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1 Introduction

Since its introduction by Efron (1979) the bootstrap has been the focus of
much research in statistics and econometrics. Numerous books have appeared
on the topic, eg. Beran and Ducharne (1991), Davidson and Hinkley (1997),
Efron and Tibshirani (1993) and Hall (1992). Some bootstrap research pa-
pers with an econometric orientation are Maddalla and Jeong (1996), Hall
(1994), Horowitz (1997) and Vinod (1993). The bootstrap is a method by
which one can estimate the distribution of an estimator or test statistic by
resampling ones data. One actually treats the data as if it were the pop-
ulation for the purpose of evaluating the distribution of interest. In finite
samples the bootstrap is often more accurate than first-order asymptotic ap-
proximations. Thus it is a practical method of improving upon first-order
asymptotic approximations. Such improvements are called asymptotic re-
finements and lead in general to more efficient estimation. The bootstrap
can provide asymptotic refinements in a number of situations, eg hypothe-
sis testing and confidence interval estimation. The bootstrap can be used
to obtain confidence intervals with reduced errors in coverage probabilities.
That is the difference between the true and nominal coverage probabilities
is often lower when the bootstrap is used than when first-order asymptotic
approximations are used to obtain a confidence interval.

This paper aims to show how a number of bootstrap procedures can be used
to construct confidence intervals for a panel cointegration regression esti-
mated by Dynamic Ordinary Least Squares (DOLS) procedures. Moreover
it shows how use of the bootstrap leads to more efficient estimation of re-
gression parameters and confidence intervals. The layout of the paper is
as follows. In section 2 we show the bootstrap methodology. In section 3
the bootstrap procedures are given. In sections 4 and 5 the Dynamic OLS
estimation of a panel cointegration regression is described. In section 6 effi-
cient estimation is discussed. In section 7 we have the estimation results and
conclusion.

2 The Bootstrap Methodology

We now give a general method, without proofs, of how the bootstrap is
implimented and how it can be used to construct confidence intervals.

Definition 2.1 Let the data {X;,i =1,...,N} be a random sample from a
probability distribution with cumulative distribution function (CDF) Fy. Let
Fy € ¥ where 9 is a finite or infinite family of distribution functions. We



may index a parameter by 6 whose population value is 6y and write Fo(X, 6p)
for P(X < z).

Definition 2.2 Let T, = T,,(X;, ... X,) be a statistic (a function of the data)
and let G, (1, Fy) = P(T,, < 1) be the ezact finite sample CDF of T,, when the
data are sampled from the distribution of Fy. If G, (., Fy) does not depend on
Fy the statistic T, is then said to be pivotal. An asymptotically pivotal
statistic means that the asymptotic distribution does not depend on unknown
population parameters.

Remark 2.3 The t-statistic for testing a hypothesis about a slope coefficient
m a normal linar regression model is independent of unknown population
parameters and therefore is pivotal.

The bootstrap is a method for estimating G, (., Fy) or features of G, (., Fp)

when Fj is unknown and is usually implimented by Monte Carlo simulation.

Asymptotic distribution theory is another method for estimating G, (., Fp).

Many econometric statistics are asymptotically standard normally distributed,
possibly after centering and normalisation. Such statistics are asymptotically

pivotal.

Example 2.4 Monte Carlo procedure for Bootstrap estimation of
GTL(T) FO)

(a) Step 1: Generate a bootstrap sample of size n, {X},i = 1,...,N} by
sampling the distribution corresponding to F,, randomly. If F,, is the
empirical distribution function (EDF) of the estimation data set then,
the bootstrap sample can be obtained by sampling the estimation data
randomly with replacement.

(b) Step 2: Compute T = T,(X},.... X}).

(c) Step 3: Use the results of many repetitions of steps 1 and 2 to compute
the empirical probability of the event T < 1, ie P*(TF < 7).

Proposition 2.5 Let G (., Fy) denote the asymptotic CDF of T, when the
data are sampled from the distribution whose CDF is Fy. If T, is asymptoti-
cally pivotal then G (., Fy) = Guoo(.) does not depend on Fy. Therefore, when

n is sufficiently large G (., Fo) can be estimated by Gu(.) without knowing
.



Theorem 2.6 Let 6 be a population parameter with unknown but true value
Oo. Let 6,, be a \/n-consistent, asymptotically normal estimator of 6 and let
s, be a consistent estimator of the standard deviation of the asymptotic dis-
tribution of \/n(0, —6y). Then an asymptotic (1 —«a) confidence interval
for 0y is

Sn Sn
(1) On — Z(c0,2) NG < by < 0+ 20,9 NG
Corollary 2.7 Define T, = Ylba=00) — Then the coverage probability of the

Sn

asymptotic confidence interval is
(2) P(|T] < 2(c00,9))-

Remark 2.8 If Z(n,2) 1S the exact, finite sample a-level critical value, then
it is the (1 — a) quantile of the distribution of T,,. Therefore Z(n,2) solves the
equation

(3) Gn(Z(n,%), F()) — Gn(—z(n,%), FO) =1—-a.

Unless T, is exactly pivotal we cannot solve the above since Fy is unknown. A
feasible version can be obtained from a first-order asymptotic approxrimation
by replacing Gy, by Goo. Thus the asymptotic critical value z(w 2y solves

(4) GOO(Z(OO,%>, FO) — Goo(—Z(oQ%), FO) =1—-a.

When T, is asymptotically pivotal G (.) is the standard normal distribution
and z(s0,2) can be obtained from the standard normal quantiles. The bootstrap
version of Theorem (2.6) replaces Fy with the EDF of the data F,,. The

*

bootstrap critical value Z(n,2) solves
(5) Gn(zzkn7%), Fn) — Gn(—Zz(n7%), Fn) =1-a.

Theorem 2.9 Let 6} be our bootstrap estimator of 6,, and s}, be our bootstrap
estimator of s, thus T, = w 18 our bootstrap statistic computed by the
repetitions of steps 1-2 of our Monte Carlo procedure for bootstrap estimation.
Let these repetitions be the empirical distribution of |T,,| and let Z{m%) equal
the (1 — a) quantile of the distribution satisfying equation (5). Then the
bootstrap (1 — a) confidence interval for 6, is

(6) On — 2,

8

(7) P < 2h0)).



3 Bootstrap Procedures

(A) The standard or asymptotic confidence interval'

The interval estimate for a parameter G is just as useful as a point estimate.
Together they tell us what the best estimate for 8y is and how much error
we can expect. Texts such as Cramer (1946), Malinvaud (1980) and Casella
and Berger (2002) provide general discussions of the interval estimate. Large
sample theory is often used here with unknown confidence interval parame-
ters substituted by their large sample plug-in estimates, which then provides
asymptotic justification for the confidence interval.

Assume Z = %28 o N(0,1) and let 2(®) be the 100ath percentile point

of a N(0,1) dis(f;i)bution as given by the standard normal table. Thus
for @ = 0.025 and 0.05 then 2(%9%®) = _—1.96 and 2(%%) = —1.645 and
217 = 0975) — 1,96 and 2(*9) = 1.645, respectively etc. Thus we can
write .
(8) Prob {z(a) < 5 _Aﬁk < z(l_a)} =1-2a

se( )
or

A A

9) Prob {Bk — 2D se(By) < B < Br — z(a)se(ﬁk)} =1—-2a
or ) o A

(10) Prob {ﬁk € {ﬂk — 2 se(By), Br — z(a)se(ﬂk)}} =1-2a.
In general we can write

(11) [Bk - Z(lfa)Se(Bk), Bk - Z(Q)SG(Bk)}

as the standard confidence interval for 3 with coverage probability = 1 —2a.
We can also write the confidence interval as

(12) [Bi £ 2= se(By) | -

The latter formula showing that 2(® = —z(1=% which when o = 0.05 and
1 —2a = 0.90 we get

(13) [Br £ 1.6455¢(B) | -
X 1\ZVhen constructing confidence intervals for multiparameter vectors, eg [3’ =
(61, B2,...,0:) we get k-dimensional confidence rectangles. To avoid notational diffi-

culties we shall restrict our bootstrap confidence intervals to the single parameter case, ie
the element 3y of 3. However, it should be noted that these single parameters belong to
multiparameter vectors



We can also write equations (11),(12) and (13) in terms of the upper and
lower confidence bounds, that is

(14) 05 = [Bk - z(l’a)se(ﬁk)] = Lower Bound.
(15) éip = [Bk - z(a)se(ﬁk)] = Upper Bound.

Hence the standard (1 — 2a) confidence interval becomes [éfo, és }

_ BB
se(Br)
N(0,1) holds only asymptotically, then these confidence intervals become

approximations with large sample justification only.

~J

The above confidence intervals are exact. However assuming Z =

(B) The Percentile Method

This was developed by Efron (1981),(1982) and uses the bootstrap estimates
of By to construct a confidence interval. Hall (1992) also develops a per-
centile confidence interval and refers to Efron’s as the, "other” percentile
method. Given the bootstrap data set {X*,i =1,...,N,t =1,...,T} for
b=1,..., B, let the vector of bootstrap replications (ie B (b) = s(XZ*tb) the
estimate of 3;), be 3*. Let G be the cumulative distribution function (CDF)
of B* Then the exact (1 — 2a) percentile confidence interval is defined by
the o and (1 — a) percentiles of G

(16) 07.08,] = [G7H(e),GTH(1 - )]

1oy Yup

Since G'(a) B a) = 100ath percentile of the bootstrap distribution and
_ pr(1-

G (1—a) = B = 100(1 — a)th percentile of the bootstrap distribution
we have R X
(17) 0,02, =[5, 5]

To impliment this in practice one uses a finite number of bootstrap replica-
tions. It is well known that the number of replications required to compute
a confidence interval is around 1000 and is much greater than the number
required to compute standard errors, ie around 100 (see Hall (1986) on the
number of bootstrap replications needed to form a confidence interval). The
percentile method does, however, have problems when used with small sam-
ples or with asymmetric distributions.

Percentile Bootstrap Algorithm

1. Generate B independent bootstrap data sets X*1, X*2 ... X*B where
XY — (X9 i—1,... Nit—1,... T}



2. Compute the bootstrap replication 3* (b) = s(X) forb=1,...,B.

3. Let ﬁz(a) be the 100ath empirical percentile of the 3*(b) values, ie the
B.ath value in the ordered list of B replications.

Hence if B = 2000 and o = 0 05 then 6*(a is the 100th ordered value of the
replications. Similarly 5 (1=9) s the 100(1 — a)th empirical percentile.

Thus the approximate (1 — 2«) percentile interval is

(18) [9:0 gp} {ﬁ*(a) (1= a)]‘

lo) Yup

B here denotes that the ap roxunatAion is based on B replications. As B — oo
then B3 — 3% and g~ — G-,

(C) Bias Corrected Method (BC)

Both the bias corrected and bias corrected and accelerated methods mod-
ify the percentile bootstrap method. Both were introduced by Efron (1987)
and Efron and Tibsharani (1986). They depend on two parameters (i) a
called the acceleration and (ii) 2y called the bias correction. We now show
how to calculate the bias corrected interval endpoints

(19) ] — [0, o]
where oy = @ <2730 + z(o‘)> and ay = P (220 + z(l_"‘)>.

Hence X X

(20) (00, 0%] =[G (en), G ()],

(21) = |G (@ (25 +2)) G (@ (25 +217))].

Where &(.) is the standard normal cumulative distribution function and
2(® is the 100ath percentile point of a standard normal distribution, eg
209%) = 1,645 and ®(1.645) = 0.95. When 2, = 0 the BC interval is the
same as the percentile interval.

Computation of %,

We compute Zp directly from the proportion of bootstrap replications less
than the original estimate of [, ie (g,

(22) 5y — &7 <#—{B *(b)]; i ’“}) .



Where &1 is the inverse function of a standard normal cumulative distribu-
tion function, eg ® 1(0.95) = 1.645.

(D) Bias Corrected and Accelerated Method (BC,)

Here we calculate the BC), interval endpoints as

) a8 = e, e
where "
. ?:‘0 —I— z a
24 =
(24) “ <ZO T aG+ z<a>)>
. N 20 + Z(l_a)
(25) az =& (Zo + 1—a(Z + 20 )
Hence R R X R
(26) (0=, 0%e] = |G M), G (an)]

A . 2o+ 2@ A . 2y + 2179

= |G G ' .
[ ( (ZO i 1 —a(Z + Z(a))>> 7 ( (ZO " 1—a(3 +20-9)

(27)

Where ®(.) is as before. Again when a@ = 2, = 0 the BC,, interval is the same
as the percentile interval.

Computation of a

Of the number of parametric and non-parametric ways to compute a, the
simplest is probably the Jackknife estimate which we now explain. The jack-
knife method was developed by Quenouille (1949) and discussed in Efron
(1982). See Wu (1986) for applications to regression analysis.

The Delete-One Jackknife in the Panel Data Regression Model

Given the linear panel data model
(28) Yir = o + 13,0 + ey

fori=1,...,Nandt=1,...,T,

where {yi} ~ I(1),{zy} ~ I(1), are random variables, {e;;} ~ I(0) a sta-
tionary disturbance term, and 5 and a; are ((k—1)x1) and (1x 1) parameters
of interest, respectively. Then writing in matrix form

(29) y=UUn@ir|6i+ X6 + e

8



Bs
(31) =XB+e

(30) = [Iy®ir X, (ﬂl>+e

where y = (y11,...,ynr) is (NT x 1), e = (e11,...,enp) is (NT x 1), iy =

(1,1,...,1)IiS (TXI),ﬂSZ(ﬁQ,...,ﬁk)IiS ((k‘—l)XI),ﬁl:(511,...751]\7)/
is (Nx1), X =[Iy®ir X is(NT x (k—1)+ N) and g = (81, 55) is

T21ty 31ty » - -y LElt
Loty 32ty + -+ 5y L2t

((K—=1)+ N x 1). Note that X, = Lo and var(e) = X.
Tonty L3nty -+« « sy Lhknt

Given X'X is non-singular and ¥ a diagonal matrix with constant elements,
the Ordinary Least Squares (OLS) estimator of 3 is

(32) B=(x'x) " XYy,
Computation of the Delete-One Jackknife estimator

1. Let B(it) be the itth jackknife (OLS) estimate of [ obtained by re-
computing 3 in equation (32) with the itth group (v, 1, Zoit, - - -, Tkit)
deleted from the sample.

2. Compute the jackknife estimator as

R SN YT 3,
33 — 1=1""t=1 (Zt)
( ) /6(.) NT

3. The jackknife estimate of the standard error is defined by

1
~ N —1 ~ ~ 2
(34) S€jack(Fit)) = Wzﬁlezl(ﬂ(#) —B))?
Since B(it) is a ((k— 1)+ N x 1) multiparameter vector we can choose our

parameter of interest as B(;ﬂ-t), ie the kth element of B(it) (see above note on
confidence intervals for multiparameter vectors). Then a simple expression
for the single parameter accelerator constant is

Zfilthzl(B(k.) - B(kit))g
6 [N SN S (B — B(kz’t))ﬂ

(35) i=

Njo

where B(k.) is the kth element of B(.).
The confidence intervals mentioned so far, ie the standard or asymptotic,

9



percentile, BC and BC, work well if Bk or some transformation of it has an
approximate Gaussian distribution and the other parameters of the model
satisfy some relatively simple assumptions. These are called transformation
repecting properties of the interval and allow modifications and improve-
ments to be made to the interval. See also Efron (1987).

