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Abstract

Panel unit root methods have been widely used in studying the purchasing power

parity (PPP) hypothesis. The recent study of Imbs et al. (2005), using �rst

generation panel unit root tests, �nds evidence for PPP. Based on stationarity,

they argue that the failure to allow for sectoral heterogeneity induces a positive

bias in persistence estimates. However, �rstly, their panel unit root tests used do

not take into account cross-sectional dependence, a phenomenon pervasive in real

exchange rates. Secondly, they do not provide the calculation for the bias when

some of the series in the panel are integrated. Consequently, a reassessment will

take place based on the approach outlined in Wagner (2008). Our �rst �nding is

that once we account for cross-sectional dependence, the evidence favoring PPP

disappears. Our second contribution is to show that the pooled OLS estimator

is biased upwards in cross sectionally independent mixed panels.1

1In the thesis, a mixed panel refers to a partially nonstationary heterogeneous dynamic
panel.
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1. Introduction

Purchasing power parity (PPP) is one of the most important macroeconomic

concepts in explaining exchange rates. It seeks to evaluate the ratio displayed

by the relative prices of the same products or of a group of similar products

between two or more countries. The application of PPP is not limited to simply

comparing and estimating the buying potential of di�erent currencies, but it has a

number of other applications. To mention a few, PPP has been used to study the

exchange rate and to compare the standards of living across di�erent countries.

Additionally, many international �nance models are built upon the assumption

that PPP holds.

The concept of PPP is grounded on the law of one price which asserts that iden-

tical goods or services in di�erent countries bear the same price when expressed

in a common currency. Going beyond the law of one price, moving from an in-

dividual good to a basket of goods, the PPP concept and hypothesis has been

de�ned. Let the price for the basket of goods in country c be given by P̃ct and the

price of the same basket of goods in the base country given by P̃ ∗t . Denote with

Ẽct the nominal exchange rate between country c′s currency and the currency of

the base country. In the thesis, the US is chosen as the base country for PPP

studies; thus, Ẽct is given in US − $ per unit of local currency. Mathematically,

the real exchange rate (RER), for the basket of goods chosen, is then de�ned as:

Q̃ct =
ẼctP̃ct

P̃ ∗t
(1)

Usually, in statistical analysis the logarithm of the RER is considered. Therefore,

taking the logarithm of equation (1),2 we have:

q̃ct = ẽct + p̃ct − p̃∗t (2)

Strong PPP is said to hold at time t for a group of C countries if the real exchange

rate is equal to one, which corresponds to q̃ct = 0, c = 1, ..., C. However, there

are several reasons that can cause strong PPP to fail. Some of which include

transportation costs, market imperfections and impediments to trade (see Wagner

2008).

Thus, empirical applications often focus on the weak form of PPP which is said

to hold if the logarithm of RERs are stationary with mean zero. Clearly, the

2 Lower case letters are used to denote logarithms.
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de�nition of weak PPP as the stationarity of RER is not interesting when the

three series that constitute the real exchange rates are jointly stationary, since

all linear combinations of these series are always stationary. Therefore, using

stationarity to de�ne weak PPP is only useful if one starts from a situation

where the prices and/or nominal exchange rate are integrated. In this setting,

weak form of PPP holds if there exists a cointegrating relationship amongst ẽct,

p̃ct, and p̃
∗
t centered at the strong PPP level.

Given the stationarity of RERs, many researchers have been trying to study the

half-life of deviation from PPP, which is the necessary time for half of the e�ect of

a given shock to disappear. According to a survey by Rogo� (1996), the standard

estimate of the half-life has a consensus range from three to �ve years. This high

estimate of the half-life raises the �PPP puzzle�, since in most economic models

the half-life of a given shock to the real exchange rate is much lower than what

has been found in the data.

Recently, panel studies attempt to show that the slow half-life estimates that are

often found out are due to positively biased estimators. Most of the existing panel

literature estimates the real exchange rate persistence based on the assumption

that the e�ects of a given shock to all relative prices that comprise the real

exchange rate are the same. However, it is unreasonable to think that the RERs

of clothing and bread revert to parity at the same speed. The research by Imbs

et al. (2005) (henceforth, IMMR) points out that the failure to allow for sectoral

heterogeneity induces a positive bias in persistence estimates. Consequently, they

argue that the estimated half-life by pooled OLS overstates the true half-life.

After correcting for heterogeneity, their estimated half-life is about eleven months

which is substantially faster than consensus view - hence, they argue PPP strikes

back.

However, the econometric analysis and the claims made in IMRR are in need to

be reexamined. In particular, IMRR start their analysis by checking whether or

not the weak form of PPP holds. They simply perform the Levin and Lin (1993)

and Im et al. (2003) panel unit root tests to test for the presence of a unit root

in their data. Their result tilts in favor of stationarity. We will see in section 2.1

that these two tests used in IMRR belong to the �rst generation of panel unit root

tests, which are based on the assumption that the individual time series are cross

sectionally independent. Unfortunately, this assumption is unlikely to be satis�ed

in real exchange rate panels due to several reasons. Firstly, the nominal exchange

rates are closely related to each other by no arbitrage conditions.3 Secondly,

the (logarithm of) price of basket of goods in the base country p̃∗t is a potential

3 Especially for the countries with �xed nominal exchange rates, i.e. Austria and Germany.
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candidate for a cross sectional permanent component in the RERs q̃ct, since the

baskets of goods di�er across countries, and it is unrealistic to think that the

prices p̃∗t and p̃ct are always the same. These two elements of (2) are then likely

to contribute to the RERs cross sectional dependence (for further discussion, see

Wagner 2008).

Given the above discussion, it is therefore important to use panel unit root tests

that allow for cross sectional dependence when studying stationarity of RERs.

In this respect, the second generation panel unit root tests constructed for the

cross sectionally dependent panels are employed (see section 2.2). Among these

tests, the Bai and Ng (2004) factor model is the most general method to study

nonstationary panel data. It allows for multiple stationary and integrated com-

mon factors in the DGP, proposes a new procedure that makes use of the factor

structure to understand the nature of nonstationarity in the panel. Rather than

directly testing for the presence of unit roots in the RER panel, this approach

analyzes the common and individual components separately. That is why it is

labelled PANIC (Panel Analysis of Nonstationarity in Idiosyncratic and Com-

mon components). Furthermore, it provides the estimated number of common

factors, tests for unit root on consistent estimates of unobserved common and

idiosyncratic components and then determines if non-stationarity comes from a

pervasive4 or idiosyncratic source or both. Therefore, the thesis will make use of

the Bai and Ng (2004) factor model approach to study the PPP hypothesis in

our RER panel.

The inappropriate unit root tests used by IMRR lead to the conclusion of station-

arity in their RER panel. Given that the weak form of PPP holds, IMRR continue

their analysis by showing that the long half-life estimates in the literature can be

explained by a positive bias in the persistence estimate induced by pooled OLS

estimators in case of hetetogeneity. Since there exists sectoral heterogeneity in

the real exchange rate panel, the pooled OLS estimator, obtained by imposing

homogeneity across sectors, has a positive bias.5 Instead of computing the bias to

obtain a bias corrected estimate, IMRR use the so called Mean Group - Common

Correlated E�ects (MG-CCE) estimator, which is tailored for large dimensional

panels with both cross sectional dependence and heterogeneity. The MG pro-

cedure, introduced in Pesaran and Smith (1995), can be used to estimate the

average e�ect by simply taking the arithmetic mean of sector speci�c coe�cients.

The CCE estimator (Pesaran, 2002) corrects the MG estimator by introducing

4The nonstationarity in a series comes from a pervasive source if one or more common factors
is integrated. Similarly, the nonstationarity in a series comes from the idiosyncratic source if
the idiosyncratic error is integrated.

5For more details, see appendix.
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common e�ects in the regression that can be correlated with individual regres-

sors and that can have di�erent impact on sectoral units.6 Note that the half-life

calculation derived from the MG-CCE estimate must consider the e�ects of the

shocks from both the common factor and the idiosyncratic components in RERs.

Last but not least, in deriving the half-life estimate, IMRR fail to control for

shocks in common e�ects, since they only trace the impulse response function of

shocks in the idiosyncratic components.

Based on these weak points, the thesis will focus on re-analyzing the claims

made in IMRR using more appropriate econometric methods and suggesting some

necessary improvements in order to obtain the corrected estimate of the half-life.

Using the same data set as IMMR, we �rstly reconsider the PPP hypothesis based

on second generation panel unit root tests, cointegration analysis and the Bai and

Ng factor model approach. After employing such unit root methods, we �nd that

evidence favoring PPP disappears. Moreover, the thesis provides a new look on

the bias using the pooled OLS estimator in partially-nonstationary heterogeneous

dynamic panels. In this case, the data is a cross sectionally independent mixed

panel, where a certain part of RERs is unit root non-stationary and the remaining

series are stationary. It is shown that the pooled OLS estimator is biased upwards

also in mixed panels,7 thus if there is heterogeneity in the data, this bias should

be corrected or an alternative estimator should be used. Finally, to illustrate

the behavior of the MG-CCE estimator in a mixed panel, a small Monte Carlo

simulation is implemented for panels of di�erent dimensions. The performance

indicates that when time series dimension gets large, the bias tends towards zero,

thus it is reasonable to think in the next step about the consistency of the MG-

CCE estimator in mixed panels formally.

