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Abstract

Traditional autocorrelation and variance ratio tests are based on serial uncorrelatedness rather than martingale difference. As such,
they do not capture potential nonlinearity-in-mean, which could lead to misleading inferences in favor of the martingale hypothesis. This
paper employs various parametric and nonparametric nonlinear models as well as several model comparison criteria to examine the
potential martingale behavior of Euro exchange rates in the context of out-of-sample forecasts. The overall evidence indicates that, while
martingale behavior cannot be rejected for Euro exchange rates with major currencies such as the Japanese yen, British pound, and US
dollar, there is nonlinear predictability in terms of economic criteria with respect to several smaller currencies.
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1. Introduction

Since the breakdown of the Bretton Woods system in
the early 1970s, the study of floating exchange rates has
become a major research area in international finance. In
a seminal paper Meese and Rogoff (1983) show that many
structural models of exchange rate determination perform
poorly against the benchmark of a naive martingale
hypothesis. Subsequent confirmation of this finding by
numerous empirical studies has led to the conventional wis-
dom that nominal exchange rates (approximately) follow a
martingale in the sense that future changes are unpredict-
able based on past exchange rate changes.' This martingale
behavior is consistent with weak-form market efficiency in

* Corresponding author. Tel.: +1 303 556 5852; fax: +1 303 556 5899.
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! The terms “random walk” and “martingale” have been interchange-
ably used in the literature. However, strictly speaking, the innovations
series is independent and identically distributed for “random walk”, while
it is a martingale difference sequence for “martingale”.
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foreign exchange markets, which has been adopted by
many researchers in modeling exchange rates.

Recently, several traditional methods for testing martin-
gale behavior, including autocorrelation tests (Box—Pierce—
Ljung’s portmanteau) and variance ratio tests (Lo and
Mackinlay, 1988), have been challenged by Hsieh (1993),
Hong (1999) and Hong and Lee (2003), among others. Rel-
evant to our purpose, the variance ratio test has been
widely applied to efficiency tests of foreign exchange mar-
kets (Hsieh, 1989, 1993; Liu and He, 1991; Ajayi and Kare-
mera, 1996; Anthony and MacDonald, 1999; Yilmaz, 2003;
and Belairie-Franch and Opong, 2005). However, as
pointed out by Hong and Lee (2003), these traditional
methods only investigate serial uncorrelatedness rather
than martingale difference. From a nonlinear time series
perspective, there is a considerable difference between serial
uncorrelatedness (or white noise) and a martingale differ-
ence sequence. A nonlinear time series can have zero auto-
correlation but a non-zero mean conditional on its past
history, which implies predictable nonlinearity-in-mean
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(Hsieh, 1989, 1993). Hence, when applied to nonlinear time
series, these traditional methods could result in misleading
inferences in favor of the martingale hypothesis. Theoreti-
cally, there is no reason to believe that economic systems
must be intrinsically linear.

This paper attempts to empirically test whether Euro
exchange rates introduced in 1999 follow a martingale.
We seek to contribute to the exchange rate literature in
the following ways. First, we apply the recent nonlinear
modeling techniques of Hong and Lee (2003) to the prob-
lem of testing the martingale behavior of Euro exchange
rates. The advent of the Euro marks one of the most dra-
matic developments in international finance since the col-
lapse of the Bretton Woods system. Although it already
has become a key international currency, the martingale
behavior of Euro-based exchange rates has been little
explored due to its short history.? A notable exception is
Belairie-Franch and Opong (2005), who examine this issue
using a nonparametric variance ratio test based on signs
and ranks. Hence, the present study extends their work
by applying Hong and Lee’s (2003) methods that more
thoroughly allow for potential nonlinear-in-mean behav-
ior. Additionally, we use a nonparametric kernel regression
technique to further explore potential predictable nonlin-
earity-in-mean.

Second, we provide out-of-sample rather than in-sample
test results. Out-of-sample evidence bears directly on pre-
dictability and is particularly important to mitigate the
concern of in-sample model overfitting for nonlinear mod-
els. Unlike previous studies cited above but similar to Hong
and Lee (2003), our out-of-sample tests take into account
both statistical and economic significance. Few studies
have considered economic criteria as measured by the mag-
nitude of trading returns and particularly the direction of
exchange rate changes, which have practical value to inves-
tors and other decision-makers.

As noted by Lee and Mathur (1996) and Neely et al.
(1997), significant trading rule profits in foreign exchange
rates could imply that these markets are inefficient. Previ-
ous evidence on trading rule profits has primarily focused
on dollar-based exchange rates; hence, we seek to contrib-
ute further evidence on trading rule profits by examining
Euro-based exchange rates. Furthermore, the predictability
of direction of changes as an alternative economic criterion

2 Since its introduction, the Euro has been the second most widely held
international reserve currency after the US dollar. More recently, due to
the weak dollar and the strong Euro, many countries have held or planned
to hold more Euros in the place of the US dollars in their currency
reserves. As of December 2006, the Euro has surpassed the US dollar in
terms of combined value of cash in circulation. The possibility for the
Euro to become the first international reserve currency in the near future is
now gaining wide attention, suggesting the importance of better under-
standing the behavior of Euro-based exchange rates. To some extent,
Euro-based exchange rates could behave differently from dollar-based
exchange rates, due to the differences in principal policy objectives,
institutional constraints, and implementation practices between European
Central Bank (or its predecessor the Bundesbank) and the US Federal
Reserve (see, e.g., Wang et al., 2007).

has been little explored in the exchange rate literature, with
the noticeable exception of Hong and Lee (2003). As dis-
cussed more thoroughly in Hong and Chung (2003), the
direction of changes in economic variables may be a rea-
sonable proxy for a utility-based measure of forecasting
performance. Particularly from a perspective of decision-
making under uncertainty, there exist important circum-
stances under which the direction-of-change criterion is
exactly the right one for maximizing the economic welfare
(e.g., profit) of the forecaster (Leitch and Tanner, 1991).
Directional predictability in asset returns also has impor-
tant implications for market timing and the resulting active
asset allocation management, as asset managers may focus
on the direction of excess returns rather than the magni-
tude to make buy/sell decisions (e.g., Merton, 1981; Abh-
yankar et al., 2005). Indeed, in practice most commonly-
used technical trading rules in financial markets are based
on the prediction of the direction of asset returns.

Third, and last, model comparisons in this study are
improved relative to previous exchange rate studies by
using White’s (2000) novel test to address the concern of
data snooping (i.e., spuriously superior predicative ability
of some complex models due to chance).

