CEU eTD Collection

Aggregation Bias and the PPP Puzzle

By
Rudolf Rajczi

Submitted to
Central European University
Department of Economics

In partial fulfilment of the requirements for the degree of
Master of Arts in Economics

Supervisor: Professor Attila Ratfai

Budapest, Hungary
2013


http://www.ceu.hu

CEU eTD Collection

Abstract

Using an extensive data set of European disaggregate price indices I reexamine Imbs
et al.’s (2005b) findings on the importance of dynamic aggregation bias in explaining the
Purchasing Power Parity puzzle. My results suggest that there is clear evidence for such
bias in sectoral data, but allowing for heterogeneous adjustment processes across panel
members can in large extent explain the aggregation bias even on the country-level. Once
heterogeneity is taken into account and the cross-sectional correlation of the error terms
is controlled for, the estimated half-life of shocks hitting the real exchange rates can drop

below one year, providing further empirical support against Rogoff’s famous puzzle.
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Chapter 1

Introduction

Introduced by Cassel (1918) in the field of modern macroeconomics, the theory of Purchas-
ing Power Parity is one of the oldest concepts and one of the most intensively researched
areas in international economics. It builds on the notion of the Law of One Price (LOP),
which states that if markets function properly, there is no room for arbitrage on the level
of individual goods irrespective from the point of purchase, so that once expressed in a
common currency, prices of identical goods should not differ across countries. The PPP
is a direct extension of the LOP to aggregate price indices and assumes a co-movement
between the relative price levels and the nominal exchange rates for any given pair of
countries. It is most commonly analyzed in terms of movements of the real exchange
rates (which is defined as the nominal exchange rate adjusted for relative national price
levels), since, as it follows from the previous definition, observed variations in the real

exchange rates indicate deviations from the PPP.
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Of course, the LOP and the PPP seldom hold in practice: transportation costs, customs
or other types of trade restrictions, menu costs, higher costs associated with foreign
transactions (transaction costs, opportunity cost of leisure) or differences in preferences
even for the very same good can prevent international relative prices to closely follow the
changes in the nominal exchange rates. Therefore, as Rogoff notes, ”while few empirically
literate economists take PPP seriously as a short-term proposition, most instinctively
believe in some variant of purchasing power parity as an anchor for long-run real exchange
rates” (Rogoff, 1996, p. 647). As a result, the notion of the PPP is generally used
in international economics when analyzing long-term phenomena and is widely used for
calculating equilibrium exchange rates, comparing national levels of income or calculating

international poverty measures.

Starting from the 1970s, the empirical analysis of the PPP has gathered substantial
attention and led to a vast number of studies focusing on the empirical justification
of the PPP-theory.! These studies (especially those based on samples from the post-
Bretton Woods floating exchange rate periods) faced difficulties in finding support for
the stationarity of the real exchange rates and hence, justification of the PPP as a valid
long-run phenomenon.? As researchers associated the failure to reject the null hypothesis
of random walks in the context of real exchange rate with the low power of the employed
statistical tests®, the focus shifted on improving the power of the tests by extending the

dimensions of the analyzed data sets.

IFor some of the early contributors see e.g. Isard (1977); Frenkel (1980).

2For an extensive review of the early literature see e.g. Froot and Rogoff (1995); Rogoff (1996); Taylor
(2002).

3As Taylor (2001) notes, with annual single time series data and a true parameter value of an un-
derlying AR(1) process of p = 0.87 (which translates to a half-life of 5 years for the shocks), one would
require 128 observations to be able to reject the null hypothesis of a random walk at the 5% significance
level in case of a standard Dickey-Fuller unit root test.
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One way to do that was to increase the length of the sample periods; however, the
availability of long-term time series is in general fairly limited*, moreover, the results
are potentially biased by the sturctural breaks (such as exchange regime changes) in the
sample.® As an alternative approach to increas the number of observations in the sample,
the vast majority of empirical studies have focused on the joint analysis of several real
exchange rates in the panel context.® As Rogoff (1996) notes, both approaches led to
remarkably similar results regarding the persistence of the deviations from the PPP and
conludes that shocks hitting real exchange rates damp out at a pace of roughly 15 %
on a yearly basis, putting the estimated half-lives of such shocks to three to five years.”
Based on these findings, Rogoff argues that the empirical results indicating such high
persistence are hard to reconcile with the high volatility of real exchange rates in the

short term. Since such slow rates of mean reversion cannot be explained by theoretical

models of nominal rigidities, he introduces the notion of the " PPP-puzzle”.

With the extending availability of international price data at the disaggregated level, as
well as the discouraging results in explaining Rogoft’s puzzle based on aggregate price
indices, the focus of recent research has shifted to the analysis of the PPP on the sectoral
or even goods level.® Following this recent trend, my thesis tries to establish empirical

evidence for the validity of the PPP. By combining the micro and macro aspects present

4As an interesting example for such studies, Froot, Kim and Rogoff (1995) analyze annual commodity
data observed in England and Holland over 7 centuries.

® Amongst others, Taylor (2002), Abuaf and Jorion (1990) and Lothian and Taylor (1996) investigte
the role of exchange rate regimes in the context of the PPP.

6See e.g. Frankel and Rose (1996).

"Other papers such as Froot and Rogoff (1995) or Taylor (2001) report similar ”consensus estimates”
of four to five years.

8See e.g. Crucini and Shintani (2008); Goldberg and Verboven (2005); Haskel and Wolf (2001);
Parsley and Wei (2007).
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in the literature I perform a comparative analysis on real exchange rates based on both

aggregate and sectoral price indices.

My methodology closely builds on the recent study of Imbs et al. (2005b), which shows
that aggregation bias has a substantial positive impact on the estimated price adjustment
dynamics and once that bias is controlled for, persistence estimates obtained on disag-
gregated price level data indicate a faster pace of conversion than the ”consensus view”
established by Rogoff (1996).° During my analysis I also take into account the key points

of the "PPP-debate” triggered by Tmbs et al. (20050)™.

In addition, I extend Imbs et al.’s (2005b) analysis in the sense that I investigate the
presence of such bias on three different levels of aggregation. Along these lines I show
that although aggregation bias can result in positively biased estimates of the persistence
of real exchange rates, this bias does not necessarily appear during the aggregation of
sector-specific real exchange rates but can also evolve when neglecting country-specific
heterogeneity on the aggregate level. Finally, I demonstrate that ”intra-European” real
exchange rates show a faster of conversion than those based on US-prices, therefore,
choosing the US as the numeraire country might lead to overestimated half-lives for

European countries.

The remainder of my thesis is organized as follows: in Chapter 2 I formally introduce
the concept of the PPP and summarize the theoretical derivations of Imbs et al. (2005b)

on the different factors of aggregation bias. Chapter 3 describes the most important

9The PPP-literature has introduced several forms of bias which can account for the high persistence
of the PPP-deviations. See, for instance, Taylor, Peel and Sarno (2001) on the importance of non-linear
model specifications or Taylor (2001) on temporal aggregation bias.

10Chen and Engel (2005) criticize the key findings of Imbs et al. (2002) along several dimensions, while
Imbs et al. (2005a) provides additional arguments for the validity of their earlier results.
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econometric methods used in recent empirical studies on the validity of the PPP. These
tools include panel unit root tests, heterogeneous panel estimators, as well as methods
correcting for cross-sectional correlation or small sample bias. In Chapter 4 I give a brief
summary of the most important features of my data set. Chapter 5 describes the results
of my empirical analysis, while in Chapter 6 I provide additional support for my findings

by performing several robustness checks. Finally, Chapter 7 concludes.
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Chapter 2

Theoretical Background

2.1 The Theory of PPP

According to the fundamental identity of the PPP, domestic and foreign prices should
be equal, once they are accounted in the same currency. The basic intuition behind the
theory is that in an environment of perfect competition and properly functioning markets,
the possibility of arbitrage prevents sellers from demanding different prices for the very

same product. Therefore, for any good ¢

P, = SP; (2.1)

where P, is the domestic price of good 7, P/ represents its foreign counterpart while S is the
nominal exchange rate (home price of a unit of foreign currency). On the single good level,
the literature usually refers to this concept as the Law of One Price (LOP). Assuming that

aggregate price measures are constructed based on the same weights across countries, Eq.
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2.1 can be generalized to a basket of goods as well, arriving at the fundamental equation

of the absolute PPP:
N N
Z%‘Pi = SZw;‘Pf (2.2)
i=1 i=1

where w; and w; are the weights applied during aggregation in the home and foreign

country, respectively (again, with the implicit assumption that w; = w} V1).

In practice this identity holds only in the most extreme cases, since market imperfections,
transportation- and other types of transaction costs or differences in preferences allow pro-
ducers to set different prices even for the outmost identical goods. As an other important
issue, even if the LOP holds on the goods level, the assumption of the application of
identical weights for different countries is seldom true in practice. In most of the cases,
price indices such as the CPI or WPI are constructed by governmental agencies without
any international cooperation, since they are meant to measure the representative goods

baskets of the respective country.

As a direct consequence, applied economic research seldom focuses on the validity of the
absolute PPP but analyzes the question whether the observed differences are bounded
in a way or prices move independently from each other. In order to allow for constant
price differential between aggregate price indices, an alternative definition of the PPP was
introduced: focusing on the changes in price levels and those in the nominal exchange

rate, the relative form of the PPP states that

AP, = AS,AP} (2.3)

where S; denotes the period-t value of the exchange rate, while P, and P} represent the

price index of the same basket of goods measured in the home and foreign country in
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period t, respectively. The relative PPP states that changes in the relative price levels
should be offset by the movements of the nominal exchange rate, without requiring that

the absolute form of the PPP holds.

2.2 Heterogeneity and Aggregation Bias

This section introduces the different forms of bias arising during the estimation of au-
toregressive time series models due to the heterogenity of the underlying disaggregated
processes. Analyzing the characteristics of such models has substantial implications for
empirical PPP-research as real exchange rates are usually assumed to follow AR(p) pro-
cesses. The section summarizes the related findings of Imbs et al. (2005b), who associated
the empirical failure of the PPP with the presence of such bias; however, in a pure econo-

metric context this problem is thoroughly explored by Pesaran and Smith (1995).

