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Abstract
This paper investigates the predictability of spot foreign exchange rate returns from past
buy-sell signals of the simple technical trading rules by using the nearest neighbors and the
feedforward network regressions. The optimal choices for nearest neighbors, hidden units in
a feedforward network and the training set are determined by the cross validation method
which minimizes the mean square error. Although this method is computationally expensive
the results indicate that it has the advantage of avoiding overfitting in noisy environments
and indicate that simple technical rules provide significant forecast improvements for the
current returns over the random walk model.  1999 Elsevier Science B.V. All rights
reserved.
Keywords: Technical trading rules; Market timing; Non-parametric regression
JEL classification: G14; C45; C52; C53

1. Introduction
This paper studies the linear and non-linear predictability of the daily spot
exchange rates from the simplest forms of technical trading rules, namely moving
average rules. The moving average rule is the basis of many trend-following
approaches and it is one of its simplest forms. A shorter length moving average
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rule implies a more sensitive decision rule as well as a greater number of buy and
sell signals and a closer fit to the raw data. A longer length rule, on the other hand,
implies a looser fit to the data, a smaller number of buy and sell signals and a
greater tolerance for random movement without triggering a trade or a change in
long or short positions. Taylor and Allen (1992) report the results of a
questionnaire survey on technical analysis sent widely to chief foreign exchange
dealers based in London, England. Taylor and Allen’s findings indicate that at
least 90% of the survey respondents report placing some weight on technical
advice when forming their exchange rate expectations.
The single layer feedforward networks and the nearest neighbors regression are
used to capture possible non-linearities in the conditional means. The first one is a
global estimator, whereas the second is a local procedure that uses k-nearest
neighbors to compute the estimate of the return as a weighted average. The
random walk and the GARCH (1,1) models are used as linear benchmarks. The
data set consists of the daily spot rates for the British pound, Deutsche mark,
French franc, Japanese yen and the Swiss franc. The out-of-sample forecasts are
calculated from the last one-third of each series. As a measure of performance the
out-of-sample mean square prediction error (MSPE) and sign predictions are used.
To assess the statistical significance of the out-of-sample predictions, the DieboldMariano (1995) test is calculated for all currencies. The Diebold and Mariano
(1995) test is a test of the null hypothesis of no difference in the accuracy of the
two competing forecasts and this test is used to evaluate the statistical significance
of the MSPEs of the GARCH (1,1), the nearest neighbors and the feedforward
network regression models relative to that of the random walk model.
The optimal choice of nearest neighbors, optimal number of hidden units in a
feedforward network and the optimal size of the training set are determined by the
cross validation method which minimizes the mean square error. As the sample
moves with the forecast horizon, the cross-validated performance is recalculated to
obtain the optimal number of nearest neighbors, number of hidden units and the
length of the training set. Therefore, the optimal number of nearest neighbors,
number of hidden units and the length of the training data set may be different
corresponding to each observation in the prediction sample. The type of the
cross-validation method used in this paper allows the optimal number of nearest
neighbors, optimal number of hidden units and the length of the training set to be
chosen dynamically. This allows non-stationarity to enter into the non-linear
models in an automatic fashion.
The results of this paper indicate that simple moving average rules provide
significant correct sign predictions and the Diebold and Mariano (1995) test
indicates the statistical significance of these predictions when non-parametric
conditional mean estimators are used to model the current returns. These results
are consistent across the five currencies studied in this paper. In general, the
random walk and the GARCH (1,1) models do not generate significant sign
predictions and the Diebold and Mariano (1995) tests corresponding to these
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models are consistently insignificant. The results also indicate that cross-validation
method often indicates much shorter optimal training set than the available history.
In the earlier technical trading rules literature, Dooley and Shafer (1983) and
Cornell and Dietrich (1978) show that the filter type rules generate profits in
excess of the buy-and-hold strategy. Later, Sweeney (1986) documents the
profitability of filter rules with the Deutsche mark. Taylor (1992a), (1992b) finds
similar evidence for even more extensive sets of rules and data series. Neftci
(1991) designs formal algorithms to represent various forms of technical analysis
in order to determine whether these rules are well defined. He concludes that
trading rules provide forecast power only when the underlying process under study
is non-linear. In recent papers, LeBaron (1991), (1992a) and Levich and Thomas
(1993) follow the methodology of Brock et al. (1992) and use bootstrap
simulations to demonstrate the statistical significance of the technical trading rules
against well-known parametric null models of exchange rates.
Earlier literature has demonstrated the existence of non-linearities in the higher
order moments of the foreign exchange rate series. Westerfield (1977), Boothe and
Glassman (1987), Hsieh (1988) and Diebold and Nerlove (1989) all show that
exchange rate changes are leptokurtic. Cumby and Obstfeld (1984), Domowitz and
Hakkio (1985), Diebold (1988), McCurdy and Morgan (1988), Hsieh (1989) and
Engle et al. (1990) also find conditional heteroskedasticity in the residuals of
exchange rate models. The evidence of leptokurtosis or conditional heteroskedasticity, however, does not necessarily improve the forecastibility of exchange rates
as these effects operate through even-ordered moments. Indeed, Meese and Rogoff
(1983) show that a simple random walk model forecasts as well as most linear
exchange rate models. Using non-parametric kernel regression, Diebold and Nason
(1990) and Meese and Rose (1990) were not able to improve upon a simple
random walk in the out-of-sample prediction of 10 major dollar spot rates in the
post-1973 float period. Meese and Rose (1991) examine the five structural
exchange rate models to account for potential non-linearities. Their results indicate
that although non-linear effects may be important in the even moments of the
exchange rate dynamics, the incorporation of non-linearities into the structural
models of exchange rates do not improve our ability to understand exchange rate
movements. The implication of these results constitute fairly strong evidence
against the existence of asset price non-linearities that are exploitable for improved
point prediction.
Contrary to earlier findings, LeBaron (1992b) finds forecast improvements of
over 5% in mean squared error for the German mark. LeBaron’s work relies on
some results connecting volatility with conditional serial correlations of the
exchange rate series. Recently, Kuan and Liu (1995) use the feedforward and
recurrent network models to investigate the out-of-sample predictability of foreign
exchange rates. Their results indicate that neural network models provide
significantly lower out-of-sample mean squared prediction errors relative to the
random walk model.
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In Section 2, a brief description of the data is presented. Estimation techniques
are described in Section 3 and empirical results in Section 4. Conclusions follow
thereafter.

