Machine Learning
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choose{ ( XX,

C =0 otherwise
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posterior
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evidence

P(C=0)+P(C=1)=1
p(x)= p(x|C =1P(C =1)+ p(x|C =0)P(C=0)
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Losses and Risks -
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choose C, if R(a;/x)<R(elx) Vk=i and
R(e/x)<R(a./x)

reject  R(a./x)<R(elx) i=12,...k
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1 otherwise
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choose C, if P(C,|x)>P(C,|x) Vk=iandP(C,|x)>1-A

reject otherwise
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choose C, if g,(x)=max,g,(x) 0,(x),i=1...K
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C, otherwise !
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Equal losses

Unequal losses &
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Associlation rule: X -Y

consequent
antecedent

©3L0

Crublo cspSab



oL~ ATy sleybas -

e Support (X —Y):

#{customers who bought x and Y}
#{customers}|
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e Confidence (X — Y):
P(X,Y)
P(X)
_ #{customers who bought X and Y|
~ #{customers who bought X}
39ib(,0 aumlas a5 Gl s gPGaub jbas ol
QB 093B 53n an G a5 Cuwl o3l )33l @8lg )
ol 1y 9e3lE «O)ad» Yoy Hby @ .l Hlisab)
DY LO
5303 AP A @ )bes 331 20 (85 «plyrabh Slp o

AibG )T P(Y) ) I8 JalE 38 G i) 0T Hakas g |3@g

P(Y|X)=

\y
Sl cspSoly



lift -~y sla)bzs =—

e Lift/interest (X — Y):
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Transaction | Items in basket
| milk, bananas, chocolate
2 milk, chocolate
3 milk, bananas
4 chocolate
5 chocolate
6 milk, chocolate
SOLUTION:
milk — bananas : Support = 2/6, Confidence = 2/4
bananas — milk : Support = 2/6, Confidence = 2/2
milk — chocolate : Support = 3/6, Confidence = 3/4
chocolate — milk : Support = 3/6, Confidence = 3/5
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Apriori algorithm (Agrawal et al., 1996) -
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