2.2.1 Inconsistency of the Lambda-Type Estimators in Hetero-

geneous Dynamic Panels

Consider the disaggregated time series following first order autoregressive processes':

yiyt:ai—l—(&yi,t,l%—&,t, 1= 1,...,N7 t = 1,...,T (24)

!Pesaran and Smith (1995) use a more general framework allowing for contemporaneous exogenous
variables as well; however, in the context of real exchange rates, these can be omitted without loss of
generality.
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where a; = a+n and §; = §+n?, with ¢ and n? having zero mean and constant covari-
ance, ; € (—1,1) and &;; being distributed #id(0,c?). Performing a pooled estimation

with restricting the persistence parameters to be identical across i yields a model as
Vit = 0 +0Yip1 +€it, Eip = ngyi,tfl + & (2.5)

As we can see, the lagged dependent variable now enters the error term, leading to
inconsistent results of the usual OLS estimator. Moreover, the within or fixed effect

estimator dyy is also inconsistent, as in the full asymptotic case
N
Pl o 7socdi =8+ (0 — 0); (2.6)
i=1

with
o}

- %[5 (%) 0

=1

Vi

For the proof of the above statement I refer to Pesaran and Smith (1995). Imbs et al.
(2005b) show that for large N, the asymptotic bias of dy is "positive if and only if
cov(d,&) > 0, i.e. the covariance between the vector of persistence parameters § = {5;}Y,
and the vector of coefficients 5 = {~;}, is positive” (Imbs et al., 20050, p. 4). Under these
conditions, more persistent disaggregated time series have larger weights when summing

up Zfil(éi — d)7;, resulting in a positive bias of dyy.

2.2.2 Aggregation Bias Due to Cross-Correlated Error Terms

The second type of bias Imbs et al. (2005b) introduce arises due to the neglected cross-
sectional depence structure of the error terms, hence I refer to this form as ”cross-

dependence bias”. They derive the characteristics of such bias starting from the same
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model specification as described by Eq. 2.2.1; however, the assumptions regarding the
distribution of the error terms are relaxed in the sense that they are allowed to be cor-
related across the cross section: E(;¢, &) = 0;; for i # j. Aggregating the time series

across ¢ then leads to

G=a+ 00 1+& (2.8)

_ N _ N 3 N N .
where yy = > L Wi, @ = Y il wiy, § =Y i wils + D i wm?yz-,t—l, and w; are just
the weights associated with the i-th cross sectional unit used for aggregation. Following
the same intuition as in Subsection 2.2.1, one can show that the OLS estimator of ¢ is

inconsistent with an asymptotic bias defined as

N
plimN—>oo,T—>oo($OLS =9 + Z((Sl - 5):‘11 (29)

=1

with

o oZw? N i 0 jWiw; / i olw? N XN: 0} jWiw; (2.10)
1= 82 1 — 86, “\1-; 1 — 46, '

i#] i= i#]
Again, Imbs et al. show that the sign of the bias is the same as the sign of the covariance
between the vector of persistence parameters and the vector of coefficients 6 = {&;}Y,

and the vector of coefficients & = {x;}¥,.

In the empirical part of my thesis I calculate the previously derived correlation conditions
for my data to find support for the presence of aggregation bias arising from either of the

two described sources. Section 5.1 describes the results of this analysis.
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Chapter 3

Econometric Issues

3.1 Panel Unit Root Tests

Applied researchers generally test the validity of the PPP by analyzing the time series

properties of the (logged) real exchange rates defined as
Qit = St — Dit + Py (3.1)
An increase in the real exchange rate can be interpreted as the depreciation of the domestic

country’s currency in real terms, thereby leading to a gain in competitiveness compared

to the foreign country.

Investigating the presence of unit root processes in the real exchange rates had substantial
economic implications for the PPP hypothesis: if PPP holds, the real exchange rate will

revert to its long-run equilibrium value given by PPP after hit by shocks; if, on the other

11
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hand, real exchange rates seem to be driven by integrated processes, then the PPP serves

no purpose in practice.

From a practical point of view, verifying the stationarity of the real exchange rates has
posed a significant challenge to applied researchers: even though coefficients of the fitted
autoregressive processes are estimated to be smaller than one, still, real exchange rates
show high persistence, so that unit root tests could rarely reject the null of an integrated

underlying process.

In order to deal with the low power! of these tests, some researchers? suggested using
longer time series; however, those are difficult to obtain and are likely to be distorted by
structural changes (e.g. exchange rate regime changes). As an alternative way to improve

power, the cross-sectional dimension of the investigated samples was extended.?

Using panel data to investigate the PPP has several advantages: as a commonly cited
improvement over time series data, a data set with multiple dimensions is less likely to
suffer from multicollinearity; moreover, panel data sets can more easily overcome the issue
of structural changes in the data given that the time dimension is shorter. Therefore,
the following subsections give a brief introduction of the most important panel unit root

tests while the results of these tests applied to our data are discussed in Section 4.2.

IThe power of a test is defined as the probability of rejecting the null hypothesis when it is indeed
false.

2See e.g. Taylor (2002).

3For an early study of this kind see Frankel and Rose (1996) while some of the more recent studies
include e.g. Crucini and Shintani (2008); Goldberg and Verboven (2005).
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3.1.1 The LLC-test

One of the first panel unit root tests was developed by Levin, Lin and James Chu (2002)
(henceforth LLC-test). In their most general framework, the stochastic process {yi}
observed over T time periods for a panel of N individuals is assumed to be generated by

the following model:
P;
Ay = ap; + aq it + pYi—1 + Z O LAYir—1 + i (3.2)

L=1
where —2 < p <0 for i =1,..., N and the error terms &;; are assumed to be distributed
independently in the cross-sectional dimension and follow an invertible ARMA process:
it = Z]oil 0; i&i1—j+eir. As we can see, the LLC-test is a direct extension of a univariate
ADF-test* into panel data framework. The test potentially allows for an intercept and
time trend in the regression, a different order of serial correlation in the error terms;
however, it restricts the slope coefficient to be identical across cross-sections so that
under the alternative hypothesis, the speed of convergence is the same for all time series
in the sample. As a result, testing the null hypothesis of unit roots in all series against

the alternative of the stationarity of all time series is equivalent to testing Hy : p = 0, H; :

p <0.

Levin, Lin and James Chu (2002) introduce a three-step procedure to carry out the test.
In the first step, separate ADF-regressions as 3.2 are estimated for each cross-section,
in order to obtain the individual-specific lag orders P;. After observing P; for each N,

orthogalized residuals are calculated by two auxiliary regressions:

4Dickey and Fuller (1979)
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P;
it = Ay — Qg — Gyt — g i LAYit—L (3.3a)

L=1
Py

Vi1 = Yig—1 — Qg — O it — Z T LAY 1 (3.3b)
L=1
For each cross sectional unit, the residuals are then normalized by the standard errors of
the residuals from Equation 3.2, o ;:
ey = €it/0ci, Vi = Vi—1/0ci (3.4)
In the second step of the test, the ratio of the short and long run variance of the model

is estimated:

=
)

Sy=N">"Y |10 (3.5)

In the third step of the procedure the slope parameter § = p+1 is estimated by regressing
€; On U;

€ie = O0U;y 1 + Uiy (3.6)

(2

After performing the three steps, the final test statistic is an adjusted t-statistic of ¢

taking the form

_ ts = NTSyos pr

~2

t - (3.7)

i or

where the adjustment term pz/or (which may vary for different model specifications
depending on the inclusion of a constant and/or a time trend in Equation 3.2) is provided
by of Levin, Lin and James Chu (2002). In terms of asymptotic behavior, depending on

the model setup, asymptotic normality of the test statistics holds as long as the cross-

sectional dimension increases at a lower pace than the time dimension (more specifically,
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cither VVN/T — 0 or N/T — 0 as N,T — oo). As Levin, Lin and James Chu (2002)
show, the derived test statistic has reasonable size properties for small samples (N = 10,
T = 25), while for sufficient power larger samples (N = 25, T = 100) are required.
Nevertheless, the implementation of the test depends upon the independence assumption
across the cross-sectional units so that the test might provide biased results if cross-

sectional correlation is present.

3.1.2 The IPS-test

Although the previously introduced LLC-test is fairly general in the sense that it allows
for a different order of serial correlation across series, imposing the same first order
autoregressive coefficient on the individual time series might be too restrictive. The
approach developed by Im, Pesaran and Shin (2003) (henceforth the IPS-test) relaxes
the latter assumption, as it allows both the constant and the autoregressive term to vary
across individuals. Formally, their model takes the following form similarly to the initial
setup of the LLC-test:
P

Ayi,t = Qo T oyt + piYis—1 + Z ei,LAyi,t—L + fi,t, t=1,..,N,t=1,..,T (3-8)
L=1

The approach pools N separate ADF unit root tests (one for each panel member) to
evaluate the presence of a unit root under the Hy : p; = p = 0 V i against the alternative
Hy:pi<Ofori=1,...,N; and p; =0 for i = Ny +1,..., N. As we can see, under the

alternative, the model allows the rate of convergence to differ across individuals and does
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not require all time series to be stationary. The test statistic itself is the average of the

t-ratios corresponding to the p;-s of the individual ADF—regressions:

T — pz T
tne =N tip= (3.9)
; Z\ /Var(pir)
The authors also address the issue of cross-sectional correlation and suggest to subtract

the cross-sectional means from the observed data to mitigate its effect.

The proper asymptotic behavior of the test requires 7' — oo followed by N — oc.
Using Monte-Carlo simulations Im, Pesaran and Shin (2003) show that the proposed test
performs well with both N and T sufficiently large (the largest sample they consider
is N = 100 and 7" = 50) if the lag orders in the individual ADF-regressions (P;) are
"large enough”. According to the simulation results, the finite sample performance of the

IPS-test dominates that of the LLC-test.

3.1.3 Pesaran’s (2007) CADF Test

The first generation panel unit root tests described in the previous subsections relied on
the rather restrictive assumption of cross-sectional independence among the panel mem-
bers. As Breitung and Das (2005) notes, ignoring the correlation across panel members
can lead to over-rejection of the null hypothesis in the previously described tests, thus
falsely concluding stationarity of integrated processes. In order to relax this constraint,
these early tests were usually augmented by de-meaning the time series prior to carry-
ing out the actual unit root tests. This correction, however, can only account for the
cross-correlatedness of the error terms when all non-diagonal elements of the variance-

covariance matrix turn out to be equal.
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Pesaran (2007) introduced an alternative approach making use of a residual one-factor
model. Consider a heterogeneous dynamic panel model expressed in a Dickey-Fuller

regression form:

Ayir = o + pilhir—1 + &, t=1,..,N,t=1..T (3.10)

where p; = 6, — 1 and &;; denotes a composite error structure compiled of an unobserved
common common component f; and an idiosyncratic term €;4: & = i fi +€;+ with both
having zero mean, constant variance, finite fourth order moments and being independently
distributed along all possible dimensions.® As we can see, through 7; the setup allows for
heterogeneous effects of the shared common factor on the individual time series. Similarly
to the IPS-test, the null hypothesis of the proposed test is Hy : p; = 0V ¢ against the

alternative Hy : p; <O fort=1,...., Ny and p; =0 for i = N; +1,..., N.

