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INTRODUCTION

The past two decades have seen enormous growth in the literature on
foreign exchange rates. Following the adoption of floating exehange rates
by the major industrial trading nations in the early 1970s, a wealth of
data on exchange rates and on the factors that determine them have heen
generated. This amount of data has enabled researchers to test a variety
of hypotheses and theories on the foreign exchange markets.

Despite considerable research, many unresolved issues remain. The
major theories on exchange-rate determination center on the asset mar-
ket, the monetary market, and the balance of payments as determinants,
although models based on these theories have not been fully successful
in explaining exchange rate movements. To some extent, the problem is
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that exchange rate movements depend on expectations of the future path
of the exchange rate, which, in turn, depends on expectations of relative
inflation and growth rates, among other fundamentals. Such expectations
are highly volatile and short-hved, making them difficult to mode!. It is
thus not surprising that most of the developments in the exchange-rate
literature over the last decade or so have heen concerned with the use of
the appropriate techniques to capture the expectation variahles.

The need for accurate exchange-rate forecasting is more pressing
today with the constant volatility of currency values and a growing volume
of international transactions. At the same time, there is no consensus as
to which model or type of model can provide a more accurate exchange-
rate forecast.

The purpose of this study, therefore, is to construct and test several
forecasting models with the aim of improving upon and extending the
prior results. The models range from simple to complex specifications
and employ a variety of estimation techniques, including ordinary least-
squares regression (OLS), locally weighted regression, and neural
networks.

Section II presents the literature and hackground research. The
structure of the proposed forecasting model is developed in Section III.
Section IV describes the sources of data, explains some refinements to
the data, and presents the empirical results. Section V contains a sum-
mary and conclusion.

LITERATURE REVIEW AND BACKGROUND
RESEARCH

A vast amount of literature tests the in-sample forecasting ability of both
the monetary approach and the portfolio-balance approach models. In
the early 1980s, work in this area seemed futile: Haynes and Stone
(1981), Frankel (1984), and Backus (1984) concluded that estimates of
the real interest rate differential could not explain in-sample exchange-
rate changes.

Rasulo and Wilford (1980) and Haynes and Stone (1981) attribute
the poor performance of the monetary approach to the constraints im-
posed on relative monies, income, and interest rates. Frankel (1982) pro-
vides an alternative explanation for the poor performance of the monetary
models. He introduces home and foreign wealth into the money demand
equations, and ignores any constraints on domestic and foreign income,
wealth, and infiation terms. His results show that his monetary approach
equation fits the data well and estimates the signs correctly.
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Similar attempts to explain the poor performance of the monetary
models and improve on the results obtained in previous studies are by
Driskill and Sheffrin (1981), Boughton (1988), Hoffman and Schlagen-
hauf (1983), and McDonald and Taylor (1991). Their results have not
been completely convincing.

Meese and Rogoff (1983), in their seminal study, attempt to deter-
mine how well exchange-rate models perform in estimating out-of-sample
forecasts. They test the flexible-price model, the real interest differential
model, and the portfolio monetary synthesis of Hooper and Morton
(1982). They conclude that none of the exchange-rate models using the
asset approach can really outperform the simple random-walk model.

In a follow-up study, Meese and Rogoff (1984) impose coefficient
constraints and reestimate their models. Once again, their mode! is not
able to outperform the random walk in the short run.

Since the work of Meese and Rogoff (1983, 1984), most of the lit-
erature has been devoted to determining whether their specification of
the asset reduced-form model, their estimation strategy, or the models
themselves are at fault. Boughton (1987), Woo (1985), Finn (1986), So-
manath (1986), and Schinasi and Swamy (1989) have rephcated the work
of Meese and Rogoff (1984) by improving upon and estimating different
versions of the rational-expectations form of the fiexible-price model that
include a partial adjustment term in money demand. Their work contrib-
utes to the literature in that they all successfully identify models that at
times perform better than a random walk.

Whereas the aforementioned studies have primarily employed linear
specifications, research in the late 80s and early 90s has concentrated on
nonlinear foreign exchange models [see, for example, Hsieh (1989), Die-
bold and Nason (1990), Enge! and Hamilton (1990), Chinn (1991), Kuan
and Liu (1992), McGuirk, Robertson, and Spanos (1993), and Engel
(1994)1.

