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Abstract

Finite samples of the coefficients associated to Granger causality and size and
power of Granger causality test are analyzed using Monte-Carlo simulations.
We established that additive outliers have not asymptotic effects on size and
power of the Granger causality test. However, important bias and MSE are
observed in finite samples. Results indicate that the presence of additive
outliers in the variable y; is source of size and power distortions. Empirical
applications are proportionated to illustrate effects of additive outliers on
Granger causality test.

Keywords: Additive Outliers, Granger Causality, Bias, MSE, Finite Sam-
ple Size.
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1 Introduction

Many observed time series have some points that are strangely different from
the other observations. These atypical values, often called outliers, can be
produced by non-systematic changes in the variables that are driving the
series or affecting them. They are often associated with identifiable events
such as wars, strikes or changes in policies. Many economic time series
are often contaminated by such events. For example, Balke and Fomby [1]
examined 15 macroeconomic time series and found outliers in almost every
series.

Since the forecasts from any time series model are based on the extrap-
olation of the historical patterns, if the parameters of the model are very
dependent on some atypical observations, then the quality of the forecasts
can be very poor. When these parameters have physical or economic in-
terpretations, the presence of undetected aberrant observations can mislead
the properties of the model.

Neglecting (not deleting) aberrant observations can have major effects
in time series modelling. One such effect could be to generate wrong esti-
mates for the parameters (see Denby and Martin [7] , Ledolter [17]), hence
producing forecasting bias. Even when the aberrant observation does not
substantially affect the parameter estimates of the underlying model, it af-
fects generally the variance of the estimates. A second major effect, espe-
cially when the aberrant observations are near the forecasting origin, is that
the forecasts can be very inaccurate. Finally, third major effect is that the
estimated variance of the innovations (6%) from the contaminated data can
be much larger than the true variance (02), which implies that the corre-
sponding forecasting intervals will be much wider.

In this paper, we examine the implications for Granger causality tests,
in a VAR context, of the presence of additive outliers. For reasons of pre-
sentation, we focus on the bivariate case. Motivation for this study comes
in part from an empirical analysis of the “causal” relations between the
growth rate of the money supply (M3) and the inflation rate in Peru. Dur-
ing the past twenty years, Peru’s economy experienced high rates of inflation,
particularly in September 1988, and July and August 1990 (see Figure 1).
Traditionally, it is widely acknowledged in economic analysis that the total
money supply is related to the inflation rate in a causal manner. That is,
one of this variable can be predicted using both its past values and values
of the other variable. However, simple application of a standard Granger
causality test resulted in a non rejection of the null hypothesis. We think
that this result, which is contrary to both intuition and economic theory,



is caused by the presence of large additive outliers. We will return to this
claim in the empirical section of this paper.

The remainder of the paper is organized as follows. Section 2 deals with
a literature review on outlier modelling in time series analysis. Section 3
defines the VAR model with additive outliers and considers the implications
for the parameter estimates when the outliers are omitted. Section 4 presents
the properties of F-tests for Granger causality in the presence of outliers.
A simulation study is conducted to outline the empirical implications of
the results obtained in the theoretical results. Section 5 presents a brief
empirical application. Section 6 summarizes and concludes. At the end of
this paper, an appendix contains technical details.

2 Outlier Modelling in Time Series Analysis

The two common approaches widely used in modelling time series with aber-
rant observations are the additive outlier (AQO) approach and the innovation
oulier (10) approach. Fox [8] first addressed outlier problems in time series
by using this classification. Later, Tsay [31] extended this classification to
allow for structural changes as well and considers level changes (LC), and
variance changes (VC).

A general definition of the different types of outliers involves a series 2
without any disturbances (for the AO and LC models) and a disturbance
term f(t) so that the observed series y; is the sum of z and f(¢), that is,
ys = 2zt + f(t). The functional form of f(t) depends on the nature and type
of the outlier.

An additive outlier can be viewed as an observation which is the genuine
data point plus or minus some value. This latter value can be caused by a
recording error or also by misinterpreting sudden "news", which can cause
a stock market return to take unexpectedly large values, while such news
may appear not important in the next period. In other words, the data
point is then aberrant because of some cause outside the intrinsic economic
environment that generates the time series data at hand.

For an additive outlier, f(t) = 61|t = Tap] and the model is:

v = 2 + 6Lt = Tao), (1)

where I;[.] is an indicator dummy variable observed for t = 1,2,...,T. It
takes a value of 1 when ¢t = Typ and a value of zero otherwise. The time
series 2 is the uncontaminated but unobserved time series, while y; cor-
responds to the observed variable. The size of the outlier is denoted by

6.



In the autoregressive case AR(1) with drift, an additive outlier can be
specified as:

Yo = p+ 6Lt =Tao] + 2 (2)
2t = ¢z1+ €.
The innovation outlier (IO) is a type of observation where the outlier

occurs in the underlying noise process. In the autoregressive AR(1) case
with drift, for example, the functional form of f(t) is given by:

1

t) = t= T .
§(6) = 757kt = Tro ©
which leads to specification for the innovational outlier model as:
1
= = T
n w+ 2z + T pL5It[t 70) (4)
Zz = pz_1+ €.

In this case, the behavior of the series y; depends on the autoregres-
sive structure of 2; which, for simplicity, has been assumed here to be an
AR(1) model. The innovational outlier affects the Troth observation by é
and affects the subsequent observations by pf~770§. Thus its impact on the
subsequent observations decay at the rate p.

Level changes (LC) and variance changes (VC) fall into a category called
structural changes. Level change represents a change in the mean of the se-
ries, while variance change represents changes in the variance of innovations.
An example of variance change is when the exchange rate switches from the
fixed exchange rate regime to the flexible exchange rate regime. In the AR(1)
case, the level changes (LC) model is defined by:

1

ft) = 77 0kl = Tic] (5)

where, as in the AO model, the behavior of the y; series under LC models
does not depend on the structure of z. In the case of p = 1 the pattern of
the impact of the IO will coincide with that of the LC.

The variance changes(VC) model is defined

1

) =1 pL55t[t = Tvc] (6)

where S¢[t = Ty ¢] is the jump function that takes a value of 1 when ¢ > Ty ¢
and a value of zero otherwise. In this case the variance of the innovations



driving the series y; changes at time t = Ty ¢ from o2 to (1 + 6§)%0?, so the
subsequent values of y; are affected.

In a study of the effect of additive outliers (AO) on ARIMA models,
Ledolter [18] noted a resulting increase in the mean square of the I-step-ahead
forecast error. He showed that this increase is due to a carry-over effect of the
outlier on the forecast and a bias in the estimates of the autoregressive and
moving average coefficients. Also, he showed that this increase can be rather
small when the outlier does not occur too close to the forecast origin. But
the conclusion is different for the width of the prediction intervals. In fact
these intervals are quite sensitive to AO since outliers inflate the estimated
variance (52) of the innovations.

The impact of outliers in unit root tests and cointegration have also
been studied in the literature. Franses and Haldrup [9] and Shin et al. [2§]
established that the presence of outliers in a univariate time series affects
the limiting distribution of Dickey-Fuller unit root tests. In particular, the
presence of additive outliers shifts the distribution of both Dickey-Fuller
statistics to the left, leading to tests with exact size greater than the as-
ymptotic nominal size. Thus by using the usual critical values, one tends to
over reject the null hypothesis of unit root in the presence of AO. See also
Vogelsang [32] and Perron and Rodriguez [25].

In the IO and LC case, there is a tendency to under reject the unit root
hypothesis when using the usual critical values. But for the VC case, the
situation is more complicated [see Yin and Maddala [33]]. In fact, whether
there is a tendency to over reject or under reject depends on some intrinsic
characteristics of the series at hand.

To deal with the problems induced by outliers in unit root testing, a class
of robust tests have been proposed in the literature (see Martin and Yohai
[23], Lucas [19], Hoek et al. [12] , Rothenberg and Stock [27], etc.). These
tests are based on the class of M-estimators introduced by Huber ([13], [14])
in the area of robust estimation theory. From a simulation point of view,
these robust tests are more powerful than those based on OLS estimators
if the errors come from fat-tailed distributions. But they are less powerful
if the errors are normally distributed. For a recent empirical application of
this kind of method, see Rodriguez [26].

In the cointegration case, Franses and Haldrup [9] showed that additive
outliers can seriously affect empirical cointegration analysis. They calculated
empirical fractiles of the Johansen cointegration test (see Johansen [15], [16])
based on many Monte Carlo replications of time series with various sizes of
additive outliers. These fractiles markedly exceed those for the no-outlier
case. Hence, using the standard critical values in the case of outliers may
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lead to spurious cointegration.

To reduce the effect of outliers in cointegration analysis, Lucas [20] pro-
posed a Johansen-type testing procedure based on non-Gaussian pseudo
likelihood. Franses and Lucas [10] extended these results to the case of
a multivariate cointegrated vector autoregressive model. They proposed a
robust estimator that signal the positions of aberrant observations and au-
tomatically assign smaller weights to them. These weights may also be used
to suggest model improvements.

2.1 Outlier Detection

If the date and type of the outlier is known, the intervention analysis intro-
duced by Box and Tiao [4] allows the irregular component of the time series
to be modeled in such a way that estimates of the size ¢ of the outlier can
be obtained from the coefficients of “intervention dummies”. In this way, it
is possible to remove the outlier effect from the noise function and introduce
it in the deterministic part of the series. The noise function can then be
analyzed without the outlier.

Outlier detection in ARMA models has been given a great deal of atten-
tion in the literature (see Tsay [30], [31], Chang et al. [5], Chen and Liu [6],
Shin et al. [28]). The standard approach is to estimate a fully parameterized
ARM A model and construct a t-statistic for the presence of an outlier. The
statistic is constructed for all possible dates (¢t =1,...,T ) and a supremum
is taken. The value of the supremum is then compared to a critical value to
determine whether an outlier is present.

Let us consider the parameterized model described in Tsay [31]

Yy = \Ifg(L)(SIt + \IJE(L)et (7)

where U.(L)e; is a moving average representation of an ARMA(p,q) and
U, (L) = ¢~H(L)6(L). Also, Us(L) represents the dynamic that the outlier
has on ;. If Us(L) = 1, then § is an additive outlier. If Us(L) = W.(L)
then 6 is an innovation outlier. The t-statistic is defined for each period as
a ratio where the numerator is the estimate of the size of the outlier and
the denominator is its standard error. A supremum is then taken, and if
this statistic exceeds a given critical value, then an outlier has occurred. A
general sequential algorithm for identifying outliers is as follows:

o LEstimate an ARMA model and extract the residuals and the residual
variance;



Search for outliers in the residuals using the supremum statistic;

e If an outlier is found, remove the effect of the outlier and recalculate
the residuals and the residual variance;

Continue searching and adjusting until no more outliers are indicated;

Re-estimates the ARMA model using the adjusted series and extract
the residuals. Once again, search for outliers;

Stop the algorithm when no additional outliers are found.

