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Abstract. We compare the predication performance of neural networks with the 
different frequencies of input data, namely daily data, weekly data, monthly 
data. In the 1 day and 1 week ahead prediction of foreign exchange rates fore-
casting, the neural networks with the weekly input data performs better than the 
random walk models. In the 1 month ahead prediction of foreign exchange rates 
forecasting, only the special neural networks with weekly input data perform 
better than the random walk models. Because the weekly data contain the ap-
propriate fluctuation information of foreign exchange rates, it can balance the 
noise of daily data and losing information of monthly data. 

1   Introduction 

Exchange rates are one of the most important economic indices in the international 
monetary markets. Because of its complicated nonlinear behavior, many researchers 
employ neural networks to forecast foreign exchange rates. Several design factors 
significantly affect the prediction performance of neural networks [1]. Although for-
eign exchange rates are high-frequency financial time series, fluctuating every min-
ute, the researchers seldom employ the hourly observations for forecasting. Because 
there is too much noises in the observations of high-frequency, no body use the fre-
quency that is higher than daily data. It is a common practice to predict the future 
value daily ahead with daily data[2, 3], to predict the future value weekly ahead with 
weekly data[4-6], to predict the future value monthly ahead with monthly data[7-10]. 
Hann and Steurer compare the prediction performances of neural network models 
with linear monetary models in forecasting USD/DEM by using the monthly data and 
weekly data. Out-of-sample results show that, for weekly data, neural networks are 
much better than linear models and a random walk model. However, if monthly data 
are used, neural networks do not show much improvement over linear models[11].  

In fact, different frequencies of input data may affect the performances of neural 
networks, due to the volatility of currency movements. However, few researchers 
investigate the effect of different frequencies of input data. Our contribution of the 
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paper is to compare the prediction performance of the neural networks by using the 
different frequencies of input data. The remainder of this paper is organized as fol-
lows. Section 2 gives the experiment design. Section 3 discusses the experiment re-
sults. Finally, conclusions are given in Section 4.     

2   Experiment Design 

We employ the three frequencies of data, namely daily data { d
ty }, weekly data 

{ w
ty }, monthly data { m

ty }. The daily data is the closing price of every trading day. 

The weekly data is compiled from the average of daily data in that week. The monthly 
data is compiled from the average of daily data in that month. 

2.1   Random Walk Models 

The weak form of efficient market theory describes that prices always fully reflect the 
available information, that is, a price is determined by the previous value in the time 
series because all the relevant information is summarized in that previous value.  An 
extension of this theory is the random walk (RW) model. The random walk model 
uses the actual value of current period to predict the future value of next period as 
follows: 

1ˆ +ty = ty  (1) 

where 1ˆ +ty  is the predicted value of the next period; ty  is the actual values of current 

period.  
Therefore, the predicted values of next day, week, month by RW model are com-

puted in the following way:  

d
ty 1ˆ + = d

ty  (2) 

w
ty 1ˆ + = w

ty  (3) 

m
ty 1ˆ + = m

ty  (4) 

2.2   Neural Network Models 

In this study, we employ one of the widely used neural networks models, the three-
layers back-propagation neural network (BPNN), for foreign exchange rates forecast-
ing. The activation function used for all hidden nodes is the logistic function, while 
the linear function is employed in the output node. The number of input nodes is a 
very important factor in neural network analysis of a time series since it corresponds 
to the number of past lagged observations related to future values. To avoid introduc-
ing a bias in results, we choose the number of input nodes as 3, 5, 7 and 9, respec-
tively. Because neural networks with one input nodes are too simple to capture the 
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complex relationships between input and output, and it is rarely seen in the literatures 
that the number of input nodes is more than nine. Generally speaking, too many nodes 
in the hidden layer produce a network that memorizes the input data and lacks the 
ability to generalize. Parsimony is a principle for designing neural networks. Hence, 
the number of hidden nodes is equal to the number of input nodes.  

Because there is no daily data of economic indicators such exportation, importa-
tion, we employ univariate input for the neural networks. The inputs of neural net-
work are the past, lagged observations of exchange rates; the output is the future 
value. In some sense, the neural networks of univariate input are equivalent to a 
nonlinear autoregressive mode as follows: 

1ˆ +ty = F ( ty , 1−ty  ,…, Kty − ) (5) 

where 1ˆ +ty  is the output of the neural networks, namely the predicted value of the 

next period; ty , 1−ty ,…, Kty −  are the inputs for the neural networks, namely the 

actual value at the period t , 1−t ,…, Kt − , respectively; function F  is a nonlinear 
function determined by the neural networks; K  is the max lag period, which is de-
termined by the number of input nodes. In the study, when the number of input nodes 
is 3, 5, 7 and 9, K  is 2, 4, 6, 8, respectively. 

