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ABSTRACT OF THE DISSERTATION

Doubly robust causal inference from complex surveys using matching, with applications to
the causal effect of e-cigarette use on smoking cessation

by

Ruifeng Chen

Doctor of Philosophy in Biostatistics

University of California San Diego, 2022

Professor Karen Messer, Chair

Propensity score matching (PSM) is a statistical technique which is widely used in multiple
disciplines to make causal inference. In this dissertation, we aim to explore a doubly robust
matching method which improves PSM in certain circumstances. Moreover, we extend matching
techniques to the setting of complex surveys, and investigate how to estimate the variance of the
matching estimator in this setting. We apply these methodological investigations to data from the
Population Assessment of Tobacco and Health (PATH) survey, and assess their performance in a
real study.

The dissertation comprises three studies. In the first study, the main objective is to

xXvii



investigate whether the use of electronic cigarettes (e-cigarettes) aids long-term cigarette/ nicotine
cessation among adult U.S. smokers who want to quit cigarette smoking, using data from the
PATH survey. Caliper nearest neighbor PSM is conducted to match each e-cigarette user to one or
more e-cigarette non-users. The weighted difference of cessation rates for cigarettes / nicotine
between the two groups is calculated among the matched pairs, and the bootstrap is used to assess
statistical significance . We find that e-cigarettes may not be an effective cessation aid for adult
smokers in the US and, instead, may contribute to continuing nicotine dependence.

PSM depends strongly on the correctness of the propensity score (PS). The first study
motivates us to explore whether we can improve the existing PSM method, in the case when the PS
is incorrect. Hence, in the second study, we propose and study a doubly-matched (DMT) estimator,
which matches simultaneously on both the PS and another ‘balancing score’, the prognostic score
(PGS), to make doubly robust (DR) causal inference. Our simulation study demonstrates that the
estimator is doubly robust; that is, even if either the PS or the PGS is incorrect, the DMT estimator
performs well as long as the other is correct. Furthermore, under the simple random sampling
design, the full bootstrap method of variance estimation, which resamples individuals, re-estimates
the PS, and re-conducts PSM, works well although it is sometimes conservative. Finally, we
apply the DMT estimator to the question of interest in the first study and end up with a consistent
conclusion that e-cigarettes may not be effective for assisting cigarette smoking cessation.

In the third study, taking the PSM estimator as an example we explore approaches to
variance estimates of the matching estimator which are appropriate for complex surveys with
survey weights. Such complex surveys typically have a hierarchical sampling design, in which
subjects are sampled within clusters, which are sampled within strata. We prove the large sample
consistency of the jackknife estimate of variance and the balanced repeated replicate (BRR)
estimate of variance in the case when both the number of sampling strata and the number of
subjects within sampled clusters go to infinity. Simulation studies demonstrate that BRR and Fay’s

method, which is an adjusted BRR method commonly used in large population surveys, indeed
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outperform other commonly-used bootstrap methods. We also apply these variance estimates
to PATH study data to investigate whether using counseling or self-help materials helps adult
smokers reduce cigarette consumption in the long-term, and we end up with a negative conclusion.
This study fills the gap in the variance estimation of the PSM/ general matching estimator in

complex surveys.
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Chapter 1

Introduction

E-cigarette use has become popular in recent years, with the sales of e-cigarette doubling
in the US between 2015 and 2017. [37] E-cigarettes are now one of the most popular tobacco
products . [7, 30, 53] However, in the US, e-cigarettes can deliver high doses of nicotine and
experts have noted potential public health risks, including the potential for increased smoking
initiation among minors, and for increased nicotine addiction among dual users of cigarettes and
e-cigarettes. [63] Given these known risks, many arguments for a net public health benefit rely
on the effectiveness of e-cigarettes in helping adult smokers to quit cigarette smoking for the
long-term. [27, 100] Further studies are needed to quantify the size of any population-level benefit
from smoking cessation using e-cigarettes. [86]

The effectiveness of e-cigarettes for smoking cessation is a causal question of great public
health importance. Randomized studies are considered as the gold standard to provide causal
evidence. However, these are not always feasible and can be costly in terms of time, money and
effort. In addition, the population enrolled in randomized trials may not be representative of
the total population. Thus observational studies also play a critical role in the tobacco control
field. A causal model using a potential outcome framework and suitable for observational data

was proposed by Rubin in 1974 [78]. Rosenbaum and Rubin [74] introduced the propensity



score (PS), based on Rubin’s potential outcome causal inference framework. The PS is defined
as the probability of being assigned to the treatment group conditional on baseline covariates,
assuming no unmeasured confounders. Since then, different PS-related methods have been
developed for causal inference, including propensity score matching (PSM) [74, 39], propensity
score stratification, [75] inverse probability weighting (IPW) [72] and others.

PSM is an ideal approach to investigate the effectiveness of e-cigarettes in our context.
It is widely used to make causal inference when we have a target sub-population of interest, for
example for estimating the average causal effect among the treated (ACET). In our circumstance,
we are interested in estimating the effect among those who used e-cigarettes, and PSM can help
avoid extrapolating to those who never used e-cigarettes. Compared to other approaches such
as regression modeling, matching methods have the benefit of easy interpretation and simple
visualization of the matching results. PSM is widely used in multiple disciplines including
statistics, economics, epidemiology, sociology, and others [39, 79, 88, 17, 62]. In the PSM
algorithm, we first estimate the PS for each subject, conduct the matching using this estimated PS,
and then estimate the treatment effect among the matched pairs.

However, consistency of the PSM estimator of effect is very dependent on the consistency
of estimated propensity score. In practice, unmeasured confounders and incorrectly specified
functional models may lead to incorrect estimation of the PS, which may bias the resulting
estimate of causal effect. A doubly robust (DR) approach was proposed and developed by Robins
in 1994. [72] It combines an inverse probability weighting (IPW) estimator based on the PS with
a regression estimator of the treatment effect to estimate the average causal effect among the
entire population (ACE), and it has been shown to be consistent when either the PS model or
the regression model is correctly specified. It is also called the augmented inverse probability
weighting (AIPW) approach. Other DR approaches have been developed based on the AIPW
form, mainly with the goal of variance reduction under certain circumstances. For example, Cao

[18] and Tan [92] introduced improved DR methods such that when the propensity score model



is correctly specified, these improved DR estimators are guaranteed to be as efficient as the IPW
estimator. Vermeulen and Vansteelandt proposed a bias-reduced DR estimator, which is more
robust to mild misspecification of the two models. [98] Doubly robust estimators are also proposed
to estimate the ACET. [85, 93]

In addition to these well-known DR estimators, which combine an IPW estimator and
a regression estimator, we think approaches for DR estimation using matching only are also
needed, due to the benefits of the matching estimator such as easy interpretation and robustness
to extrapolation. Hansen proposed the prognostic score (PGS), defined as the expected value of
the potential outcome of a control subject given its covariates. [33] Similar to the PS, the PGS is
also a balancing score, conditional on which the distributions of the covariates are the same for
the treated subjects and the controlled subjects. We review [51] and propose the doubly-matched
(DM) estimator; that is, we match treated subjects to control subjects based on both the PS and the
PGS simultaneously, to achieve double robustness in estimating the ACET. Details are discussed
in chapter three.

So far, we implicitly consider how to estimate the effect with a simple random sampling
(SRS) design, that is, every subject in the population has an exactly equal chance of being
selected. However, as mentioned earlier, large-scale population data is often needed to study the
complex problems in tobacco control, and such data are often sampled from a more complex
sampling design. Stratified sampling and cluster sampling [96] are commonly-used sampling
designs for large-scale population surveys. Compared to SRS, stratified sampling can assure
better representation of selected subgroups in a large-scale target population. It can also be more
convenient to conduct and administer in practice, and it can be designed to reduce sampling
variability as it reduces the within-strata variation. On the other hand, cluster sampling, such as
sampling schools or households, can have the benefit of making the sampling process easier and
less costly. [57] A large-scale complex survey often assembles all of SRS, stratified sampling and

cluster sampling together to make the sampling design. [57] Causal inference made from such a



complex survey design needs to account for the survey weights, which are attached to each subject
in the sample and are used to obtain estimates of population parameters of interest (for example to
account for the oversampling design in PATH study), as well as cluster based sampling and other
survey design elements into consideration. [57, 44, 91, 56]

PSM is increasingly used in survey studies to make causal inference. [66, 20, 19] Theoreti-
cal methods have also been developed in this area, mainly focused on establishing the consistency
of point estimates of the causal effect. Austin et al. have constructed a comprehensive simulation
study to investigate the PSM estimator with survey weights. [11] Lenis et al. have demonstrated
that weights are not needed in estimating the PS, and the controls included in matched pairs
should use the weights of the matched treated subjects in follow-up analyses. [52] In addition,
they have shown that the weights must be added in the outcome analysis after matching to
make consistent estimates. They have proved their theoretical fundamentals following Austin’s
simulation setup. However, to our knowledge, there is no theoretical study investigating the
variance estimation of the matching estimator in complex surveys, although the variance esti-
mation of the matching method, especially the PSM, has been well discussed under the SRS
design. [81, 4,71, 80, 34, 12, 35, 5, 1, 3] We address gap in chapter 4 in which we discuss variance
estimation of the matching estimator in complex surveys. We consider commonly-used approaches
including the jackknife method, the balanced repeated replicate (BRR) method, Fay’s method
and the bootstrap. The large sample properties of the jackknife estimate and the BRR estimate
are discussed, followed by a comprehensive simulation study and a case study to compare these

estimates.

1.1 The organization of this dissertation

In chapter two, we present a recent study in tobacco control in which we assess whether the

use of e-cigarettes helps long-term cigarette/ nicotine cessation among US smokers, a prospective



study using the PATH Wave 2 (W2) to W4 survey data. We use caliper nearest neighbor PS
matching to match non-e-cigarette users to e-cigarette users to assess the weighted difference of
the follow-up cessation rates among the matched pairs. Bootstrap quantile confidence intervals are
used to demonstrate whether the weighted difference is statistically significant. In the end, we
find that e-cigarettes may not be an effective cessation aid for adult smokers. More importantly,
e-cigarettes may contribute to continuing nicotine dependence. This study motivates us to further
explore how to improve the PSM when the PS is incorrect in chapter three and how to estimate the
variance of the matching estimator incorporating survey weights and the complex survey desing,
in chapter four.

Chapter three presents our study of how to improve the PSM when the PS is incorrectly
estimated. We construct and explicitly show the form of the DM estimator to make DR causal
inference under the SRS design. The DM estimator matches on both the PS and the PGS and
is consistent in estimating the ACET when either of the two scores is correctly estimated. The
performance of the DM estimator is demonstrated in a simulation study. Further, approaches
for estimating confidence intervals of the DM estimator, including the parametric approach and
bootstrap approaches, are assessed. Simulation studies show that the full bootstrap method, which
bootstrap resamples individuals and re-estimates the PS and re-conducts PSM, works consistently
well although it is sometimes conservative, and is suggested to use in practice. Finally, the use
of the DM estimator is demonstrated in a case study investigating whether the use of e-cigarette
helps decrease smoking cessation rate and cigarette consumption respectively among US smokers.