2. Data description
This paper studies the daily spot rates for the British pound (BP), Deutsche
mark (DM), French franc (FF), Japanese yen (JY) and the Swiss franc (SF). The
data set is from the EHRA macro tape of the Federal Reserve Bank for the period
of January 2, 1973 to July 7, 1992, for a total of 4894 observations. The summary
statistics of the daily returns are presented in Table 1. The daily returns are
calculated as the log differences of the levels. All five series exhibit slight
skewness and high kurtosis which is common in high frequency financial time
series data. The first 10 autocorrelations (r 1 , . . . ,r 10 ) and the Bartlett standard
errors from these series are also reported in Table 1. All series show evidence of
autocorrelation. The Ljung-Box-Pierce statistics are shown in the last row. These
are calculated for the first 10 lags and are distributed x 2 (10) under the null
Table 1
Summary statistics for the daily exchange rates: log first difference January 2, 1973—July 7, 1992
Description

FF

Sample size
Mean*100
Std.*100
Skewness
Kurtosis
Max
Min
r1
r2
r3
r4
r5
r6
r7
r8
r9
r 10
Bartlett std. errors
LBP
x 20.05 (10)

4893
0.000291
0.662688
20.107067
10.498755
0.060490
20.058744
0.035102
20.011794
0.019718
0.000272
0.022906
20.009401
0.022866
0.028023
0.043241
0.010825
0.014295
27.6
18.307

DM

JY

SF

BP

0.015520
0.679150
0.061274
8.384598
0.061985
20.058678
0.041546
20.016066
0.024828
20.010582
0.029296
0.015755
0.004933
0.037632
0.039234
0.013774

0.018081
0.622425
0.945698
19.753822
0.095073
20.062566
0.049731
0.012342
0.036739
20.004319
0.030632
0.008076
0.014625
0.010479
0.036994
0.038678

0.021019
0.771470
20.062692
6.724369
0.044083
20.058269
0.038438
20.002566
0.008828
20.012799
0.015076
0.017570
20.004060
0.025496
0.033734
0.016768

20.004055
0.634438
20.082874
7.085346
0.045885
20.038427
0.066912
20.008199
20.010606
20.006968
0.046339
20.010261
20.011901
0.011131
0.035486
20.022401

33.0

38.3

20.3

44.0

FF, DM, JY, SF and BP refer to French franc, Deutsche mark, Japanese yen, Swiss franc and British
pound, respectively. r 1 , . . . ,r 10 are the first 10 autocorrelations of each series. LBP refers to the
Ljung-Box-Pierce statistic and it is distributed x 2 (10) under the null hypothesis of identical and
independent observations.
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hypothesis of identical and independent observations. All five series reject the null
hypothesis of identical and independent observations.

