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Introduction: motivating example

Based on the Victorian Adolescent Health Cohort Study

First Second Total intended sample (n,+n,):2032
sample sample Total achieved sample: 1947 (96%)
n=1037 n,=995
y y
Wave |: Wave 2: Wave 3: Wave 4: Wave 5:
898 (87%) || 1728 (85%) =] 1699 (84%) || 1629 (80%) =] |576 (78%) >
late 1992 early 1993 late 1993 early 1994 late 1994

ADOLESCENT PHASE

Wave 6: Wave 7:

1530 (75%) » 1601 (79%)

early 1995 1998
YOUNG
ADULT

SURVEY




Introduction: motivating example

Question: What is the causal effect of frequent cannabis use in adolescent females
on mental health in young adulthood?

_ Variable (notation) Collected at

Outcome Std log(mental health score) (Y) Wave 7
Exposure Frequent cannabis use (X) Wave
Confounders Parental divorce (Z1) 2-6

Antisocial behavior (Z2)
Depression & anxiety (Z3)
Alcohol use (74)
Parental education (Z5)
Auxiliary Age (A) Wave 2



Introduction: counterfactuals and causal parameter

Causal parameter:
Average causal effect (ACE) = E(Y*™1) — E(Y*=9)
Y*=1 and Y*=Y are the potential mental health scores
when exposed (x = 1) & not exposed (x = 0)

Under identifiability assumptions of exchangeability, consistency, and
positivity, ACE can be identified from the observable data by:
E(E(Y|X=1,Z) —E(Y|X=0,Z2))



Introduction: identifiability assumptions

Exchangeability: Y* | | X|Z for all x
Consistency: Y* = Y when X=x

Positivity: P|X = x|Z = z] > 0 for all x and z



Introduction: estimation

* Singly robust methods (either model for outcome or exposure)
* Qutcome regression
* G-computation
* Inverse probability weighting

* Doubly robust methods (combine outcome and exposure models)
* Augmented inverse probability weighting
* Targeted maximum likelihood estimation



Introduction: TMLE (1)

Predict outcome for all when exposed and unexposed (E(Y|X,Z))
Estimate the propensity score P(X = 1|Z)

Incorporate information from P(X = 1|Z) to update E(Y|X, Z)
Plug in the updated predications (E*(Y|X, Z)) in the G-formula

A\

ACE = E(E*(Y|IX=1,2) —E*(Y|X =0,2))



Introduction: TMLE (2)

Targeting step:

1. For each individual calculate a clever covariate H as a function of the
P(X = 1|7)

2. Regress residuals from the initial outcome model on H to estimate &
3. Upate the initial estimate: logit(E*(Y|X, Z)) = logit(E (Y|X,Z)) + €H



Introduction: several desirable properties of TMLE

e Double robust: consistent if either E(Y|X, Z) or P(X = 1|Z) consistently
estimated

e Asymptotically linear

e Asymptotically efficient if both consistently estimated (under the Donsker
class condition)

* |f data adaptive approaches used for exposure & outcome models:
e Optimizes the bias-variance trade-off
e Offers asymptotically valid confidence intervals



Introduction: target analysis

* The average causal effect estimated using TMLE with Super Learner for
the exposure and outcome models

e Super Learner library included:

mean, glm, glm.interaction, bayesglm, gam, glmnet, earth, rpart, roartPrune, ranger

* We used the TMLE package in R

11



Introduction: aim

Outcome
Exposure

Confounders

Variable (notation)

Std mental health score (Y)
Frequent cannabis use (X)
Parental divorce (Z1)
Antisocial behavior) (Z2)
Depression & anxiety) (Z3)
Alcohol use (74)

Parental education (Z5)

Any missing

0 (1)
12
22
15
60
37
38

% with
missing
values
13

31

0.1

27

14

21

40

Project aim: evaluate the
performance of available
approaches for dealing with
missing data when using TMLE
to estimate the ACE
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Simulation study: generating the complete data (1)

* Used the following causal diagram in data generation:

Continuous auxiliary
variable
I_I_I

'Parents divorced (Z4) — | |
/ N\
Age (A)——> Antisocial behaviour (Z \ﬁannabls use— Mental health score
\E)emeSIOn and anxiety (Z3)/ (X) (Y)
Alcohol use (Z4) ﬁ
\

Parents completed high school (Z5)

Binary confounders Binary exposure Continuous outcome

e 2000 simulations, each with 2000 records

13



Simulation study: generating the complete data (2)

