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Our Proposal: C-Taronee—

- Find all feature interactions that are significantly associated with
class labels from multivariate data with controlling the FWER

- Existing methods (significant pattern mining) work
only for binary (or discrete) data [1]

Input: X y
| I
F11 F2 | F3 F4 | F5 | .. |Class Output:
D1 -0.96-3.03| 3.38 2.57-6.06 ..| O {F1}, {F3},
ID2  -1.80| 4.45-4.35 0.82| 8.90 1 | — {F2,F5},
ID3  -3.29 1.39|-4.44-0.77| 2.78 1 tF2, F5, F6}, ...
ID4  -0.53-1.96|-3.43 —-4.42 -3.92 0

Significance Test for Feature Combination_

. Our task: Test the null hypothesis X~ 1L ¥ forall F € 2"
— Xxz: The binary random variable of joint occurrence for F

 Copula Support [2] for Pr(X- = 1):

F1. F2 F3 R(F1) R(F2) R(F3) m(F1) m(F2) m(F3)
x1 —0.96 -3.03 3.38 - 2 0 3 \ 0.67 0.00 1.00
an orm.
x2 =180 445-435 70 1 3 1 » 0.34 1.00 034 _
x3 -3.29 1.39-4.44 0 2 O 0.00 0.67 0.00
Xa —0.53 -1.96 -3.43 3 1 2 1.00 0.34 0.67
0.00
Prod. g11 [Sum/4
> 0.00 » 0.083 =Pr(Xip1 pop33=1) =n({F1,F2,F3})
0.22 _

- The independence X~ 1L Y is translated into the condition:

Ho : Dxi(Po,Pe) =0,  H,: Dk (Po.Pe) # 0
— We apply G-test: A = 2NDy (po, pg) follows x*-dist. with d.f. 1

Total

Expected (undernull) forpy X =1 Xr=0

Y =1 n(F)rn rn—n(F)r I

Y =0 n(F)ro  ro—n(F)ro ro

Total n(F) 1 - n(F) 1

Observed for p, Xr=1 Xr=0 Total
Y =1 nFY=1 r-nlFY=1) r;

Y=0 n(F,Y =0)
Total n(F)

I'O—r](F,Y=O) ro
1 —n(F) 1

Multiple Testing Correction—

- The FWER should be controlled

— Probability that at least one feature combination is a false positive
— If we naively test all combinations, a2 false positives could occur!!

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

- Theorem (tight upper bound of KL divergence):

b-a 1

Dy (p, pe) < alog%+(b—a)log = a)b (1= b)log (- a)

- pe = (ab,al1-=0b),(1—a)b,(1—a)(1-b))
- pE’P(a,b)={p€P\p1+p2=a,p1+p3=b}

Tarone’s Testability Trick—

mypFm)<a and M+ 1)P(Fm+1) = a
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Fiis significant if: p-value(¥F)) < a /(m)—

(W(F) < P(F i)

—>» Prune without testing

Correction factor

Enumeration Based on Apriori—___
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Experimental Result
- Synthetic Data:

W Statistics of real data
>
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- Real data:
C-Tarone (proposed) Binarization
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