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A R T I C L E  I N F O   

JEL classification: 
F31 
F37 
F41 
G15 

Keywords: 
Exchange rates 
Error correction 
Forecasting performance 
Monetary model 
Out-of-sample 
Random walk 

A B S T R A C T   

We show that in a popular model of exchange rate determination, the unobserved expected future 
exchange rate can be substituted with the observed forward exchange rate. This allows the 
derivation of a new error-correction forecasting model, which approximates the gap between the 
fundamental equilibrium exchange rate and the actual exchange rate with the long-maturity 
forward exchange rate. Our out-of-sample forecasting results for major currencies are unprece
dented. The forecasting model is simple, easy to replicate, and the data we use are available in 
real time and not subject to revisions.   

1. Introduction 

Forecasting foreign exchange rates is a central issue in international economics and financial market research. Since the seminal 
work of Meese and Rogoff (1983), hundreds of studies have attempted to outperform the random walk in out-of-sample forecasting 
with models based on macroeconomic fundamentals. These attempts have been either unsuccessful or if successful, subsequent work 
has disproved their results. A powerful formulation of the skeptical consensus was presented by Sarno and Taylor (2002) who, after 
conducting an extensive review of the literature, concluded that “a model that forecasts well for one exchange rate and time period will tend 
to perform badly when applied to another exchange rate and/or time period” (page 137). 

Engel and West (2005) offered a theoretical explanation for this empirical forecasting failure: the exchange rate could be arbitrarily 
close to a random walk if the fundamentals have a unit root and the factor for discounting future fundamentals is close to one. This 
result implies that the out-of-sample forecasting power relative to the random walk is an unreliable gauge for evaluating exchange-rate 
models. 

While an increasing number of studies have reported successful forecasting results over the past two decades, more recent surveys 
continue to be cautious about the predictability of exchange rates (Rossi, 2013; Engel, 2014; Cheung et al., 2019). 

This article challenges the skeptical conclusion about exchange rate predictability by contributing to the literature in three ways. 
First, we show that in the general class of rational expectations present value exchange rate models analyzed by Engel and West (2005), 
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the unobserved expected future exchange rate can be substituted out with the observed synthetic forward exchange rate (which is 
calculated using the spot exchange rate and the interest rates of the two countries). This substitution simplifies the model solution and 
raises the possibility of forecasting with the help of the forward exchange rate. 

Second, using a novel combination of the exchange rate model of Engel and West (2005) and the error-correction forecasting 
equation of Mark (1995) and Chinn and Meese (1995), we show that the forward exchange rate can be taken as a proxy for the dif
ference between the fundamental equilibrium exchange rate and the current exchange rate when the maturity of the forward rate is 
long. This result allows the derivation of an error correction model in which the change of exchange rate is regressed on the previous 
period’s long-maturity forward exchange rate. An error correction model implies the possibility of forecasting. While the empirical 
literature on uncovered interest rate parity (UIP) concludes that forward exchange rates are not unbiased predictors of future spot 
exchange rates, they can be used efficiently, in our error correction framework, to forecast future exchange rate changes for both short 
and long-horizon forecast horizons. 

Third, we report unprecedented out-of-sample forecasting results. Our forecasting model leads to forecasts more accurate than the 
random walk in the January 1990 – January 2023 out-of-sample forecasting evaluation period, for major currencies, for all forecasting 
horizons between 1 month and 5 years, using four different forecast evaluation criteria. While past works have shown better than 
random-walk forecasts in some cases, our results show a Pareto-improvement relative to these. That is, our results are improved in at 
least one, and in most cases several, important aspects without sacrificing any other aspect. For example, some works report superior 
one-period-ahead forecasts, but not longer-horizon forecasts, and others the reverse. Our forecasts beat the random walk both in short 
and long-horizon forecasts, implying an internal consistency of our forecasts. We use longer out-of-sample forecasting periods and 
more forecast evaluation criteria than relevant previous works. Furthermore, we test the robustness of our results using various sub- 
periods between 1990 and 2023 and find superior forecasting results with the exception of a few years around the collapse of Lehman 
Brothers in September 2008 in the case of the German mark(euro)/dollar rate,1 a period when a sudden increase in demand for safe 
assets and the introduction of unconventional monetary policies might have altered the information content of long-maturity interest 
rates. After financial markets stabilized, our forecasting results were strong again. 

Our outstanding forecasting results are not a spurious consequence of a possible non-stationarity of the forward exchange rate as a 
predictor. For the three bilateral pairs of the US dollar, German mark/euro, and British pound sterling, eight alternative tests soundly 
reject the null hypothesis of a unit root in long-maturity forward exchange rates. We also estimate the confidence interval for the error- 
correction parameter using the method of Rossi (2007), which is robust to whether the regressor has a unit root or not, and find that 
zero is not included in the interval. Moreover, in a similar context, forecasting the nominal exchange rate with the real exchange rate, 
Eichenbaum et al (2021) argue that an out-of-sample forecasting success is extremely unlikely if the nominal exchange rate is not 
predictable, regardless of whether the real exchange rate is stationary. To test the statistical significance of our forecasting results, we 
apply the same bootstrap test assuming non-predictability that Eichenbaum et al (2021) applied. We also use the Clark and West (2006, 
2007) test statistics to evaluate the statistical significance of our forecasts, which is used by Clark and West (2006, 2007) in a setup with 
a highly persistent predictor. While our out-of-sample forecasting results are excellent for twelve major currency pairs, in this article, 
we report forecasting results only for the three bilateral pairs of the US dollar, German mark/euro, and British pound sterling, because 
there is larger uncertainty about unit roots for the other nine currency pairs. We leave a better understanding of the excellent fore
casting results for other currency pairs for further research. The three currency pairs we study accounted for 37 % of global foreign 
exchange market turnover over the past three decades. 

We apply several robustness tests, which all support our strong forecasting results. Our model outperforms various alternative 
models, such as the simple autoregression, the interest rate differential as the predictor, the real exchange rate as the predictor, and 
various versions of these models. 

Our out-of-sample forecasts have outstanding properties when applying simple ordinary least squares (OLS) separately for each 
currency pair and also in panel models. The number of parameters to estimate varies from four to eight, no specification search is 
needed, and there is no need to calibrate any parameter. The simplicity of our models makes the replication of our results easy, in 
contrast to several works, which require the estimation of large numbers of parameters and/or a time-consuming process of model 
selection and estimation. 

We do not use long-horizon regressions (in which the multi-period ahead change in exchange rate is regressed on explanatory 
variables) and therefore our forecasting model is not subject to “overlapping observation” issues, as discussed by Berkowitz and Gior
gianni (2001), Rossi (2007), Darvas (2008) and Engel and Wu (2023). Instead, our longer-horizon forecasts are based on the iteration 
of one-period forecasts. 

Also, data revision is not an issue for our model. For example, Faust et al (2003) found that the findings of Mark (1995) depend on 
the data vintage used to construct explanatory variables. In contrast, the only explanatory variable included in our model is the 
synthetic forward exchange rate, which we calculate from the spot exchange rate and the interest rates of the two countries. These data 
are available in real time and are not revised. 

We use the synthetic forward exchange rate for forecasting, not a market-based forward exchange rate, because the synthetic 
forward exchange rate appears in our theoretical model. Thus, it is irrelevant for both our theoretical framework and our forecasting 
model whether covered interest rate parity (CIP) holds or not. 

The rest of the article is organized as follows. Section 2 briefly describes how our article relates to the literature. Section 3 presents 

1 We use the German mark/US dollar rate up to December 1998 and extend it with the euro/dollar rate multiplied by the German mark/euro 
conversion rate from January 1999. 
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the theoretical framework and derives our main forecasting equation. Our benchmark forecasting model, along with alternative 
models, are described in section 4. Section 5 introduces the data and reports results from some preliminary data analysis. Section 6 
presents our out-of-sample forecasting results, and section 7 concludes. 

2. Related literature 

Our work is related to four main strands of the literature. The first strand is the theoretical characterization of exchange rate 
behavior in a rational expectations, present value framework. Engel and West (2005) made a seminal contribution to this literature, 
who solve the model by an infinite forward substitution of unobserved expected future exchange rates. Our work is the first to notice 
that when the model is solved for a finite horizon, the unobserved expected future exchange rate can be substituted with the observed 
(synthetic) forward exchange rate. In case the forward exchange rate has a stationary component, exchange rate forecasting is 
conceivable even if both the fundamentals and foreign exchange risk premium have a unit root, while the Engel and West theorem 
suggests that the exchange rate is indistinguishable from a random walk in such a case. 

The second relevant strand of the literature uses an error correction framework for exchange rate forecasting, which was pioneered 
by Mark (1995) and Chinn and Meese (1995). The existing literature tried to measure the fundamental equilibrium exchange rate, but 
such attempts were often burdened with difficulties. Our approach completely differs from the existing literature. By combining the 
present value model of Engel and West (2005) with the error correction model of Mark (1995) and Chinn and Meese (1995), we 
demonstrate that the gap between the fundamental equilibrium exchange rate and the actual spot exchange rate can be well 
approximated by the forward exchange rate when the maturity of the forward rate is long. The approximation does not work when the 
maturity is short. In the next section, we provide numerical examples of the goodness of this approximation depending on the maturity 
of the forward rate and other parameters. Thus, instead of estimating the unobserved fundamental equilibrium exchange rate, our 
framework allows using the observed synthetic long-maturity forward exchange rate as the error correction term. 

Third, our work is related to the large body of empirical literature claiming success in forecasting exchange rates. In our reading, 
these studies can be divided into two groups. One group is theory-oriented and uses fundamental variables, sometimes in a new 
macroeconomic context (e.g. Engel et al., 2007; Gourinchas and Rey, 2007; Cerra and Saxena, 2010; Ince et al., 2016; Ca’Zorzi and 
Rubaszek, 2020). The other group is empirically oriented and sometimes relies on ad-hoc model specifications (e.g. Clarida and Taylor, 
1997; Wright, 2008; Chinn and Moore, 2011; Dal Bianco et al., 2012; Park and Park, 2013). Our work is related to theory-oriented 
approaches. Nevertheless, as noted in the introduction, our empirical results present a Pareto-improvement to all existing works. 
Our model beats the random walk in all forecasting horizons between one month and five years. Existing works report either long-run 
predictability but no short-run predictability, or the reverse, which was a difficult puzzle according to Engel (2014). Our 33-year-long 
out-of-sample forecasting period is also longer than in any other paper, and we have adopted several robustness checks. 

The fourth branch of the relevant literature seeks to explore the relationship between the yield curve, especially its long end, and 
the exchange rate. Chinn and Meredith (2005), Chinn and Quayyum (2012) and Valchev (2020) reported more favorable results for 
UIP at long horizons. Yet we find that even long-horizon UIP does poorly in out-of-sample exchange rate forecasting. Chen and Tsang 
(2013) extracted relative Nelson-Siegel (1987) factors from cross-country yield curve differences and use these for in-sample fore
casting of nominal exchange rates. They did not find out-of-sample predictability as we do. A simplified version of the Chen and Tsang 
(2013) model is studied by Cheung et al (2019), who confirmed its inability to forecast out-of-sample. Lustig et al (2019) studied the 
term structure of carry trade returns in a model different from ours. They presented in-sample predictive regressions for currency 
excess returns, but not for exchange rates, and they did not provide any hint of the applicability of their model in out-of-sample 
forecasting either for excess returns or for exchange rates. 

3. Theoretical framework 

In this section we demonstrate the usefulness of synthetic long-maturity forward exchange rates in predicting future exchange rate 
changes in a novel framework different from uncovered interest rate parity. To this end, we point to a hitherto unrecognized sub
stitution option that allows to combine the present value models analyzed by Engel and West (2005) and Engel (2014) with Mark’s 
(1995) and Chinn and Meese’s (1995) exchange rate forecasting error correction model. 

Mark (1995) and Chinn and Meese (1995) considered the following general error correction model for exchange rate forecasting, 
based on theoretical models involving fundamental determinants of exchange rates, such as the monetary model: 

st+k − st = αk + βk • (ft − st)+ εt+k,k (1)  

where st is the logarithm of the spot exchange rate (measured as the price of one unit of foreign currency in terms of domestic cur
rency), ft is the logarithm of the fundamental equilibrium value of the exchange rate, αk and βk are model parameters, and εt+k,k is the k- 
period ahead forecast error. ft − st is the error correction term, as it measures the deviation of st from its fundamental equilibrium value. 

According to this approach, exchange rate changes could be forecast using the difference between the fundamental and actual 
values of the exchange rate, thereby assuming an error correction mechanism. Papers using this approach typically estimate ft from a 
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theoretical exchange rate model. We follow a different approach by approximating the difference between the fundamental equi
librium and actual exchange rates 

(
ft − st

)
, which is the long-maturity synthetic forward exchange rate multiplied by a scalar, as we 

demonstrate below. 

