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What Censoring Costs a Doubly Robust
CATE Learner
An exact finite-sample error budget for treatment effects on survival outcomes
Emma Cussenot, Julie Alberge, Judith Abécassis, Gaël Varoquaux Soda team, Inria Saclay

Estimand: RMST gain
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Three-fold AIPCW-DR
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The bias, exactly

ˆ︂
b(x) = RD0(x) + (ˆ︂e − e)(ˆ︃µ1 − µ1)

ˆ︂e + (ˆ︂e − e)(ˆ︃µ0 − µ0)
1 − ˆ︂e

TOTAL BIAS CENSORING REMAINDER
ORTHOGONAL BIAS

AIPCW: the remainder is a product

δ(x, a) =
∫︂ τ
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(︂
Q − ˆ︂Q)︂

⏞ ⏟⏟ ⏞
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The variance, exactly

ˆ︂v(x) = e
ˆ︂e 2

ˆ︃σ2
1 + 1 − e

(1 − ˆ︂e)2
ˆ︃σ2

0 + e(1 − e) (g1 − g0)2

TOTAL VARIANCE
DISPERSION

ARM IMBALANCE

AIPCW: ˆ︃Q is a variance nuisance

ˆ︁σ2
a = σ2

a +
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+
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)︂2
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Benchmark on finite-size datasets
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