In practice, the stationarity of such a model can be evaluated by estimating the regression

Yir = @i +biYi—1 + i1 + Ay + €iy (3.11)

As we can see, the unobserved common factors are proxied by the cross-sectional averages
of both the dependent and the independent variables of the model. Due to the presence
of these terms, Pesaran (2007) denoted this form as the Cross-sectionally Augmented
Dickey-Fuller (CADF) regression. He proposes the use of either the ¢y 7 statistic of Im,
Pesaran and Shin (2003) (as defined in 3.9) or Z(N,T), its equivalent assuming normal

distribution:

N N
CIPS(N,T) =tyy=N"Y (N, T), Z(NT)=N""> o' (pr) (312
=1

i=1

5In the current setup the model does not allow for any sort of serial correlation within the compound
error term; however, Pesaran (2007) also derives a modified version of the proposed test statistic, allowing
for serial correlation.
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where p; r is the p-value of the Dickey-Fuller test carried out on the cross-sectional unit
¢ in the form defined by Equation 3.11. It is clear from Equations 3.11 and 3.12 that
a great advantage of the CADF-test relies in its simple methodology as it is a direct
extension of the usual Dickey-Fuller test. Moreover, the asymptotic properties of the
test are quite suitable to our empirical analysis, as they are derived for N/T — k while
N — 00, T — o0o0. As Pesaran’s (2007) Monte-Carlo simulations show, the test has

satisfactory power and size if both dimensions of the panel are larger than 30.

3.2 Panel Estimators

3.2.1 Standard Panel Estimators

Consider a standard AR(1) model in a three dimensional panel context of the following

form:
Yiet = Qie T PYict—1 + Eict (3.13)

where 7 and ¢ denote the two cross-sectional dimensions of the panel while ¢ is the time
index and &; . ~ (0, Uic) is assumed as usual. In a dynamic panel context, due to the pres-
ence of constant sector-specific effects, the explanatory variables are necessary correlated
with the unobserved panel-level effects of the error term, resulting in biased estimates of
the lambda-type estimators. To tackle this problem, Equation 3.13 can be rewritten in
first differences, thereby eliminating the time-fixed error components. Nevertheless, the
lagged dependent variable remains endogenous in the differenced form. There have been

several suggestions in the literature to overcome this problem: as E(y; ct—p, €ict) = 0 for
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p > 1, Arellano and Bond (1991) derived a consistent generalized method of moments
(GMM) estimator for this context by using all available lags of y; .;—1 as instruments for

the differenced lagged dependent variable.

As a drawback of this estimator, it has been shown that Arellano-Bond estimator could
perform poorly if the true persistence parameter is close to unity. As an alternative
GMM-type estimator, Blundell and Bond (1998) proposed to estimate the level and the
first differenced equations jointly, using the lagged levels as instruments in the differenced
equation and lagged differences as instruments in the level equation, respectively. By en-
abling for an extended set of moment conditions, the Blundell-Bond sys-GMM estimator

is expected to have better properties in case of highly persistent processes.

3.2.2 Panel Estimators Allowing for Heterogeneous Slopes

By extending 3.13, consider a panel model with heterogeneous coefficients:
Yiet = Qi T PiclYict—1 + Eicty, Qe =0+ 77507 Pic =P+ Uf,c (3.14)

Standard panel estimators rely on the assumption that the coefficients of the model are
identical across the cross-sectional groups (p;. = p Vi,c¢). One can think of several eco-
nomic problems when this assumption is misleading. Suppose instead that the coefficients
may be different across sectors and one is interested in the average of these heterogeneous
effects. As Pesaran and Smith (1995) note, in the static panel context unbiased coeffi-
cient means can be obtained by either aggregating, pooling, averaging group estimates or
cross-sectional regressions. In a dynamic panel setup, however, the first two approaches

lead to inconsistent estimates if the regressors are serially correlated. As a solution to this
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problem, they propose the application the Mean Group (MG) model, where the estimator
can be obtained by performing standard OLS-regressions on each group of the panel and

then taking the average of these estimates:
P =110 Y TNy T poks (3.15)

where I and C' denote the number of groups across cross-sections in our previous model
setup. Pesaran and Smith (1995) show that MG-estimator provides consistent estimations

for the coefficient means for large N and T.°

The Mean Group model assumes that heterogeneity across groups is deterministic in the
sense that 77, and nﬁ . are fixed effects in the model. Alternatively, the group-specific
deviations of the average coefficients could be considered as random variables with zero
mean amd constant covariances (E(nfc) = O,E(n{c,ng;) = I') and finite moments of
higher order). In such a setup, the implementation of the Random Coefficients (RC)
model first proposed by Swamy (1970) is recommended. While the MG-estimator simply
takes the unweighted arithmetic average of the group-specific coefficients, the RC model
performs a GLS regression and so aggregates the group-specific estimates by optimally

weighting them, using the variance-covariance matrix of the estimated residuals.

To be more explicit, consider Equation 3.14 in matrix notation:
Yie = i,cﬂi,c + €ic (316)

where

6The paper does not provide Monte-Carlo evidence for which sample sizes the estimator can be
considered as consistent.



CEU eTD Collection

Chapter 3. Econometric Issues

21

Yiel I Yico Eicl

Yie = 5 6@',6 - (ai,m pi,c)7 Xz',c = s Eie =

Yie,T 1 Yier—1 EieT

(3.17)

Then, the MG-estimator )¢ is obtained by vertically averaging the second column of

matrix BLC while the RC-estimator p¥¢ can be calculated as
ﬁRC = Z I/Vi,cpz(',)cLS
with

Wie = | 20+ Vi) 7T+ Vi)™ Vie = 02 (X] Xio) ™

)

3.3 Other Panel-Related Econometric Issues

3.3.1 Cross-Sectional Dependence

(3.18)

(3.19)

The assumption of cross-sectional independence across panel members can turn out to

be quite unrealistic, especially when the cross-sectional dimension of the panel is large.

Such cross-dependencies can arise due to a variety of reasons such as spatial dependence,

supranational institutional connections or other sources of common shocks which is not

properly accounted for in the model. Addressing the problem of cross-sectional depen-

dence has two advantages in our case: first and foremost, aggregation bias caused by

cross-correlated error terms (as presented in Section 2.2.2) crucially relies on the assump-

tion of cross-sectional correlation in the residuals, hence the issue should be included in
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the empirical part of this analysis too. Secondly, incorporating the dependence struc-
ture into the estimation process can potentially improve the efficiency of the estimators,

thereby leading to more precise results.

Before turning to the methods of addressing this issue, first I introduce two approaches
for testing cross-sectional dependence in the error terms. The test proposed by Breusch
and Pagan (1980), which evaluates the null hypothesis of absence of cross-correlatedness,

computes an LM-statistic of the form

N—-1 N
BP=TY > 6, (3.20)

i=1 j=it+1
where N and T denote the cross-sectional and time dimensions of the panel, respectively

while &Z-QJ is the estimated correlation between the residuals of series ¢ and j. Under
the Hy, the test statistic follows a x? distribution with N(N — 1)/2 degrees of freedom.
The test is generally suitable for small-N large-T" panels and can exhibit substantial size

distortions in panels with large cross-sectional dimensions.

By the properties of our sample, the Breusch-Pagan test is only applicable in the case
of the headline price indices as the sample of the sectoral real exchange rates includes
hundreds of observations in both dimensions (see Section 4.1 for details on our data set).
Therefore we introduce an alternative test which is not constrained to panels with small
cross-sectional dimensions. The test was proposed by Pesaran (2004) and relies on the

following test statistic:

T N—-1 N

i=1 j=i+1

where N, T and &ﬁ ; are the same as in the case of the Breusch-Pagan test. Under Hy the

test statistic asymptotically follows a standard normal distribution. As Pesaran (2004)
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shows, the test shows favorable properties in terms of power even in the case of large-INV
panels, moreover, it is valid in the case of highly persistent heterogeneous dynamic panel

models too.

We now turn to the approaches which allow the standard estimators to account for cross-
dependence. Among the previously discussed estimation procedures only the Random
Coefficients model exploits the variance-covariance matrix of the residuals whereas the
Mean Group model as well as the standard Least Squares estimators generally assume
the diagonality of this matrix and thus, independence across cross-sections. Therefore
we now discuss two procedures which can extend these estimators to the cross-correlated

context.

The most widely used method to deal with cross-dependence is to treat the cross-sectional
units as a system of equations and perform Seemingly Unrelated Regression Estimations
(SURE) based on GLS-techniques. The approach largely builds on the work of Zellner”.
As in the case of all GLS-type estimators, the variance-covariance matrix of the error
terms is estimated with help of the residuals of separate OLS-regressions and then the
final estimators are obtained by correcting the OLS-estimates with the matrix, in a similar

manner as shown in Equations 3.18 and 3.19.

The SURE approach is an acknowledged and widely used method to deal with cross-
sectional correlation in panel context; has, however, one significant drawback: it can only
be applied to panels whose cross-sectional dimension is smaller than the time dimension.
Since in the empirical part of the thesis this is not always the case, the ”Common Corre-

lated Effects” method proposed by Pesaran (2006) will also be implemented. Intuitively,

"Zellner (1962); Zellner (1963); Zellner and Huang (1962).
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the approach filters the individual-specific regressors from their cross-sectional averages,
thereby accounting for the effects of common unobserved factors.® It allows for heteroge-
neous effects of these common error components on the cross-sectional units as well as for
potential correlation among themselves or with the individual-specific errors. Compared
to SURE, apart from its applicability to large panels, the CCE correction has a further
advantage of simplicity as in practice it only requires to calculate the cross-sectional aver-
ages for both the dependent and explanatory variables and then include them as auxiliary

regressors to the model.

3.3.2 Small Sample Bias

It is a well documented fact in the literature that autoregressive processes with high per-
sistence can lead to underestimation of the coefficients in the case of the least squares
estimators (see for instance Andrews (1993)), thereby reporting shorter half-lives for de-
viations from the PPP. Several procedures have been proposed to address this problem:
Andrews (1993) suggests the use of the median unbiased estimator in the case when the
distribution of the innovations of the AR(1) model as well as the median function of the
slope coefficient are known. Alternatively, Kilian’s (1998) ”Bootstrap-after-Bootstrap”
method does not require such prior knowledge of the theoretical distributions; however,
it requires substantial computation capacities. A second technique relying on bootstrap-

ping, called the ”grid bootstrapping” method, has been proposed by Hansen (1999).

8The intuition behind the test is the same as in the case of the CADF-test.
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In this subsection we discuss the method introduced by So and Shin (1999). They claim
that in the case of positively correlated autoregressive processes the small sample bias
of the least-squares estimator family is "due in large part to lack of efficiency in mean
adjustment or trend adjustment”. Therefore they propose that instead of the usual mean
adjustment g, = y, — 71 ZtT:l y; performed during the LS-type estimations a recursive
mean adjustment should be applied following the formula 4, = 3, — t~! Zle y;- In the

case of a simple AR(1) model® the modified OLS-estimator takes the form

~OLS __ St o Yot — 1) (Ys — Bie1) 399
RMA — T .. 9 ( : )
Zt:Q(yt—l — dh—1)

As we can see, So and Shin’s (1999) method does not require prior knowledge of the
underlying process or intense computations and is simple to apply, since it requires to

replace the overall sample mean with the recursive sample mean.