An important problem with this class of procedures which is noted by
Balke and Fomby [1] and Balke [2] is the fact that the estimation of the
parameter from models based on the data with outliers left in, may produce
a bias in the parameter estimates and thus affect the efficiency of outlier
detection. Chen and Liu [6] address this problem.

Other outlier detection procedures have been proposed in the literature
under a unit root framework (see Vogelsang [32] and Perron and Rodriguez
[25]). This framework offers a distinct advantage, namely that one can work
under the null hypothesis that a unit root is present with two useful features.
First, it does not require a fully parametric model of the errors and is valid
for general forms of dynamic structure. Second, an asymptotic distribution
can be obtained and critical values tabulated even without having to make
specific distributional assumption about the errors.

2.2 Granger Causality

A question that frequently arises in time series analysis is whether or not one
economic variable can help forecast another economic variable, or simply is
there a way of establishing if one variable has been a leading indicator of
another over the past? For instance it has been well documented that nearly
all the postwar economic recessions have been preceded by large increases
in the price of oil. Does this imply that oil shocks cause recessions?

Granger [11] first proposed an approach to address this kind of question
and Sims [29] popularized it. The idea of Granger causality can be expressed
as follows. A variable X Granger-causes Y if Y can be better predicted
using the histories of both X and Y than it can using the history of ¥
alone. Conceptually, the idea has several components:

e Temporality: only past values of X can “cause” Y



e Exogeneity: Sims [29] pointed out that a necessary condition for X to
be exogenous to Y is that X fails to Granger-cause Y'; and

e Independence: Similarly, variables X and Y are only independent if
both fail to Granger-cause the other.

Wald tests are standard tools in testing the null hypothesis of non
Granger causality. These tests are mainly tests for ‘zero restrictions’ on
parameter estimates obtained by fitting a linear regression model (involving
lagged values) to the data. Like most statistical tests, Granger causality
tests require that the relationship between the variables remains stable over
the sample period being tested. In the VAR time series representation, one
of the basic assumption in Granger causality testing is stationarity, that is
the absence of trends, seasonal components and structural instabilities in
the sample period. In a simulation study, Liitkepohl [22] has shown that
Granger causality tests may provide quite incorrect inference about causal-
ity relations in the presence of structural changes. He showed that the
sizes of the tests in finite samples are excessive when mean shifts are ig-
nored. However, these pitfalls of Granger causality tests may be avoided
if the number and the dating of the breaks are known, as the tests could
be safely applied in those sub samples where no structural instabilities are
detected. Liitkepohl [22], [21]) described an approach for the detection of
structural breaks based on predictions tests. In another paper, Bianchi [3]
proposed a Bayesian model which can make Granger causality tests robust
to the presence of structural instabilities. Recently, in the VAR context,
Ng and Vogelsang [24] proposed a strategy which removes the breaks and
estimates simultaneously the breaks with the autoregressive parameters. It
is the model which is adapted in the following section allowing for additive
outliers.

3 The Model

The AO and IO approach in univariate time series models can be easily
extended to multivariate time series representing jointly evolving processes.
Multivariate analysis investigates temporal dependence and interactions among
a set of variables in vector valued processes. It has a wide range of applica-
tions in economics and finance. In finance for example, portfolios generating
returns on a set of assets form vector valued processes. Financial portfolios
contain various quantities of risky assets, which have to be regularly adjusted



according to the expected future changes of asset prices. Such strategic al-
location updating can be tuned to forecasts from a Vector Autoregressive
model of returns.

This paper provides a tentative analysis of the properties of VARs in
the presence of additive outliers. Stationarity of the series is assumed for
the whole analysis. We focus on whether additive outliers in one or more
series will induce bias in the OLS estimates of the VAR. Also, we examine
the consistency properties of estimates and the implications on Granger
causality tests in the associated regressions.

A bivariate additive outlier can be specified as:

yo = p+Dib+2z (8)
2zt = Az1+e
where y: = (yi,y2t) for t = 1,...,T, z = (211, 22), er = (e, ea)’, p =

(1, 140)'y 8 = (61,62), Dy is a 2 by 2 diagonal matrix with diag(D;) =
(D1t, Dat), Dit = 1(t = Ta0s) © = 1,2 where T)yp; is the outlier date for the
series y; and A is a 2 by 2 matrix with elements a;;. Also,

D — 1 if t=Tao;
=10 otherwise.

The Additive outlier model (8) can be rewritten as

ys = p* + Df6 4+ AAD6 + Ays—1 + e 9)
where
_ Dlt 0
o= [ D]

1 if t=Taoi
ADy; = Dy - D1 = =1 if t=Taoi+1
0 otherwise

ADy = Dy—Dy 1 = [ADH 0 ]

0 ADy;

1 —a11)p — arap
* — ([,—A - ( 11)H1 2 ]
K (2 = A)u [ —ag1py + (1 — ag2)py



(1 - au)Dlt —algDQt

Df = (I—-AD: = —ag1 Dy (1 —az2) Dy

Equation (9) is derived as follows. It is possible to see, from the model (8),
that

z=y—p—D6=Alyr1 —p— Di—16] + & (10)
which can be written as
yt — Ayi—1 = p— Ap+ D6 — ADy_10 + et (11)
and finally, we have

Y = (I2 - A)[L + Ayt_l 4+ Db — ADy 16 + ADyb — ADiS + ¢4
= (I —A)p+ Ayi-1+ (I2 — A)Dié + A[Dy — Di—1]6 + e
p* + Ays1 + Df6 + AADS + e. (12)

For more detail, the components of the last system can be expressed as

yit = w1 +61(1 —a11)D1z — 62a12D2¢ + 61011 ADy;

Q +02a12A Dot + a11y11-1 + a12y2t—1 + €1 (13)
yar = w5 —b1a91D1t + 62(1 — ag2) Dot + 61021 AD1s
+62a22 A Dot + a21Y14—1 + A22Y2t—1 + €. (14)

Notice that when the dates of the outliers coincide, that is when Dy =
Dy, = Dy, we can rewrite y1; and yo; as:

yit = pi+[61(1 —a11) — 62a12) Dot + [61a11 + 62a12] ADgy
+a11Y1t-1 + G12Y2t—1 + ex (15)

Yo = p5+ [—61a91 + 62(1 — ag2)] Dot + [61a91 + J2a22) ADgy
+az1y1t-1 + a22Y2t—1 + €2t (16)

The effects of AO on the VAR can be seen by considering one of the
equations, say, yo;. This equation reveals that the effects of AO on y9; will
depend on whether or not as; = 0. If y; does not Granger cause yg, that is
ag1 = 0, y1 is weakly exogenous for yo. When ag; = 0, the coefficients of
Dot and ADg; do not depend on 81, the size of the AO in y;. So an AO on
y1 will not appear in the equation for y3. Under Granger non-causality, an
AQO dummy will appear in the equation for ys only if there is an AO in the



function for yo itself, that is if 62 # 0. However, when y; Granger cause ya,
the AO in y; will, in general, appear in the conditional model for ys whether
we have AO in yi, y2, or both.

Now let us consider the regression equation for y2 when the outliers are
omitted, that is

Yot = Mg + @21Y1e—1 + G22Y2t—1 + €2, (17)

where it is clear that regression equation (17) is a misspecified model. This
misspecification is obvious upon rewriting (16) as:

Yot = My + G21Y1e—1 + A22Y2t—1 + €54

where 6§t = ey + [“51&21 + 62(1 - agg)]DOt + [61(121 -+ 62&22]ADOt. Conse-
quently, regressions based upon (17) suffer from omitted variables bias since
the regressors Dgy; and ADy; are excluded from the AO model although
82 # 0 and/or §; # 0 and ag; # 0. The following theorem presents the
asymptotic effects of omitted additive outliers.

Theorem 1 Lety: = (y1t,y2t), t =1,...,T be generated by the AO model
(8). Let the parameters ag = (ag1,a22) be estimated from the misspecified
model (17) by OLS to yield g = (@91, d22). Then

1. The limiting distribution of T3 (G2 — a2) is a normal distribution with
variance 03T, that is,

T (ay — ag) = N0, 02T
where this variance is also a function of the parameter matriz A.
2. th(dg e CLQ) =0.

The theorem establishes that when there are AO in the series y; and
12, the estimates associated with the autoregressions which omits the AO
will depends on the parameters a;; for finite samples. But in general these
estimates remain consistent. The proof of theorem 1 is provided in the
Appendix section.

4 Properties of the F-Tests for Granger Causality

Now let us consider the effects of omitted additive outliers on Granger causal-
ity test. Specifically, we are interested in testing whether y; Granger causes
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y2. The statistic is the F-statistic for testing the hypothesis that ag; = 0 in
the misspecified model (17). Then, we have

R
ao — (a21~ 2121)1
s2(X' X))
T(ag1 — ag )?
RS O

(18)

where X is the (T — 1) x 2 matrix of demeaned (y1t—1,Y2t—1)-

Under the null hypothesis of no Granger causality, az; = 0 and the test
statistic has asymptotically a x? limiting distribution in the absence of AO.
When 8, # 0 and the AO is omitted, we have in Theorem 1 that T'(421 —as;)?
converges to a normal distribution and that (T-1X'X)~! converges to I'"L.
That is (T~ ' X' X)7; converges to I';}l. Since s2 = T16,é; we have that the
GC statistic converges too. These results are presented in the next Theorem.

Theorem 2 Suppose the data are generated by the AO model (8), and the
misspecified model (17) is used to test whether y; Granger causes yo. Then
under the null hypothesis of no Granger causality as T — oo, we have

1. If 63 = 0 then GC = X2
2. If 63 # 0 then the limiting distribution of GC is a x? that is dependent
on the parameters of the matriz A.

The theorem states that AO have effects on the Granger causality test in
that the limiting distribution of the Granger causality statistic is dependent
on the parameters of the matrix A. As we will see in the simulations, the
parameters contaminate the sizes of the F-test in the finite sample case. The
proof of theorem 2 is provided in the Appendix section.

4.1 Simulations

In this subsection a simulation study is used to outline the empirical im-
plications of the theorems in finite samples. Bivariate series (precisely a
VAR(1) series)are generated according to model (8) using different values
for the sample size T' and the additive outlier size §. The errors e; are i.i.d.
draws from a standard bivariate normal distribution. The AO date, Tx0, is
chosen to occur at the mid-point (0.5 * T") of the sample and it is the same
for both series.

Eight possible combinations of § were considered: (0,0), (5,5),(10,10),
(50, 50), (10, 0), (50, 0), (0,10), (0,50). This allows for the possibility that an
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additive outlier occurs in none, one, or both series. Three values are consid-
ered for the causality parameter ag; (—0.3,0.0,0.3) and two values for the
parameter ai; (—0.5,0.5). Values for aj2 and agp are taken from the para-
meter set {—0.6,—0.4,—0.2,0.0,0.2,0.3,0.4} for each value of a;;. Without
loss of generality, we report results for a;; = 0.5. All set of parameters
have eigenvalues of the matrix A that lie inside the unit circle with unequal
roots. This rules out explosive models. In all cases, 1000 replications were
considered. For each replication the misspecified model (17) was estimated
by OLS and the value of the parameter of interest (do1) is calculated. The
values reported in the tables are the means (averages) of these estimates
over simulations. The results are presented in tables 1-25.