Complex scenario 1 &2

A~Normal(0,1)

Z1 ~Binomial(1, invlogit(ag))
Z2~Binomial(1, invlogit(f, + B1A))
Z3~Binomial(1, invlogit(yo + y1A))
Z4 ~Binomial(1, invlogit(&, + 61A))

25 ~Binomial(1, invlogit(6,))

X~Binomial(1, logit™!(tq + t1Z1 + T,Z2 X~Binomial(1, logit™1(t§ + t,Z1 + t,Z2
+ 13723 + 1424 + 15725 + 16A)) + 13723 + 14724 + 1525 + 14,2173 + 1,2174
+ 1gZ175 + 192374 + 11¢Z3Z5 + 111Z4Z5))

Y~Normal(@g + © X + @,Z1 + @322 + ¢,Z3 Y~Normal(@qy + @1 X + @21 + 9372 + 94723

+ @sZ4 + @cZ5,1) + ©sZ4 + QL5 + ;2173 + pgZ174
+ PoZ17Z5 + ©1¢9Z374 + 91123715 + ©1,24715
+ 013217374 + 914717375 + ©,:Z17475
ACE =@, = 0.2 + (p16Z3ZAZ5 + @©1,21737475,1) 14



Simulation study: imposing missing data (1)

L

M=
7 — Y

m\

A)

A > X—»Y

\

» X ——»Y

\-(/

A X——»Y
M

* Missingness imposed on 72,73, 74, X, Y

Figure adapted from Moreno-Betancur et al, AJE (2018)

E)

\M
./

H) Mz \Mx "
SR
NS
XS
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Simulation study: imposing missing data (2)

. MZZ~Binomial(1, logit ™ (1g + YZ; + LZs + 13Z, + LX + L5Y))

* Mz, ~Binomial(1,logit™" (ig + KyZ; + Kk3Zs + K3Z3 + K4 X +
KsY + kgMz )

* Mz, ~Binomial(1,logit ™" (Ag + A1Z1 + A2Zs + A3Zy + A X +
AsY + AcMz, +A;Mz.))

* My~Binomial(1,logit™*(vg + v{Z; + Vo Zs + V3Zy + V,Z5 +
VsZy + VX + V7Y +vgMy +voMz, +vioMy,))

e My~Binomial(1,logit (&, + §,Z; + &,Zc + 37, + §,75 +
52y T X + &7 + EgMy + EgMy + &Mz, + 611 Mx))

16



Simulation study: imposing missing data (3)
Imposed missingness so that:
* 50% with missing data for any variable in the target analysis

* 40% with missing data for any confounder or exposure

* 30% with missing data for exposure

17



Simulation study: missing data methods (1)

Non-multiple imputation approaches:
1- Complete case analysis

* exclude 50% with missing any data

18



Simulation study: missing data methods (1)

Non-multiple imputation approaches:

1- Complete case analysis

* exclude 50% with missing any data

2- Extended TMLE to handle missing outcome data

e exclude 40% with missing confounder or exposure data

* incorporates P(My = 0]X, Z) in the TMLE estimation procedure

» Extended exchangeability assumption: Y* [ X|Z & Y* ]| My|X, Z for x = 0,1

19



Simulation study: missing data methods (1)

Non-multiple imputation approaches:

1- Complete case analysis

* exclude 50% with missing any data

2- Extended TMLE to handle missing outcome data

e exclude 40% with missing confounder or exposure data

* incorporates P(My = 0]X, Z) in the TMLE estimation procedure

 Ext exchangeability assumption: Y*[[ My |X,Z and Y* ]| X|Z forx = 0,1

3- Like 2 & missing covariate missing indicator approach (MCMI) to handle missing confounder data
* Exclude 30% with missing exposure data

* Missingness indicators for each confounder are included in the analysis models

* Ext exchangeability assumption: Y* [ [ X|Z, M for x = 0,1 & X1 Zniss|Zops, M OR
& H Liss |Zobs» M

20



Simulation study: missing data methods (2)

Multiple imputation by chained equations (MICE) approaches
e Simultaneously handle missing outcome, confounder, and exposure data

* Include all analysis variables & auxiliary variable age in the imputation models

4- Use linear regression to impute Y, logistic for X, 22, Z3, Z4

5- Use instead predictive mean matching (PMM) to impute Y

6- Like 5, additionally include all 2X2 interactions in the imputation models

7- Like 6, additionally include all 3- & 4-way confounder-confounder interactions