Hsieh (1989) tests for nonlinear dependence in foreign exchange
rates by applying the Brock, Dechert, and Scheinkman (BDS) test. This
test detects strong nonhnear dependence. In particular, large and small
changes in returns tend to be systematically clustered together when plot-
ted over time. Friedman and Vanderstell (1982), Diebold and Nerlove
(1989), Bollerslev (1987), and Baillie and Bollersiev (1989) confirm the
nonlinear temporal dependence of exchange-rate returns.

Some of the most recent empirical and theoretical results also sup-
port nonlinearity in the exchange rates [see Engel and Hamilton (1990),
Chinn (1991), and McGuirk et al. (1993)].' Diebold and Nason (1990),

'Other authors who have researched the nonlinearity evidence are Diebold (1988), Diebold and
Nerlove (1989), Diebold and Nason (1990), Hsieh (1988), and Meese and Rose (1991).
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however, conclude that nonlinearities of exchange rates cannot be ex-
ploited to generate improved point predictions relative to Hnear models.

Forecasting nonhnear structural models is complicated and normally
cannot be accomplished without a base model. There have been several
attempts in this area. For example, Diebold and Nason (1990) use a
weighted nearest neighbor technique [also known as locally weighted re-
gression (LWR)] to forecast exchange rate changes. Engel and Hamilton
(1990) employ a segmented trend model, wherein a nonstationary time
series is decomposed into a sequence of stochastic segmented time
trends. Chinn (1991) and Chinn and Frankel (1994) use an alternating
conditional expectations (ACE) technique wherein they transform all the
variables to obtain a linearized relationship hetween them. In general,
these efforts demonstrate that nonlinear specifications do somewhat bet-
ter than most linear models at the four-quarter horizon.

Finally, the use of artificial-intelligence techniques in modeling ex-
change rates began fairly recently. For example, the Kuan and Liu (1992)
alternative to forecasting exchange rates uses both feed-forward and re-
current neural networks. They compare their results with those obtained
with the use of ARMA models for in-sample, out-of-sample, and sign
predictions. As in Diebold and Nason (1990). they conclude that nonli-
nearities of exchange rates may not be exploited to improve point predic-
tion. Looking exclusively at the sign predictions, their results show that
the neural-network models perform better than the ARMA models.

To sum up, there is no clear picture when it comes to using nonlinear
time series techniques. The evidence indicates that nonlinear models can
outperform a random walk in sample, but not forecasting out of sample.

METHODOLOGY

The above brief examination of the literature on forecasting foreign ex-
change demonstrates that neither theoretically structured asset market
models nor ad hoc nonlinear models offer consistent improvement over
the forecasting performance of the random walk model.

Most of the asset market models that are tested include variables
such as interest rates, home and foreign wealth, inflation, cumulated
trade balance, real income, money supply, balance of payments, and gross
national product (GNP). Most of these variables have been shown to have
httle significance in explaining changes in exchange rates. In ad hoc non-
linear models, one major variable is used: the spot rate. These models
seem to fare better than the asset-market models. In some cases, the
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nonhnear models outperform the random-walk model for in-sample pre-
dictions; this is not the case for out-of-sample forecasts.

These results reveal a need for a model, or a set of models, that can
better explain the changes in foreign exchange rates. This study uses the
futures market, an established financial arena, which, by definition, pro-
jects beyond the current time period (= ex ante) in its entirety. This allows
the development of a model that includes variables previously not used.
One such variable is the price of futures contracts on foreign exchange.

It is postulated that the wealth of information embedded in futures
contracts on foreign exchange rates reflects the market's expectation of
expected future exchange rates. Tbus, future spot rates ofa currency are
hypothesized to depend upon the market's current expectation of the
price of a set of futures contracts on that currency in the futures currency
market; that is

(1)

where

So = the current (= subscript 0 in notations) expected spot rate of a
currency ( periods ahead

and
P^Q^ = the current market price of futures contracts on the same currency

with maturity at t', t", ('", et cetera (( < t' < t" < t'").

Under the market efficiency hypothesis relationship (1) may be fur-
ther simplified to include only the prices of more recent futures contracts
with the maturity close to t, which is the time period for the spot rate to
be predicted. Thus, PQ might be a sufficient statistic for the information
conveyed by the futures market in the sense that it contains the most
recent and relevant information regarding expected future spot rates.