3. Estimation techniques
Let pt , t 5 1,2, . . . ,T be the daily spot exchange rate series. The return series are
calculated by r t 5 log( pt ) 2 log( pt 21 ). Let m tn denote the time t value of a moving
average rule of length n. Consequently, m nt is calculated by

Op

n21

m tn 5 (1 /n)

(1)

t 2i

i 50

The buy and sell signals are calculated by
n2
s n1,n2
5 m n1
t
t 2 mt

(2)

where n1 and n2 are the short and the long moving averages, respectively. The
rules used in this paper are (n1,n2)5[(1,50),(1,200)] where n1 and n2 are in days.

3.1. Parametric test model
The GARCH (1,1) specification (Engle (1982) and Bollerslev (1986)) is used as
the parametric test model
p

rt 5 a 1

O bs

n1,n2
i t 2i

1 et

(3)

i 51

where e t |N(0,h t ) and h t 5d 0 1d 1 h t 21 1d 2 e t221 . The GARCH specification allows
for the conditional second moments of the return process to be serially correlated.
This specification implies that periods of high (low) volatility are likely to be
followed by periods of high (low) volatility.
There are numerous non-parametric regression techniques available such as
flexible fourier forms, nearest neighbors regression, non-parametric kernel regression, wavelets, spline techniques and artificial neural networks. Here, a class of
artificial neural network models, namely the single layer feedforward networks and
nearest neighbors regression models are used. These two non-parametric regression models are described below.

3.2. Nearest neighbors regression
The conditional mean of a random variable x, given a vector of conditioning
variables w, can be written as E(xuw)5M(w). In parametric estimation, M(w) is
typically assumed to be linear in w, but in the non-parametric approach M(w)
remains a general functional form. In this paper we take a simple approach to

R. Gençay / Journal of International Economics 47 (1999) 91 – 107

96

forecasting M(w), using the nearest neighbor method of Stone (1977). Applications
of nearest neighbor methods include the work of Robinson (1987) in a regression
context as well as the work of Yakowitz (1987) in a time series forecasting
context.
Consider the time series process hx t j and in particular the problem of estimating
the mean of x t conditional on (x t 21 , . . . ,x t 2n ). The nearest neighbor method can be
T
explained in the following way. Take the time series hx t j t51
and convert it into a
n
series vectors of n components each denoted as x t 5(x t ,x t 21 , . . . ,x t 2n11 ). The
above n-vectors represent n past histories of the process hx t j. Now for the nearest
neighbor forecasting problem, one takes the most recent history available and
searches over the set of all n-histories to find the k nearest neighbors. For instance,
if one wants to forecast x t from the information available at t21, one computes
the distance of the vector x nt21 defined as x tn21 5(x t 21 ,x t 22 , . . . ,x t 2n ) and its
k-nearest neighbors to form an alternative estimator of E(x t ux t 21 ,x t 22 , . . . ,x t 2n ) by
o ik51 v ti x i , where the v ti s are the k nearest neighbor weights. Typically one uses
the Euclidean distance to compute these weights. For a more thorough discussion
of the weighting schemes that are available for the construction of the above
distance, see Robinson (1987). From a computational point of view, uniform
¨
weights are the most popular in the literature, see Hardle
(1990). Also, the choice
of weights will only affect the bias and the variance contribution terms to the mean
square error up to a proportionality factor. Hence, asymptotically the choice of
weights is not important, although there may be small sample effects. In the
present application uniform weights are used to weigh the contribution of the k
nearest neighbors in the overall estimate of the regression function. In the context
of the present application, the regression function is written as

