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Abstract

This paper attempts to predict exchange rate direction
at the short horizon (1-, 6-, and 12-month) to provide
the market-timing information. We presume that the
leading indicators of a specific country could
appropriately represent its future macroeconomic
conditions, and the relative variations of two
countries’ macroeconomic conditions would therefore
lead to exchange rate moving. Neura network model
is employed to describe the relationship between the
leading indicators of two countries and the direction of
their exchange rate in the future. We find empirical
evidence that our model outperforms the random walk
model and appears to be more accurate at 6- and 12-
month horizons.

Keywords. Exchange rate forecasting;
indicators; Neural network model.
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1. Introduction

Predicting exchange rate and its corresponding
direction is an important and beneficia task in terms
of theoretica and practical aspects. Literature states,
unfortunately, that most forecasting methods hardly
beat the random walk (RW) model. Meese and Rogoff
[10] report that linear models do not perform well in
out-of-sample forecast. After Meese and Rogoff,
numerous researchers devote themselves to exploring
nonlinear models. Some studies provide support for
the long-horizon forecast [9], but find weak support at
short horizon [6].

Most of the works mentioned above focus on the
exchange rate forecast. However, some studies show
that it is even more important to predict the direction
of exchange rate. Leitch and Tanner [7] suggest that
the numerical accuracy measures (RMSE, MAE, etc.)
for exchange rate forecast have little relevance for
users of forecasts in business enterprises, who are
most concerned with the direction indicated by the
forecasts. Also, El Shazly [1] points the importance of
correct prediction on the exchange rate direction for
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hedging or speculative activities. Finally, for firms
which conduct substantial currency transfers in the
course of business, being able to accurately forecast
exchange rate direction can result in considerable
improvement in the overall profitability of the firm [8].

Because neura network (NN) model is auniversal
approximator which can approximate a large class of
nonlinear functions with a high degree of accuracy,
there are numerous researches applying NN model to
predict exchange rate and its corresponding direction.
Qi and Wu [12] use some monetary fundamentas as
input to predict four exchange rate directions via NN
model. Jasic and Wood [5] improve the performance
of daily exchange rate forecast. Furthermore, in the
study of El Shazly [1], currency price forecast shows
that it is easier for NN model to predict the direction
and turning points than actual prices.

In this study, we aim at predicting exchange rate
direction at short (i.e. 1-, 6-, and 12-month) horizons
under the flexible exchange rate regime. A 3-layer NN
mode! with the leading indicators as inputs is used to
forecast the four main exchange rate directions as the
same ones considered in the work of Qi and Wu. Our
model outstands the RW model across al examinant
currencies. In addition, these findings outperform the
results of Qi and Wu. We may say that, in our NN
model, the leading indicators could probably represent
macroeconomic conditions, and the trend of exchange
rate depends deeply on macroeconomic conditions.

The remaining sections of the paper are organized
as follows. Section 2 provides the concept why we
adopt the leading indicators. Section 3 describes our
proposed NN mode and statistic methods. In Section
4, the data sets are introduced in terms of its origins.
Section 5 demonstrates our results. Finaly, Section 6
gives conclusions of our research.

2. Why we adopt theleading
indicator s?

The most popular model of exchange rate, the
monetary model, concerns the economic fundamentals
which focus on the demand and supply of money and



the price level. Many researches about predicting
exchange rate are based on monetary model [12]. But
Hopper [4] concludes that the monetary model do not
provide a satisfactory account of the exchange rate.
Faust et a. [3] empiricadly examine Mark’s [9]
monetary model and find weak evidence of
predictability.

We find that most studies only considered the
parameters that would affect currency supply and
demand directly. There may be additional parameters
that will affect the exchange rate. Without these
potentia factors, satisfactory forecast performance
will not be obtained. In order to overcome the problem,
we extend the monetary mode into the idea of
macroeconomic model. That is to say, macroeconomic
conditions of different countries are utilized to predict
the flow of the money. Therefore, various kinds of
leading indicators which have the ability to predict the
macroeconomic conditions in the future are used as
the parameters for verifying this relationship. In out
study, we will only use standard leading indicators
provided by the considered countries.