2. Literature review

Numerous studies have examined the hypothesis that
exchange rate changes follow a martingale (or the related
concept of random walk). As observed by Liu and He
(1991), this hypothesis has two important implications: a
unit root and uncorrelated increments. Because unit root
tests cannot detect some departures from a martingale
and the possibility of autocorrelation has interesting impli-
cations with respect to alternative exchange rate models
(Liu and He, 1991), most recent studies emphasize the anal-
ysis of uncorrelated increments using the variance ratio
test. Among these studies, Liu and He (1991) find evidence
against the random walk hypothesis for five weekly bilat-
eral exchange rates. Similarly, Ajayi and Karemera (1996)
find that the random walk hypothesis does not hold well
for daily or weekly exchange rate changes in eight Asian-
Pacific economies. Anthony and MacDonald (1999) report
mixed evidence against the random walk hypothesis for
many daily bilateral exchange rates in the European Mon-
etary System. By contrast, based on 27 years of data, Yil-
maz (2003) finds that daily exchange rates for seven
major currencies follow a martingale most of time, with
the exception of periods marked by coordinated central
bank interventions. Most of these studies focus on US dol-
lar-based exchange rates. Unlike these studies, Belairie-
Franch and Opong (2005) report evidence in favor of the
martingale hypothesis for 10 Euro exchange rates (exclud-
ing the Canadian dollar and Singapore dollar). Relevant to
the present study, studies using the variance ratio test only
provide in-sample evidence, which is not as meaningful to
practitioners as out-of-sample evidence. Moreover, most
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Table 1
The summary of models

Name Models for E(Y,|I,_,) and sign[E(Y,|I,_;)]

Benchmark EY |, )=u

AR(d) E(Y/|I 1) = Bo+ S B Y 1)

PN(d, m) E(Y |I-1) = o0 + Y0 S0y Yi

NN(d, q) E(Y(|li1) = Py + Z;'J:Iﬁthi/ + >0 ,0:G(yo; + Z_‘/‘J:I}V;/[Yt*j)a G(z) = (1 + 672)71
FC(d, L) E(Y 1) = a(Uy) + 30, 0,(U,)Y, - where Uy = ¥,y — L7'S00 Yo;
NP(k,m) E(Y|l, 1) =g(Y,-1.Y:2)

Combined (1-4)
Combined (1-6)
MATTR(L)
Buy-and-Hold

Combined forecast of AR(2), PN(2,4), NN(2,5) and FC(2,50)

Combined forecast of AR(2), PN(2,4), NN(2,5), FC(2,50), and two NP models
sign[E(Y,|I,_1)] = sign(U,) where U, = Y,; —L’]Z/L.ZlYt,j

sign[E(Y/|I,_1)]=1

Notes: The benchmark model is the martingale model. AR(d) is the autoregression model. PN(d,m) is the polynomial regression model. NN(d, g) is the
neutral network model. FC is the functional coefficient model of Cai et al. (2000). NP is the nonparametric model estimated by the kernel estimation
approach. For NP(k,m) models the smoothing parameter / is used in nonparametric estimation for minimizing k period out-of-sample forecast, and m is

the regression length used to find 4 and make forecasts.

previous studies do not investigate potential nonlinearity-
in-mean with respect to exchange rates.

The nonlinearity in the higher moments of exchange
rates is well established in the literature. Hsich (1989,
1993) argues that most nonlinearity of daily exchange
rates arises due to time-varying volatility, which may
not imply nonlinear predictability in mean (unless there
are significant ARCH-in-mean effects). The possible exis-
tence of nonlinearity-in-mean has received increasing
attention due to the growing interest in forecasting
exchange rate changes using sophisticated nonlinear tech-
niques. Artificial neural networks are used in Kuan and
Liu (1995) and Gencay (1999), who report promising
results regarding exchange rate forecasts. Kuan and Liu
(1995) find substantially lower mean squared forecast
errors (MSFEs) than the martingale model for several
major exchange rates. Gencay (1999) also documents that
simple technical trading rules generated from applying
neural networks yield a lower mean squared forecast error
(MSFE) than the martingale model for five major
exchange rates. By contrast, a nonparametric regression
technique (i.e., nearest neighbors regression) has been
applied by Diebold and Nason (1990), Meese and Rose
(1990), Hsieh (1993), and Gencay (1999) with mixed
results. For example, while Gencay (1999) reports some
positive evidence, Diebold and Nason (1990), Meese and
Rose (1990), and Hsieh (1993) find little improvement in
out-of-sample forecasts for many major dollar exchange
rates. Finally, while no formal forecasting attempt is pro-
vided, a state-dependent nonlinear model such as thresh-
old autoregression is considered in Hsieh (1989) and
Clements and Smith (2001). They find little evidence for
the nonlinearity-in-mean in terms of traditional statistical
criteria. In the present study, in order to compare findings
to previous studies, some variants of all three popular
nonlinear models will be used in the analyses below.’

3 Some studies (Neely et al., 1997; Neely, 2002) also employ the genetic
algorithm to forecast dollar-based exchange rates and report positive
evidence based on trading rule profits.

3. Econometric methodology

To forecast exchange rate changes we use various mod-
els for E(Y,I,_;), where Y, represents exchange rate
changes (i.c., the first difference of exchange rates in loga-
rithm), and I,_, ={Y,_y, Y;_»,...} is the information set
available at time 7 — 1. As Y, might not be a martingale dif-
ference process, and its conditional mean E(Y;|/,_;) can be
time-varying in a complicated form, we will apply various
nonlinear parametric and nonparametric models (in addi-
tion to the basic linear parametric model).

We use the martingale model as a benchmark for com-
parison of other models. Table 1 lists the various models
that we comparatively examine, including the autoregres-
sive model (AR(d)), autoregressive polynomial model
(PN(d,m)), feedforward artificial neural network
(NN(d, q)), functional coefficient model (FC(d,L)), non-
parametric regression model (NP(k,m)), and some com-
bined models shown there. Additionally, we include two
trading rules to compare the direction-of-change fore-
casts: (1) the moving average trading rule (MATTR)
and (2) Buy-and-Hold. Since the estimation of AR(d)
and PN(d,m) is relatively simple using the ordinary least
squares method, we next briefly discuss how to implement
more complicated econometric tools used in this study
(i.e., neural network, functional coefficient and nonpara-
metric models).

