)9(Zy1)] [1+ 0p(1)]

=ork [AT(Zt—1>w(Zt—1)<P(5t)]
= 075 [AF(Z11)w(Zy1) fo12(01Z41)] [T + 0p(1)],

where g(z) = OF[p(Xy — 0)|Z;_1 = 2]/00 = —f.z(0|z), and the fourth step follows by law of iterated



1/2
expectations and E[p(e:)|Z;_;] = 0 in Assumption A.3. Consequently, with 7 = (T hd/ 2) , we have

Th20,Y = X) =k ()" [Thd/QD +ThY? (Ap + Br + CT)} % [1 4 0p(1)]

d
SN (v,08,)
under the local alternatives with

y=r(T)" " lim E [AT(Zt Dw (thl)fdg(mztfl)}'

T—o00

This concludes the proof of Proposition 4. [

Proof of Theorem 3: The asymptotic validity of our bootstrap procedure can be proved using similar

arguments to those used in the proof of Theorem 2, with the term A;p replaced by its bootstrapped version

A%, using the bootstrapped sample {(X;,Y;*)}L ;. Conditionally on {(X;,Y;)},; and using Theorem 1 of

Hall (1984), we obtain the bootstrap validity result in Theorem 3. [J

Proof of Theorem 4: The proof is similar to the proof of Theorem 1 and a sketched proof is provided.
Denote 31 (W,_1) = (27 —¢,)'W,_; and 32 (X, 1) = a (X, 1) —3-(X,_;). Note the following expansion

holds,

T
1
ZTZPT (Xt oW, 4 — (X, 1)) w(Zy_1) + Er + Fr+Gr
t=1
1 T
, )
== >0 (X = Wy~ (X)) w(Zi) + 0p(T7)
t=1

where Ep = Fr = Gp = op(T_l/Q) can be proved using the steps in the proof of lemma 3 in Noh et
al. (2013) and by noting that max;cy(, \dl(Wt D] = O,(T~%/2) for bounded support. Moreover, the

asymptotic representation for

T

1 ~1 . _

T ZPT (Xt — oW, | — (IT(ZtA)) w(Z,_y) ZPT P W, — Q‘F(thl)) w(Zy_1) + op(T 1/2)
t=1



can be obtained using the same arguments as Lemmas 3 and 4 of Appendix C. The proof then follows by
using the equality that ab~! = ab1 + b1 {(& —a) — (l; — b) abil]. O

Proof of Theorem 5: Consider the following decomposition of p,(-):

T T

1 = -~ 1 ~ .

T ZPT <Xt - Wy - qT(Xt—1)> w(Zy_y) — T ZPT (Xt - Wy 4 — CIT(Zt—l)) w(Z;—y)
t=1

ST
Il

% [(AT(thl) - QT<ZI‘/71)) - <§T(thl) - QT(Xt71)>} w(Zy_1)p(et)

% Z ((?4;7 ¢r) (¢T 57»/&157110(&5,1)@(&) + higher order terms
:=Hy + I + higher order terms.

Following the same arguments as in the proof of Theorem 2, it can be shown that Thd/ Hy LN (0,52.) and
Th;l/2IT = [\/T <¢T - ¢7) vT <¢T — ¢, )} hd/2 Op(1) = 0p(1) by root-T' consistency properties of linear

coefficients estimators gAZ)T and ngT. Therefore,

ThY2CPL(Y = X|W)
=(s" (7)) 7' Thy* Hy x [1 4 0,(1)]
N(O O_PLQ)’

which proves that Thg/ 2Cf L(Y — X|W) converges to a normal distribution under the null of no causality

in the presence of control variables W. [

Appendix C: Proofs of auxiliary results

In this section, we provide four auxiliary lemmas which are useful to prove our main results in Appendix
B. In the first lemma, the uniform Bahadur representation for the estimator of the restricted conditional
quantile function ¢, (z) based on a p-th order local polynomial approximation using bandwidth h; is derived.
Please notice that the proofs of the following Lemmas 1-4 can be obtained using similar arguments as in
lemmas 2 and 3 in Noh et al. (2013) [or using results in Kong et al. (2010), see their corollary 1, lemmas 8
and 10, respectively], and they are therefore omitted.

