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θ: Coefficient of

log-linear model

log p(            ) = θ(            ) + θ(       ) + θ(       ) + θ(∅){     ,     } {     ,     } {     } {     }

Downward =
Log-linear analysis
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Sufficient
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exponential
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η(x) = #[ Fx(s) ]

η(x) = ∑ p(s)
s ≥ x
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The statistics λ:
   λ = 2·[sample size]·KL(P, R)
follows χ2-distribution
with d.f. [#nodes – 1]
⇒ p-value can be obtained! 
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Sample size:
990,002
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# nodes: 3,253
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# significant interactions: 583
Single feature: 537
Pairwise interactions: 41
Triple interactions: 5

Total runtime:
4.95 seconds
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Sample size:
340,183

# nodes: 281
(Threshold: 5×10–6)

# significant interactions: 280
# features in each interaction
is between 26 to 41

Total runtime:
4.95 seconds

# features: 468
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