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Background and motivation Motivation

Motivating application

• interested in estimating causal effects of multiple competing
(multi-valued) treatments in the absence of randomization

• motivated by a study of the relative metabolic risk of assignment to 1
of 6 commonly prescribed antipsychotic drugs for patients with serious
mental illness

• evidence on the relative safety of antipsychotics is limited:
RCTs focus on drugs’ effects on risk factors for diabetes (e.g., weight
gain) (Pillinger et al., 2020)

observational studies rely on parametric regression, which is more
vulnerable to confounding and model misspecification
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Background and motivation Motivation

Background: antipsychotic drugs

• > 20 antipsychotic drugs available: most popular are second gen.
antipsychotics (SGAs)

• some SGAs carry a higher risk for cardiometabolic morbidity (incl.
diabetes) and death relative to older first gen. antipsychotics (FGAs)
(Solmi et al., 2017)

• people with serious mental illness have a higher risk for cardiometabolic
morbidity compared to the general population
(e.g., Newcomer and Hennekens, 2007)
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Background and motivation Motivation

TMLE with multi-valued treatments

• targeted minimum loss-based estimation (TMLE, van der Laan and
Rubin (2006)): reweights initial outcome estimate with a function of
estimated treatment probabilities

• doubly-robust estimator: requires either treatment model or outcome
model is correctly specified to ensure consistent estimation (Bang and
Robins, 2005)

• standard TMLE implementation estimates treatment probabilities with
multiple binary regressions rather than a single multinomial regression

• theory: efficiency (not consistency) will be comprised if treatment
model is misspecified (and outcome model is correctly specified)
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Estimation Notation and setup

Notation and setup

• sample of size n; each subject i assigned to one of J treatment levels,
ai ∈ A = {j = 1, 2, · · · , J}
(n = 38k patients; J = 6 treatments)

• pretreatment covariates xi
(age, race, primary diagnosis, health status, metabolic testing;
measured 6 mos. prior to assignment)

• potential outcomes under treatment level j, yi(j)

• binary treatment indicator di(j) = 1 if ai = j; otherwise 0

• observed outcome yi =
∑J

j=1 di(j)yi(j)
(diabetes diagnosis or death within 36 mos.)
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Estimation Causal estimand

Average Treatment Effect (ATE)

• average effect caused by any other treatment j∗ over reference
treatment j:

ATEj,j∗ = E(yi(j∗)− yi(j)) = µij∗ − µij ; j∗ 6= j

• how would patients treated with any drug other than Reference (j∗)
fare if they were instead treated with the Reference drug (j)

• focus on estimation of marginal mean outcome for each treatment level
j, µj

conditional mean outcome ej(xi , µj) = E(yi(j) | xi)

generalized propensity score pj(xi) = Pr(a = j | xi), s.t.
∑

j pj(xi) = 1
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Estimators TMLE

Estimation of means (multinomial treatment model)
TMLE estimator for marginal mean outcome:

µ̂j =
1

n

n∑
i=1

ê1(xi , µj)︸ ︷︷ ︸
final outcome

estimate

=
1

n

n∑
i=1

h−1

(
h( ê0(xi , µj)︸ ︷︷ ︸

initial outcome
estimate

) +
ε̂jdi(j)
p̂j(xi)︸ ︷︷ ︸

correction
targeting µj

)
,

1. substitute Super Learner estimates of e0(xi , µj) and pj(xi)

2. obtain ε̂j by refitting initial outcome model:

h (E(yi = 1 | ai , xi , ε)) = h
(
ê0(xi , µai )

)︸ ︷︷ ︸
fix coefficent

at one

+

J∑
j=1

εj
di(j)
p̂j(xi)
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Estimators TMLE

Estimation of means (binomial treatment model)

TMLE estimator for marginal mean outcome:

µ̂j =
1

n

n∑
i=1

ê1(xi , µj)︸ ︷︷ ︸
final outcome

estimate

=
1

n

n∑
i=1

h−1

(
h( ê0(xi , µj)︸ ︷︷ ︸

initial outcome
estimate

) +
ε̂jdi(j)
p̂j(xi)︸ ︷︷ ︸

correction
targeting µj

)
,

1. substitute Super Learner estimates of e0(xi , µj) and pj(xi)

2. obtain ε̂j by refitting initial outcome model:

h (E(yi = 1 | ai , xi , ε)) = h
(
ê0(xi , µai )

)︸ ︷︷ ︸
fix coefficent

at one

+εj
di(j)
p̂j(xi)

+ ε−j
di(−j)
p̂−j(xi)
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Simulations Simulations

Simulations
• vary event rate: prob.

an outcome is observed
under each treatment

• overlap: similarity in
distrs. of propensity
scores across treatments

• 3 treatment model
implementations:

Multinomial (SL)
Multinomial (GLM)
Binomial (SL)
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Simulations Simulations

Coverage
share of estimated CIs
containing true ATE

• Multinomial (SL)
achieves superior
coverage compared to
Binomial (SL)

• similar performance
in RCT settings
(perfect overlap
btwn. treatment groups)

• Multinomial (GLM)
useful benchmark b/c it
uses correct parametric
treatment model
(except in RCT settings) 9 / 15



Simulations Simulations

Bias
abs. diff. between true
and estimated ATEs

• missspecification of
treatment model
expected to
impact efficiency
rather than consistency

• Multinomial (SL)
has lower or ≡
bias compared to
Binomial (SL)
in 5/9 settings
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Application

Application: safety effects of antipsychotic drugs
• sample: adult Medicare or Medicaid beneficiaries who are diagnosed

with a serious mental illness and are “new users”

• treatments: Reference SGA thought to have lower metabolic risk
relative to other SGAs; FGA (“A”) known for having low cariometabolic
risk; 4 SGAs (“B”, “C”, “D”, and “E”)

Three-year safety outcomes among 38,762 Medicaid beneficiaries receiving antipsychotic drug
therapy. Number (percent) having outcome.

Antipsychotic Patients Diabetes or death Diabetes All-cause death

Reference 6686 (17.2) 891 (13.3) 679 (10.2) 225 (3.4)
A 2328 (6.0) 309 (13.3) 217 (9.3) 103 (4.4)
B 6301 (16.2) 714 (11.3) 421 (6.7) 313 (5.0)
C 10309 (26.5) 1602 (15.5) 989 (9.6) 662 (6.4)
D 9897 (25.5) 1360 (13.7) 941 (9.5) 470 (4.8)
E 3241 (8.3) 508 (15.7) 357 (11.0) 166 (5.1)
All 38762 (100) 5384 (13.9) 3604 (9.3) 1939 (5.0)
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Application

Results
Risk of diabetes or death

• moving patients from
Reference to drug A
yields a 0.8% reduction
in risk of diabetes
or death
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Application

Diabetes risk

• moving patients from
Reference to drug A
yields a 1.3% reduction
in risk of diabetes

• smaller treatment
effect (0.5%)
favoring drug B
over Reference
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Application

Mortality risk
• Reference drug

is generally safest
in terms of mortality
risk:

• moving patients from
Reference to drugs
C, D, or E increases
mortality risk (<0.4%)

• no safety benefit
of Reference drug
relative to A or B
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Discussion

Discussion

• first doubly-robust estimates of the relative safety of specific
antipsychotic drugs

• find a reduction in metabolic risk of initiating an infrequently used FGA
(drug A) rather than a more popular SGA (Reference)

• potential unmeasured confounding; e.g., drug assignment decisions
based on prescribers’ notions of drugs’ risks and unobserved patient risk
factors (e.g., BMI)

� arxiv.org/abs/2206.15367
� github.com/jvpoulos/multi-tmle
� poulos@hcp.med.harvard.edu
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Appendix Causal Estimand

Variance estimation

variance of µ̂j estimated from influence curve:

V̂ (µj) =
1

n

n∑
i=1

{
di(j)
p̂j(xi)

