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[Elkan 08, Ward 09] pLP (X|Y = P ) =

p(X|Y = P ) Y = P, N
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πT = pTU (Y = P ) pLU (X) pTU (X)
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pTU (X) = πT p(X|Y = P ) + (1− πT )p(X|Y = N). (2)
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3.
3.1

πL πT

x ∈ DTU Y

1

y =

{
P if p(x|Y = P ) ≥ p(x|Y = N),

N if p(x|Y = P ) < p(x|Y = N).
(3)

Lemma 1. π ∈ (0, 1)

pπ(X) = πp(X|Y = P ) + (1− π)p(X|Y = N)

p(X|Y = P ) ≥ pπ(X) ⇔ p(X|Y = P ) ≥ p(X|Y = N).�

Proof. p(X|Y = P ) ≥ pπ(X) pπ(X)

p(X|Y = P ) ≥ πp(X|Y = P ) + (1− π)p(X|Y = N)

⇔ (1− π)p(X|Y = P ) ≥ (1− π)p(X|Y = N)

⇔ p(X|Y = P ) ≥ p(X|Y = N) s.t. π ∈ (0, 1). �
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Theorem 1. πL ∈ (0, 1)

πL πT ∈ (0, 1) pTU (X)

x ∈ DTU

y =

{
P if p(x|Y = P ) ≥ pLU (x),

N if p(x|Y = P ) < pLU (x).
(4)

�

Proof. Eq.(1), (2) 1

p(X|Y = P ) ≥ pLU (X) ⇔ p(X|Y = P ) ≥ pTU (X)

⇔ p(X|Y = P ) ≥ p(X|Y = N).

1 πL,πT

πL, πT ∈ (0, 1)

Eq.(3) Eq.(4)
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πL � πT πL < πT πL � πT

NB-E&N 0.572 0.582 0.592
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