(E) The Bootstrap-t Method

This was introduced in Efron (1982) and detailed in Efron and Tibshirani
(1993), the bootstrap-t improves upon the percentile method. It is less com-
puter intensive than the double bootstrap? and easier to impliment than the
BC and BC, methods, ie it involves no difficult computations. It is called
the "Percentile-t” by Hall (1992). See Dicciccio and Romano (1988) for a
review of bootstrap confidence intervals.

Consider the standard confidence interval derived in the previous section.

Starting with Z = % ~ N(0,1). This led to the exact confidence interval

(36) G — 207 se(G), B — 2@selB)].

We know that when we use plug-in estimates, when the variance of Bk is
unknown, that this interval holds asymptotically only in large samples. In
finite samples, then, we obtain only approximate confidence intervals. For
small samples the approximation of 7 was improved upon by W. Gosset in
1908 with his Student’s t-distribution. Now for small samples of size n with

plug-in estimates for var(f3,) we have Z, = ’f’;(_ﬁi’)‘ ~ t(n —1). Here t(n — 1)
means Student’s t-distribution with (n — 1) degrees of freedom (d.f.). Also
t(n —1) — N(0,1) as n — oo. The percentiles of the t-distribution for
Va,rym%, degrees of freedom are tabulated in the Student’s t-Tables.

Let t ) denote the ath percentile of the Student’s t-distribution with (n—1)
d.f. Then our approxnnate (1 — 2a) confidence interval is

(37) [Br =t ) se(Br). By — o) 1y se(B)] -

Our bootstrap-t interval is a generalisation of the above Student’s t interval.
The procedure estimates the distribution of Z; directly from the data and
tabulates percentiles that are appropriate for the data at hand.

The Bootstrap-t Algorithm

2The double bootstrap is sometimes called bootstrap iteration. It was developed in
Hall and Martin (1988), Martin (1990) and Hall (1992) and is another way to improve on
interval accuracy. It is a second-order accurate method. It is not shown here for reasons
of brevity but is left to a future version of the paper

10



1. Generate B independent bootstrap data sets X+ X2 . X*B where
X ={X?i=1,...,Nt=1,....,T}and j=1,...,B.

2. Compute the bootstrap replication

B(b) — B
7)) = —F%—— for b=1,...,B.
Where as above B*(b) is the value of Bk for the bootstrap sample X *b
and se*(b) is the estimated standard error of 3*(b) for the bootstrap
sample X**. N.B. se*(b) is estimated as the regression se(f3;) from each
bootstrap sample X** regression.

3. Let Z* be the ordered list of Z*(b) replications. Estimate the ath
percentile of the sorted vector of Z*(b)’s by the value £(*) such that

(39) ( #{Z*(b)Bg f(a>}> .

Thus if B = 1000 and o = 5% then the 100ath empirical percentile
is the B.ath = 1000.(0.05) = 50th value of the ordered list of Z*(b)
replications (or Z*). Also for a = 95%, this gives the 950th value of
the ordered list of Z*(b)’s or (or Z*). Thus the bootstrap-t confidence
interval is given by

(40) B = 11" Dse(By), B — 1) se(53y)]
where £ is the ath percentile of the Z* distribution.
We can also write equation (40) using endpoints as
(41) ot = [Bk - f(l_a)se(ﬁk)} = Lower Bound.
(42) éip = [ﬁAk — f(“)se(ﬁk)} = Upper Bound.

Hence the (1 — 2a) bootstrap-t confidence interval becomes {éfo, ézp}.

4 The Dynamic OLS (DOLS) Estimation of
a Panel Cointegration Regression

Although there has been great interest in testing for unit roots and cointe-
gration in time-series data it is only recently that attention has been paid to
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testing for unit roots and cointegration in panel data. Quah (1994), Levin
and Lin (1992),(1993) and Im, Pesaran and Shin (1997) are a few studies
of unit roots tests with panel data. Concerning panel cointegration tests we
have the papers of McCoskey and Kao (1998), Kao (1999), Pedroni (1999)
and Larsson, Lyhagen and Lothgren (2001). With the increasing use of
non-stationary panel data the focus of panel data econometrics has shifted
towards the study of the asymptotics of macro panels, with large N (eg indi-
viduals) and large T (eg time-series), as opposed to the usual asymptotics of
micro panels with large N and small T. This has necessitated the development
of a new limit theory for non-stationary panel data, ie limit distributions for
double indexed integrated processes, by Phillips and Moon (1999a),(1999b).
It was found that the statistical properties of the non-stationary panel data
were very different from those of the non-stationary time-series data. The
differences in the asymptotic statistical properties of the non-stationary pan-
els have been highlighted by Kao and Chiang (1998),(2000), Phillips and
Moon (1999a) and Pedroni (1996) in their works on the panel Fully Modi-
fied OLS (FMOLS), DOLS and OLS panel cointegration estimators. These
works extend the field of panel cointegration to the estimation and inference
of cointegrated regressions with panel data.

The FMOLS estimator of Phillips and Moon (1999a) and Pedroni (2000) is
the panel analogue of the Phillips and Hansen (1990) FMOLS estimator of
the time-series literature. These FMOLS estimators use non-parametric cor-
rections for bias and endogeniety problems in the OLS estimator. Similarly
the DOLS estimator of Kao and Chiang (1998),(2000) and Mark and Sul
(1999), can be seen as the panel analogue of the Saikkonen (1991) and Stock
and Watson (1993), DOLS estimator of the time-series literature. These
DOLS estimators add leads and lags of the differenced regressors into the
regression as parametric corrections for the bias and endogeniety problems.
They are asymptotically equivalent to their FMOLS counterparts.

Since the introduction of these panel cointegation estimators a few Monte
Carlo simulation studies of their finite sample properties, and some empiri-
cal applications, have appeared in the panel data literature. In a simulation
study Kao and Chiang (2000) find i) OLS has a bias in finite samples ii)
FMOLS does not improve on OLS in general iii) DOLS seems more promis-
ing than OLS or FMOLS in estimating panel cointegration regressions. Kao,
Chiang and Chen (1999) apply the panel cointegration methods developed
in Kao and Chiang (2000) to study R&D spillovers. They find FMOLS and
DOLS produce slightly different results but are unanimous on the main is-
sues. Funk (1998) also studies the same R&D spillovers using the panel
cointegration methods developed by Kao (1999), Kao and Chiang (2000)
and Pesaran, Shin and Smith (1999). Pedroni (2001) develops group mean

12



DOLS and FMOLS estimators which are the average of the individual time-
series DOLS and FMOLS estimators. He compares his DOLS estimator with
the ones of Kao and Chiang (2000) and of Mark and Sul (1999).

In this paper we use the pooled DOLS panel estimator of Kao and Chi-
ang (2000) and the group-mean DOLS panel estimator of Pedroni (2001)
to construct bootstrap confidence intervals for a purchasing power parity
(PPP) panel cointegration regression. The question whether PPP holds in
the long-run has been the focus of much empirical research, notably Frenkel
(1981a), Frenkel (1981b), Messe and Rogoff (1988) and Officer (1982) in the
time-series literature. Also recently panel methods have been used to test
for PPP with great success. Here we have the papers by Oh (1996), Papell
(1997), Wu (1996), McDonald (1996) and Coakley and Feurtes (1997). If
long-run PPP is to hold (ie in the long-run the nominal exchange rate moves
to equilibrate prices between countries), then there should be a long-run
equilibrium (cointegrating) relation between the nominal exchange rate and
the prices of domestic and foreign goods. This is testable using the following
time-series regression

(43) er = a+ i + Bapy + us,

where {e;, p; and p;} are the logarithms of the nominal exchange rate, do-
mestic prices and foreign price level, respectively and {u;} is white noise.
We proceed, using the two step method of Engle and Granger (1987), by
first testing that each of e;, p; and p; is I(1) and then show that some linear
combination of them, ie a cointegrating regression, is I1(0). If long run PPP
holds then e; should be cointegrated with p; and pj.

