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Foreign exchange returns exhibit behavior diffi-
cult to reconcile with standard theoretical mod-
els. This article asks whether the recent findings
of long swings in exchange rates between ap-
preciating and depreciating periods affect esti-
mates of the foreign exchange risk premium. We
demonstrate bow the “peso problem” introduced
by expected shifts in exchange rate regimes can
affect inferences about the risk premium in at
least two ways: (1) it can make the foreign ex-
change risk premium appear to contain a per-
manent disturbance when it does not; and (2) it
can induce bias in the foreign exchange return
regressions such as in Fama (1984).

Studies relating the predictable component in excess
foreign exchange returns to standard models of the
risk premium have proven largely unsuccessful. For
example, the results in Fama (1984) suggested that



ceeds the variability of the expected change in the exchange rate. Al-
though empirical findings concerning risk premium behavior such as
in this case can be reconciled theoretically with foreign exchange
models,1 empirical attempts to do so have not succeeded on the



floating rate period. We then test a restriction that the actual forward
premium equals the foreign exchange risk premium plus the expected
change in the exchange rate implied by the model. Strikingly, we
cannot reject this restriction. These results suggest that the regime
switches identified by our model may have been rationally anticipated
ex ante by market participants.

We next use our switching model to consider whether long-term
swings in the dollar might affect estimates of the risk premium. We
first consider the effects upon the observed persistence in the risk pre-
mium as reflected in its long-nm behavior. We begin by documenting
a new feature of excess return behavior that appears to be at odds with
standard risk premium models. We test the typical view that the spot
rate moves one-for-one with the forward rate in the long run. Interest-
ingly, we find that standard tests would reject this hypothesis. These
tests would imply that predictable excess returns on open forward po-
sitions have disturbances with the same degree of persistence as the
exchange rate itself. Since the exchange rate is often characterized as
following a random walk process, this result would say that the pro
cess of predictable returns also contains a random walk component.

We then use our switching model as a data-generating process to
ask whether rational expectations of potential shifts in the exchange
rate process could provide an explanation. Based upon Monte Carlo
experiments, we evaluate the likelihood that standard tests would re-
ject the hypothesis that forward rates and spot rates move one for
one in the long run when in fact they do. Interestingly, our experi-
ments show this likelihood is quite high. These results show that long
swings in the exchange rate can lead to size distortions in the tests of
the long-nm relationship between spot and forward rates.

We next use our switching model to consider whether long swings
in the exchange rate can shed any light on the well-known finding
that the forward premium overpredicts the subsequent change in the
exchange rate. Fama (1984) provided an interpretation of this find-
ing using regressions of exchange rate changes upon forward premia.
Using his identifying assumption that the covariance of the forward
premium is uncorrelated with exchange rate forecast errors, typical
coefficients in this regression imply that the variance of the risk pre-
mium is significantly higher than that of the forward premium. On the
other hand, expectations of shifts in the exchange rate process may
induce small sample serial correlations between the exchange rate
forecast error and the forward premium. If so, the standard identifying
assumption used in the Fama decomposition may be violated in stan-
dard sample sizes. To examine the effect of this violation upon stan-
dard inferences about the risk premium, we use our switching model
as a data-generating process to reexamine the Fama regression. We



find that anticipated switches bias downward the Fama coefficient and
contribute to a higher measured risk premium variance of between
3 percent for the yen and 22 percent for the pound. This finding is
consistent with the survey-based evidence in Froot and Frankel (1989)
that the Fama regression coefficient is biased by systematic forecast
errors.

The structure of the article is as follows. Section 1 develops the
switching model for the exchange rate. Section 2 provides new ev-
idence on the risk premium. Based upon standard techniques, the
evidence in this section finds that the spot and forward exchange
rates do not move together one for one in the long run. Monte Carlo
experiments based upon the model show that this result is likely to
be an artifact of long swings in the exchange rate. Section 3 describes
the effects of these swings upon the high frequency behavior of the
exchange rate. Concluding remarks follow.

1. The Switching Model

We begin by analyzing a switching model of the exchange rate that
generates long swings in the dollar. In the following sections, we will
show that this model is capable of explaining some of the anomalous
behavior associated with the observed risk premium.

1.1 A simple model of exchange rate switching
We develop our switching model in the context of a simple but quite
general framework that focuses upon the effects of forward-looking
behavior by traders. It should be stressed that our goal is not to de-
velop a-fundamentals-based model for the exchange rate, but rather to
use this framework to consider the general origins and consequences
of exchange rate switching. We will then incorporate the basic results
from this exercise into our empirical model below.

We posit that the exchange rate depends upon its expected change
as well as some current variables:

where st is the logarithm of the exchange rate (measured as ‘the foreign
currency price of dollars), α > 0 is a parameter, Et is the expectations
operator conditional upon time t information, and xt is the logarithm
of the composite effects of variables that affect the exchange rate. This
equation can be written more simply as
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Specifications like Equation (1a) have been considered extensively
in the literature on exchange rates.5 As such, Equation (1a) provides
a useful benchmark for our current purpose of asking how switches
in yt may affect the exchange rate.6

To examine how switches in the process for these yt variables
affect the exchange rate, we assume that they can follow two different
processes.7 Switches between the two processes are governed by a
state variable zt that takes the values of zero or one. Realizations of
yt from the process in state z are denoted by yt(z). We assume that
zt follows an independent first-order Markov process with transition
probabilities: 

The exchange rate must satisfy Equation (1a) regardless of the cur-
rent process generating yt. Expectations of next period’s exchange
rate, Etst+1, will depend upon the probability weighted average of
each state next period. Assuming market participants know that yt is
currently following the state z = i process at time t, then 

 for i ≠ j where Etst+l(z) is the condi-
tional time t expectation of the exchange rate at t +1 if yt+1 is realized
from the state z process at t +1. Substituting these expectations into
Equation (1a) gives

Rewriting this system of equations in-matrix form, we have

(2)

where St, Et St+1, and Yt are vector of state-contingent spot rates,
expected future spot rates, and variables that influence the exchange
rate, respectively, and where Λ Λ is the transition probability matrix.

