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ABSTRACT: Weinvestigate the persistence of real exchangerates usng Bayesian
methods First, an algarithm for Bayesian estimation of nonlinear threshold moddsis
developal. Unlike standard grid-based estimation, the Bayesian approach fully captures
joint parameter uncertainty and uncertainty aboutcomplicated fundionsof the
paameters, such as the hdf-life measure of persistence based on generalized impulse
respons fundions Second, modd comparisonis conduded usng margind likelihoods
which reflect thereative abilities of modds to predict the daa given only prior bdiefs
aboutmodd parameters. This comparisonis condwcted for arangeof linear and nonlinear
modds and provides a direct evaluation of theimportance of nonlinear dynamicsin
modding exchangerates. Themargind likelihoods also imply weights for amodd-
averaged measure of persistence. Theempirical results for real exchangerate daafrom
the G7 counties suggest general suppot for nonlinearity, butthe strength of the evidence
dependson which county par is consdered. However, the modd-averaged estimates of
hdf-lives are uniformly smaller than for thelinear modds along suggesting that the
purchasing power paity persistence puzzleisless of a puzzle than previoudy thought
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1. Introduction

Recent studies by Michael, Nobay, and Pedl (1997, Obgfeld and Taylor (1997) Sarantis
(1999)and Bec, Ben Salem, and Carrasco (2004 have made use of nonlinear threshold-
type autoregressive moddsto investigae the purchasing power parity (PPP) pesistence
puzzle, anotioninitiated in a survey by Rogoff (1996). The motivation for usng
nonlinear moddsisthat the puzzle may have arisen because of modd misspecification.
Specificaly, linear time series modds assume a priori tha the degree of adjugment of
real exchangeratesto their PPP levelsisthesame at all points of time. However, theory
has suggested that transaction cogs can affect when PPP is effective and when it is not*
Hence, nonlinear modds that allow for regime-changing behavior in real exchangerates
may be more appropriate to study PPP. In fact, thefindingsof many recent empirical
studies imply tha estimated PPP adjusments are faster unde a nonlinear framework than
those estimated unde alinear framework, thusproviding a potential resolutionfor
Rogoff3 (1996)puzle. Sarno (2003)and Taylor and Sarno (2003)offer a detailed
survey of thisliterature.

In this paper, we adopta Bayesian approach to investigate exchangerate
nonlinearities and the PPP parsistence puzzle. There are three reasonsfor doing this.
First, standad Classical estimation of nonlinear moddsis cumbersome asit involves
procedures to grid-search for thevalue of the parametersin nonlinear trangtion fundions
Bayesian methodsallow for joint estimation of all modd parameters, aswell as
complicated fundionsof the parameters, such as the hdf-life measure of persistence
based on generaized impulse respong fundions Second, testing nonlinearity in the

Classica framework is difficult dueto the presence of nuisance parameters. In the

! See, for example, Heckscher (1916), Cassel (1922), Dumas (1992) and O&onnell (1997).
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Bayesian framework, modd compaisonviamargind likelihoods which reflect the
relative abilities of modds to predict thedaa given only prior bdiefs aboutmodéd
paameters, is conceptudly straightforward for any set of modds. Third, while Classical
inferences aboutexchangerate peasistence can behighly senstive to themodd and lag
specification, the Bayesian approach allows for modd-averaged measures tha address
inherent uncertainty aboutspecification issues.

Our empirical findingscan besummarized as follows. Based on our modd
compaison, there isgeneral suppot for nonlinear threshold dynamicsin real exchange
rates for the G7 counties, althoughthe strength of the evidence varies widdy across
county pars. However, our modd-averaged measures of real exchangerate persistence
are uniformly lower than for linear modds alone Thus ourandysis takes theresolution
of the PPP persistence puzle further than the Classical andysis based on nonlinear
modds. Inthe Classical setting, thefinding of lower persistence is conditiond on the
presence of nonlinear dynamicsin rea exchangerates. Our findngistha modd-
averaged measures of pesistence are lower than those based on linear modds, even when
the evidence for norlinearity is ambiguous Specificaly, we find tha hdf-livesfor G7
real exchangerates rangebeween 2-3 years compared to the 3-5 years foundin Rogoff
(1996) Of course, thisisreally only a partial resolution of the PPP persistence puzle as
2-3 year hdf-lives are till toolongto beeasily recondled with sticky goodsprices alone
On theother hand, given the possibility of threshold effects dueto transaction cods, the
2-3 year hdf-lives are quite economically plausble, as exchangerates will notbe

expected to adjug quickly when they are close to their PPP levels, which they often are.



Theremainde of this pgoer is organized as follows: Section 2 presents linear and
nonlinear modds of thereal exchangerate. Section 3 discusses practical issuesfor
Bayesian estimation of these modds. Section 4 reports the empirical results for an
application of these modds and Bayesian methodsto real exchangerate daafrom the G7

counties. Section 5 condudes.

2.Models
There are many different time series modds of exchangerates. Themain distinction
amongthem is beween linear modds and nonlinear modds. Within therealm of
nonlinear modds, theemphasis for exchangerates has been on modds that allow for
changing conditiond mean dynamics. However, exchangerates are asset prices, so there
are also modds tha allow changing conditiond variances to capture fat tailsin the
distribution of exchangerate returns In this pgoer, we focusonthedistinction between
linear modds and nonlinear modds of changing conditiond mean dynamics. However,
we also consder the effects of accouning for heteroskedasticity and fat tails on
inferences aboutnonlinear mean dynamics and the persistence of exchangerate
flucudions

Thebenchmark linear modd tha we consder is astationay finite-order
autoregressive (AR) modd:

"(L)(o, #u) =%, " ~iidNO#?),

where q, isthelogrea exchangerate, "(L) =1#",L#L #" L°, andtherootsof "(2) =0

lie outside the unit circle. The stationaity assumption correspondsto theidea that PPP
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holdsin thelongrun? The Gaussian error assumption is driven by theneed for a
parametric structure in order to condud our Bayesian andysis.®

