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Improvement of Stock Price Forecast
using Bayesian Network

Y1 ZUO," Masaaki HARADA'! and Eisuke KITAT!

Authors have presented the forecast scheme of the stock price earning ration
(PER) by using Bayesian network. The forecast scheme was compared with the
time-series forecast schemes, which are popular traditional ones, in the PER
prediction of NIKKEI stock average and Toyota motor corporation stock price.
The present scheme showed more accurate forecast results than the time-series
schemes. In this study, we will present the improved scheme of the PER fore-
cast scheme using Bayesian network. In the previous scheme, Bayesian network
for PER forecast was constructed from the PER nodes alone. The improved
scheme adopts as the nodes, in addition to the PER node, the PER 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 10%
against the previous scheme using Bayesian network.

Vol.2011-MPS-83 No.3
2011/5/17

1. & E

R I DR 7 T 3R R Th 21, D%, Auto Regressive (AR)
€7V, Moving Average (MA) €7 )L, AutoRegressive Moving Average (ARMA) €7
)V, AutoRegressive Conditional Heteroskedasticity(ARCH) €7 VEDIH 5. T4 5D
ETFATIE, PHIL &9 & T A0SR 2 SHEBORBIEH G TP L, HAREZHE
T EICK DIRET 5. 2D L&, WRIGPSEEOBE M L IERELENHE ) LIRESINT
w5, L2, JEEEDWL O9DOIFIC X D, WRZ{LIZIERILBICTER I3 ED RN 2 &
PEFIN T30, EHAEZHVEZET LTI, T+ PHBEZES a2 wifEE
Wb sb, 22T, EESIZ, UHOHEICEWTRA P72y b7 =22 2 vk
SR E L2 IR L 722, AL TIX, DAHCRE L 2 FEO PR EYGE Hikic o
THRNY 5. REFETE, RO TETHEDHMINGERZ THIL 728, 2O TPHliED
MARTHET 5. BMESHEE T 7 A v IR Lo THERUK U TERE S O BERUE % 3K
O, FE/) —FP2EET 5, %/ — F2ERMEEE ) — FEclvuT4 Y7 v 2y b
T—2ZMEL, IhERMIGEE IS, £, 1EROHETE, koot y
k7 =213 Naive " A TH o7, 22T, AETIE, stHaA b2 T30
Naive XA AR % E L TRy b7 — 7GR ERT 5. MHTH L LT HEEEERMY %
0, REFIEIC X 2 PR Z RSRAISHERLIER O KD LT 2,

2. RYNT—UFERTILTYXLA

2.1 Naive N X18E & T EHEE

MERER oo Do WIRIFLTWARI LR oy 5> xg EEHRL, o ZH/—F, zo 21/ —
FEWNSR, zo DB — FDEEH 254, 208/ — VEE% Pa(xg) LEHT B LI
T2, B/ —FEGIETSZ /) — V% g, Z2ORE%E M L35 Pa(xo) ERAD LI I
EEINSD,

Pa(zo) = {z1,22, -, oM} (1)

T/ — FO#E ) — FEAITN T 2 BRI ST EHER P(xo|Pa(xo)) TRIN S, Z

IR THEZ 515,

11 Al BERER B RRAIT R R

Graduate School of Information Science, Nagoya University

(© 2011 Information Processing Society of Japan



IPSJ SIG Technical Report

_ P(zo)P(Pa(zo)|zo) _ iz Plai
P(xo|Pa(zo)) = P(Pa(zo)) B P(Pa(xo)) @

2.2 K2Metric

A% T, K2Metric?® % % v b7 —27 OFHlifE e L TRMAT 3. &/ — K% N,
T/ = F xo BEY 5 2IREOREE L, B/ — FEA Pa(zo) 2YHLY 9 2IREOREE M
LET. Fh, Bl —TE éPdm)‘%%YV%/—FmO>%%X*%W%%é®@ﬂ

% Njp £5 %, FHIOMD A THLETEE, GAoN/ —FEAPORBEIN
7%y b7 =21220w T, K2Metric? %) ZRXTHZ 5N 5,
M
KQ:IIJV+L_1'IIMk (3)
J
1W=§:Mk (4)
k=1

2.3 TI7BEDRR
v b7 =2 D7 IREERPET 572012, K2 7L Y X4 % Naive XA AEIC
WNLUTBELZTLVIY RLEZHWS, F/—F&ao &L, B/ —FEkhH%/7—F
DRBE N ET2LET 7 7REERREBET 27V IV ALEUTOLIIC%H S,
To ICXTY BBl — FEES Pa(zo) 2%HEA ¢ L LTEERT 5.
xo & Pa(xo) 6% 5%y 87 —7 D K2Metric Z Spest &5 5.
=175,
x; % Pa(xo) IZMZ %,
xo & Pa(xo) 6% 5%y 7 —7 D K2Metric 2 S &7 5.
S < Spest 6 1E, x; & Pa(zo) D5 RMNT 5.
S > Spest 201, S = Spest £T 5.
i=i+1EL, i< NZSIE, ATy 7T 4~NRES,