Tables 1-2 show the mean estimates of the coefficient o1 when there
are no additive outliers in both series. for small sample sizes (T" = 50 or
T = 100), some distorsions still affect the estimates, but for T' = 500, the
mean estimates are much closer to the true parameter. That is, for large
samples, the coefficients are almost precisely estimated. When ag; = 0 (no
Granger causality) and at least y2 has additive outliers (see tables 5, 11 and
17), the estimated coefficient ag; is affected in a complex way. Actually, the
bias follows some patterns, as for example, combinations of negative values
of a1 with negative values of agy tend to cause larger values for the bias.
The same results are observed with combinations of negative values for a;2
with positive values of ags.

When as1 # 0, that is y; Granger causes yg, additive outliers in y; and/or
yo will always affect the estimates because of the feedback between the two
series. When ag; = —0.30 and 83 # 0 (see tables 6, 12 and 18), the largest
values of the bias are obtained with the combination of negative values for
a1 with negative values of ags. The bias values tend to diminish as agy goes
to zero. When ao; = 0.30 and 85 # 0 (see tables 7, 13 and 19), the largest
values of the bias are obtained with the combination of positive values for
a2 with positive values of agg. Similarly, these bias values tend to diminish
as agg goes to zero.

Up to now the results show that additive outliers do have an impact on
the parameter estimates. Let us now look at the implications of part ii) of
theorem 1. The theorem states that as the sample size T' goes to infinity,
the mean estimates are closer to the true parameter estimates. Intuitively,
one might expect this kind of result as long as the number of outliers doesn’t
increase with the sample size. When ao; = 0 and §2 # 0 (see tables 5, 11
and 17), the bias tend to diminish as we move from T = 50 to T' = 500,
although some significant discrepencies remain even for T' = 500, the largest
being equal to 0.56. When ag; = —0.30 and 63 # O (see tables 6, 12 and 18),
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here too, the bias tend to diminish as we move from 7" = 50 to T = 500.
The same result is observed when ag; = 0.30 and 62 # 0. So overall there
is evidence that the effects of AO on the parameter estimates become less
severe as the sample size increases.

Now, let us consider results for the size of the F-test for Granger causal-

ity. When there are no additive outliers in both series, the size depends
on whether or not there is Granger causality. In the case of Granger non
causality, the size is very close to the nominal size of 5 % (see table 3).
However the size is near unity in the case of Granger causality (see table 4).
When ag; = 0 (null hypothesis of Granger non causality) The size of the GC
statistic depends on whether or not y; has outliers. When ys has no outliers
(see tables 8, 14, 20 and 25), the GC statistic has an exact size close to the
nominal size of 5 % as specified in Theorem 1. When y3 has outliers (that is
82 # 0), size distortions are larger and follows complex patterns according
to the values of the parameters a;2 and agz.
When ag; = —0.30 and 82 # O (see tables 9, 15 and 21), the largest values
of the size of the F-test are obtained with the combination of negative val-
ues for a1s with negative values of ags. The same results are observed with
combinations of positive values for ajs with positive values of az. When
ag; = 0.30 and 62 # 0 (see tables 10, 16 and 22), the largest values of the
size of the F-test are obtained for positive values of ags.

The case of multiple outliers was also considered, always with §; = 0,
for sample sizes T' = 50, 100 and 200. In this case, the additive outliers (d2)
are located at 0.207, 0.407T, 0.607 and 0.807". The results are presented in
Tables 26-28. We observe that in the case of no Granger causality (ag; = 0),
size distortions are smaller the closer ass is to zero. When ag; = —0.30 and
02 # 0 the largest values of the size of the F-test are obtained with negative
values for ajz. The same results are observed with combinations of positive
values for a1 with positive values of agy. When ag; = 0.30 and 2 # 0 the
larger values of the size of the F-test are obtained for positive values of ags.

5 Empirical Application

As it was mentioned in the introduction of this paper, the standard F-test for
Granger causality test was applied to two time series of Peru. The variables
are the inflation rate and the growth rate of total liquidity in the economy,
defined also as M2 (source: Central Bank of Peru). The period analyzed is
1980 until 1997 with a monthly frequency. Both series are shown in Figure
1, where is easy to observe the presence of huge additive outliers. Overall,
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these observations are related to well know stabilization programs applied by
government of Peru with the goal of stopping high inflation rates. Given that
a simple visual observation is not sufficient to statistically identify additive
outliers, we used the procedure of Perron and Rodriguez [25] to identify
precisely the observations qualified as additive outliers. See also Rodriguez
[26] for a similar approach.

Table 29 presents the results obtained from the F-test applied to both
series before and after correcting for the presence of additive outliers. Be-
fore correcting for outliers, the results show that we cannot reject the null
hypothesis that the growth of money does not cause inflation rate. Re-
sults in the opposite direction are different. Apparently, we can reject the
null hypothesis that inflation rate does not cause growth of money. While
this last result is acceptable (possibly because the feedback between both
variables), the first result is contrary to intuition, especially in an economy
where higher inflation and high growth rates of money were evident in the
period analyzed.

The results change when we apply the same F-test after eliminating the
influence of the additive outliers. After the additive outliers were identified,
dummy variables were created and a regression of both variables against
them was performed. Then, the residuals from both regressions are free
of the influence of the additive outliers. These two residual time series
are used to apply the standard F-test to verify the null hypothesis of no
Granger causality. Results indicate that there is a strong rejection of the
null hypothesis of no Granger causality from the growth rate of money to the
inflation rate. The analysis in the opposite direction confirms the original
result but with a lower p-value.

6 Conclusion

In this paper, we analyzed the implications for Granger causality tests, in the
VAR context, of the presence of additive outliers. We showed that although
the least squares estimates of the VAR are consistent, they will depend on
the parameter Matrix in finite samples. That is, additive outliers contam-
inate these estimates. Furthermore the theoretical results showed that the
limiting distribution of the Granger causality statistic is dependent on the
parameter matrix . The simulation results confirmed this fact and showed
that the parameters contaminate the sizes of the F-tests. Hence conducting
hypothesis testing in a VAR without adjusting for additive outliers can lead
to incorrect inference. The results obtained in analyzing the inflation rate

14



and the total money supply in Peru can now be explained fully by this study.
It is worth to mention however, that the results of this study are obtained
in a VAR(1) set up. In practice however, VAR models are often of higher
order. We intend to study, in a future research, the implications of AO in
higher order VARs setups.
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7 Appendix

Proof of theorem 1. Let vy = —81a91+62(1—a22) and yog = 61a21+062a22.
We can rewrite the DGP as:

yat = 3 + YoDot + VoA Dot + a21y1t—1 + a22Y2t—1 + €2:. (A1)

Let us also consider the (T'—1) x1 vectors Y3, Do, ADg and éy; corresponding
to the demeaned yo:, Do: and ADy. Let X be the (T — 1) x 2 matrix of
demeaned (y1¢—1,Y2t—1)- The DGP model can be rewritten as

Y2 = 79D0 + 002 Do + 02X + &xt. (A.2)
The misspecified model (17) can also be rewritten as:
Yy =X +6 (A.3)

where ag = (dg1,822) = (X'X)~1X'Y. Plugging the values of Y5 from the
DGP model (A.2) yields

dg —ag = (XIX)_IX, ['70130 + '700AD0 + 52] . (A.4)
But, we know that

X% = Z?:l 92,1 Z?:l Jrt—1T2¢—1
- =1 Y11 =1 _
D1 Jat-1T1t-1 Doy Th

Also from (8) we have

-1 = 61Dot-1 + Z1i
Pat—-1 = 62Dot—1 + Zat—1

Consequently,

T T L
Y G = Z [61D0t—1 + th—l]
t=1 =1

o+

T T T
= & Z Dg,_1 +261 Z Dot-1Z14-1 + Z ZZ%_,. (A5)
t=1 t=1 t=1

19



However, Dg; can be estimated by OLS residuals from the regression equa-
tion

Dot = 0 + Do.

By the standard formulae of OLS, we have that § = (T + 1)~ Zle Dy, =

(T'f‘].)“l and D()t = Dot—é = DOt—(T-f-].)“l. Similarly Eot—-l = D()t_l—Tﬁl
~ —112 — -

and Z?:l D§y = Z’le [D0t~1 -T 1] = Zg;l D§_ Tt =1-T""

Also, we have

Zle Dot—1Z14-1 = Z;r:l [(DOt—l — T Y (Z1p—1 — T Zle th——l)]
231:1 Dos—1Z14-1 — T2 Z;F:l Z1t-1

7T Zy S D1 + TV Zes
= ZZ‘:]. Dot-1Z1t-1 — Tt Z?:l Z1t—1 _

= Zir, —T71! Z?:l Z1t—1 = Z1Ty0 — 21-

Because Zg;l Z%_, is a sum of squares of a demeaned vector, we can say
that

T
T_l Z Z%t—l = Fl]_.
t==1
where T'1; is the first element of the covariance matrix I' of the z’s. We can
now derive the final expression for }_ §%,_;:

T T
Zg%t—l = 6%(1 - T—l) + 251 (Z].TAO - Zl) + Z Z%t—l (A6)
t=1 t=1
Multiplying both sides by T~ we get
T
T Zg%t—l = I'11. (A.7)
t=1
Similarly we have
T
Ty G341 = Ta (A8)
t=1
T
T fuifar = T, (A.9)
t=1 ,
T
T fat-1fie1 = T (A.10)
t=1
20



Overall we have established that (T~'X'X) = T. It follows that
(T X'X) =T

Now, we need to evaluate the expression

X [70130 + Y00ADg + ég] = 7o X' Do + 0o X'ADo + X'8y  (A11)

for which we analyze each term:

1. The first term is
o T o Y
X'Do = <Zgu_1D0t,Zgzt..1Dm> :
t=1 t=1

where, developing the first sub-term we have
T

T
Z@u—lﬁm = Z [51D0t—1 + th—l] Do
t=1 t=1

= Z [51D0t—-1 + th—l] [DOt - T_l]
t=1

T T T
=0 E Dot—1Do; — 6:T71 ZDOt—l + Zl Z1t-1Dot
t=1 t=1 t=

T
-1 Z Z1t1
t=1

T T
=6 [(Dot—1—T7")Dot) — 6.7 Z [Dot—1 — T7']

=1 =1
T T
+ Z Zg—1Doe — T71 Z Z1t—1
t=1 t=1
T T T
=0 Z Dot—1Dgt — 61771 Z Do — 6:T71 Z Doi—1 + 6,771
=1 =1 =1
T T
+ Z [th—l -7t Z th—ljl Doy
t=1 t=1
T

T
-7t Z Zyp1 —T71 Z th—l:l
t=1 =1

= 211401 — 61Tt = Z1.
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In a similar way we have that

T

Z'g%—lijt = Zor,o—1 — 02Tt — Zs.
=1

With last two terms, we have X'Dy = Z7,,-1 — T~'6 — Z, which is
equivalent to say that

Y0X'Do = V921401 — 10T ™16 — 7o Z.