In chapter four, we explore several variance estimation methods for the matching estimator,
taking the PSM estimator as an example, in complex surveys. We show the asymptotic consistency
of the jackknife estimate and the BRR estimate. These two estimates are equivalent when the
estimator is a linear transformation of the outcomes and only 2 clusters are sampled in all strata.
The consistency can be generalized to Fay’s estimate, which is an improvement of the BRR

estimate. The performance of the BRR and Fay’s method are investigated in a simulation study,



compared to the full bootstrap which bootstraps both clusters and subjects in a two step way,
re-estimating the PS and re-conducting the PSM, as well as the conditional bootstrap which
bootstraps the matched pairs directly from the original sample and neither the PS is re-estimated
nor the PSM is re-conducted. Results show that both the BRR estimate and the Fay’s estimate
consistently work well, and the Fay’s estimate performs the best with smaller variance compared
to the BRR estimate. In addition, all 4 variance estimates are applied in a tobacco control case
study using a complex survey, where we end up with the conclusion that using counseling or
self-help materials among smokers who want to quit cigarette smoking doesn’t help them reduce
cigarette consumption in the long-term.

Chapter five finally summarizes the overall findings and discusses the future studies.



Chapter 2

Use of electronic cigarettes to aid long-term
smoking cessation in the United States:
prospective evidence from the PATH cohort

study

2.1 Abstract

Electronic cigarettes (e-cigarettes) are the preferred smoking-cessation aid in the United
States; however, there is little evidence regarding long-term effectiveness among those who use
them. In this chapter, we used the Population Assessment of Tobacco and Health Study to compare
long-term abstinence between matched US smokers who tried to quit with and without use of
e-cigarettes as a cessation aid. We identified a nationally representative cohort of 2,535 adult US
smokers in 2014-2015 (baseline assessment), who, in 2015-2016 (exposure assessment), reported
a past-year attempt to quit and the cessation aids used, and reported smoking status in 2016-2017

(outcome assessment; self-reported > 12 months continuous abstinence). We used propensity-



score methods to match each e-cigarette user with similar nonusers. Among US smokers who used
e-cigarettes to help quit, 12.9% (95% confidence interval (CI): 9.1%, 16.7%) successfully attained
long-term abstinence. However, there was no difference compared with matched non—e-cigarette
users (cigarette abstinence difference: 2%; 95% CI: 3%, 7%). Furthermore, fewer e-cigarette
users were abstinent from nicotine products in the long term (nicotine abstinence difference: 4%;
95% CI: 7%, 1%); approximately two-thirds of e-cigarette users who successfully quit smoking
continued to use e-cigarettes. These results suggest e-cigarettes may not be an effective cessation

aid for adult smokers and, instead, may contribute to continuing nicotine dependence.

2.2 Introduction

Electronic cigarette (e-cigarette) sales doubled in the United States between 2015 and
2017. [37] In the United Kingdom and the United States, e-cigarettes are now the most popular
product type used to aid smoking cessation, ahead of US Food and Drug Administration—approved
products including nicotine replacement therapy (NRT) such as a nicotine patch or nicotine
gum, and prescription medications, including buproprion and varenicline. Although many herald
e-cigarettes as a harm-reduction device, [7, 53, 30] experts have noted potential public health
risks, including the potential for increased smoking initiation among minors, and for increased
nicotine addiction among dual users of cigarettes and e-cigarettes. [63] In the United States,
e-cigarettes can deliver high doses of nicotine, and there is evidence of substantial uptake among
nonsmoking minors. [60] Given these known risks, arguments for a net public health benefit rely
on the effectiveness of e-cigarettes in helping adult smokers quit cigarette smoking for the long
term. [27, 100]

Several national reports have considered the evidence on whether e-cigarettes increase
long-term smoking cessation. [63, 59] The recent US Surgeon General’s report [65] concluded

that evidence remains inadequate to infer that e-cigarettes increase smoking cessation. Only



4 randomized trials, all conducted outside of the United States, have directly tested whether
e-cigarettes are efficacious for smoking cessation with a follow-up of at least 6 months. The
most promising of these randomly assigned attendees of UK National Health Service stop-
smoking services (n = 866) to either e-cigarettes or NRT and reported that use of e-cigarettes
as a cessation aid increased successful quitting 1 year later. [31] However, the importance of
motivation was highlighted by a pragmatic trial conducted at 54 US businesses, which randomized
6,004 employees who smoked to provision of either free FDA approved cessation aids or to free
e-cigarettes, as well as to 3 other arms. All arms received a brief communication intervention. As
part of the primary analysis, the trial reported that provision of free e-cigarettes did not increase
cessation as compared to provision of free FDA approved cessation aids. [32] There also have been
several reports from nationally representative longitudinal studies in which smokers self-selected
to use e-cigarettes to help quit smoking. Use of e-cigarettes for quitting in the Adult Tobacco
Cohort was associated with short-term but not long-term cigarette abstinence. [90] There have
been 5 reports using data from the US Population Assessment of Tobacco and Health (PATH)
Study. [38] Two analyses [14, 41] had biased results because they included smokers who did not
make a quit attempt only in the comparison group. [67] Authors of 1 of the analyses reported that
use of e- cigarettes to quit was associated with increased short-term abstinence, measured at the
same time e-cigarette use was assessed. [13] In the other analysis, [101] authors reported that
substitution of e-cigarettes for cigarettes at wave 2 was not associated with sustained abstinence
at wave 3, confirming an earlier report [21] that use of e-cigarettes after quitting was associated
with increased relapse to smoking 1 year later. The authors of the latter 2 studies suggest nicotine
abstinence after quitting cigarettes may be an important moderator of long-term abstinence from
cigarette smoking.

In this chapter, we use more recent PATH data to address whether use of e-cigarettes to aid
quitting contributed to increased successful smoking cessation in the US population (self-reported

continuous abstinence of at least 12 months [28]). Many smokers use multiple cessation aids,



[43] thus, we focused on any e-cigarette use for quitting compared with no use. Furthermore, we
include as a second comparison group those who used an approved pharmaceutical aid to quit but
not an e-cigarette. The population of smokers who use e-cigarettes to quit is appreciably different
from those who do not. [13] Thus, we identified a priori 24 potential confounders and used PS
methods to match each e-cigarette user with up to 2 closely matched control respondents. We
compared population-weighted abstinence rates in the matched samples. This approach estimates
the causal effect of e-cigarette use explicitly among those who choose to use them as a cessation aid
and is less dependent on modeling assumptions than regression-based approaches, which estimate
average effects projected to the entire population. [9] However, we report regression-based

approaches as sensitivity analyses.

2.3 Methods

2.3.1 Data source and sample

Data were from the restricted public use file of the PATH Study. [97] The surveys are
conducted at approximately annual intervals (waves) with stratified oversampling for adult (aged
18 to 24 years) tobacco users, and Black adults. Response rates were as follows: initial household
screener survey, 54%; in-depth adult interview at wave 1, 74.0%; annual follow-up, 83.1%, 78.4%,
and 73.5% for waves 2, 3, and 4, respectively. Surveys included informed consent and the study
is overseen by the Westat Institutional Review Board. Our sample was identified from 10,722
cigarette smokers at wave 2 (2014-2015, baseline assessment), of whom 2,852 reported a past-year
quit attempt at wave 3 (2015-2016, exposure assessment), with 2,535 completing the wave 4

outcome assessment in 2017-2018. The data collection schema is provided in Figure A.l.

10



2.3.2 Measures

Tobacco and nicotine use. During each interview, after viewing an image of each tobacco
product, participants were asked whether they had ever used that product and whether they
currently used it every day or some days. Noncurrent users were asked “’In the past 30 days,
have you smoked/used (product), even one or two puffs” and “In the past 12 months, have you
smoked/used (product), even one or two puffs.” Ever-smokers were asked whether they had used
the following NRT products in the past 12 months: a nicotine patch, gum, inhaler, nasal spray,
lozenge, or pill. Our 2 outcome variables (> 12 months’ abstinence from 1) cigarettes and 2)
all nicotine products) were identified from these questions on the wave 4 survey. Nicotine use
includes any use of cigarettes, e-cigarettes, NRT, cigars (traditional, cigarillo, and filtered), pipes,
hookah, snus, or other smokeless products.

Use of e-cigarettes and pharmaceutical aids to quit smoking. Each survey asked smokers
whether they had made a quit attempt within the past 12 months and which of the following
products was used for their most recent quit attempt: e-cigarettes, NRT, varenicline (Chantix;
Pfizer, Groton, Connecticut), or buproprion (Wellbutrin or Zyban; GlaxoSmithKline, London,
UK). The primary exposure was reported use of e-cigarettes to quit at wave 3 (e-cigarette group,
n = 427); comparison groups were those who did not use e-cigarettes to quit smoking (no—e-
cigarette group, n = 2,108) and those who reported use of a pharmaceutical cessation aid at wave
3 (varenicline, buproprion, or NRT) but not e-cigarettes (n = 465).

Study covariates. A.l presents details of 24 potential confounders, which we identified a
priori. These include sociodemographic variables, cigarette-smoking history, duration of previous
quit attempt reported prior to baseline, timing of most recent quit attempt from survey (assessed
at wave 3); self-efficacy about quitting; interest in quitting cigarettes; exposure to smoking;
perceived harm of cigarettes and e-cigarettes; daily e-cigarette use reported at current or prior
surveys (“ever” daily use); nicotine dependence level (average agreement with a series of 15

statements on emotional and physical response to nicotine products, scaled from 0 to 100); [87]
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and health-related covariates. All were assessed at wave 2, with the exception of timing of most
recent quit attempt from the wave 3 survey, used to control potential recall bias associated with

type of aid used. [16] Univariate distributions by cessation aid category are listed in Table A.l.

2.3.3 Statistical analyses

Estimates were weighted using the wave 1 through wave 4 longitudinal survey weights,
which were adjusted for the sampling design, survey nonresponse, and longitudinal drop out.
[69] Weighted percentages and Wilson confidence intervals for proportions were calculated. For
confidence intervals and P values, the replicate survey weights were used with balanced repeated
replication with Fay’s adjustment (p = 0.3) [40] in R, version 3.5.3 (R Foundation for Statistical
Computing, Vienna, Austria), except for the PS matched analyses, where bootstrap percentile
confidence intervals were used.

For PSM, within each bootstrap sample for each participant we calculated a PS by estimat-
ing the probability of membership in the e-cigarette—use group using logistic regression. To obtain
complete data for the 24 covariates, we used simple imputation (R package “mice”). To identify
the optimal set of covariates among the 24 variables, we used a 10-fold cross-validated LASSO
[95] procedure for each logistic regression model, with a tuning parameter selected from among
the sequence 0-0.1 with step of 0.005 (R package ”glmnet”), conducted without survey weights.
We repeated this PS estimate for each bootstrap-resampled data set. Using the propensity score,
we matched up to 2 controls for each case (nearest-neighbor matches using R package "Matchit”)
within the a priori caliper distance of 0.1 (if possible) or 0.2 (maximum allowed). [99] We chose
the caliper that provided the lowest standardized difference averaged across all covariates after
matching. Cases that did not have a match were omitted from the sample.