3.1. The Engel and West (2005) present value models 

We start with the key equation of Engel and West (2005), who analyzed a general class of theoretical exchange rate models in a 
rational expectation, present-value framework (see Eq. (2) in Engel and West, 2005). Engel (2014) presented the simplified version of 
this key equation (see Eq. (45) in Engel, 2014) as: 

st = (1 − b)•f1t + b • f2t + b • Et[st+1] (2)  

where f1t and f2t are the convex combinations of exchange-rate fundamentals, parameter b is the discount factor, which falls in the 
range 0 < b < 1, and Et [.] denotes the expectations operator based on information available at time t. 

Engel and West (2005) demonstrated that under certain assumptions,2 the monetary model of exchange rate can be written in this 
form,3 in which f2t equals the ex-ante deviation from uncovered interest rate parity (which is sometimes called ‘expected excess return’ 
or ‘foreign exchange risk premium’) multiplied by minus one: 

ρt ≡ (Et[st+1] − st ) − ĩ
(1)
t (3)  

f2t = − ρt (4)  

where ĩ
(1)
t is the one-period interest rate differential between domestic and foreign interest rates applicable for one period. For 

example, if the monthly interest rate is 1 percent per year, then the actual interest earned in one month is (approximately) 1/12 
percent. Since Et [st+1] is unobservable, so does ρt . 

f1t could include observed and unobserved fundamental determinants of the exchange rate depending on the exchange rate theory 
considered. For example, in the case of the monetary model: 

f1t =
[
mt − m*

t − γ
(
yt − y*

t

)
+ qt −

(
vt − v*

t

) ]
(5)  

where mt denotes the logarithm of domestic money supply, yt the logarithm of domestic income, qt the real exchange rate, vt the home 
shocks to money demand.4 Foreign variables are denoted with *. f1t as defined by (5) is essentially what Mark (1995) denoted by ft . 
Hence, for simplicity, we denote: 

f1t = ft (6)  

Using this notation, (2) can be rewritten as: 

st = (1 − b)•ft − b • ρt + b • Et[st+1] (2.b)  

Engel and West (2005) show that the exchange rate follows a random walk for a discount factor b that is near 1 if f2t( = ρt) has a unit 
root, or f2t = 0 and f1t

(
= ft

)
has a unit root. To reach this result, Engel and West (2005) solve the expectational difference Eq. (2.b) by 

an infinite forward substitution of expected future exchange rates. In this case, the expected long-run exchange rate disappears from 
the present-value relationship for the spot exchange rate because its parameter, bj, approaches zero as j→∞, provided that the expected 
exchange rate does not explode even faster (no bubble solution). 

3.2. Finite horizon solution and forward exchange rate substitution 

Infinite forward substitution is the usual way to solve forward-looking asset pricing models. In the Engel and West framework, it 

2 Assumptions for the monetary model: the parameters of the home and foreign money demand relationships are identical, and PPP holds.  
3 The Taylor-rule model can also be written in a similar form, whereby only ρt has a parameter which is minus one times the parameter of Et [st+1]. 

The other fundamental drivers have different parameters. To reach such a form, the following assumptions should be made for the Taylor-rule 
model: at least the foreign country follows a monetary policy rule that explicitly includes exchange rates (besides the output gap and the infla
tion target, which are also included in the home country policy rule) and the target exchange rate is the level of PPP.  

4 Engel and West (2005, page 492) interpreted money demand shocks in the following way: “Our “shocks” potentially include constant and trend 
terms, may be serially correlated, and may include omitted variables that in principle could be measured.”. 
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leads to an exchange rate determination equation in which the current and expected values of ft and ρt appear as determinants. ρt is a 
forward-looking variable, which cannot be observed even after observing the actual future exchange rate. 

In contrast, we solve the model for a finite horizon and introduce a novelty. Solving the model for a finite horizon (say for n-1 
periods) will leave the unobserved Et [st+n] in the exchange rate equation. The novelty is that we realize that the unobserved Et [st+n] can 
be substituted out with the use of the n-period synthetic5 forward exchange rate, d(n)

t , which is an observed variable at time t. The 
inclusion of the forward exchange rate in the spot exchange rate determination equation raises the possibility of exchange rate 
forecasting. 

The synthetic forward exchange rate for one period, d(1)
t , is defined as6: 

d(1)
t ≡ st + ĩ

(1)
t . (7) 

Notice that (7) and (3) implies: 

d(1)
t = − ρt +Et[st+1] (8) 

By substituting (8) into (2.b), we have eliminated two unobserved variables, ρt and Et [st+1], from (2.b), and instead included d(1)
t , an 

observed variable: 

st = (1 − b)•ft + b • d(1)
t (2.c)  

A similar expression can be obtained by recursively substituting the expected future exchange rates up to a finite horizon: instead of the 
unobserved expected long-run exchange rate, the long-maturity synthetic forward rate will appear on the right-hand side of the ex
change rate determination equation, which is observable at time t. 

Shift (2.b) j periods ahead: 

Et
[
st+j

]
= (1 − b) • Et

[
ft+j

]
− b • Et

[
ρt+j

]
+ b • Et

[
st+j+1

]
(9) 

The synthetic n-period forward exchange rate is7: 

d(n)
t ≡ st + ĩ

(n)
t (10)  

where d(n)
t is the logarithm of the n-period synthetic forward exchange rate and ̃i

(n)
t = ln

(
(1 + i(n)t )/(1 + i(n)*t )

)
is the n-period interest 

rate differential between domestic and foreign interest rates, measured as the total interest over period n. For example, if the annual 
interest rate is 2 percent per year and the expected annual interest rate in one year from now is also 2 percent per year, then the current 
2-year interest rate is (approximately) 4 percent cumulatively for the two-year period. 

The long-maturity domestic interest rate, i(n)t , is the sum of the current and expected future one-period interest rates when the 
expectation hypothesis of the terms structure (EHTS) holds. When the EHTS does not hold, a term premium, τt, should be included as 
well. Similarly, the foreign long-maturity interest rate might contain a term premium (τ*

t ). In our derivation, we do not assume that 
EHTS holds and hence do not assume that interest rates are predictable. We allow an interest rate term premium in the home and 
foreign countries and only assume that the term premium is the same (τt = τ*

t ). In this case, the term premium cancels out when we 
calculate the long-maturity interest rate differentials, which can be written as the sum of current and expected future one-period 
interest rate differentials: 

5 We use the synthetic forward exchange rate calculated from the spot exchange rate and the interest rates of the two countries rather than the 
actual forward exchange rate quoted on markets. The synthetic forward exchange rate is equal to the actual forward exchange rate if covered 
interest party (CIP) holds. However, since the synthetic forward exchange rate is part of our derivation and the synthetic forward exchange rate is 
used in our empirical analysis, it is not necessary for CIP to hold, nor is a liquid market required, for example, for the 10-year maturity actual 
forward exchange rate.  

6 Eq. (7) is the logarithm of D(1)
t = St •

(
1+i(1)t

)
/
(

1+i(1)*t

)
, where D(1)

t is the level of the 1-period forward rate, St is the level of the spot exchange 

rate, i(1)t and i(1)*t are the domestic and foreign 1-period interest rates measured at the frequency of the data (e.g. a 1 percent annualized interest rates 

corresponds to 1/12=0.0833 percent at the monthly frequency). Thereby, ĩ
(1)
t = ln

(
(1 + i(1)t )/(1 + i(1)*t )

)
.  

7 The definition in Eq. (10) is the logarithm of D(n)
t ≡ St •

(
1+i(n)t

)
/
(

1+i(n)*t

)
, where D(n)

t is the level of the n-period forward rate, St is the level of 

the spot exchange rate, i(n)t and i(n)*t are the domestic and foreign n-period interest rates measured as the total interest over period n. For example, if 
the 5-year interest rate is 2% per year, then the total interest over the 5-year period is approximately 10%. However, since all datasets we use 

include interest rates at the annualized level, in our empirical calculations we use the expression D(n)
t ≡ St •

((
1 + ī

(n)

t

)
/
(

1 + ī
(n)*

t

))n 
to calculate 

the synthetic forward rate, in which ̄i(n)t and ̄i(n)*t are the domestic and foreign n-period annualized interest rates measured in percent and n indicates 
the maturity in years. 
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ĩ
(n)
t = ĩ

(1)
t +Et

[

ĩ
(1)
t+1

]

+⋯+Et

[

ĩ
(1)
t+n− 1

]

(11)  

This assumption is in line with the simplifying assumptions of the Engel and West (2005) model, which include the fulfilment of the 
purchasing power parity (PPP) hypothesis and identical specification and parameters of the money demand equations in both 
countries. 

Analogously to (8), it is easy to derive: 

d(n)
t = − ρt − Et[ρt+1] − Et[ρt+2] − ⋯ − Et[ρt+n− 1] +Et[st+n] (12) 

By recursively substituting expected future exchange rates for j = 1 to n-1 as indicated in (9) into (2.b), instead of the unobserved 
Et [st+n], the currently observed d(n)

t will appear on the right-hand side of the exchange rate determination equation: 

st = (1 − b)•[ft + b•Et[ft+1] + b2 • Et[ft+2] +⋯+ bn− 1 • Et[ft+n− 1]] (2.d)  

−
[
b • ρt + b2 • Et[ρt+1] +⋯+ bn− 1 • Et[ρt+n− 2]

]

+ bn • [ρt +Et[ρt+1] +⋯+Et[ρt+n− 2]]

− bn • [ρt + Et[ρt+1] + ⋯ + Et[ρt+n− 1] ] + bn • Et[st+n] =

(1 − b) •
∑n− 1

j=0
bjEt

[
ft+j

]
− b •

∑n− 2

j=0
bjEt

[
ρt+j

]
+ bn •

∑n− 2

j=0
Et
[
ρt+j

]
+ bn • d(n)

t .

A simple closed form solution can be obtained for st if we assumed that ft and ρt follow autoregressive processes with iid errors, for 
which we denote the autoregressive parameters by βf and βρ, respectively.8 In this case (2.d) can be written in the following form: 

st = gf
(
n, b, βf

)
• ft + gρ(n, b, βρ) • ρt + gd(n, b) • d(n)

t (2.e) 

That is, the current exchange rate can be written as a weighted sum of the time t values of ft, ρt and d(n)
t . Table 1 shows the analytical 

expressions for the weights, by discriminating the random walk case from the more general autoregressive case. 
The weight of long-maturity forward rate is higher with higher values of the discount factor, but at the same time it decreases with 

forward maturity. 
According to (2.e), the forward exchange rate can play a meaningful role in exchange rate determination within the Engel and West 

asset pricing model framework. Thus, in case the long-maturity forward exchange rate has a stationary component, exchange rate 
predictability is conceivable even if both ft and ρt have a unit root, although according to the Engel and West theorem, the exchange 
rate is indistinguishable from random walk in such a case. 

In order to derive a forecasting model, we reorganize Eq. (2.e): 

gf • ft − st = − gρ • ρt − gd • d(n)
t (13) 

The left side of (13) is closer to the gap between the fundamentals and the spot exchange rate, the closer gf falls to 1. Table 2 
calibrates this parameter under alternative values of the discount factor, maturity of forward exchange rate and the autoregressive 
parameter in the data generating process offt.9 

Table 2 illustrates well that gf is close to 1 for more persistent fundamentals, longer maturity forward rates, and a lower discount 
factor. It is possible to get gf to be near 1 with reasonable assumptions on the coefficient values. When gf is close to 1, then the right side 
of (13) well approximates the difference between the fundamentals and the spot exchange rate, which is the error correction term in 
(1), the forecasting equation of Mark (1995) and Chinn and Meese (1995). Even if the unobservable ρt is not equal to zero, the 
observable d(n)

t correlates with the error correction term. When ρt = 0, that is, when UIP holds, d(n)
t is the error correction term 

(multiplied with a scalar). More favorable results for long-run UIP (Chinn and Meredith, 2005; Chinn and Quayyum, 2012) imply that 
the long-run risk premium is zero. This assertion is also supported by Valchev (2020) and Berg and Mark (2019), who showed that over 
long horizons, the exchange rate tends to adjust relative to interest differentials, towards establishing UIP. 

Even if gf is somewhat less than 1, the synthetic long-maturity forward exchange rate correlates with the gap between the fun
damentals and the spot exchange rate, while its negative coefficient on the right-hand side of (13) fits well with the logic of Mark’s and 
Chinn and Meese’s error correction prediction model. 

On the contrary, for short maturity forward exchange rates, such as the three-month maturity rate considered in the first data block 
of Table 2, gf is close to zero irrespective of other parameters. Hence, short-maturity forward exchange rates cannot be considered as 
proxies for the gap between the fundamentals and the spot exchange rate. 

8 The assumption of autoregressive processes for ft and ρt follows Engel et al. (2007) and Engel (2014).  
9 Engel et al. (2007, page 425) used βρ = 0.95 at the quarterly frequency and assumed that βf is even more persistent. At the monthly frequency, 

the cubic root of 0.95 should be used, which is 0.983. 
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When approximating ft − st with d(n)
t with large n in Eq. (1), the one-period ahead forecasting equation becomes: 

st+1 − st = α1 + β1d(n)
t + εt+1,1 (14) 

Since d(n)
t has a negative parameter in Eq. (13), we expect a negative parameter for β1. 

