Long Swings in the Dollar:
Are They in the Data and Do Markets Know [t?

By CHARLES ENGEL AND JAMEs D. HaMmiLTON*

The value of the dollar appears to move in one direction for long periods of time.
We develop a new statistical model of exchange rate dynamics as a sequence of
stochastic, segmented time trends. We reject the null hypothesis that exchange
rates follow a random walk in favor of our model of long swings. Our model also
generates better forecasts than a random walk. The specification is a natural
framework for assessing the importance of the “peso problem” for the dollar. We
nonetheless reject uncovered interest parity. (JEL 431)

Why did the dollar rise so dramatically in
the early 1980s only to fall precipitously
afterward? Explanations have focused on
such factors as the effects of U.S. monetary
and fiscal policy on real interest rates
(Jeffrey Frankel, 1988, and Martin
Feldstein, 1986), lower capital taxes (Olivier
Blanchard and Lawrence Summers, 1984),
or a “safe haven” effect (Michael Dooley
and Peter Isard, 1985).

Important features of the dollar’s move-
ments are difficult to reconcile with these
explanations under the dominant models of
exchange rate determination. Figure 1 plots
the number of U.S. dollars required to
obtain a German mark, French franc,
or British pound over the period 1973 :111-
1988:1.! One is tempted to share Feldstein’s
(1988, p. 21) summary of these data: “the
dollar has experienced three big swings.”
The first of these is marked by a sustained
rise of foreign currencies against the dollar;
between the beginning of 1977 and the end
of 1979, the mark gained 33 percent against
the dollar, the franc gained 21 percent, and
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The data are normalized so that 1973:11I = 1.0 for
all three currencies.
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the pound 26 percent. This was followed by
a five-year surge in the dollar, at the end of
which these three European currencies fell
60-90 percent (logarithmically) against the
dollar. Early in 1985, foreign currencies once
more began to rise, gaining 50-70 percent
against the dollar by the end of 1987.

The apparent long swings in the exchange
rate pose important challenges for existing
theory. In Rudiger Dornbusch’s (1976)
model, a monetary or fiscal policy change
that drives up real interest rates results in a
one-time upward jump in the value of the
dollar. The dollar is then supposed to de-
preciate steadily, so as to equate expected
returns across countries. Yet as Dornbusch
himself noted in 1983,

The [overshooting] model for the real
interest rate does well in explaining
that a rise in U.S. interest rates should
lead to an appreciation of the real
exchange rate. But it fails when it pre-
dicts that the real exchange rate should
also be depreciating. That has not in
fact been happening, and a theory is
needed that will explain why the dollar
—real or nominal—is both high and
stuck. [p. 83]

Indeed, the picture seems to have been
even worse than Dornbusch painted it—the
dollar was high and rising for three
years prior and two years subsequent to
Dornbusch’s remarks. Accounting for the
gradual, sustained fall in the dollar begin-
ning in 1985 in a way that is consistent with
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FIGURE 1

the explanation given for its rise is equally
problematic.?

A further aspect of the apparent long
swings that causes difficulty for theories of
the exchange rate is that during the period
of the strengthening dollar, forward ex-
change rates (in dollars per unit of foreign
currency) were consistently above the spot
exchange rate. If the forward rate reflects
expectations of future spot rates, then the
market appeared to believe over a long pe-
riod of time that a depreciation of the dol-
lar was imminent. Yet the dollar continued
its climb upward until the end of 1984. It
could be argued that this forward rate be-
havior represents an example of William

2Changes in nominal price differentials between
countries were small over this period compared to
changes in nominal exchange rates. Thus the real and
nominal exchange rates exhibit essentially the same
patterns (see Michael Mussa, 1986, on this point). This
fact poses additional challenges for theory. In our
empirical analysis we focus on the dynamics of nominal
exchange rates rather than real exchange rates. When
we extend the process to a bivariate system including
the nominal interest differential, this permits us to
obtain a clean parameterization for testing uncovered
interest parity without having to commit ourselves to a
model of price level expectation.

