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CHAPTER 3:
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Probability and Inference

® Result of tossing a coin is € {Heads,Tails}
® Random var X €{1,0}
Bernoulli: P {X=1}=p *(1-p )21 -¥
® Sample: X ={x'}V, _,
Estimation: p, = # {Heads}/#{Tosses} = tht/ N
® Prediction of next toss:
Heads if p_, > 7, Tails otherwise



Classification

® Credit scoring: Inputs are income and savings.
Output is low-risk vs high-risk
e [nput: x =[x, o |f Output: € [ 10,1}

® Prediction:
C=1if P(C=1|x,x,) > 05
choose _
C =0 otherwise
or

( =1TR(C=1lx x) >RPC=0]x X )

choose .
{C =0 otherwise
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Bayes’ Rule: K>2 Classes

P(C )>OandZPC) 1
)=

choose C; if P(C |x)=max, P(C, | x)



Losses and Risks

® Actions: a;

® Loss of a; when the stateis C, : A,
® Expected risk (Duda and Hart, 1973)

a |X Z/II,(PC |X)

Choosea,. |f R(a; | X)=minR(c, | X)



e

B ses and Risks: 0/1 Loss
_
m_{lﬁi¢k

R(a, %)= 32,0, 1)
7 ZP(Ck |X)

k#i

=1-P(C, |x)

For minimum risk, choose the most probable class



-Losses and Risks: Reject

(0 ifi=k
Aeo—<d KTl B<Ad-1
kl otherwise

K
R(aK+1 | X): z/lp(ck | X): A
k=1

R(a; | X) :Z (C, IX)=1-P(C, | X)

chooseC, if P(C.|x)>P(C,|x) Vk=iandP(C.|x)>1-1
reject otherwise
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“Discriminant Functions

choosec, if g.(x)=max,g, (X)

g, (X) =

K decision regions R;,...,Rg

R. ={x|g;(x)=maxg,(x)}

- R(ai | X)
P(C, %)

p(x| C;)P(C))
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K=2 Classes

® Dichotomizer (K=2) vs Polychotomizer (K>2)

® g(x) = g4(x) — g,(x)
C, if g(x)>0

choose :
{CZ otherwise

P(C, %)
°8B(C, 1x)

® [og odds:
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Utility Theory

* Prob of state k given exidence x: P (5,|x)
e Utility of o; when state is k: U,
® Expected utility:

EU(e; | X) Zu,kps | X)

Choose g, |f EU(er, | X)=max EU(a, | x)
J
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Association Rules

® Associationrule: X—>Y

® People who buy/click/visit/enjoy X are also likely to
buy/click/visit/enjoy Y.

® A rule implies association, not necessarily causation.
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Association measures

Support (X — Y):

P(X, V)= #{customerswho bought X andyY}

#{customers
Confidence (X —> Y): P(X Y)
A
P(X)

#{customerswho bought x andyY}
#{customerswho bought X}

Lift X > ) =
_ P(X,Y) P(Y|X)
~P(X)P(Y)  P(Y)
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~Apriori algorithm (Agrawal et al.,

1996)

® For (X,Y,Z), a 3-item set, to be frequent (have enough
support), (X,Y), (X,Z), and (Y,Z) should be frequent.

e If (X,Y) is not frequent, none of its supersets can be
frequent.

® Once we find the frequent k-item sets, we convert them
torules: X, Y > Z, ...

and X >Y.Z
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