2. The second term is
o T T Y
X'ADo = (Z f1e-1ADot, Y a1 ADOt)
t=1 t=1
where, developing the first sub-term we have ’

T

T
> Gu-1ADo = | [5113015—1 + th—l} ADo
t=1 t=1

T T
=01 Z Dot—1ADo: + Z Z11—1ADg:

=1 =1
T o~
=61 E [Dot—1 — T™'] ADqy
t=1
T T
+ Z Z4—1 |ADgy — T1 E ADgy
=1
T
=01 Z [DOt—l —T7Y[ADy; —T7* Z ADg;
t=1
T T 7
+ Z Zy1 —T71 Z Zit—1 [ADOt -77! Z ADgy;
=1 =1 =1
T T T
=61 Z Dot—1ADgt — 61771 Z ADg: + z Z1t—1ADg;
=1 =1 =1

T T
-7 Z Z14-1 Z ADg;
=1 =1

= =61+ (Z11y0_, — Z1T40) = —61 — AZ1T4p.



In a similar way we have

T
> fat-1ADos = =82 — Ao,
t=1

With last two terms, we have X’ADg—6—AZr,,,, which is equivalent
to say that

7OOXIAD0 = Yoo (—6 — AZTAO) -
3. The third term is
; T T !
X'ey = (Z G1t-1€2t, Zg%—-léZt)
t=1 t=1

where 69 ~ €9y — T ! > eat = egt. So we have

T T
Eglt—léZt = Z [51D0t—1 + th—l] egt
t=1 t==1

T T
=0 Z Dot—1e2t + Z Z1t-1€9t
=1 =1

T
=01 Z [Dot-1 — T_l} eot

t=1
T

T
+ Z [th—l -7t Z th—l:l ot
=1

t=1

T T T
-1
=61 Doresr— 61T Y ez + Y Zu-ex
t=1 t=1 t=1

T T
-1
=T E th—lE €9t
=1 =1

T
= b1eamyot1 + ) Zri-1e2t
t=1
In a similar way, we have that
T T
> " fiat-182t = baearyor1 + > Zoi e
t=1 t=1
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which implies that
X'éy = Sear,p41 + Z'es.
With last terms we have
X' [”/ODO + 7002 Do + 52] = Y02Ta0-1 = V0T 6 = 102 — Y008 — Y00AZ140
+bear,p+1 + Z'en.
We conclude that
plim(ag — ag) = plim [(TX’X')_IT_IX’[%I% + Y00ADg + éz]] =0.

Hence, the proof of first part of the Theorem is completed.
Now let us consider

TH(ay —as) ~ DIT-3X [70150 + vooADo + éz}

Q

I8 [T 21401 = T~870Z = T~ 3008 = T 370021, |
471 [T*écsemo“ + T-%Z'e2] .

From last expression, we have that Plim [T% (G2 — az)] = plim(T_%Z’ es).
We also know that E [Z'e;] = 0 and

Var [Z'ey] = E [Z'ezeb Z]
Z'E [626/2} Z
= Z'6iz
o3 [2'Z]
= oil.

we conclude that the limiting distribution of =37 es is normal with vari-
ance o3T". So overall we have

T3 (ay — ag) = N[0, 02T).

It remains to prove that the variance matrix I'" of the Z’s depends on the
coefficient matrix A. From the DGP model Z;, = AZ;_; + e;. Then, it is
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possible to write that as Z; = A'Zy + Zz“l Ale;_;. Taking Zp = 0, we get
Zy = Y7t Ate, ;. Also, E[Z; = 0] and

i—1
Vizy) = V[ZAiCt—i]
zt—-l ) t—1 i
= B[O Ae)D Ales)
t—1 ' )
= ) AQA". (A.12)

Hence, we conclude that the variance of the Z’s depends on the parameter
matrix A. The proof of Theorem 1 is thus completed.l

Proof of theorem 2. When §; = 0 the AO model (16) reduces to yz; =
14+ a21y1t—1 + agy2t—1 + eas. Therefore regression (17) is correctly specified
and standard OLS results apply from which, part 1 of the theorem is derived.
When 63 £ 0, we have from Theorem 3 that T'(G2; — ag1)? = [T% (a3 — ap))?
converges to a x?2 distribution and that (T~1X’X)7}! converges to I';.

We need to evaluate s2 = T—1éhé5. Let M = I — X(X'X)~1X'. We have
s? =T 1ehéy = TV MYy

where Y3 = ’yof)o —i—fyOOADO +asX + é&. Also, we have X'M=MX= 0, so
that

2 = Tl [(70[70 + 700 ADo + 82t) M (o Do + o0 Do + 52)]
= 71 [ry%f)()ijo + YoYo0 Db MADg + ')/ObéMég]
7t [70700A136MDO + 2, ADLMADg + vooAﬁgMéz}
471 [70é'2MDO 008y MAD + é'zMég] .

From the results in Theorem 1, only the term é;Mé; is non zero. So we
have §2 = éoMég = o2, That is the denominator of GC converges to UQI‘l_ll.
Also, the numerator of GC converges to a x? distribution. So overall GC =
x2. But this distribution is dependent to the covariance matrix I". So the
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limiting distribution is dependent to the parameter matrix A. The proof is
completed.
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Table 1. Mean Estimates for 421, 6 = (0, 0), an =0

a2 a2
-0.6 -0.2 0.2 0.6
T =250
-0.6 -0.18 -0.75 0.20 0.06
-0.2 -0.10 -0.15 -0.59 0.15
0.2 -0.07 -0.08 -0.12 -045
0.6 -0.05 -0.06 -0.07 -0.09
T =100
-0.6 -0.09 -0.37 0.09 0.03
-0.2 -0.06 -0.07 -0.27 0.06
0.2 -0.04 -0.04 -0.05 -0.19
0.6 -0.03 -0.03 -0.03 -0.04
T =500
-0.6 -0.02 -0.07 0.02 0.00
-0.2 -0.01 -0.01 -0.05 0.01
0.2 -0.01 -0.01 -0.01 -0.03
0.6 -0.00 -0.01 -0.01 -0.01
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Table 2. Mean Estimates of d21, § = (0,0), ag1 = 0.30

a2 a0
06 -02 02 06

T =50
06 004 053 035 031
02 017 001 050 0.34
02 021 0.18 004 048
06 023 022 019 0.11
T =100 .
0.6 013 042 032 0.30
02 023 016 039 0.2
02 026 024 018 0.37
0.6 026 026 025 0.21

T =500
0.6 027 032 031 0.30
02 029 027 032 0.30
02 029 029 027 0.32
06 029 029 029 028




Table 3. Size of the F-Test, § = (0,0), ag; =0

a12 a22
-0.6  -0.2 0.2 0.6
T =50
-0.6 0.07 0.06 0.07 0.07
-0.2 0.07 0.06 0.07r 0.07
0.2 0.07 0.06 007 0.07
0.6 0.07 0.06 007 0.07
T =100
-0.6 0.07 0.07 0.06 0.05
-0.2 0.07 0.07 0.06 0.05
0.2 0.07 0.07 006 0.05
06 0.07 0.07 0.06 0.05
T =500
-0.6 0.04 0.05 0.06 0.06
-0.2 0.04 0.05 0.06 0.06
0.2 004 005 0.06 0.06
06 004 0.05 0.06 0.06
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Table 4. Power of the F-Test, § = (0,0), a21 = 0.30

012 as2
-06 -0.2 0.2 0.6
T =150
-0.6 004 0.11 035 0.76
-0.2 0.12 0.04 011 040
0.2 031 0.11 0.04 013
0.6 057 035 013 0.04
T =100
-0.6 0.06 0.14 0.57 0.95
-0.2 0.28 0.06 0.13 0.64
02 070 033 007 0.14
06 094 077 039 0.07
T =500
-0.6 020 032 1.00 1.00
-0.2 096 024 036 1.00
0.2 1.00 098 0.28 0.43
0.6 1.00 100 1.00 0.33
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Table 5. Mean Estimates of ag1; a1 = 0,7 = 50

a2 022
-0.6 -0.4 -0.2 0.0 0.2 0.4 0.6
5= (5,5)
-06 -0.29 -0.19 -0.07 0.05 0.12 0.12 0.08
-0.4 -0.21 -0.23 -0.16 0.02 0.19 0.23 0.13
0.2 -0.05 -0.13 -0.16 -0.11 0.24 0.62 025
0.0 0.05 -0.02 -0.08 -0.13 -0.18 -0.27 -0.10
0.2 0.09 0.03 -0.02 -0.08 -0.16 -0.36 -1.02
0.4 0.10 0.05 0.00 -0.05 -0.12 -0.24 -0.45
0.6 0.10 0.06 0.01 -0.04 -0.10 -0.18 -0.29
5 = (10, 10)
-0.6 -0.21 -0.10 -0.00 0.06 0.09 0.07 0.02
-04 -0.21 -0.17 -0.06 0.07 0.15 0.16 0.08
-0.2 0.01 -0.11 -0.13 -0.00 0.29 047 0.24
0.0 0.18 0.05 -0.05 -0.12 -0.16 -0.01 -0.69
0.2 024 013 0.03 -0.07 -0.21 -0.49 -0.99
0.4 0.25 0.16 0.07 -0.04 -0.16 -0.33 -0.54
0.6 0.23 0.16 0.07r -0.02 -0.13 -0.25 -0.38
5 = (10,0)
-0.6 -0.05 -0.03 0.01 0.05 0.06 0.05 0.04
-04 -0.04 -0.04 -0.03 -0.01 0.02 0.04 0.04
-0.2 -0.03 -0.03 -0.02 -0.02 -0.01 0.01 0.02
0.0 -0.02 -0.02 -0.02 -0.02 -0.01 -0.01 -0.00
0.2 -0.02 -0.02 -0.02 -0.02 -0.02 -0.01 -0.01
04 -0.02 -0.02 -0.02 -0.02 -0.02 -0.02 -0.02
0.6 -0.02 -0.03 -0.03 -0.03 -0.03 -0.03 -0.03
5= (0,10)
-0.6 -0.33 -0.21 -0.09 0.02 0.13 0.22 0.26
-0.4 -0.38 -0.25 -0.12 0.01 0.15 0.28 0.35
-0.2 -0.37 -0.27 -0.14 -0.00 0.16 0.34 0.49
00 -0.28 -0.24 -0.15 -0.03 014 036 0.62
0.2 -014 -0.17 -0.14 -0.06 0.07 027 0.58
04 -0.04 -0.09 -0.10 -0.07r 0.01 014 037
0.6 002 -0.04 -0.07 -0.07 -0.03 0.05 0.19
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Table 6. Mean Estimates of 491 under Granger Causality, ag; = —0.30, T' = 50

a2 az2
-0.6 -0.4 -0.2 0.0 0.2 0.4 0.6
5= (5,5)