We employ daily data, weekly data, monthly data as inputs of the neural networks 
to predict the future foreign exchange rates of the next day as follows: 

d
ty 1ˆ + = d

dF ( d
ty , d

ty 1− , …, d
Kty − ) (6) 

d
ty 1ˆ + = w

dF ( w
ty , w

ty 1− , …, w
Kty − ) (7) 

d
ty 1ˆ + = m

dF ( m
ty , m

ty 1− , …, m
Kty − ) (8) 

where d
ty 1ˆ +  is the output of the neural networks, namely the predicted value of the next 

day; function d
dF , w

dF , m
dF  are the nonlinear functions determined by the neural 

networks with the input of daily data, weekly data, monthly data, respectively. 
We employ daily data, weekly data, monthly data as inputs of the neural networks 

to predict the future foreign exchange rates of the next week as follows: 

w
ty 1ˆ + = d

wF ( d
ty , d

ty 1− , …, d
Kty − ) (9) 

w
ty 1ˆ + = w

wF ( w
ty , w

ty 1− , …, w
Kty − ) (10) 

w
ty 1ˆ + = m

wF ( m
ty , m

ty 1− , …, m
Kty − ) (11) 

where w
ty 1ˆ +  is the output of the neural networks, namely the predicted value of the next 

week; function d
wF , w

wF , m
wF  are the nonlinear functions determined by the neural 

networks with the input of daily data, weekly data, monthly data, respectively. 
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We employ daily data, weekly data, monthly data as inputs of the neural networks 
to predict the future foreign exchange rate of the next month as follows: 

m
ty 1ˆ + = d

mF ( d
ty , d

ty 1− , …, d
Kty − ) (12) 

m
ty 1ˆ + = w

mF ( w
ty , w

ty 1− , …, w
Kty − ) (13) 

m
ty 1ˆ + = m

mF ( m
ty , m

ty 1− , …, m
Kty − ) (14) 

where m
ty 1ˆ +  is the output of the neural networks, namely the predicted value of the next 

month; function d
mF , w

mF , m
mF  are the nonlinear functions determined by the neural 

networks with the input of daily data, weekly data, monthly data, respectively. 

2.3   Performance Measure 

We employ root of mean squared error (RMSE) to evaluate the prediction perform-
ance of neural networks as follows: 

RMSE =
T

yy
t

tt∑ − 2)ˆ(
  (15) 

where ty  is the actual value; tŷ  is the predicted value; T  is the number of the pre-

dictions 

2.4   Data Preparation 

From Pacific Exchange Rate Service provided by Professor Werner Antweiler, Uni-
versity of British Columbia, Canada, we obtain 3291 daily observations, 678 weekly 
data and 156 monthly data of U.S. dollar against the British Pound (GBP) and Japa-
nese Yen (JPY) covering the period the period from Jan 1990 to Dec, 2002. First, we 
produce the testing sets for each neural network models by selecting 60 patterns of the 
latest periods from the three datasets, respectively. Then, we produce the appropriate 
training sets for each neural networks model from the corresponding left data in the 
three datasets by using the method in [12].  

3   Experiments Results 

Table 1 shows the prediction performances of the random walk models, which are used as 
benchmarks of prediction performance of foreign exchange rates for the different 
forecasting horizons. The prediction performance become worse as the forecasting 
horizon becomes longer. This pattern is consistent with the assumption of random 
walk model.  

Table 2-5 show the 1 day ahead prediction performance of the neural networks 
with 3, 5, 7, 9 input nodes, respectively. In the 1 day ahead prediction of foreign ex-
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change rates, the neural networks with weekly input data perform better than the ran-
dom walk models; the neural networks with daily, monthly input data perform worse 
than the random walk models. Because the daily input data contain too much noise, 
while the monthly input data lose too much fluctuation information of foreign ex-
change rates at the scale of day. 

Table 6-9 show the 1 week ahead prediction performance of the neural networks 
with 3, 5, 7, 9 input nodes, respectively. In the 1 week ahead prediction of foreign 
exchange rates, the neural networks with weekly input data perform better than the 
random walk models; the neural networks with daily, monthly input data perform 
worse than the random walk models. Because the daily input data can not cover the 
enough period which contains the behavior of foreign exchange rate at the scale of 
week, while the monthly input data lose some fluctuation information of foreign ex-
change rates at the scale of week.  

