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Introduction

The bootstrap is an intuitive and powerful technigue to quantify the uncertainty in treatment
effect estimates. Its application, however, can be prohibitively demanding computationally in set-
tings involving large datasets. In the past years, large datasets have become increasingly prevalent
in medicine and epidemiology. For instance, during the COVID-19 pandemic, the effectiveness
of MRNA COVID-19 vaccines was evaluated in datasets with more than 1 million subjects [1]. Al-
ternatives to the standard bootstraps have been proposed. For instance, [5], introduced the Bag
of Little Bootstraps (BLB), a robust and efficient way of quantifying the uncertainty in an estimate
while having computationally superiority on large datasets. In this talk, we discuss the imple-
mentation of weighted-BLB, a modified version of the BLB aimed at quantifying the uncertainty
of treatment effects estimates in large datasets. We evaluate the performance of the proposed
technique in terms of bias, standard errors coverage of the true 95% confidence interval, and
computational time in a simulation study. We apply the proposed technique in the evaluation of
treatment effects in a large observational study containing more than 100.000 subjects. In the
past few decades, various estimators of treatment effects have been proposed in addition to the
standard, inverse probability weighting, and regression, such as, for instance, optimal weighting
based on kernel methods [3]. The proposed methodology provides a unified way to quantify the
uncertainty in treatment effect estimates regardless of the estimator used.

Full sample bootstrap algorithms

The partition method we propose does not use any explicit model for the outcomes. VWe can,
however, include an outcome model to impute potential outcomes and directly simulate the treat-
ment randomization distribution

Traditional

The standard approach is, for each bootstrap sample, we re-balance the data by re-computing
weights and estimating the ATE [6] .

Weighted

We can also use weighted bootstrap approaches that do not require re-balancing each bootstrap
resample.

CDF (full)

1 Construct IPW weights w(Xj;) in the full sample and construct weighted empirical cdfs for the
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3 Partition the data and for each subset, for each bootstrap construct a new treatment
assignment vector W* and calculate the mean difference using the Y's.

Linear model (full)

Rather than empirical cdfs, we can also use an outcome model for the Y's to impute. We impute
the Y's using the correct linear model.
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Partition bootstrap algorithms

Partition
forl < 1tosdo
Calculate ny = >, W;and ng =n —ng
Sample a set of indices I} = {iy,...,7,} from Z without replacement
SetZ=17/n_ I
For the data Y, = (Y, ..., Y;,), construct a model of the propensity score #(X;)
Construct normalized inverse propensity weights for the subset data (wg(X;), w1(X;)) =
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This algorithm first partitions the full dataset into s distinct subsets, estimates a propensity score
model within each subset, resamples within each subset using the (normalized) IPWs as weights
and estimates an ATE for each resample, then summarizes the resample estimates with a chosen
statistic and averages those statistics across partitions to obtain an overall bootstrap estimate.

Additional partition

We also apply the partition to the linear model and weighted empirical cdfs methods described
previously. The difference is that imputation is done within each subset.
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For the gth bootstrap draw, we construct the difference in mean estimator:
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Consider a single term of the above summation. By the weak law of large numbers, over r

weighted bootstrap resamples (corresponding to r treatment and control multinomial draws), for
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Because the subsets are drawn at random from the full dataset, this implies that = > i, 7" =
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Simulation data

The simulation uses a data-generating process (DGP) derived from [4]. We generate 100,000
responses from the following DGP.

Zi = (Zj, -, Zig) ~ N(0,1y)
e; ~NO,1), 2=1,...,n
1
Pr(W: = 1|Z;) = e(Z;) =
(Wi = 11Zi) = e(Zi) 1 +exp(Zy —0.5Z9 + 0.25Z3 + 0.1Zy)
Y;(0) = 210 + 27.47 + 13.729, +13.725 + 13.7 % Zy + ¢;

Y;(1) = Y3(0) + 21(Tr = 1)

Simulation results

To find the true standard error, we generate 1,000 data replicates of the using the correct propen-
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Figure 1. Time elapsed for each algorithm type

Esimate Std. Err. Algorithm

1.98 0.14 Traditional

2.01 0.22 CDF/Full

1.98 0.19 Model/Full

1.98 0.21 Partition (Multinomial)
1.95 0.19 Partition (Sample)
1.90 0.5/ CDF/Partition

2.08 0.31 Model/Partition

Table 1. Estimates and standard error for each algorithm type
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