Ov r
k

n1,n2
n1,n2
E(r t us n1,n2
t 21 ,s t 22 , . . . ,s t 2p ) 5

ti i

(4)

i51

where p59 and k5h1,2, . . . ,100j
The optimal choice of nearest neighbors was determined by the cross validation
method which minimizes the mean square error. As the sample moves with the
forecast horizon, the cross-validated performance is recalculated to obtain the
optimal number of nearest neighbors. Therefore, the optimal number of nearest
neighbors may be different corresponding to each observation in the prediction
sample. In Diebold and Nason (1990), the predictions are based on a given number
of nearest neighbors over the entire forecast sample and the number of nearest
neighbors is not allowed to vary as the sample 1 moves with the progression of the
1

The cross-validation procedure of this paper is also studied with the entire in-sample history to
forecast the last one-third of the spot exchange returns, using the lagged returns as inputs. Using the
entire history degrades the results of this paper and the sign predictions go down to the 50% level with
the non-parametric methods.
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forecast iterations. In Kuan and Liu (1995), an information theoretic criteria
(Prediction Stochastic Complexity) is used to determine the number of hidden
units in a network. Once the optimal network structure is determined, it is fixed
throughout the entire forecast sample.
For the implementation of the cross-validation, the 250 most recent observations
(|1 year of trading data) in the in-sample data (training set) are used first to
calculate the optimal number of nearest neighbors corresponding to the smallest
cross-validated mean square error (MSE) among all possible nearest neighbors.
Afterwards, one observation from the further past is added to the set of 250
observations which brings up the total number of observations to 251. The
cross-validation takes place in order to calculate the optimal number of nearest
neighbors corresponding to the smallest cross-validated mean square error among
all possible nearest neighbors.
This process of adding observations further from the past is carried out until all
in-sample observations are utilized. This process gives us a sequence of optimal
nearest neighbors corresponding to each in-sample data length. From this
sequence, the number of nearest neighbors corresponding to the smallest MSE is
determined. This choice of the number of nearest neighbors also corresponds to a
certain in-sample data length. These choices for the number of nearest neighbors
and the in-sample data length are used to predict the first available forecast
observation 2 and to calculate the corresponding forecast error.
In the next step, the sample is rolled one observation forward and the second
observation in the forecast sample is studied in the same manner as described for
the first forecast observation above. This procedure is repeated until all observations are covered in the forecast sample. In the final step, sign predictions and the
Diebold and Mariano (1995) tests are calculated based on the mean square
prediction errors (MSPEs) of the test and the random walk models.
My data methodology is clearly an expensive one. It however has the following
advantages.
• The number of nearest neighbors and the number of observations needed for the
in-sample estimation are determined optimally which prevents overfitting in
noisy environments. In other words, this procedure may utilize only a certain
2
For instance, to forecast t11, the system starts by looking at the previous 250 points. For each k
(k51,2, . . . ,100), leave-one-out cross validation is done with nine lags as inputs. The corresponding k
and the MSE are recorded for k (k51,2, . . . ,100). The k which corresponds to the smallest MSE is
chosen for the training size of 250 observations. The history is then extended by one into the past, and
the procedure is repeated. Similar to the above, the k which corresponds to the smallest MSE is selected
for the set of 251 training observations. This procedure is repeated until the complete training set is
reached. This gives a sequence of k’s which correspond to the smallest MSE for each training data
length. Finally, the k and the corresponding training data length are selected among the sequence of k’s
of different training data lengths.
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number of in-sample observations rather than the entire in-sample if a certain
subset of the in-sample observations provide smaller MSE relative to the MSE
of the entire in-sample set. This allows non-stationarity to enter into the models
in an automatic fashion.
• It is a fair procedure as it only relies on in-sample performance. The parameter
estimates used for forecasting purposes are obtained from the in-sample
estimation and the observations in the forecast sample (out-of-sample observations) are not utilized at any stage of the model specification or estimation.
Finally, this model selection methodology is completely data driven.