8- Use classification and regression trees (CART) , _ _ ,
MI with machine learning algorithms

9- Use random forest (RF) Both available in the MICE package in R

21



Simulation study: TMLE performance in complete data

Bias Average Relative
: . . o .
ACE Absolute bias Coverage Eliminated Empirical SE model SE % error in model
Coverage SE

Est MCSE Est MCSE Est MCSE Est MCSE Est MCSE  Est MCSE

Simple scenario

Regression 0.20 0.00 0.00 095 000 095 000 007 000 0.07 0.00 0.06 1.58

G-comp 0.20 0.00 0.00 095 000 095 000 0.0/ 000 0.07 000 041 1.59

TMLE 0.20 0.00 0.00 093 001 093 001 008 000 0.08 0.00 -570 1.49

Complex scenario 1

Regression 0.26 0.06 0.00 087 001 09 000 007 000 0.07 0.00 430 1.65

G-comp 0.20 0.00 0.00 096 000 096 000 007 000 0.07 0.00 4.01 1.65

TMLE 0.20 0.00 0.00 093 001 093 001 008 000 0.08 0.00 -568 1.49

Complex scenario 2

Regression 0.41 0.21 0.00 022 001 09 000 008 000 0.08 0.00 3.38 1.64

G-comp 0.18 -0.02 0.00 093 001 0954 001 0.07 000 0.07 0.00 -1.66 1.56

TMLE 0.20 0.00 0.00 087 001 087 001 0.09 000 0.0/ 0.00 -21.06 1.25
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Simulation study: TMLE performance in complete data

Rel Bias Average Relative
_—  Absolute bias . Coverage Eliminated Empirical SE & % error in model
ACE bias model SE
(%) Coverage SE
Est MCSE Est MCSE Est MCSE Est MCSE Est MCSE Est MCSE

Simple scenario

Regression 0.20 000 000 003 095 000 0595 0.00 0.07 0.00 0.07 0.00 0.06 1.58

G-comp 020 000 000 002 09 000 09 0.00 0.07 0.00 0.07 o0.00 0.4 1.59
TMLE 020 000 000 021 093 001 093 0.01 0.08 0.00 0.08 0.00 1.49

Complex scenario 1

Regression 0.26 0.06 000 3163 087 001 096 0.00 0.07 0.00 0.07 0.00 4.30 1.65

G-comp 020 000 000 046 096 000 096 0.00 0.07 0.00 0.0/ 0.00 Al 1.65
TMLE 020 000 000 199 093 001 093 0.01 0.08 0.00 0.08 0.00 1.49

Complex scenario 2

Regression 0.41 0.21 0.00 106.63 0.22 0.01 096 0.00 0.08 0.00 0.08 0.00 3.38 1.64

G-comp 0.18 -0.02 000 -834 093 0.01 094 0.01 0.07 0.00 0.07 0.00 el 1.56
TMLE 020 000 000 051 087 001 087 001 009 0.00 0.0/ 0.00} -21.06 1.25
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Missing data method

Simulation study: Performance of missing data methods

Relative bias

Simple scenario Complex scenario 1 Complex scenario 2
MI, RF-  -18 -23 -22
MI, CART- -6 -7 -7
MI, higher int- -5 -4 -8 -6 0 6 -1 -14 17 -2 -8 -4 -3 =7 -6 1 4 2 -12 14 0 -6 7 11 6 9 17 12 19 -2 3 11 7
MI, 2-way int- -4 -3 -6 -5 0 7 -3 -13 -18 -3 -9 -4 -5 -10 -10 0 3 -1 -14 -17 -2 -10 6 8 1 3 13 7 14 -7 -3 4 0

MI, no int-

MI, no int (linear)-

Ext TMLE+MCMI**

The Monte Carlo standard errors for absolute bias ranged from 0.001 to 0.004 in the simple scenario, 0.001 to 0.003 in the complex scenario 1, and
0.002 to 0.003 in the complex scenario 2.
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Missing data method

Simulation study: Performance of missing data methods

Relative bias

Simple scenario Complex scenario 1 Complex scenario 2

MI, RF-

MI, CART-

MI, higher int-

MI, 2-way int-

MI, no int-

MI, no int (linear)-

Ext TMLE+MCMI**

The Monte Carlo standard errors for absolute bias ranged from 0.001 to 0.004 in the simple scenario, 0.001 to 0.003 in the complex scenario 1, and
0.002 to 0.003 in the complex scenario 2.
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Missing data method