3.1. The feedforward artificial neural network

Artificial neural networks have proven to be useful in
capturing nonlinearity-in-mean for forecasting financial
time series. One of the greatest advantages of neural net-
works over other commonly-used nonlinear time series
models is that a class of multilayer neural networks can
well approximate a large class of functions. Instead of
using a specific nonlinear function between inputs and
output for common nonlinear models, the basic structure
of neural networks combines many ‘basic’ nonlinear
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functions via a multilayer structure. Normally there is one
intermediate, or hidden, layer between the inputs and out-
put. The intuition is that the explanatory variables simul-
taneously activate the units in the intermediate layer
through some function ¥ and, subsequently, output is
produced through some function ¢ from the units in
the intermediate layer. The following equations summa-
rize this approach:

hi‘t:'}I(,yiO—’—Z'y[ij,t) i:l,...,q, (1)
j=1

q
Y=o B+ > B |, (2)

i=1

where X, is the input or an independent variable, 4, , is the
node or hidden unit in the intermediate or hidden layer,
and Y, is the output or dependent variable. In this study
the independent variable X;, coincides with the lagged
dependent variable Y,_; The functions ¥ and & can be
arbitrarily chosen and still approximate a large class of
functions given sufficiently large numbers of units in the
intermediate layer.

In this study we use single layer feedforward neural
networks, which is the most basic but perhaps most
widely-used neural network in economic and financial
applications. In this case the input variables are connected
to multiple nodes (or hidden units), and at each node they
are weighted (differently) and transformed by the same
activation function ¥. The output of each node is then
weighted again by f; and summed and transformed by a
second activation function @.

Following Kuan and Liu (1995), Gencay (1999) and
Campbell et al. (1997), we chose the logistic function for
the function ¥ and the identity function for the function
&, which is common practice in the literature. The use of
the logistic function for the function ¥ is appealing due
to its threshold behavior that characterizes many types of
(nonlinear) economic responses, and its shape reflects a
form of learning behavior. By contrast, the use of the pop-
ular Gaussian function for the function ¥ allows for little
or no response when the input variables take extreme val-
ues, whereas the logistic function would show some
response. Also, as discussed in Gencay (1999) and Camp-
bell et al. (1997), the use of the identity function for the
function @ does not necessarily have any major impact
on empirical results due to the universal approximation
property of neural networks. Coeflicients for the NN(d, ¢)
model are estimated using nonlinear least squares via the
Newton—Raphson algorithm. The final equation we will
estimate is as follows:

d q d
E(Ylli-1) = B+ Zﬁjyt—j + ZéiG<V0i + ZVﬁYt—j>7
j=1 i=1 J=1
(3)

where G(z) = (1 + e )" and is a function of ¥.

3.2. The functional coefficient model

The functional coefficient model introduced by Cai et al.
(2000) is a new nonlinear time series model with time-vary-
ing and state-dependent coefficients. It includes threshold
autoregression models, smooth transition regression, and
many other regime switching models as special cases. The
basic model can be expressed as follows:

E(Y|li-1) = o(U,) + Zo‘j(Ut)Yr—jv 4)

where {(Y,, U,)'} is a stationary process, and Y, and U, are
scalar variables. It is important to choose an appropriate
smoothing variable U,. U, may be chosen as a function of
explanatory variable vector Y,_; or as a function of other
variables. In our forecasts of exchange rates using past re-
turns, U, should be a certain combination of the lagged inde-
pendent variables. There are several specific ways to choose
U,. Here we chose U, as the difference between the exchange
rate (p) at time ¢ — 1 and the moving average of the most re-
cent L periods of exchange rates at time  — 1, or

L
U=p1— L Zpt—j' (5)
=
Following Gencay (1999), we chose L = 50 and 200. We
only report the results for L =150, as the results for
L =200 are similar. Traders often use U, as a buy or sell
signal based on its sign, which reveals information on
changes in direction. Thus, this model might be well suited
to forecasting the direction of foreign exchange rate
movements.

Following Cai et al. (2000), we estimate the term
{a(U,)} nonparametrically using a local linear estimator.
We approximate afU,) locally (when U; is close to u) by
a{U,) = a;+ b{U, — u). The local linear estimator at point
uis a;(u) = a;, and {(a;,b;)} are chosen by minimizing the
sum of locally weighted squares defined as

N

> Y= a; = by(Us = w)Ki(U; — ), (6)

t=1

where K,(*) is the kernel function used as weights for points
that are included to estimate {(a;,b;)}. We use the normal
distribution as the kernel function, and % is the smoothing
parameter or the bandwidth of the window of the kernel
function, which is determined by the modified leave-one-
out least square cross-validation method proposed in Cai
et al. (2000). Note that the choice of the kernel function
has little effect, while / is the most important factor in a
nonparametric regression model (and it will converge to
zero as n approaches infinity).

3.3. The nonparametric kernel regression model

Because nonlinearities in the conditional mean may be
very complicated and cannot be expressed explicitly, it is
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desirable to use the nonparametric regression to estimate
the model without specifying the forms of functions. In
general, a nonparametric regression model can be generally
expressed as

E(Yt|lt71):g(Yr717Y1727"'aYt7j)' (7)

As mentioned above with respect to the nonparametric
estimator of a{U,) in the functional coefficient model, g(-)
can be estimated by local linear regression. At each point
Ve={Vi—1:Yi—2,...,Yi—j}, We can approximate g(-) locally
by a linear function g(Y)=a+ (Y — y)’b. We can also
approximate g(y) locally simply by a constant function
g(Y) =a((i.e., the local constant estimator), which is the ap-
proach taken here. The local constant estimator is rela-
tively simple to implement and has been widely used in
applied research. Compared to other estimators, it has also
drawn the most theoretical attention and thus has clear the-
oretical properties for estimation and inference of nonpara-
metric models. The local constant estimator at point y is
given by g(y) = a, where @ minimizes the sum of local
weighted squares:

N J

Z[Yt - a}Z HKhS(thS - yt—s)a (8)

t=1 s=1

where []/_,Ku(Y,_s — v, ,) is the product kernel, Kj,(") is
the univariate kernel function, and & = (h,. .., h)) is chosen
by the leave-one-out cross-validation procedure. Note that
the asymptotic result for cross-validation is the same for
weakly dependent data in the time-series context as for
i.i.d. data in the cross-sectional context (see e.g., Li and Ra-
cine, 2007). As already noted, the smoothing parameter / is
the most important parameter in nonparametric estima-
tion. An inappropriately chosen / will give poor in-sample
and out-of-sample prediction. Traditional nonparametric
forecasting uses the /4 that minimizes the in-sample sum
of squared errors to forecast the next-period value based
on previous in-sample data. However, while this/ is opti-
mal for all in-sample data, it may not be the best /4 for
out-of-sample forecasting. Consequently, we use a modi-
fied method to select the smoothing parameter.*