In our empirical work, we find a statistically significant negative parameter when we regress the one-period ahead change of the 
exchange rate on the level of the forward rate. We find that the estimated parameter (in absolute value) and the R2 of the regression is 
larger for longer-maturity forward rates (Table 3), thereby empirically supporting our analytical derivation. 

4. Forecasting models 

4.1. Our baseline specification 

Eq. (1) with k > 1 belongs to the family of long-horizon regressions, leading to “overlapping observations”, which poses immense 
econometric problems, as discussed by Berkowitz and Giorgianni (2001), Rossi (2007), Darvas (2008) and Engel and Wu (2023). In 
addition, such long-horizon regressions lead to information losses for two reasons. First, when forming out-of-sample forecasts from 
period t to period t + k, the estimation sample takes into account information contained in the explanatory variable only up to period t- 
k. Thereby, potentially important information between t-k and t-1 is not taken into account in the forecast. Second, when the 
explanatory variable, that is, ft − st in Eq. (1) and d(n)

t in Eq. (14), is stationary, the explanatory variable is expected to converge to its 
stationary mean in the forecast period and the speed of this convergence will also influence the forecast of st+k. The long-horizon 
regression does not take this information into account. 

We therefore restrict our attention to the case of k = 1 when equations such as (1) and (14) can produce only one-period ahead 
forecasts on their own. But when combined with an autoregressive model for the predictor, multi-period ahead forecasts can be ob
tained by iterating one-period ahead forecasts. We use a first order autoregression for d(n)

t and thus our baseline forecasting specifi
cation is a very simple two-equation model10: 

st+1 − st = θ1 + θ2 • d(n)
t + ε(1)t+1,1

d(n)
t+1 = θ3 + θ4 • d(n)

t + ε(2)t+1,1

(15)  

where θ1, θ2, θ3 and θ4 are parameters and ε(1)t+1,1 and ε(2)t+1,1 are the error terms. 
We use the standard iterative forecast procedure, which is used, for example, for non-overlapping autoregressions and vector- 

Table 1 
Weights of ft , ρt and d(n)

t in Eq. (2.e).   

ft and ρt are random walks ft and ρt are AR(1) 

gf 1 − bn− 1 b − 1
bβf − 1

• [1 −
(

bβf

)n− 1
]

gρ b
1 − b

•
(

bn− 2 − 1
)
+ bn • (n − 2) b

bβρ − 1
•
[
1 − (bβρ)

n− 2
]
+ bn •

βn− 2
ρ − 1
βρ − 1 

gd bn bn 

Source: authors’ calculations. 

Table 2 
The weight gf as the function of alternative values of the discount factor, maturity of forward exchange rate and the autoregressive parameter in the 
data generating process of ft .

Forward maturity 3-month forward rate 3-year forward rate 5-year forward rate 10-year forward rate 

DGP of ft I (1) AR1 
βf = 0.99 

AR1 
βf = 0.98 

I (1) AR1 
βf = 0.99 

AR1 
βf = 0.98 

I (1) AR1 
βf = 0.99 

AR1 
βf = 0.98 

I (1) AR1 
βf = 0.99 

AR1 
βf = 0.98 

b = 0.99  0.02  0.02  0.02  0.30  0.25  0.22  0.45  0.35  0.28  0.70  0.46  0.33 
b = 0.98  0.04  0.04  0.04  0.51  0.44  0.38  0.70  0.56  0.46  0.91  0.65  0.50 
b = 0.97  0.06  0.06  0.06  0.66  0.57  0.50  0.83  0.69  0.58  0.97  0.75  0.61 
b = 0.96  0.08  0.08  0.08  0.76  0.67  0.60  0.91  0.77  0.66  0.99  0.80  0.68 
b = 0.95  0.10  0.10  0.10  0.83  0.74  0.67  0.95  0.82  0.71  1.00  0.84  0.72 

Source: authors’ calculations. 

10 This two-equation model was initially proposed in the working paper Darvas and Schepp (2007), which reported outstanding forecasting results 
in the 1990–2006 out-of-sample forecast evaluation period, but provided only econometric justification for the model, not theoretical justification. 
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autoregressions. Our model structure is like the model studied by Pincheira and West (2016). Let ̂θ i|t denote the estimate of θi based on 

information available at time t. The one-period ahead forecasts from the two equations are: ŝt+1|t = st +θ̂1|t +θ̂2|t • d(n)
t and d̂

(n)
t+1|t =

θ̂3|t + θ̂4|t • d(n)
t , where ŝt+1|t and d̂

(n)
t+1|t denote the one-period ahead forecasts based on time t information. Note that st and d(n)

t are 

observed at time t. The two-period ahead forecasts are obtained as: ŝt+2|t = ŝt+1|t +θ̂1|t +θ̂2|t • d̂
(n)
t+1|t and d̂

(n)
t+2|t = θ̂3|t + θ̂4|t • d̂

(n)
t+1|t. 

Thus, the two-period ahead forecasts use information available only up to time t. And so on, we iterate the two equations forward based 
on information available only up to time t. Note that when ̂θ4|t is less than one (in absolute value), mean reversion of d(n)

t is also a driver 
of ŝt+k|t (k > 1) forecasts. 

This model is not estimated on overlapping samples and thereby avoids all problems associated with long-horizon regressions. It 
includes only four parameters that we estimate with OLS. There is no need to calibrate any parameter. We do not perform any 
specification search, though one might check if longer lags for d(n)

t help forecasting. We consider alternative values for n: 3 years, 5 
years and 10 years. Thus, our model is simple, and replication of our results is very easy. 

4.2. Alternative specifications using the synthetic forward rate 

VECM: The first equation of model (15) is an error-correction equation, while the second equation is an autoregression for the error- 

Table 3 
Regression statistics of the one period change in the exchange rate.    

Monthly data Annual data, January of each year 

Regressor  DEM/ USD GBP/ USD GBP/ DEM DEM/ USD GBP/ USD GBP/ DEM 

Spot δ1 − 0.013 − 0.019 − 0.008 − 0.195 − 0.268 − 0.122 
exchange t − 1.87 − 2.17 − 1.48 − 2.13 − 2.51 − 1.71 
rate R2 0.007 0.009 0.004 0.098 0.130 0.065  

DW 1.91 1.85 1.90 1.65 1.71 2.10  
N 528 528 528 44 44 44  

1-month δ1 − 0.013 − 0.019 − 0.008 − 0.197 − 0.272 − 0.124 
synthetic t − 1.89 − 2.21 − 1.50 − 2.16 − 2.54 − 1.73 
forward R2 0.007 0.009 0.004 0.100 0.133 0.066 
exchange DW 1.91 1.85 1.90 1.65 1.71 2.09 
rate N 528 528 528 44 44 44  

3-year δ1 − 0.021 − 0.028 − 0.011 − 0.256 − 0.366 − 0.176 
synthetic t − 2.68 − 2.99 − 1.97 − 2.52 − 3.29 − 2.17 
forward R2 0.013 0.017 0.007 0.132 0.205 0.101 
exchange DW 1.91 1.85 1.89 1.65 1.68 2.06 
rate N 528 528 528 44 44 44  

5-year δ1 − 0.027 − 0.032 − 0.013 − 0.297 − 0.419 − 0.209 
synthetic t − 3.17 − 3.39 − 2.17 − 2.78 − 3.73 − 2.40 
forward R2 0.019 0.021 0.009 0.156 0.249 0.120 
exchange DW 1.91 1.86 1.89 1.64 1.66 2.04 
rate N 528 528 528 44 44 44  

10-year δ1 − 0.037 − 0.035 − 0.015 − 0.367 − 0.438 − 0.231 
synthetic t − 3.99 − 3.75 − 2.18 − 3.19 − 4.28 − 2.55 
forward R2 0.029 0.026 0.009 0.195 0.303 0.134 
exchange DW 1.91 1.86 1.89 1.66 1.63 2.00 
rate N 528 528 528 44 44 44  

Real δ1 − 0.018 − 0.019 − 0.029 − 0.283 − 0.300 − 0.432 
exchange t − 2.16 − 2.09 − 2.97 − 2.62 − 2.57 − 3.65 
rate R2 0.009 0.008 0.016 0.140 0.136 0.241  

DW 1.90 1.85 1.88 1.63 1.68 1.94  
N 528 528 528 44 44 44 

Notes: Equation estimated: st+1 − st = δ0 + δ1xt + εt+1, where xt is either the logarithm of the spot exchange rate (first block), the logarithm of the n- 
period maturity synthetic forward rate (blocks 2–5; the maturity is showed in the first column), or the logarithm of the real exchange rate (last block). 
t: OLS t-statistics. R2: coefficient of determination; DW: Durbin-Watson. N: number of observations. The sample includes monthly data from January 
1979 – January 2023. The annual data includes non-overlapping observations from January each year. 
Source: authors’ calculations.  
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correction term (the synthetic forward exchange rate). An alternative version is a standard vector error correction model (VECM): 

st+1 − st = φ1 + φ2(st − st− 1) + φ3

(

ĩ
(n)
t − ĩ

(n)
t− 1

)

+ φ4 • d(n)
t + ε(1)t+1,1

ĩ
(n)
t+1 − ĩ

(n)
t = φ5 + φ6(st − st− 1) + φ7

(

ĩ
(n)
t − ĩ

(n)
t− 1

)

+ φ8 • d(n)
t + ε(2)t+1,1

(16)  

along with the definition of d(n)
t = st + ĩ

(n)
t in Eq. (10); φi are parameters to be estimated. 

VAR in levels: A vector autoregression model (VAR) in levels can be consistently estimated irrespective of whether the variables 
have a unit root or not. An unconstrained VAR model does not specifically capture an error-correction mechanism. We employ a simple 
VAR(1): 

[
st+1

d(n)
t+1

]

=

[
ω0,1
ω0,2

]

+

[
ω1,1 ω1,2
ω2,1 ω2,2

][ st

d(n)
t

]

+

⎡

⎣
ε(1)t+1,1

ε(2)t+1,1

⎤

⎦ , (17)  

where ωi,j are parameters to be estimated. 
Both the VECM in Eq. (16) and the VAR in Eq. (17) share some of the advantageous features of model (15), since these are not 

estimated on overlapping samples, not subject to the various information losses we described earlier, and multi-step ahead out-of- 
sample forecasts are calculated with a dynamic iteration method. Model (16) includes eight parameters to be estimated, while 
model (17) includes six parameters, and both can easily be estimated with OLS. 

4.3. Alternative predictors 

For comparison we also report the forecasting performance of alternative predictions and predictors. 
Forward rate: we consider the forward rate itself as the prediction, that is, ŝt+1|t = d(1)

t , ŝt+2|t = d(2)
t , …, ŝt+60|t = d(60)

t . While the 
empirical literature on UIP concludes that forward exchange rates are not unbiased predictors of future spot exchange rates at short 
horizons, recent research found more support for the long-horizon UIP (Chinn and Meredith, 2005; Chinn and Quayyum, 2012; 
Valchev, 2020). 

We highlight that our forecasts are based on the error correction model (15), and thereby our forecasts are different the forward 
rate and so the prediction of UIP. 

Simple autoregression: the predictor is st only, which implies a stationary process for the spot exchange rate when |θ2| < 1: 

st+1 − st = θ1 + θ2 • st + εt+1,1 (18)  

Price-level targeting central banks and the fulfillment of PPP would imply a stationary spot exchange rate. If central banks were 
inflation targeting, the exchange rate would have a unit root, but if the volatility of inflation were low, the exchange rate could be 
similar to a stationary process. 

The spot exchange rate and the interest rate differential as separate predictors: the predictor in our baseline model (15) is the synthetic 

forward rate, d(n)
t = st +̃i

(n)
t (see Eq. (10)). As a robustness check, we allow st and ̃i

(n)
t to have different parameters: 

st+1 − st = θ1 + θ2 • st + θ3 • ĩ
(n)
t + ε(1)t+1,1

ĩ
(n)
t+1 = θ4 + θ5 • ĩ

(n)
t + ε(2)t+1,1

(19)  

Interest rate differential model: we also check ̃i
(n)
t alone as a predictor, which is the other component of the synthetic forward rate: 

st+1 − st = θ1 + θ2 • ĩ
(n)
t + ε(1)t+1,1

ĩ
(n)
t+1 = θ3 + θ4 • ĩ

(n)
t + ε(2)t+1,1

(20)  

Real exchange rate model: The real exchange rate is defined as qt = st + p*
t − pt , where qt is the logarithm of the real exchange rate, pt is 

the logarithm of domestic consumer price level and p*
t is the logarithm of foreign consumer price level: 

st+1 − st = θ1 + θ2 • qt + ε(1)t+1,1

qt+1 = θ3 + θ4 • qt + ε(2)t+1,1

(21) 

Several recent papers found that the real exchange rate is stationary, and that it is the nominal exchange rate that does most of the 
adjustment. Among the eight models studied by Cheung et al (2019), the real exchange rate model led to the most promising exchange 
rate forecasts. Ca’Zorzi and Rubaszek (2020) and Eichenbaum et al (2021) use the real exchange rate in long-horizon regressions to 
predict the nominal exchange rate and find that long-horizon (2 to 5 years in Ca’Zorzi and Rubaszek (2020) and 3 to 6 years in 
Eichenbaum et al (2021)) forecasts are better than that of the random walk, while forecasts for shorter horizons are not. 
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Two components of the real exchange rate have different parameters: similarly to checking the two components of the synthetic forward 
rate separately, we also allow the components of the real exchange rate to have different parameters11: 

st+1 − st = θ1 + θ2 • st + θ3 •
(
p*

t − pt
)
+ ε(1)t+1,1

(
p*

t+1 − pt+1
)
= θ4 + θ5 •

(
p*

t − pt
)
+ ε(2)t+1,1

(22)  

5. Data and some empirical preliminaries 

5.1. Data 

We test the forecasting performance of our model for the three bilateral pairs of the US dollar (USD), German mark/euro (DEM), 
and British pound sterling (GBP). For the German mark, we rescale the euro exchange rate from 1999 using the fixed conversion 
exchange rate between the mark and the euro. We continue to use German interest rates from 1999 rather than an average euro interest 
rate, because we also use the German interest rate in the pre-1999 period; thus, we consider the German interest rate and Germany’s 
currency in the fully sample period. Moreover, the euro interest rate has been influenced by default risk and euro-exit risk after 2008. 

