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A Study on the stock price prediction and influence factors through
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Abstract The stock market is affected by unexpected factors, such as politics, society, and natural
disasters, as well as by corporate performance and economic conditions. In recent days, artificial
intelligence has become popular, and many researchers have tried to conduct experiments with that. Our
study proposes an experiment using not only stock-related data but also other various economic data.
We acquired a year's worth of data on stock prices, the percentage of foreigners, interest rates, and
exchange rates, and combined them in various ways. Thus, our input data became diversified, and we
put the combined input data into a nonlinear autoregressive network with exogenous inputs (NARX)
model. With the input data in the NARX model, we analyze and compare them to the original data. As
a result, the model exhibits a root mean square error (RMSE) of 0.08 as being the most accurate when
we set 10 neurons and two delays with a combination of stock prices and exchange rates from the U.S.,
China, Europe, and Japan. This study is meaningful in that the exchange rate has the greatest influence

on stock prices, lowering the error from RMSE 0.589 when only closing data are used.
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2.1 NARX(Nonlinear AutoRegressive with
eXternal input)

NARX+= A=2H4 % &
= SO Qe T
& 7|¥t HlolEE Oﬂ—OP
Heh AtsitHo]
AUk shks Y o= 9 13 2
H Fmetal Een Oy 29k gow 77}
Hepdt

Ao YEgaol o
=Hlg gtk NARXE A7
g QoA The ¢y 72
 NARXE 5 7p) 22 3450
T, e SR o
4 () Q)

v = fiyt - 1), vt - 2), ...
x(t - 2), ... x(t - nx))

y(t - ny), xt - 1),
)

y© = G - 1), ¥ - 2), ...
x(t - 2), ... x(t - nx))

yt - ny), x(t - 1),
@

Where, nx denotes a number of input delays, ny
(O

denotes a number of output delays and

denotes output
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. Open loop of the NARX neural network
architecture.
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Fig. 2. Close loop of the NARX neural network
architecture
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Table 1. Name of variables

Stock Close Price

Interest Rates

Foreigner Rate

USD(US Dollar)

CNY(Chinese Yuan)

JPY(Japanese Yen)

EURO
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Table 2. Combination of variables

®

1. Stock

2. Stock + Foreigner Rate

3. Stock + JPY

4. Stock + EURO

5. STOCK + USD + CNY

6. Stock + USD + Interet_rates

7. Stock + Interest_rates

8. STOCK + USD

9. Stock + CNY

63. Stock + USD + CNY + EURO + JPY
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Table 3. RMSE of variable combination experiment

1. Stock 0.59
2. Stock + Foreigner Rate 0.15
3. Stock + JPY 0.127
4. STOCK + EURO 0.113
5. Stock + USD + CNY 0.11
6. Stock + USD + Interest_rates 0.1
7. Stock + Interest_rates 0.01
8. STOCK + USD 0.098
9. Stock + CNY 0.009
63. Stock + USD + CNY + EURO + JPY 0.08
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Table 4. Number of neurons and delay time experiment

2 delays
0.09
0.09
0.093
0.08
0.1

5 delays
0.1
0.095
0.072
0.106
0.1

4 delays
0.105
0.924
0.073
0.093
0.104

3 delays
0.085
0.093
0.102
0.089

0.1

3 neurons

6 neurons

9 neurons

10 neurons

12 neurons
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