Literature on the market efficiency hypothesis abounds. The hypoth-
esis, though undisputed at the theoretical front, has raised some questions
at the empirical level, leaving room for the incorporation of further fu-
tures prices. Though there is an increasing body of work that tends to
support market efficiency, the problem does not seem to be fully resolved
[see, for example, Chowdhury (1991, p. 587), Schwartz and Laatsch
(1991, pp. 669-670 and 682)]. With the use of more recent methods
such as unit roots and co-integration, a number of studies are still inves-
tigating the degree and sources of inefficiency. Some ambiguities still
remain. For example, although co-integration of the spot price and fu-
tures price is used to demonstrate market efficiency [see Hakkio and Rush
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(1989) and Shen and Wang (1990)], Granger (1986) shows that co-in-
tegration between prices in two different markets implies inefficiency.^

Note that relationship (1) is stated with a functional operator. The
underlying design of this relationship, which is discussed in some detail
in Appendix A, is to provide forecasts beyond the current time period
( = ex ante) at any time. Further specification of this relationship will
depend upon the methodology employed at the estimation level. Additive
linear and nonlinear forms as well as free forms are among the alterna-
tives that are considered.

Relationship (I), which attempts to forecast spot rates solely on the
basis of futures prices (FP), is henceforth referred to as the FP model.
One advantage of this model is its relative simplicity. It uses data that are
available, especially for out-of-sample prediction. Such data for purely ex
ante forecast are either unavailable or difficult to obtain in models based
on the fundamentals.

If one draws upon prior empirical results (see Section II), consid-
eration of the past history of spot rates in forecasting is very compelling.
As an alternative extension, relationship (1) is augmented to include past
spot rates. The resultant model, which thus attempts to forecast spot rates
on the basis of futures prices (FP) and spot prices (SP), is henceforth
referred to as FPSP

A direct comparison of the results obtained from the above two mod-
els is made with the random-walk (hereafter RW) model to gauge their
performance. The random-walk model assumes that the spot prices at
time t are the best unbiased estimators of the future spot. The RW model
thus forecasts exchange rates on the basis of only past spot prices (SP).

The above three models are estimated and then forecasted under
variant techniques: ordinary least squares (OLS), locally weighted re-
gressions (LWR), and neural networks (NN). Details of the first tech-
nique can be found in most standard texts in econometrics. A preliminary
review of the other two techniques is presented in Appendix R. Further
details of these latter techniques may be found in Cleveland, Devlin, and
Grosse (1988) and Diebold and Nason (1990) for LWR, and in Caudill
(1989) and Kuan and Liu (1992) for neural networks.

The accuracy ofboth in-sample and out-of-sample forecasts is mea-
sured by two statistics: mean-squared error (MSE), and root-mean-
squared percentage error (RMSPE).

^Pertinent to this latter point, see tests by Kawaller and Koch (1984), Yadav and Pope (1991), and
MacDonald and Hein (1993).
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DATA AND EMPIRICAL APPLICATION

Data on the futures exchange prices are obtained from the Futures In-
dustry Institute Data Center. The sample period chosen is from January
2, 1985 through June 30, 1994. The futures prices data used in this
analysis consist of daily settlement prices on contracts for the British
pound (BP), Canadian dollar (CD), German mark (DM), Japanese yen
(JY), and the Swiss franc (SF). These have been the most active currencies
in daily futures trading during the 1985-1994 period. Each currency is
traded in four contracts: March, June, September, and December.

Roth spot and the futures prices are converted into rates of change.
The rate of change is calculated by taking the difference of the logarithms
of two consecutive daily rates, that is, [ln(Pj_ |̂) — ln(P()], where P( is the
spot or the futures price contract at time t. An advantage of using loga-
rithmic changes is that it removes (or mitigates) problems associated with
the estimation of nonstationary nonparametric regression functions, as
well as numerical problems with highly coUinear regressors.

The data are scanned for each currency to locate days on which three
or more contracts are traded. For forecasting purposes, the sample period
is broken into two subperiods. The first is the estimation period, which
uses the sample period from January 2, 1985 through December 30,
1993, and the second is the forecasting period, which uses the sample
period from January 2, 1994 through June 30, 1994. After disregarding
the days for which a spot price is not recorded, the number of observa-
tions per currency for the in-sample estimation is reduced to: (1) British
pound, 1,989 observations; (2) Canadian dollar, 2,014; (3) German mark,
2,046; (4) Japanese yen, 2,078; and (5) Swiss franc, 2,073. The number
of observations used in the out-of-sample forecast is: (1) British pound,
249; (2) Canadian dollar, 248; (3) German mark, 250; (4) Japanese yen,
251; and (5) Swiss franc, 249.