3.3. Feedforward networks
The single layer feedforward network regression model with past buy and sell
signals and with d hidden units is written as

O b G Sa 1O g s D 1 e
p

d

r t 5 a0 1

j

n1,n2
ij t 2i

j

j 51

t

et | ID(0,s t2 )

(5)

i 51

where G is the known activation function which is chosen to be the logistic
function. This choice is common in the artificial neural networks literature. Many
authors have investigated the universal approximation properties of neural
networks (Gallant and White, 1988, 1992; Cybenko, 1989; Funanhashi, 1989;
Hecht-Nielsen, 1989; Hornik et al., 1989, 1990). Using a wide variety of proof
strategies, all have demonstrated that under general regularity conditions, a
sufficiently complex single hidden layer feedforward network can approximate any
member of a class of functions to any desired degree of accuracy where the
complexity of a single hidden layer feedforward network is measured by the
number of hidden units in the hidden layer. For an excellent survey of the
feedforward and recurrent network models, the reader may refer to Kuan and
White (1994). To compare the performance of the regression models in (3), (4)
and (5) the random walk model
r t 5 a 1 et

et | ID(0,s 2 )

(6)

is used as the benchmark model. The out-of-sample forecast performance of Eq.
(3), Eq. (4) and Eq. (5) are measured by the ratio of their MSPEs to that of the
random walk model in Eq. (6). A number of papers in the literature suggest that
conditional heteroskedasticity may be important in the improvement of the forecast
performance of the conditional mean. For this reason, the MSPE of the GARCH
(1,1) model with lagged returns
p

rt 5 a 1

O br

i t 2i

i 51

1 et

et | N(0,h t ) ht 5 d0 1 d1 ht 21 1 d2 e 2t 21

(7)
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is compared to that of the benchmark model in Eq. (6). The out-of-sample forecast
performance of the single layer feedforward network model with lagged returns

O b G Sa 1O g r D 1 e
p

d

r t 5 a0 1

j

j 51

ij t 2i

j

t

et | ID(0,s t2 )

(8)

i 51

is also compared to that of the benchmark model in Eq. (6). Feedforward network
regression models require a choice for the number of hidden units in a network
which is determined by a cross-validation method. The cross-validation method
used for the feedforward network models is the same as the one described for
nearest neighbors regression except that the number of hidden units is the choice
variable for the feedforward network regression. The set of number of hidden units
is chosen to be h1,2, . . . ,15j and the number of lags is set to p59 to capture the
potential persistence in the series.
In the implementation of the cross-validation for the parametric models, the 250
most recent training observations are used first to calculate the cross-validated
mean square error (MSE). Afterwards, one observation from the further past is
added to the set of 250 observations which brings up the total number of
observations to 251. The cross-validation takes place in order to calculate the
cross-validated mean square error. This process of adding observations further
from the past is carried out until all in-sample observations are utilized. This
process gives us a sequence of mean squared errors and the corresponding training
data length. From this sequence, the data length which corresponds to the smallest
mean squared error is chosen to predict the first available forecast observation and
to calculate the corresponding forecast error. In the next step, the sample is rolled
one observation forward and the second observation in the forecast sample is
studied in the same manner as described for the first forecast observation above.
This procedure is repeated until all observations are covered in the forecast
sample. In the final step, sign predictions and the Diebold and Mariano (1995)
tests are calculated based on the mean square prediction errors (MSPEs) of the test
and the random walk models.

4. Empirical results
For each exchange rate the out-of-sample predictive performance of the
parametric and the non-parametric conditional mean estimators is examined. The
data set consists of daily spot rates for the British pound (BP), Deutsche mark
(DM), French franc (FF), Japanese yen (JY) and Swiss franc (SF). The out-ofsample forecasts are calculated from the last one-third of the data set. In total,
there are 4684 observations for estimation so that the last 1561 observations are
kept for the out-of-sample predictions. As a measure of performance the out-ofsample mean square prediction error (MSPE) and sign predictions are used. To
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assess the statistical significance of the out-of-sample predictions, the DieboldMariano (1995) test is calculated for all currencies. The Diebold and Mariano
(1995) test is a test of the null hypothesis of no difference in the accuracy of the
two competing forecasts and this test is used to evaluate the statistical significance
of the MSPEs of the GARCH (1,1), nearest neighbors and feedforward network
regression models relative to that of the random walk model. In addition to the
Diebold-Mariano (1995) test, the percentage correct sign predictions of the
out-of-sample forecasts are reported.
Out-of-sample forecasts are completely ex ante, using only information actually
available. The out-of-sample forecasts with the buy-sell signals as the conditioning
n1,n2
set are computed recursively by estimating E(r t us n1,n2
t 21 , . . . ,s t 2p ) and then
n1,n2
n1,n2
E(r t 11 us t
, . . . ,s t2p11 ) and so forth, in real time. The out-of-sample forecasts
with past returns as the conditioning set are computed in a similar fashion.3
The results with past returns are presented in Table 2. The mean square
prediction errors (MSPEs) of the random walk model in the first panel of Table 2
are obtained from the parameters estimated from the entire training period. MSPE
ratio 4 refers to the ratio of the MSPE of the corresponding model to that of the
random walk model. The MSPE ratio is less than one if the model under
consideration provides smaller MSPE relative to the MSPE of the random walk
model. In the MSPE ratio calculations the MSPE of the random walk model is
calculated from the optimal training data set indicated by the cross-validation
procedure for the GARCH (1,1) and the non-parametric models. For instance, if
the cross-validation indicates to use 253 most recent observations from the training
set for the nearest neighbors regression, the same training set is used to calculate
the forecast of the random walk model. This ensures that the forecast comparisons
are fair between the random walk model and the model in comparison as they both
use the same training set for their forecasts.5
D&M refers to the Diebold and Mariano (1995) test for a mean loss differential.
This test statistic is distributed standard normal in large samples. All D&M test

