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Y Award-winning real-world example

Leveraging Mediators: Public Health
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Leveraging Mediators: Digital Experiments

User intent
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Front-Door Model

Front-Door Criterion
“Good Mediator Z”

G Z blocks all directed path from Ato Y

e No unmeasured confounders of A — Z

@ " e No unmeasured confounders of Z — Y

[ Y | do(a)] = Z 1Y |z,a’ x]|P(z | a.x)P(a’,x)
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FD Heterogeneous Ireatment Effect

Front-door effect at characteristics X = x

1Y | do(a), x |
@ — ZZ o [ Y |z,a' x]P(z | a,x)P(a’| x)

FD-CATE: E[Y | do(A = 1), x] — E[Y | do(A = 0), x]




Front-door Heterogeneous Treatment Effect

1Y |z,a’ x]|P(z | ax)P(a’| x) = Z - m(z,a’,x)q(z | a,x)e,(x)
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FD-CATE

: E[Y| do(A = 1), X] = E[Y| do(A = 0), X]
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FD-DR-Learner: Doubly Robust Learner for FD

q(Z | aX) FD effect 7,(X) = E[Y | do(a)]
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FD-DR-Learner: Doubly Robust Learner for FD

Learn nuisances Evalgate Evaluate PO Regress ¢ onto X
from D;.;.. functions from D, .
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FD-DR-Learner: Tpp(X) = 71(X) - 75(X)



FD-DR-Learner: Doubly Robust Learner for FD

error(Tpr) S oracle-rate + {error(m) X error(g)} + {error(q) X error(e) }

oracle-rate n— 14 n—1/4 =14 =14

e Double Robustness: error — () fast if either error(11)=0 & error(e)=0; or

error(g) =0

e Fast Convergence: error — () fast even when

error(m), error(e), error(g) goes to zero slowly
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FD-R-Learner

FD Parametrization

A=e,(X)+ ey
Z=aX)+ApX)+e€,
Y=f(AX)+Z-g(AX) + €y
@ » ley | X1 =0

‘e, | AX] =0




FD-R-Learner

FD-CATE

FD Parametrization

: E[Y | do(A = 1), X] -

A=¢euX)+ ey
Z=aX)+ApX)+e€,
Y=f(AX) + Z-g(AX) + €y

“ley | XI=0

e, | AX] =0

g(AX) =

FD-R-Learner
= p(X)

=[Y'| do(A = 0), X]

pX)=ElZ]|do(A = 1),X] - E[Z]do(A = 0),X]

[V | do(Z = 1),AX] - E[Y | do(Z = 0),AX]

Representation

“[g(AX) | X]




FD-R-Learner

Learn nuisances Evaluate with - FD-R-Learner Representation—
from Deva = BOOE[Z(AX) | X]

rain

mAX) = ElZ ] X] —— BD-R-Learner __. E(X)
N - (Nie and Wager, 2021)
e (X) =E[A | X]
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FD-R-Learner: Doubly Robust Learner for FD

n—1/4 n—1/4 n—1/4

error(ty) S oracle-rate + error(e A)2 + {error(e,) X error(m,) }

oracle-rate 5 D Y
+ error(eZ)2 + {error(e,) X error(ny) }

_ —1/4 _
" 1/4 n / " 1/4

e Fast Convergence: error — ( fast even when

error(e ), error(m.), error(€,), error(riy)
goes to zero slowly
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Simulation: Synthetic Data
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Simulation: NHTSA Dataset
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Summary

* Front-door models are increasingly applied in real-world causal analyses.

 ATE estimators have been well-developed.

 However, CATE/HTE estimators have been largely unexplored.

We introduce two CATE estimators for FD:
(FD-DR-Learner, FD-R-Learner)
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