1
2
3
4
5
6
7
8
9) zo & Pa(zo) 5%2%y F7—2% B ¥ 3,

AAAAAAAAA
— O~ '

3. WEERFIE

3.1 MR DEERIE
AWFZETIE, KA TERS W BHRMIEIGEED 2% 5.
=(lnPt—lnPt,1) x 100 (5)

Vol.2011-MPS-83 No.3
2011/5/17

G > G - T >
B 1 BRGNS S D 2MEFBIR
Fig.1 Total order of stock volatility

22T, P lEt WOMRMEEZ, r 3 ¢t SHOMRMIGE R 283, Zaud, HRlHEER O &
DHRF =Y ok 5.

MRAGIPR 3R LG Z DS, RA T v 2y b7 — 7T/ — PR OMERZ T IR iE %
WH ZEDTER\, 22T, A5 2DHEIT & o> THRIGINESH 046 % Bl U s E %
55, oD Tk, %7528 ) v Ly —RiEICk 3275280 v 7% ik
L, 74— FEDIFIDVROEERER L, (74— FEICOWTE, 4.2 ficHiHT 3. )

PRI S R % !, BESERsE L &35 L, HilMEOEEIMTO L icksns

{rt .ty (6)

3.2 RV KT—7U DEREKMINEERDHETE

77 AZ Y 7k ) EHL I R B ORIGIIEREREE XA P T v Ry b7 — 7 I
L, PHIHORY b7 =02 PET S, v b7 =7 %PET LD, KFRATIEIK2 7
A AL ZHGE, 22T, KilioRRINHES  2IFFBRICE-T, 2y b7 —2
ERET 3 (K1),

HERUL X N 7B E ORISR SIES NI Ry V7 —2 % B, 3%z v CHAIINGS
K, =7t L 2WELRERRE LERE PO B) &35, ¢t OISR L LT, P(r'|B)
BRAKERDL P BEIRT S, DD,

re = argmz}x(P(rﬂB)) (7)
3.3 WEERFEOTZILTYILA
TNITYZALZEMLETEUTDOLI RS,
(1)  FRAGUNAS 2 %2 BERL T %
(2) HESLSNOBEOMNINEHEE /) — FE L TR PPy 2y b7 —27 BERET S
(3) BZHVTA(7) X W HRMPGEEZ FH$ 5.
4. BREFZE
4.1 BEFEOZIIVXA
RONARBEFHEDO 7L ITY ZLIZOWTARL, fEEFELEDEVICOVTRRS

(© 2011 Information Processing Society of Japan



IPSJ SIG Technical Report

- CD > G = G+ CD > CuDd > D > D
2 PRAINER & IR 0 2B fR
Fig.2 Total order of PER and prediction error

(1) 3HITHBREFERTEICED, TTICHES NIOBEDOHAINERZ FHIT 3.
(2) BEOHMPIERIZOWT, FHIfE & FE» s HEEZRD 5.

(3) ENMET 4 — FEICX o Tl L L, #EEoisdiz ko 2

(4) BEOHEMIPREHE, Z UK 5 5HliH & R IR DML / — F L LT_A

PTVERY FT— I ERNEL, ThE B LT3,

(5) B #AVTHRAHEE L TR RIS R Z FHIME & UCRAT 3.
REFEIE, MERBICHAEZ I L CHBL T 2828 mL 2FkEkoTws, 22
T, DUFCIE, % 0 L CEEb T 208/ E 2y b7 — 7 RSB D Bl Ic oW CEE
LSBRZZEET B,

4.2 TA—RE

b ooz, KHFEETIEZY 4+ —FEZHVE, 77925 % C;, C; DEL%Z ¢, T—
%z ET 5, 74— FETIE, BRI SZONREEL 7 7 AYOELE TOHHO
FOMMERAMET 2. 7+ — FIEOFliERATEREI NS

D(C;,Cj) = E(C; UC;) — E(C;) — E(Cj) (8)
7272 L
B(C) =) d(za) (9)
z€C;

ZIT, dz,c)ldzE D=2y FififERT,

4.3 TFHERZEDBEEIL

FTTIE I NBED t e WT, K (7) & D RDZHRAIPESHEO FREE v, FEH]
iizr £55, JOLE, FHFEw BRXANTEZSNS,

U =T¢— Tt (10)
THERAILEE 2 DT, "AP T2y F7—7 CHHTES L) IC428CTR LIy 4 —
Fikic & - Tl 9 5.