Our modified approach consists of finding the best / for
out-of-sample forecasting and making forecasts based on
this #*. For example, suppose that we have data points of
X1—X100, and that we want to forecast x;o;. The traditional
approach is to find the best /# to minimize the 100 data
points’ in-sample sum of squared errors (based on x;—
X100) and then use this /" and these data points (i.e., x;—
X100) to forecast xjo;. We propose the following modified
nonparametric forecasting methodology. We use 4" and
data points of x;—xg to forecast xg;, data points from x,
to xg; are used to forecast xg,,..., and data points from
X120 tO Xgg are used to forecast x;oo. We find the /4™ that min-
imizes the sum of squared errors of out-of-sample forecast
of points xg;—x0 and then use this 4™ and data points x,;—

4 We thank Qi Li for making this suggestion.

X100 to make our final forecast of x;¢;. In this procedure we
have two parameters to establish: (1) the out-of-sample
evaluation length k is set equal to 20 (X5;—%¢0) in the exam-
ple, and (2) the regression length m is set equal to 80 in the
example. Hence, we denote the model as NP(k,m), where
the parameters (k,m) are crucial to the forecasting perfor-
mance of this modified nonparametric regression model.
Different exchange rate changes series might have different
time series properties. For a more (less) volatile time series,
a shorter (longer) evaluation length (m) may be better and
vise versa. We thus chose two different evaluation lengths.
Although different combinations could affect the estima-
tion results for a particular time series, it appears that its
impact is not substantial in this study. Below we also report
the results for different combinations of parameters (k,m)
to serve different needs. As shown in the tables, different
combinations NP(25,500) and NP(125,400) yield largely
similar results across the currencies.

3.4. Forecast combination

It has also been argued that no single forecasting model
performs well for all time periods and under all different cri-
teria, as the pattern of exchange rate changes can vary over
time and may not follow a simple data generating process. In
order to improve the predictability, we follow Yang (2004)
and pool forecasts from the AR, PN, NN, FC, and two
NP models to forecast the conditional means of exchange
rate changes. These six models are denoted as models
1,...,6, respectively. The combined model is given by:

6

Y:F Ez:wkrylm (9)
k=1

where the weight wy, is determined as follows:

exp |4 (Y, — Ti)’]

S rexp [~A (Y - Ta)?]

with 2, = 1/(25%), S? is the sample variance of { Y;}, s runs
from 1 to ¢ — 1, and Yy, is the out-of-sample prediction by
model k. Intuitively, oy, gives higher weight to the model k
if the prediction for model k is better than other models in
previous forecasting exercises as measured by the mean
squared forecast error (MSFE) criterion.

Finally, because several forecasting models using the
same data are compared, it is important to take into
account potential dependence among the models. Other-
wise, inferences could be misleading due to data snooping.
In this study we use White’s (2000) novel test for out-of-
sample multiple model comparisons that takes into account
data-snooping bias.

Wy =

(10)

4. Data and empirical results

Our data consist of the daily Euro exchange rates for the
Australian dollar, British pound, Canadian dollar,
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Japanese yen, Singapore dollar, Swiss franc and US dollar,
which include all the important Euro-based exchange rates
that are classified as “‘independently floating” by the Inter-
national Monetary Fund. The data span the seven-year
period from January 4, 1999 to September 30, 2005, as
compiled by the European Central Bank and obtained
from Datastream. The use of daily data is consistent with
most previous studies. The short history of the Euro pre-
vents us from examining alternative frequencies (e.g.,
monthly) due to the lack of sufficient observations to con-
duct out-of-sample tests for most of the nonlinear models.

We use basic rolling techniques to make out-of-sample
forecasts. Suppose that there are N observations in total,
where N =R+ P, and P is the number of out-of-sample
forecasts. The basic rolling technique uses observations 1
to R (time period 1 to time period R) to forecast period
R+ 1, which we can denote P;. Then we use observations
2 to R+ 1 to forecast R+ 2, or P,. We eventually obtainP
out-of-sample forecasts. Based on these out-of-sample
forecasts, we apply four forecasting evaluation criteria:
(1) the mean squared forecast error (MSFE), (2) the mean
absolute forecast error (MAFE), (3) the mean forecast
trading return (MFTR) defined as MFTR = P!
Zf;,;sign(f’,ﬂ)Ym, where sign(-) denotes sign(?lﬂ) =1
if Y01 >0 and sign(Y,,) = —1if Y.y < 0, and (4) the
mean correct forecast direction (MCFD) defined as
MCFD = P’IZ::;l[sign(/ftﬂ)sign(YM) > 0], with sign(-)
defined as above. Since exchange rate changes can be large
at times, forecast errors can be volatile from period to per-
iod. For this reason the statistical accuracy of forecasts (as
measured by the smallness of MSFE and MSAE) does not
necessarily imply economic accuracy in the sense of maxi-
mizing investor profits. Since investors are most interested
in correctly forecasting large changes in exchange rates, it is
quite possible that wrong forecasts of large changes could
have smaller MSFEs than correct forecasts of large
changes. Hence, it is desirable in this case to compute eco-
nomic measures of forecast accuracy, such as MFTR and
MCFD (Neely et al., 1997; Gencay, 1999; Hong and Lee,
2003). In this regard, MFTR and MCFD are particularly
relevant to profit-maximizing investors. Also, closely fol-
lowing Fama (1991), we do not explicitly allow for transac-
tion costs in the evaluation of trading rule performance of
various models, as our main interest lies in predictability
rather than market efficiency.’

> We also follow Lee and Mathur (1996) to allow for transaction costs
(albeit in a very simplified manner) by assuming that transaction costs of
0.01% are paid each time a new position is established. As noted in
Cheung and Chinn (2001), since the late 1990s electronically-brokered
transactions have risen substantially, mostly at the expense of traditional
brokers, which should lead to greatly reduced transaction costs. The
statistically significant difference between the best forecasting models and
the martingale model largely remains after allowance for transaction costs.
More importantly, however, note that predictability in three-out-of-four
smaller currencies, as measured by the direction of changes, should not be
affected by this consideration of transaction costs.