-0.6 -041 -0.50 -0.52 -0.43 -0.25 -0.12 -0.15
-04 -0.18 -0.29 -0.39 -0.49 -0.56 0.02 0.12
-0.2 -0.09 -017 -0.24 -0.33 -0.44 -0.66 -0.94
0.0 -0.07 -0.13 -0.20 -0.26 -0.34 -0.44 -0.59
0.2 -0.07 -013 -0.18 -0.24 -0.31 -0.39 -0.48
0.4 -0.08 -0.13 -0.19 -0.24 -0.30 -0.36 -0.43
0.6 -0.10 -0.15 -0.19 -0.24 -0.20 -0.34 -0.39
. 5 = (10, 10)
-06 -033 -039 -034 -0.26 -0.20 -0.17 -0.23
-0.4 0.08 -0.13 -0.29 -0.38 -0.31 0.01 0.08
-0.2 017 0.03 -0.11 -0.24 -0.41 -0.66 -0.85
0.0 0.15 0.04 -0.07 -0.18 -0.30 -0.43 -0.57
0.2 0.12 0.03 -0.07 -0.17 -0.27 -0.38 -0.50
0.4 0.09 0.01 -0.08 -0.17 -0.26 -0.36 -0.45
0.6 0.06 -0.02 -0.10 -0.18 -0.27 -0.35 -0.42
5= (10,0)
-0.6 -0.05 -0.03 0.00 0.03 0.03 -0.02 -0.10
-0.4 -0.08 -0.07 -0.05 -0.02 0.00 0.02 0.01
-0.2 -0.10 -0.10 -0.09 -0.08 -0.06 -0.05 -0.03
00 -0.13 -013 -0.12 -0.12 -0.11 -0.10 -0.09
02 -0.15 -0.16 -0.16 -0.16 -0.15 -0.15 -0.14
04 -019 -0.20 -020 -0.20 -0.20 -0.19 -0.18
0.6 -024 -024 -025 -0.24 -0.24 -0.23 -0.22
5 = (0, 10)
-0.6 -0.72 -0.56 -042 -0.28 -0.13 -0.01 -0.00
04 -0.72 -059 -046 -0.30 -0.12 0.08 0.22
-0.2 -0.57 -0.54 -047 -0.35 -0.19 0.04 0.32
0.0 -0.37 -042 -042 -0.38 -0.30 -0.16 0.05
02 -024 -0.32 -0.36 -0.38 -0.36 -0.32 -0.25
04 -0.18 -0.26 -0.32 -0.36 -0.38 -0.39 -0.38
06 -0.16 -0.24 -0.30 -0.34 -0.38 -0.40 -0.41

32



Table 7. Mean Estimates of 491 under Granger Causality, ag; = 0.30, T'= 50

a2 az2
-0.6 -0.4 -0.2 0.0 0.2 0.4 0.6
5 =(5,5)

-0.6 0.18 029 037 043 0.44 041 0.36
04 0.13 0.25 0.39 0.49 0.53 0.49 0.40
-0.2 013 0.20 037 0.59 0.72 0.66 0.47
0.0 0.18 0.18 0.28 0.56 1.07 1.13 0.58
0.2 0.24 0.20 0.21 0.31 0.76 3.52 0.55
0.4 0.28 0.23 0.20 0.18 0.15 -0.29 -3.83
0.6 0.30 0.26  0.22 0.16 0.06 -0.22 -0.95
5 = (10, 10)
-0.6 0.21 0.31 0.38 0.42 0.42 0.39 0.33
-04 0.18 0.30 041 0.48 0.50 0.47 0.38
-0.2 0.16 0.27 043 0.59 0.68 0.65 0.47
0.0 0.20 0.21 0.36 0.66 1.06 1.17  0.69
0.2 0.26 021 024 043 1.08 3.45 0.60
0.4 0.33 0.25 020 0.18 0.15 -0.73 -3.77
0.6 0.38 0.29 021 0.11 -0.10 -0.62 -1.29
5= (10,0)
-0.6 -0.39 045 0.40 031 0.26 0.24 0.23
-04 -0.16 -0.45 -040 0.05 0.15 0.17 0.19
-0.2 -0.04 -0.13 -0.27 -0.25 -0.08 0.04 0.11
0.0 0.02 -0.02 -0.08 -0.13 -0.11 -0.056 0.02
0.2 0.06 0.04 0.01 -0.02 -0.03 -0.03 -0.01
0.4 0.10 0.08 0.07 0.05 0.04 0.03 0.02
0.6 0.13 0.12 0.11 0.10 0.09 0.08 0.07
§ = (0,10)
-0.6 0.02 0.12 0.22 0.31 0.41 0.48 0.52
-0.4 -0.02 0.09 020 031 0.43 0.53 0.59
-0.2 -0.05 0.07 0.18 031 0.45 0.58 0.69
0.0 -0.04 0.05 0.16 0.30 0.45 0.63 0.80
0.2 0.01 0.06 0.15 027 044 064 0.90
0.4 0.10 0.09 0.15 0.25 0.39 0.60 0.89
0.6 0.19 0.14 0.15 0.22 0.34 0.53 0.80

Q 33



Table 8. Size of the F-Test, ag; = 0, T' = 50

a2 a22
06 -04 -0.2 0.0 0.2 0.4 0.6
5=(5,5)
-0.6 0.11 0.05 0.02 0.02 0.03 0.06 0.06
-0.4 0.10 0.09 0.05 0.02 004 0.09 0.07
-0.2 0.05 0.07 0.07 0.05 0.05 013 0.09
00 0.05 004 0.06 0.06 0.06 005 0.04
02 007 0.04 003 005 010 0.15 045
04 014 006 0.03 005 012 021 048
06 021 0.08 0.03 006 0.13 0.28 0.55
§ = (10, 10)
-0.6 0.03 0.01 0.00 0.00 0.01r 0.01 0.01
-0.4 0.06 0.04 0.02 0.01 0.01 0.02 0.02
-0.2 0.05 005 0.05 0.04 003 0.04 0.04
00 011 0.04 0.05 0.06 0.06 0.04 0.06
02 031 011 0.04 005 0.08 0.20 0.60
04 065 028 0.06 005 0.15 047 0.83
06 090 054 014 005 026 072 097
§ = (10,0)
-0.6 0.02 0.04 0.03 003 0.03 0.03 004
-04 0.04 0.03 0.04 004 0.04 0.04 0.04
-0.2 0.05 0.05 0.04 0.04 0.04 0.05 005
00 0.05 0.05 005 004 004 0.04 0.05
02 0.05 0.05 005 004 004 0.04 0.05
04 0.05 0.04 0.05 004 0.04 0.04 0.03
06 004 004 004 004 004 0.04 0.03
5= (0,10)
-06 042 016 005 0.03 0.07 020 031
-04 0.40 0.17 0.06 0.03 0.07 0.22 0.38
-0.2 032 0.17 0.07 0.03 0.08 023 048
0.0 0.20 0.15 0.08 003 0.06 021 0.53
02 011 0.11 0.07 0.04 0.04 0.12 044
04 0.04 007 006 004 0.02 0.06 024
06 0.04 004 0.06 005 0.03 003 0.10
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Table 9. Power of the F-Test, as; = —0.30, T = 50

a12 az2
-06 -04 -02 00 02 04 06
6=(5,5)

-06 025 029 025 015 0.06 004 024
-04 0.09 015 020 019 011 0.02 0.06
-02 0.04 010 015 019 021 0.21 0.21
00 004 010 020 030 042 052 0.63
02 006 015 031 050 068 0.82 092
04 011 026 050 072 090 097 0.99
06 019 042 068 090 097 099 1.00

5 = (10, 10)

-0.6 0.09 009 0.05 0.03 001 001 0.32
-04 0.05 0.06 0.08 0.07 004 001 0.03
-0.2 011 003 0.05 0.09 013 0.16 0.26
00 017 004 004 013 035 066 091
02 023 003 007 035 077 098 1.00
04 023 003 020 071 098 100 1.00
06 014 006 046 095 100 1.00 1.00

5 = (10,0)

-06 006 004 0.04 0.04 005 004 025
-04 013 009 007 0.06 005 006 0.05
-0.2 021 019 0.17 014 010 0.08 0.06
00 027 027 026 024 023 020 0.17
02 030 033 034 036 035 034 031
04 034 040 043 046 047 048 048
06 042 047 054 0.58 0.61 0.64 0.70

5 = (0,10)

-06 088 070 044 0.18 0.06 0.03 0.06
-04 074 060 038 017 005 0.04 011
-0.2 051 047 035 018 006 0.03 0.12
00 029 035 033 024 0.12 003 001
02 018 029 034 034 026 015 0.05
04 014 028 040 046 049 046 0.36
06 015 033 049 062 072 078 0.79
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Table 10. Power of the F-Test, as; = 0.30, T = 50

ai12 az2
-06 -04 -02 00 02 04 06
6= (5,5)

-0.6 0.05 013 027 044 0.56 0.61 0.63
-04 005 008 018 034 048 0.54 0.51
-0.2 0.07 008 013 027 044 051 041
00 011 0.09 010 019 042 052 0.29
02 025 015 0.09 011 020 0.65 0.08
04 050 030 017 0.10 0.06 0.06 0.86
06 078 056 032 014 006 0.09 0.60

5 = (10, 10)

-06 0.01 0.06 017 031 041 042 037
-04 002 005 011 021 030 033 024
-0.2 0.05 007 011 019 028 032 021
00 0.07 007 010 018 034 043 0.20
02 016 010 009 012 026 0.66 0.06
04 046 020 011 0.07 0.06 0.08 0.96
06 089 059 026 007 006 039 097

5= (10,0)

-0.6 0.04 0.02 0.06 012 022 039 0.58
-04 0.04 011 0.07 001 0.04 013 0.29
-0.2 0.03 0.08 013 010 0.04 0.03 0.09
00 005 004 007 010 0.10 0.05 0.04
02 011 006 004 004 0.06 006 0.04
04 025 019 013 009 0.07 0.06 0.06
06 042 037 032 026 019 014 0.11

5 = (0, 10)