Empirical application of the three models (FP, FPSP, and RW, see
Section III) for ^ve currencies, under three distinct techniques (OLS,
LWR, and NN), and across six designated subsample periods'* generates
massive output, too large for inclusion in this article. The preliminary

^Studies by Mussa (1979) and Doukas and Rahman (1987) show that the log changes of Riture prices
follow a stationary distribution. That is. the process generating the log of currency futures rates is
well approximated by a random walk.
*Ib test for stationarity, the in-sample period is further divided into six subsamples for estimalion.
The first subsample covers approximately 10 years of data, from January 2, 1985, through December
30, 199^. The remaining five subsamples are obtained by rolling a sample period of 4 years forward.
With the use of each of these fne subsamples, a series of Chow tests to examine the stability of the
coefficients are performed. In general, the results show that parameter stability is not rejected at the
5% level.
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runs, however, reveal that the 1990-1993 subperiod offers the best per-
formance relative to the other earlier subperiods in both in-sample and
out-of-sample prediction, and that the choice of model is currency, time,
and criteria dependent. Furthermore, the models estimated on the 1990-
1993 subperiod provide better forecast accuracy than when the entire 10
years of data are used. As may be expected, a more recent data group is
more representative because it includes more up-to-date market infor-
mation. This is true for all the currencies studied. To this end and to
preserve space, only summary results are reported on the outcome of the
1990-1993 sample period for estimation and the 1993-1994 sample pe-
riod for out-of-sample forecasting.^ Some brief technical notes pertaining
to a few other facets of the empirical applications are included in Appen-
dix A.

For in-sample prediction the model that minimizes the MSE consis-
tently is the FPSP model, that is, the model that uses both the past spot
rates and the futures prices to forecast exchange rates. When RMSPE is
used as the selection criterion, the RW model seems to perform the best.

For out-of'sample prediction the results are mixed. A summary of the
outcomes across model-currency criteria and forecasting horizon for the
1990—1993 subsample period is provided in Table I and an overall sum-
mary is given in Table II. Further details upon which these two tables are
based are included in Tables III-V'' To facilitate the link between Tables
I and II and Tables III-V, in each of the latter tables, MSE or RMSPE
that designates the best choice of the model for each currency is boxed
in rectangles.

Table I summarizes the results along three dimensions: currency,
technique, and forecasting horizon. The fourth dimension of the study,
that is, selection criterion, is portrayed in Panels A and B. The models
reported in this table offer the best performance across the above four
dimensions. This table shows that accuracy in forecast depends not only
on the forecast horizon, but also on the choice of model, currency, and
to some extent the selection criterion. For example, based on the jirsf row
of Table I, the best model that forecasts the German mark under the OLS
technique is the FPSP model for the 3-month horizon. Similarly, the best
model that forecasts the Japanese yen is the FPSP model, but for the 1-
month horizon. If one continues with the case of DM with MSE as the
criterion, under the LWR and NN techniques, the RW model performs

Tabulated details of other subperiods are available from the authors.
^These tables may be viewed as representative of the extensive searches tbat have been performed.
The footnotes to these tables provide sufficient explanatory information to Hnk each table with the
reported outcomes in Tables I and II, The MSEs (RMSFEs) that yield the selected models arc hoxetl.
The outcomes reported in Tables I and II are based on ihcsc selections.
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TABLE

Selected Models Based on the Best Out-of-Sample Performance for Each
Currency under Different Techniques and Horizons

Currency

Technique

OLS
LWR
NN

OLS
LWR
NN

BP

Horizon

(in Months)

1 3 6

Panel A

RW -
FP - -
RW - -

CD

Horizon

(in Months)

I 3 6

DM

Horizon

(in Monlhs)

1 3 6

jy

Horizon

(in Months)

1 3 6

Selection Criterion-Mean-Squared Errors (MSE)

- RW -
RW - -

- RW -

- FPSP -
- RW

- RW -

FPSP - -
FP - -
RW - -

SF

Horizon

(in Montha)

] i 6

FP
RW

FPSP

Panel B: Selection Criterion—Root-Mean-Squared Percentage Errors (RMSPE)
_ RW - - FP - FP - - RW - - FPSP -

FPSP _ _ F P - - - - R W F P - - - FPSP -
RW - - ^ RW - - RW - FPSP - - FP

/Votes, FP = the model that uses futures prices on!y [see eq. (A.I)], PFSP = the model l]^at uses futures prices and spot
prices, and RW = random-walk model, BP = British pound, CD = Canadian dollar, DM = German mark, JY = Japanese
yen, SF = Swiss franc, OLS = ordinary least-squares regression, LWR = locally weighted regression, NN = neural
networks. The boxed items under DM are used as examples m the text. They are also used to portray links between this
table and Table II