The remainder of the thesis is organized as follows: In section 2 the applied econo-

metric methods are described. In section 3, the data and results are presented

and comments concerning the panel unit root tests, factor model and simulation

for the MG-CCE estimator are discussed. Section 4 brie�y summarizes and con-

cludes. Proofs of the arguments made in the text as well tables with empirical

results are presented in the appendix.

6The main idea of MG-CCE estimation is presented on page 23.
7 Detailed calculations of the bias by sequential limits are presented in the appendix.
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2. Applied Econometric Methods

Panel unit root tests have become popular in studying the PPP hypothesis based

on stationarity of RER. Many researchers have indicated that conventional time

series unit root and stationary tests su�er from size distortion and low power

even for long time series. Therefore, empirical applications prefer panel methods

that are commonly thought to exhibit better performance. Existing literature

interprets the rejection of the unit root null hypothesis as evidence for stationarity,

the thesis will follow this approach since we merely analyze the problem based on

panel unit root tests perspective. This section brie�y discusses the econometric

methods that are going to be applied in the thesis, including second generation

panel unit root tests and the Bai and Ng (2004) factor model aproach. Note that

the �rst generation panel unit tests designed for cross sectionally independent

panels are implemented for the purpose of comparing the results.

2.1 First generation tests

The �rst generation tests employed include the test of Levin et al. (2002) (LLC),

Im et al. (2003) (IPS) test, Fisher -type test proposed �rst by Maddala and Wu

(1999), considered also by Choi (2001), and the panel stationarity test of Hadri

(2000). These tests are constructed under the assumption that the individual

time series are independent across units. Denote with qit the logarithm of RER

indices,8 this type of tests are based on the following regression:

4qit = φiqit−1 + uit

in which uit is assumed to be cross sectionally independent stationary process.

We test for the null hypothesis H0 : φi = φ = 0 for all i = 1, ..., N . The panel

unit root tests applied di�er with respect to the alternative hypothesis. The

LLC test is against the alternative Ha : φi = φ < 0 for all i = 1, ..., N . The IPS

alternative is given by Ha : φi < 0 for i = 1, ..., N1 and φi = 0 for i = N1+1, ..., N

with limN→∞
N1

N
> 0 that allows some (but not all) series have unit roots. The

Maddala and Wu (1999) and Choi (2001) tests o�er the same testing strategy

with IPS but include also special case that all time series are stationary in the

alternative.

The LLC is basically a pooled ADF test. If the errors are assumed to be iid,

under the null, the panel unit root tφ − statistics based on pooled estimator φ̂

8The data used are not RERs, but RER indices. For further discussion, see section 3.1.
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converges to standard normal N(0, 1) distribution in the (sequential) limit. In

contrast, when the errors are serially correlated, the resulting test statistic is not

central at zero, thus some corrections are necessary. Thus, LLC suggest a mod-

i�ed test statistic using some adjustment terms obtained from their simulation.

Instead of pooling the data, the IPS test statistics simply takes the average of the

individual ADF statistics. Under the further assumption that the individual test

statistics are iid and have �nite variances, by the Lindeberg - Levy central limit

theorem, the IPS statistics converges to a standard normal distribution under the

null hypothesis. The last two unit root tests are based on Fisher (1932) princi-

pal, and combine the p − values from unit root tests for each cross section, i.e.

P = −2
∑N

i=1 ln pi. Under the null hypothesis, the p − values are independent
and uniformly distributed U(0, 1), thus P is distributed as χ2

2N . The di�erence

between Maddala and Wu (1999) and Choi (2001) is that the �rst one is estab-

lished for �nite cross section dimension, while the second derives the limiting

distribution for the test statistics when N → ∞. We apply Maddala and Wu

(1999), using ADF and Phillips and Perron (1988) for each individual time series

unit root test (denoted MWADF and MWPP ).

We also implement the panel stationarity test proposed by Hadri (2000). This

test is the Lagrange Multiplier test for the residuals, and is an extension of a

stationarity test for time series by Kwiatkowski et al. (1992). However, it is

necessary to note that panel tests for the null of stationarity tend to have se-

rious size distortions when the null is close to the alternative of unit roots (see

Hlouskova and Wagner 2006). Thus, the results of panel stationarity tests should

be interpreted with caution.

The �rst generation test results reported in the appendix are all based on includ-

ing �xed e�ects and the lag lengths are chosen according to BIC. All long run

variance estimates are based on the Bartlett kernel with window-length choice

according to Newey and West (1994).

2.2 Second generation tests

The tests presented in the previous section are based on the assumption of cross

sectional independence, which is needed to apply the Lindeberg-Levy central limit

theorem to obtain asymptotically normally distributed test statistics.9 To over-

come this limitation, a set of second generation tests, allowing for cross sectionally

dependent panels, have been developed. Within this group, two main approaches

9Remember from the introduction that this condition is unlikely to be satis�ed in RER
panels.
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including the covariance restriction and factor structure are proposed. The �rst

approach employed in O'Connell (1998) and Chang (2002) introduces the correla-

tion in the stochastic error tems deriving the stacked process qt = [q1t, q2t, ...qNt]
′.

Contributions to the factor structure approach, where the cross sectional depen-

dence enters mainly through common factors, include Bai and Ng (2004), Moon

and Perron (2004), Pesaran (2006), and Choi (2006).

O'Connell (1998) proposed the �rst attempt to correct for cross sectional correla-

tion by using GLS. However, the limiting distribution of unit root tests based on

GLS estimation depends upon various nuisance parameters de�ning the correla-

tion across units. In general, the elimination of the nuisance parameters in such

systems is necessary. Therefore, even if this procedure could partly deal with the

problem, it is not appropriate if the cross sectional covariances of the error terms

are di�erent. Furthermore, his approach is only valid when the number of cross

section is �xed. In the case N →∞, the estimation of the GLS covariance matrix

is not a well de�ned concept, since the sample cross section covariance matrix will

have rank T when N > T , even when the population covariance matrix is rank

N .

More recently, Chang (2002) has succeeded in solving the nuisance parameters

problem by using nonlinear instrumental variables estimation. Chang considers

a panel model generated by the following process:

qit = ρiqit−1 + uit

where the error term uit is a stationary process for all i = 1, ..., N . The null

hypothesis is H0 : ρi = 1 for all i against the alternative Ha : |ρi| < 1 for some i.

She proposes an instrumental variable generated by a nonlinear integrable func-

tion of the lagged value of qit to construct individual t − statistics: Zi which

converge asymptotically to a standard normal distribution. Moreover, the limit-

ing distribution of these statistics are independent across units. Therefore, Chang

proposes an average IV t− ratio statistics (denoted NL): NL = 1√
N

∑N
i=1 Zi. Im

et al. (2003) showed that Chang's test is only valid if the cross section dimension

is small compared to time dimension.

In the context of the factor model approach, Moon and Perron (2004) recom-

mended a pooled panel unit root test on the defactored data. They construct a

model with �xed e�ect, and common factors that are included in the error term.

qit = (1− ρi)γi + ρiqit−1 + λ
′

ift + eit︸ ︷︷ ︸
uit

(3)
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where λi is the vector of non-random factor loading for each unit, and eit is an

idiosyncratic shock which is cross sectionally uncorrelated and stationary process.

The common factor ft is assumed to be stationary and independent with eit.

Under the null hypothesisH0 : ρi = 1 for all i, qit is in�uenced by two components:

the integrated factors Ft =
∑T

s=1 fs and integrated errors Et =
∑T

s=1 eis. Under

the alternative Ha : |ρi| < 1 for all i, all time series are required to be stationary.

The unit root tests are implemented on the defactored data. In our application,

we use two type unit root tests (t∗a and t
∗
b test statistics, p.92, Moon and Perron

2004) which di�ers in the correlation correction (denoted MPa and MPb).

Pesaran (2006) presents a special case of the above model with only one stationary

and serially uncorrelated common factor ft. The null and alternative hypothesis

are the same with Im et al. (2003) framework. Instead of testing for unit root

in common factor, Pesaran proposes a test based on cross sectionally augmented

DF (CADF) regression:

4qit = ai + biqit−1 + ciq̄t−1 + di4q̄t + eit

where q̄t−1 and 4q̄t is the cross sectional average of lagged and �rst di�erence of

each series. Individual CADF statistics is used to construct Pesaran's test statis-

tics based on the extension of IPS version (denoted CIPS for Cross sectionally

augmented IPS): CIPS = 1
N

∑N
i=1CADFi. The limiting distribution of this test

is non-standard and tables with critical value are given in Pesaran (2006).

Choi (2006) considers a two-way-error-component model:

qit = α0 + γi + λt + vit

where α0 is the common mean for all i, γi and λt are �xed and time e�ects,

vit is the random component which follows the auto-regressive process with lag

order di�erent across units vit =
∑pi

j=1 cijvit−j + εit where εit is cross sectional

independent and identical distributed with �nite variance. The null hypothesis

is H0 :
∑pi

j=1 cij = 1 for all i = 1, ..., N , corresponding to the presence of

unit root in the idiosyncratic component vit, against the alternative hypothesis

Ha :
∑pi

j=1 cij < 1 for some i. His test procedure is based on eliminating cross

sectional correlations and deterministic components by cross sectional demeaning

and GLS detrending (Elliott et al 1996). The main idea of the Choi (2006) test

is to combine p − values from independent unit root tests. Based on di�erent

scaling and aggregation of individual p − values, he proposes three group mean

test statistics (denoted Cp, CZ,C
∗
L) which are asymptotically normal distributed.
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However, the Choi (2006) test tends to be over-sized unless cross section units

respond homogeneously to the common factor.

