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Improvement of Stock Price Forecast
Using Bayesian Network

Y1 Zuo,™ Masaaki HARADAT! and Eisuke Kiraf!

Authors have presented the forecast scheme of the stock return by using
Bayesian network. The forecast scheme was compared with the time-series fore-
cast schemes, which are popular traditional ones, in the prediction of NIKKEI
stock average return and Toyota motor corporation stock price return. The
present scheme showed more accurate forecast results than the time-series fore-
cast schemes. In this study, we will present the improved scheme of the forecast
scheme of the stock return using Bayesian network. In the previous scheme,
Bayesian network for stock return forecast was constructed from the return
nodes alone. The improved scheme adopts as the nodes, in addition to the
return node, the return forecast error node. Numerical results show that the
forecast accuracy of the present scheme is improved by 30% against the time-
series forecast schemes and by 6% to 12% against the previous scheme using
Bayesian network.
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Fig.1 Comparison of time-series analysis and present schemes.
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Fig.4 Total order of stock return and prediction error.
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Table 1 Discrete number vesus AIC on Nikkei stock average return.

Discrete number L AIC

2 2.0442
3 1.7830
4 1.6066
5 1.5193
6 1.4597
7 1.8168
8 1.7478
9 1.8126
10 1.7729
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Table 2 Discrete number set of Nikkei stock average return.

Cluster (C1)mins (C1)max c (rl’)
C1 [—16.138%, —3.000%) —4.30%
Cy [—3.000%, —0.730%) —1.48%
Cs [~0.730%, —0.065%]  —0.37%
Cu (—0.065%, 0.947%] 0.39%
Cs (0.947%, 3.800%) 1.73%
Cs (3.800%, 13.235%] 5.45%

D

05 0J00O000O00O0O0O0ODOO0ODO0OODOO0ODO0OO0ODO0O0OO0OOO0o
Fig.5 Bayesian network determined with Nikkei stock average return only.

03 U000O00UOoU0oO0DOoUoOoDOoUD AICOOD
Table 3 Discrete number versus AIC on forecast error of Nikkei stock average return.

Discrete number L AIC

2 1.6659
3 1.4587
4 1.5764
5 1.5132
6 1.3203
7 1.4596
8 1.4599
9 1.4602
10 1.4606
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Table 4 Discrete number set of forecast error of Nikkei stock average return.

Cluster (C1)min, (C1)max ci(uh)
Cq [-16.67%, —2.87%) —4.13%
Cs [ —2.87%, —0.92%) —1.59%
Cs [ —0.92%, —0.00%] —0.47%
Cu (10.00%, 1.40%) 0.55%
Cs (1.40%, 3.71%)] 2.26%
Cs (3.71%, 16.74%) 5.33%
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Fig.6 Bayesian network determined with Nikkei stock average return and error.
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Table 5 Comparison of predicted and actual stock prices (Nikkei stock average).

MaxE MinE CcC RMSE

AR(2) 6.4665  0.0214  0.6929 2.7477
MA(2) 6.5148 0.0174 0.6912  2.7538
ARMA(2,2) 6.6085  0.2443  0.6855 2.7696
ARCH(2,9) 6.4525  0.0976  0.6932 2.7440
BN(Previous)  4.2383  0.2442  0.8371  2.0727
BN(Present) 4.2383  0.1192  0.8629 1.9331
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Fig.7 Comparison of predicted and actual stock prices (Nikkei stock average).
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Table 6 Comparison of predicted and actual stock prices at different prediction period (Nikkei
stock average).

MaxE MinE CcC RMSE

AR(2) 5.7648  0.0604 0.9278  2.4923
MA(2) 5.7746  0.0758  0.9276  2.4953
ARMA(2,2) 5.9389  0.0076  0.9250  2.5150
ARCH(2,9) 5.8342  0.0178  0.9268  2.5116
BN(Previous) 6.2948  0.0057  0.9099  2.9905
BN(Present) 4.9016  0.0105 0.9375 2.3467
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Fig.8 Comparison of predicted and actual stock prices at different prediction period (Nikkei stock

average).

07 0D00DO0DO0O0OO0O0OO0O0O0O0O
Table 7 Comparison of calculation cost of previous and present models.

Forecast
0.691 sec
0.887 sec

Network Search
BN(Previous) 529 sec
BN(Present) 908 sec
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Fig.9 Return histogram of Toyota Motor Corp. stock price.
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Table 8 Discrete number versus AIC on Toyota Motor Corp. stock return.

Discrete number L AIC
2 2.8452
2.5892
2.3913
2.3243
2.5309
2.7240
2.4935
2.5941
10 2.5994
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Table 9 Discrete number set of Toyota Motor Corp. stock return.

Cluster (Cmins (C)max e (rh)
C1 [~21.146%, —3.900%) —5.55%
Cs [—3.900%, —1.285%)  —2.10%
Cs [—1.285%, 0.000%)] —0.47%
Cy (0.000%, 2.530%) 1.08%
Cs (2.530%, 16.264%] 4.12%

i D

010 OJO00O0OOOOOODOOOOOOOOOOODOOOOODOOOOODbOOO
Fig.10 Bayesian network determined with Toyota Motor Corp. stock return only.
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Table 10 Discrete number versus AIC on forecast error of Toyota Motor Corp. stock return.

Discrete number L AIC

2.3225
2.0729
2.1618
2.4284
2.1506
2.3820
2.3823
2.6758
10 2.7555
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Table 11 Discrete number set of forecast error of Toyota Motor Corp. stock price return.

Cluster (C)min, (C1)max c(uh)
Cq [—25.262%, —2.770%) —4.36%
Co [~2.770%, 0.139%]  —0.98%
Cs (0.139%, 19.980%] 1.66%

011 OO00000O0O0OO0O0OO0O0O0O0OOO0OO0O0O0O0O0OCOOO0O0O0O00O0OC0O00000

Fig.11 Bayesian network determined with Toyota Motor Corp. stock return and error.
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Table 12 Comparison of predicted and actual stock prices (Toyota Motor Corp.).

013 O0000O00O0OO0ODOO0ODOO0OOO0ObOObDOobOooooooooao
Table 13 Comparison of predicted and actual stock prices at different prediction period (Toyota

MaxE MinE CcC RMSE

AR(9) 10.4027  0.0937  0.4708  4.0789
MA(6) 10.3414  0.2012  0.4699  4.0853
ARMA(9,6) 10.5354  0.0711  0.4454  4.1409
ARCH(9,9) 10.2655  0.0302  0.4706  4.0709
BN(Previous) 6.8142 0.0491  0.6469  3.1942
BN(Present) 5.2172 0.1327  0.7056 2.8178

Motor Corp.).
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Fig. 12 Comparison of predicted and actual stock prices (Toyota Motor Corp.).
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MaxE MinE CcC RMSE
AR(9) 7.5091 0.0615  0.7448 2.6657
MA(6) 7.6259  0.0319  0.7417  2.6859
ARMA(9,6) 7.1204 0.0401 0.7427 2.6739
ARCH(9,9) 8.0839  0.0597  0.7527 2.6992
BN(Previous) 7.8579  0.0415  0.7122 3.1494
BN(Present) 5.7047  0.0818  0.7984 2.6313
10 0.90
——cC

E 5 070 8
25 —, 0.60
0 —a 0.50

AR(9) MA(6) ARMA(9,6) ARCH(9,9) BN(Previous) BN(Present)
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Fig.13 Comparison of predicted and actual stock prices at different prediction period (Toyota
Motor Corp.).
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