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Abstract

In this paper a likelihood-based multi-variate unit root testing framework is uti-
lized to test whether the real exchange rates of G10 countries are non-stationary.
The framework uses a likelihood ratio statistic which combines the information
across all involved countries while retaining heterogeneous rates of mean reversion.
This likelihood ratio statistic has an asymptotic distribution which can be typified
as a summation of squared, univariate Dickey and Fuller (1979) distributions. Our
multi-variate unit root tests indicate that bilateral G10 real exchange rates are sta-
tionary, irrespective of the numeraire country. On the other hand, the choice of the
numeraire country seems to be of importance for the issue whether mean reversion
rates across G10 real exchange rates are heterogeneous or homogeneous.

Keywords: Multi-variate unit root testing, maximum likelihood estimation, PPP,

real exchange rates.
JEL classification: C12, C23, F31.

1 Introduction

Purchasing power parity (PPP) is a main building bloc for open-economy macroeconomic
models and it implies that the competitiveness between two countries is equalized. A
practical implication of PPP is that real exchange rates are stationary and it has given
impetus to a whole literature on testing for stationary real exchange rates. In general,
applying conventional augmented Dickey and Fuller (1979) (ADF) unit root tests on
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real exchange rates relative to the United States (U.S.) could not reject the null of non-
stationary real exchange rates. For example, Mark (1990) is not able to reject the null
of non-stationarity for monthly real exchange rates relative to the U.S. and the United
Kingdom (U.K.) for the 1973-1988 period whereas Papell (1997) has the same result for
both monthly and quarterly U.S. real exchange rates over the 1973-1994 period. With
respect to Germany-based real exchange rates both Mark (1990) and Papell (1997) pro-
vide more positive estimation results, albeit that they still do not significantly reject the
hypothesis of non-stationarity for a majority of their real exchange rates.!

Since the Monte Carlo analysis in Shiller and Perron (1985) it is well known that the
power of ADF unit root tests depend on the time span of the sample utilized in testing.
As the time span of the post-Bretton Woods floating rate sample is rather short, 1973 up
to the present, one can be doubtful that conventional ADF unit root tests are capable of
detecting persistent, but stationary patterns in real exchange rates. One possible remedy
for this problem is to look at panel data sets of real exchange rates. One can discern
two groups of panel-based unit root tests of real exchange rates. Studies like Frankel and
Rose (1996), MacDonald (1996), Oh (1996) and Papell (1997) have conducted panel unit
root testing on real exchange rates using a version of the Levin and Lin (1992) panel
unit root test. In general these studies find evidence for stationary real exchange rates in
panels for 6 to 100 real exchange rates relative to both the U.S. and Germany on post-
Bretton Woods samples. However, the evidence within panels of less than 10 countries is
weak. Also, Papell (1997) fails to find evidence for stationarity within several samples of
quarterly U.S.-based real exchange rates.

A major disadvantage of panel unit root testing based on the Levin and Lin (1992)
approach is the assumption of cross-sectional independence between the different real ex-
change rates within the panel. Monte Carlo experiments in O’Connell (1998) indicate
that panel unit root tests that neglect cross-sectional dependence yields severely biased
test results on cross-sectionally correlated data. Given the fact that real exchange rates
relative to the same base country are contemporaneously correlated, one should be doubt-
ful with respect to test results based on Levin and Lin (1992) approach. A second group
of panel-based studies, most notably Abuaf and Jorion (1990) and O’Connell (1998), uti-
lize panel unit root test regressions where they allow for cross-sectional correlation across
the included real exchange rates. On a monthly sample of G10 real exchange rates over
the period 1973-1987 Abuaf and Jorion (1990) only rejects the null of non-stationarity
marginally at a 10% significance level. O’Connell (1998) in panels of 12 to 64 countries
with quarterly data over the period 1973-1995 cannot reject the null of non-stationary
real exchange rates at all.