Yy = o+ pys—1 + & with g, ~ iid(0,02)



CEU eTD Collection

Chapter 4

Data

4.1 Description of the Data Set

Our data set consists of monthly observations of the harmonized index of consumer prices
(HICP) for each current member state of the European Union compiled by the Eurostat
(Eurostat, 1996-2013¢). As the most important feature of this data set, price indices
are not only reported for the general consumption basket of goods and services but at
4 different levels of aggregation — enabling us to examine the different forms of aggrega-
tion bias introduced in Section 2.2 at three levels. As the second ingredient of the real
exchange rates, nominal exchange rates were also obtained from the statistical agency of
the European Union (Eurostat (1996-2013a), Eurostat (1996-2013b)). Since observations
for the goods and services are gathered by the national statistical agencies throughout
each month continuously, the nominal exchange rates correspond to monthly averages of

the daily official fixings instead of their month-end balances. Finally, for the abandoned

26
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currencies of the current EMU-members a data smoothing procedure was performed by
Eurostat in order to account for the one-time jumps of the national exchamge rates at

their entrance to the Euro-zone.

Turning to the structure of my data set, the 13 level of the COICOP-classification contains
only one price index, the headline inflation measure. On the 2°¢ level of the COICOP-
structure one can find the 12 most important subindices (e.g. ”Food and non-alcoholic
beverages”). Going one step further to the 3™ level, the number of indices jumps to 40,
while the most detailed 4" level consists of 78 series, adding up to 131 price indices in
total (examples for the last two levels are ”Food” and ”Bread and cereals”, respectively).
However, at the last two levels of the classification some price indices are not necessarily
compiled for each country (therefore time series which do not appear among the compo-
nents of the headline index of a respective country were dropped of the sample. Out of
the potential 3,406 time series (131 price indices for 26 countries), 117 did not contain

any observations, resulting in a cross-sectional dimension of N = 3, 289.

The Eurostat allows access to HICP-data starting from January 1996 to the present times;
however, we restricted my sample to the 1996:01-2012:12 period (T},4: = 204). It has to
be noted that the national statistical agencies of the new member states (NMS) started
to comply with Eurostat’s data gathering standards only during the accession process
to the EU; therefore, most time series for the NMS for the 3™ and 4" COICOP-levels
only start in January 2001, resulting in a highly unbalanced panel for the first years of
my sample. Nevertheless, the last 12 years of the sample can be regarded as a strongly

balanced panel.
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After removing the observations which do not enter the aggregation process of the Euro-
stat, we arrive at 624,382 observations for our whole sample. Table A.1 in Appendix A
summarizes the data coverage of our panel. As we can see, regarding the subsamples for
the first two COICOP-levels, our data coverage is almost complete, with some observa-
tions missing for Bulgaria and Belgium for the first time periods. For levels 3 and 4 the
coverage is somewhat reduced (especially for Romania, Hungary and Slovenia); neverthe-
less, out of the maximal 204 the sample includes 186 and 178 data points on average for
the included price indices, respectively. Overall, the sample consists of 183 observations

on average, with most missing values coming from the NMS for the pre-2001 period.

Using such a detailed data set has numerous advantages: most importantly, the PPP
theory requires the underlying goods to be identical - although this is hard to implement
in practice, extending our analysis to such detailed categories increases the credibility
of our assumption regarding the homogeneity of the underlying goods. Moreover, using
the Eurostat database as opposed to the usual consumer price indices compiled by the
statistical authorities of the member states overcomes the issue of aggregation bias caused
by applying different weights during the calculations. Lastly, extending the cross-sectional

dimension of my sample should also improve the robustness of our results.

4.2 Stationarity of the Real Exchange Rates

The calculation of real exchange rates requires a reference country whose price indices
serve as a basis of comparison — in our analysis the benchmark country is Germany. This

choice was motivated by several factors: firstly, Germany is the biggest economy of the
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European Union — since the PPP literature generally relies on a big advanced economy,
the choice is in line with the usual empirical approach.! Secondly, since deviations from
the PPP are probably less important in the case when there is limited economic activity
between the countries, choosing the most important partner in terms of intra-EU trade
increases the robustness of our results. Finally, this choice was supported from a practical
point too: Germany has basically full data coverage in the sample, thus enabling us to
maximize the number of investigated real exchange rates. Nevertheless, it does have the
drawback of being part of the Euro-zone, thereby resulting in fixed nominal exchange
rates for several countries and time periods. Therefore, as a robustness check I carried

out the analysis with choosing the United Kingdom as a benchmark country as well.

Following the methodology of Imbs et al. (2005b), I performed the LLC- and IPS-tests on
both the aggregate and the sectoral real exchange rates of our panel, with and without a
deterministic trend. Since these tests belong to the family of first generation panel unit
root tests and thus have a tendency of over-rejecting the true null hypothesis of a unit
root in the case of cross-correlated panels, as a robustness check we also applied Pesaran’s

(2007) CADF-test (which allows for cross-dependence) to our data.?

Table 4.1 summarizes the results of the panel unit root tests. As we can see, the tests
overwhelmingly reject the null hypothesis of the presence of a unit root for each COICOP-
level, irrespective of the a priori assumptions of the test. As an interesting side experiment

we can also conclude that the favorable qualitative results of the first generation tests

!'Empirical PPP-studies generally select the US as the reference country; however, data in the
COICOP-classification is not available for levels 3 and 4 for the US, hence choosing the latter as the
reference economy would have led to a significant reduction of my sample.

2See Section 3.1 for the properties of the tests.
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TABLE 4.1: Results of the panel unit root tests.
COICOP-level
Test Trend 1 9 3 4
0.8501 21.1925 -17.8114 -19.088
LLC No 1 00000)  (0.0000)  (0.0000)  (0.0000)
-10.0989 -8.7683 -12.205 -15.9453
LLC - Xes 1 .0000)  (0.0000)  (0.0000)  (0.0000)
PS No | 46021 -10.0041 -9.7364  -14.2668
(0.0000)  (0.0000) (0.0000)  (0.0000)
137814 -13.8077 -21.6201 -34.5233
IPS Yes
(0.0000)  (0.0000) (0.0000)  (0.0000)
46021  -10.0041 -9.7364 -14.2668
CADE No 1 0000)  (0.0000) (0.0000) (0.0000)
137814 -13.8077 -21.6201 -34.5233
CADEYes | 0000)  (0.0000)  (0.0000) (0.0000)

The table includes the test statistics and p-values (in parenthesis) for the respective panel unit root
tests. All regressions include a constant. The LLC-test restricts the slope parameters to be indentical
under the Hy, while the IPS- and the CADF-tests allow for heterogeneous dynamics across the panel
members. The first two tests allow for a serial correlation up to 12 lags in the residuals, where
the optimal lag length was selected based on SIC for each panel member. For the CADF-test, the
table report statistics of tests factoring for first order serial correlation for each cross-sectional unit;
however, tests including up to six lags did not produce qualitatively different results. The CADF-tests
were carried out using the Stata package of Lewandowski (2006).

were not biased by cross-sectional correlation, a finding similar to the empirical results

of Breitung and Das (2005).
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Results

After the description of the theoretical background as well as the methodological issues
related to my analysis I summarize the empirical findings of my research. First, I in-
vestigate the presence of aggregation bias based on the formulae derived by Imbs et al.
(2005b), then I present the regression estimates. Later, in Chapter 6 I run additional

regressions in different setups to support the robustness of my results.

5.1 Presence of Heterogeneity Bias

In Section 2.2 I provided a short summary on how heterogeneity at a sectoral level can
lead to biased estimates of the persistence parameters on the aggregate level, as intro-
duced by Imbs et al. (2005b). I distinguished to forms of bias: the first one, denoted as
"heterogeneity bias’” arises if one tries to fit autoregressive models with identical slope pa-
rameters to a panel whose cross-sectional members are in reality driven by different rates

31
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of adjustment. The second type of bias, called ’cross-dependence bias’ arises when cross-
sectional correlation across the panel members is not taken account during the estimation
process. As demonstrated earlier, under certain conditions the sign of both types of bias

should be positive resulting in the overestimation of the true autoregressive parameters.

In this section I calculate the bias coefficient Imbs et al. (2005b) derived for the case of
heterogeneity bias. In order to do so, I fit separate AR(1) regressions using the OLS-
estimator to each country and sector of our sample and record the estimated slope coef-
ficients as well as the variance of the residuals. I then calculate the bias coefficient using

the formulas defined in Equation 2.7.

Figure A.1 in Appendix A summarizes the results by plotting the obtained bias coefficients
against the slope estimates whereas Table A.2 gives a detailed overview on the calculations
performed on the aggregate level. The figures indicate a small but positive correlation
between the two coefficients of interest. This is confirmed analytically as well: for the
whole sample, the estimated correlation coefficients were 0.1360, 0.0304, 0.0142, 0.0253
for the COICOP levels 1-4, respectively. As a robustness check of our results I truncated
the sample to the time series with estimated autoregressive coefficients between 0.8 and
1 (the right columns of Figure A.1 demonstrates our results for the truncated samples).
After eliminating the outliers I was able to observe a substantial increase in the sample
correlations, with the coefficients now being equal to 0.2691, 0.1272, 0.0984 and 0.0798,

respectively.

Comparing our results to those of Imbs et al. (2005b), one can observe both similarities

and differences: on the one hand, the presence of a positive heterogeneity bias found
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support in both data sets, emphasizing that allowing for cross-sectional heterogeneity
could help us explain the large persistence parameters estimated by OLS or FE estimators.
On the other hand; however, the support for the positive bias was less clear cut in our
sample than in Imbs et al. (2005b) as the obtained correlation coefficients are only slightly
positive. Unfortunately, these results cannot be compared directly to Imbs et al. (2005b)
as they report covariances instead of correlations, thereby making any kind of comparison

infeasible.

5.2 Regression Estimates

In this section I summarize the results of my empirical analysis. First, I report the results
obtained by fitting standard OLS and Fixed Effects (FE) models to the four subsamples
defined by each COCIOP-level of my data set. These techniques are restrictive in the sense
that they assume identical slope coefficients among the different members of the panel®.
In order to relax this assumption, I apply the Mean Group (MG) and Random Coefficients
(RC) estimators described in Section 3.2.2, which allow for different adjustment dynamics
across both countries and sectors. As the next step, these estimators are augmented to
control for cross-sectional dependence within the panel by either the SURE approach

(when applicable) or as in most of the cases, by Pesaran’s (2006) CCE correction method.