Simulation study: Performance of missing data methods

Relative bias

Simple scenario Complex scenario 1 Complex scenario 2
MI, RF- -18
MI, CART- -6
MI, higher int- -5 -4 -8 -6 0 6 -1 -14 17 -2 -8 -4 -3 =7 -6 1 4 2 -12 14 0 -6 7 11 6 9 17 12 19 -2 3 11 7
MI, 2-way int- -4 -3 -6 -5 0 7 -3 -13 -18 -3 -9 -4 -5 -10 -10 0 3 -1 -14 -17 -2 -10 6 8 1 3 13 7 14 -7 -3 4 0
MI, no in
MI, no int (linear
Ext TMLE+MCM|**- 11 11 8 -4 12 10 7 3 -14 -13 -21 13 15 11 -2 15 11 9 6 -10 -9 -18 16 13 11 -4 14 6 9 2 -10 -14 -18
Ext TMLE*- -1 0 0 -10 0 3] -5 -5 -19 -16 3 5 3 -6 4 5 -2 -1 -14 -11 -20 4 3 2 -10 2 -2 -5 -8 -17 -17
Complete-case- -1 0 0 -10 0 3 -5 -4 -19 -16 3 5 2 -6 4 3 -2 -2 -15 -12 -21 4 2 0 -12 1 -4 -5 -9 -18 -18
T A B ¢ D E F G H i J T A B ¢ D E F G H i J T A B ¢ D E F G H i J
m-DAGs

The Monte Carlo standard errors for absolute bias ranged from 0.001 to 0.004 in the simple scenario, 0.001 to 0.003 in the complex scenario 1, and
0.002 to 0.003 in the complex scenario 2.
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Missing data method

Simulation study: Performance of missing data methods

Relative bias

Complex scenario 1 Complex scenario 2

Simple scenario

MI, RF-

MI, CART-

MI, higher int

MI, 2-way int

MI, no int-

MI, no int (linear)-

Ext TMLE+MCMI**- -2 -9 4 14

Ext TMLE*- -1 -5 -5 -6 -2 = -20 2 -5 -8

Complete—case- -1 -5 -6 4 3 -2 -2 ” -5 -9

D E
m-DAGs

The Monte Carlo standard errors for absolute bias ranged from 0.001 to 0.004 in the simple scenario, 0.001 to 0.003 in the complex scenario 1, and
0.002 to 0.003 in the complex scenario 2.
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Missing data method

Simulation study: Performance of missing data methods

Relative bias

Simple scenario Complex scenario 1 Complex scenario 2

M, higher int- -5 -4 -8 -6 0 6 -1 -14 -17 -2 -8 -4 -3 -7 -6 1 4 2 -12 -14 0 -6 7 1 6 9 17 12 19 -2 3 1 7
MI, 2-way int- -4 -3 -6 -5 0 7 -3 -13 -18 -3 -9 -4 -5 -10 -10 0 3 -1 -14 -17 -2 -10 6 8 1 3 13 7 14 -7 -3 4 0
60
MI, noint- -1 -1 -6 -9 3 6 -2 -1 -21 -8 -13 15 12 3 -2 16 13 12 -2 -10 2 -7 20 16 23 19 30
0
"
MI, noint (linear)- -1 1 -5 -9 2 7 -1 -1 -20 -7 -14 18 14 4 -1 18 14 13 -2 -10 2 -5 20 14 22 17 -60
Ext TMLE+MCMI**- 1 11 8 -4 12 10 7 3 -14 -13 -21 13 15 11 -2 15 11 9 6 -10 -9 -18 16 13 11 -4 14 6 9 2 -10 -14 -18
Ext TMLE*- -1 0 0 -10 0 3 -5 -5 -19 -16 3 5 3 -6 4 5 -2 -1 -14 -1 -20 4 3 2 -10 2 -2 -5 -8 -17 -17 -23
Complete—case- -1 0 0 -10 0 3 -5 -4 -19 -16 3 5 2 -6 4 3 -2 -2 -15 -12 -21 4 2 0 -12 1 -4 -5 -9 -18 -18 .
T A B (¢} D E F G H | J T A B C D E F G H | J T A B C D E F G H | J
m-DAGs

The Monte Carlo standard errors for absolute bias ranged from 0.001 to 0.004 in the simple scenario, 0.001 to 0.003 in the complex scenario 1, and
0.002 to 0.003 in the complex scenario 2.
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Missing data method

MI, RF-

MI, CART-

MI, higher int-

MI, 2-way int-

MI, no int-

MI, no int (linear)-
Ext TMLE+MCMI**-
Ext TMLE*-

Complete-case-

The Monte Carlo standard errors ranged from 0.001 to 0.002 for all scenarios.