Among the second generation panel unit root tests, Bai and Ng (2004) factor

model allows for more �exible DGP and appears to be the most general method

in studying the nonstationary panel data, since it allows for multiple stationary

and non-stationary common factors. Following Bai and Ng (2004), we consider

the model with intercept only case

qit = ci + λ
′

iFt + eit

(1− L)Ft = C(L)ut

(1− ρiL)eit = Di(L)εit

where L denotes backward shift operator, C(L) =
∑∞

j=0CjL
j and Di(L) =∑∞

j=0DijL
i, εit ∼ iid(0, σ2

i ) and the errors εit, ut, and the loadings λi are three

mutually independent groups (see Assumption C, D, p.1130 of Bai and Ng 2004).

The idiosyncratic error eit is integrated of order one if ρi = 1, and is stationary

if |ρi| < 1. Denote r is the number of common factors, in which r0 and r1 are

respectively the number stationary factors and common trends with r = r0 + r1.

By Granger representation theorem (Engle and Granger 1987), the rank of C(1)

is equal to the number of non-stationary factors r1. A series with a factor struc-

ture is non-stationary if there are presence of common trends (r1 > 0), or if the

idiosyncratic error is non-stationary, or both.

In order to have stationary series to use princial component analysis, we take the

�rst di�erence of the data. Denote ft = 4Ft and zit = 4eit, the model in �rst

di�erence form is

4qit = λ
′

ift + zit

We then determine the number of common factor r via information criteria (see

Bai and Ng, 2002). The maximum number of common factors is set equal to six,

and AIC3 is chosen to be information criterion in our application. Applying the

method of principal components to �rst di�erence of RERs yields r estimated

factors f̂t, the associated loading λ̂i, and the estimated residuals ẑit = 4qit −
λ̂
′
if̂t. Therefore, the estimated common factor F̂t and idiosyncratic component

êit for each t = 2, ..., T are retrieved by accumulating their �rst di�erent forms:

F̂t =
∑t

s=2 f̂s and êit =
∑t

s=2 ẑis. The number of common trend in F̂t can be

determined using two tests (denoted MQc
c and MQf

c ) which are modi�ed version
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of Stock and Watson (1988). The di�erence between these two tests is that the

�rst is based on non-parametric serial correlation correction while the second

is based on vector auto-regression for the common factors. In case there are

only one common factor, the ADF test for the null hypothesis of unit root is

available. Finally, Bai and Ng (2004) provide the pooled unit root test for the

estimated idiosyncratic components êit. Since eit is assumed to be cross sectional

independent distributed, the �rst generation tests can be applied for êit. In our

application, following Bai and Ng (2004) procedure, we select Choi (2001) and

Maddala and Wu (1999) (denoted BNN and BNχ2 respectively) to test for a unit

root in the idiosyncratic component.

3. Data and Results

3.1 Data Description

In order to compare our �ndings with the report in IMRR, the same data set has

been used. Though the general description can be referred to section IV, IMRR,

here are some important notes that are worth mentioning.

Table 1: List of countries and sectors

11 countries in the data set

Belgium France Italy Spain

Denmark Germany Netherlands UK

Finland Greece Portugal

19 sectors in each country

Books Domestic Appliances Furniture Rents

Bread Drinks Hotels Sound

Clothing Footwear Leisure Tobacco

Communication Fruits Meat Vehicles

Dairy Fuel Public Trans.

Firstly, the data are monthly observations, covering the period from 1981-01 to

1995-12. There are eleven countries,10 each country contains nineteen di�erent

sectors including both traded and non-traded goods, see Table 1. The sample

thus constitutes an interesting panel with sectoral heterogeneity in the dynamics

10 In our data set, US is taken as base country.
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of real exchange rates. The data is an unbalance panel, many observations are

missing, ie: no information for sector fuel, furniture and domestic appliance in

Finland; for its the remaining sectors only observations from 1985-01 to 1995-05

are available. Sector rents and sound of Portugal are also missing. Sector alcohol

of Italy only has early observation from 1981-01 to 1991-12. Therefore, the stacked

panel of sectoral real exchange rates have N=204 cross sectional dimensions and

T=180 time dimensions in the full sample.

Note that if one wants to work with balanced panel, the largest balanced sub panel

should be extracted. In this context, the one that can �t should not include

Finland. Since if Finland is chosen, early observations from 1981 to 1985 for

all countries must be removed. That is not e�cient because we want to study

stationarity of the whole series or at least as many observations as possible. Sector

tobacco of Italy contains only 132 observations from 1981-01 to 1991-12, should

also be excluded. After truncation, the largest balanced sub panel has N=187

cross section dimensions and T=165 time dimensions from 1981-01 to 1994-09.

The reason we want to have the balanced sub panel is that the second generation

tests and Bai and Ng (2004) factor model made in Matlab are only applied for

balanced panels.

Secondly, the data are not RERs, but RER indices.11 Denote Pict and P ∗it the

price indices of good i in country c and in the base country with base period t0.

Similarly, Ect denotes the nominal exchange rate index. The sectoral price index

is then de�ned as:

Pict = 100
P̃ict

P̃ict0

The same formulas are applied for the sectoral price in the base country and the

nominal exchange rates. In particular, the sectoral real exchange rate index is

de�ned as :

Qict =
EctPict
P ∗it

Similarly, the aggregate real exchange rates index of each country is then de�ned

as:

Qct =
EctPct
P ∗t

11 Usually, the data for price level are not available, but only price indices.
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where the price indices of the basket of goods in country c and the base country

are respectively Pct and P ∗t which can be formed by linear aggregation of all

sectors with weights ωi associated with the ith good: Pct =
∑I

i=1 ωiPict and

P ∗t =
∑I

i=1 ωiP
∗
it with

∑I
i=1 ωi = 1, I is the number of sectors which equals

nineteen in our application. Note that in our data base, only nominal exchange

rate Ẽct, sectoral price indices Pict and aggregate price indices Pct are available.

The logarithm of the aggregate RER index of country c, qct say, is thus given by:

qct = ect + pct − p∗t (4)

= log100 + ẽct − ẽct0 + log100 + p̃ct − p̃ct0 − log100− p̃∗t + p̃t0

= log100 + q̃ct − q̃ct0

If strong PPP holds at time point t: Qct = 1, the logarithm of the real exchange

rate is equal to zero: q̃ct = 0, the RER index is equal to log100 minus the

logarithm of the RER in the base year: q̃ct0− whose value is unknown. Therefore,

using the RER indices in stead of the RER, the stationarity of RER indices does

not imply the weak form of PPP, since we do not know which value of the mean

from RER indices corresponds to the mean of the strong PPP level. Nevertheless,

if the weak form of PPP holds, the only thing we can conlude is that the half-life

obtained from RER indices is the same with the half-life obtained from RER,

since the dynamic adjustment process is una�ected by changes in the mean.

Thirdly, we �nd that the RERs draws a lot of �uctuation from the nominal

exchange rate Ẽct. This can be seen from equation (4), the there components

that contribute the RER indices are integrated processes - its variance is linear

overtime. To study how much the variation of these there series in driving the

dynamics of the RER indices, one can take the �rst di�erences and compute their

variances. The results show that the change in US-$ DM nominal exchange rate

accounts for 98,41 percent of the variation of the RER indices while the changes

in prices P̃ct and P̃ ∗t only have slight variations. Similar results are obtained

for UK, i.e. the variation of US-$ UK nominal exchange rate accounts for 96,16

percent in the variation of the RER indices. These two foreign exchange rates

are the most important exchange rates in our data set, since the currencies of the

remaining countries (e.g. Belgium, France, Italy) have been tied closely with the

Deutsche Mark. Therefore the trend of Germany and UK's nominal exchange

rates should be considered carefully as it might largely a�ect the panel unit root

test results.
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Figure 1: Nominal Exchange rate US-$/DM and US-$/UK from 1981 to 1995.

From Figure 1, it is clear to see that two series of nominal exchange rates are

very �uctuated due to a huge depreciation in the �rst �ve years of 1980s. This

is the key point that should be taken into account, since if one implements the

unit root test for the whole series, the null hypothesis may not be rejected; while

if one takes the series from 1985 to 1995, it is more likely that the series contain

no unit roots.

IMRR used the data starting from 1981, nevertheless they �nd that RERs are

stationary. From the arguments made above, that result is surprising. Focus-

ing on this point, in the next section, we will see how much of this seemingly

stationary behavior comes from applying inappropriate panel unit root tests.

3.2 Econometric Results

Cross sectional dependence is one of the most important issues in determining

appropriate panel unit root tests. To investigate the presence of cross sectional

dependence, one can compute the long run correlation matrix of the RER panel.