When properly conducted, that is allowing for cross-sectional dependence, panel unit
root tests give mixed results on the issue whether or not real exchange rates are stationary.
However, the bulk of panel-based studies are based on the assumption of identical rates
of mean reversion and the weak panel-based evidence in favor of PPP could very well
be caused by inappropriately assuming homogeneous speeds of mean reversion across
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countries, as suggested by O’Connell (1998, p. 18). For example, bilateral real exchange
rates behave differently when monetary shocks in the bilateral relation ship are dominant
than when real shocks are dominant. It is known from the literature that deviations from
PPP are of short duration for high inflation countries. Also, when the home country has
linked its monetary policy to that of the base country, based for example on a target zone
regime, PPP deviations do not last long. On the other hand, when productivity growth in
the home country is for a long period higher than in the base country Balassa (1964) argues
that the corresponding bilateral real exchange rate will exhibit a sustained appreciation,
implying a low rate of mean reversion. Finally, the mean reversion of real exchange
rates can be slowed down by the existence of transportation costs (see Dumas 1992) and
when these transportation costs differ across countries they could lead to differing speeds
of adjustment. Hence, in order to profit from the extra information in multi-country
samples it could be worthwhile to conduct multi-country tests of PPP based on cross-
sectional heterogeneity of mean reversion parameters.

Multi-country tests of PPP under parameter heterogeneity have up to now not been
applied on a frequent basis. Coakley and Fuertes (1997) test the validity of PPP for
U.S.-based real exchange rates of G10 countries over the 1973-1995 period within the
heterogeneous panel unit root testing framework of Im et al. (1997)) and they can reject
the null of non-stationary real exchange rates. But, the results of Coakley and Fuertes
(1997) should be treated with suspicion as the Im et al. (1997) framework, like the Levin
and Lin (1992) framework, is based on the assumption of cross-sectional independence.
Hakkio (1984) does allow for cross-sectional dependence as he estimates a system of four
U.S.-based real exchange rates with generalized least squares (GLS), and his estimation
results does not provide evidence for PPP. However, the Hakkio (1984) results are not
explicitly based on the non-stationarity of real exchange rates under the null and are
therefore unreliable. The most reliable results available in case of heterogeneous panels are
provided by Engel et al. (1997), who use dollarized price levels over the period 1978-1994
for two cities in each of the U.S., Canada, Germany and Switzerland. Engel et al. (1997)
construct three panel models comprising intra-national real exchange rates, national real
exchange rates and continental (North-America versus Europe) real exchange rates, and
they simultaneously estimate these three panel models with GLS. Based on parametric
bootstrap distributions they test if each of the three panels are composed of non-stationary
real exchange rate data and these tests reject the validity of PPP. Yet, Engel et al. (1997)
only allow for a limited degree of parameter heterogeneity: across the three panels there
is heterogeneity and within each of the three panel models the mean reversion speeds are
homogeneous. This particular specification could very well be the cause of their negative
results on the PPP hypothesis.

As an alternative to existing studies, our paper proposes to estimate a system of N
ADF test regressions with iterative seemingly unrelated regression estimation (SURE)
where the parameters differ for each equation. Likelihood ratio statistics are constructed
to test the null hypothesis that all N series are non-stationary versus the alternative
hypothesis that all N series are stationary. Compared to the existing literature our



framework has several advantageous features. First, the set-up of our multi-variate unit
root testing framework is such that it allows for different rates of mean reversion under the
alternative of stationary series. Next, the estimates and tests within our likelihood-based
framework are robust to any contemporaneous correlation across the series in our system.
In fact, our likelihood-based framework actually utilizes the presence of contemporaneous
correlation to enhance the power of the multi-variate unit root test. Existing studies of
panel unit root tests on contemporaneously correlated data use (parametric) bootstrap
distributions, as they claim that “.if there is cross-correlation in the data (...) the
distributions of the statistics are not the same as before and are not known.” (Maddala
and Wu 1996, p. 14). Yet, for our multi-variate likelihood ratio unit root test we are able
to determine the distribution even if the data are cross-correlated.