In terms of nonlinear modds of changing conditiond mean dynamics for
exchangerates, the existing literature has emphasi zed so-called Gl f-excitingCthreshold
modds with discrete trangtions(TAR) and smooth trangtions(STAR) beween different
regimes for the AR dynamics (see Michael, Nobay, and Pedl, 1997;0bgfeld and Taylor,
1997;Taylor, Pedl, and Sarno, 2001;and Sarno, Chowdhuty, and Taylor, 2004). Building
onthisliterature, Bec, Ben Salem, and Carrasco (2004) develop a general multi-regime
logistic STAR (MR-LSTAR) modd tha nests both TAR and STAR dynamics. The
modd, which we adopthere, starts with an error-correction and Dickey-Fuller
trandormation of the benchmark linear AR modd in (1):

"0, = #(Gy ! H) U, 19

p&l p
where " #$%1), u," ' #%,; +(,, and " $%& ", . Nonlinear conditiond mean

j=1 i=j+l
dynamics are then allowed for by letting the error-correction coefficient ! beregime-

dependent asfollows:
3
#0, =P (& (s ! )" F (@ ! 9%C))+u,, )
r=1

where

2 The strongest evidence for long-run PPP comes from the long samples of exchange rate data considered in
Abuaf and Jorion (1990) and Lothian and Taylor (1996), although it should be acknowledged that long-run
PPP may not hold due to the presence of asmall random walk component (see Engel, 2000).

3 Given that exchange rates are asset prices, a Student t distribution with alow degree of freedom for the
error term might seem a more reasonable assumption. However, when we considered this alternative
assumption in preliminary analysis, we found that our main results were completely robust. This finding
likely reflects the fact that we are considering quarterly data and a Gaussian assumption for exchange rates
is more reasonable at lower frequenciesthan at high frequencies (i.e., accounting for fat tails would be
more important for daily or weekly data).
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with theredtriction /', =/, " I, and,for natationd convenience, /, " !, . Inwords

the prevailing error correction coeficient dependsonthelevel of thelagged exchange

rate relative to symmetric thresholdsaroundthemean u, with thewidth of the threshold
bandsdetermined by thethreshold parameter ¢. Thetranstion functions F, (g, " 1#c)

determinetheweights put on each regime according to logistic specificationstha
dependson the smooth trangtion parameter ~, which isrestricted to be postive in order
to identify theregimes. Notetha, as " # $, the MR-LSTAR modd approximates a
band-TAR modd.

It is straightforward to allow other paametersto depend on theregime, induding
thevariance of theshodks. Thus in order to address the possibility of heteroskedasticity,
we also consgder whether augmenting themoddss discussed abovewith regime-dependent

variances affects our inferences aboutexchangerate dynanics.

3. Bayesian Estimation

We condud our Bayesian estimation via a multi-block randomwalk chain version of the
Metropolis-Hastings(MH) algorithm. TheMH algorithmis a poderior simulator that is
useful in settingswhere it is not known how to directly draw from the pogerior, butwhen
draws are available, it is posible to evaluae ther relative densgties. In practice, then,

draws are madefrom a proposl distribution, with the values accepted or rejected as

3)
(4)
(5)



draws fromthetarget distribution based on therelative densties for both the proposl and
target distributions

As with any importance-sampling algorithm, the success of the poderior
simulator in providing an accurate discrete approximation of thetarget distribution
dependson the proposl distribution. We follow the standad approach in the applied
literature of making our proposl a multivariate Student t distribution based on the
poderior modeand the curvature of the poderior aroundthe mode However, some issues
arise in doing so for thenonlinear MR-LSTAR modd. Firgt, jug as with maximum
likelihoodestimation of nonlinear threshold modds, thereisaneed for agrid search
across thethreshold parameter c to find the pogerior mode However, it isimportant to
note tha this only appliesto condructing the proposal distribution for Bayesian
estimation. Estimation of the threshold based onthe target distribution does notinvolve
discretization of the sample space for thethreshold parameter. Second, by usng agrid
search to estimate thethreshold parameter, numerical derivatives cannotbeused to
evaluae the curvature of the pogerior with respect to thethreshold parameter. Thus
thereisno guidefrom numerical optimization for the scale of the proposl densty, even
if itslocation can be pinned down at the pogerior mode

In this paper, we propos addressing the problem of determininga goodproposl
distribution for nonlinear threshold modds by considering an aternaive measure of the
curvature of poderior with respect to thethreshold paameter c. First, we invert the
(pogerior ratioOfor the threshold based ona " (1) assumption, motivated by Classical
inference. Specificaly, given diffuse priors, thisis equivalent to inverting thelikelihood

ratio statistic for ¢ to condruct a 95% confidenceinterval (in a Classical sens). Then, we



use this confidence interval to back outan implied standad error (agan, in aClassica
senge) for thethreshold parameter. In particular, the approach proceeds as follows:

1) Condruct Gonfidence setOfor ¢ based on inverting the pogerior ratio. Assuming
the set is contiguous denote the estimated 95% confidence interval as
{8025 57

2) Notetha, if astandad error were available and assuming asymptotic nomality,
another estimate of the 95% confidence interval would be 6+£1.96" SE(©),
meaning that ©+1.96" SE(®) #{6,1.5€), 75} -

3) Assuming an asymptotic equivalence of thetwo confidence interval estimators,

congruct an approximate standad error as SE(6) " 3%92(@0_975#@0.025) $ %,

In terms of thesmooth trandtion parameter ~, whileit is possible to estimate it by
numerical optimization, there are practical difficultieswith doingso. As “# $ (i.e, as
the MR-LSTAR modd becomes more likeaBand TAR modd), ~ becomes unidentified.
That is, there isnoimpact onthelikelihoodfor changesin ~“ when it is extremely large
Bayesian andysis hdpsto some extent because aprior on “ meanstha the poderior will
changeeven if thelikelihooddoes not However, in practice, to alow for diffuse priors
andto aid in numerical optimization, we follow the Classical literature (see, for example,
Franses and van Dijk, 2000)and condud a grid search for " too. Agan, thegrid search is
for theproposl distribution only and it only meant to loosly approximate the pogerior.
Thedraws of ~ fromthetarge distribution should be accurate even given the

approximationsin theproposl distribution. Meanwhile, we check therobugness of

* If the confidence set is not contiguous, we take the conservative approach of using the smallest and largest
values in the set to construct a 95% confidence interval.
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poderior moments to different assumptionsfor the proposl distributionfor these
nonlinear parameters.