For these three currency pairs, the underlying assumptions of the monetary model could be valid, eight tests reject the null hy
pothesis of unit root in long-maturity forward rates, and the unit root-robust methodology of Rossi (2007) confirms the adequacy of our 
main forecasting equation. Our model also forecasts well for nine other currency pairs, but since there is a larger uncertainty about unit 
roots in forward exchange rates for these currency pairs, we leave a better understanding of those forecasting results for further 
research. The three currency pairs we study accounted for 37 % of global foreign exchange market turnover on average in 
1992–2019,12 with the DEM/USD rate having the largest share at 25.1 %, followed by the GBP/USD rate 9.7 %, and the GBP/DEM rate 
at 2.2 %. 

The sample includes end-of-month data from January 1979 to January 2023. 
We use constant maturity zero coupon yields for interest rates. We calculate synthetic forward rates from the spot exchange rate 

and the interest rates of the two countries (see footnotes 6 and 7). All exchange and interest rate data are available in real-time and not 
revised. Exchange rate and US interest rate data are from the Federal Reserve,13 the German mark/euro conversion rate is from the 
European Central Bank,14 German interest rates are from the Bundesbank,15 and UK interest rates are from the Bank of England.16 

The source of consumer price index (which is needed for the real exchange rate model) is the International Monetary Fund’s In
ternational Financial Statistics (IFS) dataset, which includes seasonally unadjusted series measured as the average of 2010 = 100. Since 
consumer prices have seasonal components and seasonality can differ across countries, we seasonally adjust the series using the X12 
method and calculate the real exchange rate using seasonally adjusted domestic and foreign consumer price indices and the (unad
justed) nominal exchange rate. When using the real exchange rate for our out-of-sample forecasting exercise, we abstract from two 
issues, which probably help the forecasting performance of the real exchange rate model. First, we disregard the problem of the 
delayed publication of price indices, but assume that at the end of each month, the consumer price for that month is known. Second, we 
seasonally adjusted the full-sample latest available vintage of consumer prices. For a truly out-of-sample exercise, one needs to adjust 
data that was available in real time. For example, for a forecast made in December 1989, the CPI data up to November 1989 was 
available and one need to seasonally adjust that series and either make a forecast for the price level in December 1989, or use the one- 
period delayed value of the price level as it is done in the supplementary material of Eichenbaum et al (2021). 

5.2. The one-period regression 

The one-period regression, Eq. (1) with k = 1 or Eq. (14), is important for forecasting, as Berkowitz and Giorgianni (2001) 
demonstrate. We compare the full-sample one-period regression results for our model using long-maturity forward rates with the 
simple autoregression, an equation which uses the one-month forward rate as the explanatory variable, and an equation in which the 
real exchange rate is the explanatory variable (Table 3). We present results for our baseline monthly frequency, and for the annual 
frequency by using (non-overlapping) data from January each year. 

Even the simple autoregression has some explanatory power. The model with the one-month synthetic forward rate leads to almost 
the same result as the autoregression, because the interest-differential component of the one-month forward rate is minor. The 
variance decomposition presented in the supplementary material confirms that the interest rate differential component has a negligible 
contribution to the variance of the one-month synthetic forward exchange rate. The model with the real exchange rate is somewhat 

11 We have also checked a version in which all three components of qt (st , p*
t and pt) have different parameters, which specification led to worse 

forecasting result than the preceding two specifications and thereby we do not report it.  
12 The BIS triennial surveys (https://www.bis.org/statistics/rpfx22.htm) measure foreign exchange turnover in April of every third year between 

1992 and 2019: we calculate the average of percentage shares reported by the surveys.  
13 https://www.federalreserve.gov/datadownload/Choose.aspx?rel=H10 and https://www.federalreserve.gov/datadownload/Choose.aspx? 

rel=H15.  
14 https://www.ecb.europa.eu/euro/exchange/de/html/index.en.html.  
15 https://www.bundesbank.de/en/statistics/money-and-capital-markets/interest-rates-and-yields/term-structure-of-interest-rates.  
16 https://www.bankofengland.co.uk/statistics/yield-curves. 

Z. Darvas and Z. Schepp                                                                                                                                                                                             

https://www.bis.org/statistics/rpfx22.htm
https://www.federalreserve.gov/datadownload/Choose.aspx?rel=H10
https://www.federalreserve.gov/datadownload/Choose.aspx?rel=H15
https://www.federalreserve.gov/datadownload/Choose.aspx?rel=H15
https://www.ecb.europa.eu/euro/exchange/de/html/index.en.html
https://www.bundesbank.de/en/statistics/money-and-capital-markets/interest-rates-and-yields/term-structure-of-interest-rates
https://www.bankofengland.co.uk/statistics/yield-curves


Journal of International Money and Finance 143 (2024) 103067

11

better than the autoregression. For the two USD rates, models using long-maturity forward exchange rates as the explanatory variable 
are even better. The explanatory power increases with the maturity of the forward exchange rate. For example, for the DEM/USD rate 
at the monthly frequency, the R2 is 0.007 for the autoregression and the model with the 1-month forward rate, 0.013 when the 3-year 
maturity forward rate is used, 0.019 when the 5-year maturity forward rate is used, and 0.029 when the 10-year maturity forward 
exchange rate is used. A similar increase is observed for annual non-overlapping data, with the R2 reaching 0.2 for the DEM/USD rate 
and 0.3 for the GBP/USD rate. The point estimate for the slope coefficient of the explanatory variable is also higher (in absolute value) 
when long-maturity forward exchange rates are used. These results highlight that long-maturity forward exchange rates have addi
tional explanatory power beyond the autoregression and the real exchange rate. The variance decomposition presented in the sup
plementary material confirms that the interest rate differential component has a large contribution to the variance of the ten-year 
maturity synthetic forward rate: its contribution is about three-quarters of the contribution of the spot exchange rate for the DEM/USD 
rate, while for the GBP/USD and GBP/DEM rates, the interest differential has an even larger contribution than the spot exchange rate. 
The real exchange rate is an inferior predictor compared to the long-maturity synthetic forward rate for the two USD-rates, but it does a 
better job than the synthetic forward rate for the GBP/DEM rate. 

5.3. Robust confidence interval for the regression parameter 

The issue of persistent or non-stationary predictors is hardly considered in the exchange-rate forecasting literature. This issue is not 
even mentioned in the literature survey of Rossi (2013) and in the comparative analysis of Cheung et al (2019). Nevertheless, we pay 
attention to this issue. Table 4 shows that for eight alternative unit root tests, the test statistics decline with an increase in maturity of 
the forward rate, suggesting lower persistence for longer maturity forward rates.17 The null hypothesis of a unit root in long-maturity 
synthetic forward rates is soundly rejected by all eight tests employed for three currency pairs we study.18 Interestingly, five of the 
eight tests reject the null hypothesis of unit root in the spot DEM/USD rate at the 10 % significance level, while the GBP/USD and GBP/ 
DEM spot rates seem to contain unit roots. The rejection of the unit root null hypothesis in real exchange rates is less clear-cut than in 
the case of long-maturity forward rates: only one of the eight tests rejects the null hypothesis in the case of the DEM/USD rate, six of the 
eight tests in the case of GBP/USD rate, and two of the eight tests in the case of the GBP/DEM rate. 

To further demonstrate that our results are robust to whether long maturity forward exchange rates include unit roots or not, we use 
the method proposed by Rossi (2007) to calculate confidence intervals of regression parameter of the one-period regression we studied 
in Table 3. This method is robust whether the regressor has a unit root or not and has good coverage properties. We use the Matlab code 
available at the website of Barbara Rossi. While the title of Rossi’s article refers to long-horizon regressions, it can be applied for the 
one-period regression as well. Rossi (2007) herself studied the properties of her method in the case of the one-period regression and 
presented empirical applications, which included the one-period regression. 

When the 1-month forward rate is used as the regressor, zero is always within the 95 percent confidence interval (Table 5). When 
the 10-year forward rate is used as the regressor, zero is not within the confidence interval. We therefore conclude that the synthetic 
long-maturity forward rates of the three currency pairs we study do not include unit roots according to eight alternative tests and can 
be useful in forecasting the spot exchange rate according to the method of Rossi (2007). 

6. Out-of-sample forecasting 

6.1. Forecast evaluation sample 

We use the 1979–1989 sample period to form an initial estimate and evaluate our out-of-sample forecasts for the January 1990 – 
January 2023 period using forecasting horizons between 1 month and 5 years. We use a recursive estimation scheme in our baseline 
forecasting exercise, but as a robustness check we also use a rolling estimation scheme with windows of various lengths. 

6.2. Forecast evaluation criteria 

Rossi (2013) highlighted that “The toughest benchmark is the random walk without drift” (p. 1063), which we use as the benchmark for 
our models. We use four out-of-sample forecasting evaluation criteria. 

The first indicator, which is the most widely used in the literature, is the mean squared forecast error (MSFE) relative to the driftless 
random walk (MSFERk): 

17 We use the standard tests for unit root of Dickey and Fuller (1979) and Phillips and Perron (1988) and six other unit root tests. Elliott et al. 
(1996) proposed a family of test statistics that are invariant to the trend parameters and suggested two particular tests: a modified version of the 
Dickey-Fuller t-test, which is based on a local GLS detrending, and another feasible point optimal test, both having substantially improved power 
when an unknown mean or trend is present. Ng and Perron (2001) exploited the findings of Elliott et al. (1996) and applied the idea of GLS 
detrending to modify existing tests and showed non-negligible size and power gains can be made when used in conjunction with an autoregressive 
spectral density estimator at frequency zero. They suggested modifications of three test statistics studied by Perron and Ng (1996) and the feasible 
point optimal test statistics of Elliott et al. (1996).  
18 Darvas and Schepp (2009) were the first to notice that some long-maturity synthetic forward exchange rates of major currencies are stationary. 
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MSFERk = 100 •
P− 1 ∑

(
st+k − ŝ(M)

t+k|t

)2

P− 1
∑(

st+k − ŝ(RW)

t+k|t

)2 (23)  

where k is the forecast horizon, st+k is the log exchange rate at period t + k, ̂s(M)

t+k|t is the log of the forecast made at time t for t + k by a 

model, ̂s(RW)

t+k|t ≡ st is the log of the random walk forecast made at time t for t + k, and P is the number of forecasts made. Therefore, this 
measure is calculated as a percentage where a value below 100 indicates that the model outperforms the driftless random walk. 

We use two methods test the null hypothesis of MSFERk < 100: the Clark and West (2006, 2007) statistics and a bootstrap test. 
The driftless random walk benchmark is nested in all models. When comparing nested models, standard asymptotic tests do not 

apply when testing the null hypothesis of equal forecast accuracy. Clark and West (2006, 2007) showed that under the null hypothesis 
that the data generating process is the random walk (or any parsimonious model), estimation of parameters of a larger model in
troduces noise into the forecasting process that will, in finite samples, inflate its MSFE. Clark and West (2006, 2007) also suggested an 
adjustment of mean squared prediction error statistics, which leads to approximately normal tests. Clark and West (2007) used this test 
statistic in a setup with highly persistent predictors. Clark and West (2006, 2007) derived their results for models estimated in direct 
form, i.e., in the form of long-horizon regressions, and when the forecasts are evaluated using a rolling-window estimation technique. 
However, Pincheira and West (2016) found that the Clark and West (2006, 2007) statistics also worked reasonably well when the 
iterated method is used to obtain multi-step forecasts and the recursive estimation scheme is used, which is our baseline setup. For the 
iterated method they considered a simple first order autoregression for the predictor, in the same way as in our forecasting model (15). 