The multi-variate unit root test is used to test for the validity of PPP under cross-
sectional heterogeneity for G10 real exchange rates within the 1973-1996 post-Bretton
Woods period. In contrast to the existing literature, we not only use the U.S. as the
numeraire country. Both within pure time series data (Frenkel 1981, Mark 1990) and
within panel data sets (Jorion and Sweeney 1996, Papell 1997) there is more evidence
for stationary real exchange rates when instead of the U.S. Germany is used as the base
country. Therefore, we use Germany as one of our base countries. Also, like Mark (1990)
we use the United Kingdom (U.K.) as numeraire country. Finally, we use Japan as a
base country for our G10 bilateral real exchange rates as this is the second largest non-
European country within the set of G10 countries and because the Japanese economy has
undergone several structural changes during this period. The multi-variate unit root test
results indicate that irrespective of the base country G10 bilateral real exchange rates are
stationary. We also test whether mean reversion speeds are homogeneous across the G10
real exchange rates, and this does seem to depend upon the choice of numeraire country.

The remainder of this paper is organized as follows. In section 2 we provide a short
overview of existing panel unit root tests. The likelihood-based multi-variate unit root
testing framework is described in section 3. Multi-variate tests on the stationarity of G10
real exchange rates are reported in section 4. Section 5 concludes the paper.

2 Existing Panel Unit Root Tests

In order to improve upon the negative results of standard time series unit root tests, unit
root testing on real exchange rates has recently been conducted within panels of N real
exchange rates. Most studies base their analysis on the Levin and Lin (1992) framework
which utilizes a test regression like?

p
Az = 0 + azip g + Z’YijAIEi,t—j +e, t=1,... , Ny t=1,....,T, (1)

i=1

2The most appropriate specification for unit root tests on real exchange rates is the specification with
a constant included in the test regression.



where Az = ;4 — %41, 0; is a constant which can differ across the cross-sections, ¢
is the cross-section index and ¢ is the time series index. Levin and Lin (1992) assume
in (1) cross-sectionally unrelated disturbances: €; ~ N(0,02) for i = 1,...,N, and p
lagged first differences are added to guarantee that the ¢;’s are not autocorrelated. The
non-stationarity of z; for s = 1,... , N can now be tested in (1) through a t-statistic ¢,
for Hy: « =0 versus H;: « < 0. Levin and Lin (1992) derive that for T — oo, N — oo
and v/ N/T — 0 a proper transformation of £, converges in the limit to a standard normal
distribution:?

V1.25t, + V1.875N = N(0, 1). (2)

A drawback of panel unit root testing based on (1), is the assumption of a homogeneous
adjustment speed under the alternative hypothesis. Such an alternative hypothesis implies
two things:

(a) ;<0fori=1,...,N;
(b) and conditional on (a): oy = -+ = an.

When in reality only (a) is valid, assuming a common « in (1) can be too restrictive and
could decrease the power to reject the null in favor of a true alternative hypothesis. A
possible solution is to base multi-country unit root testing of real exchange rates on the
framework of Im et al. (1997). This framework is based on the estimation of the ADF

test regression for each x4, ...,z y: separately:
Pi
Az = 6; + i1 + Y Vi Aig—j + i, (3)
j=1

and constructing N conventional ADF t-statistics £,; under the null @; = 0 for ¢ =
1,...,N. Assuming Cov(e;y, €:) = 0 for 4,5 = 1,... ,N with ¢ # j, Im et al. (1997)
propose to test Hy: o; = 0 versus H;: o; < 0 through

I; = \/N(E_ E(ta,i|ai = 0)) = N(O, 1), (4)

\/Var(ta,i|ai = 0)

where I = Zf\i 1 ta,i and the asymptotic distribution is valid for N — oo and T' — oc.
In (4) E(tales = 0)) and Var(t,4/c; = 0) are the cross-sectional mean and variance of
the ¢,;’s under the null which are calculated through Monte Carlo simulations.

Both the Levin and Lin (1992) and the Im et al. (1997) approaches suffer from a
number disadvantages which makes them inappropriate for testing the empirical validity
of PPP across NV real exchange rates. Firstly, both approaches are based on cross-sectional
independence between the involved real exchange rates and we argued before that this
is a very unlikely assumption. As a consequence the asymptotic distributions in (2)

3A symbol “=” indicates convergence in distribution.



and (4) are invalid. Also, the set of testable hypotheses within the Im et al. (1997)
framework are economically invalid. The Im et al. (1997) framework tests Hy: oy = 0
versus Hy: o; < 0fors=1,...,N and as such the alternative hypothesis is consistent
with non-stationarity in a sub-sample of cross-sections. As the PPP hypothesis implies
that each real exchange rate in the sample is stationary, the Im et al. (1997) hypothesis
set-up is not compatible with the PPP hypothesis as one could still reject the null while a
fraction of the real exchange rates are non-stationary. In the next section we propose an
alternative framework, which allows for both heterogeneous rates of mean reversion and
cross-sectional dependence. In contrast to the Im et al. (1997) approach, our multi-variate
framework can be used to test the null of non-stationary real exchange rates versus the
alternative that all N real exchange rates are stationary.

