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Abstract

A number of variants of seven procedures designed to check for the absence of causal ordering
are summarized. Five are based on classical hypothesis testing principles, including: Wald F-tests
designed for stationary and difference stationary data; sequential Wald tests that account for coin-
tegration; surplus lag regression type tests; and nonparametric fully modified vector autoregressive
type tests. The other two are based on model selection techniques, and include: complexity penal-
ized likelihood criteria; and ex-ante model selection based on predictive ability. In addition, various
other approaches to checking for the causal order of economic variables are briefly discussed. A
small set of Monte Carlo experiments is carried out in order to assess empirical size, and it is found
that although all tests perform well in the environments where the true lag dynamics and cointe-
grating ranks are “accurately” estimated, simple surplus lag type tests of the variety discussed by
Toda and Yamamoto (1995) and Dolado and Liitkepohl (1996)), and model selection type proce-
dures, retain good size properties in a variety of environments where the precise form of the true
data generating process is unknown and difficult to ascertain, although analysis of the power of
these tests is left to future research.
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1. Introduction

In a 1983 paper, Geweke, Meese, and Dent compared eight alternative tests of the absence of
causal ordering, in the context of stationary variables. All were versions of the tests proposed by
Granger (1969) and Sims (1972). Their unambiguous finding was that Wald variants of the tests
are preferred. This paper is meant to extend the results of Geweke, Meese, and Dent (1983) in two
directions. First, cases where the variables are not I(0) (in the sense of Engle and Granger (1987)),
but also integrated of higher order and/or cointegrated, are considered. Second, in addition to
classical in-sample tests of Granger noncausality, various model selection procedures for checking
causal ordering are outlined and examined.

Our results, based on a series of Monte Carlo experiments, indicate that surplus lag Wald
type tests due to Toda and Yamamoto (1995) and Dolado and Liitkepohl (1996) (hereafter the
TYDL test) perform well, regardless of integratedness and /or cointegratedness properties. However,
when cointegrated data are examined, the sequential Wald type tests due Toda and Phillips (1993,
1994) come in a close second, and in some cases are superior. In addition, we find that model
selection procedures based on the use of Schwarz Information Criteria as well as based on the ex
ante forecasting approach suggested in Diebold and Mariano (1995) and Swanson (1998) perform
surprisingly well in a variety of different contexts.

It should perhaps be noted that out-of-sample predictive ability type tests such as the model
selection based ex ante procedure that we here consider are receiving considerable attention in the
current causality literature. One reason for this may be an aspect of Granger’s original definition
which hadn’t previously received much attention in the literature. In particular, at issue is whether
or not standard in-sample implementations of Granger’s definition are wholly in the spirit originally
intended by Granger, and whether out-of-sample implementations might also be useful. Arguments
in favor of using out-of-sample implementations are given in Granger (1980, 1988), and are sum-
marized nicely in Ashley, Granger, and Schmalensee (1980), where it is stated on page 1149 that:
“ ... a sound and natural approach to such tests [Granger causality tests] must rely primarily on
the out-of-sample forecasting performance of models relating the original (non-prewhitened) series
of interest.” Recent papers which develop and discuss predictive ability type causality tests include
Clark and McCracken (1999), McCracken (1999), Chao, Corradi and Swanson (2000), and Corradi

and Swanson (2000b). Other important papers in the burgeoning literature on predictive ability



tests include Diebold and Mariano (1995), Harvey, Leybourne and Newbold (1997), West (1996),
West and McCracken (1999), White (2000), Clark (2000), and Corradi and Swanson (2000a).

In addition to straightforward evaluation of the finite sample properties of various procedures,
we address a number of additional empirical issues, such as: (1) Which model selection criteria
perform best for choosing lags in finite sample scenarios, when the objective is to construct classical
hypothesis tests of noncausality? (2) What is the relative impact of over- versus under-specification
of the true lag order and/or the cointegration rank? (3) DGPs used include simple VAR(1) models
and more complex VAR(3) models (possibly with MA errors). This allows us to examine not only
which tests perform well in the context of simple models, but also in the context of more complex
models. We ask the question: Is it true that a procedure which performs “best” in the context
of a simple VAR(1) model may be dominated by another test when more complex DGPs describe
the data. Further, we are able to examine the rate of increase in test size distortion as model
complexity as well as sample size increases.

The rest of the paper is organized as follows: In Section 2, a variety of different procedures for
ascertaining causal ordering are summarized and discussed. In Section 3, our experimental setup
is discussed. Monte Carlo results are summarized in Section 4, and Section 5 concludes and offers

a number of recommendations. Throughout, —4 signifies convergence in distribution.
2. Summary of Alternative Tests and Model Selection Procedures

For simplicity, we start by assuming that an n-vector time series, y;, is generated by a K*"* order

VAR model:

Y = J(L)yt_l + ug , t=—-K+ 1, ...,T, (21)

where J(L) :é{l J; L'~1. For simplicity of exposition, we leave the discussion of additional deter-
ministic Compo_nents in (2.1) until later. Assume also that
(A1) uy = (uag, ..., Upe) is an ii.d. sequence of n-dimensional random vectors with mean zero and
covariance matrix ¥, > 0 such that E|u;|?>T® < oo for some 6 > 0.

As we consider both integrated (integration of order 0 or higher) and cointegrated (by cointe-
grated we always refer to linear combinations of I(1) variables which are I(0) as discussed in Engle
and Granger (1987)) economic variables, a number of alternative assumptions on the J matrices

are in order. For the cases below where error correction models estimated, we assume that:



(A2) [I, — J(2)z| =0=>|z|>1 or z = 1.
(A.3) J(1) — I, =T A’ where I" and A are nxr matrices of full column rank r, 0 <r <n — 1.
(A4) I'5(J*(1) — I,) Ap is nonsingular, where I'p and Ap are nx(n — r) matrices of full column
rank such that I'pI' =0 = ApA.

Assumptions (A.2)-(A.4) are standard, are taken from Toda and Phillips (1994), and ensure

that (2.1) can be written in error-correction form:

Ay = J*(L)Ayr—1 + T A"y 1 + (2.2)

where J*(L) = Y JrL"!. Throughout, we assume also that the covariance matrix of the station-
i=1
ary component in the system is greater than zero. Finally, in the following discussion assume that

we are interested in testing the hypothesis
Hy: f(B) =0 against Hq : f(B) # 0,

where f(-) is an m-vector valued function satisfying standard assumptions. To simplify, we focus
on the case where f(-) = Cf, C a standard Rx(n?xK) linear restriction matrix of rank R, where

R is the number of restrictions (see Liitkepohl (1991) for further details).
2.1 Wald Type Tests
2.1.1 All Variables are Stationary

Assuming that y; is generated by a stationary, stable VAR(K) process (see Liitkepohl (1991)
for one definition of stability, e.g. assume (A.1) and (A.2) where |z| > 1), a frequently used version

of the Wald test has
Asr = CR(CU(ZZ) ' @ S,C) ' CB —q x,

where Y, is a consistent estimator of the covariance matrix of u (e.g. %, = T Y% or ¥, =

(T —nK)Lad'), and 3 is the least squares estimate of vec(B) from levels regressions of the form
Y =BZ+U,

where Y = (y1,...,y7) is the KxT matrix of data, B = (J1,...,Jx) , Zt = (Y, s Yt—-x41) s Z =

(Zoy ..., Z1r—1), B = vec (B), and U = (uq, .., ur) is an nxT matrix of errors. Of course, it has been



known for quite some time that the X?a distribution is not generally appropriate under the null
hypothesis, when variables are integrated and/or cointegrated, so that in our experiments we do
not expect particularly good results from this statistic when data are generated under assumptions
of difference stationarity and/or cointegration. Indeed, the focus of our Monte Carlo experiments is
on cases where variables are difference stationary and/or cointegrated. Finite sample properties of
causal order tests under stationary data are well known, and are thus not included here. However,
full results for stationary variable cases are available in an earlier working paper version (Swanson,

Ozyildirim and Pisu (1996)). In addition, the reader is referred to Geweke, Meese, and Dent (1983).
2.1.2 All Variables Are Difference Stationary

Assuming that (A.1)—(A.4) hold and that there are n unit roots in the system (in which case
we set Ap = I,, = I'p, and J(1) = I,,) it is reasonable to use Agr to test the null hypothesis, but
with differenced data, and K — 1 lags. We will call this statistic Apg.

2.1.3 Variables Are Integrated of Any Order, and Possibly Cointegrated

Assuming that (A.1) holds, consider the case where (A.2)—(A.4) may hold. Alternatively, given
(A.1), assume that each element of {y;} may be integrated of any order (e.g. I(0) or I(1)), and that
any combination of variables in {y;} may be cointegrated. Further, assume that we do not know,
are unable to determine, or do not care what the orders of integratedness and/or cointegratedness
are. Interestingly, in this case, Toda and Yamamoto (1995), and in independent work Dolado and
Liitkepohl (1996), show that standard Wald tests can be applied to the coefficient matrices up
to the correct lag order, when the system in levels (equation (2.1)) is artificially augmented by
including at least as many extra lags of each variable as the highest order of integration of any of
the variables in the system. (This test is hereafter referred to as the TYDL test.) In particular, it
turns out that asymptotic chi-squared tests of causality restrictions can be applied to the submatrix
of coefficients up to the correct lag order. The reason for this property is that all nonstandard
asymptotics are essentially confined to the coefficient matrices beyond the correct lag order, and
standard asymptotics apply with respect to the coefficient matrices up to the correct lag order.
(Choi (1993) uses similar arguments to show that standard asymptotics can be applied to unit root
tests which are suitably augmented.) Overall, the method of including surplus lags provides a very

tractable, and hence appealing means with which to deal with many of the nonstandard distribution



problems which characterize so many economic variables. However, it should be pointed out that
the method is inefficient in the sense that extra coefficient matrices are estimated, so that the
methods’ power may be affected in finite samples. Indeed, it remains to see what the local power
properties of such tests are. As the test is a standard “levels regression” type Wald test, it is clearly

very easy to apply, and has the form
Aw = CB(C((Z2QZ') T @ 20)C")CB — 4 X4,

where all regressions are the same standard least squares regressions estimated using levels data (i.e.
as used to construct Agr), except that extra lags of the regressors are added as surplus explanatory
variables. That is:

Y = B*Z + UW +¢, (2.3)

where 3, = T—1¢¢’. Note that B*, which is estimated using (2.3), is not the same as the estimator
of B used in Agr and Apg, as W extra variables are added to the standard levels model, where
Wi = Wt—kKy s Yt—k—dr1), and W = (W, ..., Wp_1). U is the coefficient matrix associated with
these extra lags, and d is the highest order of integration of any of the variables in the system.
The matrix Q is defined in the standard way as: Q = Q, — QW (WQ,W')~'WQ,, where Q, =
I — S'(SS")71S, with S is a matrix which contains constant and/or deterministic trend variables.
In our case, we have set S to zero. However, if S is non-zero, then the variables can be added in
the obvious way as additional regressors in (2.3), without affecting the distributional result under
the null hypothesis.

One feature of the TYDL method which deserves further mention is that any form of Granger
causal relation is captured by the test, regardless of whether it is “long—run”, in the sense that
error—correction terms are constructed using the variable(s) whose causal effect is being exam-
ined, or “short—run”, in the sense that lagged differences of the relevant variable(s) appear in the
error—correction model, or both. Alternatively, the sequential Wald tests discussed below have the
feature that both “short—run noncausality” and “long—run noncausality” are sequentially tested
for. However, as we will see below, if we incorrectly specify a difference stationary model (when
the true model is cointegrated) then the estimated coefficient matrices become so “contaminated”
that standard Wald tests (i.e. Apg ) suffer from severe size distortion, often rendering the results of

tests of “short—run noncausality” meaningless. Thus, it is not sufficient to simply model differenced



data if all that we are interested in is “short—run noncausality”. The reader is referred to Granger

and Lin (1995) and Toda and Phillips (1994) for further discussion of short and long run causality.
2.1.4 Variables Are Integrated, and Possibly Cointegrated I

Toda and Phillips (1993) provide a theory for Wald tests of Granger noncausality in levels
vector autoregressions that allow for stochastic and deterministic trends as well as arbitrary de-
grees of cointegration. The theory extends earlier work by Sims, Stock, and Watson (1990) on
trivariate VARs and suggests a tractable strategy for implementing a variety of Wald type tests.
An important feature of this approach is that tests are based on estimated versions of (2.2), the
error correction model. Thus, while potentially offering gains in efficiency when estimating the
system (relative to the TYDL approach of estimating the system in levels) the sequential Wald
test adds a layer of estimation to the problem, in the sense that cointegrating ranks must be first
estimated. Nevertheless, as shown in Toda and Phillips (1994), the sequential Wald tests appear to
have good size properties, for a number of alternative specifications. To be more precise about the

null hypothesis of interest for sequential Wald tests, we here consider variations of the joint null

where Jf5(L) :[.(il L=1 is the nyxns upper right submatrix of J*(L), I'y is the first ny rows of
the loading Coeffzizilent matrix T', and y; = (y1t, y2t, y3¢) has been partitioned into three vectors of
length n1, na, and ns, respectively.