Table 4 
Unit root tests.   

st d(1)
t d(12)

t d(36)
t d(60)

t d(120)
t 

qt 

DEM/USD 
ADF − 1.87 − 1.87 − 1.91 − 2.08 − 2.31 − 2.98** − 2.49 
PP − 2.05 − 2.06 − 2.11 − 2.27 − 2.41 − 2.95** − 2.67* 
DFGLS − 1.78* − 1.79* − 1.90* − 2.08** − 2.31** − 2.98*** − 0.76 
ERS 3.95* 3.88* 3.41* 2.86** 2.32** 1.42*** 12.17 
NP MZa − 6.26* − 6.35* − 7.17* − 8.54** − 10.51** − 17.19*** − 1.81 
NP MZt − 1.77* − 1.78* − 1.89* − 2.07** − 2.29** − 2.93*** − 0.76 
NP MSB 0.28 0.28 0.26* 0.24* 0.22** 0.17*** 0.42 
NP MPT 3.92* 3.86* 3.42* 2.87** 2.33** 1.43*** 11.17   

st d(1)
t d(12)

t d(36)
t d(60)

t d(120)
t 

qt 

GBP/USD 
ADF − 2.17 − 2.18 − 2.25 − 2.35 − 3.18** − 3.97*** − 2.16 
PP − 2.42 − 2.43 − 2.50 − 2.63* − 2.91** − 3.47*** − 2.44 
DFGLS − 0.73 − 0.73 − 0.81 − 1.41 − 2.84*** − 2.92*** − 1.87* 
ERS 10.69 10.64 9.97 5.57 2.00** 1.55*** 3.77* 
NP MZa − 1.96 − 1.98 − 2.26 − 5.24 − 16.92*** − 16.38*** − 8.55** 
NP MZt − 0.72 − 0.73 − 0.81 − 1.40 − 2.77*** − 2.85*** − 1.85* 
NP MSB 0.37 0.37 0.36 0.27* 0.16*** 0.17** 0.22** 
NP MPT 9.92 9.87 9.24 5.26 1.96** 1.52*** 3.68*   

st d(1)
t d(12)

t d(36)
t d(60)

t d(120)
t 

qt 

GBP/DEM 
ADF − 1.48 − 1.48 − 1.47 − 1.59 − 1.83 − 2.70* − 3.04** 
PP − 1.53 − 1.53 − 1.54 − 1.67 − 1.87 − 2.60* − 3.11** 
DFGLS − 0.19 − 0.20 − 0.42 − 0.96 − 1.64* − 2.07** − 1.20 
ERS 24.00 23.37 17.50 9.00 4.43 3.02** 8.88 
NP MZa − 0.31 − 0.35 − 0.82 − 2.63 − 6.24* − 8.48** − 3.00 
NP MZt − 0.18 − 0.20 − 0.41 − 0.96 − 1.64* − 2.05** − 1.20 
NP MSB 0.59 0.58 0.5 0.36 0.26* 0.24* 0.40 
NP MPT 22.35 21.78 16.42 8.61 4.36* 2.92** 8.11 

Notes: The sample includes monthly data between January 1979 and January 2023. st : spot exchange rate; d(1)
t : 1-month maturity synthetic forward 

exchange rate, d(12)
t : 12-month maturity synthetic forward exchange rate, and so on; qt : real exchange rate. ADF: augmented test of Dickey-Fuller 

(1979); PP: test of Phillips-Perron (1988); ERS DF: DF test with GLS detrending suggested by Elliott-Rothenberg-Stock (1996); ERS FPO: feasible 
point-optimal test of Elliott-Rothenberg-Stock (1996), NP MZa & MZt & MSB & MPT: four tests suggested by Ng-Perron (2001). Null hypothesis is unit 
root for all tests. The 1%, 5%, and 10% critical values are the following. ADF and PP: –3.45, –2.87, –2.57. ERS DF: –2.57, –1.94, –1.62. ERS FPO: 1.96, 
3.23, 4.42. NP MZa − 13.8, − 8.1, − 5.7. NP MZt: − 2.58, − 1.98, − 1.62. NP MSB: 0.174, 0.233, 0.275. NP MPT: 1.78, 3.17, 4.45. ***, **, and * indicate 
rejection of the null hypothesis at 1%, 5%, and 10% significance level, respectively. Source: Authors’ calculations.  
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We estimate the long-run variance using the method of Newey and West (1987). 
We also use a non-parametric bootstrap test like those used in related papers, such as Mark (1995), Kilian (1999), McCracken and 

Sapp (2005), Engel and Wu (2023) and Eichenbaum et al (2021). We impose the null hypothesis of no predictability in the bootstrap 
data generating process corresponding to our baseline model specified in Eq. (15): 

st+1 − st = ε(1)t+1,1

d(n)
t+1 = θ3 + θ4 • d(n)

t + ε(2)t+1,1

(24)  

We estimate the bootstrap model (24) and store the estimated residuals. We sample with replacement the residuals for a sample of 
2000 plus the actual length of the time series. Like Eichenbaum et al (2021), we jointly sample the two residuals, ε̂(1)t+1,1 and ε̂(2)t+1,1, to 
preserve the contemporaneous correlations between them. Using the first actual observation of the data and the bootstrapped re
siduals, we recursively create bootstrapped time series for st and d(n)

t and then discard the first 2000 observations. We then compute 
forecasts based on model (15) and the random walk without drift using the bootstrapped sample in the same way as with our observed 
sample and calculate forecast statistics. We repeat this 5000 times to arrive at an empirical bootstrapped distribution of test statistics 
and calculate the p-value as the lower tail of this distribution from the test statistics for observed data. Eichenbaum et al (2021) 
specified two versions of the bootstrap data generating process: one in which the predictor (the real exchange rate in their case) is 
assumed to be stationary, and another in which it is non-stationary. Since we found that the predictor in our case, the long-maturity 
forward exchange rate, is stationary, we use only the stationary version of the bootstrap data generating process. 

We find that the Clark and West p-values and the bootstrap p-values are rather similar, which we demonstrate for the detailed 
DEM/USD forecasting results (Table 6). Since calculating bootstrapped p-values is time consuming, but the calculation of the Clark and 
West statistics is instantaneous, in most of this article we derive the p-values from the Clark and West statistics. 

The second indicator is the share of correct sign (i.e. direction of change) predictions relative to the spot exchange rate (DOCSk): 

DOCSk = 100 • P− 1
∑

I
(

st+k − st, ŝ(M)

t+k|t − st

)
(25)  

where the I(., .) is an indicator function having the value 1 if its two arguments have the same sign and zero otherwise. Therefore, this 
measure is calculated as a percentage where a value above 50 indicates our model predicts the direction of change well more than half 
of the time. We use the test developed by Pesaran and Timmermann (1992) to test the null hypothesis that a model has no power in 
predicting the direction of change in the exchange rate. 

The third indicator is the share of correct sign (i.e. direction of change) predictions relative to the forward exchange rate (DOCFk): 

DOCFk = 100 • P− 1
∑

I
(

st+k − d(k)
t , ŝ(M)

t+k|t − d(k)
t

)
(26) 

From a currency trading perspective, the share of correct sign predictions relative to the forward exchange rate is more relevant 
than predicting the direction of change relative to the spot exchange rate, because a forward transaction is settled at the forward rate. 
The deviation of the future spot rate from the forward rate (and not from the current spot rate) determines whether there is a profit or 

Table 5 
95 percent confidence interval of the slope parameter of the one-period regression for alternative maturities of the 
forward rate, using the local-to-unity robust estimator of Rossi (2007).   

DEM/USD GBP/USD GBP/DEM 

Regressor: 1-month synthetic forward rate 
Upper  0.0008  0.0062  0.0068 
Lower  − 0.0248  − 0.0085  − 0.0049  

Regressor: 3-year synthetic forward rate 
Upper  − 0.0047  0.0030  0.0052 
Lower  − 0.0391  − 0.0240  − 0.0134  

Regressor: 5-year synthetic forward rate 
Upper  − 0.0095  0.0005  0.0039 
Lower  − 0.0469  − 0.0325  − 0.0190  

Regressor: 10-year synthetic forward rate 
Upper  − 0.0176  − 0.0090  − 0.0003 
Lower  − 0.0593  − 0.0488  − 0.0306 

Notes: Equation estimated: st+1 − st = δ0 + δ1d(n)
t + εt+1. where st denotes the spot exchange rate;d(n)

t denotes the n- 
period maturity synthetic forward rate. The sample includes monthly data from January 1979 – January 2023. 
Source: authors’ calculations using the Matlab code of Barbara Rossi available at: https://sites.google.com/site/ 
barbararossiwebsite/Barbara-Rossi-research.  
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Table 6 
Out-of-sample forecast evaluation. baseline results for DEM/USD.   

Full sample, different forecast horizons  Different samples, 36 M forecast horizon  
1 M 3 M 6 M 12 M 24 M 36 M 48 M 60 M  1993–99 2000–06 2007–10 2011–23  

Mean squared forecast error (MSFE), random walk without drift = 100 
Model 3Y 99.54  98.71  97.41  92.33  84.58  74.14  67.44  62.15  57.15  56.51 279.59 49.81 
p (BS) (0.039)  (0.044)  (0.046)  (0.031)  (0.032)  (0.022)  (0.020)  (0.021)  (0.072)  (0.061) (0.943) (0.008) 
p (CW) (0.094)  (0.079)  (0.060)  (0.009)  (0.001)  (0.000)  (0.000)  (0.000)  (0.002)  (0.000) (0.999) (0.000) 
Model 5Y 99.32  98.17  96.16  89.91  81.27  70.29  62.86  56.31  42.39  44.47 336.63 54.29 
p (BS) (0.023)  (0.028)  (0.026)  (0.017)  (0.019)  (0.013)  (0.014)  (0.015)  (0.026)  (0.023) (0.968) (0.016) 
p (CW) (0.045)  (0.037)  (0.024)  (0.003)  (0.001)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000) (0.999) (0.000) 
Model 10Y 99.78  99.39  97.51  90.93  83.13  77.79  72.55  66.47  60.73  45.50 319.30 81.25 
p (BS) (0.058)  (0.062)  (0.040)  (0.018)  (0.021)  (0.025)  (0.029)  (0.028)  (0.069)  (0.022) (0.968) (0.106) 
p (CW) (0.013)  (0.011)  (0.007)  (0.001)  (0.001)  (0.001)  (0.000)  (0.000)  (0.000)  (0.001) (0.998) (0.000) 
Combined 99.14  97.75  95.32  88.38  79.31  69.69  63.35  57.58  44.10  46.19 310.51 56.24 
p (BS) (0.010)  (0.014)  (0.013)  (0.007)  (0.009)  (0.010)  (0.010)  (0.012)  (0.026)  (0.024) (0.960) (0.013) 
p (CW) (0.027)  (0.023)  (0.015)  (0.002)  (0.001)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000) (0.999) (0.000)   

Correct sign prediction compared to the spot rate, % 
Model 3Y 53.4  53.4  55.1  58.8  59.6  66.6  69.7  68.0  53.6  88.1 18.8 77.9 
p (0.029)  (0.018)  (0.003)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  n.a.  (0.000) n.a. (0.000) 
Model 5Y 52.6  52.7  55.6  59.3  58.0  66.0  68.9  67.2  63.1  86.9 18.8 71.7 
p (0.060)  (0.039)  (0.001)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.001)  (0.000) n.a. (0.000) 
Model 10Y 52.1  54.2  57.7  60.1  59.9  66.9  65.7  64.8  85.7  67.9 18.8 71.7 
p (0.166)  (0.024)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.001) n.a. (0.000) 
Combined 52.6  53.2  56.6  61.9  58.0  65.7  68.6  65.4  73.8  77.4 18.8 70.3 
p (0.089)  (0.039)  (0.001)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000) n.a. (0.000)   

Correct sign prediction compared to the forward rate, % 
Model 3Y 52.9  55.4  58.2  60.1  66.6  75.1  75.4  72.8  85.7  88.1 20.8 80.0 
p (0.038)  (0.005)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000) n.a. n.a. 
Model 5Y 51.9  54.2  57.9  60.1  66.8  76.5  76.6  73.7  88.1  91.7 20.8 80.0 
p (0.110)  (0.028)  (0.001)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000) n.a. n.a. 
Model 10Y 52.6  57.2  60.2  61.4  67.6  74.0  78.3  76.6  84.5  82.1 20.8 81.4 
p (0.088)  (0.001)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000) n.a. (0.000) 
Combined 51.4  54.9  58.7  61.7  69.0  79.6  78.6  76.3  94.0  97.6 20.8 80.7 
p (0.176)  (0.013)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000) n.a. (0.000)   

Mean annualized profit, % per year 
Carry trade 3.2  3.3  3.8  3.1  3.5  2.8  1.8  1.3  4.6  5.1 − 1.6 2.0 
p (=0) (0.037)  (0.023)  (0.004)  (0.002)  (0.000)  (0.000)  (0.000)  (0.002)  (0.000)  (0.000) (0.992) (0.000) 
Model 3Y 3.7  3.4  3.3  3.3  3.4  3.4  2.9  2.3  4.4  7.2 − 2.0 2.6 
p (=0) (0.022)  (0.019)  (0.012)  (0.002)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000) (0.998) (0.000) 

(continued on next page) 
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Table 6 (continued )  