TABLE II

Summary Results—Final Model Selection Based on the Best Out-of-Sample
Performance across Different Techniques

Currency

Model
Technique

Model
Technique

BP CD DM JY

Panel A: Selection Criterion—Mean-Squared Errors (MSE)

RW
NN

RW
LWR

FPSP
OLS

FPSP
OLS

Panel B: Selection Criterion—Root-Mean-Squared Percentage Errors (RMSPE)
FPSP FP RW FP
LWR LWR NN LWR

SF

FPSP
NN

FPSP
OLS

Wofe.-FP = the model that uses/u(ures prices only [see eq. A. I , Appendix A], FPSP = the model that uses/ufuresprices
and spot prices, and RW = random-walk model. BP = British pound, CD = Canadian dollar, DM = German mark, JY =
Japanese yen, SF = Swiss franc. OLS = ordinary least-square regression, LWR ^ locally weighted regression, NN =
neural networks ThB boxed items under DM are used as examples in the text. They are also used to portray links between
Tables I and II.
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TABLE IV

Summary Statistics—Best Out-of-Sample MSE and RMSPE under the
LWR Technique

Model Currency

RW BP

CD
DM
JY
SF

FP BP

GD
DM
JY
SF

FPSP BP

CD

DM

JY

SF

Smoothing
Parameter (^)

0.4

0,9

0,9

0,9

0.9

0.9

0.9

0,8

0.8

0.8

0,9

0.9
0.9
0.9
0.8

Forecasting
Uorizon in

Months

1
1
6

6

6

1
1

1
1
1
1

1
1
6
3

Root-Mean-
Mean- Squared

Squared Percentage
Error Error

(MSE) (RMSPE)

0.13049 3.17622
0,03988
0,27714

1,32240
1.13334

0,29614 0.92015
0.48517
0.10587

0.98725
1.80385

0.04122 0.87797
0.32159 1.25486
0.29416 0,089754
0.49221 0,99547
0,27982 0,89179
0,07898 2.28688
0.30480 1.96541
0.30146 1.20548
0.51042 0,11104

Note: The table reports the besf outccmie of the smoothing parameter (4) and the forecasting horizon. MSE values are
anci RMSPE's are x 1CP. FP = the model that uses futures prices only. FPSP = the model that uses futures prices and
spot prices, and RW = random walk model. BP = British pound CD = Canadian dollar, DM = German mark, JY =
Japanese yen. SF = Swiss franc. The MSEs {RMSPEs) that are boxec^yield the selected models that are indicated in Table
I for the LWR technique only. For example, under MSE for the BP currency (which is in the first row of each model) the
minimum MSE among the three figures is 0.10587. which corresponds with and selects the FP model under the 1-month
forecasting horizon as the best model. This is reported in Table I, Panel A ( = MSE). for the BP currency [under 1-month
forecasting horizon), in the row designating the LWR techrjique.

the best, but for different forecasting horizons (6 months and 3 months,
respectively).

Disregarding some exceptions, Table II reveals a set of overall general
conclusions that could be drawn on the basis of all the experiments across
model—technique—currency. This table, which is extracted from Table I,
further summarizes the results in terms of the best model across the three
techniques. Considering each currency, the best model across the three
techniques is obtained by minimum MSE (Panel A), or minimum
RMSPE (Panel B). For example, for DM in Panel A of Table I—DM is
boxed for ease of presentation—a comparison of the MSEs of the three
selected models, that is, FPSP, RW, and RW, yields the minimum for the
FPSP model. Considering that in this case the corresponding technique
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TABLE V

Sutnmary Statistics—Best Out-of-Sample MSE and RMSPE under the Neural
Network Technique

Model

RW

FP

FPSP

Currency

BP
CD

DM

JY

SF
BP
CD
DM
JY
SF
BP
CD
DM
JY
SF

Forecasting Horizon
in Months

1

3

3
1
1
3
3
3
1
1
1
3
3
1

1

Root-Mean-
Mean- Scjuared

Squared Percentage
Errors Errors
(MSE) (RMSPE)

0.09000
0.06000
0.28000
0.22000

0.98339
0,97568
0.92609
0,96555

0.44000 1.03067
0.10000 1.35129
0.09000 1.00052
0,29000 0.96555
0.42000 0.97397
0.43000 0.99231
0.10000 1.35309
0.06000 0.98865
0.32000 1,06502
0.42000
0,25000

