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Abstract The application of neural networks to stock forecasting has received a great deal of attention because
no assumption about a suitable mathematical model has to be made prior to forecasting and they are capable of
extracting useful information from data, which is required to describe nonlinear input-output relations of stock
forecasting. The paper builds neural network models to forecast daily KOrea composite Stock Price Index (KOSPI),
and their performance is demonstrated. MAPEs of NNI model show 0.427 and 0.627 in its learning and test,
respectively. Based on the predicted KOSPI price, the paper proposes an alpha trading for trades in Exchange Traded
Funds (ETFs) that fluctuate with the KOSPI200. The alpha trading is tested with data from 125 trade days, and its
trade return of 7.16 ~ 15.29 % suggests that the proposed alpha trading is effective.
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Fig. 1. Architecture of the neural network
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Table 1. Input variables of the neural network model

KGSPI Input variables
2 days ahead 1 day ahead
High price - Close price In(1) In(8)
Low price - Close price In@) In(9)
Close price In@3) In(10)
3 day moving average In(@) In(11)
5 day moving average In(5) In(12)
10 day moving average In(®) In(13)
20 day moving average In(7) In(14)
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Table 2. The correlation coefficients of KOSPI,
KOSPIZ00 and F—KOSPI200

KOSPI' Index Coefficient
KOSPI and KOSPI200 0.99324
KOSPI and F-KOSPI200 0.99324
KOSPI (%) and KOSPI200 (%) 0.98398
KOSPI (%) and F-KOSPI200 (%) 0.95025
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Table 3. Neural network parameters for the KOSPI
prediction models

Model 7 1 Mo
NN1 14 5

NN2 27 3 5
NN3 74 2 7

% The number of iteration in the leaming
Ty,1¢ The number of neurons in the 1% hidden layer

1,5 The number of neurons in the 2 hidden layer
NN: Neural Network
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Fig. 3. Output comparison of KOSPI daily close
prices in the test
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Table 4. KOSPI prediction errors Model | ;tr:gz) Trade days| Loss days Sr;g(cf/f)s
MAPE
Model Learming Test NNT | 05 97 11 1 909
NN1 0.427 0.628 NN2 04 40 5 0 100.0
NN2 0.487 0.635 NN3 04 89 1 3 72.7
NN3 0.424 0.648
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Table 6. Trade profit of the neural network models

Model ' Profit (%) ' Profit (%) Total trade profit
in bull market | in bear market (%)

NN1 10.87 4.42 15.29

NN2 6.09 1.07 7.16

NN3 1.42 5.76 7.18
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