Tables 2-8 report the out-of-sample forecast results for
the seven currencies under consideration. We should men-
tion that the results in these tables are generally robust with
respect to alternative d = 1 or L = 200 for applicable mod-
els. The tables provide the forecast results with R:P (regres-
sion length: total out-of-sample forecasts length) = 1:1,
while the results with R:P = 2:lare similar. The value of
P} is the bootstrap p-value for comparing a single model
with the martingale model (the benchmark model) using
White’s (2000) test. The value of Pic is the bootstrap real-
ity check p-value for comparing k& models with the martin-
gale model, where the null hypothesis is that the best of the
first £ models has no superior predictive power over the
martingale model. For example, for the Combined (1-4)
model in Table 2, the criteria MSFE has Py equal to
0.644 (i.c., the probability that the Combined (1-4) model
is not superior to the benchmark) and Pg. equal to 0.973
(i.e., the probability that the best of these models above
including the Combined (1-4) model are not superior to
the benchmark model). Note that the difference between
Py and the last Py provides some insight into potential
data-snooping bias.

Some explanations on each empirical model are in
order. The number of lags (2) in the model AR(2) is deter-
mined by the minimization of information criteria AIC and
SIC. For the model PN(2,4), the number of lags (2) and the
highest order of the exponential term (4) are selected by
having relatively more significant parameters and good
forecasting performance among preliminary regressions.
For model NN(2, 5) the number of lags (2) and the number
of nodes in the hidden layer (5) are chosen by relatively
good foresting performance based on preliminary estima-
tion. By “preliminary” we mean to use this combination
of parameters to run the estimations on several randomly
selected countries for certain periods, and this combination
yields at least moderate performance compared with other
combinations. However, there would not be any combina-
tion that always does better than others in all the situations
considered. For the model FC(2,50) 2 is the number of
lags, and 50 is the length of a moving average. Due to
the use of daily data, following the literature (e.g., Gencay,
1999), we chose a 50-day moving average. For the NP
models the second number (400 or 500) is the regression
length. Because the nonparametric estimation requires that
the number of observations used in the (in-sample) estima-
tion should be large enough, we somewhat arbitrarily chose
this number to be 400 and 500, which seem reasonably
large. In this regard, we show that the choice of 400 and
500 does not make substantial difference on our empirical
results. The first number for the NP models, or 25 and
125, represents the forecasting evaluation length.

Overall, Tables 2-8 indicate that (even without allow-
ance for data-snooping bias) none of the nonlinear mod-
els and their combinations can significantly outperform
the martingale (benchmark) model in terms of MSFE
and MAFE at nominal significance levels (1%, 5%, or
10%). The inability of the models to beat the benchmark
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Table 2
Forecast comparison results for the Australian dollar
k Model MSFE MAFE MFTR MCFD
MSFE Phe Pic MAFE Phc P} MFTR Phe P MCFD Phe Pic
0 Benchmark 0.0534 0.174 —0.004 0.478
1 AR(2) 0.0534 439 468 0.174 476 478 0.002 286 250 0.499 142 .149
2 PN(2,4) 0.0540 950 .666 0.176 750 .666 —0.008 .609 355 0.500 118 211
3 NN(2,5) 0.0543 914 .800 0.176 912 811 0.011 .074 .143 0.509 .066 .148
4 FC(2,50) 0.0553 988 929 0.178 999 925 —0.008 .627 .199 0.470 .653 197
5 NP(25,500) 0.0555 .960 .966 0.177 982 .960 0.010 .081 .248 0.520 .025 .109
6 NP(125,400) 0.0537 .671 972 0.173 228 783 0.021 011 .039 0.552 .000 .001
7 Combined (1-4) 0.0535 .644 973 0.174 484 184 0.006 133 .042 0.515 .026 .001
8 Combined (1-6) 0.0537 .687 973 0.174 419 786 0.012 .041 .043 0.529 .004 .001
9 MATTR(50) —0.007 .600 .057 0.485 374 .003
10 Buy-and-Hold —0.003 465 .058 0.460 .805 .003

Notes: (1) The data are daily data from January 4, 1999 to September 30, 2005. R and P observations ((R, P) = (854,854)) are used for regression and
predication, respectively. (2) Pk is the bootstrap p-value for comparing a single model with the martingale model (the benchmark model) using White’s
(2000) test with 1000 bootstrap replications and a bootstrap smoothing parameter ¢ = 0.75. The value of P2RC is the bootstrap reality check p-value for
comparing k models with the martingale model, where the null hypothesis is that the best of the first £ models has no superior predictive power over the
martingale model. (3) AR, PN, NN, FC, NP are various models under considerations. See the notes to Table 1 also. The smaller MSFE and MAFE or the
larger MFTR and MCFD, the better predictive ability of a model.

Table 3

Forecast comparison results for the Canadian dollar

k Model MSFE MAFE MFTR MCFD

MSFE Phe P} MAFE Pie P3¢ MFTR Phe P} MCFD Phe P}

0 Benchmark 0.0625 0.194 —0.012 0.459
1 AR(2) 0.0629 .879 .865 0.194 742 702 —0.004 221 221 0.481 118 .105
2 PN(2,4) 0.0631 953 .941 0.195 951 817 —0.001 .148 204 0.489 .049 .098
3 NN(2,5) 0.0633 922 972 0.195 910 923 —0.004 227 279 0.481 135 .140
4 FC(2,50) 0.0657 992 .989 0.198 .994 978 —0.008 358 110 0.464 406 .005
5 NP(25,500) 0.0654 .994 995 0.198 .996 .990 —0.000 .143 141 0.498 .028 .006
6 NP(125,400) 0.0633 .879 998 0.195 784 992 0.005 .045 147 0.498 .022 .007
7 Combined (1-4) 0.0628 170 .997 0.195 812 993 —0.006 315 152 0.475 .200 .007
8 Combined (1-6) 0.0629 765 997 0.195 811 993 —0.010 449 154 0.474 .188 .007
9 MATTR(50) —0.009 434 197 0.463 460 .024

10 Buy-and-Hold —0.003 .080 197 0.468 .180 .024

Notes: See the notes to Table 2.

