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Abstract Neural networks have been used to predict the direction of stock index movement from past data. The
conventional research that predicts the upward or downward movement of the stock index predicts a rise or fall even
with small changes in the index. It is highly likely that losses will occur when trading ETFs by use of the prediction.
In this paper, a neural network model that predicts the movement direction of the daily KOrea composite Stock Price
Index (KOSPI) to reduce ETF trading losses and earn more than a certain amount per trading is presented. The
proposed model has outputs that represent rising (change rate in index = «), falling (change rate <— ) and neutral
(—a <change rate<< «). If the forecast is rising, buy the Leveraged Exchange Traded Fund (ETF); if it is falling,
buy the inverse ETF. The hit ratio (HR) of PNNI1 implemented in this paper is 0.720 and 0.616 in the learning
and the evaluation respectively. ETF trading yields a yield of 8.386 to 16.324 %. The proposed models show the
better ETF trading success rate and yield than the neural network models predicting KOSPL
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Table 1. Input variables of the neural network model

Input variables
KOSPI 2 days ahead 1 day ahead
High price - Close price In(1) In(8)
Low price - Close price In(2) In(9)
Close price In(3) In(10)
3 day moving average In(4) In(11)
5 day moving average In(5) In(12)
10 day moving average In(6) In(13)
20 day moving average In(7) In(14)

Table 2. Output variables of the neural network
model

Qutput variables

KOSPI movement direction

Outl1] | Outl2] | Outl3]
Rising: P, = « 1 0 0
Neutral —a < P, <« 0 1 0
Fallng: P,,; <—« 0 0 1

= 1
= o AIEsLE logistic sigmoid TFE, &
%]
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» Output layer
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Output the movement direction pattern

Fig. 1. Architecture of the neural network
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Table 3. The correlation coefficients of KOSPI,
KOSPI200 and F—KOSPI200

KOSPI Index Coefficient
KOSPI and KOSPI200 0.993
KOSPI and F-KOSPI200 0.993
KOSPI — KOSPI
d: © » 100
KOSPI
A Output pattern of
neural network
Buy Tiger Leverage ETF  [1 0 0]
a [010]
Tiger-Leverage
_ _FTiger-\nverse
—a
Buy Tiger Inverse ETF [001]

Fig. 2. Trading interval for buying leverage and
inverse ETFs
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Table 4. Neural network parameters for the KOSPI
prediction models

HEAE Sk F7F 2|4 dlE ZE(NNT, NN2, NN3)[5]2
H] P & =to] o] wijn) H]-&2 g A% uj
v 97} itk Table 7 718 wlo]Eo] tis] =dd
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Table 6. Trade performance of the proposed models

Trade rate | Trade days Loss days
Model | « %) @) Gay)
PNNT1 0.6 72 9 0
PNN2 0.6 56 7 0
PNN3 0.6 32 4 0
NN1[5] 0.6 9.7 11 1
NN2[5] 0.6 4.0 5 0
NN3[5] 0.6 8.9 11 3

NN1-3: Neural Networks for predicting KOSPI[5]

Model 7 1 o
PNN1 442 14 23 .
PNND 200 0 6 Table 7. Trade profit of the proposed models
PNN3 174 18 24 Model Profit (%) Profit (%) Total trade profit
in bull market in bear market (%)
%2: The number of iteration in the learning PNN1 16.32 0.0 16.32
7,1 The number of neurons in the 1% hidden layer PNN2 15.30 0.0 156.30
7y,5: The number of neurons in the 2' hidden layer PNN3 0.0 839 839
PNN1-3: Neural Networks for pattern classification NN1I5] 1087 442 1529
NN2[5] 6.09 1.07 7.16
NN3[5] 1.42 5.76 7.18
Table 5. KOSPI prediction errors
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