For each matched bootstrap sample, we used logistic regression with survey weights (R
package “’survey”) to estimate the average risk difference between the 2 matched groups, for each

outcome. The model included an indicator of the matched pair (or triple), the overall propensity
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score, and, to adjust for any remaining covariate imbalance, any covariate with median standard-
ized difference between the 2 study groups larger than 0.10. [68, 35] We report the bootstrap
mean estimate of risk difference and adjusted 95% bootstrap quantile confidence intervals, with
Bonferroni adjustment [24] to account for the 2 abstinence outcomes studied. To identify a
sufficient bootstrap sample size, we required a jackknife quality estimate [26] to be less than 0.1,
resulting in 1,500 bootstrap samples for the comparison of e-cigarette use versus no e-cigarette

use.

2.3.4 Sensitivity analyses

Sensitivity analyses included incorporating matching as random effects instead of fixed
effects, and 1:1 rather than 1:2 PSM without additional covariate adjustment. We also used
weighted multivariable logistic regression on the full sample; covariates included were age, sex,
ethnicity, race, education, income, nicotine dependence, relative perceived harm of e-cigarettes,
and previous daily e-cigarettes use, with simple imputation. Finally, we tested whether the results
were robust to omission of adjustment for multiple comparisons.

As a post hoc exploratory sensitivity analyses, we used logistic regression to test whether
the association of e-cigarette use with long-term cigarette abstinence and nicotine abstinence dif-
fered by baseline smoking status, nicotine dependence, age, sex, education level, and race/ethnicity.
Statistical inference was based on 95% confidence intervals for interaction terms (uncorrected
for multiple comparisons), and a stratified analysis was conducted when the boundary of the

confidence interval was close to 1.
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2.4 Results

2.4.1 Population rates of cigarette and nicotine abstinence at wave 4 follow-
up

Among this representative sample of US smokers who reported a past-year quit attempt in
2015-2016 (wave 3), 17.4% used e-cigarettes to help quit smoking. Those who used e-cigarettes
were younger, more nicotine dependent, more likely to be non-Hispanic White, and had higher
income and level of education (Table 2.1).

Among US smokers who used e-cigarettes to quit, 12.9% (95% confidence interval (CI):
9.1%, 16.7%) achieved at least 12 months’ abstinence from cigarettes at wave 4, compared with
11.3% (95% CI: 9.6, 13.0) among US smokers who did not use e-cigarettes to quit (Table 2.2).
Among US smokers who used e-cigarettes to quit, the population-weighted estimate of at least 12
months of nicotine abstinence at wave 4 was 2.8% (95% CI: 0.9%, 4.8%), compared with 8.1%
(95% CI: 6.5%, 9.7%) among those who did not use e-cigarettes to quit. Table 2.2 lists population

abstinence rates among these smokers by baseline consumption level (daily or nondaily).

2.4.2 Propensity score-matched samples

We assessed appropriateness of the PSM by comparing kernel density estimates of the PS
(i.e., the estimated probability of using e-cigarettes to quit on the index quit attempt). Comparing
smokers who used e-cigarettes to quit and smokers who did not, the 2 density estimates were
very different prior to matching (Figure A.2). In particular, there were few respondents with
propensities greater than 0.6 in the no—e-cigarette population, indicating that some population
subgroups are unlikely to use e-cigarettes. Matching, although restricted to respondents with
propensity score less than 0.8, resulted in good overlap of the density estimates (Figure A.2).

Matching used all the 427 available e-cigarette users, with a median sample size of 386 for the
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Table 2.1: Sample characteristics of smokers® in 2014-2015 reporting a past-year quit attempt in
2015-2016, according to use or no use, of e-cigarettes to aid quitting, population assessment of
tobacco and health study.

Used e-Cigarettes on Did Not Use e-Cigarettes on

Sociodemographics Quit Attempt® (n = 427) Quit Attempt® (n = 2,108) P Value

No. Weighted % 95% CI No. Weighted % 95% CI
Age, years < 0.001
18-34 218 46.8 41.1,52.5 922 383 35.6,41.0
35-50 127 32.0 26.7,37.3 546 28.5 26.0,31.0
>50 82 21.2 169,255 640 33.2 30.5,35.9
Sex 0.500
Male 202 50.7 44.8,56.6 1,012 53.0 50.5,55.5
Female 225 49.3 43.4,55.2 1,095 47.0 44.5,49.5
Education 0.006
Less than high school 89 194 14.9,239 593 26.8 24.6,29.0
High school graduate 90 23.1 17.2,29.0 502 27.5 25.0, 30.0
Some college or higher 230 55.2 489,61.5 944 43.7 41.2,46.2
Ethnicity < 0.001
Hispanic 37 6.9 4.7,9.1 334 15.1 13.1, 17.1
Non-Hispanic 390 93.1 90.9,95.3 1,732 82.9 80.7, 85.1
Race < 0.001
White 354 85.8 82.5,89.1 1,400 69.1 66.6,71.6
Black 26 5.5 33,77 433 19.5 17.5,21.5
Other 43 8.0 5.1,109 223 9.0 7.6,10.4
Income (annually, US$) < 0.001
< 35,000 220 475 422,528 1,341 59.8 56.9, 62.7
> 35,000 190 48.0 427,533 633 34.0 31.3,36.7
Smoking-related diseases 0.178
Marked 201 47.0 41.7,52.3 1,069 51.1 48.4,53.8
Not marked 226 53.0 47.7,58.3 1,039 48.9 46.2,51.6
Nicotine dependence scale score 0.009
0-33.3 89 224 17.1,27.7 571 28.5 25.6,31.4
33.4-66.7 172 38.6 339,433 839 39.4 36.9,41.9
66.8-100 165 38.7 334,440 648 29.6 27.4,31.8
Relative perceived harm of e-cigarettes < 0.001
Less harmful 262 61.3 56.4,66.2 726 34.7 32.3,37.1
More harmful 158 36.9 31.8,42.0 1,306 61.4 58.9,63.9
e-Cigarette use before W2 0.001
Never 44 10.9 74,144 949 48.1 45.9,50.3
Ever 383 89.1 85.6,92.6 1,154 51.7 495,539
Daily e-Cigarette use before < 0.001
Daily use at W1 or W2 106 24.5 20.0,29.0 96 43 33,53
Not daily use at W1 or W2 321 75.5 71.0,80.0 2,012 95.7 94.7,96.7

Abbreviations: W1, wave 1 of the study; W2, wave 2 of the study.
4, Weighted US population estimates.
b e-Cigarette use for most recent quit attempt, among all those reporting quit attempts at wave 3.
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Table 2.2: Long-term abstinence at follow-up®® among US smokers who made a quit attempt in
2015-2016, according to use or no use, of e-cigarettes to aid quitting, population assessment of
tobacco and health study.

Cigarette Smoking Status (W2)

and e-Cigarettes Used to Aid Cigarette Abstinence (W4) Nicotined Abstinence (W4)
Quit Attempt?° No. Weighted % Abstinent  95% CI No. Weighted % Abstinent 95%

All current cigarette smokers
Yes 427 12.9 9.1,16.7 427 2.8 0.9,4.8
No 2,108 11.3 9.6,13.0 2,108 8.1 6.5,9.7
Daily cigarette smokers
Yes 290 13.7 8.8,18.7 290 34 0.8,6.1
No 1,455 9.5 7.7,11.3 1,455 7.3 5.7,9.0
Nondaily cigarette smokers
Yes 137 11.1 57,165 137 1.5 0.6, 3.7
No 653 15.1 11.7,184 653 9.6 6.6, 12.6

Abbreviations: W2, wave 2 of the study; W4, wave 4 of the study.

2. Abstinence of > 12 months, reported at wave 4.

. Weighted US population estimates.

. e-Cigarette use for most recent quit attempt, among all those reporting quit attempts at wave 3.
. Nicotine use includes any of cigarettes, e-cigarettes, and nicotine replacement therapy.

b
d
matched sample. For each matching variable, we also plotted the standardized absolute mean
difference between study groups across the 1,500 bootstrap re-samples, for the full sample and
the matched samples (Figure A.3). The matched samples had a small between-group difference
across all covariates with the exception of prior daily e-cigarette use. This variable was controlled
for in the logistic regression comparing abstinence rates between the matched samples.
Figures assessing the quality of the match between the e-cigarette group and the matched
US Food and Drug Administration—approved pharmaceutical aid group are presented in Figure
A.4 and Figure A.5. The propensity scores were always positive, indicating that some respondents
in each group were at least somewhat likely to belong to the other group. However, the fewer
available respondents in the comparison group resulted in fewer successful matches: all 427
e-cigarette users were included in at least 1 matched sample but the median matched sample
size was 244. We again used 1,500 bootstrap samples and the matching was improved in the
between-group balance for all covariates. However, a residual difference remained for age, prior

daily e-cigarette use, relative perceived harm of e-cigarettes, and smoking-related diseases, which
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we controlled for in the logistic regression.

2.4.3 Comparisons of abstinence rates between matched samples

There was no evidence for a difference in the proportion of persons who achieved long-
term abstinence from cigarettes between those who used e-cigarettes to help quit smoking and the
matched sample of those who did not use e-cigarettes as a cessation aid (risk difference: 0.02, 95%
CI: 0.03, 0.07) (Figure 2.1). However, e-cigarettes users were less likely to be nicotine abstinent
in the long term at follow up (risk difference: —0.04, 95% CI: 0.07, 0.01).

Comparing e-cigarette users with the matched sample of those who used pharmaceutical
aids (but not e-cigarettes) to quit (Figure 2.1), there was no difference in the proportion who
achieved either abstinence outcome (cigarette abstinence: risk difference: 0.02, 95% CI: 0.03,
0.08; nicotine abstinence: risk difference: —0.03, 95% CI: 0.07, 0.01).

Sensitivity analyses were consistent with these results (Figure A.6, Table A.2, A.2,
A.3 and A.4). Exploratory analyses of interaction terms between e-cigarette use and baseline
smoking status, nicotine dependence, age, sex, education level, and race/ethnicity revealed that
all confidence intervals included 1, unadjusted for multiple comparisons ( A.5). However, the
interaction terms for the association of e-cigarettes with daily or nondaily smoking status, and
with educational level appeared to be worth future exploration, and stratified analyses for these

variables are presented in A.S.

2.4.4 US abstinence rates by product among those who successfully quit

cigarettes

Table 2.3 lists population abstinence rates from various nicotine-containing products
among all those who were long-term abstinent from cigarettes at wave 4. Among those who

successfully used e-cigarettes to quit cigarette smoking, only approximately one-third were also

17



A)

2>12-Month Outcomes
at Wave 4

Cigarette abstinence

Nicotine abstinence

RD (95% CI)

-0.10

B)

212-Month Outcomes
at Wave 4

Cigarette abstinence

Nicotine abstinence

@ 0.02 (-0.03, 0.07)
—— -0.04 (-0.07, -0.01)
-0.05 0.00 0.05 0.10
Risk Difference
RD (95% CI)
@ 0.02 (-0.03, 0.08)
. -0.03 (-0.07, 0.01)
-0.10 -0.05 0.00 0.05 0.10

Risk Difference

Figure 2.1: Differences in long-term abstinence rates from smoking cigarettes and from use of
any nicotine-containing product, comparing the type of aid used for smoking cessation,
2014-2108, Population Assessment of Tobacco and Health (PATH) Study.