3 A Multi-Variate Framework for Unit Root Testing

In this section we propose a likelihood-based framework in which we simultaneously test
for non-stationarity across NV series. We first discuss in section 3.1 the involved estimation
issues. Next, we construct in section 3.2 our multi-variate likelihood ratio unit root test
statics and discuss the corresponding asymptotic distribution. Results of a Monte Carlo
analysis of our test statistics can be found in section 3.3.

3.1 Maximum Likelihood Estimation

In order to conduct a unit root test on an individual variable z; one can run a ADF test
regression

Azy =02 + axp1 +ywp +6&; t=1,...,T. (5)

In (5) Azy = x; — 24—1, the m X 1 deterministic components vector z; either contains a
constant: z; = 1, or a constant plus a linear time trend: z; = (1 ¢)’ with the 1 x m
coefficient vector 6, and wy = (Azy_y -+ - Azy_p)" with the 1 X p coefficient vector . The
unit root test is a test if in (5) a = 0.

To conduct unit root testing on a variable z;; of the i** individual within a panel of
N individuals, we can stack N ADF regressions like (5) into one system,

(51 (67] 0---0 0 Y1 0---0 0
AXt: 2y + 0 0 Xt_1+ 0 0 Wpt+5t ()
(SN 0 0---0 anN 0 0---0 YN

= SZt + q)Xt—l + FWpt + Et,

where «; relates Az to z;; 1 and 7; relates Azy to Aziy 1,...,Az;s " The model
in (6) consists of the N x 1 vectors Xi—1 = (T14-1-"-Zne-1), AXe = Xy — Xi—1 and

4Note that the number of lagged first differences can differ across the equations of (6).



e = (€, -€y,)', and the (32N, p;) x 1 vector W, = (Wpyg1 - Wpyen) fort=1,...,T
andi=1,...,N. In (6) 2, Zit, wp;, 0;, &; and y; have an identical definition as in (5) for
i=1,...,N, and the coefficient matrices §, ® and I' have dimensions equal to N x m,
N x N and N x (Zf\il p;) respectively. We assume a multivariate normal distribution for
the disturbance vector &;: &, ~ N(Oy, ), with the N-dimensional vector of zeros Ox and
the N X N covariance matrix structure,

Wi o WIN
Q=+ -~ ] (7)

WN1 **+ WNN

In (7) wi; = Cov(ey, €;) fori,j=1,...,N.

Unit root testing across N individuals simultaneously within the restricted vector
autoregressive (VAR) model (6) involves testing the parameter restriction @y = --+ =
any = 0. The VAR model subject to general exclusion restrictions is adopted in (6) in order
to get an estimable model while still retaining a form of inter-dependency between the
individuals through the non-diagonal structure (7) of the disturbance covariance matrix.
Our restricted VAR hinges on the following assumption:

Assumption 3.1 There is no linear dependence between the variable z;; of individual
and lags of the variable z;; of individual j for i # j.

Proper estimation of the restricted VAR model (6) involves the usage of feasible GLS (or
SURE), see Liitkepohl (1993, Section 5.2).
The log-likelihood function for model (6) can be written as,’

_ NT T
ﬁ((s, @, F, Q) = —Tln(2ﬂ') + 51H|Q_1|

) i _
= gt (VHAX = 20 = X1 @' = WI') (AX = Z8' = X 19" = W,T)), (8)

where 6, ® and I" are defined in (6) and  has an identical structure as (7). The T x N
matrices AX, X_; and the T x (3~ | p;) matrix W, in (8) can be defined as:

AX] X Wzﬁl
AX = : , X = : and W, = : ,
AXrp Xy T

and the T X m matrix Z equals Z = 17 or Z = (¢ 7) with ¢7 is a T x 1 vector of ones and
the T x 1 vector 7 = (1---T)".