(
yi − ê1j (xi , µj)︸ ︷︷ ︸

final outcome
estimate

)
+ ê1j (xi , µj)− µ̂j

}2

• larger p̂j(xi) → smaller variance

• binomial p̂j(xi) typically larger & more variable than multinomial

• if only treatment model is misspecified, estimator remains unbiased but
SEs underestimate the true variability of the estimator
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Appendix Simulations
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Appendix Simulations

CI widths
diff. btwn. upper & lower
bounds of estimated CIs

Multinomial CIs
appropriately wide

Binomial CIs
too narrow,
underestimate true
variability of estimator
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Appendix Simulations

Bias (increasing n)
abs. diff. between true
and estimated ATEs

• bias converges more
quickly for Multinomial
compared to Binomial

• e.g., adequate overlap & low or moderate event rate
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Appendix Simulations

Binomial estimated
treatment probabilities
more biased and variable
than Multinomial estimates
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Appendix Simulations

advantage of
super learner
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Appendix Application

Selection into treatment at baseline
Variable Reference A B C D E All

n % n % n % n % n % n % n %

General
Race/ethn.: black 803 12.0 768 33.0 1062 16.9 1370 13.3 2132 21.5 514 15.9 6649 17.1
Race/ethn.: latino 749 11.2 268 11.5 695 11.0 1048 10.2 1102 11.1 325 10.0 4187 10.8
Race/ethn.: white 4686 70.1 1146 49.2 4030 64.0 7328 71.1 5935 60.0 2224 68.6 25349 65.4
Prim. diag.: MDD 1782 26.6 124 5.3 738 11.7 3064 29.7 1459 14.7 573 17.7 7740 20.0
Prim.diag.: Schiz. 2862 42.8 2026 87.0 4396 69.8 3603 35.0 6799 68.7 1615 49.8 21301 55.0
Sex: female 3889 58.2 784 33.7 2160 34.3 5756 55.8 3954 40.0 1917 59.1 18460 47.6

Health status
Psychiatric co. 1250 18.7 271 11.6 886 14.1 2255 21.9 1525 15.4 587 18.1 6774 17.5

Metabolic risk 178 2.7 27 1.2 77 1.2 195 1.9 166 1.7 75 2.3 718 1.9
Other chronic 1548 23.1 324 13.9 1168 18.5 2712 26.3 1934 19.5 775 23.9 8461 21.8
conditions

Metabolic testing
Lipid or glucose 1246 18.6 300 12.9 989 15.7 2247 21.8 1681 17.0 634 19.6 7097 18.3
lab tests

Drugs
Antidiabetic drugs 364 5.4 134 5.8 185 2.9 527 5.1 543 5.5 200 6.2 1953 5.0

Patients 6686 17.2 2328 6.0 6301 16.2 10309 26.5 9897 25.5 3241 8.3 38762 100

wide range of selection in terms of schizophrenia & psychiatric comorbidity
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Appendix Application

Multinomial does better in terms of overlap

9 / 12



Appendix Application

CATE

• Conditional Average Treatment Effect (CATE): average causal effect,
treating x ∈ C as fixed:

CATEj,j∗,x∈C = E(y(j∗)− y(j) | x ∈ C) = µj∗(x)− µj(x); j∗ 6= j

• C is subset of covariate space (i.e., schizophrenia diagnosis)

• interested in patients with schizophrenia diagnosis b/c they require
antipsychotic drugs for entire lives
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Appendix Application

CATE estimation of means

TMLE estimator of conditional mean under treatment level j, for those
with x ∈ C is

µ̂j,x∈C =
1

nx

∑
i:x∈C

ê1(xi , µj)︸ ︷︷ ︸
final est. of
cond. mean

outcome

,

with variance

1

nx

nx∑
i=1

{
di(j)
p̂j(xi)

(
yi − ê1j (xi , µj)

)
+ ê1j (xi , µj)− µ̂j,x∈C

}2
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Appendix Application
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