Note: A) e-Cigarettes used for cessation versus no e-cigarettes used for cessation. B) e-Cigarettes
used for cessation versus pharmacotherapy but no e-cigarettes used for cessation. Weighted
differences in rates of > 12 months’ abstinence between e-cigarette users and a matched sample
of non—e-cigarette users, matched on 26 smoking-related characteristics and further adjusted by
logistic regression. Bars represent Bonferroni adjusted 95% bootstrap confidence intervals (CI).
Samples were drawn from 2,852 adult respondents to the PATH Study who reported smoking at
wave 2 (2014-2015), reported a quit attempt and cessation aids used at wave 3 (2015-2016), and
reported abstinence outcomes at wave 4 (2017-2018). RD, risk difference.
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Table 2.3: Long-term abstinence®? (> 12 months) from e-cigarettes, nicotine replacement
therapy, and other tobacco products® among US smokers who were > 12 months’ cigarette
abstinent at follow-up in 2016-2017, population assessment of tobacco and health study.

e-Cigarettes Used To Quit? e-Cigarettes Not Used To Quit! Pharmaceutical Aid® Used To

Products Abstained from (n=49) (n=227) Quitd (n=45)
for > 12-Months at W4~ Weighted % 95% Weighted % 95% Weighted % 95%
Abstinent CI Abstinent CI Abstinent CI

E-Cigarettes 31.7 16.4,47.0 93.0 89.0, 96.9 96.1 89.7,102.4
NRT 94.5 85.3,103.8 91.9 87.4,96.3 71.0 55.7, 86.4
Other tobacco products 82.2 70.0, 94.5 82.9 77.3, 88.5 93.1 85.2, 101.1
Combustible! 83.0 70.7,95.2 86.1 80.5,91.6 93.1 85.2, 101.1
Smokeless® 93.3 84.0, 102.6 95.6 92.6, 98.6 97.2 91.5,102.9

Abbreviations: W4, wave 4 of the study; NRT, nicotine replacement therapy.

4. Abstinence of > 12 months, reported at wave 4.

b Weighted US population estimates.

€. Other tobacco products include cigars (traditional, cigarillo, and filtered), pipes, hookah, snus,
or other smokeless products.

d, e-Cigarette use and pharmaceutical-aid status for most recent quit attempt, among all smokers
reporting a quit attempt at wave 3.

€. Pharmaceutical aids include varenicline and buproprion.

f_ Combustible products include cigars, pipes, and hookahs.

2. Smokeless products include snus, moist snuff, dip, and spit and chewing tobacco.

long-term abstinent from e-cigarettes at follow-up. Among those who successfully used approved
pharmacotherapy to quit smoking, approximately 70% were abstinent from NRT. Among the
larger group who successfully quit smoking without use of e-cigarettes (who may have used no aid
or approved pharmacotherapy), greater than 90% were long-term abstinent from each of NRT and
e-cigarettes at follow-up. Importantly, in each comparison group of cigarette-abstinent smokers,
7%— 17% were still using some form of combusted tobacco at follow-up. Overall, among US
smokers in 2014-2015 who reported using e-cigarettes to quit in the following year, 8.4% (95% CI:
5.4%, 11.4%) had quit smoking and appeared to have substituted e-cigarettes for their cigarettes

by 2016-2017.
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2.5 Discussion

We used the PATH survey to prospectively compare long-term cessation outcomes between
a nationally representative sample of US smokers who tried to quit smoking with the help of
e-cigarettes in 2016-2017 and a matched sample of US smokers who also tried to quit but without
using e-cigarettes. We found that e-cigarette users did not have higher rates of long-term abstinence
from cigarette smoking but did have lower rates of abstinence from nicotine than their matched
peers. This difference appeared to be largely due to high rates of continuing use of e-cigarettes
among those who quit smoking cigarettes. Two-thirds of those who successfully used e-cigarettes
to attain long-term abstinence from cigarettes were still using e-cigarettes during the follow-up
year. It would be important to assess eventual relapse rates among these groups. [22] We also
compared abstinence rates among those who used e-cigarettes to quit and a matched sample
of those who used US Food and Drug Administration—approved pharmaceutical cessation aids.
Estimated effects were very similar, but confidence intervals were wider, likely due to the smaller
matched sample sizes.

The low rates of nicotine abstinence found in our study are worth noting. We included
in this measure e-cigarettes, other tobacco products, and NRT products. Long-term nicotine
abstinence was well under 5% for US smokers who used e-cigarettes to quit, and less than 10%
for those who did not. Our matched analysis attributes 4 percentage points of this difference
to the use of e-cigarettes. Of particular concern is the high rate of continued smoking of other
forms of tobacco among those who successfully quit cigarettes, ranging from 17% of those who
successfully used e-cigarettes to quit to 7% among successful pharmaceutical aid users.

Smokers who used e-cigarettes to try to quit smoking were younger, more educated and
affluent, had higher nicotine dependence levels, and were more likely to report mental health
symptoms than smokers who tried to quit without e-cigarettes. We used propensity-score methods

to match each e-cigarette user with up to 2 similar smokers who did not use e-cigarettes, and we

20



compared the difference in abstinence rates for the matched samples. This procedure allowed
us to estimate the average causal effect of e-cigarettes among the population of people who use
them. [74] Alternatively, regression-based modeling can estimate average causal effects over the
whole population, although at the risk of extrapolation to smokers who are unlikely to ever use
e-cigarettes. Indeed, there were few non—e-cigarette users with a propensity score greater than
50%, whereas approximately 20% of e-cigarette users had a propensity score greater than 50%,
indicating that such model-based extrapolation is needed to estimate a population-averaged effect.
However, we used these types of model-based methods in our sensitivity analyses and obtained
qualitatively similar results.

At the population level, we estimated that approximately 13% of US smokers who made a
quit attempt using e-cigarettes achieved long-term smoking cessation success, as did approximately
11% of US smokers who tried to quit without use of e-cigarettes, similar to the propensity-score
matched estimate of a difference of 2 percentage points in cessation rates. The 95% confidence
interval for the matched difference in cessation rates was from 3 percentage points to 7 percentage
points. These cessation rates observed in PATH are similar to those seen in other population
studies. For example, the 2008 clinical practice guidelines for smoking cessation estimated that
approximately 13% of US smokers who tried to quit smoking attained 6—12 months abstinence.

In our study, as in other population studies, daily smokers were less likely to quit success-
fully than nondaily smokers. Interestingly, the unadjusted observed association of e-cigarette use
for cessation differed in direction between daily and nondaily smokers. In exploratory post hoc
analyses, we used adjusted multivariable logistic regression to investigate interactions between
the association of e-cigarette use and daily vs nondaily smoking, as well as with age, education,
sex, and race ethnicity. All confidence intervals for these interaction terms included 1; however,
estimated interactions for education and daily versus nondaily smoking appeared to be worth
future investigation and are reported in A.5.

Our finding that e-cigarette use to quit smoking did not increase cigarette abstinence to 12
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months or longer is similar to results from the Adult Tobacco Use Cohort, in which researchers
found a cessation benefit for e-cigarettes at 6 months but not at 12 or 18 months. Using an
earlier PATH Study cohort, [13] we reported that using an e-cigarette to quit was associated with
short-term abstinence (> 30 days); here, abstinence was reported contemporaneously with the
report of use of e-cigarettes to quit. Thus, it is possible that e-cigarettes help short-term quitting
but not sustained abstinence rates. These results are also consistent with those of a recent study
using the PATH waves 1-3 database, [101] in which e-cigarette use among older smokers was
associated with abstinence at wave 2 but relapse by wave 3.

Our results on substitution of e-cigarettes for cigarettes are qualitatively similar to the
randomized trial of attendees to UK National Health Service stop-smoking services, in which
80% of successful quitters in the e-cigarette arm continued to use e-cigarettes at 1 year, compared
with persistent use of NRT by only 9% of successful quitters in the NRT arm. [31] However, we
did not replicate this trial’s findings of a sustained cessation benefit from use of an e-cigarette
to quit. The difference in our results may be related to the intensiveness of the UK intervention
or to the lower level of nicotine in UK e-cigarettes. The motivation level of participants might
also account for these differences: only 43% of those screened for the UK trial were randomly
assigned to the study, whereas the PATH Study estimates are representative of the US population.
Similar differences in conclusions between randomized trials and observational studies have been
reported regarding use of NRT to quit. [13, 49] Our findings, however, are consistent with the lack
of efficacy of e-cigarettes in the recent pragmatic randomized trial of provision of e-cigarettes to
help cessation among employees at US workplaces who smoke. [32] It is possible that participants
in the pragmatic trial more closely match the general population of US smokers who want to quit.

Strengths of this study include that data were drawn from a large representative sample
of the US population who report tobacco use annually, that we used a prospectively assessed
measure of 12-month abstinence, and we aimed to assess the causal effect of e-cigarettes for

cessation as they are used in the US population. Results were robust to a variety of sensitivity
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analyses, and our propensity-score approach is relatively robust to modeling assumptions. [9]
However, a limitation of all observational studies is the possibility of unmeasured confounding,
such as differences in motivation level to quit smoking, in quitting history, or in self-efficacy to
successfully quit smoking. The survey measures used are self-reported and, as such, may have
measurement error. Although biomarkers of tobacco use are collected in the PATH Study, these
were not available to validate the outcome at the time of writing. However, in an analysis of earlier
PATH data, self-reported tobacco use was strongly associated with biomarker data. [77] In this
study, the e-cigarette devices used were those that were generally available in 2015-2016 and the
results may not generalize to the modifications in available products since that time.

In conclusion, in this chapter we compared long-term abstinence rates between a nationally
representative cohort of US smokers who tried to quit smoking using e-cigarettes as a cessation
aid, and a matched sample of smokers who tried to quit without using e-cigarettes. We found no
evidence that e-cigarettes helped these smokers to successfully quit smoking. We estimated that
approximately 8% of all adult US smokers who used an e-cigarette to quit cigarettes in 2015-2016
were able to successfully substitute e-cigarettes for cigarette smoking. However, our propensity
score—matched results suggest these smokers would have been equally successful in quitting
smoking without the use of e-cigarettes. Furthermore, our results suggest, these respondents were

more likely to remain dependent on nicotine, largely due to continuing use of e-cigarettes.
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2.7 Afterthoughts before the next Chapter

This chapter demonstrated some essential findings about the effectiveness of e-cigarette
use on cigarette cessation, which may help regulate e-cigarettes more broadly in terms of tobacco
control. During the course of this study, I had the chance to learn more about the use of causal
inference in an important observational study, and I gained a comprehensive understanding of PSM.
This motivated me to read further and to think about how to improve the existing well-studied
PSM. As we have seen earlier in this chapter, PSM depends on the correctness of the PS which
in turn requires correct specification of the PS model. In practice, it is hard to assume such a
model is truly correct. In addition, in this chapter, we used bootstrap techniques to make statistical
inference. However, so far, it was not well understood how to make correct inference for the
matching estimator when using complex survey data. This chapter also motivated us to explore
how to conduct correct variance estimation of matching estimators incorporating survey weights
and respecting the complex survey design, which we will discuss in chapter 4.