Equation (2) describes the dynamics of the exchange rates when yt

is realized from a particular process. In regime z, the current exchange
5Empirical studies of (1') using standard rational expectations assumptions and specific measures
for yt, such as money supplies, have not adequately explained exchange rate behavior. See Meese
and Rogoff (1983). for example. More recently, Mark (1995) has found that monetary variables
have significant explanatory power for exchange rate movements over long horizons.

6Notice that in using (1') we are not taking a stand on the identify of yt.For our purposes, yt
could include endogenous as well as exogenous variables, and may follow arbitrarily complicated
processes. Moreover, we will show that the empirical implication of (1') are quite different when
there are switches in the process for yt than when yt follows a single process, as has been typically

7 In this article we do not model the switching behavior of fundamentals endogenously. However,
switches in the fundamentals process may reflect such influences as shifts in the behavior of
monetary regimes. For example, Kaminsky and Lewis (1993) find that U.S. monetary policy un-
derwent shifts between contractionary and expansionary regimes roughly consistent with dollar
appreciating and depreciating regimes during the late 1980s.



rate st(z) depends upon the weighted average of expected future
exchange rates from both regimes and the yt realized from the given
state, yt(z). Over time, the yt process will switch so that the observed
exchange rate, st, will be equal to st(1) or st(0) depending on the
value of the state variable zt:

Equations (2) and (3) provide a framework for examining how
switches in yt affect exchange rates. For tractability, it is useful to
focus on an example in which yt switches between simple processes.
For this purpose, we will examine a case where the yt processes each
follow a random walk with drift, a case that allows us to compare
our results to those of Engel and Hamilton (1990). The Appendix
presents solutions for the exchange rate when yt switches between
more general time series processes.
In our particular case, the vector Yt ≡ [yt(1)yt(0)]' follows

where A and , t are 2 × 1 vectors of drift coefficients and innovations
(with Et-1 , t  = 0), respectively. With this specification, we can solve
Equation (2) for St using the method of undetermined coefficients,
giving

where I is a 2 x 2 identity matrix.
Equation (5) shows that exchange rates depend upon the dis-

counted present value of the probability-weighted averages of drift
terms in all future periods and the present value of the current level
of yt. Note that even if current yt were the same across states so that
yt(1) = yt(0), the spot rates in each state will not be equal. In other
words, st(1) will not equal st(0) because the expected future evolution
between the two yt processes will differ across states, as captured by
(I - φΛ)φΛ)−1−1. . The Appendix shows that this feature of the exchange rate
model is not specific to these particular yt processes.

Taking the first difference of Equation (5) highlights the dynamics
of the exchange rate within a regime:

Changes in the exchange rate are equal to the change in yt weighted
by their discounted present value effect in all future periods, including
the transition probabilities of switching between states in all future
periods summarized in Λ.Λ.
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Our example solution for the equilibrium exchange rate incorpo-
rates the probability of switching between two different yt processes.
Comparing. this solution to standard present value solutions makes
this factor transparent. To do this, we rewrite Equation (2) as

(6)

The first two terms on the right-hand side of Equation (6) cor-
respond to the standard exchange rate equation for each state as in
Equation (2). The last term, 
is the expected jump in the exchange rate resulting from switches in
the yt process. To see the implications of this term on the exchange
rate within a regime, we iterate Equation (6) forward to obtain

(7)

Recall that St = [st(l)st(0)]' and Yt = [yt(l)yt(0)]'. Hence Equation (7)
shows that the exchange rate st(z) is equal to the present value of
yt in the current process z, and the present value of expected future
changes in the exchange rate caused by shifts in this process.8

We can identify two different factors affecting exchange rates from
Equation (7). First, innovations to the yt process affect the market’s
perception of the present value of future yt+j, j > 0. Second, new
information affects the expected future size of the jump in exchange
rates when switches in the process occur. In our solution for the
exchange rate in Equation (5a), these effects are identified by the
diagonal elements of (I - φΛ) φΛ) -1.

We have shown that shifts in the behavior of the underlying deter-
minants of the exchange rate will lead to accompanying jumps in the
exchange rate. Standard switching models of the exchange rate have
ignored these jumps, positing instead that switches in the exchange
rate simply involve changes in its dynamic behavior. Later, we allow
for the presence of these jumps in estimating a new switching model.

1.2 The econometric model
Our empirical, switching model is based upon the example presented
above. Combining the process for the exchange rate in, Equation (3)
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with the exchange rate solution in Equation (5a), the equilibrium pro-
cess of the exchange rate can be written as

where

and

Note from Equation (5a) that the drift parameters µ i and the innova-
tions η t(z) depend upon the underlying drift and innovations to the
yt processes, A and , t. Switches between regimes are governed by
the discrete state variable, zt, that takes on values of 1 or 0. This state
variable in turn follows a first-order Markov process with transition
probability matrix Λ.Λ.

The specification in Equation (8) differs from the exchange rate
switching model developed by Engel and Hamilton (1990). To see
how, we rewrite Equation (8) as

The first four terms on the right-hand side show that regime switches
affect the dynamics of the exchange rate as in the regime-switching
model of Engel and Hamilton (1990). However, our model also allows
the exchange rate to jump when the regime switches (i.e., when ∆ z ≠
0) through the last term.9 As explained above, such jumps are likely
when market participants revise discretely their expectations of the
future path of yt even if current yt are relatively unchanged.