Full sample, different forecast horizons  Different samples, 36 M forecast horizon  
1 M 3 M 6 M 12 M 24 M 36 M 48 M 60 M  1993–99 2000–06 2007–10 2011–23 

p (=CT) (0.404)  (0.472)  (0.623)  (0.453)  (0.532)  (0.028)  (0.008)  (0.005)  (0.843)  (0.001) (0.842) (0.004) 
Model 5Y 2.8  2.9  3.2  3.3  3.5  3.5  2.9  2.4  4.6  7.4 − 2.0 2.6 
p (=0) (0.054)  (0.037)  (0.014)  (0.001)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000) (0.998) (0.000) 
p (=CT) (0.567)  (0.575)  (0.640)  (0.421)  (0.497)  (0.012)  (0.004)  (0.001)  (0.603)  (0.000) (0.842) (0.004) 
Model 10Y 3.9  3.5  4.0  3.5  3.5  3.1  2.8  2.4  4.5  5.7 − 2.0 2.7 
p (=0) (0.022)  (0.014)  (0.002)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000) (0.998) (0.000) 
p (=CT) (0.385)  (0.447)  (0.458)  (0.337)  (0.505)  (0.186)  (0.012)  (0.002)  (0.981)  (0.279) (0.842) (0.001) 
Combined 3.3  3.1  3.3  3.6  3.8  3.7  3.1  2.6  4.9  7.8 − 2.0 2.6 
p (=0) (0.041)  (0.028)  (0.010)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000) (0.998) (0.000) 
p (=CT) (0.488)  (0.538)  (0.622)  (0.295)  (0.160)  (0.001)  (0.001)  (0.000)  (0.000)  (0.000) (0.842) (0.002) 

Notes: The forecasting model is described in Eq. (15). “Combined” refers to a combined forecast, whereby three forecasts are combined with equal weights from three models using alternative maturity 
synthetic forward rates, 3 years, 5 years and 10 years. The sample period includes monthly data from January 1979 to January 2023. Using the recursive estimation window, out-of-sample evaluation of 
forecasts was performed in the 1990–2023 period except in the last four data columns, for which the evaluation period is indicated in the heading. For MSFE. p (BS) is the bootstrap p value of testing the 
null hypothesis that the model MSFE is the same as that of the random walk against the one-sided alternative hypothesis that the model is better, based on 5000 bootstrap draws. p (CW) is the p-value of the 
same null hypothesis based on the test of Clark and West (2006, 2007). The p values for the sign predictions are based on the test of Pesaran and Timmermann (1992). This test assumes that both the 
predictor and the outcome change sign in the forecast evaluation period, which assumption is not satisfied for some of the sub-periods we consider (“n.a.” is indicated in these cases). For the mean 
annualized profit, p (=0) is the p value of the null hypothesis that the Sharpe-ratio is zero against the one-sided alterative that it is positive, while p (=CT) the p value of the null hypothesis that the Sharpe- 
ratio of our model-based forecast is the same as the Sharpe-ratio of the carry trade strategy, against the one-sided alterative that the Sharpe-ratio based on our model is larger. See the results for other 
currency pairs in Table A1 of the supplementary material. 
Source: authors’ calculations. 
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loss. We are not aware of papers calculating the share of correct sign predictions relative to the forward exchange rate. We again use 
the test of Pesaran and Timmermann (1992). 

The fourth indicator is the excess return on a trading strategy based on our forecasting model where a positive value indicates 
excess profit. For comparison, we also report the return on a simple carry trade investment strategy. 

The carry trade strategy on currency markets postulates that the currency with the higher interest rate is purchased by borrowing in 
a currency which has a lower interest rate. An equivalent carry trade transaction can be conducted in forward or futures markets, by 
buying a high-yield currency forward against a low-yield currency. The excess return, ignoring transaction costs and leverage, to the 
simple carry trade strategy is: 

r(CT)
t,t+k =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

d(k)
t − st+k if d(k)

t > st

0 if d(k)
t = st

st+k − d(k)
t if d(k)

t < st

(27)  

where r(CT)
t,t+k is the excess return of the carry trade strategy realized in time t + k for a forward transaction opened in time t for k-period 

ahead. For example, consider the UK pound sterling/USD dollar pair. When the UK interest rate is higher than the US interest rate 
(d(k)

t > st), the UK pound sterling is purchased against the US dollar and the return after k periods is d(k)
t − st+k. That is, if the UK pound 

sterling appreciates (st+k < st), remains unchanged (st+k = st), or depreciates less than the forward premium (st+k < d(k)
t ), a profit is 

realized. This return is in excess of the risk-free rate. To enter a forward or futures transaction, the investor must post collateral in the 
form of cash or appropriate high-quality marketable securities, such as a government bond. The investor earns interest income from the 
collateral. Therefore, the payoff for the forward transaction can be regarded as the return in excess of the risk-free interest rate, such as 
a government bond yield. Forward currency market transactions typically involve the use of leverage, as only a small percentage of the 
notional amount of the transaction (for example 4 %) is required by the financial intermediator as collateral. In our return calculations, 
we do not consider leveraged positions and transition costs.19 

The trading strategy return implied by our forecasting model is defined as follows: 

r(M)

t,t+k =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

d(k)
t − st+k if d(k)

t > ŝ(M)

t+k|t

0 if d(k)
t = ŝ(M)

t+k|t

st+k − d(k)
t if d(k)

t < ŝ(M)

t+k|t

(28)  

where r(M)

t,t+k is the excess return of an investment strategy based on model M realized in time t + k for a transaction opened in time t for 

k-period ahead. Continuing the example above, if our forecast suggests the UK pound sterling will appreciate (ŝ(M)

t+k|t < st), will remain 

unchanged (ŝ(M)

t+k|t = st), or will depreciate less than implied by the forward rate (ŝ(M)

t+k|t < d(k)
t ), the UK pound sterling is purchased 

against the US dollar and the return for period t + k is d(k)
t − st+k. 

Fig. 1. Out-of-sample forecasts and actual exchange rates, 1988–2028 Note: The panels show actual exchange rate movements (blue line in 
1988–2023) and out-of-sample forecasts for five years ahead (light red lines), starting, at each date, from the actual exchange rate. The latest 
forecast was made in January 2023 for the period from February 2023 to January 2028. Forecasts made in March, June, September and December of 
each year are shown. Although data was used in logarithmic form for estimation and forecasting, panels of this figure show data in their natural 
units (the price of one US dollar in terms of the other currencies in the first two panels and the price of one German mark in terms of the British 
pound sterling on the last panel). The forecasting model is defined in Eq. (15). The results of combined forecasts are reported, whereby three 
forecasts are combined with equal weights from three models using alternative maturity synthetic forward exchange rates, 3 years, 5 years, and 10 
years. The sample period includes monthly data from January 1979 to January 2023. Using the recursive estimation window, out-of-sample 
evaluation of forecasts was performed in the 1990–2023 period, with estimates starting in 1979 (corresponding to our baseline results). SOURCE: 
AUTHORS’ CALCULATIONS. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

19 See Darvas (2009) for the quantification of transaction costs and the impact of leverage on carry trade returns. 
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We report the mean annualized profit over our out-of-sample evaluation period. We test whether the mean annualized profit based 
on our model is larger than zero and whether it is larger than the profit of carry trade. We test these hypotheses by t-tests based on the 
Sharpe ratio (profit divided by its standard deviation), for which we estimate the long-run variance using the method of Newey and 
West (1987). 

6.3. Baseline results for the German mark / US dollar rate 

Our full-sample baseline results for the USD/DEM exchange rate indicate better-than-random walk forecasts for both short and long 
forecasting horizons, using three alternative maturity forward rates and four forecast evaluation criteria (first eight data columns of 
Table 6). The point estimates of the mean squared forecast error (MSFE) of our models are lower than that of the driftless random walk 
for forecasting horizons between 1 month and 5 years and for all alternative versions of our baseline model using different maturity 
forward rates. For all models, longer forecasting horizons are associated with stronger results relative to the driftless random walk. 
Table 6 also presents results from forecasts using the simple equally-weighted combination of the three models with alternative- 
maturity forward rates. Our findings corroborate findings from forecast combination literature (see e.g. Timmermann, 2006) 
showing a simple equal-weight combination performs well. Interestingly, the combined forecast outperforms the best individual model 
for six of eight alternative forecast horizons reported based on MSFE statistics. The improvement in forecast accuracy as measured by 
the MSFE of the combined model over the driftless random walk is 0.9 % for 1-month ahead forecasts, 11.6 % for 1-year ahead 
forecasts, 30.3 % for 3-year ahead forecasts, and 42.4 % for 5-year ahead forecasts. These are rather large improvements relative to 
models presented in past works. For example, Rossi (2013) analyzed the predictive ability of six single equation and two multiple- 
equation models for different sample periods staring between the 1960s and 1990s and ending in mid-2011 and found the bulk of 
the MSFE ratios are over 1 (or 100 if expressed it in percent) for both short-horizon (1 month or 1 quarter) and long horizon (4 years) 
forecasts. Among the 111 ratios reported for the 4-year forecasting horizon, only two were lower than 1, and both by only 1 percent. 

The two alternative ways for testing the null hypothesis that the MSFE of our model is the same as that of the random walk led to 
rather similar results, in line with the findings of Pincheira and West (2016). The exceptions are few and do not change the big picture. 

A visual representation highlights some great features of our forecasts. Fig. 1 indicates that our model was able to indicate both 
upward and downward turning points rather well, although many of the large excessive swings were forecasted to turn around earlier. 

Turning to direction of change predictions, our models predict the correct signs in more than half of the cases for all three alter
native models, as well as their combination, and for all forecasting horizons between one month and five years. At the one-month 
horizon correct sign predictions relative to the spot rate were made in 52–53 % of cases, while at the five-year horizon in 65–68 % 
of cases, which is large. All but one of these sign predictions are statistically significant at least at the 10 % level, and most of them are 
significant at the 1 % level. 

Correct sign prediction relative to the forward rate is even more impressive, with 73 %-80 % correct predictions at 3–5-year ho
rizons by the combined forecast. 

It is therefore not surprising that a trading strategy based on our model leads to profit. The annualized excess return amounts to 
about 3 percent per year, which is economically significant, given that the average annualized US dollar interest rate was 2.9 % for the 
one-month interbank rate and 4.2 % for the 10-year government bond yield from 1990 to 2023. The annualized excess returns are 
significantly larger than zero, though generally not significantly larger than the return based on carry trade on shorter forecasting 
horizons, but significantly larger on longer forecasting horizons. 

By assuming an initial investment value of 100, Fig. 2 visualizes the trading profit by considering one-month and three-year 
reinvestment decisions. That is, in the former case, the cumulative value of investment is reinvested according to our one-month 
ahead forecast for one-month horizon, while for the latter case, the investment decision is made in every third year based on our 

Fig. 2. Cumulative excess return to trading strategies based on our model and the carry trade, 1990–2023 Note: The values show the cumulative 
excess return to investment strategies based on our model (Eq. (28)) and the carry trade (Eq. (27)) for an initial 100 investment in December 1989, 
for monthly reinvestments based on monthly forecasts and three-year reinvestments based non-overlapping three-year forecasts. For our model 
defined in Eq. (15), the trading strategy based on combined forecasts is used, whereby three forecasts are combined with equal weights from the 
three models using alternative maturity synthetic forward exchange rates, 3 years, 5 years or 10 years. The sample period includes monthly data 
from January 1979 to January 2023. Using the recursive estimation window, out-of-sample evaluation of forecasts was performed in the 1990–2023 
period, with estimates starting in 1979 (corresponding to our baseline results). Source: authors’ calculations. 
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Table 7 
Sensitivity analysis and alternative models. Mean squared forecast error (random walk = 100).  