Lemma 1: Let €; be an Nj x 1 vector with its first element given by 1 and all others 0. Suppose A.1-A.9
in Appendiz A hold and hy = O (T~"') with k1 > 1/ (2p+ 2+ dy). Then, with probability one, we have
Hy 1

@@—@@:—jwlw

ZKhl X, 1 —z)eE)u(X,y — z) + Rr,
t=1

—1/2

_ /
where g, = Xt — Gr (Xt_l) is the restricted error and Ry = op ((Thih) ) uniformly in x € Dx and

Dx is the compact support of the weighting function w(-) with respect to the part of X.



Analogously, the g-th order local polynomial estimator of the unrestricted conditional quantile function
¢-(z) using bandwidth hg, say ¢-(z), can be defined accordingly as in Section 4 and its uniform Bahadur
representation can be obtained similarly and is stated in the next lemma. Note that Lemma 1 is only a
special case of Lemma 2.

Lemma 2: Denote d = dy +da. Let e; be an Ny x 1 vector with its first element given by 1 and all others
0. Suppose Assumptions A.1-A.9 in Appendiz A hold and ho = O(T~"2) with Ky > 1/(2q + 2+ d). Then,

with probability one, we have

Gr(2) — gr(2) = — Thd ZKh2 Z, 4 —2)ple)(Z,_y — 2) + Rr,

where ey = Xy — q-(Z,_4) is the unrestricted error and Ry = o, ((Thg)71/2> uniformly in z € D and D is
the compact support of the weighting function w(-).

On the other hand, to derive the Bahadur representation of CT(f:X ), we need to investigate the
asymptotic behaviour of T-1 Y7 | p, (X, = 4,(X,_)w(Z,_y) [resp. T2 X0 pr(Xe = 4 (Zyy))w(Zi_y),
which is stated in the next two lemmas. Again, the proof of Lemma 3 is similar to the one of Lemma 4.
Lemma 3: Suppose Assumptions A.1-A.9 in Appendiz A hold, p > d1/2 — 1 and hy = O(T~") with
1/(2p+2+4d1) < k1 < 1/(2d1). Then,

pr(Xi = 4 (X)) w(Zyy) — Elp(Xs — 3r(X,_1))w(Z,_y)]

N[ =
E

i
I\

pr (X — 3 (X, )w(Zy 1) — Elp, (X0 = 4-(X,_)w(Z, )] + 0T,

Il
N[ =
E

w
Il
—

Lemma 4: Let d = dy + da2. Suppose Assumptions A.1-A.9 in Appendiz A hold, ¢ > d/2 — 1 and
ho = O(T7"2) with 1/(2¢ +2+d) < k2 < 1/(2d). Then, we have

M| =
E

pr(Xt = 4r(Zy1))w(Zy1) = Elp- (Xt = ¢r(Zp—1))w(Z4—1)]

“
Il
—

1
=l
N

pr(Xe = ar(Z1_1))w(Ziy) = Elp (X = ar(Z_1)w(Zy_1)] + 0p(T711).