Estimating this model requires identifying the jumps in the ex-
change rate associated with a change in regime. For this purpose, we
use the information in forward exchange rates through the identity that
the conditionally expected exchange rate equals the forward premium
plus the foreign exchange risk premium; that is, 
where ft is the logarithm of the time t forward rate on a contract to
buy or sell dollars next period and θ t, is the risk premium on this po
sition. Note that Et ∆ st+1can be written as the probability weighted
9In principle, we could allow the exchange rate to jump according to a different process. In the
absence of a model to econometrically identify these jumps on theoretical grounds,we allow
them to be determined by the difference between the two potential processes.
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average conditional upon each regime:

where λ i is the transition probability of remaining in regime i from
one period to the next. Setting Equation (10) equal to ft - st + θ t, and
solving for st(l) - st(0) implies

where

Within a regime, the expected size of the jump varies in response
to changes in both the risk premium θ t and the forward premium
ft - st. Thus, given an assumption about the behavior of the risk pre-
mium, we can use the forward premium and the parameters of the
model to identify st(l) - st(0). Since this term only affects the dy-
namics of the exchange rate in Equation (9) when ∆ zt ≠ 0, we only
need to know the risk premium when a change in regime occurs.
We therefore make the identifying assumption that the risk premium
θ t = θ (l) during switches from regime 1 to 0, and θ t = θ (0) during
switches from regime 0 to 1. With these restrictions, we use Equa-
tion (11) to identify the magnitude of the jump, [st(l) - st(0)], when
∆ zt ≠ 0 in our estimation Equation (9).10 Note that we do not re-
strict the time-varying behavior, of the risk premium within regimes,
so this identifying assumption is fairly weak. Below we examine the
sensitivity of our results to this assumption.

1.3 Results
We estimate our model using the spot and forward exchange rates
sampled at the end of the month from Citicorp Database Services for
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the period 1975 to 1989.11 In particular, we examine the exchange
rate for the U.S. dollar against the Deutschemark, the British pound,
and the Japanese yen.

Table 1 shows the results of estimating the model given by Equa-
tions (9) and (11) with maximum likelihood, using a modified version
of the Hamilton (1989) filter. We provide estimates at the monthly
frequency as well as the quarterly frequency for comparison with
the quarterly estimates in Engel and Hamilton (1990). The first two
columns show the estimates of the transition probabilities of staying in
each regime. The point estimates are mostly above 0.50, particularly
for the pound and the DM. The estimates on the drift terms, µ1and
µ0, indicate that these states reflect dollar appreciating and dollar de-
preciating states, respectively. The estimates of µ1 are positive, while
those of µ0 are negative.

Columns (5) and (6) report the estimates of the risk premium dur-
ing the period when the process switches from one regime to the
other. In column (5) the risk premium estimates of θ(1) are negative,
while in column (6) the estimates of θ(0) are positive, except for the
statistically insignificant quarterly pound estimates. These estimates
have an interesting interpretation. During periods before a switch to
a depreciating regime, traders willing to buy dollars forward required
a lower forward rate, ft, relative to the expected spot rate, Etst+i,
to compensate for the risk that the price of dollars at the spot rate
may fall. Therefore, θ(1) is negative. By analogous reasoning, θ(0) is
positive.

Columns (7) and (8) give the estimates of the variances in each
state. Consistent with Engel and Hamilton (1990), the variance of the
appreciating dollar state is higher than the depreciating state, except
for the pound where the pattern is reversed.

Columns (9) through (13) report the marginal significance levels
for a series of diagnostic tests. The columns labeled T1 and T2 report
those levels for the hypothesis that the first-order serial correlation of
the residuals is zero for states 1 and 0, respectively. None of these
hypotheses are rejected at the 95 percent confidence level, and the
restriction is rejected at the 90 percent confidence level only for the
quarterly pound in state 1. The columns with headings T3 and T4
report the marginal significance levels For LM tests that the first-order
ARCH coefficients are zero in the residuals, η t(z), for states 1 and 0,
1lThese data were kindly provided by Geert Bekaert and Robert Hodrick and are described in
Bekaert and Hodrick (1993). These series match up the current foward rate with the appropriate
spot rate on the actual corresponding delivery date. As such, this series treats complications such
as holidays and contracts expiring at the end of the month in the same way as they are settled in 
the foreign exchange market.
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respectively. Again, none of these statistics reject the hypothesis at,
standard confidence levels.

The model restricts the jumps between regimes,. st(1) - st(0), to
depend upon the forward premium as defined in Equation (11). In the
last column of Table 1 we provide a diagnostic test of this restriction.
We consider periods in which shifts occur and test whether changes in
the spot rate process over this period are consistent with the forward
rate restriction imposed upon the full model.

Combining Equations (9) and (11) we can write the restrictions.
between the spot and forward rates as

where, under the null hypothesis, bi = (1 - λ i)
-1 where, λ i are the

transition probabilities from the Markov process for zt.
Column (13) of Table 1 reports the marginal significance levels of

the LM tests of this hypothesis. As the numbers show, none of the LM
statistics are significant at the 5 percent level. Thus, we cannot reject.
the hypothesis that market participants rationally included the effects
of regime switches when forecasting future exchange rates.12 Engel.
and Hamilton (1990) also reported a test of the relationship between
the spot rate process implied by their Markov switching model and
the forward premium. They tested and rejected the hypothesis that
the expected future exchange rate from their model was equal to a
forward premium up to a white noise error term. In our case,  we
cannot. reject the hypothesis that the expected future exchange rate
generated by our model is equal to the forward premium plus our
estimates of the risk premium.

Figures 1,2, and 3 show some of the implications of the estimated
models using quarterly data. The upper panel of each figure plots the
logarithm of the exchange rate. The lower panel shows the probability
of being in regime 1, the appreciating regime, estimated from the
whole data sample (i.e., the smoothed probabilities). In the case of
the pound and mark, the long swings in the exchange rates closely
correspond to the estimated regimes. By contrast, the yen appears to
have been in a mildly appreciating regime for most of the sample,
12To test the sensitivity of our estimates to the assumption about the risk premia during regime
switches, we also estimated models where θ t= θ(1) + ω t(1) during switches from regime 1 to
0,and θ t= θ(0) + ω t(0) during switches from 0 to 1 where ω t(i) are normally distributed errors
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punctuated by short periods when the exchange rate switched to a
sharply depreciating regime.

2. Long-Run Behavior in the Risk Premium: A New Anomaly?

Past studies of foreign exchange returns have uncovered significant
anomalies in the high frequency behavior of returns. In this section,
we first show that an anomaly also appears to be present in the low
frequency behavior of returns.13 Based upon our model above, we will
then demonstrate that rational anticipations of long-term swings in the
exchange rate process can generate this low frequency behavior.
13Recent studies that have examined the long-run relationship in spot and forward rates include
Hakkio and Rush (1989) and McCallum (1992).
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2.1 The long-run relationship between spot and forward rates
From the definitions of spot and forward exchange rates, we can write
the speculative excess return on a forward contract in period t to buy
dollars in period t+l as

(13)

where θ t is the risk premium and et+l is the market’s exchange rate
forecast error.