Table 10-13 show the 1 month ahead prediction performance of the neural net-
works with 3, 5, 7, 9 input nodes, respectively. In the 1 month ahead prediction of 
foreign exchange rates, the neural networks with weekly input data perform little 
better than the random walk models when the number of the input nodes is 5 and 7; 
the other neural networks models perform worse than the random walk models. It 
indicates that the neural networks models are not suitable for the long term forecast-
ing when the foreign exchange rates fluctuate a lot 

Table 1. The prediction performance of the random walk models 

Forecasting horizon RMSE of GBP RMSE of JPY 
1 day ahead 0.0054715 0.007508 

1 week ahead 0.0128701 0.01608 
1 month ahead 0.0387545 0.042368 

Table 2. The 1 day ahead prediction performance of the neural networks with 3 input nodes 

Frequency of input data RMSE of GBP RMSE of JPY 
daily 0.0186794 0.021576 

weekly 0.0054705 0.007439 
monthly 0.0381506 0.041369 

Table 3. The 1 day ahead prediction performance of the neural networks with 5 input nodes 

Frequency of input data RMSE of GBP RMSE of JPY 
daily 0.0155469 0.017623 

weekly 0.004491 0.00635 
monthly 0.0380584 0.040172 

Table 4. The 1 day ahead prediction performance of the neural networks with 7 input nodes 

Frequency of input data RMSE of GBP RMSE of JPY 
daily 0.0149991 0.017417 

weekly 0.004496 0.00636 
monthly 0.0380457 0.039505 
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Table 5. The 1 day ahead prediction performance of the neural networks with 9 input nodes 

Frequency of input data RMSE of GBP RMSE of JPY 
daily 0.0186669 0.021558 

weekly 0.0054671 0.007293 
monthly 0.038303 0.04163 

Table 6. The 1 week ahead prediction performance of the neural networks with 3 input nodes 

Frequency of input data RMSE of GBP RMSE of JPY 
daily 0.0187851 0.022372 

weekly 0.012474 0.015306 
monthly 0.0346265 0.034005 

Table 7. The 1 week ahead prediction performance of the neural networks with 5 input nodes 

Frequency of input data RMSE of GBP RMSE of JPY 
daily 0.0179622 0.019123 

weekly 0.01154 0.01421 
monthly 0.0345032 0.033285 

Table 8. The 1 week ahead prediction performance of the neural networks with 7 input nodes 

Frequency of input data RMSE of GBP RMSE of JPY 
daily 0.0172154 0.019116 

weekly 0.011508 0.0143 
monthly 0.0336946 0.033712 

Table 9. The 1 week ahead prediction performance of the neural networks with 9 input nodes 

Frequency of input data RMSE of GBP RMSE of JPY 
daily 0.018782 0.022365 

weekly 0.012528 0.015432 
monthly 0.035721 0.035353 

Table 10. The 1 month ahead prediction performance of the neural networks with 3 input nodes 

Frequency of input data RMSE of GBP RMSE of JPY 
daily 0.0585355 0.063101 

weekly 0.0402285 0.043588 
monthly 0.0552075 0.059799 

According to the above results, we may see that weekly data is the appropriate fre-
quency which matches the scale of fluctuation behavior of foreign exchange rates 
fluctuation behavior. Weekly data balance the noise of daily data and losing informa-
tion of monthly data. 
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We notice that the networks with 5, 7 inputs nodes perform better than the net-
works with 3, 9 input nodes. Because the neural networks with 5, 7 input nodes are at 
the appropriate level of complexity, which balances the over-fitting and under-fitting. 

Table 11. The 1 month ahead prediction performance of the neural networks with 5 input nodes 

Frequency of input data RMSE of GBP RMSE of JPY 
daily 0.0574925 0.061378 

weekly 0.0383246 0.041754 
monthly 0.0543704 0.058285 

Table 12. The 1 month ahead prediction performance of the neural networks with 7 input nodes 

Frequency of input data RMSE of GBP RMSE of JPY 
daily 0.0571355 0.060978 

weekly 0.0385933 0.041929 
monthly 0.0540548 0.05809 

Table 13. The 1 month ahead prediction performance of the neural networks with 9 input nodes 

Frequency of input data RMSE of GBP RMSE of JPY 
daily 0.0593892 0.062386 

weekly 0.0405666 0.044135 
monthly 0.0558715 0.060805 

4   Conclusions  

In this paper, we investigate the effects of different frequencies of input data of for-
eign exchange rates forecasting with neural networks. The neural networks with the 
weekly input data performs better than those neural networks with the input of daily 
data and monthly data. Weekly data is the appropriate frequency which matches the 
scale of fluctuation behavior of foreign exchange rates fluctuation behavior. 
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