Letting " denote the vector of modd parameters, theoveral proposl distribution
is condructed as follows:

6~ MT (=% v%),

where i isset to thepreviousdraw for therandomwalk chan version of the MH
algorithmand "” isthedegrees of freedom paameter that it set as T" k, where Tisthe
sample size and k isthe number of paameters. The key aspect of the proposl densdty is

thescale matrix " ”. Letting "" denote the QinearOparametersand "™ denote the
honlinearOparameters (i.e., ¢ and "), where " = (L NLY, "# is given asfollows:

o ogoa®) o |
& 0  va@y

where * isaQuningOparameter for the MH algorithm, vér(?) isthevariance-

covariance of the QinearOparameters based on the estimated inverse expected Hessian at

the pogerior modeconditiond onthe (honiinearOparameters and var(O") = (ﬁ; ;ﬁ;)%]

based on theindirect estimated standard deviationsdiscussed above We consder
different paameter blocking schemes (i.e., conditiond drawing from subsets of ") and
we adjug  to attain an acceptance rate for the MH agorithm of between 20-50%.

Modd comparison and modd weights for condruding a Gnodd-freeOmeasure of
persistence are based on margind likelihoods These are propottiond to the probability
tha amodd (induding priors on paameters) would have predicted thedaa. Following

Chib and Jeliazkov (2001) we calculate these usng the Bayes identity and the MH



output We have confirmed tha margind likelihoad estimates and pogerior moments are
robug across multiple runsof theMH algorithm and for different starting values of the

randomwalk chan. For each run, we consder 20,000draws after 10,000bum-in draws.

4. Empirical Results

4.1.Data andPriors

We consder quaterly daafor eightdifferent county pairsfromthe G7; theseindude
noreuro currency exchangerates from January 1974 to March 2007and euro currency
exchangerates from Januay 1974to December 1998° All data are in logaithms and
demeaned (ak.a. Qe-centeredQ. Thefull sample period is separated into two: Januay
1974to Decembe 1979is thetraining sample from which parameters for our priors are
derived; the pod-1979sampleis used for Bayesian estimation and modd comparison.
The AR lag orders rangefrom oneto four. Since we use the error-correction and Dickey-
Fuller tranformation given in (19 and (2), the AR(4) modd, for example, is specified
with theregressand as thefirst difference of thereal exchangerate and theregressors are
thefirst lag of thelevel andthree lagsof thefirst differences.

For al of themodds, thepriors for the AR paameters have a Normal
distribution. The prior meansare all set to zero, except for the error-correction coeficient
which is set to the OL S estimate based on an AR(1) modsd for thetraining sample. The
prior standard deviationsare 0.5, which are relatively uninformative, athoughwe
congder atruncation of thejoint Normal distribution for the AR parametersto ensure
stationaity (i.e., adraw from the proposl densty can only be accepted if theroats of the

characteristic equaion "(z) =0 lie outsidetheunit circle). Theprior for theforecast error

® We convert the monthly datainto a quarterly frequency by taking the end-of-quarter value.
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"n2

variance has a Gammadistribution " © ~ Gamma(#,$) where the Gamma distribution for

variable x is parameterized asfollows:

v.8y= O oigion

0= 1)

For the prior ontheforecast error variance, we set therate parameter " =1 (i.e, the
Gammadistribution collapses to is a Chi-squaed distribution with ~ degrees of freedom)
and we set the shgpe paameter - to the sample variance of theforecast errorin the
training sample, implying tha the prior mean for thevariance is equd to the sample
variance in thetraining sample. Thisisarelatively uninformative prior tha iscommonto
all modds and so does not affect themodd comparison.

Theformulation of the priorsfor the nonlinear parametersin the MR-LSTAR
modd is somewha more complicated. For thethreshold parameter ¢, we assume a
Gammadistribution and set therate parameter " = 0.5 and the shgpe parameter ~ to ”
times the median absolute real exchangedeviation (in logaithms) from the sample mean
usng datafromthetraining sample period, implying the prior mean is equd to the
median deviation. For the other smooth trangtion paameter ~, we also assume a Gamma
distribution and set therate paameter ” =0.5 and theshgpe paameter ~ to 0.1" # times
the mean nonzero absolute quaterly changein thereal exchangerate over thetraining
sample, implying theprior mean is equd to onetenth of the mean absolute quaterly
change This calibrates the scale of a small changein the exchangerate that could

produe a changein thedynanmics of the exchangerate. For both ¢ and , thepriorsare

relatively uninformative given thelow values for therate parameter .
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Theremaining parameter for the nonlinear threshold modds is the changein error

correction coefficient acrossregimes: " # $ #,, %#,

out*

For this parameter, our prior is
more informative and is based on thetransaction cods notion that the adjusment to PPP
will belarger when theexchangerate is far away fromits PPP level. In paticular, for

" #, we agan assume a Gammadistribution and set the rate paameter ” =100 and the
shgpepaameter " =10, implying themean for theredudionin theerror correction
coefficientis 0.1, with astandad deviation of about 0.045 We jugify thisrelatively
informative prior in two ways. First, we have strong theoretical reasonsbased on
transaction cods to bdieve theerror correction effect islarger in the outsideregime when
thereal exchangerate isfurther from PPP. Thisis exactly the motivationfor usng a
threshold modd for real exchangerates and the ability to specify an informative prior that
specifies themodd according to that dynamic is abendfit of Bayesian andysis.® Second,
even thoughan informative prior might seem to push our empirical findingstowards
finding evidence of nonlinearity, it does not Thisis because we also consder linear
moddsin ourmodd comparison. Indeed, it isimportant for comparing linear and
nonlinear modds with Bayesian modd comparison tha thereislittle or no prior weight
on the portion of the parameter space for the nonlinear modds tha correspondsto
linearity. Only in this case will ourtrueprior oddsfor linearity and norinearity beequd,
while they would implicitly favor linearity given less informative priors on paametersin

thenonlinear moddsrelated to noninearity.

® In Bayesian analysis, the prior and the model are closely related. Asan example, it is possible to compare
two priors given the same model specification using marginal likelihoods. In essence, the comparison is
between how well two prior models predicted the data.
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4.2.Pogeriors

Table 1 reports thelogaithm of themargind likelihoodvalue, with the corresponding
Bayes factor in the paentheses. The Bayes factor is calculated as theratio between the
margind likelihoodvalue of a particular specification and the largest margind likelihood
value amongthe sixteen specificationsfor a given county par. Based on these results,
the MR-LSTAR modds with and withoutheeroskedastic disturbances are well suppoted
for seven out of eight series. Moreover, in every one of these cases, the second best
modd, usngtheBayes factor as the measure, is also an MR-LSTAR specification. A
linear modd only QvingDoverall for the Canadian-U.S. dollar rea exchangerate. Even
for that series, the MR-LSTAR(4)-h specification comes as a close secondto thewinning
linear AR(4) specification, with a Bayes factor of 0.89. Meanwhile, our results suggest
tha both nonlinear mean dynamics and heteroskedasticity are important in undestanding
the exchangerate daa. Indeed, amongthe series in which nonlinearities are mos
probable, an MR-LSTAR-h specification provides the best modd in five out of seven
cases.

It isinteresting to compare our results to those in Bec, Ben Salem, and Carrasco
(2004) who condgder mogly European pars with afew exceptionsvis-"-vis Canadian
and U.S. dollars. Our results are in genera suppot of thar findingsusng Classical
andysis and shed some light onthear findings Specifically, they consder unit root tests
agang a stationay nonlinesr MR-LSTAR alternaive. Amongthe common sets of data,’
they foundstrongevidence for PPP with nonlinearitiesin the poundU.S. dollar andlira

franc exchangerates. Our Bayesian andysis strongly favours the MR-L STAR-h modd

" There are four data sets that are common to our study and theirs. We have more series vis-"-vis the U.S.
dollar, while they have more European pairs with Deutsche marks, Belgian franc and Finnish markkas.
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for these two series. Thar results for thelira-dollar exchangerate are compaitively
weakerN thenull of arandomwalk is rejected at 5% significance level for only oneof
thethree tests tha they consderN and ther results for the Canadian dollar-poundsterling
are theweakestN the null cannotberejected at the10%level. Our Bayesian andysis
findssimilar relative suppot for norlinearities anong these two series. Thus despite a
very different econonetric approach, our results suggest tha Bec, Ben Salem, and
Carrasco@ (2004)findngscould be dueto differences in power for theurit root test
given differences in suppot for nonlinear dynamics.

To ge asense of thefeatures of thenonlinearitiesfoundin the daa, we report the
estimates and the empirical transtion fundionsfor the hestOnonlinear modds (in terms
of margind likelihood$ in Table 2 and Figure 1 respectively. The pogderior meansfor the
sum of the autoregressive coefficients within thethreshold bands(i.e., ”,, +1) rangefrom
0.9041t0 0.982 By dlowing nonlinearities, we find tha the changein the sum of the

autoregressive codficients (i.e,, " . #",,) rangesfrom-0.093to -0.048.Figure 1

out
illugrates the estimated transtion fundionsbased on pogerior means The mirrored
logistic fundion imposed by the MRLSTAR specification can convegeto a discrete step
fundionlikeaTAR modd when! islargeenough.It can also mimic other fundions
such asthe exponantial fundion. However, Figure 1 suggests tha the changesin the
dynanics are rather discrete. In many cases, there are very few pointsin between 0 and 1.
Based on the estimated parameters, we compute and report pogderior meansfor
theunaonditiond hdf-life of real exchangerate deviationsfrom PPPin Table 3. Given
paameter values, the computation of hdf-lives for the AR moddsis conventiond. The

computation for the MR-LSTAR modds requires usng the generaized impulse respone
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simulationasin Koopet a (1996)and Potter (2000). We randomize theinitial conditions
and the properties (size and sign) of theshodks. Thisis different to many conditiond
exercisesasin Taylor et a (2001 and Bec at a (2004), andis similar to Lo (2008.

We use themargind likelihood value as weights to compute different modd-
averaged measures of the hdf-lives. In Table 3, the last row labded QAll ModdsOand the
last column labded QAll LagsOin each pand reports such measures. Theformer reports
theweighted hdf-life between thelinear and the nonlinear modd given the same lag
order. Thelatter reports theweighted hdf-life among different lag orders for the same
modd. Thebolded numbe wherethe QAll ModdsOrow and the QAll LagsOcolumn
intersects indicate the weighted hdf-life for all moddswith all lags These are our overall
modd-averaged estimates of hadf-lives. Because we use quaterly daa, it ismore
convenient to roundup thedecimals to the nearest 0.25 for our discussion.

Rogoff (1996 surveyed a number of studies tha make use of linear modds and
foundtha hdf-life estimates rangefrom 3 to 5 years for mog real exchangerates
between indudrialized counties. From our estimates, there are two extreme cases
involving Canadian dollars in which the hdf-life estimates for thelinear modds are
above6 years or longe. For therest of the daa series, however, thehdf-life estimates for
thelinear moddsfall rightinto Rogof@& range from 3 to 4.25 years. These results are
also sengtive to thelag length; in general, thelarger the nunber of lags, thesmaller the
level of persistence. Using the Bayesian weighing scheme, we also find tha the modd-
averaged hdf-life measures for thelinear modds (unde QAll LagsOcorresponding to
linear and linear-h) areal bdow 4. When we examinetheresults for thenonlinear

modds, we find even smaller haf-life estimates. From thelinear to the nonlinear modds,
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theredudionranges from 1 to 3 years. Thereason for this can be explained by theresults
reported in Table 4, which reports quantiles from the poderior distribution for haf-lives.
It turnsout tha the difference between the poderior mediansfor thelinear and the
nonlinear moddsis negligible. In aclassical framework, Lo (2008)shows that when the
MRLSTAR modd isthetrue daa generating process, the Monte Carlo median of the
hdf-life estimates from alinear modd are notsignificantly different to thetrue
unoonditiond hdf-life generated fromthe nonlinear modd. Our findingshere match this
result. However, a closer examination of the other quantiles shows tha the distributions
for all modds are skewed, resulting in our earlier finding tha meansare larger than
medians Importantly, theuppe 95% boundfor the liner moddsis much highe than tha
for thenonlinear modds and hits thelevel of OnfinityGfrequently. ® This echoes the
resultsin Murray and Pappdl (2002 and Rossi (2005) which implies that estimation
uncertainty for linear moddsislarge Wha isnew heeistha the MR-LSTAR modds
manageto generate notonly smaller mean hdf-lives, but also less uncertainty aboutthe
rangeof possible hdf-lives.

Another new findingistheoveral modd-averaged hdf-life (at thefar bottom
right corner for each pand in Table 3). Althoughwe have estimates aslow as 2.50 years,
we also have estimate as high as 6 years when Canadais involved. These modd-averaged
estimates are based ontheweights usng the margind likelihoodvauefor all modds and
lags Theweights are reported in Table 5. For certain daa series, weights for a specific

nonlinear modd may reach to 20% (lira-dollar) or even 25% (yen-dollar). Overall,

8 In our generalized impulse response simulations, we set a maximum of 15 years (60 quarters) horizon.
When the simulated half-life hits this limit, we label it asinfinity.
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nonlinear modds receive about 70% to 80% of theweightin calculating modd-averaged

hdf-lives.

5. Conclusion

In this paper, we have employed Bayesian andysis to re-examine previous Classical
findingsonrea exchangerate persistence. Our results strengthen previousresults and
add new indghtsinto the persistence of thereal exchangerates. First, we find strong
evidence for nonlinearitiesin thedaa. Second, in terms of uncertainty abouthdf-lives,
thenonlinear modds yield more accurate inferences than linear modds. Third, even
thoughthere isanontivia poderior probability for linear dynamics, thereis clear
evidence tha the persistence of real exchangeratesislower than reported in Rogoff
(1995) with therangebeng between 2-3 years for mog county pars. Thus we confirm
tha onepartia resolution of the purchasing power parity persistence puzleistha
exchangerates are not quite as pesistent as suggested by Classical estimates based on
possibly misspecified linear modds. Our results suggest theimportance of accounting for
the possibility of norlinear dynamics and modd uncertainty in making inferences about
thebehavior of exchangerates.

We condudeby noting tha our andysis of exchangerate persistence is based on
the assumption that purchasing power paity holdsin thelongrun. It ispossible,
however, tha there is a small randomwalk component in thereal exchangerate (see, for
example, Engd and Kim, 1999 and Engd, 2000)and that allowingfor it would affect
our inferences aboutthe persistence of trangtory deviationsfrom thelongrun

equilibrium level of thereal exchangerate. Incorporating nonlinear trangtory dynamics
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in an unobrved componeants modd tha allows for stochastic permanent movementsin
thereal exchangerate isa complicated econorretric problem tha we leave it for future
research. Of course, accouning for such movements should only serve to furthe reduce

the estimated persistence of thetrangtory comporent of thereal exchangerate.
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Table 1: LogMarginal Likelihood and Bayes Factors

Mode

Linear
Linear-h
MRLSTAR
MRLSTAR-h

Mode

Linear
Linear-h
MRLSTAR
MRLSTAR-h

Mode€

Linear
Linear-h
MRLSTAR
MRLSTAR-h

Mode

Linear
Linear-h
MRLSTAR
MRLSTAR-h

British Pound-U.S. Dollar

Autoregressive Lag Order (p)

1 2 3 4
-3356.48 (0.29) -33526 (0.36) -336.66 (0.09) -337.09 (0.06)
-335.08 (043) -335.01 (0.46) -336.44 (0.11) -336.85 (0.07)
-3356.26  (0.36) -334.67 (0.64) -336.03 (0.16) -336.35 (0.12)
-33450 (0.77) -334.23 (1.00) -33562 (0.25) -336.05 (0.16)
Canadian Dallar-U.S. Dollar
Autoregressive Lag Order (p)
1 2 3 4
-255.36  (0.30) -255.84 (0.18) -257.29 (0.04) -254.15 (1.00)
-256.16 (0.13) -256.67 (0.08) -25820 (0.02) -254.95 (0.45)
-255.94 (0.17) -256.27 (0.12) -257.76 (0.03) -254.27 (0.89)
-256.64 (0.08) -256.98 (0.06) -25855 (0.01) -254.90 (0.47)
French Franc-U.S. Dollar
Autoregressive Lag Order (p)
1 2 3 4
-241.54 (0.11) -24045 (0.32) -241.74 (0.09) -241.18 (0.16)
-24191 (0.08) -241.06 (0.18) -24231 (0.05) -241.72 (0.09)
-24056 (0.29) -239.33 (1.00) -240.65 (0.27) -239.95 (0.54)
-240.63 (0.27) -239.52 (0.83) -24056 (0.29) -240.02 (0.50)
Italian Lira-U.S. Dollar
Autoregressive Lag Order (p)
1 2 3 4
-24428 (0.09) -24348 (0.20) -24422 (0.10) -24325 (0.26)
-24421  (0.10) -243.63 (0.18) -24429 (0.09) -243.13 (0.29)
-24360 (0.18) -24250 (0.54) -243.47 (0.21) -241.92 (0.97)
-243.67 (0.17) -24271 (0.44) -24356 (0.19) -241.89 (1.00)

Note: The Bayesfactor isreported in parentheses; it is equa to the marginal likelihood value for each
model and lag specification divided by the largest marginal value in the group.
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Continued from the last page

