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Estimating Causal Effects

e Causal Effect P(y|do(x))

o The effects of doing Action X =x,onY
e Desire: Compute Causal Effects from non experimental data

e Reason: Experiments can be:
o Costly
o  Unethical
o Technically Infeasible

e Two scenarios:
o Graph-based
m Causal Graph, G
m Observational Data, D
o Data-driven
m Observational Data, D
m Learns the Markovian equivalence to causal graphs



Causal Effect Identification

Given a causal graph - a directed acyclic graph (DAG) with bi-directed edges
representing unmeasured confounders
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Is P(y|do(x)) uniquely identifiable given G & an observational distribution, P(V)
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Backdoor (BD) Estimators

Backdoor Criterion: Q&D Q = YP(y|x,2)P(2)

Inverse Probability Weight Regression
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For v/ N-consistency Estimates for nuisances converge at op (N ~1/2).




Risk of Classic Estimators

e Model misspecification => Incorrect Estimation
o Complicated Data Generation

e Slow convergence => Not Sqrt(N) consistent
o Machine Learning Models

e Standard Plug-in estimator for the general causal functional estimates suffer
from same problems



Double/Debiased Machine Learning (DML) Estimator

Goal: For a given causal graph, develop DML style estimators for any identifiable
causal effects

Assumptions: Discreteness, Positivity

Estimand | [ (X)
E L, (Y) — BQIaE) ) + BEnE)
Representation of : P(X|Z) ( )
Estimators l g M(/ )~ ;;( 1%, Z )) i );( 1%, Z) where training of P and estimator
. ' N & Y Y% &) YIX4(0) evaluation are done with two distinct
Estimator Q P(X (D) 1Z (i)) sets of samples (“Cross fitting")

For correct estimation | (poubly robustness”) Either one of two nuisances should be correctly
estimated.
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For \/ N-consistency (‘Debiasedness”) Fstimates for nuisance converges at op(N ™~ i/ 4)




DML Recipe (Chernozukov 2016)

DML estimator Neyman orthogonal score (NOS) ¢

For the target estimand i (e.g., Y = P(y|do(x)))

1. Based on a Neyman orthogonal score of and nuisances 1 (e.g., N = {P (y|x, Z), P(xlz)}), a
the target estimand 1 ; and function ¢ (V; 1, 1) is called a Neyman orthogonal
2. (Cross-fitting) training and evaluating score if
nuisances 7 is done with two distinct sets of

1. (Moment condition) Ep[¢(V; ¥, n)] = 0 where 1,
is the true nuisance, and

Construction of the DML estimator 2. (Orthogonality) (0/0m)Ep[¢ (Vi m)]ly=p, = 0

+ Let {D,, D, } denote the randomly split halves of

the dataset D. Let 77, denote the estimate of 5 :

from D for k € (0,1}, Debiasedness A
A DML estimator is v N-consistent whenever n

samples.

. Let T" denote the solution satisfying



Multi-outcome Sequential BD Criterion (mSBD)

mSBD Criterion (informally): A sequential of Z mSBD adjustment (Jung et al 2020): If Z = {Z,, :-+, Z,,} satisfies the

variables satisfies the mSBD griterion relgtive to {X,Y} if mSBD criterion relative to (X, Y),

a non-causal path between X in Xand Y.in Y are KD s s X2

blocked by Z conditioned on the previous ones, {X!, Y™, P(y|do(x)) @ o wli-1) i=1) - (=1) w(i=1)
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mSBD Example 4

Xy Y; X Y,

{Z,, Z,} satisfies mSBD criterion relative to {X,, X,}, {Y,, Y.}

P(y.Y,l do(x,,x;)) = 2,4 ,o[P(z,)P(y,IX,Z,)P(z,]Z X,y )P(Y,|Z,. XY 4,25.X,)



. mSBD Criterion (informally): A sequential of Z
m S B D - Q u eSt|O n variables satisfies the mSBD criterion relative to {X,Y} if
a non-causal path between X in Xand Y,in Yare
bI_o10ked by Z, conditioned on the previous ones, {X"', Y*",
Z"




Result 1: mSBD Estimator

Neyman orthogonal score for mSBD DML estimator for mSBD
¢(Vip,n) = .ZIWi({"iH <Hyp),

= * (Doubly robust) consistent whenever nuisances in H; or

where ,
W; are correctly estimated; and
H; = P(y* 1200, y(72) and
; I (X,) * (Debiased) \/N-consistent whenever nuisances in H; and
W =] i W; converges at N /4 rate.

p=1 P (207, x@=D),y7=D)
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Revisit ID Algorithm
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e (C-componet: A set of variables connected by a bi-directed path, for example:
{V,.,V,,V }and {V,V,} from the graph above.
e C-factor: Q[C]: the distribution of C under the intervention, i.e. Q[C] =
P(C|do(V\C))
e The distribution can be factorized w.r.t. C-factors:
o P(v)=Q[V,V,(V,V,V,.V )Q[V1,V3,V5](v1,v3,v5,v2,v4)
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Reuvisit ID Algorithm

DX, Y,G)
1. LetS4,S,, ... be the C-components of G.