Before discussing the sequential Wald tests any further, it is worth reiterating an important
point which is made (and elaborated on) in Toda and Phillips (1994) (and also to some extent in
Sims, Stock, and Watson (1990)). In the case of cointegrated economic variables, standard lev-
els regression based causality tests are valid asymptotically as x? criteria when there is sufficient
cointegration among the variables whose causal effects are being tested. However, the rank con-
dition associated with this criterion suffers from simultaneous equations bias when levels VARs
are estimated, suggesting that there is no valid statistical basis in VARs for testing whether the
condition holds. Furthermore, when the rank condition fails, there is no valid statistical basis for
mounting a standard Wald test of causality. One interpretation of this point is simply that if we

are using the “correct” specification of (2.1) (e.g. we have specified the correct number of lags)

and there is cointegration among the variables, then standard Wald tests on levels are not directly



feasible, and sequential Wald tests which are based on error—correction models are. Of final note is
that if there is no cointegration, the standard levels regression based Wald statistic (i.e.Agp ) for
causality has a nuisance parameter free nonstandard limit distribution, and so can conceivably be
used. These points are explained in some detail in Toda and Phillips (1994). We now state the
three sequential procedures, and the testable hypotheses associated with them. The actual test
statistics are given in Section 2 of Toda and Phillips (1994). For simplicity, assume that I'; and A3
are r, or #-dimensional row vectors, and that K > 1 (with obvious modifications otherwise).

Then the tests are based on the null hypotheses

Hy @ Jiiz=-=Jg 113=0
Hy : Jiiz=-=Jkg 113=0
Hy : I''=0
H; : A3=0

H;y : T1A;=0

and as above

The sequential testing procedures are:
(P1) Test Hy. If Hj is rejected, test H{ using a X%3 x critical value. Otherwise, test H.
(P2) Test Hj. If Hj is rejected, test Hg using a x2 j critical value. Otherwise, test H.
(P3) Test Hf. If Hf is rejected, reject the null hypothesis of noncausality. Otherwise, test Hj
and H3. If both are rejected, test Hj if # > 1, or reject the null if # = 1. Otherwise, accept
the null of noncausality. These tests are easy to apply once standard procedures have been used
to estimate the rank of the cointegrating space, and the number of cointegrating vectors in the
system, although it should be noted that exact control of the overall size of these causality tests is
not feasible. In what follows, we will refer to the test statistics associated with (P1)-(P3) as Apq,
Ap2, and Aps, respectively.

In closing, note that while the sequential Wald test discussed above is essentially designed to deal
with I(1) variables which may or may not be cointegrated (of order (1,1) using the notation of Engle

and Granger (1987)), the TYDL method allows for any mixtures of 1(0), I(1), 1(2), etc. variables



which may or may not be cointegrated. Finally, the FM-VAR test (see below) also requires that
(A.1)-(A.4) hold (e.g. |I,—J(L)L| = 0 has roots on or outside the unit circle), with the modification
that assumption (A.3) can be weakened so that 0 < r < n, allowing for the possibility that all of
the variables are stationary, for example. Of course, one reason why the sequential Wald test has
r < n stems from the fact that it is assumed that the variables are pre-tested to determine their
order of integration, and if all are found to be I(0) then standard chi-squared asymptotics apply,

and sequential Wald tests are not called for.
2.1.5 Variables Are Integrated, and Possibly Cointegrated 11

Another type of Wald causality test which is in keeping with the unrestricted levels VAR method
of TYDL is that based on fully modified vector autoregression (Phillips (1995)). Phillips proposes
making corrections to standard OLS-VAR regression formulae which account for serial correla-
tion effects as well as for regressor “endogeneity” that results from the existence of cointegrating
relationship(s). The endogeneity in the context of cointegrated models arises for the following rea-
son. Assume that (2.1) can be partitioned into two subsystems (i) y1; = Dyar—1 + u1¢, and (ii)
Yot = Yor—1 + u2¢. The standard procedure is to treat yo;—1 as predetermined, and regard the model
as a reduced form. However, even though E(uysy2; 1) = 0, the sample covariance, 7! i ULtYhy— 15
does not converge to zero, and instead converges to a function of Brownian motions w}i;:]h are gen-
erally correlated in the limit.

The FM-VAR method is largely a generalization of work by Phillips and Hansen (1990), and
has the feature that advance knowledge of which variables are stationary, nonstationary, and/or
cointegrated is not required to achieve consistency of the fully modified VAR estimator. Given a
Kernel condition (Phillips, pp. 1031), a bandwidth expansion rate condition (Phillips, pp. 1032),
and a VAR condition (Phillips pp. 1044) which is essentially the same as assumptions (A.1)—(A.4)

above, the relevant Wald type test statistic is
Ay = CBY(C((XX) Tt @ Bt ept,

where X is a matrix of observations with the same informational content of Z above, except that
it is comprised of K — 1 differences of the variables, as well as the lagged level of the variables.
S, is the usual OLS estimate of the error covariance matrix from a regression of Y on X. The test

used here is actually distributed as a weighted sum of x2s, whose weights are difficult to estimate.



However, as pointed out by Phillips (1995), an asymptotically conservative test can by constructed
by using the X%a distribution as the limiting distribution for Agpp;. We adopt that approach in the
sequel. Although the reader is referred to Phillips (1995) for further details, note that the FM-VAR

estimator, BT = vec(F'1), is
Fr = [YXPIYY! ) — Qo (AY 1Y) — TAgyn, (X X') !

where Xp is the same as X, except that the levels variables are removed, Y_; is Y lagged one
period, and the € and A estimates are long-run covariance matrix estimates, and one-sided long-
run covariance matrix estimates calculated in the usual way as the weighted sum of estimated
autocovariance terms using some appropriate kernel function as the weighting scheme (see Phillips
(1995) for details). Deterministic components can also be added to the FM-VAR regression model

by augmenting the matrix of explanatory data used in the construction of Agps in the usual way.
2.2 Model Selection Type Causality Procedures

The next two procedures that can be used to examine causal ordering are not classical, in the
sense that critical values are not used. In practice, these types of procedures involve choosing a
“best” model. If that “best” model contains the variable(s) whose causal effect is being examined,
then we “choose” the model which is not consistent with a null hypothesis of noncausality. The
“best” model may be a single equation, or a model consisting of many equations, depending on how
many variables are in y;, when we are testing whether ys is noncausal for y;. One advantage of
model selection, for example based on complexity penalized likelihood criteria, is that the approach
does not require specification of a correct model for its valid application. Another desirable feature
is that the probability of selecting the truly best model approaches one as the sample size increases,
if the model selection approach is properly designed. This is contrary to the standard practice of
fixing a test size, and rejecting the null hypothesis at that fixed size, regardless of sample size. An
interesting result of our simulations, which is in part a consequence of these features (see below)
is that the empirical rejection frequencies based on both Akaike and Schwarz Information Criteria
become vanishingly small (in many cases) for sample sizes of only 300 observations, regardless as
to whether the “true” model is among those in the “selection” set.

As mentioned above, Granger causality tests have a natural interpretation as tests of predictive

ability. In this sense, it may seem natural to use the results of causality tests when constructing



forecasting models. However, it is commonly argued that any good forecasting model should be
“tested” using some sort of ex ante forecasting experiment before being implemented in any practical
setting. Along these lines, a reasonable alternative! procedure for checking causal ordering involves
comparing competing forecasting models, both with and without the variable whose causal effect
is being examined. These “competing” models could then be subjected to an ex ante forecasting
analysis and the “best” model chosen using some sort of out—of-sample loss function (e.g. mean
square prediction error), or by constructing an out-of-sample predictive ability test. If the “best”
model contains the variable of interest, noncausality is rejected. In general, there are many model
selection criteria to choose from, including forecast error summary measures, directional forecast
accuracy measures, and profit measures, for example. Choice of criterion is naturally dependent
upon the objective function of the practitioner. Diebold and Lopez (1995) and Swanson and White

(1997a,b) discuss these and related issues, and contain other related references.
2.3 Complexity Based Likelihood Criteria

Granger, King, and White (1995) suggest that although standard hypothesis testing has a
role to play in terms of testing economic theories, it is more difficult to justify using standard
hypothesis tests for choosing between two competing models. One reason for their concern is that
one model must be selected as the null, and this model is often the more parsimonious model.
However, it is often difficult to distinguish between the two models (because of multicollinearity,
near—identification, etc.), so that the null hypothesis may be unfairly favored. For example, it is
far from clear that pre—test significance levels of 5 % and 1% are optimal, as pointed out Fomby
and Guilkey (1978) in the context of Durbin— Watson tests. The use of model selection criteria
neatly avoids related sticky issues associated with how to test theories and how to arbitrarily
choose significance levels. Further, as discussed above, model selection procedures have a number
of optimal properties if used to “select” among competing models, and seem a natural alternative to
standard hypothesis testing when considering issues of Granger causality and/or predictive ability.

In a recent paper, Sin and White (1995) consider the use of penalized likelihood criteria for se-
lecting models of dependent processes. In the context of strictly nested, overlapping or nonnested,

linear or nonlinear, and correctly specified or misspecified models they provide sufficient conditions

n our experiments, we use the predictive ability test due to Diebold and Mariano(1995) to “compare” our

alternative models.
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on the penalty to ensure that the model selected attains the lower average Kullback—Leibler In-
formation Criterion, with probability (approaching) one. Further, as special cases, their results
describe the Akaike and Schwarz Information Criteria (AIC and SIC respectively).

Our experiments into the use model selection criteria focus on their ability to “correctly” identify
and unravel the causal relationships among stationary, integrated and cointegrated time series
variables. If it turns out that these model selection criteria perform well, then we have direct
evidence that model selection criteria offer a valid alternative to standard hypothesis testing in
the context of uncovering causal relationships. Further, as model selection criteria are very easy
to calculate, regardless of the properties of the data, evidence of the usefulness of AIC and SIC
criteria might be of some interest to empirical economists. The two model selection criteria which

we examine below are the Akaike Information Criterion (Akaike (1973, 1974)),
AIC = Tlog|S| + 2f,
and the Schwarz Information Criterion (Rissanen (1978), Schwarz (1978)) criterion,
SIC = Tlog|S| + flog(T),

where we define f to be the total number of parameters in the system (if we are measuring the
causal effect of some variable(s) on a group of more than one other variable), or f is the number of
parameters in the single equation of interest (when the group being examined is a single variable).
Similarly, 3 is some standard estimate of the error covariance matrix, which is scalar if only one

equation in the system is being examined.
2.4 Ex—Ante Forecast Comparison

Although AIC and SIC criteria may prove to be valuable when testing the null hypothesis of
non— causality, note that they are calculated “in—sample”, as are the standard Wald type tests
discussed in Section 2.1. However, if, as is often the case, the goal of our analysis is to construct
an “optimal” forecasting model, then causality might be better tested for in an ex ante rather than
ex post setting, as discussed above. After all, such procedures would allow us to directly tackle the
issue of predictive ability. In addition to those papers cited above, Engle and Brown (1986), Fair
and Shiller (1990), and Swanson (1998) discuss ex ante model selection. However, these papers, as

well as Diebold and Mariano (1995), West (1996), Swanson (1998), White (2000), and Corradi and
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Swanson (2000a) consider the application of predictive accuracy tests which are not shown to be
valid in the context of nested models (i.e. when forming Granger causality type predictive ability
tests). For tests which are valid in the context of nested models, see Clark and McCracken (1999),
McCracken (1999), Chao, Corradi and Swanson (2000), and Corradi and Swanson (2000b). The
approach which we adopt involves constructing sequences of real-time one—step ahead forecasts of
the variable of interest using a variety of models (levels VARs, differences VARs, and VECs) as
well as a variety of different lag structures, cointegration assumptions, etc. The resultant sequences
of forecasts are then used to construct three measures 0£ out—of-sample forecast performance.
The measures are mean squared forecast error ( MSE :Tz féf /T*), and the well known related
statistics: mean absolute forecast error deviation (MAD)tzlnd mean absolute forecast percentage
error (MAPE), where T* is the out-of-sample period (which here varies with sample size), while fe,
is the appropriate forecast error associated with the particular econometric model in question. The
“best” model is not selected based on direct examination of the MSE, MAD, and MAPE criteria,
however. Rather, we construct predictive accuracy tests described in Diebold and Mariano (1995),
and implemented in Swanson and White (1997a,b). These tests statistics are constructed by first
forming the mean (3) of a given loss differential series, d; (e.g. for MSE we construct d; = féit—ﬁ;t
, where the subscript 1 corresponds to the null model, and subscript 2 denotes the same model as
subscript 1, but with additional regressors corresponding to the variable whose causal effect is being
examined). Then, the loss differential test statistic is constructed by dividing (3) by an estimate of
the standard error of d;, say §4. We use the parametric covariance matrix estimation procedure of
Den Haan and Levin (1995) to estimate sg, in part because the method is very easy to implement,
and in part because Den Haan and Levin show that their procedure compares favorably with a
number of nonparametric covariance matrix estimation techniques. Further details of these tests
are given in Swanson and White (1995,1996a,b)). McCracken (1999) gives critical values which are
valid when Diebold-Mariano tests are used to compare nested alternatives.

