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Our Proposal: C-Tarone
• Find all feature interactions that are significantly associated with
class labels frommultivariate data with controlling the FWER
– Existing methods (significant pattern mining) work
only for binary (or discrete) data [1]
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Significance Test for Feature Combination
• Our task: Test the null hypothesis XF ⊥⊥ Y for all F ∈ 2V

– XF : The binary random variable of joint occurrence for F

• Copula Support [2] for Pr(XF = 1):
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• The independence XF ⊥⊥ Y is translated into the condition:
H0 ∶ DKL(pO , pE) = 0, H1 ∶ DKL(pO , pE) /= 0
– We apply G-test: λ = 2NDKL(pO , pE) follows χ2-dist. with d.f. 1

Expected (under null) for pE XF = 1 XF = 0 Total

Y = 1 η(F ) r1 r1 − η(F ) r1 r1
Y = 0 η(F ) r0 r0 − η(F ) r0 r0

Total η(F ) 1 − η(F ) 1

Observed for pO XF = 1 XF = 0 Total

Y = 1 η(F , Y = 1) r1 − η(F , Y = 1) r1
Y = 0 η(F , Y = 0) r0 − η(F , Y = 0) r0

Total η(F ) 1 − η(F ) 1

Multiple Testing Correction
• The FWER should be controlled

– Probability that at least one feature combination is a false positive
– If we naïvely test all combinations, α2d false positives could occur!!

• We use Tarone’s testability trick [3], which requires
the minimum achievable p-value ψ(F ) for F

• Theorem (tight upper bound of KL divergence):

DKL(p, pE) < a log
1
b
+ (b − a) log b − a(1 − a)b + (1 − b) log 1(1 − a)

– pE = (ab, a(1 − b), (1 − a)b, (1 − a)(1 − b))
– p ∈ P(a, b) = { p ∈ P ∣ p1 + p2 = a, p1 + p3 = b }

Tarone’s Testability Trick

ℱ1 ,  ℱ2 ,  ℱ3  ,...,  ℱm–1 ,  ℱm ,  ℱm+1  ,...,  ℱ2d (ψ(ℱi) ≤ ψ(ℱi+1))

m ψ(ℱm) < α   and   (m + 1)ψ(ℱm+1) ≥ α

Testable
combinations

Untestable
combinations Prune without testing

ℱi is signi�cant if:  p-value(ℱi) < α / m
Correction factor

Enumeration Based on Apriori

Testable
combinations

F1 F2 F3 Fd

Fd–1,FdF1,F2

Smaller η        Larger ψ

Threshold for η

Experimental Results
• Synthetic Data:
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C-Tarone
Binarization

Data
ctg
faults
ijcnn
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transfusion
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N
942
316

9,706
13,376
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356

3,314
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3,198
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d
22
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19

4
21
30
11

6

Statistics of real data

• Real data:
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