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CAUSAL INFERENCE WITH MISSING VALUES IN THE COVARIATES

Estimate the effect of tranexamic acid (TA) on Assumptions: Method

MOTIVATIONS

the in-ICU mortality among patients with trau-

(2

matic brain injury (TBI), based on the observa- — Rubin’s potential outcome framework: W bi- — Doubly robust treatment effect estimator 7pr,«:

tional database Traumabase®. This database in- nary treatment, (Yi(f))we{o,1} potential out-

cludes 7,945 major trauma patients, of which 3,050 COMES. . 1 S i (X) — fo(X)

have traumatic brain injury, with 244 pre-hospital r = E[A;] = B[Yi(1)] — E[Y;(0)] (ATE), on \—

and hospital measurements. The data is hetero- X | Y, — (X)) Y, — (%)

geneous, being composed of both quantitative or X = (X7, X"™*) € R""” completely observed + W; — - s ;5 Y (1 —=W) 1’ ﬂi OX’ -

categorical variables. Major trauma is a public confounders, e(x) = P(W = 1| X = x) propen- e* (Xi) — " (X5)

health challenge and a major source of mortality sity score, i (x) = E[Y (w)|X = z] conditional

and handicap around the world. response surface.

e —— — Missing values: R € {0, 1}"*P response in- Propensity model (e*)  Outcome model (u) cor-

dicator matrix, X = X ©® R + NA(1 — R) € correctly specified: rectly specified:
(R U NA)"*P obgerved confounders, e*(z, r) — efio Wi xers n]_g E[Yie py(R,)|W; =1,
P(W = 1|X°”® = =z, R = r) generalized e*(X;) X9 ;] — o

propensity score [7]. = TDR,x & Trpw,« are
consistent. — TDR,* 1S consistent.

— Classical causal inference assumptions: SUTVA,
unconfoundedness, overlap.

Intra-hospital (and after treatment)

. . .. — Parametric or nonparametric estimation of :
Treatment effect (TE) estimation on observational — Additional assumptions due to missingness: P pe ()

and e(-) — interpretability of 7pr is the same.

data is challenging when the data contains missing _ unconfoundedness™:
lues.
vaes e Yi(t) LWi| Xo, Ri te {07.1} — Nonparametric estimation wusing random
- CIT or CIO: W; 1 X" | X2 R; or forests to handle heterogeneous data and miss-
Yi(t) L X X2 R, te{0,1} ing values consistently under MCAR [4].
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FIRST RESULTS

On IHDP data [2]:
P ROPOSAL — Simulated observa- MCAR

cit.cio: —.FALSE cit.cio: —.TRUE

, , ) tional data from origi-
e Comparison of different TE estimators when co- nal experimental data
variates are partially observed, analysis of the — 6 quant.  variables,
bias. quant. outcome, bi-

RMSE
RMSE

Proposition of new double robust TE estimator, R rﬁé&ﬁi‘fé‘?\r/}& AR o
%

based on random forests, handling incomplete Simulate Y w/ and

COnfounderS ¢ W / O CIO ’ ' ' ' ' ' ' 0.2 0.4 0.6 0.2 0.4 0.6 ' ' ' ' ' '
— Same methods as in © o Popmesnguees Pro.mising values =" ke

Simulations part.

0.10-

e Application to critical care patient data.

= Empirically, importance of CIO assumption increases with the amount of missing values, for all mechanisms.

SIMULATIONS

ii.d observations from DR estimator Tp R «.
mixture model: X |C =

c~N(pe,3e), X € R

On Traumabase:

(Generalized) propensity — 12 identified confounders (continuous & discrete &  — PS and outcome regression using random forests with

score (P’S) estimation with - Py [URTI )
o missing values: categorical). sample splitting and cross-splitting (R-package grf)
Logistic-linear model for

— (a) imputation (mean, mice, LR . . . M 111 . .
M/’;Ef {07 1 }/ Yt ECI%}CIO matrix factorization) + logistic re- — 3169 P atients with traumatic brain juty. — b estimation approaches:
satisrymg or no . gression, . 1 -
MNAR (NA n (b) logistic regression handling — 12% treated patlents. (a) Im.pu.tatlon (Pca based.) .
X X5 depend on NAs (SAEM) [3], (b) Missing Incorporated in Attribute
R PRSP o . .
X6, .-, X10)- ﬁi,’r;aj‘mféﬁ in attributes () or — 0% - 23% of missing values (in confounders). (c) Low-rank approximation [5]
True ATE: 7 = 1. (d) Mean imputation
cit.cio: FALSE.FALSE cit.cio: TRUE.TRUE — Flﬂly observed treatment and outcome. (6) Imputation (mice)
| ' ] | | | e Difference in percentage points be-
o7 5 : “+ ; -(a) imputation (PC-based) : X
i ] ! tween mortality rates in treatment
‘ and control groups.
H -(b) MIA . o
| ‘ * No evidence for rejecting null hy-
Before balancing ™ : | | | pothesis of no effect of TA on
g control treated . i (C) M F . .
i | | in-ICU mortality among TBI pa-
: l tients.
| -(d) Mean . .
: @ e Next: different TE w.r.t. severity of
t ‘ | | | | TBI and extra-cranial lesions?
100 500 1000 5000 100 500 1000 5000 . | ] gy ) mPutation (MIGE)
Sample size After balancing ** cortol tredted

50 =25 00 25 50

Prove consistency / double robustness of the proposed

ATE estimator in cases other than MCAR (and for het-
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brain injury: study protocol for an international randomized, double-blind, placebo-controlled trial. Trials, 13(1):87, 2012.
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