Table 4

Forecast comparison results for the Japanese yen

k Model MSFE MAFE MFTR MCFD

MSFE Phe Pi. MAFE Phe Pi. MFTR Phe Pic MCFD Phe P

0 Benchmark 0.0566 0.183 0.003 0.499
1 AR(2) 0.0569 .892 .906 0.184 934 .946 0.002 .579 574 0.482 .821 .835
2 PN(2,4) 0.0567 .627 818 0.183 497 743 0.007 .320 424 0.517 163 213
3 NN(2,5) 0.0575 919 931 0.184 .647 .900 —0.010 .649 .558 0.499 A75 .294
4 FC(2,50) 0.0577 .924 976 0.184 793 959 —0.002 725 .666 0.473 911 400
5 NP(25,500) 0.0598 979 991 0.186 930 .986 0.009 274 .659 0.525 119 307
6 NP(125,400) 0.0584 .998 .994 0.186 992 992 —0.001 .634 .698 0.486 726 333
7 Combined (1-4) 0.0569 .810 .994 0.183 .565 992 0.003 499 704 0.508 297 342
8 Combined (1-6) 0.0569 759 .994 0.183 .343 957 0.008 257 707 0.522 .093 .345
9 MATTR(50) —0.014 939 757 0.471 .888 .396

10 Buy-and-Hold 0.007 167 761 0.519 .042 .396

Notes: See the notes to Table 2.

martingale model in terms of statistical criteria is consis-
tent with many previous studies (e.g., Clements and
Smith, 2001). However, our results might be somewhat

weaker than those reported by Hong and Lee (2003),
who document some evidence for significantly improving
forecasting performance in terms of MSFE and MAFE
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Table 5
Forecast comparison results for the British pound
k Model MSFE MAFE MFTR MCFD
MSFE Phc Pic MAFE Phe Pic MFTR Phc Pic MCFD Phe Pic
0 Benchmark 0.0276 0.130 0.003 0.486
1 AR(2) 0.0276 428 405 0.130 .829 .814 0.000 .661 .644 0.468 .801 .802
2 PN(2,4) 0.0277 .656 572 0.130 .632 .836 0.003 481 .630 0.486 483 .659
3 NN(2,5) 0.0281 958 .806 0.131 988 970 —0.002 758 744 0.488 433 7129
4 FC(2,50) 0.0280 .887 945 0.131 959 984 0.005 .329 .674 0.484 .502 796
5 NP(25,500) 0.0287 997 .969 0.133 999 .996 0.001 .576 748 0.472 710 .835
6 NP(125,400) 0.0281 .986 974 0.132 .995 .998 —0.008 919 768 0.459 .869 .851
7 Combined (1-4) 0.0277 182 976 0.130 .848 .998 0.003 512 71 0.475 716 .855
8 Combined (1-6) 0.0277 751 976 0.130 .846 .998 0.002 .570 774 0.470 790 .859
9 MATTR(50) —0.006 .868 .821 0.466 776 .857
10 Buy-and-Hold 0.002 .532 .842 0.481 .626 .879
Notes: See the notes to Table 2.
Table 6
Forecast comparison results for the US dollar
k Model MSFE MAFE MFTR MCFD
MSFE Pkc Pic MAFE Pke P2 MFTR Pkc P2 MCFD Phe Pic
0 Benchmark 0.0705 0.204 —0.001 0.498
1 AR(2) 0.0709 .871 .889 0.204 721 712 —0.004 .648 .654 0.487 147 751
2 PN(2,4) 0.0714 .986 928 0.205 .980 817 —0.007 7169 763 0.481 .865 .850
3 NN(2,5) 0.0720 976 973 0.205 .950 922 0.007 .166 .333 0.511 .220 .383
4 FC(2,50) 0.0712 .857 992 0.205 .831 967 0.015 .054 162 0.514 185 .260
5 NP(25,500) 0.0724 986 .996 0.208 996 .993 0.009 .104 .202 0.504 .329 319
6 NP(125,400) 0.0714 935 .996 0.205 .904 .996 0.000 437 217 0.509 234 .347
7 Combined (1-4) 0.0713 987 .996 0.205 .883 .996 —0.005 .627 221 0.486 765 352
8 Combined (1-6) 0.0713 .980 .996 0.205 .920 .996 0.001 .395 222 0.593 .630 .355
9 MATTR(50) 0.010 185 316 0.487 .665 445
10 Buy-and-Hold 0.011 .075 317 0.519 .054 451
Notes: See the notes to Table 2.
Table 7
Forecast comparison results for the Swiss franc
k Model MSFE MAFE MFTR MCFD
MSFE Pkc Pic MAFE Pke P2 MFTR Pkc P2 MCFD Phe Pic
0 Benchmark 0.0081 0.069 —0.005 0.466
1 AR(2) 0.0081 201 .199 0.069 .554 .558 0.006 .006 .005 0.500 .049 .050
2 PN(2,4) 0.0082 753 .383 0.070 918 671 0.008 .000 .000 0.499 .057 .071
3 NN(2,5) 0.0085 998 617 0.071 999 .886 —0.001 178 .001 0.463 .563 115
4 FC(2,50) 0.0087 979 798 0.071 994 941 0.004 .013 .001 0.491 123 161
5 NP(50,200) 0.0087 973 921 0.072 .998 964 0.000 .088 .001 0.457 .654 .024
6 NP(100,800) 0.0082 .827 926 0.069 .834 976 0.002 .060 .003 0.500 .052 .026
7 Combined (1-4) 0.0081 422 .926 0.069 .672 976 0.006 .003 .003 0.496 .074 .029
8 Combined (1-6) 0.0081 410 926 0.069 125 976 0.006 .008 .003 0.493 .096 .030
9 MATTR(50) —0.003 .382 .009 0.467 471 .043
10 Buy-and-Hold 0.003 .048 .013 0.508 .046 .047

Notes: See the notes to Table 2.

over the benchmark for (at least) four-out-of-five major
currencies (without allowance for data-snooping bias).
This difference in results is likely attributable to other dif-
ferences, including the use of weekly data rather than
daily data, US dollar base currency rather than the Euro,
and different sample periods. Another difference is that,
unlike their study, we test combined models but find that

they do not necessarily outperform all single models (AR,
PN, NN, FC, and NP).

Interestingly, like Hong and Lee (2003), we find that
many models can outperform the martingale model in
terms of MFTR and MCFD. The evidence sheds more
light on whether exchange rates follow a martingale. As
shown in Table 2 for the Australian dollar, the NN and
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Table 8

Forecast comparison results for the Singapore dollar

k Model MSFE MAFE MFTR MCFD

MSFE Phe Pic MAFE Phc P} MFTR Phe P MCFD Phe Pic

0 Benchmark 0.0455 0.162 0.002 0.501
1 AR(2) 0.0459 .816 791 0.164 953 933 0.005 331 329 0.493 .669 .675
2 PN(2,4) 0.0459 .899 907 0.164 959 966 0.006 282 .386 0.493 .692 .789
3 NN(2,5) 0.0458 759 949 0.164 .909 .988 0.016 .022 .070 0.522 112 272
4 FC(2,50) 0.0476 988 971 0.167 995 .994 0.002 .501 138 0.480 .836 .349
5 NP(25,500) 0.0480 999 995 0.168 999 .999 0.006 282 173 0.507 357 406
6 NP(125,400) 0.0463 978 997 0.164 966 999 0.004 409 183 0.485 818 439
7 Combined (1-4) 0.0458 .850 997 0.163 925 999 0.005 .289 .186 0.507 .350 446
8 Combined (1-6) 0.0458 875 997 0.163 950 999 0.007 192 186 0.514 .186 447
9 MATTR(50) 0.004 453 258 0.483 784 .538