Mode€

Linear
Linear-h
MRLSTAR
MRLSTAR-h

Mode€

Linear
Linear-h
MRLSTAR
MRLSTAR-h

Mode€

Linear
Linear-h
MRLSTAR
MRLSTAR-h

Mode€

Linear
Linear-h
MRLSTAR
MRLSTAR-h

Japanese Yen-U.S. Dollar

Autoregressive Lag Order (p)
2 3

-346.35 (0.18) -346.74 (0.12) -347.88 (0.04) -346.02 (0.26)
-346.45 (0.17) -346.92 (0.10) -347.97 (0.04) -345.72 (0.34)
-345.95 (0.27) -346.35 (0.18) -347.28 (0.07) -345.14 (0.61)
-345.72 (0.34) -34585 (0.30) -347.11 (0.09) -344.65 (1.00)
Canadian Dollar-British Pound
Autoregressive Lag Order (p)
2 3
-337.16 (0.05) -335.70 (0.21) -336.47 (0.10) -337.61 (0.03)
-337.27 (0.04) -335.73 (0.21) -336.49 (0.10) -337.68 (0.03)
-336.29 (0.12) -334.46 (0.74) -33560 (0.23) -336.56 (0.09)
-336.07 (0.15) -334.15 (1.00) -33504 (0.41) -336.18 (0.13)
British Pound-French Franc
Autoregressive Lag Order (p)
2 3
-223.31 (0.09) -22331 (0.09) -22459 (0.02) -22490 (0.02
-223.09 (0.11) -22252 (0.19) -223.82 (0.05) -224.47 (0.03)
-222.44  (0.21) -22226 (0.25) -22345 (0.08) -223.72 (0.06)
-221.68 (0.44) -220.87 (1.00) -222.24 (0.25) -222.75 (0.15)
Italian Lira-French Franc
Autoregressive Lag Order (p)
2 3
-187.17 (0.17) -186.98 (0.21) -188.23 (0.06) -188.74 (0.04)
-187.33 (0.15) -186.91 (0.22) -188.02 (0.07) -188.07 (0.07)
-186.77 (0.26) -186.57 (0.32) -187.71 (0.10) -188.09 (0.07)
-186.42 (0.36) -18541 (1.00) -186.80 (0.25) -187.12 (0.18)
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Table 2: Pogerior Meansfor the Best Nonlinear M odels

£/USD  CN$US$ FFUS$  ITL/US$  “/USS$ CNS$/E £IFF ITL/IFF
2 28.160 - - 28.702 33.309 27.224 12.891 9.057
(4.783) (4.508) (5.377) (4.835) (2.264) (2.807)
1,2 21.766 5.505 25.936 19.673 26.401 30.480 22.954 6.320
(3.997) (0.739) (3.519) (5.246) (4.470) (5.880) (4.729) (2.432)
"o 0.961 0.982 0.959 0.959 0.972 0.967 0.904 0.961
(0.029) (0.014) (0.030) (0.031) (0.021) (0.025) (0.053) (0.029)
"o in -0.071 -0.048 -0.070 -0.071 -0.060 -0.067 -0.093 -0.075
(0.028) (0.018) (0.027) (0.029) (0.022) (0.026) (0.039) (0.030)
c 8.743 8.080 7.576 7.015 14.807 10.455 3.906 6.166
(4.706) (5.020) (5.281) (6.252) (8.038) (5.032) (1.953) (3.357)
" 5.459 10.204 7.846 8.850 3.313 3.537 12.303 10.753
(5.400)  (10.276)  (7.695) (8.894) (3.350) (3645)  (11.687)  (10.124)

Note: Standard deviations in parentheses.
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Table 3: Pogerior Half-Life (Means and Weighted Averages)

Mode

Linear
Linear-h
MRLSTAR
MRLSTAR-h
All Models

Mode€

Linear
Linear-h
MRLSTAR
MRLSTAR-h
All Models

Mode

Linear
Linear-h
MRLSTAR
MRLSTAR-h
All Models

Mode€

Linear
Linear-h
MRLSTAR
MRLSTAR-h
All Models

British Pound-U.S. Dollar

Autoregressive Lag Order (p)

1 2 3 4 All Lags
3.75 3.25 3.50 3.25 3.50
4.00 3.25 3.50 3.25 3.50
2.50 2.50 2.50 2.50 2.50
2.75 2.50 2.50 2.50 2.50
3.25 2.75 2.75 2.75 3.00

Canadian Dallar-U.S. Dollar
Autoregressive Lag Order (p)

1 2 3 All Lags
8.00 7.75 7.50 6.75 7.00
8.00 7.75 7.75 6.75 7.25
5.00 4.75 4.75 4.50 4.50
5.00 4.75 4.75 4.75 4.75
7.00 6.50 6.50 5.75 6.00

French Franc-U.S. Dollar
Autoregressive Lag Order (p)

1 2 3 4 All Lags
3.25 3.00 3.25 3.00 3.00
3.50 3.25 3.25 3.00 3.25
2.25 2.25 2.25 2.50 2.25
2.25 2.25 2.25 2.50 2.25
2.50 2.50 2.50 2.50 2.50

Italian Lira-U.S. Dollar
Autoregressive Lag Order (p)

1 2 3 4 All Lags
4.25 3.50 3.75 3.50 3.50
4.00 3.50 4.00 3.50 3.75
2.75 2.75 2.50 2.75 2.75
2.50 2.50 2.25 2.50 2.50
3.00 2.75 3.00 2.75 3.00
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Continued from the last page.

Japanese Yen-U.S. Dollar

Model Autoregressive Lag Order (p)
1 2 3 4 All Lags
Linear 3.75 3.25 3.50 3.25 3.50
Linear-h 4.00 3.25 3.50 3.25 3.50
MRLSTAR 2.50 2.50 2.50 2.50 2.50
MRLSTAR-h 2.75 2.50 2.50 2.50 2.50
All Models 3.25 2.75 2.75 2.75 3.00
Canadian Dallar-British Pound
Model Autoregressive Lag Order (p)
1 2 3 All Lags
Linear 8.00 7.75 7.50 6.75 7.00
Linear-h 8.00 7.75 7.75 6.75 7.25
MRLSTAR 5.00 4.75 4.75 4.50 4.50
MRLSTAR-h 5.00 4.75 4.75 4.75 4.75
All Models 7.00 6.50 6.50 5.75 6.00
British Pound-French Franc
Model Autoregressive Lag Order (p)
1 2 3 4 All Lags
Linear 3.25 3.00 3.25 3.00 3.00
Linear-h 3.50 3.25 3.25 3.00 3.25
MRLSTAR 2.25 2.25 2.25 2.50 2.25
MRLSTAR-h 2.25 2.25 2.25 2.50 2.25
All Models 2.50 2.50 2.50 2.50 2.50
Italian Lira-French Franc
Model Autoregressive Lag Order (p)
1 2 3 All Lags
Linear 4.25 3.50 3.75 3.50 3.50
Linear-h 4.00 3.50 4.00 3.50 3.75
MRLSTAR 2.75 2.75 2.50 2.75 2.75
MRLSTAR-h 2.50 2.50 2.25 2.50 2.50
All Models 3.00 2.75 3.00 2.75 3.00
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Table 4: Pogerior Half-Life (Medians, Quartiles and 95% Confidence Intervals)