Maximum likelihood estimates of 6, ®, ' and the disturbance covariance matrix  in
(6) can be obtained through iterative SURE (ISURE). Essential for this ISURE procedure

5The determinant of Q! is indicated with |Q2~!| and the trace of a matrix is indicated with ¢r(---).




is proper estimation of 2, and based on (8) Q2 is estimated with the standard conditional
maximum likelihood estimator:%

~A 2

A A 1 ~ A~ ~N\/ ~f ~ ~
O3, 8,0) =~ (AX _Z5 - X_, &' - Wpr’) (AX _Z5 - X_, &' - Wpr’) . (9)
The ISURE procedure starts off with a consistent initial estimate of €.

N

T
A a oy A 1 A A
Q(@OLS) = (QZ])Z]—l NWlth QZ] = T Z eite;t. (10)
J=1,..., —1

In (10) € and é€;; are residuals resulting from N OLS regressions of Az, on 2, ;:—1 and
Aziy 1,...,Az;iy , as in (5). The initial estimate (10) is used to estimate §, ® and T
through SURE and these SURE estimates in turn can be used to construct a new estimate
of Q based on (9). Next, we can construct new SURE estimates of §, ® and T using the
estimate of (2 based on the old SURE estimates of 4, ® and I'. Magnus (1978) shows that
iterating in this manner until convergence of the estimators yields maximum likelihood
estimates of §, ®, T' and Q.

3.2 Multi-Variate Unit Root Testing

For unit root testing across NV individuals simultaneously based on a specification like (6),
we make use of SURE estimators as outlined in section 3.1. Hence, we can only consider
the cases where T' > N and the limiting behaviour of our test statistics are based on large
T asymptotics while assuming a fixed cross section dimension .

As the null hypothesis of N unit roots involves a restriction on N parameters simul-
taneously, we shall use a likelihood ratio test to test for non-stationarity in our SURE
system. One can straightforwardly show that the maximized value of (8) conditional on

the maximum likelihood estimates 8, ® and I in combination with disturbance covariance
matrix estimator (9) can be specified as”

A n A A A A NT T A A A A
lmax|0, @, T, Q(3, @, 1) = 41, = _T(l +1In(27)) — 5ln|Q(6, o, 1) (11)
Under the unit root restriction, i.e. @y = -+ = ay = 0 in (6), maximum likelihood
estimation is identical as in section 3.1 but without z,;_,...,zn1 included in our

restricted VAR model. The corresponding maximized log-likelihood function equals:

N - PN

bunsB, 7, 95, )] = 4 = — 21 (1 4+ In(2m)) — LInfQ2, D). (12)

6The number of time series T is identical for each equation as this greatly simplifies the estima-
tion of covariance matrix Q). Hence, we consider in this paper only systems with balanced times series
observations.

"Note that In|Q~!| = —In|Q)|.



The likelihood ratio test statistic for Hy: @y = - -+ = ay = 0 within (6) versus H;: «; # 0
fors=1,...,N is now identical to:

_—yy

LRo—p = 2(Chax — Lrx) = T[|(6, 1)] — I|2(3, &, 1)) (13)

max

The asymptotic behaviour of the multi-variate unit root test statistic in (13) can be
typified as

Proposition 3.1 Let,

(a) the estimates of 81,... ,0n, Q1,... ,QN, V1,--- , YN and  be fully converged estimates
from the iterative estimation schemes of section 8.1 both under the null hypothesis
(v =--- = ay =0) and the alternative hypothesis,

(b) each of the N series gy, ... ,Tne be I(1),

(c) the cross-section dimension N be fized and the time series dimension T — oo.

Then the limiting distribution of LRs—q in (13) equals:

LRs— ég (/ BidBi>2 (/ Bi?) B

In (14) “= 7 denotes convergence in distribution, B;(u) is a scalar standard Brownian
motion for individual i on the interval u € [0, 1], [ BidB; = fol B;(v)dB;(u)du and
Bi(u) = B;(u) if in (6) 6, = --- = 0y = 0 or Bij(u) = B;j(u). When appropriate, B;(u)
equals for individual i B;(u) = Bi(u)—fo1 B(u)du if in (6) 2, = 1 or B;(u) = B;(u)—a;—b;t
if in (6) z = (1 t) with a; and b; resulting from regressing B;(u) on a constant and a
linear time trend.