In our simulations we are able to implement a truly ex ante forecasting procedure. However,
as is well known, the use of real-time forecasting methods becomes suspect when actual economic
data which are used have been subjected to two—sided moving average filtering, periodic rebasing,
and periodic revision, for example. Thus, we stress that these and related problems may make valid
implementation of these types of tests quite difficult in practice. In the next section we discuss

the design of a number of Monte Carlo experiments which were used to examine the finite sample
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properties of the above tests.
3. Experimental Design

Our Monte Carlo experiments are all based on 5000 simulations, and start with various difference

stationary and cointegrated versions of the following two VAR models:

b = let—l +Ut,t:0,...,T (1)

ye = Sy + oy + J3y3 +u,t =-2,..,T (2)

We use a VAR(1) and a VAR(3) model because it is well known that causality tests often result in
quite different conclusions, depending on how many lags are used to estimate a model. Clearly, one
reason why this problem arises is that models which are misspecified in the sense that surplus lags
are included, may suffer decreased test power. However, another possibility is that increasing the
number of lags estimated results in what we will call “least squares confusion” (i.e. the tendency for
least squares to yield poor parameter estimates), even if the “true” data are generated by a process
with many lags. In practice, this type of situation may arise because of multicollinearity, and
would probably manifest itself in the form of an increased incidence of rejecting the null hypothesis
of Granger noncausality, even when the null is true. If this is the case, then we would expect
experimental results based solely on VAR(1) processes to be conservative relative to those based on
higher order VARs. As empirical models often contain many lags, “least squares confusion” may
be damaging in the sense that we may later construct tests under the assumption that their size
is close to the nominal test size, when in actuality the size is much higher than the nominal size.
Further, the tests which perform “best” might change as we increase the number of lags in the
system. In fact, we will see later that these issues are relevant, and have a non—negligible impact
on our findings.
Our data generating processes can be summarized as follows:

Cointegrated Models (Cointegrating Rank = 1; Is — Y J; =T A’)

0.5 05 0.0 0.5 1.0
(VARL-CI1) Ji=]00 1.0 00| T'=]00]| A=| —1.0
~1.0 1.0 1.0 1.0 0.0
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0.17 0.17 0.0 0.16 0.16 0.0
(VAR3-CI1) J1=Jo=1]0.0 04 0.0 Jg=100 02 0.0

-04 04 04 -0.2 0.2 0.2
0.5 1.0
I'=1 00 A= —1.0
1.0 0.0
1.0 —-1.0 —-1.0 1.0 0.0
(VAR1-CI2) Ji=] 0.0 05 —05 r=105| A=1 1.0
0.0 —1.0 0.0 1.0 1.0
04 —-04 —-04 0.2 —-0.2 -0.2
(VAR3-CI2) J1= Jy=| 0.0 0.17 —-0.17 Js=1 00 0.16 —0.16
0.0 —-0.4 0.0 0.0 —0.2 0.0
1.0 0.0
I'=105 A= 1.0
1.0 1.0
Difference Stationary Models
(VARL - DS1) J, = I
0.2 0.1 0.0 [ 0.2 0.1 0.0
(VAR3-DS1) Ji=| 00 04 0.0 Jo=100 0.4 00
04 0.5 05 | 0.2 0.1 0.3

[ 06 —0.2 0.0
J3=100 02 0.0
—-0.6 —0.6 0.2
It should perhaps be noted that the above parameterizations are ad hoc, in the sense that they

are not calibrated by examining actual economic data, for example. In addition, economic data at
most frequencies are usually modelled by including more than 3 lags. In this sense, the above DGPs
are too simplistic. For these reasons, the Monte Carlo results reported below are meant only to
be a guide to the sorts of relationships among the various causality tests which might be observed
in practice. In addition, the following structure is placed on the errors of the above DGPs, where

ur = n¢ — 01, and 1 is a unit normal random vector:

(MA1)§ = 0
0.5 0.0 0.0
(MA2)6 = | 00 05 0.0
1.0 0.0 05
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These values of 0 are the same as those used by Toda and Phillips (1994). As discussed in
Toda and Phillips (1994), even though (MA2) appears to be inconsistent with (A.1), u; is an
invertible MA process so that (VAR1) and (VAR3) can be rewritten as infinite order VARs. As
the higher lags are exponentially decaying in the parameters, the actual number of lags needed for
a “reasonable” approximation is low. Further, it will be interesting to see how well our various
statistics perform when faced with inherently misspecified models (in the (MA1) models, the true
specification is always included within the set of models which are fit). Finally, the addition of
(MA2) to our experimental setup ensures that some of our models (i.e. the (VAR3) models) should
ideally contain more than 3 lags when estimated.

In most cases we are testing the null hypothesis that y3 is Granger noncausal for y; (we use the
notation ys - y; for cases such as this), and thus we focus somewhat on the empirical size of the
seven tests. The exception is (CI2), in which case we test the null hypothesis that y; - 3. In all
experiments, whenever a test of the null that y; - y; is carried out, we also perform a test of the
null that y; - y;. This allows us to tabulate power at the same time that we tabulate empirical
size. It should be noted that in the case of our model selection procedures, “empirical size” is not
the appropriate measure. Instead, we report the rejection frequency of the correct model in favor
of the “incorrect” model. As the tests which we examine all have good power properties (albeit
rejection frequencies under alternative hypotheses are not “size adjusted”), these findings leave
little to choose between the tests. Not surprisingly, then, many analyses related to ours focus on
empirical size. We follow suit, and report only empirical size (and its analog for our model selection
procedures). Complete finding are available upon request from the authors.

In each of the experiments we use 100, 200, and 300 observations. Assuming that the true num-
ber of lags in each case is p, the number of lags used in each estimation is set at {p—1, p, p+1, parc, Psic}
, where parc and psre use the number of lags selected by implementation of the AIC and SIC model
selection criteria, where the model selection criteria are constructed using estimates of levels VARs.
Also, all lags are reported in terms of a VAR in levels, so that results for difference VAR Wald type
tests (Aps ) for one lag are not given. This is because a level VAR with one lag translates to a
difference VAR with no lags.

In all experiments we calculate many difference stationary, stationary, and VEC systems, regard-
less of the true DGP. This is because the seven procedures considered variously involve estimation

of all three types of VARs. For example, a cointegration model is estimated, and sequential Wald
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tests are constructed, even when the true data generating process is stationary. One reason for
an extensive analysis of this type is that absolute size distortions associated with each test type
are not necessarily as important as the size distortion of one test relative to the size distortion of
other tests, regardless as to whether either test is theoretically valid. As an example of why this
issue is perhaps important, note that Gonzalo and Lee (1996) show that while it is well known that
augmented Dickey—Fuller tests suffer from low power when processes have near unit roots, and
suffer from size distortions in other cases, it is less widely acknowledged that standard t—statistics
also have similar power and size problems, even when the null hypothesis is that 3 = 0.5 and the
true process is a stationary AR(1) with slope coefficient 5. Extending this argument, it should
be of interest to determine whether size and power distortions associated with using standard y?
asymptotics when they are not valid are big enough to warrant the use of more complex (albeit
asymptotically valid) testing procedures which themselves may suffer from size and power distor-
tions of other types. In particular, even though asymptotically valid, the finite sample performance
of some of the more complex test statistics considered here is not certain.

We also used F-test versions of all Wald type tests, as it is well known that these often have
better size properties in finite samples. To be more specific, we construct F' = A/R, where R is
the number of restrictions. These statistics are assumed to be distributed as F', with T—f degrees
of freedom in the denominator, where f is (i) the number of parameters in the equation being
examined, and f is also defined as (ii) the number of parameters estimated in the entire system.
Interestingly, the properties of these versions of the Wald tests were qualitatively the same as when
the x? versions of the tests were used. For this reason, these results are not reported in the tables,
although complete results are available in an earlier working paper version of this piece.

Whenever VEC models are estimated, we use the maximum likelihood procedures developed
by Johansen (1988, 1991) and Johansen and Juselius (1990). In particular, assume that the true
cointegrating rank is 7. Then, the cointegrating ranks used are usually {r — 1,7, 7 + 1,7 501,702}
. The last two are rank estimates based on the well known likelihood ratio trace statistic using a
5% size, and with and without a constant in the estimated system, respectively. Results based on
the related max statistic are not reported for the sake of brevity. The exception to this rule are
cases where the true cointegrating rank is zero. In these cases, we use {r + 1,7 + 2,7 ;01,7 02},
where 7701 and 7 j02 may be zero, in which case VEC models are not estimated, and corresponding

sequential Wald test results are not reported. With the exception of the test statistic based on
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fully modified VAR estimates, all other estimations done in the experiments are multivariate least
squares.

Overall, we calculate all Wald type tests whenever possible. However, it should be noted that
there are some cases where Wald type tests are not applicable. As mentioned above, difference
stationary versions of the standard Wald test are not calculated when the lag is one (as a one lag
VAR in levels is a zero lag VAR in differences). Also, there are some lag structures and cointegrating
rank cases (e.g. 7 = n) for which the sequential Wald type tests are not applicable, and are not
calculated. (The reader is referred to Toda and Phillips (1994) for more details.) In such cases,
the reported simulation results are calculated using possibly fewer than 5000 simulation trials.
Instances where this situation arises are reported on in the next section.

The AIC and SIC type tests are implemented as follows. For all lags, cointegrating ranks,
and alternative models (i.e. levels VAR, differences VAR, and VEC) AIC and SIC statistics are
calculated. In particular, the statistics are calculated for versions of the models both with and
without the variable(s) whose causal effect is being examined. As a summary test, the AIC and
SIC-best models are chosen. If the “best” model contains any of the relevant variable(s), then the
null hypothesis of Granger noncausality is rejected. We also track which type of model is chosen
as “best” in each simulation. These types of tests are individually reported on for each lag and
each model (e.g. cointegrating model with cointegrating space rank of unity), as well as across all
models. The latter reporting style yields what we will call “global” tests, while the former is more
in keeping with a comparison of only “two” alternative models when testing the null hypothesis of
noncausality.

Ex ante forecasting tests are carried out the same way as the AIC and SIC type tests, with
two exceptions. First, the statistics calculated are MSE, MAD, and MAPE. Second the statistics
are constructed from sequences of one—step ahead forecast errors, and these forecast errors are in
turn used to construct predictive accuracy test statistics (as discussed above). The procedure is
implemented in the following way. A starting sample of 0.77" observations is used to construct a
one—step ahead forecast, using all different model types, lags, etc., and for T = 100, 200, or 300.
From this, the first forecast error is saved. Then one more observation is added to the sample, and
another set of models are estimated, forecasts are constructed, and forecast errors are saved. This
procedure continues until the entire sample is exhausted, and the resultant ex ante sequence of

(0.3T") — 1 forecast errors is used to construct the model selection criteria. It should be noted that
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one case arises where the actual number of forecast errors used to construct the model selection
criteria is not (0.3T)-1. For the VEC models which are estimated using cointegrating rank, r = r 701
or r = rjog2, there may be some simulations where the estimated cointegrating rank is 0 or n (in
which case the model is not estimated). This situation arises most frequently when the actual
DGPs are stationary or difference stationary VARs. In these cases, we will report the average
number of observations used in the construction of the selection criteria. In addition, it should be
noted that due to possible model misspecification (see e.g. Corradi and Swanson (2000b)), finite
sample results may not be the same for 1-step ahead versus multi-step ahead approached to ex ante

forecasting implementations of Granger causality analysis.
4. Results

A summary of our experimental findings is given in Tables 1-12. Complete experimental results
are contained in an earlier working paper version of this chapter (i.e. see Swanson, Ozyildirim
and Pisu (1996)). Our findings from the Monte Carlo experiments are fairly clear cut, and can be
summarized as follows: (1) In all cases (i.e. regardless of lag and model specification) the Toda
and Yamamoto type Wald tests have empirical sizes close to nominal (nominal size is set at 5%
throughout). (2) Sequential Wald tests, and standard Wald tests based on the use of differenced
data only perform the best when correctly specified models (i.e. correct lags, cointegrating rank,
data transformation) are estimated. (3) SIC type approaches, and to a lesser degree those based on
the AIC perform quite well, even when the DGP has moving average (MA) error components (i.e.
when the true lag order of the model is infinite and is hence only approximated using AIC and SIC
measures). In many cases and for samples of moderate and large size (200 and 300 observations),
the SIC type causality test has rejection frequency approaching zero very rapidly, and power close
to unity. (4) As expected, test performance (with the exception of all of our model selection type
causality “tests”) worsens substantially when model complexity is increased (i.e. going from one
to three lags and from no MA to an MA component in the true DGP.) (5) Lag selection based
on the AIC and SIC does very well. In particular, the lag structure chosen using the SIC almost
always yields the “best” results when the DGP is a VAR(1) with no MA component. However,
for other DGPs, the lag structure given by the AIC generally results in better test performance.
(6) Ex ante forecasting type approaches tend to perform well (see Chao, Corradi and Swanson