The regression results presented in this Section are not interpreted in their original form

but are subject of a simple conversion: as a widely used measure in the context of

!Besides the homogeneity of the persistence parameters, the OLS estimator also constrains the con-
stants of the model to be the same across the cross sections, whereas the FE estimator allows for
heterogeneous constants.
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stationarity of the real exchange rates, I refer to the estimated coefficients in terms of
half-lives which correspond to the number of periods necessary for a shock hitting the real
exchange rate to lose half its initial effect. With regards to AR(1) processes, half-lives can
be easily computed using the formula HL = In(0.5)/In(4), where 6 is the estimated slope
coefficient of the process. In the case of higher order autoregressive processes, half-lives
are obtained based on the impulse response function (IRF) of the model and correspond

to the first period after which the impulse response function remains below the 0.5 level.

Both Imbs et al. (2005b) and Chen and Engel (2005) point out that the standard specifi-
cation in the empirical studies on the PPP is to fit AR(p) processes to the data, with most
of the studies settling for p = 1. Out of the two studies, the former describes the process
of obtaining the optimal p lag length so as to analyze the impulse response functions of
the fitted AR(p) models and then selects the one for which the IRF is continuous around
0.5. However, this specification is fairly vague and thus hard to reproduce, therefore in
my thesis I follow the most common specification of the literature and fit AR(1) models
to my data. As a result, half-lives can be easily obtained by the formula described above

without the rather subjective analysis of the impulse response functions.

5.2.1 Aggregate Real Exchange Rates

As the starting point of the analysis I estimated Equation 3.13 on the sample of aggregate
real exchange rates by OLS, thereby restricting both the slope coefficients and constants
to be identical across countries. As shown in the first row of Table 5.1, the OLS regres-

sion indicates a remarkably high level of persistence: the point estimate of the regression
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implies a half-life of 35 years for the shocks while the estimated confidence interval trans-
lates into half-lifes of 18-306 years. The results clearly indicate higher persistence than
usually reported in the literature? and points most probably towards misspecification of

the model.

TABLE 5.1: Estimated slope coefficients of the aggregate real exchange rates.

Model Heterogeneity Cross- 5 Half-life Homogeneity test BP-test? CD-test®
Constant  Slope  dep. constant  slope

0.998 414 6817.61  61.61
OLS No No No (0.997,1]  [219, 3667] (0.00)  (0.00)
0.967 21 241.9 7336.96  65.15
FE Yes Noo No | 5 044,000]  [12,69]  (0.00) (0.00)  (0.00)
0.965 20 7452.94  66.16
Arellano-Bond Yes No No 10,929, 1.001] 9, o] (0.00) (0.00)
0.998 427 7407.18  64.55
Blundell-Bond No No No [0.995, 1.002]  [135, o] (0.00) (0.00)
0.967 20 230.84 616.31 6861.62  63.34
MG Yes Yes  Nolig051,0082]  [14,39]  (0.00)  (0.00)  (0.00)  (0.00)
0.972 24 341.49 7788.82  63.97
FE (SURE) Yes NoYes | 19068 0.076)  [22,28)  (0.00) (0.00)  (0.00)
0.966 20 155.75 16758.75  72.62
FE (CCE) Yes NooYes | 10046, 0.086)  [13,48]  (0.00) (0.00)  (0.00)
, 0.905 7 225.67 314.68 5321.79  38.3
MG-CCE Yes Yes o Yes g4 0.926) 6, 9] (0.00)  (0.00)  (0.00)  (0.00)
0.972 24 6858.72  62.89
RC Yes Yes e |0 045 0,099 [12, 702 (0.00)  (0.00)

Notes: Figures in brackets denote standard errors in the case of the estimated slope coeffi-
cients and their implied confidence interval in half-life terms. Figures in parenthesis denote
the corresponding p-values of the presented test statistics. Standard errors were obtained
using on a non-parametric bootstrap procedure with 100 repetitions for the LS-type estima-
tors. For GMM-estimators I report heteroskedasticity- and autocorrelation robust standard
errors. | GMM-estimations were performed using the Stata package of Roodman (2003). 2
MG-estimations were performed using the Stata package of Eberhardt (2011). * Denotes the
Breusch-Pagan test statistic. # Denotes Pesaran’s (2004) CD-statistic.

By moving one step towards a more general model setup I estimated Equation 3.13 by
the standard fixed effects (FE) panel estimator. As it is shown in the second row of
Table 5.1, allowing for heterogeneous country-specific constants resulted in a significant
decrease in the estimated half-lives: the FE-estimator report a shock persistence of 21

months in half-life terms; however, its large confidence interval (12 to 77 months) does not

2T consider Rogoff’s (1996) consensus view of 3-5 years as the benchmark for my results.
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allow do distinguish its results from the consensus view. As a test for the correct model
specification I performed a Hausman-test to choose between the FE and the Random
Effects setup: here the y?-statistic of 6.46 allowed to reject the null hypothesis of non-
systematic differences between the FE and RE estimators at the 1% confidence level, thus

the FE-specification is preferred to the RE.

As T point out is Section 3.2.1, FE estimators produce biased estimates in the dynamic
panel context. Therefore I estimated Equation 3.13 by two standard GMM-estimators,
those developed by Arellano and Bond (1991) and Blundell and Bond (1998). The
Arellano-Bond estimator produeced quantitatively similar results to those of the FE;
however, its confidence interval is significantly larger.®> On the other hand, the Blundell-
Bond estimates report a similar persistence as the OLS-estimator — although I imple-
mented the Blundell-Bond estimator as it relies on a wider set of moment conditions
than the Arellano-Bond estimator, the fact that in the level equation of the system a
homogeneous constant is included makes the estimator rather comparable to the OLS

than the FE.

As the last step of my analysis I allowed for heterogeneous dynamics and cross-correlated
residuals across countries. I estimated the coefficients with two heterogeneous estimators,
out of which the Mean Group does not allow for cross-dependence while the Random
Coefficient model does. Therefore, former was also augmented by the CCE approach, as

was the standard Fixed Effects estimator. Rows 5-10 of Table 5.1 report the results.

3This result is not surprising as GMM-estimators rely on less assumptions and thus smaller information
set than the LS-type estimators, hence the larger confidence interval.
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Applying either the SURE or the CCE correction method on the standard FE estimators
did not change the previously obtained results substantially: the estimated half-lives of 24
and 22 months for FE-SURE and FE-CCE, respectively are now slightly higher than the
uncorrected estimates with the estimated confidence intervals lying within those reported
in the previous paragraphs. Based on the results obtained by homogeneous estimators I
didn’t find support for cross dependence bias on the aggregate level; however, the slope
homogeneity tests reported in Table 5.1 indicate that the FE-setup might not be the

correct model specification.

Turning now to the estimators allowing for heterogeneous adjustment dynamics, the MG
estimator did not produce substantially different results from those obtained by the stan-
dard panel methods: the point estimate lies remarkably close to the FE and Arellano-
Bond estimates (20-21 months in half-life terms in all 3 setups). The estimated confidence
intervals are now substantially smaller with the upper bound (35 months) just matching

the lowest bound of the consensus view.

In the case of estimators which allow both for heterogeneous slopes and cross-dependent
error terms, the random coefficient model produced again similar results as the previous
estimation techniques: its point estimate puts the half-lives of the shocks to 2 years while
the estimated confidence interval is now rather wide as it ranges from 13 months to 15
years. On the other hand, the MG-CCE estimator gave substantially different results as
it put the half-lives as low as 7 months with a quite narrow confidence interval of 6 to
9 months. As latter approach was able to control for the most cross-correlation in the
residuals according to both the Breusch-Pagan and the Pesaran CD test statistics, its

estimates should be preferred over the RC-model’s.
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The results presented in this section can be summarized as follows: restricting the
country-specific constants to be identical (as in the case of the OLS- and sys-GMM es-
timators) resulted in half-lives substantially larger than Rogoff’s (1996) consensus view.
Allowing for heterogeneous constants put the point estimates in a fairly close interval of
20-24 months, which are somewhat below both Rogoff’s (1996) consensus view and the
results of Imbs et al. (2005b); nevertheless, the large confidence intervals do not allow to
distinguish them from the 3-5 year range. More general model setups did not result in
qualitatively different results; however, the residual diagnostics indicate that they were
not able to account for cross-dependence. Being the only exception from the previous
statement, the MG-CCE model showed somewhat smaller residual cross-correlation and
reported lower half-life estimates as well. Therefore I conclude that on the aggregate level

cross-dependence bias plays a more important role than heterogeneity bias.

5.2.2 Sectoral Real Exchange Rates

We now turn to the panel of disaggregated prices of the second level of the COICOP
classification. Our sample now includes cross-sections for 12 basket of goods and services
which are used by the Eurostat to construct the headline HICP figures we investigated
in the previous subsection and, as before, the 26 member states of the European Union
excluding Germany. The sample analyzed in this subsection is qualitatively different from
the panel of headline price indices in the sense that now the cross-section itself can be
split along two further two further dimensions, namely that of the price indices and that
of the countries. Therefore, I first investigate the impact of heterogeneous slope dynamics

across countries, then I only allow for different different constants and slopes across the
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different price indices but restrict them to be identical across countries. Finally, the two
aspect are combined so that each price index in each county can potentially follow a

unique adjustment path.

The analysis of the disaggregate real exchange rate relies on the econometric tools applied
in the previous subsection: first I fit the model to the data with the usual fixed effects
estimator — again, this estimator neglects dynamic heterogeneity across the clusters and
assumes cross-sectional independence across panel members as well. Later I relax latter
assumption by including cross-sectional common effects among the explanatory variables
as proposed by Pesaran (2006). With this adjustment I expect to obtain estimates robust
to the ’cross-correlation bias’ discussed in Section 2.2.2.* In order to tackle the bias
arising from disregarding the heterogeneity of the slope coefficients I perform regressions
with both the MG- and the RC-estimators. Finally, I also implement the CCE-correction

in the case of the MG models.

Table 5.2 summarizes the estimation results. The first five rows of the table report the
results when allowing only for heterogeneity across countries, in the next five rows I show
the estimates obtained by clustering the panel across the price indices while the last
five rows report results for the case when heterogeneous dynamics is allowed across both

dimensions.

Interestingly, when clustering the members of the panel only along the country dimension

(as I did in the previous subsection) did not produce substantially different results from

4As an alternative treatment of cross-sectional dependence the SURE approach is commonly used in
applied research; however, the dimensions of my data set (312 cross sections and a maximum of 204 time
periods) make the estimation of seemingly unrelated regressions unfeasible as it can only be applied to
panels with a small N relative to T.
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TABLE 5.2: Estimation results, sectoral real exchange rates (COICOP-level 2).

