Web Appendix for the paper “Evaluating treatment effectiveness under
model misspecification: a comparison of targeted maximum likelihood

estimation with bias-corrected matching”

R code for the implementation of TMLE and BCM

This section provides code for the implementation of TMLE and BCM, coupled with
machine learning estimation approaches proposed in the paper, using the R statistical
software (1). We also present code for the machine learning methods: “super learning” for
predicting the endpoint and boosted CARTS for estimating the PS. The user-written functions
implemented here call some pre-written R routines, for example the tmle (2), Matching
(3), Super Learner (4) and twang (5) packages. These packages need to be installed

and loaded in the R workspace order to use the functions presented here.

First, the necessary libraries need to be loaded:

library(splines)
library(twang)
library(SuperLearner)
library(Matching)

Then, we define the data frame, data,used in the analysis. This dataset includes the

endpoint q2_eq5d_ index, the treatment indicator Hyb and the covariates.

data=as.data.frame(dataset_men_M1)

We create the design matrix that will be used by some of the corresponding user defined R

functions:

designreg=gIm( Hyb ~ age
+ (gl_score
+ ql_eqg5d_index
+ factor(IMD)
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design=model .matrix(designreq)

We also define the formula for the PS:

boost.CART.form <- as.formula(Hyb ~ age
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Estimating the PS

The function named boost.CART. func estimates a PS using boosted logistic CARTS.
The function takes the arguments formula, which specifies the variables the user wants to

include in the PS model, and data. The function sets the tuning parameters to the values



recommended by the developers (6), and maximises balance based on the mean of the KS
statistic. The function returns the estimated PS, the linear predictor of the estimated PS, and

the IPT weight.

boost.CART.func = function(formula, data) {
boost.CART.ps=ps(formula=formula,
data=data,
shrinkage = 0.0005,
n.trees=10000,
interaction.depth=2,
iterlim=20000,
stop.method="ks.mean'")
w.boost.CART = boost.CART.ps$w
ps.boost.CART = boost.CART.ps$ps

linpred.boost.CART=
predict._gbm(boost.CART.ps$gbm.obj, data,
boost.CART.ps$n.trees)

return(list(w.boost.CART=w.boost.CART,
ps-boost.CART=ps.boost.CART, linpred.boost.CART=linpred.boost.CART))

}
By calling the function, we can obtain the estimated PS, and attach it to data:
res.boost<-boost.CART.func(boost.CART.form, data=data)

ps.boost = unlist(res.boost$ps.boost.CART)

data=cbind(data, ps-boost)
rm(ps.boost)

Creating PS matched data

Before BCM is performed, a matched dataset needs to be created. The function named
PSmatch.function callsthe Match() function (3), taking the following arguments:
data, and pscore, the estimated propensity score. The function returns the original
return object of the Match() function (3), which includes the matched dataset, here
named mtchout.Y . The function also returns the matching frequency weights K, as well
as transformed version of this vector, Kprime, later used for calculating the standard errors

around for matching estimator (7).



PSmatch.function=function(data,pscore) {

mtchout.Y=Match(Y=data$g2_eq5d_index, Tr=data$Hyb,X=pscore,

estimand=""ATE", ties=TRUE)
n <- length(data$g2_eqg5d_index)
K <- rep(0, n)
names(K) <- 1:n
Kprime <- K
extra <- by(mtchout.Y$MatchLoopC[,3],
mtchout.Y$MatchLoopC[,2], sum)
K[rownames(extra)] <- extra
Kprime.extra <- by(mtchout.Y$MatchLoopC[,3],
mtchout.Y$MatchLoopC[,2], function(xX){sum(x"2)})
Kprime[rownames(Kprime.extra)] <- Kprime.extra
return(list(mtchout.Y=mtchout.Y,K=K, Kprime=Kprime))
}

Now the function can be called to obtain the matched dataset,
ps.match.data.w.boost, and the vectors of frequency weights ( K.boost and

K.prime.boost).

PS.match.object._boost=PSmatch.function(data,data$ps.boost)

ps.match.data.boost=PS.match.object.boost$mtchout.Y
ps.match.data.w.boost <-
rbind(data[ps-match.data.boost$index.treated,],
data[ps.-match._data.boost$index.control,])

ps.-match.data.w.boost <- cbind(ps.match.data.w.boost,
weights=c(ps.match.data.boost$weights,ps.match.data.boost$weights))

K.boost=PS_match.object.boost$K
K.prime.boost=PS.match.object.boost$Kprime

Predicting the expected potential outcome with the super learner

The user defined function named my .SL . ate predicts the expected potential outcomes
under treated and control states, using the Super Learner (4). The function takes the
arguments W (the covariates), A (the observed treatment), and Y, the observed endpoint. We
use super learner for estimating two regressions functions, stratified by treatment, as
suggested by Abadie and Imbens (2011). This provides the algorithm flexibility to select
different models for estimating the potential outcomes under treatment and control states. The

function returns the original “Super Learner” object that includes information on the final



models selected, mO for the regression function selected to estimate the potential outcome
under control and m1 under treatment. The predictions for the potential outcomes are
stored in the matrix Q.SL.object, which includes two vectors, the predicted potential
outcomes under control and treatment, each with the length of the number of individuals in

the sample.

my.SL.ate=function(W,A,Y) {

matrix <- data.frame(W)

mO0 <- SuperLearner(Y[A==0], matrix[A==0,], newX = matrix,
SL.library = my.SL.library.short,
family = gaussian())

ml <- SuperLearner(Y[A==1], matrix[A==1,], newX = matrix,

SL.library = my.SL.library.short,

family = gaussian())