Krasker’s (1980) “peso problem.” If in-
vestors perceived a small probability of a
large depreciation, then we might see a
forward rate in excess of the current spot
rate for a sustained period of time.

For these reasons, it seems useful to for-
malize the concept of long swings in the
exchange rates. What does one mean by
long swings, and what magnitudes are plau-
sibly associated with the population param-
eters? Are long swings a systematic part of
the process that generated the data in Fig-
ure 1, or a pattern imposed by the eye on
the directionless drift of a random walk? If
long swings are an accurate description of
population dynamics, what sorts of expecta-
tions on the part of foreign exchange specu-
lators are consistent with this process? Ad-
dressing these questions can provide us with
a systematic basis for discussing the issues
raised above.

The model we investigate is a special case
of that introduced in James Hamilton
(1989a).> The basic idea is to decompose a

3Graciela Kaminsky (1988) has also fit Hamilton’s
model to exchange rate data. She uses monthly data on
the pound, whereas we investigate quarterly data on
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nonstationary time-series into a sequence of
stochastic, segmented time trends. Specifi-
cally, we model any given quarter’s change
in the exchange rate as deriving from one of
two regimes, which could correspond to
episodes of a rising or falling exchange rate,
respectively. The regime at any given date is
presumed to be the outcome of a Markov
chain whose realizations are unobserved by
the econometrician. The task facing the
econometrician is to characterize the two
regimes and the law that governs the transi-
tion between them. These parameter esti-
mates can then be used to infer which
regime the process was in at any historical
date and provide forecasts for future values
of the series.

Our maximum likelihood estimates corre-
spond closely to the visual impressions of
Figure 1. In regime 1 the mark is rising 4
percent per quarter against the dollar, the
franc 3.3 percent, and the pound 2.6 per-
cent. Regime 2 is associated with quarterly
declines in the foreign currencies of —1.2
percent, —2.7 percent, and —3.8 percent,
respectively. A given regime is likely to per-
sist for several years, and the econometri-
cally imputed historical change points are
close to those the eye is tempted to draw
directly from Figure 1.

We perform both Wald tests and like-
lihood ratio tests that compare the null
hypothesis that exchange rates follow a
martingale with the segmented trends alter-
native. In every test but one (the likelihood
ratio tests for German data), we reject the
martingale hypothesis. The segmented
trends model reduces the within sample
mean forecast error by 9-14 percent at
horizons from two quarters to a year for all

the pound, mark, and franc. She does not explore the
hypothesis of uncovered interest parity and does not
devote as much detail to analysis of the random walk
hypothesis. She extends Hamilton’s model to a case
where information besides realized exchange rates
is available on the state of the process. Stephan
Schulmeister (1987) has also documented the “long
swings” phenomenon on the basis of nonparametric
statistical analysis.
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three currencies, relative to a random walk
specification. Comparable improvements
characterize the post-sample forecasts at
horizons from one to two quarters. We con-
clude that long swings in the exchange rate
may well be a real feature of the data-gen-
erating process.

In exploring the second question posed
by our paper—whether markets perceive
these swings—we investigate the hypothesis
of uncovered interest parity. This hypothe-
sis holds that the nominal interest differen-
tial between two countries forecasts future
exchange rate changes. This is essentially
equivalent to the claim that the three-month
forward exchange rate is a rational forecast
of the future spot exchange rate. We find no
evidence to support this hypothesis in the
data. We conclude that either (a) investors
did not know the population parameters of
the long swings model that generated the
historical data, as our rational-expectations
calculations assume, or (b) uncovered inter-
est parity does not hold. Big differences in
the volatility of exchange rates between the
two regimes make it possible that (b) is due
to risk aversion on the part of foreign ex-
change speculators.