Slope  Cross- Homogeneity test

Model hetero.  dep. Cluster? 5 Half-life Constant  Slope BP-test CD-test
w N N e e O e e
I R AN S
Me? Yo Noo O looosy peas (000 (000 (000 (000)
MG (CCE)  Yes  Yes ¢ [0.95?;?%?959} [141,517] (20%80% 523963)7 %088835 (209?)61)
kA Yos - Yes ¢ [0.921?601.982} [111,837] %08(6)83) (20(??)69)
TR L WS i
FE(CCE)  No  Yes 5 [0.938.,9%?998} [342,9 ii56] ((1):?)3) 16%88? %(1)%63;1
MG Yes o Ro 5 [0.9&3?%%998} [272743148} (01.685) 1018835 %098835 2(8202)1
MG® (CCE)  Yes  Yes S [0.95?590?999} [31379 220} ((1):?)2) %01(0)835 %6?(0)835 2(330(2))7
Re Yos e S [0.99?5%8.998} [30374298} %088835 (200.367)
°e Noo Noo OS5 |oi’Vom peoo  (0.00) 000 (050)
FE(CCE)  No Yes S |joscVory pnay  om) 000)  (0.0)
MG Yes o Noo OB [0.54?%5.95] [1117214] (800.'0305) (800.6208) %088% 2(8403)5
e we o | gim b
e Yo Y 0S| o hom (i 000 (000)

Notes: Figures in brackets denote standard errors in the case of the estimated slope coefficients

and their implied confidence interval in half-life terms. Figures in parenthesis denote the corre-

sponding p-values of the presented test statistics. 2 C, S and CS denote country-, sector- and

country- and sector-specific clustering, respectively. 2 MG-estimations were performed using
the Stata package of Eberhardt (2011).

the estimates based on aggregate price indices, at least in terms of the point estimates.
The Fixed Effect estimator (both with and without the CCE-correction) reported half-
lives of 21 months, just as in the case of the headline HICP data. The estimated confidence
intervals are now; however, significantly larger, ranging between 8 months and infinity.
The MG- and the RC-models now estimates the half-lives to be somewhat smaller than

in the previous case, and, most importantly, the confidence intervals now span over a
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substantially shorter range. Somewhat surprisingly, the results of the MG-CCE model
indicate larger half-lives of the shocks than they did in the case of aggregate price indices
(15 months vs. 7 months in the aggregate case) but lie still below the estimates of the

other models.

Turning to the case when the cross-sectional units were clustered only across consumption
baskets, we can observe remarkably high persistence estimates in case of all estimators.
The implied half-lives are close to thirty years for the FE-; MG- and RC-model while
the CCE-augmented estimators put the half-lives just below 33 years. Needless to say,
these persistence parameters are in strong contradiction with both the previous estimates
and the results of the PPP-literature in general and point towards a strong upward bias

caused by neglecting the heterogeneity across countries in the model.

Finally, as the last part of the analysis I extended the cross-sectional dimension of the
sample across both countries and sectoral price indices thereby allowing for different model
parameters across all panel members. In this setup, all coefficients show substantial
improvements compared to the previous cases. Although the point estimates of the
FE-estimators are still basically identical to those obtained on the sample of aggregate
prices and in the case of country-specific clustering, the confidence intervals are now
narrower and below the lower bound of the consensus view. The estimates of the RC-
model have improved in terms of both lower implied half-lives (14 months now) and
narrower confidence intervals (with an upper bound of 19 months). Similarly to the
previous cases, the MG-estimator reported the lowest coefficient estimates, 12 and 7

months in half-life terms without and with the CCE-correction, respectively.
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Similarly to the case of aggregate prices, the coefficient tests support the need for hetero-
geneity in essentially all setups while the residual correlation tests also favor heterogeneous

model over the standard ones.

The results obtained on the samples of sectoral price indices of the COICOP-levels three
and four are reported in Table A.3 and A.4 in the Appendix, respectively. As the most
important difference compared to the level-2 estimates one should point out that the
estimated coefficients of the FE-estimators dropped substantially in the case of more dis-
aggregated prices. Nevertheless, the coeficient tests indicate that heterogeneous models
should still be preferred over FE. For latter, the estimates are basically unchanged com-
pared to the results reported in this chapter, indicating that aggregation bias is mostly
observable in the case of the headline price indices and plays a less important role at the

disaggregated levels.

The results presented in this section have three important implications. First and fore-
most, comparing the results of the second and third setups one can find empirical evidence
for substantial heterogeneity bias across countries: when allowing only for differences
across sectors I found persistence estimates in the magnitude of three decades in terms
of half-lives whereas allowing also for country-specific heterogeneity resulted in half-life
estimates ranging between 7 and 21 months. Comparing the first and last setups one can
observe some additional reduction in the estimated parameters; however, these are by far
not as striking as in the case of the first comparison. Thus, heterogeneity bias is mostly

present in the cross-country dimension of our data.
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Second, by comparing the results of the last setup to those obtained in the case of aggre-
gate prices one cannot observe a striking difference in the point estimates of the models:
the FE and FE-CCE estimators consistently report half-lives of 20-21 months, the MG
and RC models estimate half-lives of 20-24 months on the aggregate sample and 12-14
months in the case of sectoral prices while the MG-CCE estimator implies half-lives of
7 months in both cases. These results contradict to some extent to those of Imbs et al.
(2005b) who report a dramatical fall in the average persistence estimates once they ac-
count for heterogeneous dynamics. Our results mostly differ in the case of aggregate
prices where they obtain half-life estimates well within Rogoff’s (1996) consensus view
while in our sample even a simple FE estimator put the half-lives to approximately 20

months.

Finally, by analyzing 3 levels of disaggregated prices I found that aggregation bias has
the largest impact in the case of the headline price levels since at for the COICOP-levels
2-4, the estimated coefficients of the heterogeneous model were remarkably similar. Of
course, most of the actual aggregation is performed between levels 1 and 2, as here 12
indices are merged to form the headline figures, while level-2 and level-3 indices have 3

and 2 input indices from the lower levels on average, respectively.
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Robustness Checks

In order to increase the external validity of my results, I re-estimate the regressions on two
additional samples: first I investigate the presence of aggregation bias in real exchange
rates based on the UK as the reference country (thereby allowing for more fluctuation
in the nominal exchange rates, then I restrict my sample in a way to make it directly
comparable to the data set of Imbs et al. (2005b). As two additional tests I present two
small case studies related to my research: one on the appropriate number of bootstrap

repetitions and one on correcting for small sample bias.

6.1 Estimations on the UK Sample

As indicated earlier, although the choice of Germany as the reference country have sev-

eral advantages, it has one drawback: Germany has been part of the EMU from the

44
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very beginnings, resulting in fixed nominal exchange rates for the majority of my sam-
ple. In order to assess the robustness of my results with regards nominal exchange rate
movements, [ carried out the previous analysis on real exchange rates based UK as the

numeraire country as well. Tables A.5 and A.6 summarize the results.

On the aggregate level, the FE-estimators reported half-life estimates below one year,
however, the confidence intervals are extremely large (e.g. in the case of FE-CCE it
ranges between two months and infinity) so that the point estimates cannot be consid-
ered reliable. This is confirmed by the slope coefficient tests of the heterogeneous model
as well which indicate that FE-model suffer from model misspecification (neglected het-
erogeneity). The implied half-lives estimated by the heterogeneous model are on the other

hand basically unchanged, supporting the validity of our previous findings.

On the sectoral level the fixed effects estimators again report half-lives less than twelve
months. The confidence intervals are reassuringly small when allowing for both country-
and sectoral effects, however, due to the significant slope homogeneity test I continue to
favor the heterogeneous models over the FE-specification. The results of these models
remained essentially unchanged compared to the results of the aggregate level, thereby
somewhat contradicting my previous results and supporting only the importance of het-
erogeneity across countries and cross-dependence bias but indicating that allowing for

additional sectoral heterogeneity does not result in the reduction of the aggregation bias.
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6.2 Estimations on the Imbs et al. (2005b) Sample

In Chapter 4 my results were evaluated using two key papers of the literature, Rogoff
(1996) and Imbs et al. (2005b). Naturally, these studies are not the most appropriate
benchmarks in the sense that their results were obtained from samples of different coun-
tries, different time periods etc. In order to mitigate the effects of such differences and
increase the validity of such comparisons I restricted my sample to the countries and

sectors analyzed by Imbs et al. (20050).!

Tables A.7 and A.8 in the Appendix summarize the results of the estimations. We can
observe several interesting implications. First and foremost, our results for the aggre-
gate real exchange rates for homogeneous estimators are now substantially closer to Imbs
et al.’s (2005b) estimations and suggest half-lives of 39 months, well in Rogoff’s (1996)
consensus band. This is a striking difference to the results reported in Section 5.2.1 where
even these "naive” estimators reported half-lives of less than two years. As for the esti-
mators correcting for cross-dependence the reported half-lives are somewhat smaller and
range around 28-months for the corrected FE models, while the MG-CCE, which again
controlled the most for residual cross-correlation according for both tests the estimated

half-life is just above one year.

Similarly to our results in Section 5.2.2, the regression estimates for the standard esti-

mators did not change substantially in the case of sectoral price indices. The reported

!This subsample can be considered as a direct extension of Imbs et al.’s (2005b) data set as it starts
in January 1996, just after the last observation of the cited paper. As price indices according to the
COICOP-classification are only recorded since 1996, the sectors of the two sample do not coincide exactly
but the 19 sectors in Imbs et al. (2005b) strongly overlap the 12 sectoral indices of the second level of
the COICOP-structure. As for the countries, the coverage is 100%.
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half-lives for the cross-correlation corrected estimators dropped; however, substantially,
with a point estimate for the MG-CCE estimator of 8 months. Our results confirm
that heterogeneity bias is mostly present across countries as extending the cross-sectional
dimension across both countries and sectors did not show a substantial reduction in half-
lives. Finally, all diagnostic tests confirm the presence of heterogeneous coefficients as

well as heterogeneous residual structure in the panel.

Compared to Imbs et al.’s (20056) results I could confirm their conclusion that once
allowing for heterogeneity on the sectoral level, the reported half-lives are substantially
smaller compared to standard estimators (with strikingly similar half-life estimates for
the FE, MG and MG-CCE estimators in the disaggregated case. However, this sample
also confirmed my previous finding that not only heterogeneity matters: once allowing
for a non-diagonal variance-covariance matrix, even estimates obtained on the aggregate
level turn out to be substantially lower than the results obtained by standard estimation

procedures.

6.3 Bootstrap Repetitions

In my thesis I often referred to my estimation results in terms of half-lives, emphasizing
the importance of the implied confidence intervals of the point estimates. Therefore it is
essential to obtain the most accurate standard errors available. Recent literature heavily
builds on non-parametric bootstrap methods to obtain these estimates. Following this
best practice I calculated the standard errors for the LS-type estimators based on such

methods. Due to computational limitations these estimates are based on 100 bootstrap
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simulations. In order to assess the magnitude of bias resulting from this relatively low
number of replications I re-estimated the parameters described in Section 5.2.2 based on

1000 replications as well.