In the following chapter, we will introduce the doubly-matched estimator, which is matched
on both the PS and another balancing score, the prognostic score (PGS), to make doubly robust
causal inference. This improves the PSM in terms of estimating the ACET, in that when the PS is
incorrectly specified, there is still a chance to make the matching estimator consistent as long as
the PGS is correctly specified.

This chapter, in full, has been published and may be found as ”Chen, Ruifeng; Pierce,

John P.; Leas, Eric C.; White, Martha M.; Kealey, Sheila; Strong, David R.; Trinidad, Dennis
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R.; Benmarhnia, Tarik; Messer, Karen. Use of Electronic Cigarettes to Aid Long-Term Smoking
Cessation in the United States: Prospective Evidence From the PATH Cohort Study, American
Journal of Epidemiology, 189 (12), 1529-1537, 2020”. The dissertation author was the primary

author on this paper.
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Chapter 3

Doubly robust causal inference using the
doubly-matched estimator, with application
to the causal effect of e-cigarette use on
smoking cessation and cigarette

consumption reduction

3.1 Abstract

Matching on the propensity score (PS) is a popular approach to causal inference in
observational studies for estimating the average causal effect on the treated (ACET), because of its
interpretability and robustness. There is also a large literature on doubly-robust (DR) estimators,
however there is relatively little development as yet of matching approaches to DR estimation.
Doubly-matched estimators match simultaneously on the PS, which models the probability of

selecting treatment, and the prognostic score (PGS), which models the potential outcome. We
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define and study the doubly-matched estimator DM for estimating the ACET, and show that the
DM estimator is DR under standard assumptions; that is, it is consistent when either the PS or
the PGS is correctly estimated. Performance of the estimator is compared by simulation with
a more common DR approaches, PS matching followed by regression adjustment. Approaches
to interval estimation are investigated, namely, full bootstrap percentile confidence intervals,
conditional bootstrap confidence intervals, and a conditional parametric approach. Overall, The
DM estimator which uses exact matching outperform other approaches when all predictors are
categorical, while nearest-neighbor matching performs well under broader circumstances. As
expected, double-matching without replacement is less variable than with replacement. Full
bootstrap-percentile confidence intervals can be conservative in some circumstance, but can be
a generally recommended approach; conditional intervals are computationally efficient and can
work well as long as one of PS and PGS model is correct for the DM estimator, but can encounter
under coverage in some circumstances. Use of the proposed estimators is demonstrated for a
case study investigating the causal effect of e-cigarette use for smoking cessation and cigarette
consumption reduction respectively among US smokers who used e-cigarettes to quit cigarette

smoking, using data from a large nationally representative longitudinal survey.

3.2 Introduction

Matching estimators are a popular approach to causal inference because of their trans-
parency and robustness, particularly for estimating the average causal effect of an exposure among
the treated (ACET). [73] The most common approach takes the matching criterion to be the
propensity score (PS), which models the probability of selecting treatment conditional on the
confounders, often e.g. using logistic regression. For example, a popular approach to estimating
the ACET matches each treated subject to a control with the same PS, or to the nearest control,

and computes the ACET as the average difference in outcome between treated subjects and their
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matched controls. Advantages of the matching approach include that the resulting estimate is
highly interpretable, and that it is easy to evaluate the success of the statistical adjustment by
comparing the distribution of confounders between treated subjects and and their matched con-
trols. It is also made explicit when there is a group of treated subjects for whom there are no
matched controls, and thus for whom any estimates of treatment effect would necessarily rely on
model-based extrapolation. There is a large literature on matching estimators, and with popular
matching algorithms implemented in the highly cited software package in R. [89]

There is also an extensive literature on doubly-robust (DR) estimators (of both the ACET
and the average causal effect among the population, the ACE), which is largely separate from the
matching literature. Popular approaches to DR estimators include augmented inverse probability
weighting (AIPW) and related estimators. [72, 42, 18, 92, 98, 85, 82, 93] DR estimators use both
a PS and a prognostic score (PGS, i.e. a regression model which models the potential outcome
conditional on covariates), and have the property that they are consistent when either model is
correctly specified. [42] To date, these two different approaches to causal inference have remained
fairly distinct, in that matching approaches to DR inference have received comparatively less
attention. [48] In this chapter, we investigate the use of doubly-matched estimators, which match

on both the PS and the PGS, to make DR causal inference for estimating the ACET.

3.2.1 The motivation

We are motivated by two of our recent studies which used propensity score matching
(PSM) to investigate whether e-cigarette use, under current use patterns in the US population,
would help smokers to quit smoking. [66, 20] This question is of interest to the US Food and Drug
Administration (FDA) to inform its regulation of e-cigarettes. The public health question is to
balance a potential benefit to existing smokers, who might switch from conventional cigarettes
to less harmful e-cigarettes, with the potential harm from widespread co-marketing and use of

e-cigarettes, which may potentially increase traditional cigarette smoking particularly among
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young people. Our objective was to assess whether use of e-cigarettes as a smoking cessation aid
was causally associated with future abstinence from cigarette smoking.

The study population was US smokers who actually used e-cigarettes in a quit attempt; thus
the ACET was the estimand. The data were from multiple waves of the Population Assessment of
Tobacco and Health (PATH) study, a large nationally representative survey series jointly sponsored
by the FDA and the US National Institutes of Health. The approach was to match each e-cigarette
user with a comparable non-e-cigarette user using nearest-neighbor caliper PSM, and then to
compare the abstinence rate between the matched pairs, at one year after the reported quit attempt.
The PS for e-cigarette use was estimated by logistic regression, using more than 20 measures which
are known predictors of both e-cigarette use and smoking cessation, including sociodemographic
variables, cigarette smoking history, nicotine dependence, quitting history, timing of LQA, relative
perceived harm (cigarettes, e-cigarettes), social variables and other covariates. To further reduce
potential confounding, PS measures were assessed prior to the exposure (i.e. the index quit
attempt). The lasso [95] was used to select the best model for the PS, before conducting the
matching algorithm. After matching, any residual imbalance in predictors was adjusted for by
incorporating these covariates into the PGS, which was then used to compare the matched pairs.
For inference, the bootstrap was used to construct interval estimates.

The PSM in these two studies highly depends on the model specification, indicating
that a DR estimator would be desirable. This was achieved in our case by inclusion of any
imbalanced predictors in the outcome model. [89] However, given the desirable properties of
matching estimators described above, we were motivated to investigate the properties of a fully
matching-based DR estimator. In addition, it was unclear from the literature how to best construct

a confidence interval from such a DR matching estimator.
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3.2.2 Doubly-matched estimators

The doubly-matched estimators we investigate here involve simultaneous matching on
both the PS and the PGS. As is well-known, the PS has the balancing property that, conditional
on the PS, the covariates and the indicator of treatment are independent, and is the coarsest such
score. [74] Similarly, the PGS as defined by Hansen [33] is any function of covariates which,
within a given exposure group, enables conditional independence of the potential outcome and
the covariates. Under assumptions, the PGS can be taken as the expected value of the outcome
of a treated or a control case, conditional on covariates. Conditioning on the PGS provides an
additional method to eliminate covariate imbalance between two treatment groups of interest.

Relatively few studies have investigated doubly-matched estimators. Leacy [48] used
simulation to study a variety of methods for matching on the PS and / or the PGS to estimate the
ACET, and noted the empirical double robustness of several approaches. Lee [51] et al. were
the first to give explicit conditions under which a DR estimator for the ACET can be obtained
by matching on both the PS and the PGS simultaneously, with additional conditions for DR
estimation of the ACE. Antonelli [8] proved the consistency of a doubly-matched estimator using
a Lasso approach for variable selection in a high dimensional setting, and investigated an ad hoc
parametric method for constructing confidence intervals.

How to best obtain a confidence interval for a PS matching estimator, or more generally a
matching estimator, is an active area of research. [50, 39, 34, 2, 12, 4, 8, 15] The details of the
matching algorithm appear to be important. Considering matching on the PS with replacement, Hill
[34] showed that the bootstrap works well to construct confidence intervals. Abadie [4] derived an
expression for the asymptotic variance of the PS matched estimator, and proposed a corresponding
”plug in” variance estimate for matching with replacement, and they also demonstrate that sampling
without replacement is more efficient than sampling with replacement. Bodory et al [15] conducted
a comprehensive simulation study of nearest neighbor (NN) caliper matching, including matching

followed by regression adjustment, and confirm that plug in variance estimates which do not adjust
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for the estimated propensity score typically produce conservative confidence intervals. They also
show that bootstrap methods generally perform better than the Abadie approach. Considering
matching without replacement, Austin [12] performed a simulation study of confidence interval
methods, including the bootstrap both re-estimating the PS and conditional on the original PS,
and parametric estimators of variance which do and do not account for matching. Parametric
estimators conditional on the matching performed well. Normal theory confidence intervals
performed well for caliper matching. Abadie [5] proved that ignoring the matching step in a post
matching regression still results in valid standard error estimation of the model coefficients when
the regression model is correct and matching is done without replacement. In addition, conditional
approaches were given to make correct inference when the regression model is incorrectly specified.
However, the recommended approaches under various circumstances remain unclear, and we are

not aware of studies that investigated interval estimation for doubly-matched estimators.

3.2.3 Organization of the chapter

In this chapter, we study the doubly-matched estimator of the ACET, and give an elementary
demonstration of their double robustness. We also study the performance of confidence interval
approaches for the doubly-matched estimator. We compare the doubly-matched estimator with
more common estimators such as the ordinary least square estimator, the PSM estimator, and a
PSM estimator followed by regression adjustment. Confidence interval approaches considered for
the doubly-matched estimator include a full bootstrap, a bootstrap conditional on the matching,
and conditional parametric approaches. The chapter is organized as follows: In 3.3, we define the
doubly-matched estimator and demonstrate its double robust properties. We also define algorithms
for confidence interval construction. In 3.4, performance of the point estimation of the doubly-
matched methods is investigated by simulation. In 3.5, simulation studies are conducted to assess
the interval estimators for doubly-matched estimators. In 3.6, these methods are applied to the

question of effectiveness of e-cigarette use. 3.7 summarizes results and explores future work. 3.8
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provides the afterthoughts before next chapter.