Equation (13) illustrates why empirical studies typically treat ex-
cess returns as covariance stationary processes, called “I(0)” in the
literature. The equation shows that excess returns are comprised of
a risk premium, θ t, and a forecast error, et+l. Risk premia have been
considered stationary on theoretical grounds.14 And under rational ex-
14 For example, standard models of time-varying risk premia imply that risk premia are stationary
since they depend upon the time-series properties often change in consumption. See Grossman
and Shiller (1981) and Backus, Gregory, and Zin (1989) for some applications
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pectations, forecast errors follow a stationary process. Since the sum
of two stationary variables must be stationary, the sum of the risk
premium and the forecast error must also be stationary under the as-
sumptions above. By contrast, the levels of spot and forward rates
have been found to follow processes with very persistent shocks,
well-approximated as permanent disturbances. These disturbances are
covariance stationary only after differencing.l5 Processes with these
types of shocks have been denoted “I(1)” in the literature.

The requirement that both sides of Equation (13) must be stationary
places restrictions upon the relationship between spot and forward
rates. Specifically, if spot and forward rates are I(1), excess returns
will only be I(0) stationary when permanent shocks to st and ft cancel
out. This restriction has two implications for the long-run relationship
15 Meese and Rogoff (1983) and Meese and Singleton (1982) found that exchange rates follow a
random walk. More recently, Baillie and Bollerslev (1989) test directly for unit roots in exchange
rates and find that exchange rates and forward rates are cointegrated
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between spot and forward rates. First, it requires that the variables in
the vector defined as Xt ≡ [st+k, ft]' ∀ t be cointegrated. And second,
it places restrictions on the cointegrating relationship between these
variables. Specifically, a cointegrating vector is the linear combination
of st and ft that is stationary. In other words, if the cointegrating
vector is defined as a, then α′ Xt must be I(0) stationary. Clearly, if
excess returns are stationary, then the cointegrating vector, α, must be
equal to [1,
returns.16

-1] since premultiplying by this vector, α′ Xt, gives excess

Therefore, we can assess whether excess returns are stationary by
estimating the cointegrating regression of spot rates on forward rates
and testing whether the coefficient on forward rates equals one. In
other words, in the cointegrating regression,

a1 must be equal to 1 under the null hypothesis of stationary excess
returns.

It should be noted that Equation (14) differs from ordinary regres-
sions. Under the null hypothesis, the residual in the cointegrating
regression equals the sum of the time-varying component of the risk
premium and the forecast error (i.e., vt+1 = θ t - a0 + et+1). If both are
stationary, then the sum must be asymptotically independent of all
permanent shock components so that θ t, and et+1 cannot contaminate
the estimate of a1. 

17 In this case, we should find that al = 1.18

On the other hand, rejecting a1 = 1 implies that the process fol-
lowed by predictable excess returns shares the same persistence as
the forward rate process. To see why, subtract the forward rate from
both sides of the cointegrating regression of Equation (14) to yield

Since vl is stationary by construction, the effect of permanent shocks in
the forward rate upon excess returns will depend upon the coefficient
(a1 - 1). Clearly, if al equals one, excess returns depend only upon the
stationary term, vt. If a1 does not equal one, however, excess returns
will depend upon the stationary variable vt, but will also inherit the
permanent component in the forward rate.
l6 Technically, a need only be proportional to [1, -1] for α′ Xt to be stationary. In the cointegrating
regression, we will normalize the coefficient on st+1 to equal one so that the proportionality
coefficient also equals one.

17 See Stock (1987) or the surveys in Campbell and Perron (1991) and Diebold and Nerlove (1990).
18This test is valid only if ft are cointegrated and share a unique common trend. We test for

cointegration later.
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2.2 Cointegration test results
In order to test whether the estimates of a1 are significantly different
from one, two econometric issues need to be addressed. First, the
asymptotic distribution of a1 is nonnormal, invalidating OLS standard
errors. Second, the OLS estimates of the parameters in cointegtating
regressions are known to be biased in finite samples. For these two
reasons, we apply the bias adjustment and inference techniques de-
scribed in Stock and Watson (1989).19 For efficiency, we estimate the
system of three equations jointly. Details of the techniques are pro-
vided in the appendix.

The first two columns of Table 2 report the results from estimating
the cointegrating regression in Equation (14) using the spot bid rate
and the forward ask rate at horizons of 1 and 3 months using monthly
frequency data. Following Bekaert and Hodrick (1993), we construct
the excess returns from buying dollars forward at the market ask rate
and selling these dollars at the future bid spot rate.

Column (1) shows the coefficient estimates based upon OLS. As
these estimates show, the coefficients are all less than one. Column (2)
provides p-values for the hypothesis that a1 = 1 under different as-
sumptions about the structure of the residual process in each equa-
tion. The upper p-value corrects for conditional heteroskedasticity in
the regression residuals, while the lower p-value corrects for both
heteroskedasticity and serial correlation (an MA(2) process).20 These
p-values show that the null hypothesis is strongly rejected for the
Japanese yen and less strongly rejected for the German mark. On the
other hand, the results for the pound are sensitive to serial correlation
asumptions. The row labeled “Joint” strongly rejects the hypothesis
that the coefficients in the three equations are jointly equal to one at
both horizons.