3. Empirical design and statistics

Foreign exchange is the exchange of the currency
of one country for currency of another. For this
concept, we should consider both countries’
macroeconomic conditions. Therefore, we divided our
input nodes into two parts, each of which contains one
country’s leading indicators for six consecutive
months. In contrast to the prior works using the same
parameters in common, the leading indicators of a
specific country are usualy different from those of the
other in terms of amount and definition. As mentioned
in Section 2, it would not make sense to concern fewer
and the same leading indicators for different countries.
Our policy is to adopt more and suitable leading
indicators (may not be al the same) for effective
forecasting. Thisisthe novel part of our NN model.

Suppose we have two countries, namely x and y,
and we design a 3-layers NN model whose structure is
depicted in Fig. 1. Theinput vector is

= (Lns,xays- v Lins, xgpr Toess sayse- o0 L xap 1es, yayse - oo
|(n—5,yr): |(n-4,y1):---y I(n,yr)) ’

where n denotes the last month, country x has g kinds
of leading indicators (x1,..., Xq), and country y has r
kinds of leading indicators (y1,..., yr). The output
vector is (Opst, 1) Opnet, 2) T, If the exchange rate on
month n+t is higher than or equal to the one on month
n, we set (O, 1 Ot 2)) ' 10 (0, 1) T Otherwise, we
set (O, 13, Opnet, ) ' 10 (2, 0) " The number of hidden
nodes will be set from 1 to 10 to compare with the
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work of Qi and Wu. We will study the forecast of 1-,

6- and 12-month horizon exchange rate direction.
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Fig. 1: Datarepresentation in training a neural network
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Two criteria are used to judge the correctness of
our out-of-sample forecasts. One is the direction
accuracy (DA), measured by the proportion of correct
forecasts. The other is Pesaran and Timmermann (PT)
test [11], testing the significance of predicted signs of
direction. We set RW model as 50% direction
accuracy and use the PT to test the relation of our
mode! and random walk model.

4. The Data

We choose four magjor currency exchange rates:
British pound/US dollar, Canadian dollar/US dollar,
Deutsche mark/US dollar, and Japanese yen/US dollar,
al of which come from PACIFIC [13]. The monthly



exchange rate is calculated as average daily rate of the
last week of that month. The leading indicators of the
U.S, the UK., and Germany are obtained from the
U.S. Conference Board [14] (the index of the U.S.
consumer confidence is obtained from the University
of Michigan). The leading indicators of Canada are
obtained from CASIM [15]. ESRI, Cabinet Office,
Government of Japan [16] provides the data of Japan
leading indicators. Because the ranges of different
leading indicators are greatly different from one
another, all data will be transformed into percentage
form. The form of transformation function is

I _ (Iori - I(zooo, average)) (2)

new '

‘ I (2000,average)
where |y; means the original value of the indicator,
I (2000, average) MeEBNS the average value of the indicator in
year 2000, and I,y is the transformed value of the
indicator that will be used to train NN model.

Our data sets cover from the horizon from January
1978 to July 1997 and are divided into two periods.
The first period running from January 1978 to
December 1989 is used for modd training and
validation. The second period covering the remaining
years from January 1990 to July 1997, the same
horizon as considered in the work of Qi and Wu, is
reserved for out-of-sample evaluation and is used to
compare forecasting performance for different models.

5. Empirical results

Here we present the results from our out-of-
sample experiment. Table 1 provides forecasting
performance for British pound. In most situations, our
model demonstrates a strong market-timing ability at
the 6- and 12-month horizons. Comparing to Engel‘s
[2] work whose DA is 52% on average, our results
outperforms Engel‘s work. Even at the 1-month
horizon, the DA is well above 60% at some nodes, but
not all significant at 5% or 1% level.

The results of Table 2 for Canadian dollar are
similar to Table 1. At the 12-month horizon, DA is
over 80% for both node 3 and node 4. At the 1-month
horizon, our model still has the market-timing ability.
Table 3 draws the performance for predicting
Deutsche mark. It is glad to see that these data show
the market-timing ability at the 1-, 6-, and 12-month
horizon. The last currency, Japanese yen in Table 4,
performs significant market-timing ability and gets
DA all over 80% at the 12-month horizon. In addition,
these findings outperform the results of Qi and Wu.

Overal, leading indicators are suitable to
simulating macroeconomic conditions and, then, to
predicting market-timing ability for exchange rate
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direction. The NN mode with macroeconomic
fundamentals as explicative variables outstands the
RW modd across all examinant currencies.