In this respect, it is important to take the �rst di�erence of RER indices to

compute the correlation of stationary series, since spurious correlation between

independent integrated series can induce (spurious) non-zero long run correla-

tions. Over-di�erencing, on the other hand, if some series of the RER indices are

already stationary, does not lead to problem in the computation of the long run

correlation in stationary series (Wagner 2008).
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Table 2: Long run correlation matrix of the �rst di�erences of the logarithms of RER

indices in the clothing sector

BEL GER DEN ESP ITA FRA GRE NED POR UK

BEL 1 0.96 0.87 0.86 0.86 0.97 0.57 0.78 0.9 0.72

GER 1 0.86 0.85 0.88 0.97 0.61 0.81 0.88 0.73

DEN 1 0.77 0.76 0.88 0.59 0.9 0.82 0.69

ESP 1 0.86 0.87 0.61 0.67 0.89 0.75

ITA 1 0.88 0.59 0.71 0.86 0.72

FRA 1 0.58 0.82 0.91 0.74

GRE 1 0.64 0.53 0.56

NED 1 0.73 0.65

POR 1 0.65

UK 1

The correlations are based on the estimated (long-run) covariance matrix estimated with the

Bartlett kernel with window length four, chosen according to Newey and West (1994)

Table 2 displays the result for clothing sector,12 similar tables for other sectors

are also available upon request. All of the series are highly correlated with lowest

correlation 0.53 between Greece and Portugal. These long-run correlation are

descriptive, but the table make it more likely that all correlations are jointly

signi�cant di�erent from zero. Thus, our panel has the presence of cross sectional

dependence.

Turning to panel analysis, we next apply a battery of �rst and second generation

panel unit root tests for nineteen sectoral panels separately and for the stacked

panel of RERs to study the stationarity of all sectoral relative prices and the

aggregate real exchange rates respectively. Remember that the �rst generation

panel unit root tests are only designed for cross sectional independent panels.

However, these tests are implemented since we want to analyze the di�erence

between the results obtained from �rst generation and second generation tests.

From data description, we already know that the observations for Finland are

missing from 1981 to 1985. Therefore, panel unit root tests will be implemented

for nineteen sectoral panels of both with and without Finland.

First generation test results for nineteen sectoral panels with Finland shown in

12Clothing is represented here since it belongs to the group of highly tradable goods.
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Table 613 indicate that all of the series starting from 1985 are stationary; the

remaining series staring from 1981, including sector fuel, furniture, domestic ap-

pliance, do not reject the unit roots. For the reason of taking earlier observations,

Table 7 presents the results of the �rst generation tests for nineteen sectoral panels

where Finland is excluded. Most of the sectoral panels tilt in favor of stationar-

ity, except sector fruits, tobacco, communication and hotels. For the unbalanced

stacked panel with Finland (N = 204, T = 180 in the full sample), the unbal-

anced stacked panel without Finland (N = 188, T = 165 in the full sample) and

the largest sub-balanced panel, the �rst generation tests support the stationarity

even for the panel starting from 1981, see Tables 10, 11 and 12. Among the

group of �rst generation tests, the Hadri (2000) test seems to over reject the

null hypothesis of stationarity. This result is consistent with the evidence of the

bad performance of this test reported in the simulation studies in Hlouskova and

Wagner (2006).

The results from second generation tests, including Moon and Perron (2004), Pe-

saran (2006), Choi (2006) and Chang (2002) tests, applied for sectoral RER panels

are reported in Tables 8 and 9. The unit root hypothesis is largely rejected with

the exception of the Pesaran (2006) and Chang (2002) tests. Similar results are

obtained when applying this set of panel unit root tests for the largest balanced

sub-panel, see Table 13. Note that these tests impose more restrictions on DGP

than Bai and Ng (2004) frame work. The Moon and Perron (2004) test requires

the stationarity for common factors under the alternative. The Pesaran (2006)

and Choi (2006) tests allow for only one common stationary serially uncorrelated

factor. The Chang (2002) test is tailored for panel without non-stationary com-

mon components. In later discussion, we will see that these key assumptions are

violated in our data, since the �rst estimated common factor shows the presence

of unit root.14 Therefore, it is unclear what cause seemingly over-rejections of

the unit root hypothesis in Pesaran (2006) and Chang (2002) tests. However, for

the purpose of studying and comparing the results, the thesis implements and

reports the �ndings from this group of second generation tests.

13See appendix.
14Figure 1 plots the �rst estimated common factor. The Augmented Dickey Fuller test

implemented indicates the evidence of a unit root in the �rst estimated common factor.
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Table 3: Results of Bai and Ng (2004) analysis

r̂ BNN BNχ2 r̂1 r̂AR1

The balanced stacked
panel of RERs

4 0.088 376.398 4 4

N=187, T=165 (0.4651) (0.4555)

r̂ indicates the estimated number of common factors according to AIC3. BNN and

BNχ2 denote Bai and Ng unit root tests on the de-factored data. r̂1 and r̂AR denote the

number of common trends within the common factors found with two tests discussed in

the text. Numbers in bracket indicate the p-value of unit root tests.

We next apply Bai and Ng (2004) methodology that allows for multiple common

factors which can be stationary or integrated. Note that for Bai and Ng (2004)

analysis, the largest balanced sub panel with cross sectional dimension N = 187

and time dimension T = 165 is chosen. The upper-bound for the number of com-

mon factors is set equal to six. The results of Bai and Ng (2004) analysis in Table

3 indicate that the estimated number of common factor is equal to four. The esti-

mated number of common trends is the same with the number of common factors.

Remember that in Bai and Ng (2004) framework, the idiosyncratic components

are assumed to be cross sectionally independent - hence, the �rst generation tests

can be applied. In our application, the Choi (2001) and Maddala and Wu (1999)

unit root tests do not reject the null hypothesis of a unit root in the de-factored

data. Therefore, from the perspective of Bai and Ng (2004), the nonstationarity

in our RER panel comes from both pervasive and series-speci�c sources.

Table 4 displays the long run correlations of the �rst di�erences of the de-factored

data in the clothing sector. As expected, the cross sectional correlations in the

de-factored data are signi�cantly smaller than the long run correlations between

RERs themselves.15 However, many correlations are still rather large, similar

tables are found for the remaining sectoral panels. Thus, the results of Bai

and Ng (2004) panel unit root tests for the idiosyncratic components should

be interpreted with caution.

15Compare to Table 2.
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Table 4: Long run correlation matrix between the �rst di�erences of the defac-
tored data in the clothing sector

BEL GER DEN ESP ITA FRA GRE NED POR UK

BEL 1 0.36 0.03 -0.45 -0.47 0.34 -0.02 -0.15 -0.35 0.57

GER 1 -0.31 -0.49 -0.2 0.39 -0.44 0.21 -0.56 0.51

DEN 1 0.23 -0.08 -0.17 0.97 -0.98 0.02 -0.17

ESP 1 -0.1 -0.44 0.29 -0.11 0.16 -0.91

ITA 1 -0.31 -0.14 0.2 -0.25 -0.31

FRA 1 -0.28 0.03 -0.38 0.52

GRE 1 -0.95 0.25 -0.19

NED 1 -0.02 0.01

POR 1 0.02

UK 1

The correlations are based on the estimated (long-run) covariance matrix estimated with the

Bartlett kernel with window length four, chosen according to Newey and West (1994)

Furthermore, simulation study in Onatski (2006) reports that using criteria of

Bai and Ng (2002) leads to over estimation of the number of common factors if

the idiosyncratic components are correlated. Therefore, the number of common

factors reported should be interpreted carefully. In order to (potentially) check

the reliability of the Bai and Ng (2004) results, we next study the �rst eight

estimated common factors and the importance of each common factors in term

of its variation. We then apply Johansen cointegration test to investigate the

presence of cointegrationship among the estimated common components.

Plots of the �rst eight common factors estimated by principal component analysis

are shown in Figure 2. It is apparent that the last four estimated common factors

do not contribute signi�cantly in the total variation of the common components.

Moreover, the cointegration analysis reports no cointegrating relationship among

the �rst four estimated common factors. These �ndings are consistent with Bai

and Ng (2004) results.
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Figure 2: The �rst eight common factors

The �rst estimated common factor appears to be important in our analysis since

it accounts for more than 86 percent of the total variation among all common

factors. When implementing Bai and Ng (2004) procedure with only one common

factor, the ADF test does not reject the null hypothesis of a unit root, see Table

5. The panel unit root tests on the idiosyncratic components lead to no rejection

of the unit root null hypothesis.

Table 5: Results of Bai and Ng (2004) analysis with only one common factor

r BNN BNχ2 ADFF̂

The balanced stacked panel of
RERs

1 -1.768 325.631 -1.5245

N=187, T=165 (0.9615) (0.9661) (0.5150)

BNN and BNχ2 denote Bai and Ng unit root tests on the de-factored data. ADFF̂
denotes the Augmented Dickey Fuller test for the estimated common factor. Num-
bers in bracket indicate the p-value of unit root tests.

In order to interprete these results, we look at the DM/US-$ nominal exchange

rate more closely. Remember that the currencies of several contries (e.g. Belgium,

France, Italy...) in our data set have been tied closely to the Deutsche Mark,
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which makes the DM/US-$ exchange rate being the potential candidate for being

related to the common factor. Figure 3 displays this real exchange rate, the cross-

sectional average of the RERs16 and the �rst estimated common factor (with

proper scaling), it is evident that these there series are closely related with each

other. Therefore, the Bai and Ng (2004) procedure produces interpretable results

if there exists a candidate for the common factor. When testing the DM/US-

$ exchange rate for a unit root, the null hypothesis is not rejected. Thus this

exchange rate appears to be common nonstationary factor in our RER panel.
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Figure 3: Nominal exchange rate DM/US (blue), Cross sectional average of RERs
(green) and the �rst estimated common factors (red).