(2000), and McCracken (1999) for further evidence). In particular, when models are estimated in
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levels, the tabulated size of the ex ante tests often approaches zero very quickly as T increases,
regardless of the true DGP. (7) Difference stationary models perform exceptionally poorly, in all
cointegrated cases, suggesting that difference type Wald tests do not provide a short—cut to testing
for “short—run” noncausality when the true DGP is a VEC. This is because least squares becomes
very confused in the context of this type of misspecification, and parameter estimates are hence very
inaccurate. A final result worth noting is that even though the empirical sizes of many tests (with
the exception of SIC and ex ante type model selection based tests) are often too high, suggesting
that the null of Granger causality may be rejected too often, the use of F versions of the Wald—type
tests does not appear to decrease the empirical sizes to any great extent, for the sample sizes which
we consider. For this reason, we report rejection frequencies based only on the x? versions of our

test statistics.
4.1 Cointegration Models

In all of the cointegrated models (please see attached tables) the sequential Wald type tests,
the Toda and Yamamoto Wald type tests, and the model selection based SIC type causality tests
perform quite well. This is most evident when the true DGPs are (VAR1) and (VAR3) without an
MA component. In these cases, Arw type tests have empirical sizes ranging from 0.049 to 0.056 for
(VAR1) — T=200,300; and approximately 0.055 for (VAR3) — T=300 (see Table 1). In these cases,
the best size is usually (except for (VAR1)-(MA1)) associated with lag selection based on the AIC.
In fact, it turns out that the AIC is also useful for selecting lags in the context of our model selection
based tests (see below). Thus, the more parsimonious method for choosing lags (SIC) performs
better primarily for our least complex models. One reason for this finding may be that when
complex DGPs are specified (as is usually the case when macroeconomic data are analyzed), the
specification of surplus lags helps standard maximum likelihood estimation techniques to become
less confused. This point is particularly important, given the tendency of our simplest TYDL type
tests to perform so well. Put another way, if model complexity and estimation confusion is an issue,
then avoiding the estimation of cointegrating vectors, ranks, etc., may be a useful approach — even
if the true DGP is cointegrated. This indeed appears to be the case for more complex models,
as the TYDL approach appears to perform as well as all of the other standard hypothesis testing
approaches, at least in the context of empirical size. Of course, the cost of estimating models in

levels, and ignoring cointegrating restrictions, is a reduction in efficiency.
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Tests based on difference model estimations perform very poorly all the time. However, the
Wald tests based on Agr have sizes which are usually Tests based on models estimated using
differenced data perform very poorly whenever the true DGP is a VEC. However, Agr tests have
sizes which are usually between 10 and 15 % , with the better sizes coming at the expense of bigger
samples, but not necessarily less model complexity. For example, in Table 1, for T=300, the Agr
test has size=0.108 in the VAR(3)-(MA1)-(CI-1) case when estimation is based on 4 lags, while the
analogous test for the VAR(1) (i.e. 2 lags used in estimation) has size=0.128. Note that the reason
for the relatively good performance of these two models, each of which is estimated with an extra
lag, is probably related to the argument used to show that the Ay type tests are asymptotically
valid. That is, even when we use the standard Wald test, as long as an extra lag is included, the
size of the test is not too far from the nominal size, even though the asymptotic y? distribution is
clearly not valid.

The results for the tests based on the A\pjs statistic are somewhat less encouraging than those
of the Toda and Yamamoto and sequential Wald type tests. In all of our experiments, the size
of these tests appears to be in the 15-30 % range, regardless of sample size, model specification,
etc. Although these results are not too bad, relatively, it seems apparent that a number of the
other tests perform better. As the Apps test statistics rely on some optimal choice of bandwidth
parameter as well as kernel function, for example, our results should be viewed with caution, as
more suitable FM—VAR procedures may be available. To try and avoid this problem somewhat, we
used three different lag truncation parameters to define the number of autocovariance terms used
to compute the spectrum at zero frequency. These have been used elsewhere, and are: (i) 1 =0, (ii)
I = integer(4 * (T/100)%2%), and (iii) I = integer(12 * (T/100)%2). Further, we used the Parzen
kernel function for the calculation of long—run covariance matrix estimates, as well as Andrews’
(1991) automatic bandwidth selection procedures. Finally, an AR(1) filter was used to flatten the
spectrum of the error around the zero frequency. Our results did not depend on the specification
of 1, however, and so in Table 1 we report results only for the case where 1 = 0.

Sequential Wald test results are given in Tables 2—4. Single lag cases are not reported for Aps, as
the test is not applicable in this case. In these tables, lag=1 corresponds to zero lags when the data
are differenced, so that the corresponding error—correction models used to calculate Ap; and Apo
have no short—run dynamics. In general this has no effect on our results, as the DGPs are designed

so as to impact causality both through the short—run dynamics (if there is any) as well as through
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the long—run dynamics (the error—correction part). In most cases, the best size tests are associated
with one lag and with cointegrating rank either (i) selected to be the truth (one) or (ii) selected
using a Johansen likelihood ratio trace test without a constant. In fact, the very similar sizes for
the two “good” cointegrating (CI) rank cases arise because the Johansen method is usually able to
“select” the true CI rank, even in the presence of substantial model complexity (i.e. for VAR(3)
models with an MA component). However, of note is that when the (CI-1)-VAR(3)-(MA2) results
are examined (see Table 2), the Ap1 — Ap3 sizes range from “bests” of 0.194-0.234 (T=100); 0.118-
0.161 (T=200); and 0.099-0.149 (T=300), when lags are selected using the AIC, and are always
worse when lags are selected using the SIC. Interestingly, for the (CI-2) case (see Table 3), SIC lag
selection leads to empirical sizes closer to nominal in the VAR(3)-MA(2) case, suggesting that the
evidence in favor of using the AIC for more complex models is not always clearcut. Indeed, for
corresponding Arw tests, size based on the SIC lag selection criterion is usually better than that
based on the AIC criterion, and is: 0.130 (T=100), 0.109 (T=200), and 0.090 (T=300), for (CI-1).
In fact, the only DGPs for which AIC is preferred over SIC for lag selection are VAR(3)-(MA2)
specifications. This again underscored the usefulness of the AIC only in more complex models.

The ex ante forecasting based model selection type approaches perform quite well (see Tables
8,9, 13, and 14). In particular, for complex DGPs (e.g. (VAR3)-(MA2)) the reported sizes of the
MSE, MAD, and MAPE tests are very small (from 0.002-0.015) for lags selected using either the
AIC or the SIC. As is generally the case, though, lag selection based on the SIC is dominated
by selection based on the AIC for more complex models. Even given the clear success of the
ex-ante approaches, it should be noted that our experimental design is very simple. In addition,
there is much research currently underway in the field of econometrics into the construction and
performance of out of sample predictive ability tests, so that much remains to be learned.

The in—sample model selection approaches fare very well, also (see Tables 5-7 and 10-12). In
particular, the SIC seems to provide a very reasonable alternative to standard hypothesis testing,
when the null is Granger noncausality. In Tables 5 and 10 note that the number of “wins” (based
on a comparison of model selection criteria for the different models) for a given “true” DGP and
for each of the estimated cointegrating, difference stationary, and levels stationary models are
reported. In this way, we can get an idea as to which type of model is preferred by AIC and
SIC. As mentioned above, the way these numbers are reported is as follows. From amongst all

lag and CI rank combinations, the AIC and SIC— best models are used in each simulation to
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“test” for noncausality. If the AIC-best model is a cointegration model, then a “win” is tallied for
“cointegration”, if the AIC-best model is a difference model, then a “win” is tallied for “differences”,
and so on. The rest of the tables on in-sample model selection report rejection frequencies. Notice
in these tables that the AIC and SIC tend to select the “true” DGP (e.g. VEC models are found
to be preferred whenever data are generated according to VECs). Even casual inspection of the
results suggests that the SIC approach for checking Granger causality performs better than the
AIC. In addition, both model selection criteria are somewhat sensitive to the combination of DGP
and estimation method. For example, results are very poor when data are generated according to a
VEC, but levels or difference stationary models are estimated, and fixing the CI rank at 2 when it
is actually 1 also results in poor performance. Thus, although this sort of model selection appears
promising, there do appear to be frailties with this approach (as with all approaches when used

with misspecified models).
4.2 Difference Stationary Models

In order to directly examine the performance of Wald tests using differenced data (Apg), we also
generated a number of difference stationary DGPs, and applied all seven types of causality tests.
The results are omitted here for the sake of brevity, but are reported in Swanson, Ozyildirim and
Pisu (SOP: 1996), Tables 17-23. Of note is that the test based on Apg is very precise for VAR(1)
(T=100, 200, 300), and for the (VAR3) (T=300), when the correct number of lags is used (e.g. the
sizes are 0.054, 0.051, 0.052, and 0.055, respectively). However, when an MA component (MA2)
is introduced, the standard difference stationary type Wald tests are dominated by the levels type
Toda and Yamamoto tests for all lags, as well as all sample sizes for the VAR case. For example,
for VAR(1)-(MAZ2) sizes for the Apg test based on lags selected using the AIC are 0.176, 0.111, and
0.095, for T=100, 200, and 300, respectively. These are the “best” sizes available for this case. The
corresponding values associated with the Apw type test are 0.122, 0.099, and 0.080. In addition, it
is worth noting that sequential Wald tests yield rather uninspired results when faced with difference
stationary data (see Tables 18-21 in SOP). Indeed, in most cases (except for VAR(3)-MA DGPs)
the sizes of A\p;—Ap3 are in the 10 — 20 % range.

Findings based on the use of in-sample model selection procedures are qualitatively the same
as when VEC DGPs are generated. However, the SIC type causality test seems to perform even

better, when lags are chosen using the AIC. This may be because AIC infrequently picks too few
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lags for inclusion in the estimated VAR model.
5. Conclusions

In this paper we have discussed and compared five different Wald type tests of the null hypothesis
of noncausality, as well as two different tests based on a model selection approach to assessing the
predictive ability of the variable(s) whose causal effect is of interest. Our main purpose was to
gather together and discuss a reasonable number of recent tests, some of which are asymptotically
valid under the null hypothesis regardless as to whether or not the data are integrated of order
zero, integrated of higher order, or cointegrated of some order. We also examine a number of
model selection based approaches to assessing causal ordering, including those based on in—sample
complexity penalized likelihood criteria, and those based on the examination of ex ante forecasting
ability. Finally, we obtain results which have some implications for empirical work. For example,
our examination suggests that three types of tests perform reasonably well (in terms of size),
regardless as to the integratedness and cointegratedness properties of the variables in the system,
and regardless as to whether the model is correctly specified. The first is the standard Wald type
test which is based on levels regressions, which adds “surplus” lags to account for integrated—
and cointegratedness. This test is due to Toda and Yamamoto (1995) and Dolado and Liitkepohl
(1996). It should be noted, however, that the local power properties of such tests may indeed be
suspect, although concrete results on this matter have yet to be published. The second consists
of the model selection based approach of using the Schwarz Information Criterion (SIC) to select
a “best” model, and then either “reject” or “accept” the noncausality null based on whether the
causal variable of interest appears in the “best” model. In is perhaps worth stressing that model
selection type approaches focus more on predictive ability, and as such may be particularly useful
when the issue at hand is forecastability. In-sample hypothesis testing, on the other hand, may be
preferable when the statistical significance of particular coefficients in a model is the issue being

examined (e.g. when testing economic theories).
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Table 1: Summary of Wald Test Monte Carlo Results for Agr, Aps, Apw, and Apjs Empirical Sizel, Data Generating Processes are (CI-1),

(CI-2), and (DS1)

AR

{(DST)

A

AR

lag

DGP/Sample
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T = 100

T = 200

T = 300

VAR(D)-(MA2)

T = 200

T = 300
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T = 100
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T = 300
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VAR(3)-(MA2)
T = 100

T = 200

T = 300

AgT (Wald test based on levels OLS regression); Apg (Wald test based on differences OLS regression); Apw

T The tests examined are:

(Wald test based on levels OLS regression with surplus lags added to isolate nonstandard asymptotics); and Apjps (Wald test based on fully

modified vector autoregression). For each test, 5% X2 critical values are used. The lags used are listed, as is the number of observations in

Entries in the table correspond to the

proportion of rejections of the null hypothesis of noncausality. For example, for the (CI 1)-VAR(1)-(MA1) with T = 100 observations, the
Thus, a standard Wald test when applied to the data in levels has an empirical rejection rate of 16.7%.

the sample, and the DGP used to generate the data. All results are based on 5000 Monte Carlo trials.

upper left entry of the table is 0.167.
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Table 2: Summary of Sequential Wald Test Monte Carlo Results, Empirical Sizel, Data Generating Process is (CI-1)