0.07

0.10

0.10

0.10

0.10

0.10

0.10

0.11

0.11

0.07

0.10

0.10

0.10

0.10

0.10

0.11

0.12

0.12

0.07

0.11

0.12

0.13

0.12

0.12

0.13

0.14

0.14

0.07

0.11

0.13

0.13

0.12

0.12

0.13

0.14

0.14

0.07

0.11

0.11

0.11

0.11

0.11

0.11

0.12

0.12

0.08

0.12

0.13

0.14

0.13

0.13

0.14

0.15

0.15

Simple scenario

0.07

0.11

0.11

0.11

0.11

0.11

0.11

0.12

0.12

0.07

0.11

0.13

0.13

0.12

0.12

0.13

0.15

0.15

0.07

0.11

0.12

0.12

0.12

0.12

0.13

0.14

0.14

0.08

0.12

0.14

0.14

0.13

0.13

0.14

0.16

0.16

0.08

0.12

0.14

0.14

0.13

0.13

0.14

0.15

0.15

0.06

0.09

0.09

0.10

0.10

0.10

0.10

0.11

0.11

0.06

0.09

0.10

0.10

0.10

0.10

0.10

0.11

0.11

0.07

0.10

0.11

0.12

0.11

0.11

0.12

0.13

0.13

0.07

0.10

0.12

0.12

0.11

0.11

0.12

0.14

0.13

Complex scenario 1

0.07

0.10

0.10

0.11

0.10

0.11

0.11

0.12

0.12

0.07 0.07
0.11 0.10
0.12 0.10
0.12 0.11
0.12 0.11
0.12 0.11
0.13 0.11
0.14 0.12
0.14 0.12
E F
m-DAGs

0.07

0.10

0.11

0.12

0.11

0.11

0.12

0.13

0.13

Empirical standard error

0.07

0.10

0.11

0.12

0.11

0.11

0.12

0.13

0.13

0.07

0.11

0.12

0.12

0.12

0.12

0.13

0.14

0.14

0.07

0.11

0.12

0.12

0.12

0.12

0.13

0.14

0.14

0.07

0.10

0.10

0.10

0.11

0.11

0.11

0.13

0.13

0.07

0.09

0.10

0.10

0.11

0.11

0.10

0.11

0.11

0.07

0.10

0.11

0.12

0.13

0.12

0.12

0.13

0.13

0.07

0.10

0.11

0.12

0.12

0.12

0.12

0.13

0.13

Complex scenario 2

0.07

0.10

0.10

0.11

0.11

0.12

0.11

0.12

0.12

0.07

0.11

0.12

0.13

0.13

0.13

0.14

0.13

0.07

0.10

0.10

0.11

0.11

0.12

0.11

0.12

0.12

0.07

0.10

0.11

0.11

0.12

0.12

0.12

0.13

0.13

Simulation study: Performance of missing data methods

0.07

0.10

0.11

0.11

0.12

0.12

0.12

0.13

0.13

0.07

0.11

0.12

0.12

0.13

0.13

0.12

0.14

0.13

0.07

0.10

0.12

0.12

0.13

0.13

0.12

0.14

0.14

29

m 0:20
0.15
0.10

0.05
. 0.00



Missing data method

Simulation study: Performance of missing data methods

Empirical standard error

Simple scenario Complex scenario 1 Complex scenario 2

MI, RF-

MI, CART-

MI, higher int-
MI, 2-way int-
. 0.20
MI, no int- 0.15
0.10
0.05
MI, no int (linear)- 0.00

Ext TMLE+MCMI**-

m-DAGs

The Monte Carlo standard errors ranged from 0.001 to 0.002 for all scenarios.