3.3 Doubly-matched estimators

3.3.1 Notation

Let the data consist of n i.i.d. subjects with outcome Y;, covariates W;, and a Bernoulli
treatment indicator R;. We follow the potential outcome framework, [54] where the outcome
Y; = (Yi1,Yjo), and where potential outcome Y;; is observed if R; = 1, and Yo is observed if R; = 0.
One and only one of Y;1, Yjo is observed according to whether the case is in the treated or the
control condition. The predictors W; = (W; 1,...,W, ,) are fully observed. The PS is defined as
n(W;) = E(R;|W;), and the PGS will be taken to be mo(W;) = E(Yo|W;), the outcome of a control
case conditional on covariates. We sometimes write 7t; for T(W;), and similarly for m;y. The ACET
is defined as

ACET = E[Y] — Yp|R = 1] 3.1)

and the population ACE as ACE = E[Y| — Yp] (not of main interest in our work).

3.3.2 Elementary properties of the prognostic and propensity scores

Throughout we assume that the basic causal assumptions hold: 1) The treatment must
occur before outcome; 2) P[R = 1|W] > 0; 3) there are no unmeasured confounders, so that
(Yo,Y1) L R|W ; and 4) potential outcomes of any subject are independent of potential outcomes

of other subjects. Then, conditioning on the PS deconfounds Y and R , [74, 54, 6] that is,

Y L R|n(W). (3.2)
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We further assume that mo(W) = E(Yy|W) and m; (W) = E(Y;|W) are prognostic scores, that is,
that Yo L W|mo(W) and Y L W|m;(W). In this case, conditioning on the appropriate prognostic

score also deconfounds Y, and Y; with (R, W) [33]
Yo L (R,W)[mo(W). (3.3)

and

Y1 1 (R,W)]ml (W) (34)

3.3.3 A doubly-matched estimator of the ACET

We first consider one-to-one double matching without replacement. For each treated
case i (i.e. a case with observed R; = 1) let ¥y be the outcome for a case randomly chosen
with equal probability from among the set of cases j with observed R; = 0, n(W;) = n(W;) and

mo(W;) = mo(W;). Then the doubly-matched estimator of the ACET (DM) is

n

A 1 _
Apy = — Y Ri(Y;1 —Yy) (3.5)
ni3

where t =Y | %.
The DM estimator is DR, as can be seen from the following: suppose either the propensity

model is correct, i.e. formula 3.2 holds, or the prognostic model is correct, i.e. formula 3.3 holds.
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Then, in either case, R and Y are conditionally independent given (W) and my(W ), and we have

E[YplRi=1] = Egur=1lE[Yio|mt(W;),mo(W;),R; = 1]]
= Egmyr=1[E[Yjo|t(W;),mo(W;), R(W;) = R(W;),
1g(W;) = mg(W;),R; = 0, j is selected, R; = 1]]
——  Egmo|r=1[E[Yjo|m(W;),mo(W;), m(W;) = m(W;),
mo(W;) = mo(W;),R; =0, j is selected, R; = 1]]

= Egpmr=1[E[Yio|t(W;),mo(W;),R; = 1]]

= E[YolRi=1] (3.6)

Note that under mild regularity conditions, E [%] —PE [%] — E[Y|R = 1], hence Apy is consistent
for the ACET. This algorithm describes exact matching with replacement, suitable for categorical
covariates; for continuous covariates we use nearest neighbor matching. [76]

The doubly-matched estimator of the population average causal effect can be formed in
a similar way, which is constructed from two-step matching: first each treated case is matched
with a control using the algorithm above, then the algorithm is re-run, matching each control to a

treated case. Consistency of this population estimator can also be proved.

3.3.4 Interval estimation for doubly-matched estimators

We consider confidence interval methods for the doubly-matched estimator DM, con-

structed using three different approaches.

The full bootstrap

The full bootstrap generates B bootstrap samples from the original sample of individual

subjects, with replacement. Within each bootstrap sample, we re-estimate the PS and PGS and
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carry out the matching algorithm, then compute the mean difference between the matched pairs. A

bootstrap percentile confidence interval for the mean difference is then constructed.

The conditional bootstrap

The conditional bootstrap is conditional on the original sample of m matched pairs obtained
by running the matching algorithm on the data: generate B bootstrap samples of matched pairs,
by resampling with replacement from this original set of m matched pairs. Note that there is
no re-estimation of PS or PGS, and no re-matching, as the pairs are already matched. For each
bootstrap sample of pairs, calculate the mean difference between pairs, and then construct a

bootstrap percentile confidence interval for the mean difference.

A conditional parametric approach

The conditional parametric confidence interval also takes the matched pairs as given, and
assumes the sample of differences of the matched pairs are i.i.d. draws from an appropriate
parametric distribution. Then standard statistical theory can be used to construct a confidence

interval, based on sample statistics such as the estimated mean difference and its SE.

3.4 Simulation performance of the doubly-matched point esti-
mators

In this section we use simulation to compare the performance of the doubly-matched
DR estimator DM to a more standard model-based DR counterpart, namely PSM followed by
regression adjustment (PSM-OLS) [89]. As a benchmark to evaluate the degree of confounding
by treatment selection in our simulation scenarios, we include the ordinary least squares (OLS)
estimator, which is consistent (and efficient) when the PGS model is correct but not otherwise. We

also include the PSM estimator which is consistent (but not efficient) when the PS model is correct
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but not otherwise. In addition, we add the naive estimator which computes the mean difference
between observed cases and controls. We study performance under both correct and incorrect
PGS and PS models. Importantly, we have set an interaction between a covariate and the treatment
indicator to make the true ACET differ from the true population ACE. The performance of the

corresponding interval estimators (i.e. confidence intervals) is presented in 3.5.

3.4.1 Simulation details

We compare the bias, efficiency, and RMSE of these estimators under four situations,
according to whether the PS / PGS models are correct / incorrect. The specific performance metrics
are: bias, the average difference between the estimate and the true treatment effect; standard
deviation (SD), the standard deviation of the estimate across the simulation samples; bias / SD,
the bias expressed as a percentage of the SD [42]; RMSE, square root of the sum of the bias
squared and the SD squared; and, for the matching methods, the proportion of successful matches.
These metrics are generally computed within each simulated sample and then averaged across the
simulation.

The simulation size is 1000 and the sample size is 500. We consider two generative
simulation models, one with categorical covariates, where we use exact matching (Scenarios 1
and 2), and one with continuous covariates, where we use nearest-neighbor matching (Scenario 3).
In Scenario 1, mis-specified models lead to incorrect matching while in Scenario 2 mis-specified
models still allow for correct matching, in order to demonstrate a robustness property of matching
methods. In Scenario 3, the matching is approximate. In each scenario, the mean proportion of
treated subjects is around 20%. The matching algorithms use 1:1 matching without replacement. In
these scenarios, matching of 1:2 or higher would be expected to reduce the variance, and matching
with replacement to increase the variance, in the case of exact matching without affecting the bias.

Matching with and without replacement is considered in 3.5 on confidence interval estimation.
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Scenario 1: Exact matching, with severe model mis-specification alternatives

Fori=1, ..., 500, we generate i.i.d. Bernoulli variables (wil,wiz,wig)T, each taking the
value of 1 or 2 with probability 0.5. The treatment indicator R; is generated as an independent

Bernoulli trial with probability

w; = expit (0.8 — 2w;; +0.3w)) (3.7

The outcome is generated by

Vi =5+ 5r;+10riwi1 +wit +wip +wiz + 2w wip +4wiiwiz +6wppwiz +€ (3.8)

where € is from an independent standard normal distribution. We conduct exact matching without
replacement, on both the estimated PS, obtained by logistic regression, and the estimated PGS for
the control group, obtained by OLS. Subjects for whom there is not an exact match on both scores
are omitted from the matched sample. For the form of the estimated PS and PGS models, we use
both the correct specification (corresponding to each generative model, equation 3.7 and 3.8), a
mis-specified PS model which omits covariate w;, and a mis-specified PGS model which omits
w», all two-way interactions and the interation between treatment indicator and wy. Under these
circumstances, matching on a mis-specified estimated model will result in an incorrect match with

high probability.

Scenario 2: Exact matching, with mild model mis-specification alternatives

Scenario 2 is identical to Scenario 1, except that in the mis-specified PS model, w; and
wy are included but the intercept is excluded. In this scenario, when the PS model is incorrectly

specified the match is still likely to be correct.
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Scenario 3: Nearest-neighbor matching

Fori=1, ..., 500, we generate 1.i.d. normal variables (wil,wiz,wig)T, with the same
variance 1 and means 1, 2, and 3, respectively. The treatment indicator R; is generated as an

independent Bernoulli trial with probability

7t; = expit(—1.5—0.5w;; +0.3wp) (3.9)

and the outcome is generated by

Vi =5+ 51+ 10riwi1 +wit +wip +wiz + 2w wip +4wiiwiz +6wpwiz +€ (3.10)

where € is from standard normal distribution. We conduct nearest-neighbor matching without
replacement, on both the estimated PS, and the estimated PGS. Subjects for whom there is not
a match on both scores are omitted from the matched sample. Correct and incorrect models are

defined as in Scenario 1.

3.4.2 Results evaluating the doubly matched point estimators
Scenarios 1 and 2: Exact Matching

Simulation results for exact matching, the most favorable setting for the matching es-
timators, are given in Table 3.1 and Table 3.2. The high selection bias in these scenarios is
demonstrated by the naive estimator, which computes the mean difference between observed
cases and controls. The correctly specified OLS estimator is unbiased and efficient for the ACET,
providing a benchmark. Under the correctly specified models, the doubly robust DM estimator
and the doubly robust PSM-OLS estimator perform similarly to each other and are nearly as
efficient as OLS, although they pay a tiny RMSE penalty for their double robustness. The correctly

specified PSM estimator is inefficient but it’s unbiased for estimating the ACET. Almost every
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treated subject is matched with a control subject.

When either the PS model or the PGS model is incorrect (severely mis-specified in Table
3.1, less severely in Table 3.2), all DR methods vastly outperform the non-DR methods (OLS
and PSM), which are unacceptable in these circumstances. When the PGS model is correct but
PS model is incorrect, the two DR estimators DM and PSM-OLS have similar RMSE. However,
when the PGS model is incorrect but the PS model is correct, the doubly-matched estimator DM
substantially outperform the regression modeling approach PSM-OLS in terms of RMSE. The
DM estimator is around 15% more efficient than the PSM-OLS estimator. It is likely that these
estimators would perform even better using 1-2 matching. Finally, when neither the PGS nor the
PS model is correctly specified, all estimators perform similarly, and none is acceptable.

Scenario 2 (Table 3.2) is the same as Scenario 1, except that the form of the PS model mis-
specification differs, and here does not necessarily cause a mis-match. In this case the advantage of
the double-matched estimator over the competing regression-based approach is very pronounced.
This example illustrates the potential for the doubly-matched estimator to enjoy extra robustness

against mis-specification of the model, compared to the regression-based estimator.

Scenario 3: Nearest Neighbor Matching

Scenario 3 has continuous covariates, and so exact matching is no longer possible. Nearest
neighbor matching is used and all subjects in the treatment group have matches in the control
group. Results are summarized in Table 3.3. As before, the uncorrected naive estimator shows
a high percent bias and RMSE. The degree of confounding in this simulation scenario is lighter
compared to that in the discrete case (-2.42 vs -3.32). The correctly specified OLS estimator is
unbiased and efficient, providing a benchmark. Overall, results are quite consistent with the results
in Scenario 1, as expected. The doubly-matched estimator DM is slightly less efficient than the
model based PSM-OLS estimator when the PGS model is correct (1.09 vs 0.96 when PS is correct;

1.02 vs 0.97 when PS is incorrect). However, when the PS is correct and the PGS is incorrect, the
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Table 3.1: Point estimate performance: categorical covariates with exact matching; severe model
mis-specification.