0,94200
1.00426

Wo(e.-The table reports the besfoutcome for Ihe forecasting horizon See also Appendix A, section d- MSE values are x iO*
and RMSPE's are x 1CF. FP = the model that uses futures prices only, FPSP = the model that uses futures prices and
spot prices, and RW - random-walk model. BP = British pound, CD - Canadian doHar, DM = German mark, JY =
Japanese yen, SF = Swiss franc. The MSEs (PMSPEs) that are boxedyield the selected models that are indicated in Table
i for Ihe NN technique only. For example, under MSE for the BP currency (which is in the first row of each model) the
minimum MSE among the three figures is 0 09000, which corresponds with and selects the RW modei on Ihe 1-month
forecasting horizon as the best model. This is reported in Table i, panel A ( = MSE), for Ihe BP currency (under 1-month
forecasting horizon), in the row designating the NN technique.

is OLS, these two items, that is, FPSP and OLS, are portrayed under DM
in Panel A of Tabie II. Similarly, this model, that is, the FPSP model,
outperforms all the other choices for the Japanese yen and for the Swiss
franc as well (see Panel A). It should also he ohvious from Tahle II that
a decision hased on RMSPE may yield a slightly different set of choices.
For example, the deutsche mark is forecast best with the RW model under
this criterion.

Under MSE and RMSPE combined, the FP and FPSP models seem
to fare better than the RW model. In sum, these two models offer the
best performance in nearly 70% of the cases (a total of 7 out of 10 cases
in Table II).
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SUMMARY AND CONCLUSION
Forecasting foreign exchange has fascinated the financial world for sev-
eral decades. Finding a model that best forecasts changes in foreign ex-
change rates has been a challenge. This study extends the research into
new avenues. It examines three models. The first model (FP) attempts to
forecast future spot rates by using only prices of futures contracts on
foreign exchange. The second model (FPSP) uses the prices on futures
contracts and the past history of spot prices. The third is the well-known
random-walk model (RW). Three different techniques are applied to each
model; ordinary least squares (OLS), locally weighted regression (LWR),
and neural networks (NN).

The amount of statistical information generated is considerable. For
this reason, the final conclusions of this study are based mainly on results
ohtained with the use of the data for tbe 1990-1993 (estimation) and
1993-1994 (forecasting) suhperiods. These subperiods, based on a set of
tests on parameter stability, are as good a representation of the data as
any other subperiods analyzed. In addition, these subperiods contain the
most recent information available in the market.

Out-of-sample forecasts reveal that the choice of model and tech-
nique is, if not complex, an elaborate process indeed. There seems to be
no best model to forecast over all horizons for all currencies on the basis
of all selection criteria. If one compares the results across the models
and techniques, and considers all the subperiods and forecasting hori-
zons, a comfortable generalization, however, may he drawn. Overall,
within this comprehensive setting, it could be concluded that the best
model for out-of-sample forecasting appears to be the FPSP, and the best
technique seems to be ordinary least squares. Wben this technique is
used, the best forecasting borizon is 30 days ahead. This is as expected,
given that in most cases the accuracy of forecasts declines as the fore-
casting horizon is extended. In terms of relative performance, the FPSP
model under OLS is followed by neural networks and then by the locally
weighted regression technique. This is evident from MSE and RMSPE
criteria. There are, of course, some ad hoc exceptions to this general
conclusion. For example, even though both the neural networks and the
locally weighted regression techniques perform better out of sample than
in sample, they do not always outperform OLS.

A few anomalies are observed. First, in some cases, the out-of-sample
forecasting performance of tbe models is better than their in-sample re-
sults. Second, in these cases and/or in some other cases, forecasts for the
longer-term horizons are better than for the shorter terms. These two
points, which are mostly attributes of the FP and FPSP models, are some-
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what curious, because forecasting models, in general, perform better in
sample than out of sample, and for shorter horizons than for longer fore-
casts. It may be that this can be attributed to the information content of
the futures prices data in the sense that the currency futures market
during the forecasting horizons may have had a higher (lower) level of
activity in terms of trading and volume. Another explanation could be
that forecasts in the short run may be dominated by noise, with the noise
being averaged out over the longer run, thus producing hetter longer-
term forecasts. Mark (1995) and Chinn and Meese (1995) provide this
rationale for similar evidence based on structural models. Further re-
search in this area is needed.