3

To account for the days-of-the-week effects, return series are also filtered by
r t 5 a 1 b1 DMO,t 1 b2 DTU,t 1 b3 DWE,t 1 b4 DTH,t 1 et
where DMO,t , DTU,t , DWE,t and DTH,t are the dummy variables for Monday, Tuesday, Wednesday and
Thursday for observation t. The residuals from this regression are used as the filtered returns. The
results with the filtered returns are similar to that of the unfiltered returns.
4
In the paper, the GARCH (1,1) and the two non-parametric models are compared to the random
walk model. This serves as the first benchmark. The MSPE ratios between GARCH (1,1) and the
non-parametric models can also be compared which gives the forecast performance between GARCH
(1,1) and the non-parametric models. This can be considered as the second linear benchmark of the
paper.
5
When the random walk forecasts from the full training set are compared to the GARCH (1,1) and
the non-parametric models with cross-validation, the models in comparison do slightly better relative to
the random walk model.
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Table 2
Out-of-sample prediction results with past returns
Models

Statistics

BP

DM

FF

JY

SF

Random walk
MSPE
Sign

0.455
0.47

0.493
0.51

0.452
0.48

0.434
0.50

0.591
0.50

MSPE ratio
D&M
Sign

0.996
0.156
0.50

0.997
0.167
0.51

0.995
0.163
0.51

0.991
0.149
0.51

0.990
0.140
0.50

MSPE ratio
D&M
Sign
Hidden units

0.917
0.053
0.55
7

0.916
0.052
0.56
8

0.923
0.057
0.54
8

0.909
0.047
]
0.56
7

0.939
0.052
0.55
9

0.903
0.037
]
0.58
16

0.907
0.023
]
0.58
19

0.911
0.032
]
0.59
18

0.895
0.038
]
0.59
13

0.898
0.031
]
0.55
19

GARCH (1,1)

Feedforward networks

Nearest neighbors
MSPE ratio
D&M
Sign
Nearest neighbors

MSPE is the mean square prediction error of the random walk model and it is reported in levels
(310 4 ). MSPE ratio is the ratio of the MSPE of the corresponding model to that of the random walk
model. D&M refers to the Diebold and Mariano (1995) test for a mean loss differential. This test
statistic is distributed standard normal in large samples. All D&M test statistics are calculated from the
loss differential of the mean square prediction errors of the corresponding model to that of the random
walk model. In the table above, the P-values of the D&M statistics are reported and underlined if less
than 5%. Sign refers to the percentage of the correct signs in the out-of-sample period. For the nearest
neighbors and feedforward regressions, the average number of nearest neighbors and the number of
hidden units from the in-sample estimation are reported in the last rows of the corresponding panels for
each method.