All of these results are based upon equations that use bid spot rates
and ask forward rates. However, as noted by Stambaugh (1988), the
true value of the spot and forward rates may lie somewhere in be-
tween the bid and the ask rate. If so, our use of the ask forward rate
may introduce a measurement error into the right-hand side of Equa-
tion (14) that might bias the tests toward rejection. To consider this
possibility, we reestimated the equations using the average of the bid
and ask rates for both the forward and spot rates. If measurement er-
ror has important effects upon our estimates, then we should observe
725



Table 2
Cointegretion results

Columns (1) and (3) report the OLS estimates of a1 in the regresssion, where st, is the spot exchange
rate and ft is the k-month ahead forward rate. The regression are estimated with monthly data
from January 1975 to December 1989. Columns (2) and (4) show the p-values from Wald tests
of Ho: a1 = 1. The methods developed by Stock and Watson (1989) are used to account for the
finite sample bias in the OLS estimates of a1, when calculating these statistics. The upper p-value
allows for heteroskedasticity in the residuals, the lower value allows for heteroskedasticity and
serial correlation.
different results using the bid-ask average instead of the bid and ask
rates individually.

Column 3 of Table 2 reports the OLS estimates of a1 using the bid-
ask averages. These results are very similar to those in column (1) and
are even identical in most cases.

The similarity between the results using average bid-ask rates and
individual bid-ask rates indicate that our findings are robust to the
presence of measurement error in forward rates. On the basis of this
evidence, one might conclude that spot. and forward rates are not
cointegrated one for one, even though this is the implicit assumption
in studies of foreign exchange returns. Taken literally, this result im-
plies that fluctuations in excess returns have a permanent component.
Since conventional assumptions require forecast errors to be station-
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ary and uncorrelated with all current information, one interpretation
is that the risk premium is subject to permanent shocks.

2.3 Switching and cointegrating regressions
Our switching framework provides an alternative explanation to this
striking result. Intuitively when market participants anticipate a switch
in exchange rate regime, this anticipation creates a “peso problem”
in the expected exchange rate during periods when switches do not
materialize. During these periods, the “peso problem” may induce a
great deal of persistence in the deviation between the future realized
spot rate and the expected spot rate. While rational expectations im-
plies that forecast errors are serially uncorrelated over long samples,
the forecast errors during samples with few regime changes, as found
in Figures 1,2, and 3, may be sufficiently persistent to account for the
cointegrating results in Table 2.

To see why, note that the forecast errors based upon the switching
model in Equation (9) can be written

where Γ(1) = λ1 -1 and Γ(0) = 1 - λ0. During periods when there
is no change in regime so that ∆ zt+l = 0, forecast errors include
the “peso problem” term −Γ( zt)Et[st+1(1) - st+1(0)]. This compo-
nent is highly serially correlated as long as λι < 1 because the ex-
pected future exchange rates within each regime differ. In particular,
Et[st+1(l) - st+1(0)] contains two parts: first, the difference between
the two drift terms as in Engel and Hamilton (1990), µ1 - µ0, and
second, the expected size of the jump component, Et(st(l) - st(0)).
Of course, over sufficiently long periods, the sample will include
many regime changes so that errors in forecasting ∆ zt will be se-
rially uncorrelated. Since the expectation of the change in the regime
state variable, ∆ zt+1, equals its probability, Γ( zt), in large samples,
[∆ zt+1- Γ( zt)]Et[st+l(1) - st+1(0)] will be serially uncorrelated and
have an unconditional mean of zero.

To examine whether “peso problems” in the forecast errors could
have affected our cointegration results in Table 2, we conducted a
series of Monte Carlo experiments. In the first set of experiments,
we used the switching model estimates to generate an empirical dis-
tribution for the estimates of a1 in the cointegrating regression in
Equation (14). First, we used Equation (8) and our estimates of the
drift terms and the variances in each state, µ i and σ i, to generate a
sequence for st(z) equal to the length of our sample. We then drew
realizations for zt based upon the estimated transition probability ma-
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trix, and from these realizations generated a series for the observed
exchange rate process. The forward rate was constructed from these
series using Equation (11) under the assumption that the risk premia
were equal to our estimates of θ( zt) within each regime.21 The coin-
tegrating regression in Equation (14) was then run with the generated
spot and forward rates and the OLS estimates of a1 were saved. This
whole procedure was repeated 1000 times to generate an empirical
distribution for a1.

Column (1) of Table 3 reports the OLS estimates of a1 calculated
from the data.22 Column (2) shows the probability of observing the
OLS estimates of a1 when the data is generated by the switching
model. As the table shows, all the probabilities are above 30 percent.
Thus, if market participants rationally anticipate switches in the ex-
change rate regime and the risk premium is stationary, a researcher
would quite likely find estimates of a1 as low as we find in the data.23

Since “peso problems” occur only in small samples, it is natural to
ask whether the results in Table 2 could also be due to other small
sample effects. Columns (3) and (4) of Table 3 address this ques-
tion. These columns present p-values for the hypothesis that the OLS
estimates of a1 are equal to one based on the small sample distri-
bution of the Stock and Watson (1989) test statistics calculated from
Monte Carlo experiments. These experiments exclude the possibil-
ity of regime switching and are described in the Appendix. The p-
values in column (3) are based on experiments that assume condi-
tional homoskedasticity in the data generation process, while those in
column (4) are based on experiments that allow for conditional het-
eroskedasticity. As the table shows, the p-values based on the small
sample distributions of the Stock and Watson test statistics are typically
smallerthan those reported in Table 2. Thus, the cointegration results
do not appear to be explained by generic small sample problems.

Overall, the results in Table 3 show that standard cointegrating
regression tests are likely to find that spot rates and forward rates
as much as possible the serial correlation in excess returns. Thus, a finding that exchange rate
switching biases estimates of the cointegrating regressions in these experiments can only be
attributed to the “peso problem” effects. Serial correlation in risk premia can only add further bias
than we find below.

22The estimates in the lower panel differ from those in Table 2 because we estimated the coin-
tegrating regression with quarterly rather than monthly data to conform to the switching model
estimates.

