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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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Algorithm 1 Sparse Bayesian Learning for Itemset Data

1: 0% =wvar[t] x 0.1

2: for all itemsets ¢; do

3: o = 00
4 OLi = o) t]?/llesll?
5. end for
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8: Initialize 32, p
9: while do
10:  Compute 0L; for all itemset from (13)
11:  j = argmax|0L;|
12: 9]' £ qu- — S5
13: if 6, > 0 and a; < oo then
14: Re-estimate oy
15:  else if ; > 0 and o; = oo then
16: Add ¢; to the model with updated o;
17:  else if §; <0 and a; < co then
18: Delete ¢; from the model and set a; = oo
19:  end if
20:  Update 0 = ||t — y[|*/(N — M + ZpnamXmm)
21:  Recompute/Update 3,
22: if loga; < 107% and ; < 0 for all basis then
23: break
24: end if

25: end while
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