-0.6 0.02 0.08 028 058 0.82 094 098
-04 0.03 0.04 018 043 073 0.89 096
-02 004 0.04 012 032 061 086 094
00 005 0.04 010 024 053 081 094
02 006 006 009 021 045 075 094
04 0.8 0.07 010 017 040 071 0.93
06 018 011 0.12 019 037 068 092
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Table 11. Mean Estimates of G21, a1 = 0, T = 100

a2 a22
-0.6 -0.4 -0.2 0.0 0.2 0.4 0.6
5= (5,5)
-0.6 -027 -0.22 -0.11 0.02 010 0.09 0.04
-04 -0.15 -0.19 -0.16 -0.02 0.17 0.18 0.07
-0.2 -003 -008 -0.11 -0.09 019 054 0.12
0.0 0.03 -0.01 -0.04 -0.07 -0.09 -0.08 -0.16
0.2 0.05 0.02 -0.01 -0.04 -0.09 -0.20 -0.82
0.4 0.06 0.03 0.00 -0.03 -0.07 -0.14 -0.30
0.6 0.06 0.03 001 -0.02 -0.06 -0.11 -0.18
= (10, 10)
-0.6 -0.28 -0.18 -0.06 0.03 0.07 0.07 0.02
-04 -0.22 -0.23 -014 0.01 0.14 0.16 0.06
-0.2 0.00 -0.10 -0.13 -0.05 025 050 0.16
0.0 0.13 0.04 -0.03 -0.08 -0.08 0.16 -0.71
0.2 0.18 0.10 0.03 -0.04 -0.14 -0.36 -0.99
0.4 0.19 0.12 005 -0.02 -0.12 -0.26 -0.48
0.6 0.18 0.12 0.06 -0.01 -0.10 -0.20 -0.32
§ = (10,0)
-0.6 -003 -0.03 000 0.04 004 0.03 0.02
-0.4 -0.03 -0.02 -0.02 -0.00 0.02 0.03 0.03
-0.2 -0.02 -0.02 -0.02 -0.01 -0.00 0.01 0.02
0.0 -0.02 -0.02 -0.01 -0.01 -0.01 -0.00 -0.01
02 -001 -0.01 -0.01 -0.01 -0.01 -0.01 -0.00
04 -0.01 -0.01 -0.01 -0.01 -0.01 -0.010 -0.01
0.6 -001 -0.01 -0.01 -0.01 -0.01 -0.010 -0.01
= (0, 10)
-0.6 -035 -0.23 -0.11 0.00 0.11 0.19 0.20
-04 -036 -0.25 -0.14 -0.00 0.14 0.26 0.29
-0.2 -031 -0.24 -0.15 -0.02 0.15 0.33 0.44
0.0 -020 -0.19 -0.13 -0.03 0.12 035 0.61
02 -0.09 -0.12 -0.10 -0.04 0.07 026 0.59
04 -0.02 -0.06 -0.07 -0.04 0.02 015 0.38
0.6 0.03 -0.02 -0.04 -0.04 -0.00 0.07 021
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Table 12. Mean Estimates of Go1 under Granger Causality, ag; = —0.30,7 = 100

a2 - a2z
06 -04 -02 00 02 04 06
6 =(5,5)

06 -0.39 -046 -0.50 -0.48 -0.32 -0.19 -0.22
-04 -0.24 -0.30 -036 -0.42 -049 -0.08 -0.11
-0.2 -0.18 -0.23 -0.27 -0.31 -0.37 -0.50 -0.87
0.0 -0.16 -0.20 -0.24 -0.28 -0.32 -0.39 -0.51
0.2 -0.16 -0.19 -0.23 -0.27 -031 -0.35 -0.42
04 -0.16 -0.20 -0.23 -0.26 -0.30 -0.34 -0.38
0.6 -0.17 -0.20 -0.23 -0.26 -0.30 -0.33 -0.36
5 = (10, 10)
-06 -0.39 -047 -046 -0.38 -0.28 -0.23 -0.26
-04 -0.04 -0.19 -0.31 -041 -0.42 -0.11 -0.11
-0.2 0.06 -005 -0.15 -0.24 -0.34 -0.52 -0.79
0.0 006 -0.03 -0.11 -0.19 -0.29 -0.40 -0.54
02 004 -0.04 -011 -0.19 -027 -0.37 -047
04 001 -0.05 -012 -0.19 -0.27 -035 -0.43
0.6 -001 -0.07 -0.14 -0.20 -0.27 -0.34 -0.40
5 = (10,0)
-0.6 -0.10 -0.07r -0.03 0.02 003 -0.05 -0.15
-04 -0.13 -0.11 -0.08 -0.056 -0.01 0.03 -0.02
-02 -0.15 -0.14 -0.13 -0.11 -0.08 -0.05 -0.03
0.0 -0.17 -0.16 -0.16 -0.15 -0.13 -0.12 -0.10
02 -0.19 -0.19 -0.19 -0.18 -0.17 -0.16 -0.15
04 -022 -022 -021 -0.21 -0.21 -0.20 -0.19
06 -0.25 -0.25 -0.24 -0.24 -0.23 -0.23 -0.22
5= (0,10)
-06 -0.68 -0.56 -044 -0.30 -0.16 -0.04 -0.11
04 -062 -055 -045 -0.32 -0.15 0.06 0.15
-0.2 -048 -047 -043 -0.34 -0.20 0.02 0.32
0.0 -034 -037 -038 -0.35 -0.28 -0.15 0.08
02 -025 -0.31 -034 -0.34 -0.33 -0.28 -0.19
04 -021 -0.27 -031 -0.33 -034 -034 -031
06 -0.19 -0.25 -029 -0.32 -035 -0.36 -0.35
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Table 13. Mean Estimates of 421 under Granger Causality, ag; = 0.30, T = 100

ai2 ag2
-0.6 -04 -0.2 0.0 0.2 04 0.6
5=05,5)
-0.6 0.15 026 035 041 0.42 0.39 0.34
04 013 022 036 048 050 045 036
-0.2 017 0.20 0.3¢4 0.57 0.69 0.57 0.39
0.0 0.23 0.22 0.28 0.52 1.06 094 044
02 027 025 025 032 065 3.55 0.36
04 0.29 0.26 0.25 0.25 0.24 004 -3.93
0.6 0.30 0.27 0.25 0.23 0.18 0.02 -0.62
& = (10, 10)
-0.6 017 027 035 0.41 0.42 0.40 0.34
-04 0.13 0.25 0.37 047 0.50 0.47 0.38
-0.2 014 021 037 056 069 065 045
0.0 0.21 0.21 0.33 0.60 1.04 1.16  0.58
0.2 0.28 0.24 0.27 0.43 1.00 3.50 0.31
04 033 027 025 0.25 0.26 -0.25 -3.91
06 035 030 025 0.18 0.05 -0.35 -1.17
5= (10,0)
06 -0.26 0.12 0.32 0.28 0.26 0.25 0.25
-0.4 -006 -0.34 -044 0.02 0.15 0.19 0.21
-0.2 004 -0.06 -0.02 -0.25 -0.07 0.07 0.14
00 009 004 -0.03 -0.10 -0.11 -0.04 0.05
02 013 010 0.06 0.02 -0.02 -0.03 0.00
04 016 014 0.12 0.09 0.06 0.04 0.03
06 019 0.17 0.16 014 0.12 010 0.08
5= (0,10)
-0.6 -0.00 0.10 0.20 0.30 0.39 0.46 0.48
-04 -0.03 0.07 019 0.30 0.41 0.50 0.54
-0.2 -0.04 0.06 0.17  0.30 0.43 0.56 0.63
0.0 -0.00 0.06 0.16 0.29 0.44 0.62 0.76
0.2 0.07 0.10 0.16 0.27 043 3.64 0.89
04 0.16 0.14 0.18 0.26 0.40 0.62 0.93
06 023 019 020 0.26 037 055 0.85
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Table 14. Size of the F-Test, ag; = 0, T = 100
ais a2
-0.6 -04 -0.2 0.0 0.2 0.4 0.6
6= (5,5)
-0.6 0.21 013 0.04 0.01 0.06 0.09 0.06
-04 0.12 013 0.07 0.02 0.06 0.12 0.07
-0.2 0.06 0.07 008 005 0.06 019 0.07
00 0.06 0.05 006 006 006 004 0.05
02 010 0.07 0.06 0.06 007 012 045
04 0.12 0.08 0.05 006 009 017 0.39
06 0.15 0.08 0.05 0.06 010 0.21 0.40
§ = (10,10)
-0.6 0.16 0.05 0.01 0.00 0.02 0.03 0.03
-04 0.13 010 0.03 0.01 0.03 0.07r 0.05
-0.2 0.06 007 006 0.04 005 0.17 0.08
00 0.17 0.07 0.05 0.06 006 0.05 0.14
02 040 015 0.05 0.06 0.12 0.29 0385
04 072 031 009 006 020 052 092
06 090 055 014 0.06 028 071 0797
5 = (10.0)
-0.6 0.04 004 003 0.03 003 004 004
-04 0.05 0.05 005 004 0.04 005 005
-0.2 0.06 0.06 006 0.06 005 0.05 005
00 0.06 0.06 006 006 006 0.05 0.05
02 0.05 0.05 005 005 005 005 0.05
04 0.05 004 004 005 005 0.04 0.05
06 005 005 004 004 003 004 0.04
6 =(0,10)
-0.6 0.84 045 0.11 0.02 014 041 0.50
-04 074 043 0.12 0.02 014 0.47 0.63
-0.2 055 035 014 0.03 0.12 0.50 0.78
00 029 024 012 0.04 010 045 090
02 0.12 013 0.10 0.05 0.06 0.27" 085
04 0.06 0.08 0.08 0.05 0.06 015 0.56
06 007 0.05 0.06 005 005 008 0.30
40



Table 15. Power of the F-Test, ag; = —0.30, 7" = 100

a2 a22
-0.6 -04 -0.2 0.0 0.2 0.4 0.6
5=(5,5)
-0.6 051 056 053 036 0.15 0.19 0.66
-04 030 039 041 035 0.19 0.02 0.13
-0.2 0.28 038 043 0.44 0.38 0.29 0.22
00 033 048 059 066 070 070 0.71
02 047 065 079 0.88 092 094 096
04 064 083 094 097 099 100 1.00
06 0.82 095 098 0.99 1.00 1.00 1.00
5 = (10, 10)
-0.6 034 046 041 026 014 0.24 0.79
-0.4 0.06 013 0.22 023 0.11 0.01 0.12
-0.2 0.05 0.04 011 0.20 0.26 0.28 0.39
00 006 0.03 014 036 0.63 0.86 0.98
02 004 005 028 071 096 100 1.00
04 003 0.12 058 095 100 1.00 1.00
06 004 033 08 100 1.00 1.00 1.00
5 = (10,0)
-0.6 0.14 0.08 0.06 0.05 0.05 0.07 0.64
-04 0.28 021 0.13 0.08 0.06 0.06 0.06
-0.2 0.48 041 033 023 0.15 0.09 0.07
00 064 060 055 048 041 031 020
02 07 073 071 069 066 059 051
04 082 083 083 082 082 0281 0.78
06 088 090 092 093 093 094 0.94
5= (0,10)
-0.6 1.00 097 087 050 0.14 0.03 0.25
-04 095 092 079 045 0.09 0.03 0.12
-0.2 0.82 0.81 074 049 0.15 0.03 029
00 064 073 072 062 036 007 0.03
02 055 070 076 075 067 042 0.12
04 054 075 084 088 089 0.84 0.70
06 059 083 091 096 098 098 0.98
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Table 16. Power of the F-Test, ag; = 0.30, T'= 100

a2 asz
-06 -04 -0.2 0.0 0.2 0.4 0.6
5=05,5)

-06 008 024 051 071 084 0.89 0.90
-04 008 014 033 059 075 0.80 0.82
-02 014 014 021 047 068 0.71 0.65
00 032 022 021 032 065 067 044
02 060 041 029 026 030 085 0.10
04 086 067 048 030 0.16 0.05 0.96
06 098 09 073 049 020 0.05 045