N
Il
—

Appendix D: Additional simulation results
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Table 1: Bootstrap bias-corrected estimation of quantile Granger causality measures at 7 = 0.25

Measure DGP S1 DGPS2 DGPP1 DGP P2 DGPP3 DGP P4 DGPP5 DGPP6
T =150
Y - X No No Yes Yes Yes Yes Yes Yes
True C.(Y - X) 0.0000 0.0000 — — — — — —
Bias-Corrected CZ BC/(-Y\H X) 0.1122 0.1094 0.7501 0.7635 1.0212 0.7162 0.8587 0.8246
’ (0.1152) (0.1112) (0.3056) (0.3169) (0.3718) (0.3283) (0.3792) (0.3589)
T =100
Y - X No No Yes Yes Yes Yes Yes Yes
True C.(Y - X) 0.0000 0.0000 — — — — — —
Bias-Corrected CZ BC/(-Y\—> X) 0.0609 0.0544 0.6049 0.6295 0.8371 0.6157 0.6260 0.6279
) (0.0565) (0.0534) (0.1826) (0.1980) (0.2283) (0.2096) (0.2026) (0.2219)
T = 200
Y - X No No Yes Yes Yes Yes Yes Yes
True C.(Y - X) 0.0000 0.0000 — — — — — —
Bias-Corrected C* BC/(-Y\—> X) 0.0380 0.0314 0.5071 0.5370 0.7156 0.5649 0.4696 0.4889
) (0.0316) (0.0319) (0.1138) (0.1250) (0.1458) (0.1476) (0.1206) (0.1305)
T = 400
Y - X No No Yes Yes Yes Yes Yes Yes
True C.(Y - X) 0.0000 0.0000 — — — — — —
Bias-Corrected C* Bc/(-Y\—’ X) 0.0230 0.0180 0.4050 0.4303 0.5851 0.4762 0.3129 0.3282
) (0.0180) (0.0184) (0.0670) (0.0729) (0.0861) (0.0984) (0.0673) (0.0755)

Note: This table shows the average values of bootstrap bias-corrected (CF 5~ (Y — X) ) estimates of causality mea-
sures from Y to X (C-(Y — X)). “True” indicates the true value of causality measure, “Bias-Corrected” indicates the

b

average value of the estimate of causality measure after bootstrap bias correction, and “—” means that the true value
of causality measure is unknown. Equation (29) in the main text is used to calculate the bootstrap bias-correction
estimates of causality measures. The number of simulations used to compute the averaged values of the estimates of
causality measures and the number of bootstrap replications used to calculate the bias-corrected estimates are equal
to 500 and 199, respectively. “No” indicates non-causality in the true DGP and “Yes” means that there is causality in

the true GDP. The DGPs in the first row of the table are described in detail in Table 1 of the main text. In parenthesis

is the standard deviation of the estimated value.
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Table 2: Bootstrap bias-corrected estimation of quantile Granger causality measures at 7 = 0.50

Measure DGP S1 DGPS2 DGPP1 DGP P2 DGPP3 DGP P4 DGPP5 DGPP6
T =150
Y - X No No Yes Yes Yes Yes Yes Yes
True C.(Y - X) 0.0000 0.0000 — — — — — —
Bias-Corrected CZ BC/(-Y\H X) 0.1076 0.0882 0.6746 0.6725 0.9096 0.6369 0.7973 0.7355
’ (0.1050) (0.0963) (0.3028) (0.3058) (0.3623) (0.3324) (0.3655) (0.3671)
T =100
Y - X No No Yes Yes Yes Yes Yes Yes
True C.(Y - X) 0.0000 0.0000 — — — — — —
Bias-Corrected CZ BC/(-Y\—> X) 0.0584 0.0510 0.5335 0.5453 0.8045 0.5695 0.5597 0.5352
) (0.0578) (0.0536) (0.1632) (0.1658) (0.2457) (0.2080) (0.2038) (0.1827)
T = 200
Y - X No No Yes Yes Yes Yes Yes Yes
True C.(Y - X) 0.0000 0.0000 — — — — — —
Bias-Corrected C* BC/(-Y\—> X) 0.0332 0.0294 0.4361 0.4661 0.7082 0.5130 0.4201 0.3848
) (0.0307) (0.0277) (0.0998) (0.1090) (0.1482) (0.1403) (0.1172) (0.1058)
T = 400
Y - X No No Yes Yes Yes Yes Yes Yes
True C.(Y - X) 0.0000 0.0000 — — — — — —
Bias-Corrected C* Bc/(-Y\—’ X) 0.0202 0.0156 0.3929 0.4075 0.6536 0.4769 0.3176 0.2881
) (0.0160) (0.0150) (0.0618) (0.0675) (0.1083) (0.1021) (0.0736) (0.0621)