British Pound-U.S. Dollar

Lag 5% 25% Median 75% 95%
1 1.50 2.25 2.75 4,00 #
Linear 2 1.50 2.00 2.75 3.50 12.00
3 1.50 2.25 2.75 3.75 #
4 1.75 2.25 2.50 3.25 10.25
1 1.50 2.25 3.00 4,25 #
Linear-h 2 1.50 2.00 2.75 3.50 12.25
3 1.50 2.00 2.75 3.75 #
4 1.50 2.25 2.50 3.50 10.75
1 1.00 1.75 2.25 3.00 6.00
2 1.00 175 2.25 2.75 5.25
MRLSTAR 3 1.00 1.75 2.25 2.75 5.00
4 1.25 2.00 2.25 2.75 5.00
1 1.00 1.75 2.25 3.00 6.50
2 1.00 1.75 2.25 2.75 5.50
MRLSTAR-h 3 1.00 1.75 2.25 2.75 5.50
4 1.00 2.00 2.25 2.75 5.25
Canadian Dollar-U.S. Dollar
Lag 5% 25% Median 75% 95%
1 2.75 450 6.50 11.50 #
Linear 2 3.00 450 6.25 10.25 #
3 2.75 4,25 6.25 10.00 #
4 3.00 4,25 5.50 7.75 #
1 3.00 475 6.75 11.50 #
Linear-h 2 2.75 450 6.25 10.00 #
3 2.75 450 6.25 10.00 #
4 3.00 4,25 5.50 8.00 #
1 1.25 3.00 4,00 6.00 #
2 1.25 3.00 4,00 5.75 14.75
MRLSTAR 3 1.25 3.00 4,00 5.50 14.25
4 1.50 3.25 4,00 5.00 11.00
1 1.25 3.00 4,00 5.75 #
2 1.25 3.00 4,00 5.50 14.25
MRLSTAR-h 3 1.25 3.00 4,00 5.50 14.00
4 1.50 3.25 4,00 5.25 12.00

Note: Our simulations of generalized impulse responses allow for a maximum of 15 years (or 60 quarters).
Any simulation that hit the limit isregarded as# .
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Continued from the last page.

French Franc-U.S. Dollar

Lag 5% 25% Median 75% 95%
1 1.50 2.00 2.50 3.50 12.00
Linear 2 1.50 2.00 2.50 3.25 10.00
3 1.50 2.00 2.50 3.25 10.25
4 1.75 2.25 2.50 3.25 7.75
1 1.50 2.00 2.50 3.75 #
Linear-h 2 1.50 2.00 2.50 3.25 10.75
3 1.50 2.00 2.50 3.25 10.50
4 1.75 2.25 2.50 3.25 7.75
1 1.00 175 2.00 2.75 5.50
2 1.25 175 2.00 2.50 475
MRLSTAR 3 1.00 175 2.00 2.75 475
4 1.25 2.00 2.25 2.75 450
1 1.25 1.75 2.00 2.50 450
2 1.25 1.75 2.00 2.50 450
MRLSTAR-h 3 1.00 1.75 2.25 2.75 475
4 1.25 2.00 2.25 2.75 4,25
Italian LirarU.S. Dollar
Lag 5% 25% Median 75% 95%
1 1.50 2.25 3.00 450 #
Linear 2 1.50 2.00 2.75 3.75 13.25
3 1.50 2.25 2.75 4,00 #
4 1.75 2.25 2.75 3.75 12.00
1 1.50 2.25 2.75 4,25 #
Linear-h 2 1.50 2.25 2.75 3.75 #
3 1.50 2.25 3.00 4,25 #
4 1.75 2.25 2.75 3.75 12.75
1 1.00 1.75 2.25 3.00 7.00
2 1.00 1.75 2.25 3.00 7.00
MRLSTAR 3 1.00 1.75 2.25 3.00 7.00
4 1.00 2.00 2.50 3.00 6.00
1 1.00 175 2.25 3.00 6.25
2 1.00 1.75 2.25 2.75 6.25
MRLSTAR-h 3 1.00 175 2.25 2.75 5.00
4 1.25 2.00 2.25 3.00 5.00
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Continued from the last page.

Linear

Linear-h

MRLSTAR

MRLSTAR-h

Linear

Linear-h

MRLSTAR

MRLSTAR-h

Japanese Yen-U.S. Dollar

Lag 5% 25% Median 75% 95%
1 2.00 3.00 4,00 6.25 #
2 2.00 3.00 3.75 5.50 #
3 2.00 3.00 4,00 6.00 #
4 2.25 3.00 3.75 5.00 #

1 2.00 3.00 4,00 6.25 #
2 2.00 3.00 3.75 5.50 #
3 2.00 3.00 4,00 6.00 #
4 2.25 3.00 3.75 5.00 #
1 1.25 2.25 3.00 4,00 9.25
2 1.25 2.25 2.75 3.75 8.00
3 1.00 2.25 2.75 3.75 8.25
4 1.50 2.50 3.00 3.75 7.25
1 1.00 2.25 3.00 4,25 10.00
2 1.25 2.25 3.00 4,00 8.75
3 1.00 2.25 3.00 4,00 8.75
4 1.25 2.50 3.00 4,00 8.25
Canadian Dollar-British Pound

Lag 5% 25% Median 75% 95%

1 175 2.50 3.50 5.25 #
2 175 2.50 3.00 450 #
3 1.75 2.50 3.50 5.00 #
4 1.50 2.50 3.25 5.25 #
1 175 2.50 3.50 5.50 #
2 175 2.50 3.00 4,25 #
3 1.75 2.50 3.25 5.00 #
4 1.25 2.50 3.25 5.00 #
1 1.00 2.00 2.50 3.25 6.50
2 1.25 2.00 2.50 3.00 6.00
3 1.00 2.00 2.50 3.00 6.00
4 1.00 1.75 2.50 3.00 6.00
1 1.00 175 2.50 3.25 6.50
2 1.25 2.00 2.25 3.00 5.50
3 1.00 2.00 2.50 3.25 6.00
4 1.00 1.75 2.50 3.00 6.00
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Continued from the last page.