Table A.9 in the Appendix summarizes the results of this small case study. As we can
see, the estimated standard errors are somewhat smaller based on 100 replications when
the sample was clustered by countries, while grouping by sectors generally led to larger
standard errors for the smaller number of replications. Finally, when allowing for both
country- and sector-specific clustering, the different numbers of simulations basically led
to the same results. The nominal average of the ratios reported in the last column of
Table A.9 is exactly one, therefore I conclude that based on this small simulation, 100

bootstrap repetitions proved to be enough for my applied work.

6.4 Small Sample Bias Corrected Estimates

This subsection addresses the problem of small sample bias in the case of the aggregate
real exchange rates. As Chen and Engel (2005) note, small sample bias generally leads
to estimated half-lives below their true parameter value. Therefore they suggest three
alternative procedure to address this problem: 1) the median-unbiased estimator proposed
by Andrews (1993); the two-step bootstrap procedure by Kilian (1998); and lastly the
recursive demeaning procedure of So and Shin (1999). In this section we present the
results of the MG-estimators with and without small-sample bias correction. Due to
computational limitations, the small-sample-corrected estimators were only calculated

for the COICOP-levels one and two. The below table summarizes the results:
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TABLE 6.1: Small sample bias corrected estimates.

Level Standard Estimator So and Shin (1999) Correction
Point Estimate Half-life CI Point Estimate Half-life CI
1 0.9667 20 [14-39] 0.9953 146 [40-o0)]
2 0.9453 12 [11-14] 0.9761 29 23-38]

As we can see, by performing So and Shin’s (1999) correction method the estimated half-
lives did increase considerably, with the sectoral estimate now lying at the lower bound
of Rogoff’s (1996) consensus view while the aggregate estimate being significantly larger
than the results of the previous literature. However, the following points should be made:
by definition, the small sample bias correction methods were meant to correct estimators
which are applied to samples with a limited number of observations, whereas even in
the aggregate case the MG-estimator is calculated using 5267 data points. Moreover,
according to the results of Chen and Engel (2005), So and Shin’s (1999) method results
in the largest upward correction of the original estimates. Finally, this analysis is limited
to two estimates, therefore the findings should interpreted with the appropriate caution.
All in all, due to the vast number of observations in my sample, the downward bias

observed in small samples might not play an important role in this case.
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Conclusions

In my thesis I investigate the presence of aggregation bias introduced by Imbs et al.
(2005b) on a panel of sectoral European price indices. In this setup, aggregation bias can
emerge along two dimensions, 1) due to neglecting the heterogeneity of the underlying
sectoral or country-specific real exchange rates or 2) when disregarding the heterogeneous
covariance-structure of the stochastic terms of the panel members. General intuition
supports the presence of such bias in our data, as did the formal tests performed on
the estimated models. Therefore, several corrections methods were applied in order to

quantify the magnitude of aggregation bias.

My empirical results confirm the presence of aggregation bias, although not necessarily
in the form as reported by Imbs et al. (2005b): they report half-life estimates obtained by
standard panel estimators both for aggregate and sectoral price indices in the range of the
consensus view of the literature. However, after allowing for heterogeneous persistence
and dependence across cross-sections, they obtain significantly lower estimates of mean

50
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reversion, and hence they conclude that aggregation bias does have a substantial positive

impact on the estimators which neglect the previously introduced forms of bias.

As the most important difference to the findings of both Imbs et al. (2005b) and Rogoft’s
consensus view, in my analysis I obtained persistence estimates of below 2 years even
based on homogeneous panel estimators. These results seem robust and were confirmed
on several levels of aggregation as well as on a control sample real exchange rates with the
UK as the reference country. However, after restricting my sample to match that of Imbs
et al. (2005b) and calculating USD-based real exchange rates, I obtained similar results
to the cited article, indicating a faster pace of conversion for intra-EU real exchange rates

than compared to the US.

Allowing for heterogeneous slopes in the panel as well as correcting for residual cross
dependence did result in substantially lower half-life estimates, just as in the case of Imbs
et al. (2005b). However, while according to their findings aggregation bias plays a role
when constructing aggregates based on sectoral data, I found evidence for such bias also
on the country level. Interestingly, the preferred MG-CCE estimator did report estimated
half-lives of 7 months on both aggregate and sectoral levels, indicating that once allowing
for country-specific slopes and controlling for cross-dependence in the error structure, the
estimated persistence of the real exchange rates is similar. This was confirmed on both

my control samples.

As an additional result of my analysis, I showed that the bias resulting from neglected
heterogeneity is substantially larger in the case of countries than for the sectors, indicating

that assuming homogeneous adjustment processes for the sectoral real exchange rates
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within a country does not result in severe aggregation bias; however, it is the cross-

country heterogeneity that mostly matters.

As an important policy implication of my thesis I found support for the stationarity of
the real exchange rates at a rate of conversion which is consistent with nominal rigidities
thereby providing further evidence against the existence of Rogoft’s puzzle. In contrast
with most studies in the recent literature, I obtained half-lives of less than 2 years in case
of aggregate price indices on all the investigated samples, once I allowed for heterogeneous
adjustment dynamics. Second, I found that ”intra-European” real exchange rates show
a higher pace of conversion than the USD-based rates — this finding underlines the im-
portance of choosing the right numeraire country and supports the choice of a European

country over the US when analyzing European real exchange rates.

My research can be extended into several directions. First, due to the extensive dimen-
sions of my sample, the behavior of the real exchange rates could be analyzed on different
subsamples by e.g. comparing the persistence of PPP-deviations over different parts of
the business cycles. Second, alternative forms of bias suggested by the previous literature
(i.e. bias due to neglecting non-linear mean reversion, time aggregation bias) could be
also considered and analyzed jointly, with the bias due to heterogeneity in adjustment
dynamics and cross-dependent error processes. Finally, my sample could be merged with
that of Imbs et al. (2005b) to see how the previous results hold over the time span of
30 years. All these remain open quetions of my thesis and shall be addressed by future

research.
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FIGURE A.1: Estimated slope and heterogeneity bias coefficients across sectors and

countries.
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The figures plot the estimated slope coefficients (horizontal axis) against the estimated bias

coeflicients (vertical axis) as defined in Equation 2.7. The left charts show the results for all

cross-sections while on the right charts we truncated our sample to the cross-sections with
estimated slope coefficients between 0.8 and 1.
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TABLE A.1: Average number of observations by country and COICOP level.

Country Levels Country Levels
1 2 3 4  Total 1 2 3 4 Total
AT 204 204 198 191 194 IT 204 204 199 186 192
BE 204 200 199 184 190 LT 204 204 198 189 193
BG 193 193 186 175 180 LU 204 204 199 191 195
CY 204 204 197 182 188 LV 204 204 192 178 185

CZ 204 204 155 150 157 MT 204 204 190 168 178
DK 204 204 196 194 196 NL 204 204 187 186 188
EE 204 204 179 173 178 PL 204 204 194 198 198
EL 204 204 195 191 194 PT 204 204 198 186 191
ES 204 204 194 182 188 RO 204 204 138 132 141

FI 204 204 200 189 194 SE 204 204 188 187 189
FR 204 204 200 195 197 SI 204 204 156 143 153
HU 204 204 139 136 143 SK 204 204 195 187 191

IE 204 204 189 190 191 UK 204 204 188 178 184

Total | 204 203 186 178 183

TABLE A.2: Estimated slope and heterogeneity bias coefficients across countries
(COICOP Level 1).

Country 4, o Ae Country 0, 52 Ae
AT 0.9735 0.00013 -0.0006 IT 0.9812 0.00055 -0.0035
BE 0.9467 0.00068 -0.0016 LT 0.9855 0.000235 -0.0196
BG 0.6596 0.018108 -0.0770 LU 0.9934 0.00042 -0.0076
CY 0.9807 0.000119 -0.0074 LV 1.0001 0.000176 1.5039
CZ 0.9894 0.000279 -0.0318 MT 0.9674 0.000184 -0.0069
DK 0.9711 0.00022 -0.0009 NL 0.9750 0.00044 -0.0021
EE 0.9901 0.00034 -0.0042 PL 0.9681 0.000563 -0.0215
EL 0.9811 0.000241 -0.0154 PT 0.9896 0.00027 -0.0032
ES 0.9906 0.00040 -0.0051 RO 0.9800 0.002053 -0.1249
FI 0.9615 0.00031 -0.0010 SE 0.9757 0.000231 -0.0116
FR 0.9430 0.00013 -0.0003 SI 0.9880 0.00046 -0.0046
HU 0.9842 0.000394 -0.0303 SK 0.9854 0.000212 -0.0176

IE 0.9928 0.00056 -0.0094 UK 0.9955 0.000356 -0.0957
Corr(de,9.) = 0.1360
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TABLE A.3: Estimation results, sectoral real exchange rates (COICOP-level 3).

T T
I
FE(CCE)  No  Yes ¢ [0.88?.,93.998] [5,13142} 5;(2)%6(1);1 Szol(c)(o)? 1(105.(1)60)2
Mo Yoo Noo O oo psas o) (000 (000 (000
MG (OCE) Yes  Yes O | oeloe 1 000 (000 000)  (0.00)
e Yos o ves ¢ [09??9?5())?979] [111,733} 3{8.6(5]()6)0 %3.268?
e 5 [ iy Bt
FE(CCE)  No  Yes S [0.99?5?%9.999] [47?,7 ;35] (3233) }0088)7 1(301.8655)9
e A
MG (OCE)  Yes  Yes S oot e 7as (000) (000 (000)  (000)
e Yos o Nes 5 [0.958?%?999] [44?,4?06] %068(0)? %(1).363?
e No o No 5 |oognow m11  (00) ©000) (050
FE(CCE)  No  Ye O |0iton 1y (oon) 000)  (0.0)
"R
PR I LR
o e e o i i

Notes: Figures in brackets denote standard errors in the case of the estimated slope coefficients
and their implied confidence interval in half-life terms. Figures in parenthesis denote the corre-
sponding p-values of the presented test statistics. ! C, S and CS denote country-, sector- and
country- and sector-specific clustering, respectively.
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TABLE A.4: Estimation results, sectoral real exchange rates (COICOP-level 4).

i G et | i
FE No No C [0.8523'?412.002] [6,1 io]
FE (CCE) ~ No  Yes ¢ [0.8%?412.004] [5,1 Zo]
MG Yes No C [0.931‘,935975] [242,527}
MG (CCE)  Yes Yes C [0.9;)4??978] [262,831}
RC Yes  Yes ¢ [0.9?5??)3.991] [152,581}
FE No  No > [0,959,9%?999] [512,7 247]
FE (CCE) ~ No  Yes > [0.959?%?999] [58?,5 4;38]
MG Yes  No > [0.959,990?999] [473,5 266]
MG (CCE)  Yes Yes S [0.955,9%?999] [55?3 z;43]
RC Yes Yes S [0,959?%?999] [542,1 (()398]
FE No  No S [0.9204??6%944] [9,1 ?2]
FE (CCE)  No  Yes  CS [0.952?362.943] [9,1 ?2]
MG Yes  No  CS [0.929?%?.)958] [131,416}
MG (CCE)  Yes  Yes Cs [0.9209??6?938] [9,1 (1]1]
RC Yes  Yes 5 [0.9?5,9%(.)965] [1517719}

Notes: Figures in brackets denote standard errors in the case of the estimated slope coefficients

and their implied confidence interval in half-life terms. Figures in parenthesis denote the corre-

sponding p-values of the presented test statistics. ! C, S and CS denote country-, sector- and
country- and sector-specific clustering, respectively.