At the panel level most PPP tests have been conducted using panel unit roots
tests (see the above panel PPP citations). However some use a panel version
of the multivariate VECM framework proposed by Johansen (1988),(1991),(1995).
The results are mixed but generally in favour of PPP using a strong form
of the hypothesis which involves the joint symmetry and proportionality as-
sumption f; = —(y = 1. Some studies support a weak form of PPP where
the (; coefficients fall within the range (0 < 8; < 2,—2 < (5 < 0). Some
PPP Panel VECM studies have come from Jacobson, Lyhagen, Larsson and
Nessen (2002) and Banerjee, Marcellino and Osbat (2001). Jacobson, Lyha-
gen, Larsson and Nessen (2002) found some support for a weak form of PPP
in their panel of four OECD countries. Finally Pedroni (2001) investigates
the PPP hypothesis for a panel of 20 developed countries and the FMOLS
estimators discussed above. He finds strong support against a strong form of
the PPP hypothesis.

Given the two main PPP hypotheses it is interesting to highlight the the-
ories in a confidence interval framework. Thus given point estimates close

13



to unity and a small variability of the interval estimates would lend support
to the strong PPP hypothesis. Whereas point estimates falling within the
range (0 < 1 < 2, -2 < 3 < 0) and interval estimates with large variability
would lend support to the weak PPP hypothesis. One of the panel cointe-
gration regressions is constructed by pooling the cross-section dimension and
assuming heterogeniety in the intercepts, see Kao (1999), Kao, Chiang and
Chen (1999) and Kao and Chiang (2000). Thus by assuming homogeniety of
[ across panels we in effect impose a strong PPP hypothesis, if it turns out
that 8 = —f2 = 1 for all units. The other panel cointegration regression
of Pedroni (2000), (2001) differs in that he uses heterogeneous panels where
the (§ coefficients are allowed to vary across individuals or countries.

5 The DOLS Panel Regression Model and
the Bootstrap

The Kao and Chiang (2000) DOLS Panel Estimator

Consider the fixed effects panel regression

(44) Yir = Qi + 730 + ui
fori=1,...,.Nandt=1,...,T,

where {y;:} ~ I(1) are (1 x 1) scalars, § is a (k x 1) parameter vector, «; a
(1 x 1) scalar of individual intercepts, {u;:} a (1 x 1) stationary disturbance
term, {x;} is a (k x 1) vector of integrated processes of order 1, Vi such that
Tip = Typ—1 + €, thus x; ~ I(1). Also z;0 = y;0 = 0 where independence is
assumed of the {y;:}, {x:i:} and {u;} across i. Thus equation (44) describes a
system of cointegrated regressions where {y;;} is cointegrated with {z;}. To

estimate the equation by DOLS techniques observe the following. We write
{u;}, following Saikkonen (1991) as

(45) Ui = 352 Cij€it+j T Vit

where v;; is a stationary random variable with zero mean and ¢; is an i.i.d.
zero mean random variable. €; and v;; are uncorrelated contemporaneously
and also in all leads and lags. In practice the leads and lags are truncated
so that

(46) Ui = L__ Cij€itrj + Vit

For a more detailed discussion see Kao and Chiang (2000). Given our large

sample size, eg 2622 we expect that v; is a good approximation of v;;. Sub-
stituting u;; in the above we get

(47) Yit = @y + x;tﬁ + Zf]]':chijeit—kj + ’l_}it
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where v = vy + E?:_qcijeitﬂ-. Also note Az = x4 — xi4—1. Thus to obtain
the DOLS estimate of 3 we run the following regression

(48) Yir = i + 25,0 + XI__ cijAipy s + Vs

Kao and Chiang (2000) show that the DOLS estimator has the same limiting
distribution as FMOLS. Moreover an important departure from the existing
time-series literature is that the asymptotics are calculated using the se-
quential limit theorems of Phillips and Moon (1999a). Another point worth
mentioning is that in Kao, Chiang and Chen (1999) it is noted that there is
not yet a coherent strategy to be applied for estimating the lengths of lags
and leads in these panel cointegration models. The method used in this paper
was the general-to-specific method advocated by D.F. Hendry. Here we start
with an overparameterised model and use sequential test procedures to test
down for a more parsimonious representation. In practice this meant setting
leads and lags of 3 for both regressors and then testing for their significance.
All insignificant regressors were subsequently dropped from the regression.
For estimation purposes we have the panel analogue of equation (43)

(49) eit = oy + B1pir + Bapiy + Wi,

where {e;, py and pf} ~ I(1) are the logarithms of the nominal exchange
rate, domestic prices and foreign price level, respectively for country i at
time t and similarly u; is a stationary disturbance term. Given the DOLS
transformation we get the final regression of

(50) ei = a; + Bipie + Bapj; + X-_ 1 Apirtj + Lo doig Apiy; + ig
The Pedroni DOLS Panel Estimator

In his paper Pedroni (2001) develops group-mean FMOLS and DOLS panel
estimators for cointegration vectors in heterogeneous panels. These estima-
tors are different to the Kao and Chiang (2000) and Mark and Sul (1999)
panel estimaors, which he calls within-dimension estimators, in that his es-
timators are constructed using the between-dimension of the panel. This
method allows for greater flexibility when estimating cointegrating vectors
in that hetrogeniety is allowed amongst the individual members of the panel.
Both the Pedroni (2001) group-mean FMOLS and DOLS panel estimators
are formed by averaging over the individual FMOLS and DOLS time-series
estimators applied to the ¢th member of the panel. We now show how the
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panel DOLS estimator is formed. Using regression (50) Pedroni constructs
his group-mean DOLS panel estimator as follows

5 -1
(51) Bap = {N_le\; (Ethlzitzgt) (E;‘rzﬁitéz‘t)} )
1
where z;; is the (4(K + 1) x 1) vector of regressors

(52)zit = ((pit — D), (D3 — D7 )s DBPit—rcs - - s APitircs APy gy s APy i)
and é; = e;; —e;. Heree; = @ and similarly p; = %. The subscript 1
outside the brackets indicate that we are considering only the first element of
the vector for the pooled slope coefficient. The estimator can also be written
simply as X R

(53) Bap = N_lzi]ilﬁf)i

where B}‘Ji is the conventional DOLS time-series estimator applied to the ith
member of the panel.

Let 02 =limp  F [T‘l(Zthlait)Q} be the long-run variance of the residu-
als from the DOLS regression. This can be estimated using standard HAC
methods, such as the Newey-West HAC estimator. Then the t-statistic for
the between-dimension estimator is written

_ AT—05yIN
(54) ty = N8Vt
where? ) ) s
(55) ty. = (Bpi = B) (671, (B — P) (i — D))

where (pir — p;) = (Die — Di Dy — D})-

The Data Set

The data set* is quarterly observations over the period 1957Q1-1991Q2, for
20 OECD countries, taken from the IMF International Financial Statistics.?

The variables used were, p; the consumer price level (or CPI), e, was taken as
the market rate per U.S. Dollar and p; the U.S. consumer price level (or CPI).

3In the computations the simple average of the Pedroni t-statistics was used

4The OECD countries included in the panel are Austria, Belgium, Canada, Switzer-
land, Germany, Spain, France, U.K., Greece, Ireland, Italy, Japan, Luxembourg, Norway,
Sweden, U.S., Portugal, Iceland and Denmark. In the panel cointegration regression the
U.S. is used as numeraire.