30



Missing data method

Simulation study: Performance of missing data methods

Relative % error in model SE

Simple scenario Complex scenario 1 Complex scenario 2
MI, CART- 2 -1 9 6 1 6 4 4 8 9 8 12 13 13 15 13 16 12 15 15 14 16 25 27 23 24 25 28 25 28 27 25 29
MI, higher int- 7 3 3 2 3 3 3 1 5 2 1 C 18 14 13 9 13 11 14 14 9 10 12 35 36 28 29 32 33 31 31 31 27 26
MI, 2-way int- 7 3 2 1 4 2 5 1 3 0 -2 15 12 1 10 10 10 12 10 1 1 10 35 38 28 28 31 30 30 32 29 27 27
M, no int- 7 4 9 7 6 8 6 6 9 5 5 - 16 12 14 12 12 14 9 16 13 14 15 27 25 21 24 23 22 26 24 25 22 21
MI, no int (linear)- 7 2 7 4 3 5 3 3 7 4 4 12 10 13 10 9 13 8 14 1 1 14 25 20 21 20 18 20 19 22 23 22 19
Ext TMLE+MCMI**- -6 -9 -9 -9 -8 -11 -8 -9 -10 -12 -13 - -1 -10 -12 -13 -12 -13 -12 -9 -13 -16 -14 24 -17 -18 -18 -18 -20 -18 -17 -16 -19 -19
Ext TMLE*- -5 -9 -7 -9 -8 -12 -7 -1 -9 -13 -2 - -1 -9 -13 -13 -10 -14 -12 -11 -13 -16 -15 -25 -15 -18 -18 -18 -19 -17 -18 -18 -19 -19
Complete-case- -6 -8 -6 -9 -8 -1 -7 -1 -8 -13 -1 - -1 -9 -11 -12 -9 -12 -11 -9 -1 -13 -13 24 -14 -15 -15 -16 -15 -15 -15 -14 -16 -16
T A B ¢ D E F G H i J T A B C D E F G H i J T A B ¢ D E F G H i J

m-DAGs

The Monte Carlo standard errors ranged from 1.40 to 2.54 in the simple scenario, 1.36 to 2.74 in the complex scenario 1, and 1.22 to 3.02 in the
complex scenario 2.
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Application to the VAHCS case study

Complete-case
Ext TMLE

Ext TMLE+MCMI
MI, no int (linear)
MlI, no int (PMM)
MI, 2-way int

M, higher int
MI, CART

MI, RF

Difference in

the mean

0.09
0.12
0.13
0.19
0.20
0.14
0.16
0.13
0.14

Standard
error

0.12
0.11
0.13
0.15
0.15
0.17
0.16
0.15
0.16

95% confidence
interval

-0.14, 0.32
-0.09, 0.33
-0.13, 0.39
-0.11, 0.50
-0.09, 0.49
-0.20, 0.49
-0.14, 0.47
-0.18, 0.43
-0.17, 0.46

Time to run

11.9 sec
8.0 sec
15.5 sec
5.6 min
5.4 min
6.1 min
6.2 min
12.2 min
14.8 min

32



Application to the VAHCS case study

Complete-case
Ext TMLE

Ext TMLE+MCMI
MI, no int (linear)
MlI, no int (PMM)
MI, 2-way int

M, higher int
MI, CART

MI, RF

Difference in

the mean

0.09
0.12
0.13
0.19
0.20
0.14
0.16
0.13
0.14

Standard
error

0.12
0.11
0.13
0.15
0.15
0.17
0.16
0.15
0.16

95% confidence
interval

-0.14, 0.32
-0.09, 0.33
-0.13, 0.39
-0.11, 0.50
-0.09, 0.49
-0.20, 0.49
-0.14, 0.47
-0.18, 0.43
-0.17, 0.46

Time to run

11.9 sec
8.0 sec
15.5 sec
5.6 min
5.4 min
6.1 min
6.2 min
12.2 min
14.8 min

Corrected
SE

0.14
0.13
0.15
0.13
0.14
0.15
0.14
0.14
0.11
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Concluding remarks

 We used simulation study to evaluate available approaches for handling missing
data when estimating the ACE using TMLE with data adaptive approaches

* Under simple and complex scenarios, data generation was fairly simple

* Key observations:
* No approach performs well in general
Consideration of missingness mechanism could be helpful

If missingness in no variable depends on the outcome: CC, Ext-TMLE (small bias &
loss of precision)

Correctly specified parametric Ml perform well
MI-CART might be a useful alternative
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Simulation study: missing data methods (3)

Insul=After

MI using classification and regression trees (CART):
 Fit a tree for variable with missing data
* |dentify the donor leaf for each record with missing value

 Randomly select a value from the donor leaf

MI using random forests (RF):

* Draw a bootstrap sample from the data 4.01 5.94
n=16 n=10
 Fit a tree for variable with missing data for each

Regression tree for predicting gas consumption

 Randomly select a value from all donor leaves

Image taken from S. van Buuren, Flexible Imputation of Missing Data, 2018
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