CEU eTD Collection

Appendix A Figures & Tables

o8

TABLE A.5: Results, UK-based aggregate real exchange rates.

Heterogeneity

Cross-

Homogeneity test

Model Constant Slope  dep. 0 Half-life constant  slope BP-test - CD-test
0.999 888 3120589  163.38
OLS No Noo No 11 908, 1.001] [317, o0 (0.00)  (0.00)
0.922 9 26.09 28536.03  155.44
FE Yes Noo No 10839 1.006) [4,00]  (0.00) (0.00)  (0.00)
0.966 20 160.26 17776 30339.97 158.78
MG Yes Yes  Noo 100470085 [13,46)  (0.00)  (0.00)  (0.00)  (0.00)
0.956 16 209.21 27167.33  155.9
FE (SURE) ~ Yes NooYes |05 0.063) [14,18  (0.00) (0.00)  (0.00)
0.881 5 40.77 1102327 42.54
FE (CCE) Yes Noo¥es g zug 1019 [2,00]  (0.00) (0.00)  (0.00)
0.935 10 11.82 10619 11843.89  65.98
MG (CCE)  Yes Yes  Yes 110916,0.955  [8,15]  (0.00)  (0.00)  (0.00)  (0.00)
0.969 22 28463.92  148.28
RC Yes Yes VeS| g032 1.005] (10, o0 (0.00)  (0.00)

Notes: Figures in brackets denote standard errors in the case of the estimated slope coeffi-
cients and their implied confidence interval in half-life terms. Figures in parenthesis denote the
corresponding p-values of the presented test statistics.
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TABLE A.6: Results, UK-based sectoral real exchange rates.
/ Slope  Cross- : B . Homogeneity test
Model hetero.  dep. Cluster 0 Half-life Constant  Slope BP-test CD-test
0.9454 12 214.87 2.7¢06  1433.35
8775, 1. 5, 00 . . .
FE No No ¢ 0.8775,1.0133]  [5 0.00 0.00 0.00
0.9332 10 263.07 6.9¢05  306.37
FE (CCE) ~ No  Yes C 08657, 1000 [5, o0 (0.00) (0.00)  (0.00)
, ‘ 0.973 25 017.19  1386.37 2.7¢06  1429.76
MG Yes  No C 09698 0.9762)  [23,29]  (0.00)  (0.00)  (0.00)  (0.00)
, ‘ ‘ 0.9708 23 85.38  964.60 2.7¢06  1424.37
’ 0.9678, 0.973 21, 26 0.00 0.00)  (0.00 0.00
MG (CCE) Yes Yes C 7 737
0.9733 26 27¢06  1430.85
RC Yes o Yes C 09505, 0.0961]  [14, 179] (0.00)  (0.00)
0.9991 751 472 28¢06  1470.37
FE No No S 0.9989, 0.9993]  [609, 979]  (0.00) (0.00)  (0.00)
0.9994 1067 5.63 8.0e06  423.05
FE (CCE) ~ No  Yes S 110.9992, 09995 (882, 1352]  (0.00) (0.00)  (0.00)
, ‘ 0.9991 753 5 1.1e05  2.8¢06  1469.81
MG Yes  No 5 0.9986, 0.9995] [506, 1472]  (0.00)  (0.00)  (0.00)  (0.00)
0.9993 1064 022  9.7e04  2.7¢06 1452.33
MG (CCE)  Yes  Yes S 0.999, 0.9997]  [670, 2584] (1) (0.00)  (0.00)  (0.00)
0.9991 781 2.8¢06  1470.02
RC Yes o Yes 5 0.9989, 0.9993]  [623, 1046] (0.00)  (0.00)
0.9429 2 18.07 27606 1431.17
FE No No 5109244, 0.9613) ]9, 18] (0.00) (0.00)  (0.00)
0.9279 9 22.71 7.006  294.71
FE (CCE)  No  Yes S 0001, 09549 [, 15] (0.00) (0.00)  (0.00)
0.9671 21 91.67 8239  2.7¢06 1411.51
MG Yes - No S 1 09625, 0.0716] 18, 24] (0.00)  (0.00)  (0.00)  (0.00)
0.939 11 1222 7889  2.6e06 13946
MG (CCE) ~ Yes  Yes CS 1 0.9344, 0.9436]  [10, 12] (0.00)  (0.00)  (0.00)  (0.00)
0.9709 23 2.7¢06  1419.56
RC Yes  Yes S 109626, 0.9792)  [18, 33] (0.00)  (0.00)

Notes: Figures in brackets denote standard errors in the case of the estimated slope coefficients
and their implied confidence interval in half-life terms. Figures in parenthesis denote the corre-
sponding p-values of the presented test statistics. ! C, S and CS denote country-, sector- and

country- and sector-specific clustering, respectively.
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TABLE A.7: Results, aggregate real exchange rates, ”Imbs et al. (2005b) sample”.

Model C?ﬁf;ﬁfcngilze ngss 5 Half-life i?l’f:t‘;gnctmtzljgzt BP-test  CD-test
oL No Moo No| 000 o0y 38, o oon  (000)
e Yes  Noo No [0.97()6?%?988} [29%959} (04.690) 7(607.366)4 (807.6303)
Arellano-Bond Yes No No 0.9 ;) 2’?%2.993} [24%996] 7(607?)66)9 (807,630?))
Blundell-Bond ~ No No  No | 92'79% 004 [9%?,01; | 7(50?863)7 530%800)
MG Yes  Yes o No [0.9?6?8(;.1992} [29%489] (g:(Q)g) (10(?862) 23%030'5)9 ?07.6602)
FE (SURE) Yes No Yes [0.9?2'??:982} [24??038] 1(3503)? 7(607.366)4 50?6802)
FE (GCE) Y Noo Yes [0.9605';?2?983} [212,840} (3.263) 1?01.261)7 (1096301)
MG (SURE)  Yes  Yes  Yes [09579%?5] [12,21] (108.6654) 1(3803)1 Zgéogd? (807.6101)
MG (CCE) Yos o es o Nes [0.9??9??)1.963} [111,418} (8:(7)(1)) 1(3?0'3)3 1(20?366)5 (gigg)
e Yos o Yes Wes [0.95?2'?%?994} [39,5110] 7(606.8'04)1 ?07.6202)

Notes: Figures in brackets denote standard errors in the case of the estimated slope coeffi-
cients and their implied confidence interval in half-life terms. Figures in parenthesis denote the
corresponding p-values of the presented test statistics.



CEU eTD Collection

Appendix A Figures & Tables

61

TABLE A.8: Results, sectoral real exchange rates, "Imbs et al. (2005b) sample”.

Model hiltoe?f) ng;f‘ Cluster! 5 Half-life Cljzgzﬁfneitglgfet BP-test  CD-test
T T
FE(CCE)  No  Yes ¢ [0.9525,73%881] [152,458] 1(1).40'331 10288? (50?6606)
MG Yes - No ¢ [0.97(;99,88.29825] [31%539] (40%005) 1(407.368)7 ?bl.ggi ?(2)?6833
MG (CCE)  Yes  Yes ¢ [0.95?12?6()?962} [141,618] (204.6307) 1(370t1)§3 ?b?(e)g? E()(2)%3;L
i Yeo Yo C | o oo (20,48 0 (000)
B S e i G
FE(CCE)  No  Yes S [0.99(9))59,93%999] [323?,9?3550] (823(6)) 1028((? (60%6207)
oo ow s | O e s
MR
e Yos o Yes S [0.99?)?9(?%998] [26836?,)042284] 9{8.6(?(;0 92(2).76(7);1
[ R
FE(CCE)  No  Yes (S [0.96(());782802] [172,335] (8133) 10288? (509&)1)
MG Yos Mo o5 [0.97(())99,7379765] [232,629] (3288) (105.6601) ?61.88? 52300(2])1
MG(OCE) Ye Ve OB [0-9105272%?-)929} [&9 ) (10?6907) (3.468) 9(86(?05)0 ?3603)2
e Yos o Yes o S [0.972%,939872] [25%454] ?61.88? (903.865)

Notes: Figures in brackets denote standard errors in the case of the estimated slope coefficients
and their implied confidence interval in half-life terms. Figures in parenthesis denote the corre-
sponding p-values of the presented test statistics. ! C, S and CS denote country-, sector- and
country- and sector-specific clustering, respectively.
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TABLE A.9: Comparison of bootstrapped standard errors.
100 reps 1000 reps Std. Error
Model Cluster Std. Error Conf. Int. Std. Error Conf. Int. Ratio
FE C 0.0254 [0.9182-1.0178] 0.0299 [0.9094-1.0266] 1.18
FE (CCE) C 0.0274 [0.9137-1.0212] 0.0331 [0.9025-1.0324] 1.21
MG C 0.0018 [0.9572-0.9643] 0.0018 [0.9572-0.9643] 1.00
MG (CCE) C 0.0099 [0.9527-0.9592] 0.0100 [0.9526-0.9593] 1.01
RC C 0.0102 [0.9414-0.9815] 0.0103 [0.9414-0.9816] 1.00
FE S 0.0001 [0.9977-0.9982] 0.0001 [0.9978-0.9982] 0.90
FE (CCE) S 0.0001 [0.998-0.9985] 0.0001 [0.998-0.9984] 0.82
MG S 0.0002 [0.9975-0.9985] 0.0002 [0.9975-0.9984] 0.98
MG (CCE) S 0.0001 [0.9978-0.9987] 0.0001 [0.9979-0.9986] 0.98
RC S 0.0001 [0.9978-0.9983] 0.0001 [0.9978-0.9982] 0.94
FE CS 0.0047 [0.9583-0.9765] 0.0047 [0.9582-0.9766] 1.01
FE (CCE) CS 0.0057 [0.9556-0.9778] 0.0052 [0.9566—0.9768] 0.91
MG CS 0.0069 [0.9402-0.9504] 0.0069 [0.9409-0.9497] 1.00
MG (CCE) CS 0.0085 [0.9004-0.9117] 0.0085 [0.9006-0.9115] 1.00
RC CS 0.0064 [0.9400-0.9650] 0.0068 [0.9392-0.9658] 1.06

Notes: The table shows the estimated standard errors based on different bootstrap replications

for the results presented in Section 5.2.2.
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