DEM/USD Full sample, different forecast horizons Different samples, 36 M forecast horizon 

1 M 3 M 6 M 12 M 24 M 36 M 48 M 60 M 1993–99 2000–06 2007–10 2011–23 

A) Baseline (15) 99.1 97.7 95.3 88.4 79.3 69.7 63.3 57.6 44.1 46.2 310.5 56.2 
(0.027) (0.023) (0.015) (0.002) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.999) (0.000) 

B) Estimation sample starts in 1985 (15) 100.0 99.8 98.3 92.3 81.6 73.9 67.8 63.9 76.1 52.0 266.6 47.9 
(0.019) (0.015) (0.008) (0.002) (0.001) (0.001) (0.000) (0.000) (0.000) (0.002) (0.995) (0.000) 

C) Panel (15) 98.9 97.1 94.3 87.7 79.4 70.5 65.1 60.9 50.6 53.5 265.5 52.9 
(0.025) (0.021) (0.013) (0.002) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.998) (0.000) 

D) VECM (16) 97.9 97.4 95.2 88.8 80.6 72.1 66.3 61.7 51.8 51.6 288.7 55.3 
(0.007) (0.017) (0.016) (0.003) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.999) (0.000) 

E) VAR in levels (17) 102.9 107.9 109.6 104.7 89.8 73.8 64.5 62.3 59.4 37.1 353.3 69.7 
(0.062) (0.091) (0.051) (0.008) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.999) (0.000) 

F) Autoregression (18) 100.1 100.5 100.8 98.5 95.2 91.3 88.0 85.1 102.1 84.4 174.4 60.9 
(0.428) (0.460) (0.443) (0.133) (0.018) (0.003) (0.000) (0.000) (0.214) (0.000) (0.999) (0.000) 

G) Spot e.r. & interest-dif. separately (19) 102.9 107.8 109.2 103.1 85.9 67.6 60.0 58.8 47.6 39.3 302.3 64.8 
(0.062) (0.092) (0.051) (0.007) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.998) (0.000) 

H) Interest rate model (20) 103.7 111.8 121.6 140.4 169.2 201.3 218.3 244.5 541.8 92.3 91.3 202.9 
(0.425) (0.545) (0.558) (0.655) (0.654) (0.695) (0.729) (0.900) (0.734) (0.040) (0.035) (1.000) 

I) Real exchange 99.9 99.6 98.8 95.0 88.2 82.4 75.4 69.6 78.8 71.2 99.6 111.2 
rate model (21) (0.203) (0.160) (0.109) (0.018) (0.003) (0.002) (0.000) (0.000) (0.010) (0.002) (0.309) (0.036) 
J) Spot e.r. & price level-dif. separately (22) 100.9 102.4 104.3 105.0 103.4 106.3 99.2 92.1 132.3 87.9 71.3 148.4 

(0.590) (0.622) (0.610) (0.415) (0.145) (0.161) (0.030) (0.003) (0.702) (0.052) (0.000) (0.932) 
K) Forward rate 100.7 101.9 103.7 107.5 113.8 120.7 116.6 107.8 148.7 117.1 70.0 124.2 

(0.844) (0.872) (0.932) (0.984) (0.999) (1.000) (0.997) (0.940) (1.000) (1.000) (0.002) (0.996)  

GBP/USD Full sample, different forecast horizons Different samples, 36M forecast horizon 

1M 3M 6M 12M 24M 36M 48M 60M 1993–99 2000–06 2007–10 2011–23 

A) Baseline (15) 99.6 98.0 94.8 92.6 82.7 78.4 72.4 73.7 91.9 71.1 67.4 85.6 
(0.036) (0.016) (0.009) (0.010) (0.001) (0.000) (0.000) (0.000) (0.020) (0.000) (0.008) (0.014) 

B) Estimation sample starts in 1985 (15) 100.9 100.7 98.2 100.1 93.9 97.2 93.6 98.8 170.5 60.6 68.3 111.6 
(0.035) (0.016) (0.008) (0.011) (0.003) (0.005) (0.002) (0.004) (0.814) (0.000) (0.008) (0.116) 

C) Panel (15) 99.3 97.5 94.6 91.6 82.7 78.7 74.2 75.2 90.1 81.5 63.0 80.5 
(0.030) (0.013) (0.008) (0.009) (0.002) (0.000) (0.000) (0.000) (0.028) (0.000) (0.008) (0.006) 

D) VECM (16) 99.3 97.6 95.0 92.9 83.0 77.8 72.3 73.9 86.2 74.9 65.4 84.8 
(0.036) (0.015) (0.009) (0.010) (0.001) (0.000) (0.000) (0.000) (0.009) (0.000) (0.008) (0.012) 

E) VAR in levels (17) 101.5 102.7 99.8 98.5 82.8 77.4 72.4 70.9 48.8 58.1 67.2 121.4 
(0.263) (0.236) (0.089) (0.040) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.013) (0.154) 

F) Autoregression (18) 99.8 99.1 97.7 95.0 87.8 84.9 80.1 76.1 49.6 71.6 67.6 132.2 
(0.129) (0.103) (0.076) (0.037) (0.003) (0.001) (0.000) (0.000) (0.000) (0.001) (0.019) (0.366) 

G) Spot e.r. & interest-dif. separately (19) 101.5 102.9 100.8 101.3 88.1 82.5 75.7 73.0 88.2 67.2 64.2 108.2 
(0.263) (0.255) (0.126) (0.088) (0.005) (0.001) (0.000) (0.000) (0.012) (0.000) (0.011) (0.113) 

H) Interest rate model (20) 103.1 108.5 112.4 124.9 133.3 139.0 140.1 144.3 243.9 154.4 79.8 105.1 
(0.589) (0.658) (0.640) (0.827) (0.847) (0.778) (0.726) (0.746) (1.000) (0.876) (0.008) (0.005) 

I) Real exchange rate model (21) 100.2 100.0 98.8 94.5 84.7 81.4 81.0 82.5 59.1 72.2 73.2 110.2 
(0.208) (0.168) (0.111) (0.026) (0.001) (0.000) (0.000) (0.000) (0.006) (0.000) (0.029) (0.085) 

(continued on next page) 
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Table 7 (continued ) 

J) Spot e.r. & price level-dif. separately (22) 100.8 102.2 103.1 101.8 95.8 93.9 89.1 84.9 110.0 69.4 69.3 128.2 
(0.411) (0.457) (0.396) (0.174) (0.022) (0.008) (0.002) (0.001) (0.586) (0.000) (0.022) (0.268) 

K) Forward rate 100.1 99.7 99.3 97.2 97.4 99.7 103.5 98.7 62.1 123.1 102.5 95.4 
(0.524) (0.464) (0.443) (0.310) (0.347) (0.483) (0.687) (0.424) (0.046) (0.995) (0.610) (0.250)  

GBP/DEM Full sample, different forecast horizons Different samples, 36M forecast horizon 

1M 3M 6M 12M 24M 36M 48M 60M 1993–99 2000–06 2007–10 2011–23 

A) Baseline (15) 99.9 99.3 98.3 96.5 94.3 93.6 94.6 96.8 97.9 87.7 82.8 102.7 
(0.135) (0.080) (0.038) (0.007) (0.001) (0.002) (0.007) (0.027) (0.237) (0.030) (0.000) (0.074) 

B) Estimation sample starts in 1985 (15) 100.4 100.0 98.7 95.1 89.2 87.7 91.0 97.2 79.4 153.4 66.8 96.8 
(0.148) (0.082) (0.042) (0.004) (0.000) (0.000) (0.001) (0.003) (0.002) (0.121) (0.000) (0.005) 

C) Panel (15) 100.6 101.4 101.1 99.1 93.9 91.2 83.0 78.4 75.4 79.9 84.9 140.2 
(0.092) (0.061) (0.030) (0.012) (0.002) (0.000) (0.000) (0.000) (0.006) (0.004) (0.000) (0.087) 

D) VECM (16) 100.7 99.5 98.5 95.6 92.1 90.1 89.1 90.1 88.4 84.6 83.0 107.1 
(0.240) (0.071) (0.042) (0.006) (0.000) (0.000) (0.000) (0.000) (0.000) (0.018) (0.000) (0.083) 

E) VAR in levels (17) 101.3 102.1 102.3 99.4 98.0 103.2 118.6 134.4 119.3 96.0 80.3 104.4 
(0.155) (0.115) (0.089) (0.025) (0.018) (0.059) (0.438) (0.761) (0.335) (0.051) (0.000) (0.129) 

F) Autoregression (18) 100.4 101.3 102.7 104.7 109.8 113.9 122.8 131.9 135.4 89.9 101.2 98.4 
(0.798) (0.831) (0.876) (0.860) (0.887) (0.920) (0.985) (0.990) (0.995) (0.036) (0.940) (0.093) 

G) Spot e.r. & interest-dif. separately (19) 101.3 102.0 101.7 96.1 87.3 82.0 81.5 77.7 66.3 85.4 82.8 114.5 
(0.155) (0.108) (0.070) (0.005) (0.000) (0.000) (0.000) (0.000) (0.000) (0.014) (0.000) (0.099) 

H) Interest rate model (20) 102.7 107.0 112.5 117.9 127.6 143.7 167.0 191.4 180.6 155.4 60.8 170.8 
(0.327) (0.299) (0.314) (0.281) (0.281) (0.367) (0.610) (0.708) (0.549) (0.603) (0.000) (0.777) 

I) Real exchange rate model (21) 100.1 99.7 97.7 92.7 79.7 70.6 65.5 69.0 55.8 186.2 54.2 57.7 
(0.071) (0.040) (0.016) (0.002) (0.000) (0.000) (0.000) (0.000) (0.000) (0.137) (0.000) (0.002) 

J) Spot e.r. & price level-dif. separately (22) 101.3 102.8 103.2 99.9 88.0 79.5 72.4 70.3 63.2 206.8 63.4 62.7 
(0.254) (0.178) (0.107) (0.019) (0.000) (0.000) (0.000) (0.000) (0.000) (0.255) (0.000) (0.001) 

K) Forward rate 101.1 102.6 104.3 106.5 108.9 105.2 100.3 98.6 120.6 149.8 73.9 88.4 
(0.919) (0.887) (0.908) (0.923) (0.905) (0.729) (0.514) (0.448) (0.954) (0.983) (0.000) (0.091) 

Notes: The number after the model’s name in the first column indicates the equation number that defined the model. For models using alternative maturity synthetic forward exchange rates or interest 
rates, the results of combined forecasts are reported, whereby three forecasts are combined with equal weights from the three models using alternative maturity synthetic forward rates or interest rates (3 
years, 5 years or 10 years). The sample period includes monthly data from January 1979 to January 2023. Using the recursive estimation window, out-of-sample evaluation of forecasts was performed in 
the 1990–2023 period except in the last four data columns, for which the evaluation period is indicated in the heading. p values are reported in parentheses of testing the null hypothesis that the model 
MSFE is the same as that of the random walk against the one-sided alternative hypothesis that the model is better, based on the test of Clark and West (2006, 2007). 
Source: authors’ calculations. 
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three-year ahead forecasts. The same exercise is done for the carry trade too. For the DEM/USD currency pair, the one-month rein
vestment horizon led to rather similar total cumulative returns for our model and the carry trade in 1990–2023, though return 
volatility is lower in the case of our model than for carry trade returns. For the three-year reinvestment horizon, 9 of the 11 decisions 
were the same for our model and for the carry trade. It is therefore not surprising that the overall performance over the 33-year period 
is rather similar for our model and the carry trade, even though our model led to much lower MSFE than the random walk.20 This 
finding suggests that better forecasting ability of a model than the random walk might not necessarily be associated with significantly 
better model-based return than the return on carry trade. 

The last four columns of Table 6 studies subperiod sensitivity for the 3-year ahead forecasts,21 by breaking down the pre-global 
financial crisis period into two subperiods, 1993–99, 2000–2006, a shorter period covering the crisis, 2007–2010, and the post- 
crisis period of 2011–2023. By all four forecast evaluation criteria, our model outperforms the random walk in the three longer 
subperiods, but not during the global financial crisis period. 

Possible explanations for the weaker forecasting performance of our model in 2007–2010 include the large increase in demand for 
safe assets, or ‘flight to quality’, and the initial impacts of unexpected unconventional monetary policy measures following the collapse 
of Lehman Brothers. Caballero et al. (2017) showed that the supply of safe assets halved relative to world GDP between 2007 and 2011, 
while the share of U.S. government bonds within safe assets rose dramatically. They argue that a drop in US treasury yields and a rise in 
the value of the US dollar played significant roles in absorbing the increased demand for safe assets. The unexpected announcement of 
large-scale asset purchases, or quantitative easing, by the Federal Reserve after the collapse of Lehman Brothers in September 2008 
might have altered the information content of the yield curve. Increased demand for government bonds and the introduction of various 
unconventional monetary policy measures also characterized some other countries. We hypothesize that a few years after the collapse 
of Lehman Brothers, market participants adjusted their expectations to the flight to quality phenomenon and unconventional monetary 
policy measures, which might explain why our excellent forecasting results was restored for the 2011–2023 period. 

Table 8 
Recursive vs rolling estimation. Out-of-sample forecast evaluation. Mean squared forecast error (random walk = 100). DEM/USD rate.    