50btained from the MIMAS archives
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The Bootstrap Method for Cointegrating Regressions

The simple bootstrap method of Efron (1979) was originally designed for
i.i.d. errors. When using time-series models, such as unit root and cointe-
gration models, the bootstrap methodology needs to be modified to cope with
errors that not be i.i.d., eg the stationarity assumption of wu; might range
from white noise or weak stationarity to an m-dependent, o or strong mixing
sequence. Li and Maddala (1996),(1997) discuss a number of bootstrap meth-
ods that are applicable to time-series models. In particular in Li and Maddala
(1997) cointegrating regressions are studied and the appropriate bootstrap
method considered. Discussed are the recursive bootstrap, the moving blocks
(MBB) bootstrap and the stationary (SB) bootstrap and it is explained which
method suits a particular situation. Li and Maddala (1996),(1997) also dis-
cuss the choice of procedure for the generation of the bootstrap samples when
using cointegrating regressions and highlight the choice between the direct
method of bootstrapping the data or the alternative of bootstrapping the
residuals. They explain that for cointegrating regressions only the latter is
appropriate. The basic argument is that all the information of the structure
of the model should be used when generating the bootstrap samples. Only
when the residual bootstrap method is used is this condition satisfied. Li and
Maddala suggest the pairs bootstrap method for bootstrapping the residuals
in the cointegrating regression. Thus estimate equation (50) by DOLS and
obtain residuals 4;. Noting that ﬁl and Bg are super consistent obtain also
the residuals w1 = Apy and wq; = Apj,. After centering the residuals
bootstrap the pairs (t;,w;;) where w; = (W, We). Next construct the
bootstrap samples of p}, and pj recursively and finally usmg ﬂl, /82 uy, Dy
and pi, etc.Vi, t, construct the sample e* = (€3, €5y, ..., e;)/ for use in equa-
tion (50). Finally Li and Maddala (1997) conduct a Monte Carlo experiment
to compare the asymptotic FMOLS methods with MBB and SB methods us-
ing FMOLS, in a cointegrating regression with serial correlation in the errors
and endogeniety of the regressors. They conclude that the residual bootstrap
performs poorly if the serial correlation structure of the errors is mispecified.
Despite the lack of a theoretical basis for the MBB and SB (there are no the-
oretical results proved yet for the MBB in cointegrating regressions) in simu-
lations these methods seem to improve significantly on asymptotic inference
and are thus recommended for use by empirical researchers. Chang, Park
and Song (2002) also study in detail the topic of bootstrapping cointegrat-
ing regressions. They employ the sieve bootstrap method coupled with the
pairs bootstrap for generating bootstrap samples. They also give a rigourous
exposition of the asymptotic theory of the sieve bootstrap approach to boot-
strapping cointegrating regressions. Both the OLS and DOLS estimator of
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Saikkonen (1991) are discussed. Finally a Monte Carlo study to investigate
the finite sample performance of the bootstrap methods considered is carried
out.

In this paper we explore some of the issues raised by Li and Maddala (1996)
and (1997). We compare three different approaches to bootstrapping a panel
cointegration regression. The first is based on the simple bootstrap and the
Kao and Chiang (2000) panel DOLS estimator. Although disallowed by Li
and Maddala (1997) this method is justified here by the use of a very large
sample size. The panel contains over 2600 observations and Li and Maddala’s
(1997) discussion concentrated on small sample sizes. This method has been
used successfully by Shea (1989) and more recently by Kilian (1999). In the
latter the very large sample size (of 2000 observations) was crucial in the
ability to weaken the i.i.d. error term assumption usually required for the
simple bootstrap. The second is based on the Pedroni (2001) group-mean
panel DOLS estimator discussed above. Here we apply the pairs bootstrap
to each individual country in the panel and use the bootstrap methodology
to compute group averages. Finally the pooled panel DOLS estimator of Kao
and Chiang (2000) is studied using the pairs bootstrap method.

As explained by Li and Maddala (1997) earlier, complications arise if there
is serial correlation in the residuals of the cointegration regression. Hence
in the presence of serial correlation of the errors the pairs bootstrap should
be modified to take this into account. This is exactly what Li and Maddala
(1997) suggest in their paper. If the auto-correlation structures of 4; are
known then a recursive bootstrap can be applied to them, in addition to the
pairs bootstrap. Otherwise for general unknown serial correlation one can
use the moving block bootstrap (MBB), in addition to the pairs bootstrap.
In our estimation results we detected severe serial correlation in the residuals
of our DOLS regression estimates. The serial correlation was later specified
to be of AR(1) form. Hence a recursive bootstrap method was used for the
AR(1) residuals of the cointegration regression. This modification of the
pairs bootstrap is included in our bootstrap algorithms given below.

The Bootstrap Algorithms®
The Simple Bootstrap

The simple bootstrap procedure is carried out by resampling the errors from
the estimated equation (48) or (50).

1. Compute the predicted residuals using the estimates from equation

6 All bootstrap computations were carried out using the Ox programming language
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(48), ie di,ﬁ and ¢;; thus
(56) ’lﬁit = (361 + l’;tB + P _ éiijit—}—j

J=—q

fori=1,...,Nandt=1,...,T.

. Obtain the vector of residuals ¥ = (U1, Vi, . . ., Unr) and recentre the
residuals using
A 1 T N 2
(57) U() = ﬁztzlzizl’l}it.
Thus the vector of recentred residuals is 1° = (05}, Vs, - - ., Up)’
where
~rC o~ o ~rC a3 a3 ~rC a3 o~
(58) v = (Vi — (), Vg = (Viz = V()5 - -+, Uy = (UnT — V()

. Resample from the vector of centred residuals with replacement. So
that v* is the vector of resampled residuals

(59) V"= (V71, Vs -+ V)
. Construct the bootstrap samples from
(60) y:} = dz + x;tB + Zg:_qéi]’Azit+j + ’U,?;.

. Using the bootstrap samples y};, o; and x;; estimate 5*(b) the bootstrap
DOLS estimate of f3.
. Repeat steps (2) to (5) B times.

. Compute the bootstrap point estimator

Y8 3%(b
(61) gy = 2270

. Compute the bootstrap variance of [}

Yoy (8(b) — B5)*
B—-1 '

(62) var (Bp) =

NB In the B repetitions the variance of 5*(b) is taken to be the regres-

A A

sion estimate var(f) since var(5*(b)) — var(f) as B — oo .
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The Pairs Bootstrap and the Pooled DOLS estimator

The pairs bootstrap procedure is also carried out by resampling the errors
from the estimated equation (48) or (50) and the stochastic error terms of
the I(1) regressors.

1. Again compute the predicted residuals using the estimates from equa-

tion (48), ie a;, 3 and ¢;; thus

(63) 6# = (3./7, + l';tB + Eq éijAIit—i—j

J=—q

fori=1,...,Nandt=1,....T.