23 In order to consider whether the evidence in Table 3 was sensitive to our particular characterization
of Jumps, we also conducted Monte Carlo experiments without allowing for jumps, as in Engel and
Hamilton (1990), and found similar results. However, the model without jumps cannot generate
time variation in expected exchange rates, a feature that will be necessary to explain the high
frequency behavior of returns.
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Table 3
Monte Carlo cointegration regressions

(14)
Column (1) reports the OLS estimates of a1 in the regression, where st is the spot exchange rate
and ft is the k-month ahead forward rate. The regression are estimated with monthly data for
k = 1 and quarterly data for k = 3. Column (2) reports the p-value for H0:a1= 1 based on
the empirical distribution for a1 calculated by Monte Carlo simulation of the switching models.
Columns 3 and 4 report p-values for H0:a1 =1 based on the small sample distribution of the
test statistic. These distributions are generated by Monte Carlo simulation and account for the
finite sample bias in the estimates of a1 but ignore the presence
columns (3) and (4) are calculated from simulations that assume the residuals in Equation (14)

of switching. The p-values in

are homoskedastic and heteroskedastic, respectively.
do not move together one for one in the long run if the exchange
rate switches between processes of appreciation and depreciation.
Intuitively the expectation of a switch from an appreciating to a de-
preciating dollar regime implies that forecast errors will be serially
correlated for periods in which this shift is not realized. This “peso
problem” induces a small sample serial correlation in forecast errors
that has a great deal of persistence. Our experiments show that this
serial correlation biases the estimates of the cointegrating regression
coefficients.

3. High Frequency Behavior of the Risk Premium: How Much Is a
“Peso Problem?”

We will now examine whether “peso problems” due to long swings in
the exchange rate can help explain some of the anomalous behavior
in excess returns at high frequencies.

3.1 Switching and higher frequency movements in the risk
premium
The empirical exchange rate literature has documented that the for-
ward premium, ft - st, is a biased predictor of the future change in the
exchange rate, ∆ st+1. The nature of this finding has been interpreted
as evidence that the time varying risk premium is correlated with the
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forward discount. To see why, consider the regression due to Fama
(1984):

Using the identity,  and the
standard rational expectations assumption that the covariance be-
tween the forward premium and the forecast error is zero, that is,

 least squares theory implies that the
estimate of β is

Under this assumption, an estimate, of β different from one implies
covariation between the risk premium θ t, and the forward premium.

In practice, the coefficients in this regression tend to be significantly
negative. Based upon Fama’s decomposition of the β coefficient in
Equation (18), negative estimates imply that the variance of the risk
premium exceeds the variance of the forward premium.24 While neg-
ative estimates such as these can be reconciled with the theoretical
predictions of the asset pricing model for foreign exchange, empirical
attempts to do so have been unsuccessful, as described in the intro-
duction. Thus, from the perspective of standard rational expectations,
the regression results represent a puzzle.

The importance of the “peso problem” in explaining the anomalous
low frequency behavior of foreign exchange returns in Table 2 sug-
gests that this problem may contribute to the high frequency puzzle
as well. When market participants anticipate shifts in the exchange
rate process, forecast errors may be serially correlated during peri-
ods when the switches do not occur. Therefore, the condition that

 used to derive the Fama decomposition
in Equation (18) may not hold within the sample.

To see the effects of switching more clearly, consider a projection
of the risk premium upon the forward premium,

where ut is the component of the risk premium that is uncorre-
lated with the forward premium. 2 5Thus, the decomposition in Equa-
tion (18) implies that β = 1 + θ. In the presence of exchange rate
2 4 In particular,  since .       In turn, this inequality implies that
Finally,this last inequality can only be true if 

25 In Equation (19), we have subsumed the constant term for expositional clarity. However, none
of our main conclusions would be altered by including this term.
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switching, this decomposition may not hold except in very large sam-
ples. To see why, we use Equation (19) to substitute for θ t, in Equa-
tion (11). Substituting the resulting expression for the difference in
spot rates for st(1) - st(0) in Equation (9), we obtain

This equation expresses the exchange rate change in terms of the
forward premium and the components of the switching model.

In the presence of exchange rate switching, the estimates of β de-
pend upon the covariance between the forward premium and each of
the components on the right-hand side of Equation (20). The potential
biases to  in small samples can be evaluated by considering these co-
variances. For this purpose, note first that the last three terms depend
upon errors uncorrelated with the forward premium. In particular, ut

is uncorrelated with ft - st through Equation (19) and η t+l(i) are in-
novations uncorrelated with all variables known at time t. Therefore,
the estimates of β can only be affected by the first two terms on the
right-hand side of Equation (20).

The first term on the right-hand side of Equation (20) incorporates
the effects of the expected change in the exchange rate. The effects of
the current drift in the exchange rate, ztµ1+ (1 - zt)µ0, depends upon
the deviation of the change in the switching process, ∆ zt+l, from its
expected change, Et ∆ zt+l = Γ( zt). Thus, the deviation of Γ( zt) from
∆ zt+1 represents an expected switch in regimes not realized during
a particular period. In large samples this deviation will be serially
uncorrelated and will have an unconditional mean of zero.

The second term captures the effects of the covariation between
the risk premium and the forward rate. In samples with many switches
in regime, the unconditional mean of ∆ zt+1 / Γ (zt) will equal one so
that β = (1 + θ) as in the Fama decomposition. In small samples,
by contrast, the deviation between ∆ zt+1 and Γ (zt) may introduce
additional small sample bias into the estimate of β.

3.2 Empirical evidence
To evaluate the potential biases introduced by the long swings in
the exchange rate, we reestimated the standard Fama regression and
then asked how much the “peso problem” generated by the switching
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Table 4
Monte Carlo Fama regressions
model contributed to the typical findings. Specifically, we estimated
Equation (17) by OLS and constructed the estimate of 
Column (1) of Table 4 shows the implied estimates of θ from these
regressions. Notably, all of the estimates are negative and exceed three
in absolute value. Column (2) gives the p-values based on t tests
(adjusted for heteroskedasticity) for the hypothesis that θ = 0. The
marginal significance levels on all the statistics are much less than l%,
indicating a very strong rejection of the hypothesis.