Ap1 Ap2 AP3
Lag/ CI VAR(1) VAR(1) VAR(3) VAR(3) VAR(1) VAR(1) “VAR(3) VAR(3) VAR(1) VAR(1) "VAR(3) VAR(3)
Sample rank  (MA1) (MA2) (MA1) (MA2) (MA1) (MA2) (MA1) (MA2) (MA1) (MA2) (MA1) (MA2)
I 0.067 0.069 0.887 0.948 — —
lag = 1 2 0.162 0.237 0.230 0.328 - -
T = 100 jol 0.067 0.069 0.889 0.947 - -
jo2 0.068 0.067 0.889 0.946 - -
1 0.095 0.124 0.063 0.338 0.112 0.151 0.094 0.387 0.170 0.172 0.125 0.419
lag = 2 2 0.150 0.208 0.181 0.448 0.155 0.227 0.191 0.468 0.229 0.285 0.272 0.495
T = 100 jol 0.095 0.123 0.061 0.330 0.112 0.150 0.093 0.381 0.169 0.172 0.124 0.411
jo2 0.094 0.123 0.060 0.328 0.111 0.150 0.091 0.380 0.168 0.172 0.122 0.410
1 0.102 0.213 0.118 0.218 0.191 0.268
lag = 3 2 0.140 0.242 0.147 0.251 0.235 0.324
T = 100 jol 0.102 0.212 0.118 0.217 0.191 0.266
jo2 0.102 0.212 0.117 0.216 0.190 0.265
1 0.118 0.145 0.146 0.155 0.217 0.201
lag = 4 2 0.152 0.190 0.157 0.198 0.253 0.285
T = 100 jol 0.119 0.144 0.148 0.154 0.222 0.200
Jo2 0.117 0.143 0.145 0.153 0.217 0.199
1 0.082 0.144 0.114 0.201 0.628 0.174 0.137 0.241 0.376 0.187 0.202 0.268
lag = aic 2 0.174 0.215 0.168 0.255 0.241 0.225 0.175 0.264 0.411 0.299 0.264 0.348
T = 100 jol 0.082 0.141 0.113 0.194 0.631 0.170 0.134 0.234 0.370 0.184 0.200 0.262
jo2 0.082 0.141 0.112 0.195 0.636 0.170 0.134 0.235 0.379 0.184 0.199 0.262
1 0.067 0.126 0.069 0.243 0.887 0.197 0.101 0.259 - 0.192 0.135 0.302
lag = sic 2 0.162 0.231 0.187 0.293 0.230 0.263 0.196 0.304 - 0.299 0.273 0.367
T = 100 jol 0.067 0.126 0.068 0.236 0.889 0.197 0.100 0.252 - 0.192 0.134 0.294
jo2 0.068 0.125 0.066 0.234 0.889 0.196 0.098 0.250 - 0.191 0.132 0.291
1 0.054 0.058 0.940 0.964 - -
lag = 1 2 0.150 0.246 0.214 0.343 - -
T = 200 jol 0.054 0.058 0.940 0.963 - -
jo2 0.054 0.056 0.940 0.961 - -
1 0.069 0.147 0.047 0.489 0.088 0.196 0.078 0.568 0.127 0.207 0.103 0.581
lag = 2 2 0.131 0.267 0.169 0.595 0.142 0.288 0.176 0.619 0.202 0.334 0.250 0.641
T = 200 jol 0.069 0.147 0.047 0.487 0.088 0.196 0.078 0.567 0.128 0.207 0.103 0.578
jo2 0.069 0.146 0.047 0.486 0.087 0.196 0.077 0.566 0.127 0.207 0.103 0.577
1 0.07 0.231 0.088 0.254 0.137 0.278
lag = 3 2 0.114 0.287 0.122 0.303 0.203 0.353
T = 200 jol 0.075 0.230 0.087 0.253 0.136 0.277
jo2 0.075 0.228 0.087 0.252 0.136 0.276
1 0.087 0.128 0.095 0.134 0.154 0.162
lag = 4 2 0.110 0.182 0.115 0.190 0.207 0.279
T = 200 jol 0.087 0.127 0.094 0.133 0.154 0.161
jo2 0.087 0.127 0.094 0.133 0.154 0.161
1 0.062 0.103 0.083 0.120 0.649 0.118 0.096 0.137 0.341 0.144 0.144 0.173
lag = aic 2 0.155 0.172 0.122 0.168 0.220 0.181 0.130 0.175 0.403 0.277 0.209 0.275
T = 200 jol 0.062 0.102 0.082 0.119 0.650 0.117 0.096 0.136 0.342 0.143 0.144 0.173
jo2 0.062 0.102 0.082 0.118 0.650 0.117 0.095 0.135 0.342 0.143 0.143 0.171
1 0.054 0.133 0.059 0.188 0.940 0.174 0.086 0.205 - 0.186 0.119 0.232
lag = sic 2 0.150 0.243 0.162 0.246 0.214 0.260 0.168 0.258 - 0.320 0.241 0.325
T = 200 jol 0.054 0.132 0.058 0.187 0.940 0.174 0.086 0.204 - 0.185 0.118 0.231
jo2 0.054 0.132 0.058 0.186 0.940 0.174 0.085 0.203 - 0.185 0.118 0.230
1 0.057 0.049 0.953 0.957 - -
lag = 1 2 0.160 0.245 0.225 0.344 - -
T = 300 jol 0.057 0.047 0.953 0.955 - -
jo2 0.057 0.047 0.953 0.954 - -
1 0.061 0.197 0.041 0.617 0.079 0.263 0.072 0.701 0.117 0.273 0.087 0.707
lag = 2 2 0.123 0.311 0.178 0.716 0.130 0.342 0.185 0.741 0.201 0.389 0.260 0.763
T = 300 jol 0.061 0.196 0.041 0.614 0.079 0.263 0.072 0.700 0.117 0.272 0.087 0.705
jo2 0.061 0.196 0.041 0.617 0.079 0.263 0.071 0.703 0.116 0.272 0.087 0.709
1 0.055 0.291 0.0 0.329 0.120 0.349
lag = 3 2 0.107 0.361 0.112 0.381 0.203 0.423
T = 300 jol 0.055 0.290 0.072 0.329 0.120 0.349
jo2 0.055 0.290 0.072 0.329 0.120 0.348
1 0.071 0.137 0.084 0.145 0.137 0.164
lag = 4 2 0.111 0.194 116 0.203 0.212 0.285
T = 300 jol 0.071 0.137 0.084 0.14 0.137 0.164
jo2 0.071 0.137 0.084 0.145 0.137 0.164
1 0.064 0.082 0.062 0.099 0.648 0.093 0.080 0.112 0.291 0.119 0.127 0.149
lag = aic 2 0.167 0.139 0.113 0.143 0.231 0.146 0.120 0.147 0.330 0.241 0.209 0.257
T = 300 jol 0.064 0.082 0.062 0.099 0.646 0.093 0.080 0.112 0.288 0.119 0.127 0.149
jo2 0.064 0.082 0.062 0.099 0.649 0.093 0.080 0.112 0.290 0.119 0.127 0.149
1 0.057 0.116 0.054 0.157 0.953 0.155 0.077 0.169 - 0.166 0.111 0.189
lag = sic 2 0.160 0.209 0.146 217 0.225 0.226 0.152 0.227 - 0.292 0.234 0.306
T = 300 jol 0.057 0.115 0.054 0.157 0.953 0.155 0.077 0.169 - 0.166 0.111 0.189
jo2 0.057 0.115 0.053 0.156 0.953 0.155 0.076 0.169 - 0.166 0.110 0.189

1 See notes to Table 1. The tests examined are: Ap1 — Ap3 (sequential Wald tests based on VEC models estimated using Johansen’s maximum
likelihood procedure).
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Table 3: Summary of Sequential Wald Test Monte Carlo Results, Empirical Sizel, Data Generating Process is (CI-2)

Ap1 Ap2 AP3
Lag/ CI VAR(1) VAR(1) VAR(3) VAR(3) VAR(1) VAR(1) “VAR(3) VAR(3) VAR(1) VAR(1) "VAR(3) VAR(3)
Sample rank  (MA1) (MA2) (MA1) (MA2) (MA1) (MA2) (MA1) (MA2) (MA1) (MA2) (MA1) (MA2)
I 0.061 0.0I3 — — 0.908 0.970 — — — — — —
lag = 1 2 0.147 0.409 - - 0.213 0.530 - - - -
T = 100 jol 0.061 0.013 - - 0.908 0.969 - - - - - -
jo2 0.061 0.012 - - 0.910 0.968 - - - - - -
1 0.065 0.037 0.059 0.105 0.083 0.069 0.089 0.162 0.140 0.076 0.118 0.174
lag = 2 2 0.137 0.211 0.163 0.470 0.141 0.221 0.174 0.480 0.206 0.295 0.253 0.536
T = 100 jol 0.065 0.037 0.058 0.087 0.082 0.069 0.088 0.148 0.139 0.075 0.117 0.153
jo2 0.065 0.037 0.058 0.087 0.082 0.068 0.088 0.148 0.139 0.075 0.117 0.152
1 - - 0.079 0.070 - - 0.096 0.098 - - 0.175 0.109
lag = 3 2 - - 0.137 0.224 - - 0.146 0.232 - - 0.227 0.330
T =100  jol - - 0.078 0.067 - - 0.096 0.096 - - 0175 0.106
jo2 - - 0.078 0.067 - - 0.096 0.095 - - 0.174 0.104
1 - - 0.089 0.084 - - 0.105 0.103 - - 0.178 0.126
lag = 4 2 - - 0.144 0.180 - - 0.151 0.187 - - 0.236 0.291
T = 100 jol - - 0.088 0.083 - - 0.105 0.103 - - 0.180 0.126
jo2 - - 0.089 0.082 - - 0.105 0.101 - - 0.179 0.124
1 0.071 0.115 0.093 0.163 0.603 0.151 0.119 0.203 0.316 0.171 0.186 0.222
lag = aic 2 0.157 0.210 0.165 243 0.221 0.216 0.175 0.251 0.395 0.296 0.254 0.339
T = 100 jol 0.070 0.112 0.090 0.156 0.604 0.148 0.115 0.195 0.312 0.168 0.183 0.214
jo2 0.070 0.112 0.090 0.157 0.603 0.149 0.115 0.196 0.311 0.168 0.183 0.215
1 0.061 0.048 0.061 0.085 0.908 0.078 0.094 0.110 - 0.086 0.127 0.126
lag = sic 2 0.147 0.208 0.172 0.221 0.213 0.215 0.183 0.228 - 0.286 0.253 0.328
T = 100 jol 0.061 0.048 0.061 0.081 0.908 0.078 0.093 0.106 - 0.085 0.127 0.121
jo2 0.061 0.047 0.061 0.081 0.910 0.077 0.093 0.106 - 0.084 0.126 0.119
1 0.055 0.008 - - 0.917 0.953 - - - - - -
lag = 1 2 0.157 0.428 - - 0.225 0.562 - - - - - -
T = 200 jol 0.056 0.008 - - 0.917 0.952 - - - - - -
jo2 0.056 0.008 - - 0.917 0.950 - - - - - -
1 0.061 0.025 0.045 0.111 0.082 0.054 0.077 0.190 0.129 0.056 0.095 0.195
lag = 2 2 0.129 0.209 0.157 0.525 0.137 0.218 0.236 0.539 0.207 0.299 1.00 0.590
T = 200 jol 0.062 0.025 0.045 0.105 0.082 0.054 0.076 0.191 0.129 0.056 0.095 0.192
jo2 0.062 0.025 0.044 0.104 0.082 0.054 0.076 0.191 0.130 0.056 0.094 0.192
1 - - 0.054 0.048 - - 0.072 0.084 - - 0.134 0.089
lag = 3 2 - - 0.112 0.228 - - 0.119 0.236 - - 0.206 0.336
T = 200 jol - - 0.054 0.047 - - 0.072 0.083 - - 0.134 0.086
jo2 - - 0.054 0.047 - - 0.071 0.083 - - 0.133 0.086
1 - - 0.063 0.053 - - 0.078 0.070 - - 0.145 0.077
lag = 4 2 - - 0.116 0.155 - - 0.118 0.161 - - 0.207 0.271
T = 200 jol - - 0.063 0.053 - - 0.078 0.069 - - 0.145 0.076
jo2 - - 0.064 0.052 - - 0.078 0.069 - - 0.145 0.076
1 0.062 0.084 0.061 0.098 0.610 0.117 0.081 0.126 0.306 0.135 0.142 0.150
lag = aic 2 0.163 0.160 0.118 0.167 0.229 0.166 0.127 0.172 0.322 0.266 0.212 0.271
T = 200 jol 0.063 0.084 0.061 0.098 0.612 0.117 0.081 0.125 0.309 0.135 0.141 0.150
jo2 0.063 0.084 0.061 0.097 0.611 0.117 0.081 0.124 0.309 0.135 0.141 0.149
1 0.055 0.042 0.052 0.059 0.917 0.069 0.083 0.075 - 0.076 0.116 0.085
lag = sic 2 0.157 0.172 0.151 0.167 0.225 0.179 0.163 0.174 - 0.271 0.239 0.279
T = 200 jol 0.056 0.043 0.052 0.058 0.917 0.069 .082 0.075 - 0.076 0.115 0.083
jo2 0.056 0.042 0.051 0.057 0.917 0.069 0.082 0.073 - 0.076 0.115 0.083
1 0.048 0.006 - - 0.938 0.912 - - - - - -
lag = 1 2 0.147 0.447 - - 0.209 0.581 - - - - - -
T = 300 jol 0.049 0.006 - - 0.938 0.912 - - - - - -
jo2 0.049 0.006 - - 0.941 0.912 - - - - - -
1 0.055 0.024 0.042 0.134 0.075 0.055 0.074 0.227 0.109 0.059 0.089 0.229
lag = 2 2 0.122 0.220 0.156 0.549 0.130 0.228 0.165 0.567 0.195 0.313 0.238 0.608
T = 300 jol 0.055 0.024 0.042 0.130 0.075 0.056 0.074 0.227 0.109 0.060 0.090 0.227
jo2 0.055 0.023 0.042 0.131 0.075 0.055 0.074 0.227 0.109 0.059 0.089 0.227
1 - - 0.058 0.046 - - 0.072 0.079 - - 0.118 0.080
lag = 3 2 - - 0.113 0.230 - - 0.119 0.238 - - 0.204 0.343
T = 300 jol - - 0.058 0.045 - - 0.071 0.079 - - 0.118 0.081
jo2 - - 0.058 0.046 - - 0.071 0.080 - - 0.118 0.080
1 - - 0.062 0.045 - - 0.076 0.070 - - 0.132 0.075
lag = 4 2 - - 0.113 0.151 - - 0.116 0.158 - - 0.214 0.277
T = 300 jol - - 0.062 0.045 - - 0.076 0.071 - - 0.132 0.075
jo2 - - 0.062 0.045 - - 0.076 0.071 - - 0.132 0.075
1 0.054 0.074 0.065 0.090 0.602 0.098 0.079 0.114 0.286 0.116 0.126 0.136
lag = aic 2 0.153 0.140 0.120 0.147 0.215 0.146 0.127 0.153 0.335 0.255 0.212 0.268
T = 300 jol 0.054 0.074 0.065 0.090 0.601 0.097 0.079 0.114 0.283 0.116 0.126 0.135
jo2 0.054 0.075 0.065 0.090 0.601 0.098 0.079 0.114 0.283 0.116 0.126 0.135
1 0.048 0.042 0.052 0.054 0.938 0.066 0.077 0.076 - 0.071 0.111 0.082
lag = sic 2 0.147 0.148 0.133 0.147 0.209 0.156 0.141 0.154 - 0.261 0.219 0.272
T = 300 jol 0.049 0.042 0.052 0.053 0.938 0.066 0.076 0.076 - 0.071 0.111 0.082
j02 0.049 0.042 0.052 0.054 0.941 0.066 0.076 0.076 - 0.070 0.110 0.082