2. Obtain the residuals wy;; = Az, . .., Wiy = Az and form the vector
UAJit = (wlit; .. ,’UAJkit) and w = (Ifjil, UA)iQ, NN ,Qf}NT)/. Recentre these
using

1
64 Wy = —=21 BN
( ) () NT t=15=1 WYt
fori=1,...,Nandt=1,...,T.
Thus we have w° = (0§, W, ..., WSy) where
(65) w5, = (Wi — w(.)); Wiy = (Wig — @D(.))a co Wy = (Wnr — UAJ(.))-

3. If we assume that the residuals v follow an AR(1) process then
(66) Vit = U1 + Eit

where ¢;; is a white noise error term.
Run the regreassion of equation (66) and obtain the residuals £;; and

also p and the vector of residuals € = (£;1,€;2,...,én7)". Recentre these
using
~ 1 T N A
(67) €L = NTEtzlxizlgit'
Thus the vector of recentred residuals is é° = (£5,£5%, ..., €5r)
where
(68) €51 = (i1 =€), = (2 —E0))s- - Enr = EnT — &)

4. Resample with replacement from the paired vector of recentred resid-
uals, 25, = (€5, w§,) to get the bootstrap sample 2z}, = (&}, w};). So that
e* and w* are the vectors of resampled residuals

(69) & = (e}, €0y--seny) and w* = (W, W, ..., Wxy)-
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5. Obtain the bootstrap samples of z,,...,z%; by recursion using the
initial conditions 7}, = Txoo. That is

* . * * * . * *
(70) Tyjp = Tpjpq + Wiggy - s Thjp = Thjpq T Wy
Alternatively form zj,, from
* 0k T N *
(71) Thip = Tpoo T 2 ey Wiz

Also obtain the bootstrap samples of v}, by recursion using the esti-
mated p of equation (66) and the initial conditions vg, = 9. Thus

(72) Uy = PUj_q + €
6. Construct the bootstrap samples of v}, from
(73) Y = G+ 2 B+ D e AT, + v

7. Using the bootstrap samples v}, a; and =7, estimate 3*(b) the bootstrap
DOLS estimate of f3.

8. Repeat steps (2) to (7) B times.

9. Compute the bootstrap point estimator

SEL8°()

(74 g = ==L

10. Compute the bootstrap variance of 37

Spm (B7(6) — Bp)?
B-1 .

(75) var (Bp) =

NB Again in the B repetitions the variance of 3*(b) is taken to be the

A

regression estimate var([).

The Pairs Bootstrap and the Group-Mean DOLS estimator

The pairs bootstrap procedure for the group-mean DOLS estimator is carried
out by resampling the errors from the individual country estimates and I(1)
regressor stochastic error terms and averaging over the panel.

1. Using equation (48) compute the DOLS estimates for the ith individual
country and obtain the predicted residuals using &, 8 and ¢; thus
(76) b = G+ 246 + XI__ & ATy

J=—q

fort=1,...,T.
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2. Obtain the residuals wy; = Az, ..., W = Axge and form the vector

Wy = (Wi, ..., Wie) and W = (Wy, Wa, . .., wr)". Recentre these using
. 1 .

(77) () = iy

fort=1,...,T.

Thus we have w° = (0, WS, ..., ws) where

(78) Wy = (1 — ), 05 = (W2 — W), ..., Wy = (Dr — W)

3. Similarly if we again assume that the residuals v; follow an AR(1)
process then
(79) Uy = p’l—)t—l + &4

where again ¢, is a white noise error term.
Run the regreassion of equation (79) and obtain the residuals &; and

also p and the vector of residuals é = (£1,és,...,ér)". Recentre these
using
1

80 £ = =Xi_1ét.

( ) ) T ot=15t

Thus the vector of recentred residuals is €€ = (£5,€5,...,€5)
where

(81) €l =(é1—£()),85=(62—€0)),..., €5 = (ér —&()).

4. Resample with replacement from the paired vector of recentred resid-
uals, Zf = (&7, w5) to get the bootstrap sample z; = (g7, w;). So that
e* and w* are the vectors of resampled residuals

(82) e = (e],e5,...,ep) and w* = (wi,w;,...,w;)"

5. Obtain the bootstrap samples of z7,,...,z;, by recursion using the
initial conditions z3, = zx¢. That is

* . * * * . * *
(83) Ty = Tppq T Wypy oo, Tpyp = Ty q + Wiy
Alternatively form z}, from
* ok T *
(84) Thy = Tpo + L Wy

Also obtain the bootstrap samples of v; by recursion using the esti-
mated p of equation (79) and the initial conditions v = vg. Thus

(85) vi = Uiy g
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10.

11.

12.

13.

Construct the bootstrap samples of y; from

(86) yr=a+a)B+Xi_ ¢ Axy, ;4 vf.

J=—q

. Using the bootstrap samples y;, @ and x} estimate §*(z) the bootstrap

DOLS estimate of 3 for country z.

. Repeat steps (2) to (7) for each country in the panel.

Compute the bootstrap group-mean g DOLS estimator as

(87) gty - 2=

Compute the bootstrap group-mean 8 DOLS t-statistic as’

YN (2

(88) borwy = =N ),

where t*(z) is the bootstrap DOLS estimate of the t-statistic of 5*(2)
for country z.

For each panel of N countries construct B bootstrap samples using the
initial regressions described above in step (1). That is repeat steps (2)
to (10) B times.

Compute the bootstrap point estimator

»B  3*(b
(59) gy = 20,

Compute the bootstrap variance of 3

SP(5°(b) — B5)?

(90) var (@) = L2

"For the group-mean 3 DOLS bootstrap-t confidence interval the t-statistic Z*(b) of
equation (38) was used in the above procedure
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6 Efficient Estimation

One of the purposes of this study is to see how well the bootstrap® works
with non-stationary panel data. One would like to judge the performance
and efficiency of the bootstrap in a general setting when compared with its
counterparts from first-order asymptotic theory. We have already mentioned
about the power of the bootstrap to deliver asymptotic refinements, these
lead to more efficient estimates. There are methods of evaluating confidence
intervals in order to make efficiency judgements. Two criterion are used to
judge confidence intervals (i) size and (ii) coverage probability. An optimal
and hence efficient confidence interval is one with small size and large cover-
age, but these are difficult to obtain. We may measure coverage probability
by the true average coverage probability and size by the length of the inter-
val. Efron (1990) considers an optimal confidence interval as one that is the
shortest possible for a given coverage and calls it a, ”correct” interval.
Consider again Corollory’s (2.7) and (2.10) From the first we find that the
difference between the true coverage probability and the nominal coverage
probability of the asymptotic confidence interval is O(n ') that is

(91) P(|T7L| < Z(oo’%)) =1l—-a+ O(n_l).

Whilst from the second we have that for the bootstrap this error is O(n=?2)
given by
(92) P(|To] < 2p,8)) = 1 —a+ O(n™?).

Note these confidence intervals are two-sided intervals. In general for one-
sided and equal-tailed confidence intervals the difference between the true
coverage probability and the nominal coverage probability for the asymp-
totic interval is O(n_%). In this case the asmptotic confidence interval is
said to be first-order accurate. However the analogous difference for the
bootstrap confidence interval is O(n~1). In which case we say it is second-
order accurate. These notions of accuracy give us a good guide as to the
expected performance of our confidence interval methodologies. We see that
the errors are much smaller with the bootstrap than with the asymptotic
confidence interval. The standard or asymptotic confidence interval and per-
centile intervals are first-order accurate. Whilst the BC, and bootstrap-t

8Horowitz (2000) notes that efficient estimation often results when one uses the para-
metric bootstrap, as opposed to the non-parametric bootstrap. If one knows the paramet-
ric distribution of the errors being sampled then this, when used, will be more accurate
than using the empirical distribution function and leads to smaller errors. With the para-
metric bootstrap an assumption is made as to the form of the distribution being sampled
(eg normal). Whilst with the non-parametric no assumptions are made

24



intervals are second-order accurate. See Efron (1987) for a good discussion.
The asymptotic theory for these accuracy, coverage probability and inter-
val size, concepts has been rigourously proved using Edgeworth and Cornish
Fisher expansions by Hall (1992).

7 Estimation Results

In Table 1 we have the DOLS estimation results for the pooled panel coin-
tegration model. The high R? = 0.99675 indicates that the model is a very
good fit of the data. However the regression D.W. statistic (not shown) is
very low D.W. = 0.108 and so we should use the appropriate panel data tests
for serial correlation.