2. LetQ[S;] = [Mv,es,P(wi|v*~D).

3. LetDq,Dy, ... be C-components of G (D) where D = An(Y)¢gw\x)-

4. Identify Q[D;] from Q[S] by recursively applying C-factor operations

5. K(y) = Xa\yll;Q[D;] if all Q[Dj] is identified, FAIL otherwise.



Reuvisit ID algorithm cont.

Q - P()’ldO(X))\ AArithmetic coi(nbinatior{
ID algorithm = Q = A(Q[C1].Q[C2]....)

¥ C-factors

f \ ID algo — () = ZWQ[W,X, Y] - dwP(x, y|r,w)P(w)

YwyQ[W,X,Y] dwP(x|r,w)P(w)
P(y|d0(x)/ )
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Result 2 - DML-ID

Mechanism (C-factors are given by mSBD adjustment):

Q - P()’IdO(X))\ Xrithmetic combination
DML-ID =»Q = A(M[C1],M[C2]....)

G m——

§ mSBD adjustment
for C-factors
s ‘ M[(x,y)|r; w]
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Derivation of Nevman Orthoaonal Score (NOS)

A recursive algorithm for derivation of NOS

Given representation of Q = A(M[C1],M[C2],...,M[C4]), a
Neyman orthogonal score is given as

d 0
_Zlcb g AM[Cq], -+, M[Cq])
=
Neyman orthogonal score for the
N%%TnSBD adjustment M=MI[Ci]

Q — P()’ldO(X))\ 2rithmetic combination
G DML-ID ==Q = A(M[C1],M[C_],...) =» Score

| mSBD adjustments | Neyman orthogonal score |



Result 2 - DML Estimator

« Let {D,, D, } denote the randomly split halves of ) )
the dataset D. Let #, denote the estimate of 5 The proposed estimator is
from D, for k € {0,1}. * robust against model misspecification (doubly

' robust) and slow convergence (debiased); and
+ Let T* denote the solution satisfying _ , o ‘
Ep, [#(V; 7 1_1 TH)] = 0p(N"2) where N = | D, * working for any identifiable causal functional.

(Complete)

and [/, denote the empirical expectation over D,.

« T=(T°+ T")/2 is a DML estimator.

(T°+TH/2
Q — P()’ldO(X)) ~ 2rithmetic combination V
» DML-ID =» Q = A(M[C1],M[C2],...) =» Score =» DML
e Estimator
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i é-ﬂt:;':‘:":_] [ In our case, ¢(V;7,y) = 7' (Vin) — y for
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DML Example

TP ylr,w)P(w)
P(yldo(x)) = YwP(x|r,w)P(w)
e A(M1,M2) = %

Wis BD admissible
wrt. (R, {X,Y});
Ml = M[(x’y)lr; W]

Wis BD admissible w.r.t. (R, X)
M, = M[x|r;w]



Example: NOS
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NOS ¢y, for M;, i = 1,2 are given as

@ ¢M,‘ — hM,‘ - auM,'

» /’lMi - E[hM,]

I-(R)

= BRIW) (ley(X,Y) = P(x,¥|R,W)) + P(x,y|r, W)

Ir(R)

m: = gy (X0 — PXIR, W) + P(xIr, W)
* NOS ¢(V;n, ) for P(y|do(x))

»(Vin,¢) =V(V;in) — 1 where
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(thl gy ¢M2 l“‘]\ll )
AT,

N,

V(V;n) =




Example Empirical Evaluation

DML estimator:
,o'@‘\ * Doubly robustness — Correctly estimate
/ ; P(yldo(x)) ity = P(x,y|r,w) orny
:‘ @ \ = P(r|w) are correctly estimated.
\4

@—@ * Debiasedness — \/N -consistent if

_ SwP(xylrw)P(w) P (_Xl; Z Ir,w) and P(r|w) converges at
P(y|do(x)) = S P(x|r, w)P(W) N-1/4 rate.




Empirical Evaluation

Doubly robustness

Deblased ness

P (x,y|r,w), P (r|w) converges to true
P(x,y|r,w), P(r|w) atarate N~1/4

.................................................................... N i R S R SO S B R SR R OB

0.05

0.00

~— Plug-in estimator |

i 0.15

0.10

i 0.05

- DML estimator
L)
L]
-
0 2500 5000 7500 10000

0.00

P(x,y|r,w) misspecified.

— 0.20
' 0.15
i 0.10
. {
0.00
0 2500 5000 7500 10000
N

0

2500 5000 7500 10000




Conclusion

e DML estimators are developed for identifiable causal effects that appreciate
the doubly robustness in the case of model misspecification as well as
de-biasedness against biases in nuisance function estimation.

Graph-based

Q = P(y|do(x)a |
G m———mmp DML-ID = DML estimator Q

Data-driven

Q = P(y|do(x)) '
PAG P ==p DML-IDP=> DML estimator Q



. mSBD Criterion (informally): A sequential of Z
m S B D - Q u eStIO n variables satisfies the mSBD criterion relative to {X,Y} if
a non-causal path between X in X'and Y,in Y are
blocked by Z conditioned on the previous ones, {X"!, Y,

covercas@uci.edu s