T See notes to Table 2.
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Table 4: Summary of Sequential Wald Test Monte Carlo Results, Empirical Sizel, Data Generating Process is (DS1)

Ap1 Ap2 AP3
Lag/ CI VAR(1) VAR(1)  VAR(3) VAR(3) VAR(1) VAR(1) "VAR(3) VAR(3) VAR(1) VAR(1) "VAR(3) VAR(3)
Sample rank  (MA (MA2) (MA1) (MA (MA1) (MA2) (MA1) (MA2) (MA1) (MA2) (MA1) (MA2)
I 04498 0.960 — — 04246 0.856 — — — — —
lag = 1 2 0.452 0.799 - - 0.195 0.724 - - - - - -
T = 100 jol 0.846 0.997 - - 0.688 0.959 - - - - - -
jo2 0.759 0.995 - - 0.537 0.947 - - - - - -
1 0.165 0.438 0.491 0.935 0.164 0.413 0.484 0.936 0.290 0.503 0.593 0.946
lag = 2 2 0.157 0.364 0.382 0.870 0.157 0.346 0.382 0.869 0.199 0.390 0.441 0.895
T = 100 jol 0.500 0.499 0.696 0.949 0.500 0.489 0.690 0.949 0.688 0.551 0.754 0.958
jo2 0.4 0.495 0.668 0.950 0.407 0.482 0.661 0.950 0.574 0.546 0.727 0.959
1 — - 0.164 0.552 - - 0.162 0.554 - - 0.305 0.679
lag = 3 2 - - 0.155 0.432 - - 0.154 0.436 - - 0.214 0.521
T = 100 jol - - 0.500 0.660 - - 0.500 0.664 - - 00 0.775
jo2 - - 0.425 0.633 - - 0.375 0.637 - - 0.525 0.754
1 — - 0.174 0.286 - - 0.175 0.272 - - 0.331 0.398
lag = 4 2 - - 0.166 0.237 - - 0.166 0.233 - - 0.237 0.292
T = 100 jol - - 0.250 0.350 - - 0.300 0.338 - - 0.400 0.447
jo2 - - 0.269 0.339 - - 0.288 0.324 - - 0.500 0.435
1 0.478 0.329 0.187 0.382 0.259 0.322 0.186 0.383 0.487 0.430 0.325 0.513
lag = aic 2 0.441 0.292 0.179 0.331 0.208 0.291 0.179 0.335 0.405 0.332 0.237 0.401
T = 100 jol 0.750 0.524 0.579 0.634 0.667 0.515 0.553 0.626 0.600 0.546 0.605 0.730
jo2 0.605 0.507 0.438 0.592 0.500 0.491 0.391 0.587 0.500 0.539 0.547 0.689
1 0.498 0.687 0.164 0.553 0.246 0.653 0.162 0.557 1.00 0.485 0.305 0.674
lag = sic 2 0.453 0.611 0.155 0.438 0.195 0.588 0.154 0.444 1.00 0.388 0.214 0.522
T = 100 jol 0.860 0.897 0.500 0.669 0.688 0.869 0.500 0.673 0.00 0.567 0.500 0.780
jo2 0.759 0.869 0.425 0.646 0.537 0.837 0.375 0.650 0.00 0.546 0.525 0.762
1 0.490 0.968 0.267 0.908 - - - - - -
lag = 1 2 0.451 0.875 0.203 0.816 - - - - - -
T = 200 jol 1.00 0.998 0.833 0.981 - - - - - -
jo2 0.818 0.996 0.500 0.974 - - - - - -
1 0.165 0.629 0.503 0.974 0.162 0.599 0.499 0.976 0.290 0.664 0.611 0.978
lag = 2 2 0.154 0.547 0.398 0.949 0.157 0.515 0.393 0.949 0.194 0.570 0.460 0.958
T = 200 jol 0.750 0.678 0.712 0.978 0.750 0.660 0.708 0.979 0.750 0.703 0.770 0.982
jo2 0.500 0.670 0.684 0.981 0.533 0.648 0.679 0.981 0.700 0.696 0.751 0.984
1 - - 0.147 0.663 - - .144 0.671 - - 0.299 0.765
lag = 3 2 - - 0.136 0.552 - - 0.140 0.560 - - 205 0.624
T = 200 jol - - 0.200 0.750 - - 0.200 0.758 - - 0.500 0.842
jo2 - - 0.387 0.733 - - 0.355 0.741 - - 0.548 0.827
1 - - 0.140 0.354 - - 0.140 0.344 - - 0.311 0.458
lag = 4 2 — - 0.135 0.299 - - 0.137 0.298 - - 0.212 0.356
T = 200 jol - - 0.267 0.415 - - 0.267 0.401 - - 0.467 0.511
jo2 - - 0.293 0.406 - - 0.293 0.391 - - 0.488 0.499
1 0.465 0.213 0.158 0.218 0.269 0.213 0.154 0.213 0.383 0.364 0.308 0.387
lag = aic 2 0.431 0.193 0.148 0.195 0.211 0.191 0.151 0.195 0.350 0.260 0.214 0.273
T = 200 jol 0.833 0.373 0.182 0.447 0.714 0.373 0.182 0.433 0.000 0.452 0.545 0.538
jo2 0.643 0.371 0.400 0.375 0.450 0.374 0.371 0.365 0.250 0.446 0.571 0.485
1 0.490 0.491 0.147 0.524 0.267 0.473 0.144 0.525 - 0.548 0.299 0.619
lag = sic 2 0.451 0.432 0.136 0.456 0.203 0.419 0.140 0.463 - 0.449 0.205 0.515
T = 200 jol 1.00 0.695 0.200 0.784 0.833 0.680 0.200 0.793 - 0.701 0.500 0.860
jo2 0.818 0.678 0.387 0.751 0.500 0.658 0.355 0.758 - 0.688 0.548 0.825
1 0.469 0.971 - - 0.248 0.912 - - - - - -
lag = 1 2 0.458 0.886 - - 0.202 0.834 - - - - - -
T = 300 jol 0.600 1.00 - - 0.600 0.985 - - - - - -
jo2 0.696 0.997 - - 0.533 0.979 - - - - - -
1 0.151 0.757 0.514 0.985 0.148 0.729 0.508 0.985 0.270 0.777 0.623 0.988
lag = 2 2 0.145 0.696 0.408 0.970 0.146 0.664 0.407 0.970 0.185 0.716 0.464 0.977
T = 300 jol 0.667 0.776 0.732 0.987 0.667 0.760 0.727 0.987 0.833 0.790 0.790 0.989
jo2 0.3 0.776 0.699 0.987 0.333 0.756 0.695 0.987 0.576 0.790 0.765 0.989
1 - - 0.144 0.716 - - 0.146 0.722 - - 0.284 0.802
lag = 3 2 - - 0.135 0.613 - - 0.138 0.620 - - 0.190 0.675
T = 300 jol - - 0.333 0.803 - - 0.333 0.808 - - 0.444 0.872
jo2 - - 0.296 0.783 - - 0.296 0.789 - - 0.370 0.858
1 - - 0.133 0.447 - - 0.134 0.428 - - 0.290 0.531
lag = 4 2 - - 0.125 0.381 - - 0.127 0.377 - - 0.198 0.429
T = 300 jol - - 0.417 0.536 - - 0.417 0.497 - - 0.417 0.610
jo2 - - 0.355 0.519 - - 0.387 0.485 - - 0.452 0.592
1 0.453 0.179 0.152 0.202 0.253 0.177 0.153 0.198 0.482 0.338 0.289 0.373
lag = aic 2 0.447 0.166 0.142 0.180 0.209 0.165 0.146 0.177 0.397 0.239 0.196 0.264
T = 300 jol 0.571 0.371 0.333 0.328 0.667 0.371 0.333 0.310 0.667 0.427 0.444 0.474
jo2 0.654 0.382 0.310 0.306 0.531 0.387 0.310 0.301 0.500 0.462 0.414 0.451
1 0.469 0.374 0.144 0.404 0.248 0.366 0.146 0.390 - 0.459 0.284 0.505
lag = sic 2 0.458 0.336 0.135 0.357 0.202 0.329 0.138 0.356 - 0.373 0.190 0.408
T = 300 jol 0.600 0.651 0.333 0.678 0.600 0.653 0.333 0.646 - 0.685 0.444 0.725
j02 0.696 0.593 0.296 0.641 0.533 0.587 0.296 0.613 - 0.637 0.370 0.691

1 See notes to Table 2.
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Table 5: Summary of SIC and AIC Criteria Approach to Causal Analysisl, Data Generating Process is (CI-1)

DGP lag AIC SIC Model Selected- aic Model Selected - sic
ample CI levels difference CI levels difference
VAR(1)-(MAT) 1 0.958 0.995 0.953 0.047 — 0.995 0.005 —
T = 100 2 0.358 0.113 0.889 0.105 0.006 0.929 0.052 0.019
aic 0.945 0.960 0.946 0.048 0.006 0.984 0.008 0.008
sic  0.958 0,995 0953  0.047 - 0995  0.005 -
1 0.963 0.995 0.962 0.038 — 0.995 0.005 —
T = 200 2 0.380 0.072 0.907 0.093 0.000 0.966 0.034 0.000
aic 0.945 0.955 0.957 0.042 0.001 0.991 0.008 0.001
sic 0,963 0,995 01962 0.038 - 0995  0.005 -
1 0.973 0.999 0.973 0.027 — 0.999 0.001 —
T = 300 2 0.343 0.057 0.901 0.099 .000 0.977 0.023 0.000
aic 0.950 0.957 0.967 0.033 0.000 0.998 0.002 0.000
sic 0.973 0.999 0.973 0.02 - 0.99 0.001 -
VAR(1)-(MA2) 1 0.962 0.994 0.948 0.052 — 0.994 0.006 —
T = 100 2 0.450 0.143 0.919 0.080 0.001 0.972 0.023 0.005
aic 0.365 0.051 0.829 0.134 0.037 0.920 0.063 0.017
sic 0.583 0.359 0.922 0.077 0.001 0.974 0.021 0.005
1 0.967 0.994 0.955 0.045 — 0.994 0.006
T = 200 2 0.505 0.136 0.936 0.064 0.000 0.986 0.014 0.000
aic 0.261 0.015 0.866 0.117 0.017 0.955 0.039 0.006
sic 0.459 0.106 0.934 0.066 0.000 0.981 0.017 0.002
1 0.980 0.998 0.965 0.035 — 0.998 0.002 —
T = 300 2 0.586 0.162 .966 0.034 0.000 0.994 0.006 0.000
aic 0.239 0.003 0.897 0.098 0.005 0.966 0.033 0.001
sic 0.425 0.056 0.943 0.057 0.000 0.985 0.015 0.000
VAR(3)-(MA1) 2 0.371 0.096 0.920 0.080 0.000 0.982 0.018 0.000
T = 100 3 0.275 0.047 0.835 0.163 0.002 0.907 0.089 0.004
4 0.250 0.027 0.815 0.172 0.013 0.870 0.123 0.007
aic 0.326 0.063 0.853 0.144 0.003 0.905 0.091 0.004
sic 0.379 0.114 0.913 0.087 0.000 0.973 0.027 0.000
2 0.383 0.058 0.933 0.067 0.000 0.986 0.014 0.000
T = 200 3 0.278 0.024 0.883 0.117 0.000 0.936 0.064 0.000
4 0.232 0.013 0.860 0.139 0.001 0.918 0.082 0.000
aic 0.290 0.029 0.886 0.114 0.000 0.934 0.065 0.001
sic 0.381 0.054 0.929 0.071 0.00 0.970 0.030 0.000
2 0.390 0.066 0.925 0.075 0.000 0.996 0.004 0.000
T = 300 3 0.260 0.018 0.873 0.127 0.000 0.950 0.050 0.000
4 0.224 0.002 0.850 0.150 0.000 0.936 0.064 0.000
aic 0.264 0.016 0.876 0.124 0.000 0.953 0.047 0.000
sic 0.336 0.043 0.897 0.103 0.000 0.967 0.033 0.000
VAR(3)-(MA2) 2 0.669 0.364 0.956 0.044 0.000 0.975 0.025 0.000
T = 100 3 0.433 0.091 0.915 0.082 0.003 0.927 0.052 0.021
4 0.304 0.032 0.854 0.119 0.027 0.925 0.056 0.019
aic 0.323 0.022 0.814 0.150 0.036 0.910 0.080 0.010
sic 0.504 0.147 0.925 0.068 0.007 0.943 0.043 0.014
2 0.828 0.483 0.960 0.040 0.000 0.988 0.012 0.000
T = 200 3 0.485 0.062 0.936 0.064 0.000 0.960 0.039 0.001
4 0.312 0.006 0.915 0.085 0.000 0.964 0.0: 0.002
aic 0.225 0.001 0.854 0.134 0.012 0.955 0.045 0.000
sic 0.418 0.029 0.936 0.064 0.000 0.960 0.038 0.002
2 0.895 0.585 0.976 0.024 0.000 0.992 0.008 0.000
T = 300 3 0.562 0.082 0.948 0.052 0.000 0.968 0.032 0.000
4 0.312 0.001 0.922 0.078 0.000 0.971 0.029 0.000
aic 0.185 0.00 0.860 0.131 0.009 0.952 0.048 0.000
sic 0.350 0.011 0.928 0.072 0.000 0.975 0.025 0.000