To test for first-order serial correlation in a fixed effects model we use the LM
test developped in Baltagi and Li (1995). Consider the model of equation
(50) with the errors described by the AR(1) process

(93) Uiy = pli—1 + i,

where ¢;; is a Gaussian white noise process. Under the null hypothesis,
Hy:p=0and Hy : p# 0

(94) LM, = [ NT? SN B Wiglip—
(

T—n|\ YL

As T — oo the statistic LM, is distributed as a x? variable.

Our computed statistic LM; = 2363.2. With critical x? values of 3.84 and
6.63 at the 5% and 1% significance levels, respectively, the null hypothesis
is decisively rejected in favour of the hypothesis of serial correlation in the
erTors.

In order to test the assumption of homogeniety of the slope coefficients of
the panel across individuals the Chow (1960) test for poolability of the data
was carried out. Due to serial correlation we use the Chow test after GLS
transformation. The restricted model is the pooled model where the slope
coefficient is the same for all individuals. Whilst the unrestricted model has
slope coefficients varying over individuals and amounts to a seperate regres-
sion for each country. We transform both the models using the Cochrane-
Orcutt method applied to each individual country in the panel.

Let u* = (4, ul,...Wyy) be the vector of residuals of the transformed
resticted model® and let u} = (43, U3y, ... Wp), us = (U3, U3y, . . . Usy), and

9The estimation results for these transformed models are not shown
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so on, be the vectors of residuals of the transformed unrestricted model.
Given ( is the vector of slope coefficients for the restricted model and j;,
for all 7, those for the unrestricted model, respectively, then under the null

hypothesis Hy : 6; = 3 and Hy : 3; # B Vi

F, — (u*'u* —ui'ui —uz ud,—...—ul uy) (uf’uf+u§’u2,+ Aululy
1 (N-1)K’ N(T—K')

This Fj statistic has an F-distribution with (N — 1)K" and N(7T — K’) de-
grees of freedom, ie F} ~ F((N — 1)K’ N(T' — K')) and where K" = K + 1.
Here our computed F; = 2.81623 with critical F(324,2128) values of 1.11
and 1.15 at the at the 5% and 1% significance levels respectively. Hence the
null hypothesis of a common slope coefficient across the panel is rejected.
In Tables 1 and 2 we show the Heteroscedastity and Autocorrelation Consis-
tent (HAC) standard error estimates using the long-run variance of the error
term. The first is the HAC1 Newey and West (1987) estimator outlined in
Pedroni (2001) above as

V= (S SN X X,) T x

NL DI AP Y\ e VY {1 - (H—l} Y XN (i + Qe vuzt))

The HAC2 estimator is also a Newey and West (1987) estimator calculated as

~ —1
V= (S 0N X X)) x
1

NI ONL G2 X XY + 20 [ — | S SN (Xattrtte o XYy, + Xyl X))
1

NT (
X (WEthlENleitX{t)

where

(95) Xt = (21,92, - . - 119, Dits Pigs DPit—K s - - - APitr ks APj_ges - -+ APy i)

The Barlett window was chosen to describe the lag structure of the Newey
and West estimators with a truncation point of 10 (ie q=10). This was
chosen after inspection of the sample autocorrelation function (ACF) of the
residuals ;, shown in Figure (2). The graph depicts lagged correlations
persisting even after 10 lags.

Individual ADF tests were carried out for each country on {e;, p; and p;}
to ensure they were I(1). Often it is the case that nominal prices are [(2)
necessitating second differencing to form an I(0) variable. The results are
shown in Table 10. We see that for most countries p;,p;, and e; can be
safely termed I(1) non-stationary variables. However nearly half also may be
considered 1(2) variables also since their first differences turned out to be near
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non-stationary. The second part of the two step Engle and Granger (1987)
method consists of testing that some linear combination of the ADF tested
variables is I(0). This was done for each country using an OLS regression
of equation (43). The residuals from this regression were tested for non-
stationarity. All rejected the null that @, was I(1). These results are not
shown.

To test for cointegration, in our panel, using panel methods we use the panel
cointegration test outlined in Kao, Chiang and Chen (1999) (KCC). This test
is for homogeous panel cointegration and is developped in Kao (1999) and
highlighted in McKoskey and Kao (1999), Kao and Chiang (1998) and Kao,
Chiang and Chen (1999). Phillips and Moon (1999) and Pedroni (1995),
(1997) analyse similar models for cointegration tests in homogeneous panels.
Dickey and Fuller (1981) (DF) type tests are calculated from the estimated
residuals of the DOLS regression of equation (50) using

(96) Uiy = Ylj—1 + Tt

where 7;; is white noise. To test the null hypothesis of no cointegration the
null is written as Hy : v = 1. The OLS estimate, 7, of 7 can be given as

N T » »

21:1 thg Uit Usg—1
N T »2
Doic1 2t Uiy

KCC construct four DF type tests using 7, we shall use only the first two
given by

(97) v =

(a) DF,=TYNEE/N

(b) DF,=v/1.25t, + V/1.875N.

Here ¢, is the t-statistic of 4. The asymptotic distribution of DF, and DF;
converge to a standard normal distribution N (0, 1). Our computed DF, and
D F; statistics are 4.0207 and 192.604, respectively. Both are statistically sig-
nificant at the 5% and 1% levels with critical values of 1.96 and 2.58. Hence
we unanimously reject the null hypothesis of no cointegration.

In Table 1 the preliminary analysis shows a quite good estimated fixed ef-
fects specification but as indicated by our Chow test we also need to consider
the heterogeneous panel case. Starting with the ordinary t-statistics of col-
umn three, the intercepts for each country, modelled by the dummy variable
method, are very strongly significant at the 5% level. All the t-statistics are
over 10 in value and in a few cases t-statistics of over 150 are found. As
for the expected signs and significance of the PPP regression parameters,
they are very close to the joint proportionality and symmetry assumption of
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B1 = —P9 = 1 and very strongly significant with t-values of around 100 each.
However as shown by our LM, test there is serial correlation in the errors of
an unspecified form, perhaps AR(1), hence these t-statistics are biased and
not very useful for inference. In columns four and five we have the results
obtained using the HAC standard error estimators described above. These
correctly account for the serial correlation structure in the errors by using
estimates of the long run variance of u; in their computations. On average
the HAC1 and HAC2 standard errors are about three times the size of the
ordinary standard errors. These Newey and West estimators are the usual
estimators refered to when estimating cointegrating regressions because of
the endogeniety and serial correlation problems already described. The es-
timates using the HAC estimates are quite good with all the intercepts and
levels regressors strongly significant at the 5% level, only now a few of the
differenced regressors are insignificant. On the whole, the results seem to
indicate that the the performance of the parametric DOLS estimator, in
large samples, is quite close to the non-parametric FMOLS estimator. In-
deed it may be prefered on account of its ease of use, in that there are no
complicated prior adjustments needed for the OLS estimator. In order to
apply the Cochrane-Orcutt serial correlation corrections, all the leads and
lags were kept when estimating the pooled DOLS model. In Table 2 we have
the DOLS estimation results for the group-mean panel cointegration model.
These are much more conservative than the pooled panel estimates. Both
the regressor point estimates, in columns two and four, and the t-statistics,
in columns three and five, are consistently lower than those of their pooled
panel counterparts. Sixteen of nineteen countries had domestic price esti-
mates below unity and fourteen of nineteen for foreign prices. This indicates
some underprediction in the model. The high R? values, in column seven,
indicate that we still have good fits of the data. All leads and lags of the
differenced regressors were chosen so that they were significant at least at the
10% significance level. In column six we have the leads and lag structures
chosen for each country. Overall we can conclude that the pooled DOLS
panel regression gives good support to the strong PPP hypothesis. Whilst
the group-mean DOLS panel regression gives good support to the weak PPP
hypothesis. This is not surprising considering that the former consists of a
homogeneous panel and the later a heterogeneous one. In fact due to the
rejection of the poolability assumption by our Chow test, the performance of
the DOLS group-mean estimator becomes equally important as that of the
pooled DOLS estimator.