Method Estimand PS PGS Bias SD Bias/SD RMSE
model model

Naive - - - -3.322 1.385 -2.399  3.599
Correct  Correct

OLS ACET 0.008 0.397 0.021 0.397

PSM ACET 0.023 1.196 0.019 1.196

PSM-OLS*  ACET 0.009 0.404 0.021 0.404

DM* ACET 0.010 0.408 0.025 0.408

Incorrect  Correct

OLS ACET 0.001 0.397 0.002 0.397

PSM ACET 0.864 1.441 0.600 1.681

PSM-OLS*  ACET 0.003 0.405 0.007 0.405

DM* ACET -0.001 0.404 -0.002 0.404
Correct  Incorrect

OLS ACET 1.359 0.886 1.534 1.623

PSM ACET 0.009 1.216  0.008 1.216

PSM-OLS*  ACET 0.002 0.465 0.004 0.465

DM* ACET 0.000 0.403 0.000 0.403

Incorrect Incorrect

OLS ACET 1.344 0.877 1.533 1.604

PSM ACET 0.843 1.467 0.575 1.692

PSM-OLS*  ACET 0.861 0.977 0.881 1.303

DM* ACET 0.868 0.956 0.908 1.291

*Doubly robust method; Bold indicates the doubly-matched estimator
OLS: ordinary least squares; PSM: propensity score matched
PSM-OLS: PSM followed by OLS; DM: doubly-matched
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Table 3.2: Point estimate performance: categorical covariates with exact matching; mild model
mis-specification.

Method Estimand PS PGS Bias SD Bias/SD RMSE
model model

Naive - - - -3.322 1.385 -2.399  3.599
Correct  Correct

OLS ACET 0.008 0.397 0.021 0.397

PSM ACET 0.023 1.196 0.019 1.196

PSM-OLS*  ACET 0.009 0.404 0.021 0.404

DM* ACET 0.010 0.408 0.025 0.408

Incorrect  Correct

OLS ACET 0.007 0.407 0.018 0.407

PSM ACET 0.007 1.149 0.006 1.149

PSM-OLS*  ACET 0.004 0411 0.010 0411

DM* ACET 0.008 0.412 0.020 0.412
Correct  Incorrect

OLS ACET 1.359 0.886 1.534 1.623

PSM ACET 0.009 1.216  0.008 1.216

PSM-OLS*  ACET 0.002 0.465 0.004 0.465

DM* ACET 0.000 0.403 0.000 0.403

Incorrect Incorrect

OLS ACET 1.363 0.904 1.509 1.635

PSM ACET 0.006 1.185 0.005 1.185

PSM-OLS*  ACET 0.016 0476 0.034 0.476

DM* ACET 0.000 0.406 0.000 0.406

*Doubly robust method; Bold indicates the doubly-matched estimator
OLS: ordinary least squares; PSM: propensity score matched
PSM-OLS: PSM followed by OLS; DM: doubly-matched
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DM estimator significantly outperforms the PSM-OLS estimator (RMSE: 1.10 vs 1.85). All DR
methods now pay a more substantial price in terms of increased variance, compared to the discrete

covariate case.

3.5 Simulation performance of the double matching interval
estimators

We next use simulation to compare the performance of the three approaches to confidence
interval estimation for the doubly-matched estimator DM, namely a full bootstrap percentile
approach, a conditional bootstrap approach, and a conditional parametric approach. In these
comparisons we consider matching both with and without replacement. For the comparison
estimators, details of the interval estimators are as follows: bootstrap percentile approaches are
used for interval estimation for the naive and the OLS estimators; the same three interval estimation
approaches we use for the DM estimator are also used for the PSM estimator; and the full bootstrap
percentile approach and the conditional bootstrap approach are used for assessing the confidence
interval for the PSM-OLS estimator.

Performance metrics for each confidence interval method are: the coverage probability; the
mean width; and the interval score [29] givenby S = (u—1)+2/a(l —x)I(x <1)+2/o(x—u)l(x >
u), where x is the true value of the estimand, u is the upper confidence limit and 1 is the lower
confidence limit. We consider simulation Scenarios 1 with categorical covariates in which we
do exact matching, and we assess the interval estimation performance in cases where at least
one of the PS and the PGS models is correct. Both matching with and without replacement are

considered. The sample size is 300, the bootstrap size is 1000 and the simulation size is 500.
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Table 3.3: Point estimate performance: continuous covariates and nearest neighbor caliper

matching.
Method Estimand PS PGS Bias SD  Bias/SD RMSE
model model
Naive - - - 2417 4.156  -0.582  4.808
Correct  Correct
OLS ACET -0.049 0953 -0.051 0.955
PSM ACET -0.145 3.551 -0.041 3.554
PSM-OLS*  ACET -0.046 0954 -0.049 0.955
DM* ACET 0.017 1.085 0.015 1.085
Incorrect  Correct
OLS ACET -0.043 0964 -0.044  0.965
PSM ACET 5.591 3.794 1474 6.757
PSM-OLS*  ACET -0.042 0967 -0.043  0.968
DM* ACET 0.152 1.013 0.150 1.024
Correct  Incorrect
OLS ACET 6.994 2532 2.762 7.438
PSM ACET -0.018 3.388 -0.005  3.388
PSM-OLS*  ACET 0.264 1.828 0.144 1.846
DM* ACET 0.092 1.099 0.084 1.103
Incorrect Incorrect
OLS ACET 31.278 4.630 6.755 31.619
PSM ACET 30.260 8.276  3.656  31.371
PSM-OLS*  ACET 30468 5900 5.164 31.034
DM* ACET 30.266 5.962 5.076  30.848

*Doubly robust method; Bold indicates the doubly-matched estimator
OLS: ordinary least squares; PSM: propensity score matched

PSM-OLS: PSM followed by OLS; DM: doubly-matched

43



3.5.1 Simulation results for the interval estimators

Simulation results for matching with and without replacement are summarized in Table
3.4 for the case when both the PS and the PGS models are correct. Table 3.5 is for the case when
the PS is incorrect but the PGS model is correct, and Table 3.6 represents the case in which the PS
is correct but the PGS model is incorrect.

In Table 3.4, the bootstrap quantile confidence interval performs well for the OLS estimator
when both the PS and the PGS models are correct, and it shows the OLS estimator is the most
efficient one (smallest mean CI width and interval score), consistent with the results in Table 3.1.
For matching without replacement, the full bootstrap performs well and conservative for the PSM
estimator, and performs well for the DM estimator and the PSM-OLS estimator. The conditional
bootstrap and the conditional parametric approaches perform well for all estimators. The interval
estimation for the DR estimators (DM and PSM-OLS) perform better than those using PSM,
which is again consistent with our previous findings. In summary, given the large computational
advantage, in the setting of discrete covariates and matching without replacement, the conditional
bootstrap or corresponding conditional parametric methods can be recommended.

Compared to matching without replacement, the matching estimators with replacement
are slightly less efficient, as expected. The full bootstrap again works quite well for all estimators
and conservative for the PSM estimator. However, the conditional methods of confidence interval
estimation end up with under coverage when matching with replacement. Conditional variance
estimators which account for the replicate use of subjects or pairs need to be considered when using
matching with replacement. Notice that in our case, the coverage probability which comes from
the conditional methods is slightly smaller than 95%. However, as the proportion of replication
of matching increases, the coverage probability will decrease as well. Appropriate bootstrap
procedures such as the wild bootstrap [15], similar to those suggested in the literature for single
matching estimators, may be considered to correct for this under coverage.

When the PS model is incorrect and the PGS model is correct (Table 3.5). The full
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Table 3.4: Confidence interval performance: categorical covariates with exact matching; PS and
PGS models are correct.

Estimator Interval Method Bias RMSE Coverage Mean CI Width Interval Score**
Naive Bootstrap -3.376 3.642 0.341 5.423 43.613
OLS Bootstrap -0.011 0392  0.952 1.525 1.863
Conditional parametric 0.946 1.537 1.894
Matching without replacement
PSM Full bootstrap -0.019 1.149 0972 4.617 4.986
Conditional bootstrap 0.954 4.607 5.330
Conditional parametric 0.957 4.644 5.356
PSM-OLS*  Full bootstrap -0.010 0.402  0.955 1.556 1.866
Conditional bootstrap 0.945 1.546 1.872
Conditional parametric 0.942 1.569 1.949
DM* Full bootstrap -0.010 0.396  0.956 1.558 1.864
Conditional bootstrap 0.951 1.546 1.881
Conditional parametric 0.948 1.563 1.920
Matching with replacement
PSM Full bootstrap -0.030 1.289 0.979 5.027 5.198
Conditional bootstrap 0.915 4.583 6.471
Conditional parametric 0.920 4.631 6.465
PSM-OLS*  Full bootstrap -0.013  0.407  0.956 1.579 1.873
Conditional bootstrap 0.950 1.548 1.894
Conditional parametric 0.940 1.567 1.990
DM* Full bootstrap -0.010 0.405 0.957 1.579 1.873
Conditional bootstrap 0.943 1.545 1.904
Conditional parametric 0.946 1.564 1.928

*Doubly robust method

**Smaller is better

Bold indicates the doubly-matched estimator

OLS: ordinary least squares; PSM: propensity score matched; PSM-OLS: PSM followed by OLS
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bootstrap still works for the PSM estimator although the PS model is incorrect. In this case,
the conditional methods no longer work for the PSM estimator, even though matching without
replacement. For the other matching estimators (PSM-OLS and DM), the results do not change
significantly compared to the previous case when both models are correct, except, the full bootstrap
performs slightly conservative for the PSM-OLS and the DM estimators when the PS model is
incorrect. Again, the conditional methods perform well for the PSM-OLS and the DM estimators
when matching without replacement, and the coverage is lower using these conditional methods
when matching with replacement.

In the case when the PS model is correct and the PGS model is incorrect, Table 3.6
summarizes that the bootstrap no longer performs well for the OLS estimator. For the matching
estimators (PSM, PSM-OLS and DM), results are as expected and similar compared to the results
in table 3.4, except, the full bootstrap performs conservative for the PSM-OLS estimator, no matter
the matching is with or without replacement. This is consistent with our previous results that
the incorrect PGS has more effect on the performance of the PSM-OLS estimator compared to
the DM estimator in our simulation setting. In addition, the conditional methods end up with
slightly under coverage for the DM estimator when matching without replacement. However, the
mean CI interval and the interval score do not get diminished, thus this might actually come from
the limited simulation sample size. Notice that when the PGS model is incorrect, conditional
bootstrap approach still performs very well for the PSM-OLS estimator when the PS model is
correct, which is also proved and shown by Abadie [5]. In addition, in the previous Table 3.5 we
have shown that the conditional methods perform well for the PSM-OLS and the DM estimators
when matching without replacement as long as the estimators are correctly estimated even the PS

model is incorrect.
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3.5.2 Summary results

In summary, for matching without replacement, conditional methods of confidence interval
estimation have a large computational advantage and are recommended for all matching estimators
when the estimator is correctly estimated. For matching with replacement, the full bootstrap
works well and sometimes it performs conservative, although it may have a computational
burden. Conditional methods have under coverage, and would need to adjust for replication.