Note: This table shows the average values of bootstrap bias-corrected (CF 5~ (Y — X) ) estimates of causality mea-
sures from Y to X (C-(Y — X)). “True” indicates the true value of causality measure, “Bias-Corrected” indicates the

b

average value of the estimate of causality measure after bootstrap bias correction, and “—” means that the true value
of causality measure is unknown. Equation (29) in the main text is used to calculate the bootstrap bias-correction
estimates of causality measures. The number of simulations used to compute the averaged values of the estimates of
causality measures and the number of bootstrap replications used to calculate the bias-corrected estimates are equal
to 500 and 199, respectively. “No” indicates non-causality in the true DGP and “Yes” means that there is causality in

the true GDP. The DGPs in the first row of the table are described in detail in Table 1 of the main text. In parenthesis

is the standard deviation of the estimated value.
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Table 3: Bootstrap bias-corrected estimation of quantile Granger causality measures at 7 = 0.75

Measure DGP S1 DGPS2 DGPP1 DGP P2 DGPP3 DGP P4 DGPP5 DGPP6
T =150
Y - X No No Yes Yes Yes Yes Yes Yes
True C.(Y - X) 0.0000 0.0000 — — — — — —
Bias-Corrected CZ BC/(-Y\H X) 0.1062 0.0891 0.6985 0.7092 0.9373 0.6840 0.7700 0.7603
’ (0.1090) (0.0995) (0.2831) (0.3075) (0.3925) (0.3078) (0.3706) (0.3410)
T =100
Y - X No No Yes Yes Yes Yes Yes Yes
True C.(Y - X) 0.0000 0.0000 — — — — — —
Bias-Corrected CZ BC/(-Y\—> X) 0.0633 0.0624 0.5595 0.5699 0.8810 0.5672 0.6344 0.5550
) (0.0601) (0.0601) (0.1828) (0.1751) (0.2648) (0.1953) (0.2160) (0.1961)
T = 200
Y - X No No Yes Yes Yes Yes Yes Yes
True C.(Y - X) 0.0000 0.0000 — — — — — —
Bias-Corrected C* BC/(-Y\—> X) 0.0396 0.0339 0.4582 0.4899 0.8340 0.5217 0.5183 0.4274
) (0.0311) (0.0312) (0.1068) (0.1166) (0.1857) (0.1415) (0.1322) (0.1192)
T = 400
Y - X No No Yes Yes Yes Yes Yes Yes
True C.(Y - X) 0.0000 0.0000 — — — — — —
Bias-Corrected C* Bc/(-Y\—’ X) 0.0239 0.0164 0.4045 0.4253 0.7746 0.4768 0.4275 0.3286
) (0.0194) (0.0165) (0.0674) (0.0709) (0.1179) (0.1010) (0.0851) (0.0718)

Note: This table shows the average values of bootstrap bias-corrected (CF 5~ (Y — X) ) estimates of causality mea-
sures from Y to X (C-(Y — X)). “True” indicates the true value of causality measure, “Bias-Corrected” indicates the

b

average value of the estimate of causality measure after bootstrap bias correction, and “—” means that the true value
of causality measure is unknown. Equation (29) in the main text is used to calculate the bootstrap bias-correction
estimates of causality measures. The number of simulations used to compute the averaged values of the estimates of
causality measures and the number of bootstrap replications used to calculate the bias-corrected estimates are equal
to 500 and 199, respectively. “No” indicates non-causality in the true DGP and “Yes” means that there is causality in

the true GDP. The DGPs in the first row of the table are described in detail in Table 1 of the main text. In parenthesis

is the standard deviation of the estimated value.
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