APPENDIX A

In compliance with today's futures currency market, a more precise form
of relationship (1) may be stated as

N N N

where

s, = first difference of the natural log of daily spot rate at time t, that
is, ln St — ln S,_ ]

p = first difference of the natural log of futures price at time t for the
contract maturing in March; that is. In P|" - In Pf̂  j

jr = first difference of the natural log of futures price at time t for the
contract maturing in June, that is. In P{ - ln P-J_ ,

p = first difference of the natural log of futures price at time t for the
contract maturing in September, that is, ln Pf - In Pf_ i

p = first difference of the natural log of futures price at time ( for the
contract maturing in December, that is. In P^ - ln Pp_ i

k =k days ahead horizon of tbe forecast
N = a given number of days, which is not necessarily constant over the

contracts. It represents a window that is used to include informa-
tion that may be available in the market. The number of days in
the window may vary according to the expiration of the contract.
For example, a larger window may be used for a nearby contract
under the premise that the closest price offers higber degree of
certainty.

Further specification of the above relationship will depend upon tbe
methodology employed at the estimation level. Additive linear and non-
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linear forms as well as free forms are among the alternatives that are
considered.

Based upon prior empirical work, relationship (A. 1) is augmented to
include, in addition to the futures prices, a brief history of past spot prices;
that is

N N N

^ P{t-k-j)y ZJ Pit-ik-j}y Zi P(i-6k-j)y

N N

J=U J=U

Because relationship (A.I) uses only/wtwres prices (FP) on its right-
hand side to forecast spot rates, this specification for simplicity is referred
to as FP model in the text. Similarly, relationship (A.2), which uses^fwres
prices (FP) and spot prices (SP) to forecast spot prices, is referred to as
FPSP.

The performance of the above two models is gauged against a third
model, the random-walk mode! (RW). The RW mode! assumes that the
spot prices at time ( are the best unbiased estimators of the future spot.
The equation for the random walk is given as follows;

s, = s, (A.3)

Further refinements in the specifications of relationships (A.I) and
(A.2) require extensive experiments embracing, simultaneously, three
fronts: lag structure, data coverage, and estimation techniques. A brief
summary of the outcomes of some of these experiments follows:

(a) Considering the broad scope and the dimensions of modeling/esti-
mation effort in this article, tbat is, three models, five currencies,
three techniques, and ample lag structures (hence specifications),
employment of a set of highly elaborate sensitivity tests within the
estimation and forecasting phases has to be scaled down. To this end,
the lag structure at the estimation level is set somewhat a priori based
on limited experiments with the magnitudes of the Hsiao (1981) final
prediction error (FPE). These are later augmented by three measures
as the guiding criteria for in-sample prediction: the Aikaki (1969)
final prediction error (FPE), the Aikaki (1974) information criterion,
and the Schwartz (1978) criterion. The max cap in these tests for
inclusion of lagged variables on the right-hand side of relationships
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(A. 1) and (A.2) is set at 13 (for the FP model) and ! 7 (for tbe FPSP
model). Also, to offer a forecast horizon of at least 1 month, the initial
length of the lag is set at 30 days over a 4-day window, that is, — 30,
— 31, —32, and —33 days for each of the independent variables
(futures prices and spot rates, if any). The choice of a 4-day window
is to avoid any possibility of a spike on a single day.

(h) The above process is further expanded when other additional param-
eters are involved. For example, for LWR limited preliminary tests
yield the choice of ^ (the smoothing parameter). For the various val-
ues of (f, see Table IV.

(c) In gauging the out-of-sample forecasting performance of the various
alternatives that are estimated, MSE and RMSPE are the prime cri-
teria. However, as noted above, this phase of the analysis is somewhat
limited, considering the extensive number of options available, that
is, combinations of models, techniques, forecasting horizons, and
currencies. Resort to high-level statistical tests of significance across
models is not feasible because of the extensive dimensions already
considered here. Further extension employing the tests provided by
Mizrach (1991) (see also Mizrach [1992, p. S160]) and Diebold and
Mariano (1995) could constitute viable future research.

(d) For the NN model, the learning threshold for the network is set at
0.001. The initial rate and momentum are set at 0.1. The architecture
is recurrent and the model is composed of one output layer, and
inputs ranging from 2 to 18 variables, depending on the model spec-
ification chosen. The number of hidden layers is set at 10 arbitrarily.