statistics are calculated from the loss differential of the mean square prediction
errors of the corresponding model to that of the random walk model. The P-values
of the D&M test are reported in the tables and underlined if it is less than 5%. Sign
refers to the percentage of the correct sign predictions in the out-of-sample period.
The results of the random walk model indicate that sign predictions average
around the 49% level. For the GARCH-M (1,1) model, the MSPE ratios are close
to one and sign predictions are 50, 51, 51, 51 and 50% for the BP, DM, FF, JY and
SF, respectively. The MSPE ratios indicate that the feedforward network model
provides an average of 7.9% forecast improvement over the random walk model
across all currencies. The feedforward network model also provides more accurate
sign predictions relative to the random walk model although the statistical
significance of the D&M tests are at the margin at the 5% level. The nearest
neighbors model provides significant forecast gains over both the parametric and
the feedforward network models. The average forecast gain for the nearest
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neighbors regression is 9.7% across all five currencies. Sign predictions of the
nearest neighbors regression are 58, 58, 59, 59 and 55% for the BP, DM, FF, JY
and SF, respectively.
For the non-parametric conditional mean estimators, the local procedure (nearest
neighbors regression) dominate the global procedure (feedforward network
regression) in forecast comparisons. The results of the nearest neighbor regression
shows that the average k that minimized the mean square error is 17 across the five
currencies. For the feedforward network regression, the average number of hidden
units is 8 for the five currencies.
In Table 3 and Table 4, the predictability of the current returns with the past
buy-sell signals of the moving average rules are investigated with the (1,50) and
(1,200) rules.6 Relative to the results in Table 2, GARCH (1,1) model provides a
slight improvement for the BP, DM and FF series. For the JY and SF, the
performance of the GARCH (1,1) model is worse than the ones in Table 2 when
Table 3
Out-of-sample prediction results with rule MA5[1,50]
Models

Statistics

BP

DM

FF

JY

SF

GARCH (1,1)
MSPE ratio
D&M
Sign

0.993
0.145
0.51

0.992
0.143
0.50

0.994
0.156
0.49

0.995
0.152
0.49

0.994
0.138
0.51

MSPE ratio
D&M
Sign
Hidden units

0.893
0.007
]
0.59
9

0.890
0.006
]
0.57
6

0.895
0.011
]
0.58
8

0.880
0.007
]
0.57
7

0.887
0.008
]
0.59
8

0.875
0.004
]
0.62
19

0.881
0.005
]
0.63
17

0.856
0.005
]
0.63
20

0.861
0.008
]
0.62
16

0.872
0.007
]
0.61
17

Feedforward networks

Nearest neighbors
MSPE ratio
D&M
Sign
Nearest neighbors

MSPE ratio is the ratio of the MSPE of the corresponding model to that of the random walk model.
D&M refers to the Diebold and Mariano (1995) test for a mean loss differential. This test statistic is
distributed standard normal in large samples. All D&M test statistics are calculated from the loss
differential of the mean square prediction errors of the corresponding model to that of the random walk
model. In the table above, the P-values of the D&M statistics are reported and underlined if less than
5%. Sign refers to the percentage of the correct signs in the out-of-sample period. For the nearest
neighbors and feedforward regressions, the average number of nearest neighbors and the number of
hidden units from the in-sample estimation are reported in last rows of the corresponding panels for
each method.
6

I also studied the linear and non-parametric models when the technical trading indicators are in the
form of 1 and 0’s for the buy and sell signals. The results indicate that both the linear and the
non-parametric models yield forecasts predictions which are within 1% of the forecast predictions
obtained with the continuous buy-sell signals that are presented in Table 3 and Table 4.
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Table 4
Out-of-sample prediction results with rule MA5[1,200]
Models

Statistics

BP

DM

FF

JY

SF

GARCH (1,1)
MSPE ratio
D&M
Sign

0.987
0.134
0.52

0.991
0.146
0.51

0.992
0.154
0.50

0.993
0.149
0.49

0.991
0.142
0.51

MSPE ratio
D&M
Sign
Hidden units

0.897
0.006
]
0.58
8

0.891
0.006
]
0.57
7

0.893
0.009
]
0.57
8

0.883
0.008
]
0.57
9

0.886
0.007
]
0.58
10

0.884
0.005
]
0.61
17

0.883
0.007
]
0.60
18

0.861
0.006
]
0.61
19

0.867
0.007
]
0.63
18

0.879
0.006
]
0.59
16

Feedforward networks

Nearest neighbors
MSPE ratio
D&M
Sign
Nearest neighbors

MSPE ratio is the ratio of the MSPE of the corresponding model to that of the random walk model.
D&M refers to the Diebold and Mariano (1995) test for a mean loss differential. This test statistic is
distributed standard normal in large samples. All D&M test statistics are calculated from the loss
differential of the mean square prediction errors of the corresponding model to that of the random walk
model. In the table above, the P-values of the D&M statistics are reported and underlined if less than
5%. Sign refers to the percentage of the correct signs in the out-of-sample period. For the nearest
neighbors and feedforward regressions, the average number of nearest neighbors and the number of
hidden units from the in-sample estimation are reported in last rows of the corresponding panels for
each method.