TR E o, BESEREE L 75 L, PHRAEBIEOEAIZLTO X912
#INns,
{ul,u2,---,uL} (11)

Vol.2011-MPS-83 No.3
2011/5/17

4.4 Rv hT7—U OB ERMINERDOHE

B E ORISR EERUE & 2 O FHIRAA OME Z Hv ¢, B 2 1R $2EFBIRICHE -
T, 2fioTNTYRLICED 2y T =T 2BIET B

WESINIZ Y b7 —2% B, Tz THIMNSER ry = ! &2 2HERZHEEL 2
$HE P(r|B) LT 5. P(|B) DIRAL RS o % ¢ MOKIIGRERE T3, D%,

¢ = arg mTzlmx(P(rl|B')) (12)

5. BME X R

BIREE L CHREEHNIZ £ 2, "RAP TV Ry b= 2PET 57012 1985 £ 2 H
22 H2>5 2008 4E 12 H 30 H % T 6000 HE D HRAMGNEER 235, 2 LT, 2008
£ 12 A1 H2 5 2008 4F 12 A 30 HOKRMINGEEZ FHIT 5. 21T, AR TRET S
FEz BRI FERIER DU CIRE L 72535 LT 2, BRcd~z k9, KR
GG FIEDETNNR T A =T R E p,gld, TNHZ212510FETELTYIaLl—v 3
VRO, FRERERLE AIC(RK (13)) PRONIVHEZRTHEDET VAT A—F %
vz,

A10::1n&24-3ggiﬁl (13)

ZIT, GIEETFNDIER €1, e, er DIEEAZHTH Y, T 3EAEORETH B,

RALT 2y b7 =7 2O FED ) BACKRE LIREFEIC OV, 1|25 10
HIHT £ COMRMIPRSERPLTHERED ) — F2HuTy T 2L —va v 27w, AIC(K (13))
DBRLPNEVHEZRTAA ST 2y b7 —2%2M0v3, Z0OLE, HowiED 285I1CL
T, MZALE L BEOMTICOWT, HERERB L =6 £ T35,

SHIOTZAITY ZLIT LY, HRIREROATRES NIy b7 —2 23 ITRTY),
DA, MRl e 131 HEGOBRAG ro—1, 4 HATORRM 742, 9 HETOMRAM ri—o & BHEDF
SENTVBIENbDE, RIZ, AHiOo 7L ITY XA EY, HMANGEE & FHIEE CHRE
SNty P T7— 0 K4 RT, TOGE, Wi r, 131 HATOWEA r.—1, 4 HETOEAM
re—a, 9 HETOMKMI 7o, 3 HATOME w3, 4 HATOEE u, g EBBEST6NT WS Z
EWb0 s, THEAE ) — P2 ANS L, B3y b7 —0BEPNSE I EDDD 5,

RO Fy b= TP EToAERE, RERIISHERMRDE & e L 245512
K5icRd., 22T, ARMAARMA ARCH I3, ZNZFNORERFIGHTEIC X 2 HER%,

(© 2011 Information Processing Society of Japan



IPSJ SIG Technical Report

3 HINERED A TRE SN LT v 2y 7 —7 (HEEFE)
Fig.3 Bayesian network with NIKKEI stock average PER only
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Fig.4 Bayesian network with Nikkei stock average PER and Error

BN(Previous) &K 8 D% v b 7— 2712 X 2 P54 %2, BN(Present) K4 D%y F7—
212X 2 PRI Z R, 202 NOBUEIFHBHRE (CC), P42 (RMSE), K
7 (MaxE), /hit#% (MinE) 2287,

X526, REFEIRDKELMHEGREEZRL TR, P RE1E L R RREE bR/
ERoT0B I Labd 5. R/NEEZEDHTETHHBETH 528, Y JEE12 1342
RFETIIRRINGHTEL D D 30% FREE, §EKTF1E BN(Present) & D b 10% BEKES
NTVRB I E2bh 3,

6. & B

KU TIE, BEOSDRINETIREL TV AR, Ty 2y b7 — 27 % HRlNGE
ROTHEDOHFELEEF ROV TR,
eI, BEDORMINESREIRIEDIEZ LS & F12, ROKF S OMRMIINS R DR E D

Vol.2011-MPS-83 No.3
2011/5/17

8 0.90
—4—RMSE —8—MinE —A—MaxE —e—CC

: *’/\_‘ i, Ot .

Error
'S

0.60 3

, '\’\‘ ous

i

0 i - 0.30
AR(2) MA(2) ARMA(2,2) ARCH(2,9) BN(Previous) BN(Present)

5  FIIfE & FEMED Ll (HEETrIRk ()

Fig.5 Comparison of predicted and actual stock prices (Nikkei stock average)
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