§ = (10, 10)

-06 0.05 023 052 070 082 0.86 0.82
-04 004 012 034 059 073 0.77 0.68
-02 0.08 011 0.22 048 071 073 057
00 019 014 019 040 076 0.83 043
02 045 027 023 029 055 097 0.07
04 08 055 034 023 015 0.07 1.00
06 1.00 092 064 028 0.06 033 1.00

5 = (10,0)

-06 005 002 010 0.27 049 073 0.89
-04 0.05 013 013 003 011 033 0.65
-02 005 006 014 0.15 0.06 0.06 0.26
00 016 0.07 0.06 010 0.12 0.06 0.07
02 041 022 0.09 006 0.06 0.07 0.05
04 068 053 035 020 011 0.07 0.06
06 084 079 071 056 040 026 0.15

5 = (0, 10)

-0.6 002 0.13 053 087 09 1.00 1.00
-04 004 006 034 075 09 099 1.00
-0.2 004 005 023 062 092 099 1.00
00 005 0.06 019 051 089 099 1.00
02 010 011 020 046 0.83 0.98 1.00
04 030 023 029 048 080 0.98 1.00
06 056 041 041 057 081 0.98 1.00
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Table 17. Mean Estimates of G371 when ag; = 0, T' = 500

a1 a2
-0.6 -04 -0.2 0.0 0.2 0.4 0.6
§ = (10,10)
-0.6 -0.22 -0.20 -0.11 o0.01 0.07 0.06 0.01
-04 -0.09 -0.13 -0.12 -0.00 0.15 0.12 0.03
-0.2 0.00 -0.03 -0.04 -0.02 0.24 0.44 0.04
0.0 0.05 0.02 -0.00 -0.01 -0.00 0.12 -0.29
0.2 0.06 0.03 0.01 -0.01 -0.04 -0.11 -0.67
04 0.06 0.04 002 -0.01 -0.04 -0.09 -0.22
0.6 0.06 0.04 0.02 -0.00 -0.03 -0.07 -0.14
§ = (10,0)
-0.6 -0.01 -0.02 -0.01 0.01 0.01 0.01 0.00
-04 -001 -0.01 -0.01 -0.01 O0.01 0.01 0.01
-0.2 -0.01 -0.01 -0.01 -0.01 -0.01 0.00 0.01
00 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 0.00
02 -0.00 -0.01 -0.01 -0.01 -0.01 -0.01 -0.00
04 -0.00 -0.00 -0.00 -0.00 -0.00 -0.00 -0.00
06 -0.00 -0.00 -0.00 -0.00 -0.00 -0.00 -0.00
5= (0, 10)
-0.6 -0.27 -0.21 -0.12 0.00 0.10 0.11 0.07
-04 -0.20 -0.17 -0.11 -0.00 0.14 0.19 0.13
-0.2 -0.12 -0.12 -0.08 -0.01 0.15 0.32 0.25
0.0 -0.06 -0.07 -0.05 -0.01 0.10 0.34 0.56
0.2 -0.02 -0.03 -0.03 -0.01 0.05 0.18 0.55
04 -000 -0.01 -0.02 -0.01 0.02 0.08 0.23
0.6 0.01 -0.00 -0.01 -0.01 -0.01 0.14 0.10
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Table 18. Mean Estimates of @91 under Granger Causality, ao; = —0.30, T' = 500

ai2 a2
-0.6 -04 -0.2 0.0 0.2 0.4 0.6
§ = (10,10
-0.6 -0.34 -039 -043 -0.44 -034 -0.27 -0.30
-04 -0.22 -0.26 -030 -0.33 -035 0.13 -0.27
-0.2 -0.18 -0.21 -0.24 -0.27 -0.30 -0.36 -0.82
0.0 -0.17 -0.20 -0.23 -0.26 -0.29 -0.33 -0.43
0.2 -0.17 -0.20 -0.23 -0.26 -0.29 -0.33 -0.38
04 -0.18 -0.20 -0.23 -0.26 -0.29 -0.32 -0.36
06 -0.19 -0.21 -0.24 -0.26 -0.29 -0.32 -0.34
5= (10,0)
-0.6 -0.22 -0.20 -0.16 -0.07 0.02 -0.16 -0.26
-04 -024 -022 -0.20 -0.17 -0.09 0.02 -0.16
-0.2 -0.25 -0.24 -0.23 -0.21 -0.18 -0.12 -0.03
0.0 -026 -025 -025 -0.24 -0.22 -0.20 -0.15
0.2 -027 -0.26 -0.26 -0.25 -0.24 -0.23 -0.21
04 -027 -027 -027 -0.26 -0.26 -0.25 -0.25
0.6 -0.28 -0.28 -0.28 -0.27 -0.27 -0.27 -0.26
5 = (0,10)
-0.6 -048 -0.45 -040 -0.30 -0.16 -0.11 -0.27
-04 -040 -039 -037 -0.31 -0.17 0.06 -0.06
-0.2 -0.34 -035 -0.34 -0.31 -024 -0.06 0.35
0.0 -031 -0.32 -0.32 -0.31 -0.28 -0.22 -0.03
02 -028 -0.30 -0.31 -0.31 -0.30 -0.28 -0.23
04 -027 -0.29 -0.30 -0.31 -0.31 -0.30 -0.29
06 -0.26 -0.28 -0.29 -0.30 -0.31 -0.31 -0.31
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Table 19. Mean Estimates of dg1 under Granger Causality, ag; = 0.30, T' = 500

a2 a22
-0.6 -0.4 -0.2 0.0 0.2 0.4 0.6
5= (10, 10)
-0.6 0.15 0.25 0.35 0.40 0.40 037 0.33
-04 0.16 0.24 0.37 0.47 0.48 0.41 0.34
-0.2  0.22 0.25 037 0.58 0.66 0.51 0.36
0.0 0.27 0.27 0.33 0.55 1.09 0.84 0.38
0.2 0.30 0.29 0.30 0.37 0.68 3.64 0.26
04 0.31 0.30 0.29 0.29 0.31 0.19 -4.01
0.6 0.32 0.30 0.29 0.27 0.24 0.12 -0.48
§ = (10,0)
-06 009 -0.28 0.24 0.27 0.27 0.28 0.28
-04 017 -0.01 -0.51 0.089 0.22 0.25 0.27
-0.2 021 0.15 -0.03 -0.28 0.04 0.19 0.24
0.0 0.23 0.20 0.14 -0.00 -0.13 0.04 0.18
0.2 0.25 0.23 0.20 0.14 0.04 -0.03 0.06
04 0.26 0.25 0.23 0.20 0.15 0.08 0.03
0.6 0.27 0.26 0.24 0.23 0.20 0.16 0.11
5= (0,10)
-0.6 -0.00 0.09 0.21 0.30 0.36 0.38 0.36
-0.4 0.02 0.08 0.18 0.30 0.39 041 0.39
-0.2  0.09 0.11 0.18 0.30 0.43 048 0.45
0.0 0.16 0.16 0.20 0.30 0.45 0.58 0.56
0.2 0.22 0.21 0.23 0.29 0.43 0.66 0.78
0.4 0.26 0.25 0.25 0.29 0.38 0.59 0.96
0.6 0.28 0.27 0.27 0.29 0.35 0.47 0.76

C 4



Table 20: Size of the F-Test when ag; = 0 and T = 500

a2 a22
-06 -04 -0.2 0.0 0.2 0.4 0.6
5 = (50, 50)
-0.6 0.62 0.04 0.00 0.00 0.00 0.00 018
-04 0.28 0.10 0.01 0.00 0.00 0.00 0.06
-0.2 0.05 0.06 005 001 0.02 004 0.01
0.0 080 016 0.04 0.04 0.04 0.18 0.79
0.2 100 0385 020 0.03 021 0.8 1.00
04 100 100 075 0.03 079 1.00 1.00
06 1.00 1.00 1.00 0.03 100 1.00 1.00
& = (50,0)
-06 0.01 0.01 0.01 0.00 0.00 0.01 o0.01
-04 0.02 0.02 002 0.02 001 0.01 0.02
-0.2 0.03 0.03 0.02 0.02 003 004 0.04
00 005 005 0.04 004 004 005 0.05
02 0.04 0.03 003 0.03 003 003 0.03
04 0.02 0.02 0.02 0.02 002 0.01 001
06 003 003 003 002 001 001 0.01
& = (0,50)
-06 1.00 091 0.29 0.02 028 0.82 097
-04 1.00 0.89 0.32 0.02 033 091 1.00
-0.2 099 0.82 033 0.03 035 094 1.00
00 0.82 062 026 004 033 095 1.00
02 020 028 0.15 003 0.19 0.89 1.00
04 0.04 0.06 0.07 0.02 0.09 0.67 1.00
06 020 0.02 004 0.02 004 034 097
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Table 21. Power of the F-Test, az; = —0.30, T" = 500

a2 a22
-06 -04 -02 00 02 04 06
5= (50, 50)
-06 083 095 095 097 100 100 1.00
-04 035 0.04 022 031 017 0.08 0.86
-0.2 099 033 002 014 039 074 1.00
00 100 0.77 0.01 058 100 1.00 1.00
02 100 09 004 100 100 100 1.00
04 1.00 098 054 100 1.00 100 1.00
06 100 068 100 100 1.00 1.00 1.00
6 = (50,0)
-0.6 0.03 0.10 016 011 0.02 0.88 1.00
-04 0.19 0.10 0.04 0.07 014 0.18 0.06
-0.2 080 0.77 0.70 062 052 040 0.33
00 093 096 097 098 098 098 0096
02 092 097 098 100 100 100 1.00
04 091 097 099 100 100 100 1.00
06 096 099 1.00 100 1.00 100 100
5 =(0,50)
-0.6 1.00 1.00 1.00 096 063 027 098
-04 1.00 1.00 1.00 0.83 0.23 0.05 029
-0.2 1.00 1.00 0.98 0.78 023 0.04 0.69
00 083 096 096 091 066 016 0.01
02 041 089 098 099 099 099 0096
04 033 093 1.00 1.00 1.00 100 1.00
06 049 099 1.00 1.00 1.00 100 1.00
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Table 22. Power of the F-Test, ag1 = 0.30, 7" = 500

a12 a22

-06 -04 -02 00 02 04 06

5= (50,50)

-06 033 099 100 100 100 1.00 1.00
-04 003 051 096 100 1.00 100 0.99
-0.2 006 020 063 094 099 0.99 084
00 036 025 047 085 099 1.00 0.67
02 085 047 049 079 100 1.00 0.04
04 100 094 069 055 048 023 1.00
06 1.00 1.00 1.00 044 023 1.00 1.00

§ = (50,0)

-0.6 0.18 0.55 098 1.00 1.00 1.00 1.00
-04 025 074 031 002 037 091 1.00
-0.2 0.04 041 0.89 087 029 0.01 0.22
00 0.04 012 065 090 090 059 0.09
02 053 011 005 017 029 0.28 0.14
04 099 096 093 0.82 065 043 029
06 1.00 1.00 1.00 1.00 1.00 100 1.00

