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“One of the big ironies of Big Data is that missing data
play an even more important role.”

Neyman-Rubin potential outcomes [?] Missing values and latent confounders:
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outcomes. — M € {0,1}"*? mask, missing at random [?,
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— X € R™*P covariates, — Unconfoundedness w.r.t. latent variables:
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Classical assumptions: SUTVA, overlap.

Assumption: Covariates are noisy prox- AIPW doubly robust estimator [?]: / \ _______ l

ies of true latent confounders, relationships
can be nonlinear.
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Strategy: Couple VAE with missing values
and double robust estimation.

CAUSAL INFERENCE WITH MISSING VALUES IN THE COVARIATES

Assume an unbiased estimator f(Z) of E[Y (1) — Y (0)|Z] and access to the distribution P(Z|X*)

Latent variables estimation as a pre-processing step (MDC-process) Multiple imputation strategy

— Heuristic nonlinear extension of [?] — Monte-Carlo approximation using posterior distribution P(Z|X™).

— Regression model: Y =W + Z3 + ¢, ~ N(0,0%1).
MDC-MI

MDC-process . A
1. Sample (ZU)) << from P(Z|X*).

1. Estimate latent confounders with
Z(x*) =E[Z|X* = x*].

2. For each sample j, compute estimate 7(/) = f(Z\)),

3. Aggregate into final estimate:
. B A(j)  Tim )
TMI = & D e ) ~ E[E[f(Z|X*)]].

2. Plug these Z(xz*) into regression model or define
Tprocess = E[f(E[Z]X7])].

Estimation of and sampling from P(Z|X™):
1) Use missing data importance weight autoencoder [?, MIWAE]: imputation by a constant maximizes the ELBO.
2) Approximate with self-normalized importance sampling on variational distribution Q(Z|X™):

p(X*|Z N p(ZW)

and T

for any measurable function s.

[s(2)|X*] = 1L, wis(Z1), where wy = "

q(Z(D|X*)
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SIMULATIONS
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DR, ¢
0.20 £ 0.01
0.16 + 0.01

— Varying number of covariates (p), fixed small number
of latent variables (d = 3) and n = 10000.

— Choice for f: doubly robust estimator (??).

X (complete data)

MF — Comparison methods: f on estimated linear latent fac-
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Deep latent variable data generating model [?].

tors [?, MF], f on multiply imputed X* (MICE).
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Mean absolute error A (with standard error) across 1000

simulations. OLS: estimator obtained by regression, DR: doubly
robust estimator. X;,,,: mean imputed X ™. MIA.GRF': causal

forest extension handling incomplete covariates [?].

FUTURE RESEARCH
¢ Handling missing not at random type data (MNAR).

e Heterogeneous treatment effect estimation.

0% missing values 10% missing values
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For more details
and results
of MissDeep-
Causal, read our
full paper:
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See also R-miss-
tastic, a platform
for missing val-
ues methods and
workflows:




