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Abstract: This paper reports a fact that the Gradient Boosting Decision Tree (GBDT), which only uses the
closing prices and standard deviation, can predict daily prices of TOPIX and Nikkei 225 futures. It shows
that excess returns can be obtained compared to the standard index investment. The method used for the
prediction is a straightforward application of a method that has been shown to be effective in the analysis
of monthly stock prices. It is a combination of the GBDT that can analyze the mixture distribution and
the adjustment procedure for the learning period. These results show that the same characteristics of the
monthly stock prices also exist in the daily data. In other words, the importance of mixture distribution
analysis and learning period adjustment in the analysis of stock prices are shown for different time scales
such as daily and monthly. From the analysis results of Nikkei 225 futures, it is also pointed out that the
futures-specific factor called contract month may affect the effective learning period.
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1: function MODEL(d, v)
2: return Model for estimating d; from v;_;
3: end function

4: function SELECT(d, v)

5 for ¢ in [1:length(d)-test] do

6: for j in [1:test] do

7: m = MODEL(d[data of length ¢ for position j],
v|data of length 4 for position j])

8: eli, j] = m(v[for j])

9: end for

10: end for

11: return ¢ that gives max correlation

between d[t-test+1:t] and e[i,1:test]
12: end function

13: function ESTIMATE(d, v)

14: i = SELECT(d, v)

15: m = MODEL(d[last part of length (i41)],
v[last part of length (i+1)])

16: return m(vy) > i.e., return estimation of d¢41

17: end function
1 BT 7 VT XL
Fig. 1 Stock price prediction algorithm.
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procedure INVESTMENT STEP(d, v)
er+1 = ESTIMATE(d, v)
if e;41 > 0 then
Buy
else
Sell
end if
end procedure

2 BBI7 VT L
Fig. 2 Investment algorithm.

= Proposed
---- AR(1)

A
i R
e ooy J
Pt A
-, e _vo <, CAR R o
R -
i O

.
O
DO

1986/ 1991/ 1996/ 2001/1 2006/ 2011/ 2016/

8 TOPIX A @ Ikt
Fig. 3 Results on Monthly TOPIX.
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F1 RENLKMGS YTy 7 2Dy —7 - LT [16]
Table 1 Sharpe Ratio of Representative Indexes.

Index | Period Proposed Method Index
~2017/2 | Accuracy | Sharp Rratio | Return % | Sharp ratio | Return x
TPX | 1986/1~ 0.5525 0.1102 5.41% 0.0465 3.15%
CAC | 2001/1~ 0.5375 0.0639 2.99% 0.0062 0.39%
DAX |2001/1~ 0.5234 0.0963 5.15% 0.0825 6.15%
NKY | 2001/1~ 0.5879 0.1960 8.44% 0.0587 3.93%
SPX |2001/1~ 0.6012 0.1234 4.86% 0.0928 4.711%
UKX | 2001/1~ 0.5417 0.0909 3.30% 0.0398 1.88%
e e
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Fig. 4 Learning Period of Monthly TOPIX.
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Fig. 5 Rule of Monthly TOPIX.
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Fig. 6 Correlation of Monthly TOPIX.
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Table 2 Sharpe Ration of Daily TOPIX*.
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Fig. 13 Rule of Nikkei 225 Futures.
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