So far, our �ndings can be summarized as follow: Firstly, the �rst generation panel

unit root tests, constructed for cross sectionally independent panel, support the

evidence for stationarity. Secondly, the second generation tests, allowing for cross

sectional dependence, largely reject the null hypothesis of a unit root. We also

�nd that the presence of common nonstationary factors in RER panel appears to

be detrimental to second generation panel unit root tests. Thirdly, Bai and Ng

(2004) analysis, which allow for multiple common factors (both stationary and

integrated), indicates that both common and idiosyncratic variations contribute

to the nonstationarity of the RER panel. Therefore, all of the series in the panel

are intergrated and we do not �nd support for PPP hypothesis.

The �nding that our data are nonstationary contradicts with the report in IMRR.

Nevertheless, IMRR continue their analysis by showing that the pooled OLS

estimator has a positive bias when all of the series in the panel are stationary.

16The reason to study the cross sectional average of RERs will be discussed later in this
section.
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Apart from what we �nd empirically, we will look at a more general situation

when some of the series are stationary and some are integrated. In the next step,

the thesis will provide another look on the bias exhibited by the pooled OLS

estimator in mixed panels by sequential limits. The case when all of the series are

nonstationary is included when the fraction of nonstationary series in the mixed

panel is equal to one. In this theory part, we treat cross sectional independence

and let some of the series are integrated. We �nd that the pooled OLS estimator

is still biased upwards17 in mixed panels. Therefore, a correction for this bias

or alternative panel estimation methods should be employed. In the analysis,

IMRR does not provide a correction for the bias, instead, they use the Mean

Group Common Correlated E�ects estimator which is consistent in stationary

panels. For a detailed discussion of all necessary assumptions seePesaran and

Smith (1995, pp. 81-82). The MG estimator can be obtained by taking the

average of sector speci�c coe�cients. To deal with cross sectional dependence, the

CCE estimator introduce a common correlated e�ects in the residuals. The main

idea of the MG-CCE procedure can be summarized in the following regression:

qict = γic +
K∑
k=1

ρickqict−k +
H∑
h=1

φichq̄t−h + eict

where q̄t = 1
IC

∑I
i=1

∑C
c=1 qict - the cross sectional average of all sectoral real

exchange rates - acts as the common e�ect correction of the MG estimator. The

MG-CCE estimate of ρk is given by ρ̂MG−CCE
k = 1

IC

∑I
i=1

∑C
c=1 ρ̂ick. In each

individual regression, q̄t is treated as a common factor, controlling for common

shocks in the errors. Figure 3 shows that the cross sectional average is highly

related to the �rst estimated common factor, that makes it reasonable to treat

the cross sectional average as a common e�ect.

Note that to obtain the full picture of the half-life derived from the MG-CCE

estimator, one must analyze the time for half the e�ects of shocks from both the

common factor and the idiosyncratic components to dissipate. Existing literature

typically computes the half-life using only the estimates of the autoregressive co-

e�cients. In the case of AR(1), the half-life estimate would be −ln(0.5)/ln(ρ̂),

where ρ̂ is the estimated �rst order autoregressive coe�cient. For higher order

autoregressive models, they only trace the impulse response function of the shock

in the idiosyncratic components in deriving the half-life estimate. IMRR employ

this methodology and �nd that the estimate of the half-life is less than one year.

However, if the variation in the common factors q̄t is signi�cant, this half-life mea-

surement is inaccurate. Especially, when the common factor is nonstationary, the

17For detail computation of the bias, see appendix.
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half-life estimate will understate the truth. The thesis only considers the factor

model for testing PPP hypothesis, the half-life measurement in factor models is

not discussed here.

In light with our �nding, looking at more general case when some of the series in

our panel are integrated, a small Monte Carlo simulation to study the behavior

of the MG-CCE estimator in a mixed panel is presented in the next section.

3.3 Monte Carlo Simulation

In this section, we perform a small Monte Carlo simulation to illustrate the per-

formance of the MG-CCE estimator in partially-nonstationary heterogeneous dy-

namic panels. Suppose the real exchange rate panel is generated by a �rst order

autoregressive process:

qit = γi + ρiqit−1 + eit (5)

where i = 1, ..., N and t = 1, ..., T . We assume the errors eit are cross sectionally

dependent by drawing eit from an i.i.d.N(0, 1) distribution plus a common term.

For each time dimension, we generate γi as an independent uniformly distributed

�xed e�ect U(0.05, 0.08).18 The initial value of each sectoral real exchange rate

qi0 is generated randomly across units. Since we want to work with a mixed

panel, we next impose ρi = 1 for nonstationary series with i = 1, ..., N1
19 and

ρi = ρ∗ + ηi for stationary series with i = N1 + 1, ..., N where ηi ∼ U [−ξ, ξ], with
ξ = (1− ρ∗)/2 to make sure ρi = ρ∗ + ηi < 1. Thus, the average of the true AR

coe�cients is given by: ρ = 1
N

∑N
i=1 ρi = N1

N
+ 1

N

∑N
i=N1+1 ρi.

We continue with the MG-CCE regression model:

qit = γi + ρiqit−1 + φiq̄t + eit

where q̄t = 1/N
∑N

i=1 qit. Estimating each of the regressions separately, we then

obtain the MG-CCE estimate as ρ̂ = 1/N
∑N

i=1 ρ̂i. The bias is then given by:

ρ̂− ρ. We now use simulations to illustrate the bias induced by the pooled OLS

estimator for various sample sizes. Throughout, the number of replications is

5000.

Simulation results summarized in Figure 4 indicate that the bias induced by

the MG-CCE estimator is negative and rather large in �nite samples. In large

18We take these boundary since estimation using our data set indicates that �xed e�ect has
the mean around 0.065.

19N1is chosen to be approximately 10%,50% to 90% value of N.

24



samples, when the time dimension gets large, the bias tends towards zero, though

the change in the cross section dimension does not considerably a�ect the bias.

In our present application, both the cross section and the time dimension are

around 200, which correspond to approximate -0.04 for the value of the bias in

the simulation. This value is still rather large in small sample, however, from

the simulation performance it is reasonable to think about the consistency of the

MG-CCE estimator in mixed panels.
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Figure 4: Simulation of the bias by MG-CCE estimate in mixed panel.

(a) Small sample: N and T range from 20 to 200. (b) Large sample: N and T range

from 100 to 1000. (c) Small time dimension and Large cross section dimension. (d)

Large time dimension and Small cross section dimension. In all cases, we use ρ∗ = 0.95

and the fraction n1 =
N1
N of nonstationary series in the panel is roundly 90%. However,

the same pictures are obtained if ρ∗ tends to one and/or the n1 changes from 10%, 50%

to 90%.
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4. Conclusion

The recent study by IMRR, using the �rst generation panel unit root tests for the

RER panel, �nds evidence for PPP. They show that the pooled OLS persistence

estimator has a positive bias in the heterogeneous dynamic panel. Therefore, the

estimated half-lifes in the existing literature do overstate the truth. Instead of

providing a correction for this bias, they use the Mean Group Common Corre-

lated E�ect estimator as an alternative and �nd that the half-life is about eleven

months, signi�cantly below the concensus view - hence they argue PPP strikes

back. However, �rstly, the �rst generation panel unit root tests that IMRR used

are only designed for panels with cross sectional independence. Unfortunately,

this condition is unlikely to be satis�ed in real exchange rate panels. Secondly,

the calculation for the bias induced by the pooled OLS estimator in heterogeneous

mixed panels is not clear in IMRR's research..

The thesis addresses the problems with their approaches in two ways. Empirically,

taking into account cross sectional dependence, we apply the second generation

panel unit root tests and Bai and Ng (2004) factor model approach to assess PPP

hypothesis. The �rst generation tests are implemented to compare the di�erence

between the results obtained from �rst and second generation tests. Our �nding

indicates that the appropriate unit root tests highlight the presence of nonsta-

tionary common and idiosyncratic components in the RER panel, thus evidence

for PPP disappears. Theoretically, assuming cross sectional independence, we

provide a new look on the bias using the pooled OLS method when some series in

the panel are integrated. Our result shows that the pool OLS estimator is biased

upwards. Finally, a small Monte Carlo simulation is performed to illustrate the

behavior of the MG-CCE estimator for mixed panels with di�erent dimensions.

The simulation performance indicates that when time series dimension gets large,

the bias tends towards zero. Thus, it is reasonable to think in the next step about

the consistency of the MG-CCE estimator in mixed panels.

The future problem that we want to look at is to �nd the bias induced by the

pooled OLS estimator for cross sectionally dependent mixed panels. However,

based on our �ndings so far, IMRR' s argument that PPP strikes back should be

interpreted skeptically.
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Appendix

To see how cross sectional heterogeneity can bias the panel estimator, we consider

the bias for both stationary panel and mixed panel. Note that in this section, we

impose that RERs are cross sectional independent.

Bias in stationary panel

Suppose the real exchange rate is generated by AR(1) process:

qit = γi + ρiqit−1 + εit (6)

with |ρi| < 1 for all i, and εit is cross sectional independently identical distributed.