Proof: See Appendiz A.

(14)

Expression (14) is identical to a summation of N squared Dickey and Fuller (1979) lim-
iting distributions for the univariate ADF unit root test. Appendix B describes how we
compute the critical values for test statistic (13) based on the asymptotic distributions
from proposition 3.1.

The finite sample properties of test statistic (13) can be improved through a degrees
of freedom correction as suggested by Sims (1980). It involves replacing 7" in (13) by the
average degrees of freedom per equation under the alternative hypothesis:

CLRs_q = (T — d)[In|2(3, T)| — In|Q2(3, &, )], (15)

where?

d=%<N(m+1)+;pi>.

8The number of deterministic components per equation equals m (m = 0, m = 1 or m = 2), the
number of lagged first differences per equation equals p; and we have 1 lagged level z; ;1 per equation.
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Obviously, the corrected likelihood ratio test statistic (15) has smaller values than (13)
and in finite samples combined with a large number of parameters CLRg—g could very
well be much closer to the asymptotic distribution (14) than LRg—.

3.3 Monte Carlo Evaluation

To study the behaviour of our multi-variate unit root test statistics (13) and (15) we
conduct a Monte Carlo analysis on artificial samples with comparable dimensions as the
multi-country systems used in section 4. We report the rejection frequencies both for a
true null hypothesis and a true alternative hypothesis at a nominal size of 5%, based on
6,000 Monte Carlo experiments.

Within the Monte Carlo experiments the data generating process (DGP) of the arti-
ficial series y;; used in our tests equals:

yit:Ci+piyi,t—1+:uit7 Z:177N7t:177T (16)

A specification with a constant is chosen in (16) as we use this specification in section 4
and it is the most appropriate one for testing the PPP hypothesis. Also, we set 7' = 96 in
(16) which is comparable to the number of quarterly observations within the 1973-1996
sample used in section 4. The cross-section dimension is set at N = 9 as we have 9 real
exchange rates in the multi-country systems of section 4. We also set N = 3, 6 so that we
can determine how the sizes and power ratios react to increases in the number of variables
analyzed within the SURE system. The innovations p; in (16) are generated through

Mit = Aifig—1 + €it (17)
where (€15 - - €nt)’ ~ N(Oy, X) with®
=09, 0is N x N and O ~U(0, 1). (18)

Randomly generating the elements of the © matrix in (18) from an uniform distribution
U(0, 1) guarantees that the €;’s in (17) are positively cross-correlated, as in the historical
samples from section 4.

Sizes and power ratios are computed both with and without first order serially corre-
lated p;y’s in (17):

Size without serial correlation: for i = 1,... , N we have in (16) ¢; = 0 and p; = 1,
and in (17) A; = 0.

Size with serial correlation: for i = 1,..., N we have in (16) ¢; = 0 and p; = 1, and
in (17) A ~ U(=0.5, 0.5).

Power without serial correlation: for ¢ = 1,... , N we have in (16) ¢; ~ U(-1, 1)
and p; ~ U(0.9, 1), and in (17) A; = 0.

9The denomination U(k;, k2) indicates that we draw from an uniform distribution on the interval
between, but NOT including, k; and k.

10



Power with serial correlation: for ¢ = 1,... , N we have in (16) ¢; ~ U(-1, 1) and
pi ~ U(0.9, 1), and in (17) A ~ U(=0.5, 0.5).

For the power computations we have chosen to draw the mean reversion parameters from
U(0.9, 1) in order to have an ample amount of heterogeneity, comparable with the range
of estimated parameters in section 4, combined with a significant degree of persistence.
All other parameters were also drawn from uniform distributions for each i =1,... , N so
that we have heterogeneity across the IV cross-sections. As a benchmark we also calculate
the sizes and power ratios for the univariate ADF unit root test, based on the above
mentioned DGP’s only now with N = 1.