10 Buy-and-Hold 0.008 115 258 0.507 275 541

Notes: See the notes to Table 2.

the two NP models (as a single model) outperform the
benchmark in terms of both MFTR and MCFD at the
10% significance level, and one NP model (model 6) out-
performs the benchmark at the 5% or 1% significance lev-
els. The importance of testing the NP models is further
demonstrated by the fact that the forecast combination
without NP models, or Combined (1-4), does not improve
the forecast performance significantly at any nominal sig-
nificance level (i.e., p-value =0.133), while the forecast
combination with NP models, or Combined (1-6), does
so at the 5% level. Further, the NP model (model 6) yields
the highest trading return (i.e., 0.021% per trading day or
equivalently 5.27% per year with 251 trading days during
the out-of-sample period) and highest frequency to cor-
rectly predict the direction of exchange rate changes (i.e.,
55%), which even surpasses the combined model with the
NP models. As shown under the column Py, allowing
potential data snooping bias does not alter this inference,
which suggests that this finding is fairly robust. Also, it is
noteworthy that the MATTR model does not outperform
better than the Buy-and-Hold model.

For the Canadian dollar in Table 3, only one NP model
(model 6) yields significantly improved forecast perfor-
mance in terms of MFTR at the 5% level. Nevertheless,
trading returns (i.e., 0.005% per trading day) are clearly
smaller compared to the Australian dollar. By contrast,
in terms of MCFD, only the two NP models at the 1%
level, in addition to the PN model at the 5% level, can bet-
ter predict the direction of changes than the benchmark.
Again, it is the NP models that yield the highest frequency
to correctly predict the direction of exchange rate changes
(i.e., 50%). These findings are robust to potential data-
snooping bias. Neither of the two combined models can
improve the forecast performance significantly at any nom-
inal significance level. Lastly, there is no evidence for supe-
riority of the MATTR model.

For the Swiss franc in Table 7, all models except NN
outperform the benchmark in terms of MFTR at the
10% significance level. Also, the AR and PN models, as
well as one NP model, outperform the benchmark in terms

of MCFD at the 10% significance level. Hence, the Swiss
franc exchange rate is among the easiest to predict among
the seven currencies under consideration. Here we see that
the NP models do not perform the best, albeit significantly
better than the benchmark. Instead, the PN model is the
best model and yields the highest trading return (i.e.,
0.008% per trading day) and a relatively high frequency
to correctly predict the direction of exchange rate changes
(i.e., 50%). In these respects the simple AR model per-
formed almost as well as the PN model. Furthermore,
the MATTR model again performs worse than the Buy-
and-Hold model.

Lastly, for the Singapore dollar in Table 8, no model can
outperform the benchmark in terms of either MFTR or
MCFD, with the exception of the NN model with higher
trading return than the benchmark at the 5% level (i.e.,
p-value = 0.022). Nevertheless, this result is generally not
very robust to potential data snooping bias. Hence, the pre-
dictability might not be as strong as the other smaller
currencies.

As for the three most important Euro exchange rates
with the Japanese yen, British pound, and US dollar,
Tables 4-6 show that no model can outperform the bench-
mark across different forecasting criteria. An apparent
exception might be the FC model for the US dollar in Table
6 (with p-value = 0.05 for Py.), but it does not hold after
allowance for potential data-snooping bias. Hence, there
is significant (daily) predictability in terms of either MFTR
or MCFD (or both) for the three (and possibly four) smal-
ler currencies but not for any of the three major currencies.
It is noteworthy that, although the modified nonparametric
regression models do not improve forecasting performance
in terms of MSFE and MAFE, they do the best in terms of
MFTR and MCFD for two-out-of-four currencies in which
predictability is found to be significant. This result agrees
with Clements and Smith (2001), who argue that forecast
evaluation based on traditional measures such as MSFE
may mask the superiority of the nonlinear models.

As a robustness check, we also conducted the analysis
based on the alternative ratio R:P=2:1. The results
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(available on request) indicate predictability for two smal-
ler currencies (i.e., Australian dollar and Canadian dollar)
but not for two other smaller currencies (i.e., Singaporean
dollar and Swiss franc). Again, we find no evidence for pre-
dictability for the three large currencies (i.e., US dollar,
Japanese yen, British pound). Overall, the results remain
qualitatively similar.

We also repeated these analyses using weekly data as an
additional robustness check. The results based on
R:P = 2:1 (available on request) are discussed here. Due
to much smaller sample size using weekly data, this R:P
ratio seems to be preferred over alternative ratios in bal-
ancing in-sample estimation efficiency of several nonpara-
metric models and power of the out-of-sample forecast
evaluation tests. As might be expected, significant predict-
ability particularly as measured by an economic criterion
(i.e., MCFD) remains for the two smaller currencies (i.e.,
Australia dollar, Canadian dollar) (and perhaps Singapore
dollar) but not for the Swiss franc. Likewise, the results for
two-out-of-three major currencies (British pound and Jap-
anese yen) are qualitatively unchanged. Surprisingly, we
also find new evidence for predictability of the US dollar
as measured by MCFD, which is not detected earlier at
daily frequency. Some differences between daily and weekly
results suggest that different (fundamental or non-funda-
mental) factors (to be discussed below) could play impor-
tant roles for exchange rate dynamics at different
frequencies.®

It should also be noted that exchange rate forecasts are
typically based on two types of models: technical trading
models or fundamentals-based models. Here we employ
technical trading models, which use the past history of
exchange rates to predict future movements (e.g., Cheung
and Chinn, 2001).” As a theoretically appealing alternative,
fundamentals-based models are based on the notion that
macroeconomic fundamentals (including real economic
activity and monetary fundamentals) can explain and pre-
dict exchange rate movements.® Unfortunately, previous
research studies have not been able to establish that
exchange rate forecasts obtained using fundamentals are

® For example, the effect of central bank intervention or the effect of
macroeconomic news on exchange rates could last for more than a day but
diminish within a week, which would explain daily predictability and
weekly unpredictability (see, e.g., Yilmaz, 2003; Ehrmann and Fratzscher,
2005).

7 As discussed in Evans and Lyons (2005), the existing literature
typically focuses on longer-horizon forecasting. Micro-based forecasting
focuses on horizons from one day to one month, with overlap between
micro and macro analysis of exchange rates at the one-month horizon.
Hence, our study encompasses micro-based forecasting to some extent.