To study how the estimates of θ may be affected by “peso prob-
lems,” we then conducted the following Monte Carlo experiment.
First, we generated data on spot rates from Equation (8) using the
estimates of λ i, µ i, and σ i

2 in Table 1, Next, we substituted the ex-
pression for the risk premium in Equation (19) into Equation (11) and
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solved for the forward rate, setting θ equal to  Based upon
the generated forward and spot rates, we then ran the Fama regres-
sion of Equation (17) and saved the OLS estimates of θ as θ∗. We
repeated these steps 1000 times to form the empirical distribution for
θ∗. Comparing this distribution against θ allows us to examine the bias
induced by the “peso problem” relative to the standard assumption
that the predictable excess return is entirely due to the risk premium.

Column (3) of Table 4 reports the mean of the bias, θ∗ - θ, based
upon the Monte Carlo distribution (the median values were essentially
the same). While the Fama coefficient is biased downward in all cases,
the mean bias is a good deal larger for the pound and the mark than.
for the yen. The standard deviations of the bias shown in parentheses
demonstrate that the distributions of the bias are quite spread out.
This observation further emphasizes the problems in using standard
asymptotic theory as in column (2) to draw implications about the
risk premium.

We also used the Monte Carlo experiments to examine how much
“peso problems” contribute to the measured variability in the risk
premium from the Fama regression. To answer this question, we gen-
erated the empirical distribution of θ∗/θ. This ratio is equal to the stan-
dard deviation of the measured risk premium divided by the standard
deviation of the risk premium implied by the Fama interpretation.26

Column (4) reports the mean and standard deviation of θ∗/θ. In all
cases, the mean value for θ∗/θ implies that the standard deviation of
the measured risk premium exceeds the true risk premium imposed
on the experiment. For the pound and the mark, the standard de-
viation of the measured risk premium are about 20 percent higher
than the actual standard deviation (i.e., the estimates are near 1.2),
while the values for the yen are about 3 percent higher. Column (4)
also shows that the empirical distribution of these measures are quite
disperse, again underscoring the difficulty of using standard infer-
ence techniques to interpret the behavior of the risk premium when
“peso problems” are present. These results are consistent with recent
evidence using options data in Bates (1994) and Baily and Kropy-
wiansky’s (1994) finding that the “peso problem” can partially, but
not fully, explain the forward discount bias.

Overall, these results place some new perspective on the interpret-
tation of the Fama regression results. The conventional interpretation
suggests that the risk premium covaries strongly in the opposite direc-
tion of the forward premium. Our findings suggest that anticipations of



exchange rate regime shifts biases the regression coefficients toward
this finding. Also, the presence of this “peso problem” contributes to
an upward bias in the measured variability of the risk premium.

4. Concluding Remarks

The behavior of foreign exchange returns has been dificult to recon-
cile with standard theoretical models. In this article, we have shown
that some of this anomalous behavior can be explained by rational
expectations about shifts in the exchange rate between appreciating
and depreciating processes. In this case, predictable excess foreign ex-
change returns over periods with infrequent switches are affected by
small sample serial correlation in forecast errors. The “peso problem”
induced by anticipations of future switches in exchange rate regimes
appear to explain an apparent permanent shock to the risk premium
as well as an important fraction of the risk premium variability. This
evidence suggests that long swings in the exchange rate can have
important effects upon inferences about the risk premium.

A p p e n d i x

A.1 More general exchange rate solutions
In this appendix we describe how the exchange rate switching model
presented in Section 1 can be solved with more general fundamentals
processes. We also present an example in which the exchange rate
jumps when there is a switch in regime even though there is no jump
in the fundamentals process.

We consider solutions to the switching model in which the vector of
fundamentals Yt ≡ [yt(1), yt(0)]' follows a vector ARIMA process. In
order to solve for the equilibrium vector of possible exchange rates,
St ≡ [st(l), st(0)]', we first write the ARIMA process in companion
form:

(A1)

where Yt = HWt. Depending upon the order of the ARIMA process,
the vector Wt, includes current and lagged values for Yt, and lagged
errors , t. B0 is a vector of constants, B a matrix of autogressive param-
eters, and C a matrix of constants. The matrix H selects the elements
in Yt from Wt. In the case of the random walk specification examined
in the text, Wt =Yt, B0= A, and B = C = I2.

As an alternative example, suppose that the fundamentals in each
regime followed an ARIMA(1, 1, l):
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The companion form for this model is

where Yt = [I2 0]Wt.
To solve for the equilibrium vector of possible exchange rates, we

posit the solution,

where ΠΠ00   is a 2 x 1 vector and ΠΠ11   is a matrix of undetermined coef-
ficients. Using this expression to substitute for St and EtSt+1 in Equa-
tion (2) in the text, we obtain

Substituting for EtWt+1 with Equation (Al), this expression can be
rewritten as

Since Equation (A4) holds for all values of Wt, ΠΠ00   and ΠΠ11   must satisfy
735



Explicit solutions for the unknown elements of Π0 and Π1 are easily
found from these equations:

[To derive these expressions we used the fact that for any c&formable
matrices, M, N, and 0, Vec (MNO) = (O' ⊗ M) Vec (N).]

The more general solution for St, in Equations (A3) and (A5) shares
features with the solution presented in the text. As there, the dynamics
of exchange rates within a regime mirror the dynamics of fundamen-
tals, in this case given by the vector Wt. Furthermore, insofar as the
elements in the rows of B0 and B1 differ from each other, our solu-
tion shows that the rows of ΠΠ00   and ΠΠ11   will also differ. This means
that changes in the regime induced by switches in the fundamentals
process will generally be accompanied by jumps in the exchange rate.

To this point, we have only considered examples where a switch
in the fundamentals process is accompanied by a jump in yt. To em-
phasize that the exchange rate will jump when the regime switches
even when there is no jump in yt, suppose fundamentals followed
the process

Here only the drift in the random walk varies when zt changes from
1 to 0. There is no accompanying jump in yt. Engel and Hamilton
(1990) propose a similar process for the nominal exchange rate.

