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Sparse bayesian learning can learn sparse solution for linear classification / regression problem. Although it has
a number of advantages over non-bayesian approach, extension of it to non-linear model is non-trivial. In this
paper, we employ itemset mining, and consider building sparse bayesian model on the binary occurrence matrix of
items. We propose an iterative algorithm that can efficiently extract non-linear features while avoiding the entire
enumeration. In computational experiments based on simulated dataset, our approach could correctly identify non-
linearity in the dataset. In experiments using HIV dataset, we demonstrate the effectiveness of bayesian approach
by rejecting samples with large estimated variance.
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ztest ttest
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f(zi) = w1φ(item1 ⊆ zi) + · · ·+ wnφ(itemn ⊆ zi) (1)

φ(k ⊆ zi) = 2I(k ⊆ zi)− 1 ∈ {−1, 1}
φ k zi 1

−1

p1, · · · , pm

f(zi) = w1φ(p1 ⊆ zi) + · · ·+ wnφ(pm ⊆ zi) (2)

2.2
Tipping [TF03]

xn tn
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t = (t1, · · · , tN )T y =

(y(x1), · · · , y(xN ))T ε = (ε1, · · · , εN )T

:

t = y + ε = Φw + ε (3)

w Φ = [Φ1, · · · ,ΦM ]
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: p(ε) =∏N
n=1 N(εn|0, σ2) σ2

t

:

p(t|w, σ2) = (2π)−N/2σ−Nexp{−‖t− y‖2
2σ2

}. (4)

:

p(w|α) = (2π)−M/2
M∏

m=1

α1/2
m exp(−αmw2

m

2
). (5)

α = (α1, · · · , αM )T

α

:

p(w|t, α, σ2) =
p(t|w, σ2)p(w|α)

p(t|α, σ2)
. (6)

N(μ,σ)

:

Σ = (A+ σ−2ΦTΦ)−1 μ = σ−2ΣΦTt, (7)

A diag(α1, · · · , αM ) II

αmp

α

L(α) :

L(α) = log p(t|α, σ2) = log

∫ ∞

∞
p(t|w, σ2)p(w|α)dw

= −1

2
[N log 2π + log |C|+ tTC−1t], (8)

C = σ2I+ΦA−1ΦT. (9)

α = αMP (6)

μMP y = ΦμMP
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αi + φT
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L(α) = −1

2
[N log(2π) + log |C−i|+ tTC−1

−i t

− logαi + log(αi + φT
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−1
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(φt
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−1
−i t)

2

αi + φT
i C

−1
−iφi

]

= L(α−i) +
1

2
[logαi − log(αi + si) +

q2i
αi + si

]

= L(α−i) + l(αi)

(13)

si qi :

si � φT
i C

−1
−iφi qi � φt

iC
−1
−i t (14)

qi qi = σ−2φt
i(t−y−i) L(α)

φi L(α−i) φi l(αi)

l(α) L(α) αi

:

αi =
s2i

q2i − si
, q2i > si (15)

αi = ∞ , q2i < si (16)

( ) qi si
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i C
−1φi Qi = φt
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−1t

:

sm =
αmSm

αm − Sm
, qm =

αmQm

αm − Sm
(17)

(15) (16)

:

• φi (αi < ∞) q2i ≤ si
φi (αi = ∞)

• φi (αi < ∞) q2i > si
φi (αi = s2i /(q

2
i − si))

3.

3.1

Algorithm 1 logα 10−6

θ ≤ 0

α

x t

[Bis06]

p(t|t, α, σ2) =

∫
p(t|w, σ2)p(w|t, α, σ2)dw (18)

t

(18)
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Algorithm 1 Sparse Bayesian Learning for Itemset Data

1: σ2 = var[t]× 0.1

2: for all itemsets φi do

3: αi = ∞
4: δLi = ‖φT

i t‖2/‖φi‖2
5: end for

6: j = argmax|δLi |
7: αj =

‖φj‖2
‖φT

j t‖2/‖φj ‖2−σ2

8: Initialize Σ,μ

9: while do

10: Compute δLi for all itemset from (13)

11: j = argmax|δLi |
12: θj � q2j − sj
13: if θi > 0 and αi < ∞ then

14: Re-estimate αj

15: else if θj > 0 and αj = ∞ then

16: Add φj to the model with updated αj

17: else if θj ≤ 0 and αj < ∞ then

18: Delete φj from the model and set αj = ∞
19: end if

20: Update σ2 = ‖t− y‖2/(N −M +ΣmαmΣmm)

21: Recompute/Update Σ,μ

22: if logαi < 10−6 and θi < 0 for all basis then

23: break

24: end if

25: end while

p(t|w, σ2)

(4) p(w|t, α, σ2) (6)

(18)

p(t|x, t, α, σ2) = N(t|μTφ(x), β(x)) (19)

β(x)

β(x) =
1

σ2
+ φ(x)TΣφ(x) (20)

(20) 1

2 w

μ

3.2
Algorithm 1 Add

αt = ∞ t θ = q2t − st

1 ( ) t

Add

4
∑
j

∑
k

MjkI(t ⊆ Tj)I(t ⊆ Tk)

− 4
∑

Mj<0

MjI(t ⊆ Tj) +
∑
j

∑
k

Mjk ≤ 0
(21)

Max pattern number of nodes

1 21

2 211

3 1351

4 6191

5 21255

6 50605

∞ 107607

1:

200 20

M = (C−1tt
′
C−1 − C−1) Mj M j

Tj j

4.

1: ( ) ( )

R2

[TTS18]

(q = 0.6) X ∈ {0, 1}n×p
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5.

HIV-1 drug dataset [RGK+03]

HIV

(fold-change)

y

1 6
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630 (AZT)
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( )

( ) 3
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