The plan of the paper is as follows. Sec-
tion I sets out the basic model we use to
formalize the long swings hypothesis. Sec-
tion II characterizes our estimation proce-
dure. Empirical results are presented in
Section III, while Section IV analyzes the
hypothesis of uncovered interest parity.
Conclusions are offered in Section V.

I. A Model of Stochastic Segmented Trends

Our model postulates the existence of an
unobserved variable (denoted s,) that takes
on the value one or two. This variable char-
acterizes the “state” or “regime” that the
process was in at date t. When s, =1, the
observed change in the exchange rate y, is
presumed to have been drawn from a
N(u,, o) distribution, whereas when s, = 2,
y, is distributed N(u,,07); thus when s, =1,
the trend in the exchange rate is u,, whereas
when s, =2, the trend is w,.

We further postulate a Markov chain for
the evolution of the unobserved state vari-
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able:

(1) p(s,=1s,_;=1)=py
p(s,=2|s,_=1)=1-py,
p(s,=1s,_,=2)=1-p,,
p(s,=2|s,_1=2)=py.

The process for s, is presumed to depend
on past realizations of y and s only through
S

Note the variety of behavior that the
model allows; in particular, we do not im-
pose that exchange rates are described by
long swings. For example, there can be
asymmetry in the persistence of the two
regimes—upward moves could be short but
sharp (u, large and positive, p,, small),
whereas downward moves could be gradual
and drawn out (u, negative and small in
absolute value, p,, large). Alternatively, the
exchange rate change this period could be
completely independent of the state that
prevailed last period, as in a random walk,
if p;;=1-p,,. A third possibility is the
long swings hypothesis, which we represent
as the claim that u, and u, are opposite in
sign and that values for both p,, and p,,
are large.

Our model resembles a standard proba-
bility distribution that is called a “mixture
of normal distributions.” This distribution is
a superposition of two (or more) simple
normal distributions. A histogram of data
drawn from such a distribution would repre-
sent the sum of two overlapping bell-shaped
curves. The parameters of the distribution
would be the mean and variance of each of
the simple normal distributions, and a
weight given to the first distribution to rep-
resent the fraction of realizations that were
likely to have been drawn from it. One
could use these parameters to calculate the
probability that any given observation came
from the first distribution. The difference
between our model and this mixture of nor-
mals is that the draws of y, in our model
are not independent. When we infer the
odds that a particular y, comes from the
first distribution, that probability depends
on the realizations of y at other times.

SEPTEMBER 1990

II. Maximum Likelihood Estimation of
Parameters

The probability law for the data {y,} is
summarized by six population parameters,

0=(:u'15/"“2’0'110'27p11’p22),-

These parameters are sufficient to describe
(a) the distribution of y, given s,, (b) the
distribution of s, given s,_; in equations
(1), and (c) the unconditional distribution of
the state of the first observation:

(2) p(s;=1;0)=p

_ (1-Dpy) .
(1—p11)+(1—p22) ’

of course p(s;=2;0)=1-p. The joint
probability distribution of the observed data
for a sample of size T (y,,...,y;) along
with the unobserved states (s,..., s;) is then

(3) p(y17"'7yT5s1’---,ST;0)
=p(yT|ST;0)'p(sT|ST_1;9)

D(Yr_1lS7_150) P(Sr_1ls7-;8) ...
p(s,15150) - p(y,15,;8)  p(s;0).

The sample likelihood function could be
thought of as the summation of (3) over all
possible values of (s, ..., s;):

(4) p(yy,...,v7:0)
2 2
= Y Y P(Yiseer Vs S1henny5730).

s;=1 sr=1

In practice we use Hamilton’s (1989a) sim-
pler algorithm for evaluation of (4) that
does not require 27 summations.

Given knowledge of the population pa-
rameters 0, it is straightforward to charac-
terize the probability that the process was in
some particular regime s, at date ¢ on the
basis of information available at the time

P(S,|Y15.-5¥,30).

We refer to this as the “filter” inference