The results of the Monte Carlo experiments on our multi-variate unit root tests are
reported in table 1. When we have no serially correlated innovations we see that both the
LRs—¢ and the CLRg— statistics have a correct size at the 95% quantile from distribution
(14). In case of first order serially correlated innovations we have fitted our SURE system
(6) with a common lag order p equal to 1, 2 and 3. For p = 1 we have again in all cases
a correct size. When the utilized lag order increases from 1 to 2 and 3 we see in table 1
that at N = 9 the LRg—( statistics has a tendency to slightly overreject the true null
hypothesis. The CLRg—¢ statistic, however, retains a correct size when at N =9 the lag
order increases to 2 and 3. Overall, the CLRg—¢ statistic has better a size than the LRg—g
statistic when the number of parameters increase substantially.

When we look at the power ratios in table 1 we see that at NV = 3 we have for both
multi-variate unit root test statistics power ratios in the range of 60%-72%. When we
compare this to the univariate ADF test it becomes clear that already at very moderate
cross-section dimensions our LRg—g and CLRg— statistics have a superior power perfor-
mance relative to univariate tests. An increase in the number of series from 3 to 6 and 9
results in a substantial increase in the power ratios to levels beyond the 90% value. Given
these results it would be interesting to determine how much of the high power ratios of
our multi-variate unit root test statistics is due to the presence of positive cross-correlated
innovations. Therefore, we also compute power ratios based on Monte Carlo experiments
without contemporaneous correlation in the data, i.e. we set the off-diagonal elements of
¥ in (18) equal to 0. When the LRo—¢ and CLRg_ statistics are based on non-correlated
data the corresponding power ratios, reported in square brackets in table 1, are consider-
ably lower than in the case of correlated data. The presence of positive cross-correlated
innovations results in at least a 65% increase of the power of our multi-variate unit root
test statistics.

To further assess the importance of contemporaneously correlated data, we have also
employed our Monte Carlo experiments to compute the sizes and power ratios of the
Im et al. (1997) panel unit root test. In section 2 we stated that when we have cross-
correlated data the corresponding limiting distribution of the Im et al. test is incorrect.
This is confirmed by the fact that in table 1 the Im ef al. test at N =6 and N = 9 is
considerably oversized. Corresponding power ratios in table 1 indicate that the Im et al.
test has a low power relative to the LRs—¢ and CLRg—q statistics, despite the fact that
the Im et al. test is oversized under the null. This is caused by the fact that within the

11



Im et al. framework the N test regressions are separately estimated and not jointly as
in our framework. Therefore, next to the objections already mentioned in section 2 the

ower calculations suggest another objection to the usage of the Im et al. test on real
exchange rate data a relati e lack of ower in case of a moderate number of ersistent,
stationary series. ence, our likelihood based multi ariate unit root test statistics are
the most a ro riate for a multi country analysis of real exchange rates.

In this section we a ly the multi ariate unit root testing framework from section on
the real exchange rates of the countries in order to test the alidity of for all
these countries. ection . contains an descri tion of the data. 1so, we conduct in this
subsection uni ariate unit root tests on bilateral real exchange rates relati e to the

., ermany a an and the . . ext, were ortin section .2 multi ariate unit root
test results for our four sets of bilateral real exchange rates.

In its logarithmic form the real exchange rate for the home country ers s a foreign
country is de ned as

where , , and are the logarithm of the real exchange rate, the nominal exchange
rate, the foreign aggregate rice le el and the home aggregate rice le el res ecti ely.
on rn is alid when the real exchange rate has a constant mean through time,
im lying an e uali ed relati e com etiti eness in the long run between two countries.
Thus in must be stationary, ¢.e. one should reject the null hy othesis
iid. 2

in fa or of the alternati e hy othesis
2

n interce t is included in 2 to correct for measurement errors due to the fact that
we use in ractice rice indices and not actual rice le els. ote that 2 allows for
s ort r n de iations from

e consider real exchange rates for  of the most im ortant industriali ed countries

, ..e. anada, rance, ermany, Italy, a an, The etherlands, weden, wit er
land, the . .and the . . uarterly obser ations from . through . are used
in the estimation of our systems of real exchange rates. ogarithms of real exchange rates
are constructed as in , where we use the consumer rice index I as a roxy of
the aggregate rice le el. ata on the Is and exchange rates are obtained from the
I s nternational inan tal tatisti s 1 . real exchange rates are constructed




















