the MSPE ratios are compared. The sign predictions of the GARCH (1,1) model in
Table 3 and Table 4 are comparable to the GARCH (1,1) sign predictions in Table
2. The performance of the feedforward and nearest neighbors models both indicate
significantly lower MSPEs relative to the random walk model and significantly
higher sign predictions. With rule (1,50) for BP, DM, FF, JY and SF, the
feedforward network provides 10.7, 11.0, 10.5, 12.0 and 11.3% forecast improvement over the random walk model when the MSPEs of both models are compared.
For the nearest neighbors regression the MSPEs are 12.5, 11.9, 14.4, 13.9 and
12.8% smaller than the random walk model for all five currencies. The feedforward network provides an average of 58% correct sign predictions for the five
currencies. The average sign prediction of the nearest neighbors model is 62% for
the five currencies. The comparison of the nearest neighbors and the feedforward
network models indicate that the nearest neighbors models do slightly better than
the feedforward network models. This suggests that feedforward networks may be
suffering from a degree of oversmoothing relative to the nearest neighbors
estimates. Overall, both types of non-parametric forecasts outperform the GARCH
(1,1) and the random walk model forecasts. The forecasts are more accurate when
the past buy-sell signals are used relative to the past returns as inputs. The
comparison of the (1,50) rule with (1,200) also indicates that the (1,50) rule
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provides more accurate forecasts over the (1,200) rule. This may be due to the fact
that the (1,200) oversmooths the data. The results of the nearest neighbor
regression with the past buy-sell signals show that the average k that minimized
the mean square error is 18 for rules (1,50) and (1,200) across five currencies. For
the feedforward network regression, the average number of hidden units is 8 across
all five currencies.
In addition to the one-step ahead predictions, 5- and 10-step ahead predictions
are also studied with past returns and past buy-sell signals of the moving average
rules. At the 5- and the 10-step prediction levels, there is no evidence of
predictability for all currencies when the current returns are modelled by past
returns or past buy-sell signals. This suggests that the predictive power of the
buy-sell signals are limited to the immediate future (which is the next day with the
daily data used in this paper) and these rules may not have long-term predictive
ability.
The cross-validation methodology in this paper starts from the most recent 250
observations in the training set and searches the entire training set to obtain the
optimal training data length within the context of an econometric model.
Therefore, a training data size as small as 250 observations to the entire training
set are studied. The cross-validation results of this paper indicate that optimal
training data length is much less than the entire training size. The average optimal
training data length for all currencies is an average of one-third of the total training
set of 1561 observations. This is consistent across the GARCH (1,1) and the
non-parametric models. This means that larger training sets may lead to overfitting
and therefore poor out-of-sample generalizations.

5. Conclusions
This paper has compared the out-of-sample performances of two parametric and
two non-parametric conditional mean estimators to forecast spot exchange rate
returns with past returns and past buy-sell signals of the moving average rules. The
forecasts generated by the non-parametric models dominate the parametric ones.
Among the non-parametric models, the forecasts of the local procedure (nearest
neighbors regression) dominate the global procedure (feedforward network
regression). This suggests that feedforward networks may be suffering from a
degree of oversmoothing relative to the nearest neighbors estimates.
The results indicate that simple moving average rules provide significant correct
sign predictions and the Diebold and Mariano (1995) test indicates the statistical
significance of these predictions when non-parametric conditional mean estimators
are used to model the current returns. These results are consistent across the five
currencies studied in this paper. In general, the random walk and the GARCH
(1,1) models do not generate significant sign predictions and Diebold and Mariano
(1995) tests corresponding to these models are consistently insignificant.
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This paper has used cross-validation as a model and data selection procedure.
Although this method is computationally expensive, it has the advantage that the
model complexity and the number of observations needed for the in-sample
estimation are determined optimally which prevents overfitting in noisy environments. In other words, this procedure may utilize only a certain number of
in-sample observations rather than the entire in-sample if a certain subset of the
in-sample observations provides smaller mean square error relative to the mean
square error of the entire in-sample set. It is a fair procedure as it only relies on
in-sample performance. In other words, observations in the forecast sample
(out-of-sample observations) are not utilized at any stage of the model specification.
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