(e) In addition to the ahove, the results of all the modeling efforts and
techniques are offered for analysis and comparison. In general, the
sensitivity analyses are limited mostly to the estimation phase in
search of the best in-sample forecasting models; the estimated mod-
els/specifications are rarely changed because of their out-of-sample
forecasting performance.

To recapitulate the above points and cast them in terms of the final
forms of relationships (A.I) and (A.2), the following points are in order.
The initial va!ues of the parameters N and K in relationships (A.I) and
(A.2) are set, respectively, at 4 days and 30 days. This yields a minimum
of 30-day-ahead forecasts. To expand this horizon, especially for out-of-
sample forecasts, a 30-day moving window is chosen. This window runs
up to 180 days ahead in total. The out-of-sample forecasts are completely
ex ante; they are made on the basis of information that is exogenously
available beyond tbe current time period.
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APPENDIX B

This appendix provides a very brief review of locally weighted regression
(LWR) and artificial neural networks (NN).

Locally Weighted Regression (LWR)

LWR is an adaptation of the iterated weighted least-squares procedure
and is used to smooth time-series plots by fitting a regression surface to
data. That is, the dependent variable is smoothed as a function of the
independent variables in a moving process, much like a moving average
is computed for a time series. An early development of this technique
was advanced by Cleveland (1979). Later, Cleveland and Devlin (1988)
and Cleveland, Devlin, and Crosse (1988) improved the technique
further.

The LWR model is represented by

y , =g{Xi) +e, (B.I)

where g{xi) is the expected value of the regression surface, and e,- is a
normal random variable with mean zero and variance a . By fitting a linear
function with the use of a weighted least-squares technique, the weights
Wj{x) are given by

(i^^) (B.2)
dix)

where x is any point in the space of the factors and d{x) is the distance
of X to the wth nearest neighbor of X;.

In simpler terms, the fitted values are computed with the use of the
nearest-neighhor technique, in which n number of nearest neighbors to
X are selected and tben weighted according to the distance of x from Xj.
Like a nearest-neighbor estimator, LWR fits the surface at a point x =
X* as a function of the y values corresponding to the kj- nearest neighbor
of x*. The model estimates gU*) as the fitted value from the regression
surface rather than as a simple average of the y values. This estimation
would correspond to a simple average only in the very unlikely case that
the constant term is the sole regressor with explanatory power.

To compute the LWR estimate of the surface at a point x*, that is,
g{x*), a smoothing constant {^) is defined such that 0 < ĉ  ^ 1, and fe^
= int(£, • T), where int(-) rounds down to the nearest integer. Tbe x/s are
ranked by Euclidean distance from x* and are defined as x*, xf, . . . ,
xj. In this manner, xf is closest to x*,x* is the second closest tox*, and
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so on. The smoothing constant ^ determines the number of nearest neigh-
bors used, and hence the degree of smoothing.

Artificial Neural Networks (NN)

The term neural networks describes a class of models tbat are also named
in the literature as neural computation, artificial neural systems, and par-
allel distributed models. Caudill (1989) may explain it best: The artificial
neural network (NN) represents a computing system that consists of in-
terconnected processing units that process information according to the
external inputs. Such models are designed to mimic the way the human
brain acquires and organizes knowledge.

The neural model has two main characteristics: the input of signals
from otber units or tbe exterior of the model to a given unit, and the
production of a signal by a neuron, which is passed on to other units. A
neuron is a unit that receives activity and responds to other neurons if
that activity is above a given threshold. In each case, every unit works
independently of the other units. That is, for every two units connected
to each other, a weight is assigned, which weighs the signal transmission
accordingly. The total network behavior is therefore determined by the
weight structures. If the network is in the learning phase, it constantly
changes its weights, and hence modifies the knowledge represented by
them.

There are two main classes of neural network architecture: feed-
forward methods, and feedback or recurrent nets. In the case of the feed-

input nodes Hidden nodes Output nodes

FIGURE 1
Recurrent neural network with hidden units.
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forward networks, the input flows in only one direction to the output,
with no feedback to previously active networks [see Hornik, et. al. (1989)
for a mathematical treatment of this architecture]. The feedback or re-
current nets, on the other hand, have complete connectivity, with no
distinction made between the input, the hidden units, and the output
units. The input of the recurrent net at time ( is therefore continuously
modified by the previous output. That is, the weight modification between
the nodes must be propagated all the way back to between the input layers
and the hidden layers rather than only between the input nodes and the
output nodes.

A three-layer recurrent network with hidden units resembles Fig-
ure 1.
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