T Results based on the model selection criteria type approaches discussed above are reported in this table. The
lags used are listed, as is the number of observations in the sample, and the DGP used to generate the data.
The proportion of “wins” accruing to each type of estimated model (VEC model (CI), stationary levels model
(levels), and difference stationary model (difference) are listed in columns 5-10.
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Table 6: SIC and AIC Approach Rejection Frequenciesl, Data Generating Process is (CI-1).
Estimations Based on Assumption that It Is Known that the Data Are Generated According to a

All

VEC

Tag CI VAR(1)-(MAI) VAR(1)-(MA2) VAR(3)-(MAI) VAR(3)-(MA2)
Sample _rank _ AIC SIC AIC SIC AIC SIC IC SIC
Tag = 1 T 0.076  0.076  0.023  0.023 = = = =
T = 100 2 1.00 1.00 1.00 1.00 - - - -
lag = 2 1 0.241  0.115  0.289  0.121  0.203  0.072  0.541 0.315
T = 100 2 1.00 1.00 1.00 1.00 1.00 0.999 1.00 1.00
lag = 3 1 - - - - 0.233  0.096  0.337 0.104
T = 100 2 - - - - 1.00 0.974  0.999 0.994
lag = 4 1 - - - - 0.231  0.097  0.205 0.040
T = 100 2 - - - - 0.999  0.724  0.998 0.914
lag = aic 1 0.104  0.091  0.260 0.059  0.252  0.108  0.240 0.041
T = 100 2 1.00 0.999  0.999 0926 0999  0.954  0.991 0.675
lag = sic 1 0.076  0.076  0.248  0.113  0.206  0.078  0.388 0.141
T = 100 2 1.00 1.00 1.00 1.00 1.00 0.997  0.998 0.991
lag = 1 1 0.061  0.061  0.023  0.023 - - - -
T = 200 2 1.00 1.00 1.00 1.00 - - -
lag = 2 1 0.228  0.086 0.372  0.129  0.212  0.047  0.729 0.434
T = 200 2 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
lag = 3 1 - - - - 0.212  0.070  0.403 0.082
T = 200 2 - - 1.00 1.00 1.00 1.00
lag = 4 1 - - - - 0.189  0.075  0.220 0.021
T = 200 2 - - - - 1.00 0.996 1.00 1.00
lag = aic 1 0.084  0.067 0.177  0.026  0.223  0.074  0.154 0.024
T = 200 2 1.00 1.00 1.00 0.982 1.00 0.999 1.00 0.887
lag = sic 1 0.061  0.061  0.339  0.101  0.233  0.059  0.322 0.048
T = 200 2 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
lag = 1 1 0.058  0.058  0.023  0.023 - - - -
T = 300 2 1.00 1.00 1.00 1.00 - - - -
lag = 2 1 0.201  0.068  0.456  0.155  0.216  0.054  0.841 0.556
T = 300 2 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
lag = 3 1 - - - 0.182  0.057  0.488 0.100
T = 300 2 - - 1.00 1.00 1.00 1.00
lag = 4 1 - - 0.181  0.054  0.223 0.015
T = 300 2 - - - - 1.00 1.00 1.:00 1.00
lag = aic 1 0.079  0.064  0.157  0.020 0.188  0.052  0.135 0.023
T = 300 2 1.00 1.00 1.00 0.996 1.00 1.00 1.00 0.942
lag = sic 1 0.058  0.058  0.303  0.060  0.213  0.058  0.256 0.021
T = 300 2 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

T See notes to Table 5. The reported numerical values are the proportion of rejections of the “null

hypothesis” of noncausality. All models are compared in pairwise fashion.

For example, in this

table each entry corresponds to the rejection frequency when two alternative cointegrating models are
compared - one with the causal variable of interest included, and one without.
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Table 7a: SIC and AIC Approach Rejection Frequencies 1, Data Generating Process is (CI-1). All Estimations
Based on Assumption that It Is Known that the Data Are Generated According to a Levels VAR

Sample  Lag  VAR(1)-(MA1) VAR(1)-(MA2) VAR(3)-(MAI VAR(3)-(MA2
3 AC()(IC) A()(SIC) AI()(S ) ()(SIC)

I 1C (@] AT
T 0.329 0.113 0.410 0.205 — — — =
T = 100 2 0.262 0.036 0.386 0.082 0.321 0.050 0.595 0.248
3 - - - - 0.212 0.010 0.370 0.037
4 - - = - 0.202 0.006 0.261 0.018
aic 0.341 0.113 0.306 0.020 0.254 0.017 0.263 0.010
sic 0.329 0.113 0.410 0.114 0.326 0.058 0.417 0.092
1 0.359 0.081 0.420 0.156 - - = -
T = 200 2 0.272 0.018 0.427 0.063 0.315 0.033 0.759 0.300
3 - - - - 0.205 0.012 0.432 0.034
4 - - — — 0.177 0.003 0.256 0.003
aic 0.363 0.081 0.212 0.005 0.214 0.011 0.178 0.002
sic 0.359 0.081 0.399 0.048 0.307 0.030 0.358 0.019
1 0.349 0.089 0.458 0.168 — — — -
T = 300 2 0.264 0.014 0.506 0.079 0.350 0.031 0.825 0.368
3 - - - - 0.193 0.003 0.496 0.040
4 N — - — 0.166 0.000 0.268 0.00
aic 0.354 0.089 0.198 0.001 0.199 0.003 0.154 0.00
sic 0.349 0.089 0.352 0.028 0.276 0.022 0.299 0.004

T See notes to Table 6.
Table 7b: SIC and AIC Approach Rejection Frequenciesl, Data Generating Process is (CI-1). All Estimations
Based on Assumption that It Is Known that the Data Are Generated According to a VAR in Differences

S 1 L VAR(1)-(MA1 VAR(1)-(MA2 VAR(3)-(MA1 VAR(3)-(MA2
ampe 28 VPG -(ah  VASW-OIRD)  VAG®-OLR 3-8

AIC
T — — — — — — — —
T = 100 2 1.00 0.999 1.00 1.00 0.721 0.449 0.972 0.916
3 - - - - 0.949 0.668 0.990 0.905
4 - — — — 0.946 0.512 0.993 0.835
aic 1.00 0.945 0.998 0.922 0.892 0.609 0.977 0.631
sic - - 1.00 1.00 0.737 0.467 0.986 0.897
1 — — — — — — — —
T = 200 2 1.00 1.00 1.00 1.00 0.914 0.727 0.998 0.995
3 - - - - 1.00 0.954 .00 0.998
4 — — — = 1.00 0.914 1.00 0.995
aic 1.00 0.980 1.00 0.988 0.997 0.942 0.998 0.833
sic 0.00 0.00 1.00 1.00 0.932 0.776 1.00 0.995
1 - - - - - - - -
T = 300 2 1.00 1.00 1.00 1.00 0.971 0.856 1.00 1.00
3 - - - - 1.00 0.998 1.00 1.00
4 - - - — 1.00 0.993 1.00 1.00
aic 1.00 1.00 1.00 0.997 1.00 0.996 1.00 0.931
sic 0.00 0.00 1.00 1.00 0.987 0.938 1.00 1.00

-

See notes to Table 7a.
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Table 8: MSE, MAD, and MAPE Type Ex Ante Predictive Abilityl, Data Generating Process is (CI-1). All Estimations Based on
Assumption that It Is Known that the Data Are Generated According to a VEC

Tag/ CI VAR[L)-(MAD) VAR(D)-(MA2) VAR(3)-(MA1) VAR(3)-(MA2)
Sample __rank _MSE __MAD _MAPE __MSE __MAD _MAPE _MSE _MAD _MAPE _MSE M MAPE
Tag = 1 T 0.166  0.158  0.114  0.288 0.243 _ 0.185 = = = = = =
T = 100 2 0.147 0144  0.105 0.260 0228  0.178 - - - - - -
lag = 2 1 0.013  0.016  0.014  0.014 0.019  0.016  0.011 0.017  0.015  0.024  0.025 0.016
T = 100 2 0.063 0082 0071 0145 0152  0.125  0.066 0058 0048 0125 0113 0.073
lag = 3 1 - - - - - - 0.010  0.015  0.013  0.012  0.012 0.008
T = 100 2 - - - - - - 0.043  0.047  0.033 0055  0.060 0.050
lag = 4 1 - - - - - - 0.008 0.010  0.014  0.012  0.010 0.006
T = 100 2 - - - - - - 0.035 0.036  0.033 0051  0.048 0.041
lag = aic 1 164 153 0111  0.005 0.007  0.007  0.010 0.017  0.016  0.007  0.011 0.005
T = 100 2 0.144 0142 0105 0.080 0071  0.065  0.048 0051 0037 0045 0.044 0.031
lag = sic 1 0.166  0.158  0.114  0.077 0.077  0.058  0.014 0018  0.016  0.023  0.018 0.010

00 2 0.147 0144 0105 0173 0180  0.138  0.070 0061 0049  0.075  0.070 0.058
lag = 1 1 0.595 0519  0.373  0.716  0.630  0.441 - - - - -
T = 200 2 0.564 0495 0357 0713 0625  0.431 - - - - - -
lag = 2 1 0.025 0.017  0.011  0.017 0.022 0014  0.013 0012  0.009  0.063  0.061 0.047
T = 200 2 0.332 01288 0199 0524 0464 0303 0232 0192 0123 0385 0344 0.236
lag = 3 1 - - - - - - 0.008  0.004  0.009  0.023  0.024 0.014
T = 200 2 - - - - - - 0.224 0171  0.117  0.304 0.248 0.157
lag = 4 1 - - - - - - 0.009 0.012  0.014  0.011  0.012 0.006
T = 200 2 - - - - - - 0.146 0,109  0.074 0221 0.172 0.117
lag = aic 1 0.572  0.493  0.352  0.007  0.005  0.008  0.009 0.006  0.010  0.008 0.010 0.003
T = 200 2 0.550 0476 0346 0238 0219  0.155  0.220 0.163  0.117 0138 0.124 0.078
lag = sic 1 0.595 0.519  0.373  0.015 0.022  0.016  0.014 0.009  0.009  0.019 0.018 0.010

= 200 2 0.564 0.495  0.357  0.462 0.406  0.266  0.233  0.188  0.122  0.252  0.207 0.137
lag = 1 0.832  0.768  0.556  0.909 0.858  0.633 - - - - - -
T = 300 2 0.806 0.750  0.554  0.902 0.851  0.626 - - - - -
lag = 2 1 0.030  0.033  0.023  0.039 0.040  0.032  0.019 0.015  0.011  0.074  0.072 0.048
T = 300 2 0.617 0522  0.368  0.801 0.730  0.500  0.469 0.378  0.246  0.634  0.542 0.340
lag = 3 1 - - - - - - 0.021  0.020  0.015  0.025 0.028 0.015
T = 300 2 - - - - - 0.417  0.343  0.218  0.477  0.417 0.245
lag = 4 1 - - - - - - 0.020 0.019  0.011  0.005 0.008 0.006
T = 300 2 - - - - - - 0.276 0.235  0.158  0.384  0.318 0.205
lag = aic 1 0.788  0.732  0.527  0.007  0.005  0.007  0.019 0.020  0.014  0.005  0.008 0.010

