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Design of Prediction System based on Classification Method
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Function : generalization and rule-pattern creation
Input : LT(low level data set)
QOutput : GT(generalized rule-pattern set)

fori = 0; I < GetMaxList(LT); i++)
{
LTi = SortByInfoGain(LT:);
classLevel = GetLevel(LTi);
forG = 0; j < GetMaxAttr(LT); j++)
{
if(IsDigit(LTi.A;)
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GTelassLevel. Aj += LT!A]:
else
GTeassLevel. Ai += GetDigit(Ai);

}

GTelassLeve . CNT++;
}
for(i = 0; 1 < GetMaxClass(LT); i++)
{

for(G = 0; j < GetMaxAttr(GT); j++)
GT.A; = LTi.AY/GTi.CNT;
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Algorithm : discover prediction class

Input : TD(test data sample),
usrDefinedLevel(user defined class level),
GT(generalized rule-pattern set)

output : prediction class

TD = SortByRuleAttr(TD);
fori = 0, i < GetMaxAttr(TD); i++)
{
if(IsNotDigit(TD;))
TD:i = GetDigit(A;);
for(j = 0; ] < GetMaxClass(GT);j++)
{
if(G > 0)
{

if(TD; > GTy + €4 && TDy < GT; - € y)
DelClassLevel(j);
}
else if(TD; < GTj + €. && TD; > GTj —¢€ )
{
SetClassLevel(j);
}
}
return GetClassLevel(usrDefinedLevel);
}

@5 w4E A2e Edoy delHND e ¢
neFe FuAF 1 B fASE FHALE W7 2
zo) gatel Ggd ge 4g ogdd WY 2u2 9
qe] £4 e AN F Urh

GTiA;j = (LTiAj x GTiCNT + NTy) / GTiCNT + 1
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