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Abstract: In this paper, we present an evaluation of a temporal rule generation method for trading dataset
from the Japanese stock market. Temporal data mining is one of key issues to get useful knowledge from
databases. To get more valuable rules for users from a temporal data mining process, we have developed a
rule generation method which consists of temporal pattern extraction methods and rule induction
algorithms. Using this method, we have done a case study to evaluate temporal rules from a Japanese
stock market database for trading. Based on the result, we discuss about a way to utilize our rule

generation method more effectively.
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Attribute name Description
R opening opening price of the day (0, )
CV high Highest price of the day ( H, )
low Lowest price of the day ( L, )
closing Closing price of the day ( C,)
Volume Volume of the day ( v,)
T Moving Average Buy: if SMA, -LMA, <0NSMA,, - LMA , >0,Sell: if SMA, -LMA >0 SMA , -LMA , <0
R Where SMA, =(C, +C,,+...+C,_;,)/13  and LMA =(C, +C _, +...+C,_,)/26
E Bolinger Band Buy: if C,>(MA, +20)x0.05 , Sell: if C, < (MA, -20)x0.05 where MA, =(C,+C,,+...+C,_,)/25
N
D Envelope Buy: if C,=MA +(MA,x0.05), Sell: if C, < MA, - (MA, x0.05)
HLband Buy: if C, < LowLine , ., Sell: if C, > HighLine , .
! MACD Buy: if MACD , - AlQMACD 44, >0 MACD , — AVQMACD ;) o4, < O
g Sell: if MACD , - A\gMACD , 4, <0 MACD , — AlGMACD ) 54, >0
| Where MACD | = EMA ;4. —EMA . , EMA = EMA , +(2/range +1)(C_, - EMA ;)
c DMI Buy: if PDI - MDI >0 PDI ;= MDI , <0, Sell: if PDI, - MDI <0 PDI,~MDI, >0
E Where ppl = 3" (H, - H,,)+ > TR,x100 , MDI = 3 (L, —L,,)+ > TR,x100
s TR, = max{( H, ~C.)(C.s L), (H, L)} -
N « T . «
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i-t-13C,,<c, i3 C, e,
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Ichimokul Buy: if C,_; < RL ggas M Cy > RL, g4, Sell:if C ;> RLy ggpe MCy < RL_ggus
Where RL_qq,,, =average (max( H;)+min(L;)) (i-t-8t-7,.1)
Ichimoku2 Buy:ifC, ; < RLy s50n5 N Cy > RLy e - SEIIFC, 1 > RL, p500 M Cy < RL 54
Where RL, 54, = average (max( H;)+min('L;)) (i-t-25t-24,.1)
Ichimoku3 Buy: _if RL (2)-260as < RL(-2)-00ays M RL gy 260y > RE(ty-0gas M RL 1y -250as < RL i 250005
Sell: if RL (¢ 5) o605 > RL(t-2)0ams ™ RL(i1) 2505 < RL gy oamys O RL (1) 260ms > RLt 20ays
Ichimoku4 Buy: ifC, > AS1,_,; NC, > AS2, , sell:if C; <ASLl ,;, "C, <AS2 ,
Where AS1, = median (RL. s — RL1 s00ns ). AS2, = (max(H)—min( L)) /2 (i=t-51,t-50,...t)
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