= 300 2 0.788 0.735  0.544  0.394 0.312  0.224  0.407 0.332  0.215  0.214  0.180 0.108
lag = sic 1 0.832 0.768  0.556  0.017  0.024  0.023  0.024 0.018  0.014  0.008 0.012 0.005

— 300 2 0.806  0.750  0.554  0.696  0.500  0.406  0.444  0.352  0.232  0.392  0.326 0:202

T The approaches reported on in this table are based on the use of ex ante MSE, MAD, and MAPE forecasting criteria. The lags used
are listed, as is the number of observations in the sample. The DGPs used to generate the data are given across the columns of the
table. The cointegrating rank of the estimated VEC model is given in column 2 of the table. Numerical entries are the proportion
of rejections of the “null hypothesis” of noncausality. All models are compared in pairwise fashion. For example, in this table each
entry corresponds to the rejection frequency when two alternative cointegrating models are compared - one with the causal variable
of interest included, and one without. The choice of which model is “best” is based on an examination of the forecasts errors used in
the calculation of the MSE, MAD, and MAPE. In particular, predictive accuracy tests in the spirit of Diebold and Mariano (1995) are
carried out (see above discussion).
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VAR®)-(MA2)

MSE

VAR(3)-(MAD)
MSE  MAD _MAPE

VAR(D)-(MAD)
MSE  MAD _ MAPE

Lag

Table 9a: MSE, MAD, and MAPE Type Ex Ante Predictive Abilityl, Data Generating Process is (CI-1). All Estimations Based on

Assumption that It Is Known that the Data Are Generated According to a Levels VAR
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Table 10: Summary of SIC and AIC Criteria Approach to Causal Analysisl, Data Generating Process is (CI-2)

DGP lag AIC SIC Model Selected- aic Model Selected - sic
ample CI levels difference CI levels difference
VAR(1)-(MAT) 1 0.962 0.994 0.961 0.039 — 0.994 0.006 —
T = 100 2 0.388 0.123 0.858 0.117 0.025 0.911 0.044 045
aic 0.931 0.950 0.953 0.043 0.004 0.983 0.008 0.009
sic  0.962 0,994 0961 0.039 - 0994  0.006 -
1 0.951 0.994 0.949 0.051 — 0.994 0.006 —
T = 200 2 0.351 0.082 0.863 0.135 0.002 0.952 0.044 0.004
aic 0.932 0.958 0.946 0.053 0.001 0.992 0.007 0.001
sic 0951 0994 01949  0.051 - 0994  0.006 -
1 0.946 0.997 0.943 0.057 0.997 0.003
T = 300 2 0.334 0.061 0.876 0.124 000 0.958 0.042 000
aic 0.925 0.946 0.941 0.059 0.000 0.994 0.006 0.00
sic 0.946 0.997 0.943 0.057 - 0.997 0.003 -
(VAR(l))-BMA2) 1 0.945 0.984 0.913  0.087 - 0.980  0.020 -
T =100 2 0.440 0.123 0.909 0.091 0.000 0.986 0.014 0.000
aic 0.353 0.046 0.804 0.134 0.062 0.919 0.056 0.025
sic 0.436 0.121 0.892 0.101 0.007 0.971 0.019 0.010
1 0.935 0.986 0.909 0.091 — 0.986 0.014 —
T = 200 2 0.457 0.082 0.938 0.062 0.000 0.990 0.010 0.000
aic 0.233 0.007 0.839 0.132 0.029 0.971 0.027 0.002
sic 0.335 0.030 0.916 0.084 0.000 0.989 0.011 0.000
1 0.932 0.980 0.901 0.099 — 0.979 0.021 —
T = 300 2 0.465 0.063 915 0.085 00 0.990 0.010 .000
aic 0.225 0.002 .835 0.145 0.020 0.959 0.041 .000
sic 0.294 0.011 0.895 0.105 0.000 0.989 0.011 0.000
(VAR(3))-(MA1) 2 0.388 0.094 0.885 0.115 0.00 0.955 0.043 0.002
T = 100 3 0.293 0.035 0.828 0.157 0.015 0.938 0.054 0.008
4 0.248 0.013 0.798 0.165 0.037 0.941 0.055 0.004
aic 0.333 0.049 0.832 0.152 0.016 0.936 0.055 0.009
sic 0.402 0.118 0.881 0.116 0.003 0.953 0.044 0.003
2 0.366 0.057 0.895 0.105 0.000 0.964 0.036 0.000
T = 200 3 0.287 0.024 0.873 0.126 0.001 0.933 0.064 0.003
4 0.234 0.008 0.848 0.143 0.009 0.923 0.071 0.006
aic 0.294 0.025 0.870 0.125 0.005 0.928 0.068 0.004
sic 0.365 0.056 0.893 0.107 0.000 0.955 0.044 0.001
2 0.402 0.041 0.886 0.114 0.000 0.967 0.033 0.000
T = 300 3 0.264 0.011 0.859 0.141 0.000 0.940 0.060 0.000
4 0.215 0.001 0.840 0.159 0.001 0.932 0.068 0.000
aic 0.274 0.010 0.865 0.135 0.000 0.940 0.060 0.000
sic 0.330 0.026 0.874 0.126 0.000 0.947 0.053 0.000
(VAR(3))-&MA2) 2 0.671 0.381 0.912 0.088 0.000 0.932 0.068 0.000
T ="100 3 0.404 0.049 0.927 0.072 0.001 0.978 0.021 0.001
4 0.276 0.017 0.908 0.087 0.005 0.975 0.019 0.006
aic 0.293 0.015 0.834 0.130 0.036 0.936 0.055 0.009
sic 0.376 0.051 0.921 0.077 0.002 0.977 0.021 0.002
2 0.745 0.383 0.907 0.093 0.000 0.945 0.055 0.000
T = 200 3 0.392 0.041 0.924 0.076 0.000 0.988 0.012 0.000
4 0.259 0.003 0.899 0.100 0.001 0.986 0.012 0.002
aic 0.200 0.002 0.821 0.153 0.026 0.963 0.037 0.000
sic 0.270 0.008 0.899 0.098 0.003 0.986 0.013 0.001
2 0.783 0.404 0.905 0.095 0.000 0.914 0.086 0.000
T = 300 3 0.384 0.026 0.882 0.118 0.000 0.974 0.026 0.000
4 0.238 0.001 0.868 0.132 0.000 0.981 0.019 0.000
aic 0.174 0.000 0.810 0.174 0.016 0.959 0.041 0.000
sic 0.224 0.002 0.860 0.139 0.001 0.981 0.018 0.001

1 See notes to Table 5.
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Table 11: Summary of SIC and AIC Criteria Approach to Causal Analysisl, Data Generating Process is (CI-2).
All Estimations Based on Assumption that It Is Known that the Data Are Generated According to a VEC

Lag/ CI VAR(1)-(MATI) VAR(1)-(MA2) VAR(3)-(MATI) VAR(3)-(MA2)
Sample rank AIC SIC AIC SIC AIC SIC AIC SIC
Tag = 1 1 0.064 0.064 0.003 0.003 — — — —
T = 100 2 1.00 1.00 1.00 1.00 - - - -
lag = 2 1 0.218 0.081 0.192 0.049 0.209 0.067 0.297 0.109
T = 100 2 0.983 0.757 1.00 1.00 0.996 0.915 1.00 0.999
lag = 3 1 - - - - 0.193 0.041 0.196 0.022
T = 100 2 — - - - 0.913 0.379 0.999 0.970
lag = 4 1 — — — — 0.195 0.020 0.148 0.006
T = 100 2 — — - - 0.714 0.096 0.997 0.773
lag = aic 1 0.086 0.074 0.220 0.026 0.218 0.049 0.190 0.010
T = 100 2 0.999 0.982 0.983 0.697 0.914 0.497 0.942 0.414
lag = sic 1 0.064 0.064 0.197 0.048 0.209 0.064 0.195 0.019
T = 100 2 1.00 1.00 1.00 0.991 0.991 0.893 0.998 0.914
lag = 1 1 0.068 0.068 0.00 0.00 - - - -
T = 2 00 2 1.00 1.00 1.00 1.00 - - - -
lag = 2 1 0.219 0.087 0.175 0.020 0.196 0.043 0.357 0.108
T = 2 00 2 1.00 0.965 1. 1. 1.00 0.999 1.00 1.00
lag = 3 1 - - - - 0.193 0.058 0.181 0.012
T = 2 00 2 - - - - 0.998 0.745 1.00 1.00
lag = 4 1 - - - - 0.177 0.027 0.141 0.002
T = 2 00 2 — — — — 0.943 0.248 1.00 0.992
lag = aic 1 0.085 0.073 0.147 0.013 0.202 0.058 0.142 0.010
T =200 2 1.00 0.992 0.998 0.810 0.995 0.723 0.994 0.590
lag = sic 1 0.068 0.068 0.160 0.007 0.205 0.051 0.149 0.005
T =200 2 1.00 1.00 1.00 1.00 1.00 0.947 1.00 0.981
lag = 1 1 0.069 0.069 0.002 0.002 - - - -
T = 3 00 2 1.00 1.00 1.00 1.00 - - - -
lag = 2 1 0.194 0.079 0.171 0.021 0.208 0.035 0.398 0.120
T = 3 00 2 1.00 0.998 1.00 1.00 1.00 1.00 1.00 .00
lag = 3 1 - - - - 0.172 0.061 0.171 0.008
T = 3 00 2 - - - - 1.00 0.944 1.00 1.00
lag = 4 1 - - - - 0.165 0.041 0.116 0.00
T = 3 00 2 - - - - 0.989 0.451 1.00 1.00
lag = aic 1 0.083 0.069 0.142 0.022 0.180 0.059 0.118 0.011
T = 3 00 2 1.00 0.999 1.00 0.902 1.00 0.918 0.999 0.734
lag = sic 1 0.069 0.069 0.140 0.007 0.201 0.058 0.116 0.00
T =3 00 2 1.00 1.00 1.00 1.00 1.00 0.966 1.00 0.997
T See notes to Table 5.
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Table 12a: Summary of SIC and AIC Criteria Approach to Causal Analysisl, Data Generating Process is (CI-2).
All Estimations Based on Assumption that It Is Known that the Data Are Generated According to a Levels VAR

Sample La VAR(1)-(MA1 VAR(1)-(MA2 VAR(3)-(MA1 VAR(3)-(MA2
& AC()( IC) AIC()(SIC) AI()(SC) ()(SIC)

I (6] AIC
T 0.34T 0.115 0.554 0.349 — — — -
T = 100 2 0.270 0.040 0.358 0.078 0.295 0.043 0.602 0.301
3 - - - - 0.221 0.014 0.346 0.037
4 - - — - 0.201 0.008 0.229 0.011
aic 0.344 0.113 0.282 0.018 0.253 0.022 0.240 0.005
sic 0.341 0.115 0.353 0.072 0.304 0.051 0.320 0.036
1 0.301 0.080 0.563 0.329 — - - —
T = 200 2 0.241 0.022 0.360 0.053 0.283 0.028 0.617 0.288
3 - - - - 0.202 0.006 0.327 0.031
4 - - = — 0.186 0.00 0.209 0.001
aic 0.308 0.078 0.193 0.002 0.208 0.007 0.160 0.00
sic 0.301 0.080 0.270 0.019 0.271 0.026 0.218 0.005
1 0.310 0.057 0.599 0.342 — — — —
T = 300 2 0.224 0.011 0.352 0.043 0.296 0.015 0.687 0.292
3 - - - - 0.182 0.002 0.312 0.020
4 - — - — 0.164 0.00 0.187 0.001
aic 0.307 0.054 0.165 0.001 0.191 0.002 0.139 0.00
sic 0.310 0.057 0.220 0.006 0.230 0.005 0.179 0.001

T See notes to Table 6a.
Table 12b: Summary of SIC and AIC Criteria Approach to Causal Analysisl, Data Generating Process is (CI-2).

All Estimations Based on Assumption that It Is Known that the Data Are Generated According to a VAR in
Differences

Sample  Lag  VAR(1)-(MAI)  VAR(IL)-(MA2)  VAR(3)-(MAI VAR(3)-(MA2
3 ()(SIC) AIC()(s ) AIC()(SC) ()(SIC)

- AIC ite] I AIC
T=100 2 0829 0567 0995 0937 0385 0164  0.309 0.109
3 = = - - 0401  0.093  0.646 0:214
1 - — — = 0364 0047  0.884 0:388
aic  0.828  0.609 0968  0.702 01406  0.111  0.870 0:277
sic  0.00  0.00 0994 00924 0386 0.164 0724 0.282
T=200 2 0978 0828 100 0999 0594  0.280  0.332 0.108
3 - = ~ = 0641 0182 0861 01411
1 ~ - - - 0550  0.068  0.996 0.797
aic 0930 0512 0997  0.874 0642 0186  0.993 0548
sic  0.00  0.00 100 0996 00601 0260 0.982 0.762
1 — — — — — — — —
T=300 2 0995 0948  1.00 1.00 0722 0382  0.403 0.131
3 - - - - 0789 0271 0,961 0.613
1 ~ — - 0718 0111  1.00 0:947
aic  0.963 0.870  1.00  0.930 0787 0264  0.998 0747
sic = = 1.00 1.00 0761  0.316  1.00 0.944

-

See notes to Table 6b.
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