5 = (0, 50)

-0.6 001 064 1.00 1.00 1.00 1.00 1.00
-04 002 028 094 1.00 100 1.00 1.00
-02 007 012 075 1.00 1.00 100 1.00
0.0 0.08 0.08 057 097 100 100 100
02 0.04 011 050 095 100 1.00 100
04 028 030 062 09 1.00 1.00 1.00
06 088 066 0.82 098 100 100 1.00

i: 48



3
/

Table 23. Power of the F-Test, ae; = —0.30, T = 500

aig az2
-06 -04 -02 00 02 04 06
6 =(5,5)

-0.6 1.00 099 095 074 037 0.79 1.00
-04 1.00 100 099 0.93 054 0.04 0.85
-0.2 1.00 1.00 100 1.00 0.97 0.69 0.28
00 1.00 1.00 1.00 1.00 1.00 1.00 0.93
0.2 100 100 100 1.00 100 1.00 1.00
04 1.00 100 1.00 1.00 100 1.00 1.00
0.6 100 100 1.00 1.00 100 1.00 1.00
§ = (10,10)
-06 099 1.00 099 095 0.81 0.92 1.00
-04 094 097 09 090 057 004 0381
-0.2 096 099 100 0.99 094 0.74 0.69
00 100 1.00 1.00 1.00 1.00 1.00 1.00
0.2 100 100 1.00 1.00 100 1.00 1.00
04 100 100 100 1.00 100 1.00 1.00
06 1.00 1.00 1.00 100 1.00 1.00 1.00
5= (10,0
-0.6 0.98 085 046 0.08 0.04 055 1.00
-04 1.00 1.00 095 0.67 014 0.05 0.65
-0.2 1.00 100 099 0.85 030 0.06 1.00
00 100 1.00 1.00 1.00 1.00 0.97 0.66
02 1.00 1.00 1.00 1.00 100 1.00 1.00
04 100 100 1.00 1.00 1.00 1.00 1.00
0.6 1.00 100 1.00 1.00 100 1.00 1.00
5= (0,10)
-0.6 1.00 1.00 1.00 0.96 043 033 1.00
-04 1.00 100 100 098 045 0.07 0.15
-0.2 1.00 100 100 1.00 0.89 0.07 0.77
00 100 100 1.00 1.00 100 0.87 0.04
0.2 1.00 100 1.00 1.00 100 1.00 0.96
04 100 100 100 1.00 1.00 1.00 1.00
06 100 1.00 1.00 1.00 1.00 1.00 1l.00




Table 24. Power of the F-Test, ag; = 0.30, T' = 500

a2 a2
06 -04 -02 00 02 04 06
6 =(5,5)

-0.6 027 049 0.89 099 100 1.00 1.00
-04 056 043 064 092 098 100 1.00
-02 092 073 058 079 092 097 1.00
00 100 096 082 0.66 088 0.82 092
02 100 1.00 098 0.84 060 095 0.36
04 100 100 1.00 099 081 025 098
06 100 100 1.00 1.00 099 0.72 0.0

§ = (10, 10)

-06 038 084 100 1.00 1.00 1.00 1.00
-04 039 064 095 100 1.00 100 1.00
-02 077 071 087 099 1.00 100 1.00
00 099 093 089 097 100 1.00 0.94
02 100 100 097 092 094 100 0.24
04 100 1.00 1.00 0.98 0.80 0.14 1.00
06 1.00 1.00 1.00 1.00 093 0.20 0.89

5 = (10,0)

-06 0.05 0.07 024 082 099 100 1.00
-04 031 004 032 0.09 068 098 1.00
-02 083 031 0.05 027 007 0.63 0.98
00 099 087 035 005 014 0.08 0.67
0.2 100 100 090 045 006 0.06 0.11
04 100 1.00 100 095 062 0.14 0.06
06 1.00 1.00 100 100 0.99 0.80 0.35

5= (0,10)

-0.6 0.04 032 092 1.00 1.00 1.00 1.00
-04 006 022 076 1.00 1.00 1.00 1.00
-0.2 028 036 068 098 1.00 1.00 1.00
00 083 076 082 096 100 100 1.00
0.2 1.00 097 097 098 100 1.00 1.00
04 1.00 100 1.00 100 1.00 100 1.00
06 100 100 1.00 1.00 100 1.00 1.00
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Table 25. Size of the F-Test, ag; = 0, T" = 500

a2 a2
-06 -04 -0.2 0.0 0.2 0.4 0.6
5=5,5)
-0.6 0.19 020 0.10 0.04 0.08 0.08 0.06
-0.4 0.07 008 0.07 004 0.10 0.10 0.06
-0.2 0.04 0.04 005 0.05 0.08 0.15 0.06
00 005 004 004 0.05 0.06 0.05 0.07
0.2 0.06 003 0.04 0.05 0.07v 008 0.24
04 007 004 0.04 0.05 0.07 009 0.6
06 0.0 004 0.03 0.05 0.07 010 0.15
5 = (10, 10)
-0.6 0.68 051 0.16 0.02 011 0.14 0.06
-04 0.18 0.23 0.14 0.03 0.18 0.24 0.07
-0.2 0.04 005 0.07 004 019 0.51 0.08
00 013 0.05 0.04 0.05 0.05 007 0.17
02 030 011 0.04 0.04 0.09 019 091
04 048 0.18 005 0.056 0.12 030 0.8
06 058 026 0.07 005 015 041 0.80
5=(10,0)
-0.6 0.04 0.03 0.04 0.04 0.06 0.06 0.06
-04 0.04 004 004 004 0.05 0.06 0.06
-0.2 0.04 004 0.04 005 0.04 0.06 0.06
00 004 004 004 004 0.05 004 0.06
02 004 004 004 004 0.05 004 0.04
04 004 004 004 0.04 0.04 0.04 0.04
0.6 004 004 0.04 0.04 0.03 004 0.03
5= (0,10)
-0.6 0.98 085 035 0.03 029 0.57 045
-04 085 071 031 003 038 075 0.64
-0.2 054 043 020 0.04 034 091 091
00 021 021 013 005 0.21 089 1.00
0.2 007 0.10 0.09 0.05 0.12 058 1.00
04 005 0.05 006 005 007 028 0381
06 0.05 004 005 005 005 0.14 0.46
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Table 26. Size of the F-Test, ag1 = 0, Multiple outliers
(61: 62) = (Oa 10): (01 5)a (07 5)7 (07 5)

a2 a2
-06 -04 -02 00 0.2 0.4 0.6

T =50
-0.6 0.18 0.05 0.03 0.06 016 030 041
-0.4 020 0.08 004 0.06 014 032 047
-0.2 0.18 010 0.05 0.05 0.12 0.30 0.55
00 014 0.10 0.07 0.04 007 0.22 0.53
02 009 009 007 004 003 011 037
04 0.04 0.07r 006 0.04 0.02 003 0.16
06 003 0.05 0.07 0.06 003 001 0.04

T =100
-0.6 0.73 030 0.06 0.03 0.17 047 0.60
-04 0.67 030 0.07 0.03 017 054 0.73
-0.2 052 028 009 003 016 0.56 0.86
00 028 021 010 004 011 0.51 0091
02 012 014 010 0.04 007 032 0.86
04 005 0.09 009 005 0.03 015 0.63
06 0.05 0.05 0.07 005 003 007 034

T =200
-0.6 098 0.73 0.18 0.02 029 070 0.75
-0.4 093 068 019 0.03 0.29 0.80 0.89
-0.2 0.75 054 0.18 0.03 027 088 0.99
00 040 034 0.16 0.03 020 0.85 1.00
02 014 017 0.12 004 011 0.64 1.00
04 005 0.09 009 005 006 036 0.93
06 0.06 0.05 0.07 005 0.04 017 0.65
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Table 27. Power of the F-Test, ag; = —0.30, Multiple outliers
(617 62) = (Oa 10)7 (07 5)’ (Oa 5)a (07 5)

a2 a22
-06 -04 -02 00 02 04 06
T=530

-06 068 037 018 007 0.04 0.06 0.05
-04 057 038 020 009 004 007 0.14
-0.2 044 037 025 013 0.06 0.03 0.10
00 028 034 032 024 013 0.04 0.01
02 020 032 036 038 032 021 0.09
04 018 033 044 053 057 057 0.52
06 020 039 057 071 0.81 087 092
T =100
-06 099 094 073 030 0.06 0.02 015
-04 094 0.88 067 029 006 0.06 0.19
-0.2 081 077 062 036 009 003 0.27
00 055 065 063 051 027 0.04 0.02
02 041 059 067 067 059 036 0.11
04 038 063 078 084 08 084 0.75
06 045 073 088 095 098 099 0.99
T =200
-0.6 1.00 100 098 079 020 002 0.3
-04 1.00 100 096 0.72 013 006 0.18
-0.2 098 098 094 078 027 0.03 0.60
00 093 096 095 090 064 013 004
02 089 097 098 098 094 076 0.25
04 091 098 099 1.00 100 100 0096
06 096 099 1.00 1.00 100 100 1.00
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Table 28. Power of the F-Test, ag; = 0.30, Multiple outliers
(617 62) = (O’ 10)7 (O: 5): (07 5)7 (07 5)

O

a2 a2
-06 -04 -0.2 0.0 0.2 0.4 0.6

T =250
-0.6 005 0.18 042 070 0.88 0.94 0.98
-04 004 012 031 0.56 080 091 0.96
-0.2 0.04 0.09 022 044 070 0.87 095
00 004 008 016 033 059 081 094
02 005 007 011 0.25 047 075 0.93
04 006 005 0.09 0.18 038 068 091
06 009 006 007 014 032 064 0.92

T =100
-0.6 0.02 020 0.62 092 0.99 1.00 1.00
-04 0.02 010 043 081 097 100 1.00
-0.2 0.03 007 030 071 094 1.00 1.00
00 0.04 007 024 0.58 090 1.00 1.00
0.2 007 009 022 052 08 099 1.00
04 019 0.17 026 0.50 0.83 0.98 1.00
06 044 030 034 0.52 0.82 098 1.00

T =200
-06 0.02 0.28 0.87 1.00 1.00 1.00 1.00
-04 0.03 014 070 098 1.00 1.00 1.00
-0.2 0.04 010 0.52 095 1.00 1.00 1.00
00 0.06 014 047 090 1.00 1.00 1.00
02 025 029 053 087 1.00 1.00 1.00
04 066 056 068 0.89 099 1.00 1.00
06 093 082 0.83 093 100 1.00 1.00
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Table 29. P-values for Granger-Causality F-Test; Peru series before and after

adjustments for outliers™

X Y
Inflation  Liquidity
Before
Inflation 0.028
Liquidity ~ 0.710
After
Inflation 0.000

Liqudity 0.000
* The null hypothesis is: X does not Granger cause Y.
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Figure 1: Inflation Rate versus Total Liquidity Growth Rate in Peru
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