Forecast horizon 

Estimation method Rolling estimation months 1 M 3 M 6 M 12 M 24 M 36 M 48 M 60 M 

rolling 60  102.1  105.6  103.6  98.9  93.3  88.3  99.9  97.7   
(0.102)  (0.161)  (0.056)  (0.014)  (0.001)  (0.000)  (0.004)  (0.003) 

80  101.2  102.8  100.9  94.3  103.7  115.0  118.3  117.0   
(0.056)  (0.060)  (0.021)  (0.001)  (0.025)  (0.111)  (0.133)  (0.086) 

100  101.7  104.4  104.2  100.0  107.8  116.8  118.9  115.1   
(0.144)  (0.171)  (0.091)  (0.017)  (0.074)  (0.170)  (0.175)  (0.081) 

120  101.3  103.6  103.9  100.7  104.8  100.7  94.7  92.7   
(0.117)  (0.140)  (0.087)  (0.025)  (0.068)  (0.037)  (0.012)  (0.006) 

140  101.4  103.4  104.3  100.9  96.0  87.0  82.7  77.6   
(0.188)  (0.188)  (0.134)  (0.031)  (0.018)  (0.014)  (0.006)  (0.001) 

160  100.9  102.3  103.6  100.2  95.9  84.3  77.3  70.4   
(0.157)  (0.145)  (0.125)  (0.033)  (0.033)  (0.015)  (0.003)  (0.001) 

180  101.6  103.6  105.8  102.2  90.8  73.2  64.2  57.4   
(0.186)  (0.139)  (0.110)  (0.022)  (0.011)  (0.003)  (0.000)  (0.000) 

200  99.8  98.9  97.3  88.5  75.7  60.5  54.3  48.8   
(0.038)  (0.029)  (0.020)  (0.006)  (0.004)  (0.001)  (0.000)  (0.000) 

220  99.0  97.5  95.3  86.3  73.9  61.0  54.0  48.3   
(0.026)  (0.024)  (0.018)  (0.003)  (0.001)  (0.000)  (0.000)  (0.000) 

240  99.0  97.4  95.2  87.4  76.9  64.8  57.3  52.3   
(0.026)  (0.023)  (0.017)  (0.002)  (0.001)  (0.000)  (0.000)  (0.000) 

recursive   99.1  97.7  95.3  88.4  79.3  69.7  63.3  57.6   
(0.027)  (0.023)  (0.015)  (0.002)  (0.001)  (0.000)  (0.000)  (0.000) 

Notes: The forecasting model is defined in Eq. (15). The results of combined forecasts are reported, whereby three forecasts are combined with equal 
weights from three models using alternative maturity synthetic forward rates, 3 years, 5 years and 10 years. The sample period includes monthly data 
from January 1979 to January 2023. Using either the recursive or rolling estimation windows, out-of-sample evaluation of forecasts was performed in 
the 1990–2023 period. p values are reported in parentheses of testing the null hypothesis that the model MSFE is the same as that of the random walk 
against the one-sided alternative hypothesis that the model is better, based on the test of Clark and West (2006, 2007). See the results for other 
currency pairs in Table A2 of the supplementary material. 
Source: authors’ calculations. 

20 Note that the 3-year trading simulation reported in Fig. 2 is a particular non-overlapping result, showing the cumulative value of an initial 
investment of 100 made in December 1989. The average annualized 3-year return results reported in Table 6 consider investments made in each 
month in December 1989 – December 1992, which average is significantly larger in the case of our models than the carry trade returns.  
21 3-year ahead forecasts shorten the effective out-of-sample evaluation period by three years, so our first subsample starts in 1993. 

Z. Darvas and Z. Schepp                                                                                                                                                                                             



Journal of International Money and Finance 143 (2024) 103067

21

6.4. Alternative models 

Results for the various alternative models listed in Sections 4.2 and 4.3 are summarized in Table 7. For models using either 3-year or 
5-year or 10-year maturity forward exchange rates or interest rates, we report the results from the equally weighted average of the 
three forecasts from the three versions corresponding to the alternative maturities. 

Our baseline model (15) outperform the random walk in both short- and long-horizon forecasts for all three currency pairs 
(Table 7). Results for the GBP/USD rate are almost as good as for the DEM/USD rate, while for the GBP/DEM rate the improvement 
compared to the random walk is smaller, nevertheless the MSFERk ratio is below 100 for all forecast horizons. 

In our analysis thus far, we have used the 1979–1989 sample period to form an initial estimate and evaluated our forecasts in the 
1990–2023 period. The US dollar experienced large price fluctuations in 1980–1984. As a robustness test, we shorten the estimation 
sample period to start in January 1985, but continue to evaluate the out-of-sample forecasts in 1990–2023. Block B of Table 7 shows 
that forecasting results are slightly weaker for the DEM/USD and GBP/DEM rates, and considerably weaker for the GBP/USD rate, 
though they still beat the random walk. Our generally favorable results for the longer sample period are likely related to the ability of 
our model to capture adjustments to the equilibrium value of the exchange rate, which can be better estimated using longer sample 
periods. We thus estimate the remaining models in the sample starting in 1979. 

The panel version of our baseline model, for which we force parameters θ2 and θ4 in model (15) to be common across currency 
pairs, but allow the intercepts, θ1 and θ3, to vary, leads to slightly better short-run forecasts and slightly worse long-run forecasts in the 
case of the two USD rates (block C of Table 7). For the DEM/GBP rate, short-run forecasts are slightly worse, while long-run forecasts 
are much better. 

The VECM specification (Eq. (16)), block D of Table 7) is slightly better at 1-month and 3-month forecasting horizons than our 
baseline model, while our baseline specification is somewhat better at longer-horizon forecasts for the two dollar rates. The opposite 
holds for the GBP/DEM rate. 

The VAR model (Eq. (17)), block E of Table 7), which uses the synthetic forward rate as the predictor but not in an error-correction 
framework, is worse than our baseline models, especially for short-horizon forecasts. Long-horizon forecasts are impressive from the 
VAR model for the two dollar rates, but poor for the GBP/DEM rate. These findings suggest that the forecasting ability of the synthetic 
forward rate comes from the error-correction mechanism we established in Section 3, while using this variable in an unconstrained 
form leads to poorer forecasts. 

The simple autoregression (Eq. (18)), block F of Table 7) forecasts well the two dollar rates (but less so than our baseline model), 
while it leads to poor results for the GBP/DEM rate. For the two dollar rates, the autoregression beats the random walk at least in longer 
forecasting horizons. This suggests that some spot exchange rates of the major advanced country currencies are not really random 
walks, confirming our intuition from the one-period regression in Section 5.2.22 

The model that includes the spot exchange rate and the interest rate differential as separate predictors (Eq. (19)), block G of 
Table 7) results in rather weak forecasts at forecasting horizons up to one year and good forecasts for longer horizons in the case of the 
two dollar rates. This finding highlights the importance of imposing the restriction implied by the long maturity synthetic forward rate 
on the linear combination of the spot exchange rate and the interest rate differential, in line with our theoretical derivation. It seems 
that allowing unconstrained parameters in the estimation can lead to noise, which harms forecasts. However, this conclusion should be 
nuanced when considering the GBP/DEM rate, for which short-horizon forecasts are weaker than our baseline, but long-horizon 
forecasts are excellent. 

The model which uses the interest rate alone as the predictor (Eq. (20)), block H of Table 7) is clearly the worst of all models 
studied. This finding highlights that our baseline model (15) markedly differs from a model that uses interest rates only. 

The real exchange rate model (Eq. (21)), block I of Table 7) does a good forecasting job, but it is inferior to our baseline model at all 
forecasting horizon for the two dollar rates. For the GBP/DEM rate, the real exchange rate model is also worse than our baseline model 
for short-horizon forecasts, but much better in long-horizon forecasts. The good forecasting performance of the real exchange rate 
model at longer forecasting horizons is in line with the findings of Cheung et al (2019), Ca’Zorzi and Rubaszek (2020), and Eichen
baum et al (2021). 

The model that includes the spot exchange rate and the price level differential separately (Eq. (22), block J of Table 7) performs 
worse than the real exchange rate model (Eq. (21), block I of Table 7). This suggests that the theoretical restriction imposed by the real 
exchange rate is important, while allowing unconstrained parameters in the estimation can lead to noise, which harms forecasts. 

Finally, the synthetic forward exchange rate as the prediction leads to MSFE ratios above 100 at all forecasting horizons for the 

22 Engel and Wu (2023) studied the forecasting performance of the autoregression for major currencies. Their work differs from ours in three major 
aspects. First, for multi-period ahead forecasts, they consider the long-horizon regression, st+k − st = θ1 +θ2 • st +εt+k,k with k>1, which suffers from 
estimation problems related to overlapping observations. We consider only the case of k=1 (for all our models). Second, they use a rather short, 5- 
year long, rolling sample size to estimate the model parameters. Our baseline forecasts use a recursive estimation, for which the initial 11-year-long 
estimation sample is gradually extended to 44 years. For both reasons, our parameter estimates are less subject to biases than their estimates. 
Nevertheless, we use the same bootstrap technique to test the statistical significance of forecasts as they do. Third, our out-of-sample forecast 
evaluation period, 1990–2023, is more than twice as long as the 2004–2020 evaluation period of Engel and Wu (2023). Related to the second 
difference, we emphasize that for our baseline model (Eq. (15)), which is not studied by Engel and Wu (2023)), we find that either the recursive 
estimation technique or relatively long (e.g. 20 years) rolling windows work the best, but our forecasts are weak when only a 5-year rolling window 
is used to estimate the parameters; see in Section 6.5. 
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DEM/USD rate, all but one forecasting horizons for the GBP/DEM rate, while the below-100 ratios for the GBP/USD rate are not 
statistically significant (block K of Table 7). In other words, UIP forecasts poorly. This finding confirms our intuition suggesting that 
while forward exchange rates are not unbiased predictors of future spot exchange rates, long-maturity forward rates can be used 
efficiently, in our error correction framework (Eqs. (15) and (16)), to forecast future exchange rate changes for both short and long 
forecast horizons. 

6.5. Recursive versus rolling estimation 

Up to this point, we have used recursive estimation for our forecasts, whereby we extended the last observation of the estimation 
sample by one month for each forecast round. We test the robustness of the forecasts from our baseline model to rolling estimation 
samples with varying lengths between 60 and 240 months. Table 8 (for the DEM/USD rates) and Table A2 in the Supplementary 
material (for the other two currency pairs) show forecasting results are weak when relatively short rolling windows are used for 
estimation and are conversely stronger for relatively longer rolling windows. In the case of the DEM/USD rate, the 220- and 240-month 
rolling window estimations led to somewhat better results than our benchmark results based on the recursive estimation technique for 
all forecasting horizons, while the 200-month rolling window is slightly better than the recursive estimation for longer (but not for 
shorter) forecast horizons. 

For the GBP/USD and GBP/DEM rates, the recursive estimation scheme strongly dominates all rolling estimation schemes in terms 
of forecast accuracy (Table A2, Supplementary material). The excellent forecasting results with the recursive scheme, and the 
improved forecast accuracy for longer rolling estimation windows compared to shorter rolling windows, indicate our model in
corporates longer-run tendencies in the form of an error-correction relationship, which can better be captured over longer periods. 

7. Summary 

This article presented a new model based on a novel combination of the general class of theoretical exchange rate models analyzed 
by Engel and West (2005) and the error-correction forecasting equation of Mark (1995) and Chinn and Meese (1995). We showed, 
using the example of the general form of money–income models, that in the exchange rate determination equation, the unobserved 
expected future exchange rate, Et [st+n], can be substituted out with the use of the n-period forward exchange rate, d(n)

t , which is an 
observed variable at time t, for any maturity n. Moreover, we demonstrated that the gap between the fundamental equilibrium ex
change rate and the actual exchange rate can be approximated with the forward exchange rate when its maturity is relatively long, 
such as five or ten years (large n), but not when the maturity of the forward rate is short, such as one month (small n). Since an error- 
correction model has the potential to forecast at both short and long-horizons, our theoretical derivation suggests that the long- 
maturity forward exchange rate has the potential to forecast the change in the spot exchange rate at any forecast horizon. For 
example, we insert the 10-year maturity forward exchange rate into the error-correction model to forecast the change in the spot 
exchange rate at all horizons between one month and five years. This error-correction forecast based on the long-maturity forward rate 
differs from the prediction of uncovered interest rate parity, which would use the 1-month forward rate to predict the 1-month-ahead 
exchange rate, the 2-month forward rate to predict the 2-month-ahead exchange rate, and so on. 

Using four forecast evaluation criteria in the 1990–2023 period to evaluate out-of-sample forecasts, we find that our new model 
significantly outperforms the driftless random walk in both short and long-horizon forecasting for the three bilateral pairs of the US 
dollar, German mark (euro since 1999), and British pound sterling, which three currency pairs account for 37 % of the global foreign 
exchange market turnover. The forecast accuracy of our models improves with the forecast horizon and is economically significant. 
Our model leads to impressive direction of change forecasting results, relative to both the spot exchange rate and the forward exchange 
rate, while a trading simulation based on our model forecasts leads to economically large excess returns. 

Our results are statistically significant and robust to alternate sample periods, single currency pairs or panel estimation, specifi
cation of the error correction model, and recursive versus rolling sample estimation provided that long rolling windows are used. Our 
baseline model outperforms several alternative models, such as the autoregression, the interest rate differential as the predictor, the 
real exchange rate as the predictor, and models in which the components of the forward exchange rate and the real exchange rate are 
allowed to have different parameters. The comparison of model forecasts highlights the importance of including the synthetic forward 
exchange rate in an error-correction specification, in line with our theoretical derivation. Our forecasting results are markedly better 
when using long estimation samples, either the recursive estimation technique or relatively long rolling windows, such as 20 years, 
than when using shorter rolling estimation windows. The improved forecast accuracy for longer estimation windows likely indicates 
our model incorporates longer-run tendencies in the form of an error-correction relationship, which can better be captured over longer 
periods. 

Our forecasting results exhibit a marked improvement over past works with a novel model that is based on a novel theoretical 
justification. Besides, in contrast to various overly complicated models in the literature, our forecasting model is extremely simple, 
linear, easy to replicate, and the data we use are available in real time and not subject to revisions. 

Our forecasting results suggest a close relationship between the expected components of long-term yields and the expected path of 
the exchange rate, with implications for exchange rate theories. Further research should develop theoretical models incorporating this 
relationship. 
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Data is downloadable among supplementary materials. 
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