Estimate by pooling, the persistence parameters are constrained to be homoge-

neous across sectors, the regression have the following form:

yit = γi + ρyit−1 + vit

with

ρi = ρ+ ηρi

vit = εit + ηρi yit−1

Assume that ηρi is cross sectional dependently identical distributed with zero

mean and constant variance. De�ne the transformation matrix D = I − ee′

T
with

(e = [1, ..., 1]
′
T ) which is the orthogonal projection matrix on column space of αi

for all i. By Frisch�Waugh�Lovell theorem, the OLS estimator is given by:

ρ̂ = (
N∑
i=1

y
′

i,−1Dyi,−1)
−1(

N∑
i=1

y
′

i,−1Dyi)

= (
N∑
i=1

y
′

i,−1Dyi,−1)
−1(

N∑
i=1

y
′

i,−1D(αi + ρyi,−1 + vi))

= (
N∑
i=1

y
′

i,−1Dyi,−1)
−1(ρ

N∑
i=1

y
′

i,−1Dyit−1 +
N∑
i=1

y
′

i,−1Dvit))

In deriving the probability limit, we �rst let T →∞ and then let N →∞. The

same limiting expression can be obtained if this order is reversed20. The bias is

then given by 4
20see Pesaran and Smith (1995)
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4 = plim
N→∞,T→∞

(ρ̂− ρ)

= plim
N→∞,T→∞

(
1

NT

N∑
i=1

y
′

i,−1Dyi,−1)
−1(

1

NT

N∑
i=1

y
′

i,−1Dvi)

Writing the equation (1) in the vector form, we have:

yi = eγi + ρiyi,−1 + εi

Using backward substitution, the stationary solution is given by:

yi = eγi(1 + ρi + ρ2i + ...) + ρ∞i yi,−∞ +
∞∑
j=0

ρji εi,−j

=
eγi

1− ρi
+
∞∑
j=0

ρji εi,−j

Now, consider the probability limit for both terms in the bias when T →∞

plim
T→∞

1

T
(y
′

i,−1Dvi) = plim
T→∞

(
y
′
i,−1Dεi

T
) + ηρi plim

T→∞
(
y
′
i,−1Dyi,−1

T
)

In which:

plim
T→∞

(
y
′
i,−1Dεi

T
) =

γi
1− ρi

plimT→∞(
e′Dεi
T

) +
∞∑
j=1

ρjiplim
T→∞

ε
′

i,−(j+1)Dεi

T

= 0

Since,

1

T
(ε
′

i,−(j+1)Dεi) =
1

T

T∑
t=1

(εit − εi0)′(εi, t−(j+1) − εi,−(j+1))

where εi,−j = 1
T

∑∞
t=1 εi,t−j and it is easy to show that plim

T→∞

ε
′
i,−jDεi

T
= 0

Similarly,

plim
T→∞

(
y
′
i,−1Dyi,−1

T
) = plim

T→∞

1

T
[(

αi
1− ρi

)e′ +
∞∑
j=0

ρji εi,−(j+1)]
′D[(

αi
1− ρi

)e′ +
∞∑
j=0

ρji εi,−(j+1)]

= plim
T→∞

∞∑
j=0

ρji ε
′

i,−(j+1)D

∞∑
j=0

ρji εi,−(j+1) =

=
∞∑
j=0

ρ2ji σ
2
i

=
σ2
i

1− ρ2i
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The second last equality follows from the law of large number since εit is indepen-

dent across units.. Plugging these results into the formula of the bias. Assume

that σ2
i , ρi are cross sectional identically and independently distributed with �-

nite variance. By the law of large number, the probability limit as N → ∞ is

given by

4 = plim
N→∞,T→∞

(
1

NT

N∑
i=1

y
′

i,−1Dyi,−1)
−1(

1

NT

N∑
i=1

y
′

i,−1Dvi)

= (
N∑
i=1

ηρi σ
2
i

1− ρ2i
)/(

N∑
i=1

σ2
i

1− ρ2i
)

=
N∑
i=1

(ρi − ρ)
σ2
i

1− ρ2i
/(

N∑
i=1

σ2
i

1− ρ2i
)︸ ︷︷ ︸

αi

=
N∑
i=1

(ρi − ρ)αi

IMRR show that a su�cient condition for the dynamic heterogeneity bias to be

positive is: 0 ≤ αi ≤ αi+1 for ρi ≤ ρi+1with all i. Then, they verify that this

condition is borne out in the data by using the estimate ρ̂i and α̂i instead of the

true values. This is not convincing since estimate ρ̂i and α̂i are merely descriptive.

Bias in partial-nonstationary panel

In this context, we now have partial-nonstationary heterogeneous dynamics panel.

For simplicity in calculation, we skip the �xed e�ect component. Assume the real

exchange rate is generated by

qit = ρiqit−1 + εit (7)

where ρi = 1 for i = 1, ..., N1, and |ρi| = |ρ∗ + ηρi | < 1 for i = N1 + 1, ..., N .
Assume: εit ∼ N(0, σ2

i ), εit is cross sectional independent and η
ρ
i ∼ iidN(0, σ2

η).
If we estimate by pooling, let ρ be the pooled estimator, then the regression has
the form:

qit = ρqit−1 + vit (8)

vit =

{
(1− ρ)qit−1 + εit with i = 1, ..., N1

(ρ∗ + ηρi − ρ)qit−1 + εit with i = N1 + 1, ..., N

29



De�ne: N1

N
= n1. The population average is :

ρ = ρ̄ =
1

N

N∑
i=1

ρi =
1

N
(N1 +

N∑
i=N1+1

ρi) =
N1

N
+

1

N

N∑
i=N1+1

ρi

=
N1

N
+
N −N1

N

1

N −N1

N∑
i=N1+1

ρi

The pooling OLS estimate is:

ρ̂ =

∑N
i=1

∑T
t=1 qitqit−1∑N

i=1

∑T
t=1 q

2
it−1

We consider two sequential limits of the bias:

a, We �rst let T →∞ and then let N →∞:

ρ̂ =

∑N
i=1

∑T
t=1 qitqit−1∑N

i=1

∑T
t=1 q

2
it−1

=

∑N
i=1

∑T
t=1(ρ̄qit−1 + vit)qit−1∑N
i=1

∑T
t=1 q

2
it−1

= ρ̄+

∑N
i=1

∑T
t=1 vitqit−1∑N

i=1

∑T
t=1 q

2
it−1

Therefore, we have:

ρ̂− ρ̄ =

∑N
i=1

∑T
t=1 vitqit−1∑N

i=1

∑T
t=1 q

2
it−1

=

∑N1

i=1

∑T
t=1 vitqit−1 +

∑N
i=N1+1

∑T
t=1 vitqit−1∑N1

i=1

∑T
t=1 q

2
it−1 +

∑N
i=N1+1

∑T
t=1 q

2
it−1

=

∑N1

i=1

∑T
t=1((1− ρ̄)qit−1 + εit)qit−1 +

∑N
i=N1+1

∑T
t=1((ρ

∗ + ηρi − ρ̄)qit−1 + εit)qit−1∑N1

i=1

∑T
t=1 q

2
it−1 +

∑N
i=N1+1

∑T
t=1 q

2
it−1

=
A+B + C +D

E + F

in which

A =
∑N1

i=1

∑T
t=1(1− ρ̄)q2it−1

B =
∑N1

i=1

∑T
t=1 εitqit−1

C =
∑N

i=N1+1

∑T
t=1((ρ

∗ + ηρi − ρ̄)q2it−1

D =
∑N

i=N1+1

∑T
t=1 εitqit−1

E =
∑N1

i=1

∑T
t=1 q

2
it−1

F =
∑N

i=N1+1

∑T
t=1 q

2
it−1
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For i = 1, ...N1: qit = qit−1 + εit

Assume qi0 ∼ Op(
1√
T

)

The solution of the above equation is:

qit =
t∑

k=1

εik + qi0

Since εit is iid, when T →∞, apply Theorem 3.1 (Phillips 1987) :

1

T 2

T∑
t=1

q2it−1
d

=⇒ σ2
i

1ˆ

0

W 2
i (r)dr

1

T

T∑
t=1

εitqit−1
d

=⇒ σ2
i

ˆ 1

0

Wi(r)dW (r)

implying:

1

T 2
A =

1

T 2

N1∑
i=1

T∑
t=1

(1− ρ̄)q2it−1
d

=⇒
N1∑
i=1

(1− ρ̄)σ2
i

1ˆ

0

W 2
i (r)dr

1

T
B =

1

T

N1∑
i=1

T∑
t=1

εitqit−1
d

=⇒
N1∑
i=1

σ2
i

1ˆ

0

Wi(r)dWi(r)

1

T 2
E =

1

T 2

N1∑
i=1

T∑
t=1

q2it−1
d

=⇒
N1∑
i=1

σ2
i

1ˆ

0

W 2
i (r)dr

For i = N1 + 1, ...N : qit = ρiqit−1 + εit

The stationary solution obtained by solving backward is:

qit =
∞∑
k=0

ρki εit−k

Let T →∞:

Now, I will show that

1

T

T∑
t=1

εitqit−1 → 0

and

1

T

T∑
t=1

q2it−1 → Eq2it−1 = E(
∞∑
k=0

ρki εit−1−k)
2 =

σ2
i

1− ρ2i
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By the law of iterated expectation, we get:

E(εitqit−1) = E[Et−1(εitqit−1)] = E[qit−1Et−1(εit)] = E(qit−1.0) = 0

Therefore, εitqit−1 is a Martingale Di�erence Sequence wrt σ−field generated by
εit−1, εit−2... and clearly, εitqit−1is strictly stationary and ergodic. Furthermore,

V ar(εitqit−1) = E(ε2itq
2
it−1) = E(ε2it).E(q2it−1) =

σ4
i

1−ρ2i
<∞. Apply ergodic theorem

(Stout 1974), we get:

1

T

T∑
t=1

εitqit−1 → E(εitqit−1) = 0

Similarly, we know that 0 < ρi <1 and εits are iid with mean zero and variance

σ2
i , 0 < σ2

i <∞. Then qit =
∑∞

k=0 ρ
k
i εit−k is strictly stationary and ergodic.