British Pound-French Franc

Lag 5% 25% Median 75% 95%
1 1.00 1.25 1.50 2.00 5.00
Linear 2 1.00 1.25 1.50 1.75 3.50
3 1.00 1.25 1.50 1.75 3.75
4 1.00 1.50 1.50 1.75 3.50
1 1.00 1.25 1.50 1.75 3.75
Linear-h 2 1.00 1.25 1.50 1.75 2.75
3 1.00 1.25 1.50 1.75 3.25
4 1.00 1.25 1.50 1.75 2.75
1 0.75 1.25 1.50 1.75 3.25
2 0.75 1.25 1.50 1.75 3.00
MRLSTAR 3 0.75 1.25 1.50 1.75 3.00
4 0.75 1.25 1.50 1.75 2.75
1 0.75 1.25 1.50 175 2.75
2 1.00 1.25 1.25 1.50 2.50
MRLSTAR-h 3 0.75 1.25 1.25 1.50 2.50
4 0.75 1.25 1.50 1.75 2.50
Italian Lira-French Franc
Lag 5% 25% Median 75% 95%
1 1.50 2.00 2.75 3.75 #
Linear 2 1.50 2.25 2.75 3.75 14.00
3 1.50 2.00 2.75 3.75 14.25
4 1.75 2.25 2.75 3.75 11.75
1 1.50 2.00 2.75 4,00 #
Linear-h 2 1.50 2.25 2.75 4,00 #
3 1.50 2.00 2.75 3.75 #
4 1.50 2.25 2.75 3.75 11.50
1 1.00 1.75 2.25 3.00 6.50
2 1.25 1.75 2.25 2.75 5.50
MRLSTAR 3 1.00 1.75 2.25 2.75 5.50
4 1.25 2.00 2.25 2.75 475
1 1.00 175 2.25 3.00 6.75
2 1.00 1.75 2.25 3.00 6.50
MRLSTAR-h 3 1.00 175 2.25 3.00 5.75
4 1.00 2.00 2.50 3.00 5.75
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Table5: Weightsfrom Marginal Likelihood Values

British Pound-U.S. Dollar

Model Autoregressive Lag Order (p)
1 2 3 4
Linear 0.0539 0.0671 0.0166 0.0107
Linear-h 0.0804 0.0862 0.0206 0.0137
MRLSTAR 0.0668 0.1208 0.0310 0.0226
MRLSTAR-h 0.1438 0.1880 0.0470 0.0306
Sumof al linear:  0.3494 Sumof all MRLSTARs.  0.6506

Canadian Dollar-U.S. Dollar

Model Autoregressive Lag Order (p)
1 2 3 4
Linear 0.0737 0.0457 0.0107 0.2481
Linear-h 0.0331 0.0200 0.0043 0.1110
MRLSTAR 0.0414 0.0298 0.0067 0.2202
MRLSTAR-h 0.0205 0.0147 0.0030 0.1171
Sumof al linear:  0.5465 Sumof all MRLSTARs.  0.4535

French Franc-U.S. Dollar

Model Autoregressive Lag Order (p)
1 2 3 4
Linear 0.0216 0.0640 0.0176 0.0309
Linear-h 0.0150 0.0350 0.0100 0.0181
MRLSTAR 0.0577 0.1974 0.0526 0.1062
MRLSTAR-h 0.0539 0.1636 0.0578 0.0985
Sumof al linear:  0.2123 Sumof all MRLSTARs.  0.7877

Italian Lira-U.S. Dollar

Model Autoregressive Lag Order (p)
1 2 3 4
Linear 0.0184 0.0407 0.0195 0.0511
Linear-h 0.0197 0.0352 0.0181 0.0579
MRLSTAR 0.0361 0.1085 0.0414 0.1944
MRLSTAR-h 0.0336 0.0878 0.0377 0.1997
Sumof al linear:  0.2607 Sumof all MRLSTARs:  0.7393
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Continued from the last page.

Japanese Yen-U.S. Dollar

Model Autoregressive Lag Order (p)
1 2 3 4
Linear 0.0444 0.0301 0.0097 0.0620
Linear-h 0.0402 0.0253 0.0088 0.0831
MRLSTAR 0.0662 0.0444 0.0175 0.1487
MRLSTAR-h 0.0834 0.0731 0.0208 0.2423
Sum of al linear:  0.3036 Sumof all MRLSTARs.  0.6964

Canadian Dollar-British Pound

Model Autoregressive Lag Order (p)
1 2 3 4
Linear 0.0136 0.0582 0.0272 0.0087
Linear-h 0.0122 0.0567 0.0266 0.0081
MRLSTAR 0.0324 0.2026 0.0644 0.0248
MRLSTAR-h 0.0404 0.2746 0.1134 0.0362
Sumof al linear:  0.2111 Sum of all MRLSTARs: 0.7889

British Pound-French Franc

Model Autoregressive Lag Order (p)
1 2 3 4
Linear 0.0287 0.0287 0.0080 0.0058
Linear-h 0.0358 0.0633 0.0172 0.0090
MRLSTAR 0.0684 0.0820 0.0248 0.0190
MRLSTAR-h 0.1460 0.3290 0.0837 0.0504
Sumof al linear:  0.1966 Sumof all MRLSTARs.  0.8034

Italian Lira-French Franc

Model Autoregressive Lag Order (p)
1 2 3 4
Linear 0.0488 0.0593 0.0170 0.0101
Linear-h 0.0415 0.0637 0.0209 0.0199
MRLSTAR 0.0730 0.0894 0.0285 0.0195
MRLSTAR-h 0.1034 0.2835 0.0704 0.0511
Sumof al linear:  0.2812 Sumof all MRLSTARs.  0.7188
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Figure 1: Empirical Transition Functionsfor the Best Nonlinear Models
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