Table 1. Performance for the British pound

1 month 6 month 12 month
Hr']ggg” DA(%) PT DA(%) PT DA(%) PT
1 5495 0.08 5275 0.71 57.14 0.92
2 5824 037 57.14 094 69.23** 1.00
3 5934 083 63.74** 1.00 69.23** 1.00
4 6044 092 62.64** 1.00 69.23** 1.00
5 6154 094 7473+ 1.00 74.73** 1.00
6 5934 086 6813* 1.00 70.33** 1.00
7 6044 071 68.13** 1.00 73.63** 1.00
8 67.03* 100 69.23** 1.00 73.63** 1.00
9 5824 085 69.23** 1.00 69.23** 1.00
10 6154+ 096 7143+ 1.00 76.92** 1.00

" denotes significance at the 5 percent level
" denotes significance at the 1 percent level

Table 2. Performance for the Canadian dollar

1 month 6 month 12 month
Hr']ggg” DA(%) PT DA(%) PT DA(% PT
1 4945 0.66 6374 0.83 7253 1.00
2 5165 079 60.44" 099 79.12" 1.00
3 5604 094 6264° 1.00 80.22" 1.00
4 5604 087 61547 1.00 8242 1.00
5 61547 099 67.03° 1.00 75.82" 1.00
6 56.04 085 60.44" 099 78.02" 1.00
7 5604 090 5824 097 76.92" 1.00
8 6374 100 5714 096 79.127 1.00
9 61547 099 5824 098 7253 1.00
10 5385 089 62.64° 100 7582 1.00

" denotes significance at the 5 percent level
" denotes significance at the 1 percent level

Table 3. Performance for the Deutsche mark

1 month 6 month 12 month

Hidden

0,
node DA (%) PT

DA (%) PT DA(®%) PT

60.43"
69.23"
61.54"
63.74"
74.73"
62.64"
73.63"
67.03"
62.64"
68.13"

58.24°
64.84"
63.74"
63.74"
65.93"
62.64"
67.03"
68.13"
6154° 098 67.03" 1.00
10 59.34° 098 69.23" 1.00

61.54"
50.34°
57.14
58.24"
56.04
60.44"
56.04
60.44°

0.99
0.96
0.90
0.96
0.93
0.98
0.89
0.98

0.98
1.00
1.00
1.00
1.00
1.00
0.99
1.00

1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00

O©CO~NOOOUTHA~ WNPEF

" denotes significance at the 5 percent level
" denotes significance at the 1 percent level



Table 4. Performance for the Japanese yen

1 month 6 month 12 month

Hidden

node DA (%) PT

DA (%) PT DA(%) PT

80.22""
g7.01"
85.71"
89.01"
86.81"
g7.01"
86.81"
g7.01"
86.81"
86.81"

68.13"
70.33"
71.46"
69.23"
71.43"
68.13"
73.63"
71.43"
57.14° 097 68.13" 1.00
10 61547 099 7143 1.00

58.24""
57.14
58.24"
58.24"
62.64"
58.24
62.64"
54.95

0.99
0.93
0.98
0.95
1.00
0.94
1.00
0.88

1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00

1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00

O©CO~NOOUITA~ WNPEF

" denotes significance at the 5 percent level
" denotes significance at the 1 percent level

6. Conclusions

This paper introduces the method using NN model
with two relative countries’ leading indicators to
forecast the exchange rate direction. We want to prove
that many potentiadl macroeconomic fundamentas
other than ordinary monetary ones could influence
aggregate demand and supply of money between
different countries. Our results show that the leading
indicators could probably be used to represent
macroeconomic conditions, and the direction of
exchange rate depends deeply on relative variation of
corresponding macroeconomic conditions. These
results lead to three conclusions: (1) At the 1-month
horizon, we find that most results of direction
accuracy (DA) are above 56% and some of them are
better than pure chance at the 5% and 1% significant
levels. For 6- and 12-month horizons, al four
countries’ outcomes show that most DAs are above
62%, and these results are significant at the 5% or 1%
levels. (2) To forecast exchange rate direction via NN
model, leading indicators as inputs are more
appropriate than standard monetary fundamentals. (3)
The input layer design of our NN model is suitable for
our empirical research.

Some issues are still not discussed in this paper.
All the leading indicators provided by corresponding
countries are used in our paper. Among them, there
might be some noisy ones that can be drop for
improving the performance. Furthermore, a periodica
phenomenon may exist in the direction of exchange
rate. If we can find the period, we can use this

information to design our training and testing horizons.
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