De�ne Zit−1 = q2it−1 = g(qit−1) ⇒ g : R2 → R is a measurable function, then the

sequence y2it−1 is again strictly stationary and ergodic.

Again, by Ergodic theorem, we have:

1

T

T∑
t=1

q2it−1
a.s→ Eq2it−1 = E(

∞∑
k=0

ρki εit−1−k)
2 =

σ2
i

1− ρ2i

Both results imply that:

1

T
C =

1

T

N∑
i=N1+1

T∑
t=1

((ρ∗ + ηρi − ρ̄)q2it−1 →
N∑

i=N1+1

(ρ∗ + ηρi − ρ̄)
σ2
ε

1− ρ2i

1

T
D =

1

T

N∑
i=N1+1

T∑
t=1

εitqit−1 → 0

1

T
F =

1

T

N∑
i=N1+1

T∑
t=1

q2it−1 →
N∑

i=N1+1

σ2
ε

1− ρ2i

We have from before that

ρ̂− ρ =
1
T 2 (A+B + C +D)

1
T 2 (E + F )

Substituting the above results to ρ̂− ρ̄, let T →∞, N fixed, the limiting distri-

bution of the bias is:

4 d
=⇒

∑N1

i=1(1− ρ̄)σ2
i

´ 1
0
W 2
i (r)dr∑N1

i=1 σ
2
i

´ 1
0
W 2
i (r)dr

= 1− ρ̄ > 0

Now let T →∞ and N →∞ and assume N
T
→ 0:

• N1 is �xed, n1 → 0, then A, B, D → 0,
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4 d
=⇒

∑N1

i=1(1− ρ̄)σ2
i

´ 1
0
W 2
i (r)dr∑N1

i=1 σ
2
i

´ 1
0
W 2
i (r)dr

= 1− ρ̄ > 0

• N1 → ∞(n1 = N1

N
is a fixed constant),(N − N1) → ∞ then A, B, D → 0

and

4 d
=⇒

∑N1

i=1(1− ρ̄)σ2
i

´ 1
0
W 2
i (r)dr∑N1

i=1 σ
2
i

´ 1
0
W 2
i (r)dr

Since ηρi is iid with �nite variance, ρ̄ = N1

N
+ N−N1

N
1

N−N1

∑N
i=N1+1(ρ

∗ + ηρi ) →
N1

N
+ N−N1

N
ρ∗ = n1 + (1− n1)ρ

∗ followed by the law of large number. Therefore:

4 d
=⇒

∑N1

i=1(1− n1)(1− ρ∗)σ2
i

´ 1
0
W 2
i (r)dr∑N1

i=1 σ
2
i

´ 1

0
W 2
i (r)dr

= (1− n1)(1− ρ∗) > 0

Thus, 4 is always positive.

b, We next consider the case when we �rst let N → ∞ and then let

T →∞:

plim
N→∞

ρ̂ = plim
N→∞

1
N

∑N
i=1

∑T
t=1 qitqit−1

1
N

∑N
i=1

∑T
t=1 q

2
it−1

= plim
N→∞

1
N

(
∑N1

i=1

∑T
t=1 qitqit−1 +

∑N
i=N1+1

∑T
t=1 qitqit−1)

1
N

(
∑N1

i=1

∑T
t=1 q

2
it−1 +

∑N
i=N1+1

∑T
t=1 q

2
it−1)

= plim
N→∞

N1

N
1
N1

∑N1

i=1

∑T
t=1 qitqit−1 + N−N1

N
1

N−N1

∑N
i=N1+1

∑T
t=1 qitqit−1

N1

N
1
N1

∑N1

i=1

∑T
t=1 q

2
it−1 + N−N1

N
1

N−N1

∑N
i=N1+1

∑T
t=1 q

2
it−1

= plim
N→∞

n1
1
N1

∑N1

i=1

∑T
t=1 qitqit−1 + (1− n1)

1
N−N1

∑N
i=N1+1

∑T
t=1 qitqit−1

n1
1
N1

∑N1

i=1

∑T
t=1 q

2
it−1 + (1− n1)

1
N−N1

∑N
i=N1+1

∑T
t=1 q

2
it−1

We allow N1 and N − N1 as N → ∞. Assume further that N1

N
= n1 is a �xed

constant.

For i = 1, ...N1: qit = qit−1 + εit

Assume qi0 = 0

The non-stationary solution is qit =
∑t

k=1 εik. Since εit ∼ iid with �nite variance,

the law of large number says that:
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plim
N1→∞

1

N1

N1∑
i=1

T∑
t=1

qitqit−1 = [E(
T∑
t=1

(
t∑

k=1

εik)(
t−1∑
k=1

εik)]

=
T∑
t=1

(t− 1)σ2
i =

T (T − 1)

2
σ2
i

plim
N1→∞

N1

N

N1∑
i=1

T∑
t=1

q2it−1 = E[
T∑
t=1

(
t−1∑
k=1

εik)
2]

=
T∑
t=1

(t− 1)σ2
i =

T (T − 1)

2
σ2
i

For i = N1 + 1, ...N : qit = ρiqit−1 + εit

From previous �nding, we know qit =
∑∞

k=0 ρ
k
i εit−k. For further discussion21,

assume σ2
i = σ2

ε for all i. De�ne: λ = plim
N−N1→∞

1
N−N1

∑N
i=N1+1

1
1−ρ2i

<∞, we have:

plim
N−N1→∞

1

N −N1

N∑
i=N1+1

T∑
t=1

qitqit−1 = plim
N−N1→∞

1

N −N1

N∑
i=N1+1

T∑
t=1

(
∞∑
k=0

ρki εit−k)(
∞∑
k=0

ρki εit−(k+1))

= ρ∗Tσ2
ε plim
N−N1→∞

1

N −N1

N∑
i=N1+1

1

1− ρ2i
= ρ∗Tσ2

ελ

plim
N−N1→∞

1

N −N1

N∑
i=N1+1

T∑
t=1

q2it−1 = plim
N−N1→∞

1

N −N1

N∑
i=N1+1

T∑
t=1

(
∞∑
k=0

ρki εit−k)
2

= Tσ2
ε plim
N−N1→∞

1

N −N1

N∑
i=N1+1

1

1− ρ2i
= Tσ2

ελ

Therefore, the probability limit of persistence estimate when N →∞ is given by:

plim
N→∞

ρ̂ =
n1ρ

∗σ2
εTλ+ (1− n1)σ

2
ε
T (T−1)

2

n1σ2
εTλ+ (1− n1)σ2

ε
T (T−1)

2

=
n1ρ

∗Tλ+ (1− n1)
T (T−1)

2

n1Tλ+ (1− n1)
T (T−1)

2

21Follow Choi et al. 2006
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Therefore:

plim
N→∞

(ρ̂− ρ) =
n1ρ

∗Tλ+ (1− n1)
T (T−1)

2

n1Tλ+ (1− n1)
T (T−1)

2

− [n1 + (1− n1)ρ
∗]

=
1
T 2 [n1ρ

∗Tλ+ (1− n1)
T (T−1)

2
]

1
T 2 [n1Tλ+ (1− n1)

T (T−1)
2

]
− [n1 + (1− n1)ρ

∗]

Let T →∞, the probability limit of the bias is given by:

4 = plim
N→∞, T→∞

ρ̂− ρ

= 1− [n1 + (1− n1)ρ
∗]

= (1− n1)(1− ρ∗) > 0

Using di�erent di�erent approaches, we lead to the same conclusion that the

pool OLS bias is positive in in�nite sample when both N, T →∞. Therefore, if

there is heterogeneity in the panel, correction for this bias is required or another

estimation method should be used.
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Data tables

Table 6: First Generation Test for 19 sectors with Finland

LLC IPS MW-ADF MW-PP Hadri Periods T N

1 Bread -7.069 -6.206 83.711 58.128 11.052 85-01:95-05 125 11

2 Meat -7.969 -7.728 107.483 66.143 9.393 85-01:95-05 125 11

3 Dairy -8.39 -7.105 100.904 65.194 11.128 85-01:95-05 125 11

4 Fruits -2.739 -5.667 81.407 64.087 11.25 85-01:95-05 125 11

5 Tobacco -5.718 -4.759 62.102 43.588 8.966 85-01:91-12 84 11

6 Alcohol -7.937 -6.124 82.464 56.482 15.692 85-01:95-05 125 11

7 Clothing -8.341 -7.294 99.255 69.013 14.954 85-01:95-05 125 11

8 Footware -7.999 -6.723 90.662 59.434 14.924 85-01:95-05 125 11

9 Rents -6.228 -4.239 54.484 33.858 17.200 85-01:95-05 125 10

10 Fuel 0.578 0.279 13.411 17.096 14.469 81-01:95-07 175 10

11 Furnit 0.412 1.447 8.832 9.364 20.357 81-01:94-09 165 10

12 Dom.Appl 0.332 0.988 11.102 11.63 19.107 81-01:94-09 165 10

13 Vehicles -6.803 -5.182 68.093 43.329 17.844 85-01:95-05 125 11

14 Pub.Tran -7.202 -5.9 78.756 59.211 11.016 85-01:95-05 125 11

15 Comm. -3.187 -2.695 41.405 29.724 14.984 85-01:95-05 125 11

16 Sound -9.134 -8.212 111.832 74.392 4.225 85-01:95-05 125 10

17 Leisure -7.119 -5.833 79.677 53.64 13.807 85-01:95-05 125 11

18 Books -8.215 -6.693 90.543 62.034 11.98 85-01:95-05 125 11

19 Hotels -6.4 -6.098 82.749 45.357 10.088 85-01:95-05 125 11

• Bold indicates rejection of the null at 5% signi�cance level.