To solve for the exchange rate, we first rewrite Equation (A6) in
vector form

where yt(i, j) represents the value for yt, when zt = i and zt+l = j.
Next, we rewrite Equation (2) to conform with Equation (A7). For
this purpose, we redefine St as [st(l, l)st(0, l)st(l, 0)st(0, 0)]' and the
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matrix of transition probabilities

We can solve for the equilibrium St with Equation (A7) and the re-
vised version of Equation (2) following the steps described above.
The solutions for Π0 and Π1 are again given by Equation (A5) with
H = I4. Simplifying these expressions and substituting the results into
Equation (A3) gives

and

where Ψ
Here we see that the constants in

both equations differ from each other so long as µ(l) ≠ µ(0). There
will therefore be a jump in the exchange rate when the trend in the
fundamentals processes switches.

A.2 Estimation methods for the cointegrating regressions
In this appendix, we describe Stock and Watson’s (1989) method to
adjust for simultaneous equation bias in the cointegrating regression
in Equation (14). For a more detailed and thorough discussion, see
Stock and Watson (1989).

For notational simplicity, note that Equation (14) may be written as

where u1t and u2t are stationary, and the constant term is omitted for
simplicity. We are interested in testing a1 = 1. Since the forward rate
ft contains a stochastic trend component that is the cumulation of a
component of u1t, Cov (ft, u1t) ≠ 0. Therefore, the estimate of a1 will
be biased in any finite sample. Inferences based on the estimates of al

must take account of this bias. Note that this bias arises even though
the estimate of a1 is consistent. We use two versions of the Stock and
Watson procedure to adjust for the bias.
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A2.1 Single equation estimation and testing. To test whether
a 1= 1 equation by equation, we rewrite Equation (A7) as

where β (L) is a polynomial in the lag operator, L, that is, β (L) =

The idea to rewriting Equation (A7) in this form is to include as many
leads and lags of ∆ ft on the righthand side of the equation to make u1t

independent of ft. This implies that the asymptotic distribution of the
OLS estimator of a1 is normal. Intuitively, including the leads and lags
of ∆ ft on the right-hand side "soaks up” the simultaneous equation
bias. Note that since u1t will be serially correlated in general, the Wald
test of a1 = 1 from Equation (A9) should also use the Newey and West
(1987) estimator for the covariance matrix. The results reported in
Table 2 are based on estimates of a1 from Equation (A9) that include
three leads and lags of ∆ ft. The upper p-values are calculated from
Wald statistics that allow for conditional heteroskedasticity in u1t. The
lower the p-values are calculated from the Wald statistics that allow
for conditional heteroskedasticity and MA(2) serial correlation in ult.
The results reported in the table are not sensitive to these choices,

A.2.2 Joint equation estimation and testing For the joint equa-
tion estimation, we rewrite equations Equations (A7) and (A8) in their
stacked equation form:

where are 3 x 1 vectors of spot and forward rates, 
3 x 3 matrix, and  are 3 x 1 vectors of errors. Writing the errors in
terms of the primary innovations, we have the representation

where the vectors of innovations  are independent, C11(L) and
C22(L) are one sided and C12(L) is a two-sided polynomial matrix in
the lag operator. For more details, see Stock and Watson (1989).

Using this representation, we can write Equations (A7a) and (A8a)



To estimate Equation (A10), we stack the three individual equa-
tions:

 and the t th
Then, defining S as a consistent

estimate of the long-run covariance matrix of  the estimator of δ  is
given by

The asymptotic variance of this estimator is given by

where  can be esti-
mated with the Newey arid West (1987) estimator allowing for both
serial correlation and heteroskedasticity. Notice that our estimator is
essentially an instrumental variable estimator using M as instruments.
The properties of this estimator are discussed in Hansen and Phillips
(1990).

The p-values for joint tests for a1 = 1 reported in Table 2 are cal-
culated from the Wald test of a1 = 1 in all three equations. These
tests use the elements of  and so account for the finite sample bias
in the OLS estimates of a1. The estimates are calculated allowing for
three leads and lags of ∆ ft in each of the equations. The upper p-
values are calculated from a Wald statistic that allows for conditional
heteroskedasticity in the construction of Var( δ ). The lower p-values
are calculated from a Wald statistic that allows for conditional het-
eroskedasticity and MA(2) serial con-elation in the construction of
Var( δ ). Again, the results reported in the table are not sensitive to
these choices.

A.2.3 Description of the Monte Carlo experiments in Table 3
The Monte Carlo p-values reported in columns (3) and (4) of Table 3
we calculated as follows:

(i) We estimated the Stock-Watson version of Equation (14) [see
Equation (A9)] with monthly data saving the residuals and the
coefficient estimates. As discussed in Stock and Watson (1989),
the residuals from this equation are independent of the entire se-
quence of the right-hand side variable and so can be treated as
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strictly exogenous. In cases where k = 3, the residuals contain
overlapping forecast errors and so it is necessary to remove the
induced serial correlation before sampling. For this purpose we
estimated AR(2) models for the residuals and used the estimated
errors in the sampling procedure described in (ii) below.

(ii) In the experiments that assumed conditional homoskedasticity,
we then drew randomly from the distribution of residuals in
the data. In the experiments that allowed for conditional het-
eroskedasticity we first estimated a third-order ARCH process with
the residuals. We then scaled the residuals by the predictions of
the ARCH model and drew randomly from the scaled distribution.
Finally, we resealed the distribution of residuals using predictions
from the ARCH process.

(iii) We took the coefficient estimates for a0 (and the Stock-Watson
coefficients), set a1 = 1, and generated a time series for st+k equal
to the number of observations in the sample. In cases where k =
3, we used the estimates of our AR(2) model to generate a new
set of serially correlated residuals (due to the forecast overlap)
from which we then generated a new time series for st+k.

(iv) Using the generated time series for st+k on the left-hand side,
we estimated the cointegrating regressions in Equation (A9) and
saved the Wald test statistic for H0: a1 = 1. These statistics use
estimates of the covariance matrix that ignore the presence of
heteroskedasticity and serial correlation in the residuals.

(v) We then repeated steps (ii) through (iv) 1000 times to form empir-
ical distributions for the Wald statistics under the null hypothesis
of a1= 1.

(vi) The p-values reported in columns (3) and (4) are calculated by
comparing the empirical distributions of the Wald statistics against
Wald statistics for H0: al = 1 from the actual data, ignoring the
presence of heteroskedasticity and serial correlation in the resid-
uals.
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