8 The exchange rate predictability is important in itself, regardless of its
implication for market (in)efficiency. The predictability as a result of
market inefficiency clearly shows the promise of arbitrage or speculation
opportunities in foreign exchange markets. Even if such predictability
results from predictable time variations in fundamental risk factors and
does not imply any market inefficiency, it still carries significant economic
value in asset allocation decisions. It can affect the choice between
domestic and foreign assets and optimal weights to the foreign assets (see,
e.g., Abhyankar et al., 2005).

better than forecasts from a naive martingale model, par-
ticularly at the short- and medium-term horizons (Meese
and Rogoff, 1983; Andersen et al., 2003; Abhyankar
et al., 2005; Ehrmann and Fratzscher, 2005).

By contrast, a few recent studies (e.g., Andersen et al.,
2003) have documented some success in forecasting several
US dollar-based exchange rates with news about macro-
economic fundamentals using high frequency data. Never-
theless, intraday effects are generally very short-lived and
often disappear within minutes, casting some doubt on
their ability to explain overall exchange rate movements
at daily or lower frequencies. Ehrmann and Fratzscher
(2005) further show that macroeconomic news in the US
and the Euro area (and Germany) can have somewhat
longer-lived effects and explain much of the monthly direc-
tional changes but not magnitude of the US dollar/Euro
(US dollar/DM) exchange rate. Their evidence is consistent
with the use of direction of changes in the present study. In
this regard, both Andersen et al. (2003) and Ehrmann and
Fratzscher (2005) find the presence of asymmetries in
exchange rate responses to fundamentals, which favors
the use of nonlinear models applied here. In sum, our find-
ing of predictability based on technical trading models
could be driven by macroeconomic fundamentals, which
is not surprising if there exist longer-lived effects of macro-
economic news beyond the daily horizon (especially for
smaller currencies).

There are several other explanations for predictability
in exchange rates also. For example, Liu and He (1991)
argue that the autocorrelations of several dollar-based
exchange rates may be consistent with an exchange rate
overshooting or undershooting phenomenon. Another
explanation for (short-horizon) predictability in (daily or
weekly) exchange rates is central bank intervention. How-
ever, the empirical evidence is mixed in the regard. Both
Yilmaz (2003) and Szakmary and Mathur (1997) docu-
ment that several major US dollar-based exchange rates
deviate from the martingale property and produce profit-
able trading returns during times of coordinated central
bank interventions. On the other hand, Neely (2002) pro-
vides evidence that central bank intervention does not
generate technical trading profits in several major US dol-
lar-based exchange rates. Lee and Mathur (1996) also
show that central bank intervention does not produce dif-
ferent results on trading rule profits for European cur-
rency cross-rates.

Despite mixed evidence on other exchange rates, it
remains possible that the detected predictability in some
Euro-based exchange rates (particularly those on smaller
currencies) in this study may be related to central bank
intervention. It is important to note that some central
banks may not be involved in all policy interventions,
and central bank market interventions cannot be expected
to affect all bilateral exchange rates (Yilmaz, 2003). Fur-
ther, although the huge daily turnover in the world’s for-
eign exchange markets would tend to dwarf any attempts
by central banks to alter trends of market forces (thus
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rendering trading rules unprofitable) (Lee and Mathur,
1996), it may be argued that such an effect would be less
pronounced for smaller currencies due to their much lower
turnover, which could explain their more significant pre-
dictability and trading profits. In line with this conjecture,
Brandner et al. (2006) conclude that, during the period
from 1993 to 1998, European Monetary System interven-
tions had some (though limited) effects on the conditional
means and variances of exchange rates.

5. Conclusions

This study attempts to investigate the martingale behav-
ior of seven major Euro exchange rates using out-of-sample
forecasts. A number of parametric and nonparametric non-
linear models are employed to capture potential nonlinear-
ity-in-mean in foreign exchange rates. Traditional
statistical criteria fail to reject the martingale hypothesis
for all seven Euro exchange rates. However, economic cri-
teria suggest predictability in the direction of daily
exchange rate changes as well as trading returns for the
three (or possibly four) smaller currencies (i.e., Australian
dollar, Canadian dollar, Swiss franc, and perhaps Singa-
pore dollar) but not for the three major currencies (i.e.,
Japanese yen, British pound, and US dollar). Hence, we
find little evidence against the martingale behavior for the
three major Euro exchange rates but supportive evidence
for predictability of the smaller currencies.” By contrast,
based on a variance ratio test, Belairie-Franch and Opong
(2005) reject the random walk hypothesis for Euro
exchange rates with the Canadian dollar and Singapore
dollar but not with respect to eight other currencies, includ-
ing several smaller currencies.

We contribute further evidence relevant to earlier works
(Liu and He, 1991; Ajayi and Karemera, 1996; Anthony
and MacDonald, 1999) that document some (in-sample)
predictability of US dollar exchange rates. More specifi-
cally, we provide new evidence based on Euro exchange
rates, as any inference based on US dollar exchange rates
in previous studies cannot be presumably generalizable to
exchange rates based on another major currency. Addition-
ally, the evidence in this study is provided from a different
(and at least equally interesting) perspective from previous
studies. Essentially, we implement a model selection
approach (e.g., Swanson and White, 1997), rather than
the more traditional hypothesis testing approach using
the variance ratio test. The model selection approach has
two major advantages in the present context. First, it
allows us to focus directly on the issue at hand — namely,
out-of-sample forecasting performance which bears more

% As pointed out by a referee, since martingale means the existence of
neither linear nor nonlinear dependence, we have to test all possible
nonlinear dependence to check the martingale property of exchange rate
changes, which is practically impossible. Hence, we can only reasonably
conclude to have evidence against martingale (given the models examined)
but not the acceptance of martingale.

directly on predictability. Second, and perhaps more
importantly, unlike the traditional hypothesis testing
approach, it does not require the specification of a correct
model for its valid application. By contrast, earlier empiri-
cal findings based on variance ratio tests are very sensitive
to potential model misspecification (e.g., heteroscedastic-
ity). Lastly, our evidence takes into account not only statis-
tical but economic significance, which may be more
revealing to investors but is not reported in these earlier
works.

Finally, with the availability of longer data series in the
future, it would be interesting to explore whether Euro-
based exchange rates at other frequencies (e.g., monthly)
exhibit nonlinear predictability. The nonlinear-in-mean
behavior (or lack of it) could be different for exchange rates
at different (i.c., high versus low) frequencies. Also, another
possible venue for future research is to apply nonlinear
models and explore asset return predictability in other
financial markets.
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