• Italic indicates rejection of the null at 10% signi�cance level.
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Table 7: First generation tests for 19 sectors without Finland

LLC IPS MW-ADF MW-PP Hadri Periods T N

1 Bread 0.417 0.255 14.803 16.214 17.18 81-01:95-12 175 10

2 Meat -0.0328 -0.638 21.144 14.79 17.502 81-01:95-12 175 10

3 Dairy 0.517 0.937 10.101 8.476 19.038 81-01:95-12 175 10

4 Fruits -3.312 -7.630 106.71 104.14 4.958 81-01:95-12 175 10

5 Tobacco -2.792 -2.654 33.906 38.375 1.822 81-01:91-12 132 10

6 Alcohol 0.906 1.719 7.097 6.344 20.16 81-01:95-12 175 10

7 Clothing 0.454 1.019 16.821 18.007 22.836 81-01:95-12 175 10

8 Footware 0.9539 1.5869 12.754 13.066 22.5 81-01:95-12 175 10

9 Rents 1.9 2.564 4.758 4.964 18.162 81-01:95-12 175 9

10 Fuel 0.578 0.279 13.411 17.096 14.469 81-01:95-12 175 10

11 Furnit 0.412 1.448 8.832 9.364 20.357 81-01:94-09 165 10

12 Dom.Appl 0.332 0.988 11.101 11.63 19.107 81-01:94-09 165 10

13 Vehicles 1.116 1.451 12.52 14.917 20.729 81-01:95-12 175 10

14 Pub.Trans -0.257 -0.722 20.786 21.443 15.552 81-01:95-12 175 10

15 Comm. -2.979 -3.1 44.494 54.498 4.427 81-01:95-12 175 10

16 Sound -0.138 0.619 9.946 8.379 17.006 81-01:95-12 175 9

17 Leisure 0.675 0.547 12.914 14.857 15.113 81-01:95-12 175 10

18 Books 1.111 1.327 9.834 10.699 18.763 81-01:95-12 175 10

19 Hotels -1.929 -2.836 39.558 37.215 10.908 81-01:95-12 175 10
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Table 8: Second Generation tests for 19 sectors with Finland

MPa MPb CIPS Cp CZ CL NL Periods T N

1 Bread -6.119 -3.26 -1.258 17.83 -9.362 -11.63 1.358 85-01:95-05 125 11

2 Meat -10.95 -3.881 -1.114 22.83 -10.96 -14.41 1.009 85-01:95-05 125 11

3 Dairy -9.778 -3.807 -1.673 20.57 -10.14 -13.13 2.247 85-01:95-05 125 11

4 Fruits -12.77 -4.289 -2.767 17.96 -9.165 -11.66 -5.155 85-01:95-05 125 11

5 Tobacco -11.18 -4.828 -1.71 12.77 -7.669 -8.804 -0.455 85-01:91-12 84 11

6 Alcohol -6.708 -3.57 -1.751 17.95 -9.381 -11.69 3.57 85-01:95-05 125 11

7 Clothing -5.534 -2.533 -1.168 15.9 -8.712 -10.56 2.662 85-01:95-05 125 11

8 Footware -5.174 -2.246 -1.33 16.05 -8.742 -10.63 3.367 85-01:95-05 125 11

9 Rents -10.19 -5.142 -1.431 9.964 -6.598 -7.136 4.584 85-01:95-05 125 10

10 Fuel -10.34 -4.286 -2.359 3.059 -3.289 -3.098 1.453 81-01:95-07 175 10

11 Furnit -10.19 -4.789 -2.006 0.649 -1.573 -1.418 3.091 81-01:94-09 165 10

12 Dom.App -8.99 -4.027 -2.121 1.839 -2.318 -2.2 2.451 81-01:94-09 165 10

13 Vehicles -7.577 -3.309 -1.545 12.21 -7.536 -8.492 3.559 85-01:95-05 125 11

14 Pub.Tran -5.037 -2.651 -1.563 18.13 -9.473 -11.8 1.41 85-01:95-05 125 11

15 Comm. -6.36 -3.893 -1.484 9.869 -6.22 -7.058 0.861 85-01:95-05 125 11

16 Sound -7.565 -3.236 -1.372 22.84 -10.8 -14.33 0.175 85-01:95-05 125 10

17 Leisure -7.833 -3.817 -1.797 17.22 -9.137 -11.27 2.609 85-01:95-05 125 11

18 Books -6.855 -3.076 -1.148 20.21 -10.12 -12.96 2.721 85-01:95-05 125 11

19 Hotels -7.284 -3.7 -1.162 17.2 -9.04 -11.26 1.672 85-01:95-05 125 11
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Table 9: Second Generation Tests for 19 sectors without Finland

MPa MPb CIPS Cp CZ CL NL Periods T N

1 Bread -6.887 -3.659 -1.87 2.949 -3.023 -2.924 1.177 81-01:95-12 175 10

2 Meat -15.208 -5.174 -1.937 5.354 -4.176 -4.42 -0.4 81-01:95-12 175 10

3 Dairy -9.826 -4.384 -2.449 1.615 -2.277 -2.106 1.699 81-01:95-12 175 10

4 Fruits -17.75 -4.447 -2.627 12.01 -7.235 -8.311 -4.96 81-01:95-12 175 10

5 Tobacco -11.08 -4.351 -2.286 7.655 -5.789 -5.897 -1.3 81-01:91-12 132 10

6 Alcohol -10.31 -4.076 -2.25 0.68 -1.523 -1.384 2.955 81-01:95-12 175 10

7 Clothing -2.751 -1.51 -1.29 2.887 -2.077 -2.463 2.274 81-01:95-12 175 10

8 Footware -6.856 -3.589 -1.817 1.486 -1.602 -1.662 2.58 81-01:95-12 175 10

9 Rents -13.26 -5.372 -2.019 0.104 -0.759 -0.697 3.274 81-01:95-12 175 9

10 Fuel -10.34 -4.286 -2.358 3.059 -3.289 -3.1 1.453 81-01:95-12 175 10

11 Furnit -10.19 -4.789 -2 0.649 -1.574 -1.418 3.091 81-01:94-09 165 10

12 Dom.App -8.989 -4.027 -2.121 1.839 -2.318 -2.2 2.452 81-01:94-09 165 10

13 Vehicles -8.953 -4.125 -1.987 1.371 -1.701 -1.678 2.846 81-01:95-12 175 10

14 Pub.Tran -8.879 -5.041 -2.181 4.167 -3.766 -3.725 1.09 81-01:95-12 175 10

15 Comm. -5.586 -3.132 -1.991 11.27 -6.602 -7.82 0.784 81-01:95-12 175 10

16 Sound -4.1 -2.489 -2.048 1.868 -2.443 -2.26 0.553 81-01:95-12 175 9

17 Leisure -11.90\ -4.758 -2.031 2.346 -2.629 -2.511 2.213 81-01:95-12 175 10

18 Books -5.698 -3.299 -1.828 1.632 -2.081 -1.966 2.106 81-01:95-12 175 10

19 Hotels -7.896 -3.357 -1.582 5.774 -4.453 -4.696 -0.032 81-01:95-12 175 10
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Table 10: First Generation test for the unbalanced stacked panel N=204, T=180
in full sample (with Finland)

Trend LLC IPS MW-ADF MW-PP Hadri Periods

No -1.116 -2.575 504.318 489.809 77.389 81-01:95-12

Yes -11.709 -7.553 598.255 658.309 42.729 81-01:95-12

Table 11: First Generation test for the unbalanced stacked panel N=188, T=180
in full sample(without Finland)

Trend LLC IPS MW-ADF MW-PP Hadri Periods

No 0.188 -1.251 425.313 436.628 77.141 81-01:95-12

Yes -10.313 -7.121 551.771 633.451 38.666 81-01:95-12

Table 12: First Generation tests for the largest balanced sub panel N=187, T=165

Trend LLC IPS MW-ADF MW-PP Hadri Periods

No -1.56543 -2.41237 440.908 445.953 69.1199 81-01:94-09

Yes -10.1487 -6.36374 498.498 570.541 37.0197 81-01:94-09

Table 13: Second Generation tests for the largest balanced sub panel N=187,
T=165

Trend MPa MPb CIPS Cp CZ CL NL Periods

No -28.638 -16.33 -2.082 16.994 -14.85 -15.126 4.318 81-01:94-09

Yes -0.350 -0.345 -2.457 -7.491 6.923 6.470 -1.076 81-01:94-09
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