In Tables 3 and 4 we have the results of the simple bootstrap Monte Carlo
simulations. The simple bootstrap uses the regression of Table 1 columns
two and three in the simulations. Even though the assumption of i.i.d. er-
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rors, necessary for the simple bootstrap, was weakened by assuming simple
stationarity of the disturbance term, the bootstrap performs remarkably well
here due probably to a number of facts. (i) The sample size is very large, thus
even assuming weak stationarity, we have enough observations for any asymp-
totic independence assumption of the error term to be effective. (ii) We use
an efficient DOLS estimator which has all the desirable properties of asymp-
totic normality and unbiasedness and also for its test statistics. In Table 3
we have the bootstrap pooled DOLS confidence intervals at the 80% nominal
level and at the 90% nominal level in Table 4. All the bootstrap methods
perform very well and are strong competitors for the asymptotic method.
It should be noted that, throughout the study, the BC' and BC, methods
gave the same results as the accelerator constant computed was close to zero.
In terms of smallest coverage error overall the percentile method performs
best here. At both the nominal levels considered the percentile method has
the smallest coverage error for the coefficients of both foreign and domestic
prices. In terms of the shortest interval, here the asymptotic method lead
to the smallest overall intervals. The asymptotic method had the smallest
intervals for all coefficients except for domestic prices at the 90% nominal
level.

In Tables 5 and 6 we have the results of the pairs bootstrap Monte Carlo
simulations for the group-mean DOLS estimator. The pairs bootstrap for the
group-mean DOLS estimator uses the regressions of Table 2 in the simula-
tions. With the group-mean DOLS estimates we have the percentile method
again providing the smallest errors in coverage probabilities in all coefficients
at both the 80% and 90% nominal levels. The BC and BC, provide the
shortest confidence intervals for domestic prices at the 80% nominal level.
Whilst the bootstrap-t method has the shortest intervals for foreign prices
at the 80% nominal level and for both domestic and foreign prices at the
90% nominal level. What is interesting here is the poor performance of the
asymptotic method, with very large, confidence intervals (nearly twice those
of the percentile methods) and errors in coverage probabilities.

Finally in Tables 7 and 8 we have the results of the pairs bootstrap Monte
Carlo simulations for the pooled DOLS estimator. The pairs bootstrap for
the pooled DOLS estimator uses the regression of Table 1, columns two and
four, in the simulations. Here again the percentile method performs best
with the smallest coverage errors for all coefficients at both nominal levels.
Here also the asymptotic method provides the shortest intervals for all coef-
ficients at both nominal levels. It has intervals approximately half the size
of those of the bootstrap-t method. However it does so at the cost of very
large coverage errors. Whereas the bootstrap-t method performs quite rea-
sonably at both nominal levels. Overall the effect of correctly accounting for
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serial correlation in the residuals of the cointegration regression and using
the pairs bootstrap rather than the simple bootstrap method, is that both
the group-mean DOLS and pooled DOLS bootstrap estimators have much
larger confidence intervals, due to the larger standard errors. However cov-
erage errors are roughly the same. The asymptotic method is also shown to
be quite unstable in this panel data cointegration regression. First with the
group-mean DOLS estimator it overcovers by as much as 10% — 20% at both
nominal levels. Then with the pooled DOLS estimator it undercovers by as
much as 10% —20% at both nominal levels. Whilst all the bootstrap methods
deliver consistently small coverage errors of less than 5%. The pairs boot-
strap method hence is shown to be remarkably accurate and efficient both
with the group-mean and pooled DOLS estimators.!® Overall the percentile
methods (including BC and BC,,) seem to be best in delivering optimal con-
fidence intervals, in terms of shortest intervals and smallest coverage errors.
Our results do coincide with some of the findings in the bootstrap litera-
ture. However few (or no) applications exist, in the econometric literature,
of bootstrap confidence interval studies with cointegrated (panel) regressions.
Kilian (1999) conducts a Monte Carlo analysis of the coverage accuracy and
average length of bootstrap confidence intervals, for impulse response estima-
tors. He finds the central percentile and percentile-t intervals both shorter
and more accurate than equal-tailed and symmetric percentile-t intervals.
Kilian (1999) makes very similar assumptions, as made in this paper, in
that he applies the simple bootstrap to the residuals of an AR(1) regression
where the disturbance u; ~ NID(0,1). That is u; is only normally identi-
cally distributed with some time dependency allowed between errors. Kilian
conducts a sensitivity analysis, with respect to sample size, to see the effects
of varying the sample sizes from T = 100, 200, 500 to 2,000. He finds that
some methods (eg percentile-t) perform poorly in smaller samples, but the
performance of all methods improve with increasing sample sizes. For the
very large sample size (2,000) all bootstrap methods have excellent coverage.
Another econometric application of the bootstrap has come from Kazimi
and Brownstone (1999) who provide bootstrap confidence bands for shrink-
age OLS estimators. They find that of the numerous methods they consider
that the BC, methods perform best and generate the tightest bands with
coverage close enough to the nominal level. Next the percentile method used
with the single bootstrap is best. Whilst the symmetric percentile with the
double bootstrap also performs well. The standard or asymptotic method

0The results shown use the HAC1 standard error estimates in computations. Those
using the HAC2 estimates were much more inferior with all methods except the percentile
methods
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does not perform particularly well. In the general statistical literature the
bootstrap studies tend to be more theoretical and rigorous. Diciccio and Ro-
mano (1988) provide examples of the percentile, BC, BC, and percentile-t
methods for the confidence intervals of a correlation coefficient and an ex-
ponential mean. They find that the BC and BC, improve on the percentile
method in terms of accuracy. Finally Efron (1987) introduces his corrections
to the percentile method for the central (1 — o) BC and BC, intervals in a
theoretical study. He shows the BC), interval is nearly identical to the exact
interval. Whilst the BC interval only partially improves on the standard or
asymptotic interval. This last interval has the largest length, followed by the
BC, and then the BC, and exact methods.

Returning to our results we have illustrated the very high performance of the
bootstrap methods when used in panel cointegration regressions. The pairs
bootstrap outperforms the simple bootstrap since all information in the coin-
tegration model is taken into account when constructing bootstrap samples.
This lead it to having the most accurate coverage probabilities and close to
the shortest confidence intervals. Also the bootstrap methods that excel are
the percentile methods that use only the bootstrap statistic’s distribution in
their computations. However the asymptotically pivotal bootstrap-t method
also performs well. We have shown also that any serial correlation detected
in the residuals of the cointegration regression should be corrected with an
application of the MBB, or recursive bootstrap methods. This has the effect
of improving the performance of all estimators and bringing the asymptotic
and bootstrap-t methods (which rely on accurate estimates of the regression
standard errors) in line with the percentile methods.

8 Conclusion

In this study we have shown that the bootstrap can effectively be used to
construct confidence intervals in panel data cointegrated regressions. When
efficient DOLS estimators such as the pooled (Kao and Chiang (2000)) DOLS
or group-mean (Pedroni (2001)) DOLS estimators are used, in a large macro
panel cointegration regression, one can use the pairs bootstrap method, with
modifications where necessary, to provide bootstrap estimators that are as
least as efficient as estimators based on first-order asymptotic theory. Using
our optimal confidence interval criterion we found the bootstrap percentile
method provided both the shortest confidence intervals and the smallest cov-
erage errors.
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