Yhat.0 <- mO$SL.predict
Yhat.1 <- ml1$SL.predict

Q-SL.object=cbind(Yhat.0,Yhat.1)

ate_SlL=mean(Yhat.l-Yhat.0)

return(list(Q.SL.object=Q.SL.object,m0=m0,m1=m1))
}

This function can be extended to incorporate weights, the modified function is named
my.SL.ate.matchw. This is necessary, because for the bias-corrected matching estimator
it is recommended that regression predictions are obtained using data weighted with the
matching frequency weights, K (7).

my.SL.ate.matchw=Function(W,A,Y,K) {

matrix <- data.frame(W)

m0 <- SuperLearner(Y[A==0], matrix[A==0,], newX = matrix,
SL.library = my.SL.library.short,
family = gaussian(),obsWeights=K[A==0])

ml <- SuperLearner(Y[A==1], matrix[A==1,], newX = matrix,

SL.library = my.SL.library.short,
family = gaussian(),obsWeights=K[A==1])

Yhat.0 <- mO$SL.predict
Yhat.l <- m1$SL.predict

Q.SL.object=cbind(Yhat.0,Yhat.1)
ate SlL=mean(Yhat.1l-Yhat.0)



return(list(Q.SL.object=Q.SL.object,ate SlL=ate SL,m0=m0,m1=ml))
}

Before calling the function, the super learner library, including all the prediction algorithms
selected by the user, needs to be defined.

my.SL.library.short <-c("SL.glm","SL.glm.interaction’™, "SL.polymars')

Here we include the algorithms "*'SL.glIm*, "'SL.gIm.interaction' and

"SL.polymars™.

SL.object=my.SL.ate(design,data$Hyb,data$g2_eq5d_index),

then with matching frequency weights.

SL.object.BCM.boost <- my.SL.ate.matchw(design,data$Hyb,
data$q2_eq5d_index,K=K_boost)

Implementing BCM

The function BCM. Al implements the BCM estimator proposed by Abadie and Imbens
(2011). The function takes the following objects: Y (the observed endpoint), A (the observed
treatment), d . match, the matched data obtained from the PS matching, Yhat .0, the
vector of predicted potential outcomes under control, and Yhat. 1, the vector of predicted
potential outcome under treatment, as well as the K and Kprime vectors, describing the
matching frequency weights. The function returns the point estimate of the ATE, tau,and

the estimated variance of the ATE, Alvar.

BCM.Al <- function(Y,A, d.match,Yhat.O,Yhat.1, K, Kprime) {
Y J-O<-Y j.1<-Y
Ycounterfactual <- by(Y[d.match$MatchLoopC[,2]],
d.match$MatchLoopC[,1], mean)
Y_j-1[A==0] <- Ycounterfactual[A==0]



Y_j-O0[A==1] <- Ycounterfactual[A==1]

mu_O0.Xi <- Yhat.O
mu_0.Xj <- by(Yhat.O[d.-match$MatchLoopC[,2]],
d.match$MatchLoopC[,1], mean)
_1.Xi <- Yhat.1
mu_1.Xj <- by(Yhat.1[d.match$MatchLoopC[,2]],
d.match$MatchLoopC[,1], mean)

Ytilde.0O <- Y_j.O
Ytilde.1 <- Y_j.1
Ytilde.O[A==1] <- Y_j.0[A==1] + mu_O.Xi[A==1] - mu_O0.Xj[A==1]
Ytilde.1[A==0] <- Y_j.1[A==0] + mu_1.Xi[A==0] - mu_1.Xj[A==0]
tau.bcm <- mean(Ytilde.1 - Ytilde.O)
n <- length(Y)
sigmasq-X <- 1/(2*n) * sum((Ytilde.1 - Ytilde.0O - tau.bcm)”2)
var.SATE <- 1/n™2 * sum(( 1 + K)”2 * sigmasq.-X)
var .PATE <- 1/n™2 * sum ( (Ytilde.l1l - Ytilde.O0 - tau.bcm)”2 +

( K"2 + 2*K - Kprime)*sigmasq.X)

return(list(tau = tau.bcm, Alvar=max(var.SATE, var.PATE),
var.PATE = var.PATE))

The point estimate and CI around the ATE is estimated by calling the function:

BCM.SL.boost <- BCM.Al(dataset men_M1$g2_eq5d_index,
dataset_men_M1$Hyb,
ps.match.data.boost,
SL.object.BCM._boost$Q.SL.object[,1],
SL.object.BCM_boost$Q.SL.object[,2],
PS_match.object_boost$K, PS_match.object._boost$Kprime)

The estimated ATE, with its standard error can be obtained as follows:

coef.BCM.SL.boost <- BCM.SL.boost$tau
se.BCM.SL.boost <- sqrt(BCM.SL.boost$Alvar)

Implementing TMLE

The R package tmle () offers an accessible implementation of TMLE (2). The tmle()
function takes the arguments Y (the observed endpoint), A (the observed treatment),W
(the design matrix), and Q (the two vectors of potential outcomes). As a default, the tmle()
function applies logistic fluctuation, and bounds the endpoint between the observed minimum

and maximum values (here, between -0.59 and 1).



tmle.SL._boost=tmle(Y=data$g2_eq5d_index,A=data$Hyb,W=design, Q=Q.SL,
glW=data$pscore.boost)

The estimated ATE and its confidence intervals can be then obtained:

coef.tmle.SL.boost <- tmle.SL.boost$estimates$ATESpSi
ciU.tmle.SL.boost <- summary(tmle.SL.boost)$estimates$ATESCI[2]
ciL.tmle.SL.boost <- summary(tmle.SL.boost)$estimates$SATESCI[1]
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