The phenomenon of under coverage gets more severe as the replication rate increases.

3.6 PATH study

We applied the doubly-matched DM estimator to the question of the population effective-
ness of e-cigarette use for smoking cessation, using a publicly available longitudinal sample of
US smokers from the PATH survey wave 2-4 database. [38] Here, we are interested in the ACET
which answers the question whether e-cigarettes help smokers to quit among those who choose to
use them as a cessation aid. Among US smokers, the most popular method of smoking cessation
is no use of any aid; the next most popular method is use of e-cigarettes; use of FDA approved
cessation aids is less popular. Thus the question is of public health and regulatory relevance. Our
published work in this area used PSM estimators of the same estimand, the ACET; [66, 20] here we
also include for comparison the regression, as well as the regression-based doubly-robust estimator
PSM-regression. For the matching, we used more than 20 mixed categorical and continuous
variables. We used nearest neighbor matching (without replacement), with full bootstrap confi-
dence intervals as recommended by our investigations, while recognizing that these might have
conservative coverage. We study two outcomes, assessed at wave 4: a binary indicator of cigarette
abstinence of 12+ months, and a continuous measure of change in cigarette consumption level
between wave 4 and wave 2 (reduction in consumption is sometimes considered as a secondary

outcome measure).

47



Table 3.5: Confidence interval performance: categorical covariates with exact matching; PS
model is incorrect and PGS model is correct.

Estimator Interval Method Bias RMSE Coverage Mean CI Width Interval Score**
Naive Bootstrap -3.376 3.642 0.340 5.427 43.567
OLS Bootstrap -0.011 0.392  0.948 1.525 1.861
Conditional parametric 0.950 1.549 1.921
Matching without replacement
PSM Full bootstrap 0959 1.781 0.935 5.732 6.882
Conditional bootstrap 0.875 5.693 9.013
Conditional parametric 0.883 5.753 8.839
PSM-OLS*  Full bootstrap -0.008 0.396  0.954 1.558 1.863
Conditional bootstrap 0.954 1.551 1.865
Conditional parametric 0.944 1.579 1.986
DM* Full bootstrap -0.008 0.401 0.953 1.559 1.859
Conditional bootstrap 0.944 1.549 1.872
Conditional parametric 0.943 1.567 1.921
Matching with replacement
PSM Full bootstrap 0964 1.853 0.962 6.210 6.995
Conditional bootstrap 0.860 5.660 9.597
Conditional parametric 0.868 5.720 9.443
PSM-OLS*  Full bootstrap -0.010 0.408  0.959 1.578 1.863
Conditional bootstrap 0.945 1.548 1.916
Conditional parametric 0.953 1.581 1.953
DM* Full bootstrap -0.009 0.402  0.957 1.579 1.867
Conditional bootstrap 0.943 1.545 1.857
Conditional parametric 0.946 1.565 1.903

*Doubly robust method

**Smaller is better

Bold indicates the doubly-matched estimator

OLS: ordinary least squares; PSM: propensity score matched; PSM-OLS: PSM followed by OLS
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Table 3.6: Confidence interval performance: categorical covariates with exact matching; PS
model is correct and PGS model is incorrect.

Estimator Interval Method Bias RMSE Coverage Mean CI Width Interval Score**
Naive Bootstrap -3.376 3.642 0.341 5.423 43.613
OLS Bootstrap 1.428 1.675 0.646 3.481 11.935
Conditional parametric 0.606 3.325 13.348
Matching without replacement
PSM Full bootstrap -0.019 1.149 0972 4.617 4.986
Conditional bootstrap 0.954 4.607 5.330
Conditional parametric 0.957 4.644 5.356
PSM-OLS*  Full bootstrap -0.007 0.466 0.976 1.856 2.074
Conditional bootstrap 0.960 1.849 2.165
Conditional parametric 1.000 3.800 3.800
DM* Full bootstrap -0.010 0.396  0.956 1.558 1.864
Conditional bootstrap 0.951 1.546 1.881
Conditional parametric 0.948 1.563 1.920
Matching with replacement
PSM Full bootstrap -0.030 1.289 0.979 5.027 5.120
Conditional bootstrap 0.915 4.583 6.471
Conditional parametric 0.920 4.631 6.465
PSM-OLS*  Full bootstrap -0.006 0.479 0977 1.928 2.103
Conditional bootstrap 0.946 1.851 2.189
Conditional parametric 1.000 3.798 3.798
DM* Full bootstrap -0.010 0.405 0.957 1.579 1.873
Conditional bootstrap 0.943 1.545 1.904
Conditional parametric 0.946 1.564 1.928

*Doubly robust method

**Smaller is better

Bold indicates the doubly-matched estimator

OLS: ordinary least squares; PSM: propensity score matched; PSM-OLS: PSM followed by OLS
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As in our published work, the study population was all respondents who reported current
smoking at wave 2, reported a quit attempt at wave 3, and reported subsequent smoking status at
wave 4. There was around one year of separation between any two waves. Baseline covariates
for the matching were assessed at wave 2; the exposure of interest was e-cigarette use as a
cessation aid on the wave 3 quit attempt. Baseline covariates included demographic characteristics,
(age, sex, ethnicity, race, education, income, health insurance status), comorbidities (symptoms
of mental health problems and smoking-related health diagnoses), and measures of smoking
behavior (nicotine dependence, daily cigarette use status at W2, duration and timing of most recent
previous quit attempt, pack-years of smoking, age started smoking fairly regularly, self-efficacy
about quitting, interest in quitting cigarettes, smoking-free home, exposure to other smokers and
perceived harm of cigarettes and e-cigarettes). For the first outcome, the binary indicator of
cigarette abstinence of 12+ months, we had one more covariate adjusted, the baseline cigarette
consumption per day.

There were 2535 subjects who met our inclusion criteria for our primary binary outcome,
427 of whom used e-cigarettes to aid their quit attempt and who 2108 did not. For the secondary
outcome, 2009 of these subjects reported cigarette consumption at both time points, of whom 310
used e-cigarettes to help quit and 1699 did not. The PATH study provides sampling weights which
can be used to provide estimates representative of the US population, however the question of how
to appropriately incorporate these sampling weights into matching estimators is complex and thus
been listed as our future work. In this example we provide unweighted estimates which pertain to
the cohort but are not representative of the US population. Simple imputation (R package mice)
was used to deal with missing values in the baseline covariates. The full bootstrap confidence
intervals also incorporate this imputation step.

Table 3.7 summarizes the PATH study results. Considering the binary cessation outcome
first, all the comparison estimators including the naive estimator suggested a small positive but

non-significant effect for use of e-cigarettes on the long-term smoking cessation among those
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Table 3.7: Estimated effect sizes for PATH study data.

Long-term cigarette cessation Change in cigarette consumption

Method Estimand Risk difference 95% CI Risk difference  95% CI

Naive 0.01 (-0.03,0.04) 0.19 (-0.84,1.22)
Regression ACET 0.02 (-0.02,0.05) 0.18 (-0.80,1.16)
PSM ACET 0.01 (-0.05,0.06) 0.16 (-1.55,2.31)
PSM-regression®* ACET 0.01 (-0.05,0.06) 0.12 (-1.66,2.18)
DM* ACET 0.01 (-0.05,0.05) 0.19 (-1.66,2.08)

*Doubly robust method; Bold indicates doubly-matched estimators
Regression: logistic regression for the binary outcome and ordinary least squares for the continuous outcome
PSM: propensity score matched; PSM-regression: PSM followed by regression

who used e-cigarette to help them quit cigarette. The point estimations were very similar to each
other, indicating that there was almost no difference between e-cigarette users and non-e-cigarette
users on the long-term cigarette cessation (RD: 1-2%). The results also implied that there was no
difference between the whole population and the target cohort of e-cigarette users. It would be
interesting if there is a case that the treated subjects differ a lot from the population. Remember
that we used simple imputation to deal with the missing covariates and we didn’t include the
survey weights in our estimation, which might cause differences between our example and the real
situation. The bootstrap 95% quantile confidence intervals were used for the naive and regression
estimates, and the full bootstrap 95% quantile confidence intervals were applied for the matching
methods.

Considering the reduction in cigarette consumption, again, all the comparison estimators
including the naive estimator suggested a positive but non-significant effect for use of e-cigarettes
on the reduction of cigarette consumption among those who were likely to use e-cigarette to
help them quit. The risk differences were far from significant. For both of the two outcomes,
the regression method was the most efficient one, and the PSM-regression and DM estimators
performed similarly and gave slightly narrower 95% CI than the PSM estimator. As before, no
significant result was found assessing e-cigarette use on the cigarette consumption reduction in

this cohort.
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3.7 Discussion

In this chapter we studied the performance of a doubly-matched DR estimator based on
matching both the PS score and the PGS score simultaneously for estimation of the ACET. We
compared performance of the doubly-matched estimator of the ACET to a more usual regression-
based DR estimator, PSM-OLS (PSM-regression more generally), and the commonly-used OLS
and PSM estimators. We compared both point estimators and methods for confidence interval
estimation.

In our simulation studies, the two DR approaches performed well when both the PS the
PGS models are consistent, paying only a very small to a modest penalty in efficiency for their
double-robustness. As expected these DR estimators vastly outperformed non-DR approaches
(the OLS and PSM estimators) when either the PS or PGS model are incorrectly specified. In our
simulated data, one of our covariates is omitted in predicting the PS, compared to the situation
where all covariates are simulated to be related to the PGS, thus the PSM is less efficient than the
OLS estimator when both of the models are correct. Importantly, an interaction between one of
the covariates and the treatment indicator has been added, which makes the ACET differ from the
ACE (the difference is around 15% to 25% under different scenarios).

Comparing the DR doubly-matched estimator, DM, to the DR regression-based approach
PSM-OLS, when exact matching is possible (e.g. with sparse categorical predictors, a case which
is not uncommon in practice), in our examples the DM outperforms the PSM-OLS estimator
substantially in cases where the PGS model is incorrect but the matching is correct. In addition,
the DM estimator is as good as the PSM-OLS estimator when the PGS model is correct, no matter
whether we use exact matching or nearest neighbor matching. We use 1:1 matching; performance
would be improved even further with 1: m matching in this setting of exact matching, where there
is no bias penalty to pay.

An interesting finding in our study is the extra robustness to model mis-specification that
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is possible for matching estimators. In certain circumstances, exact matching is still possible
even though the distance measure in the PGS or PS model is incorrect. This allows for extra
robustness in the incorrect model specification case for matching estimators as compared to their
regression-based counterparts. Methods which are even more independent of the functional form
of these models have been proposed [36] and are worth further study. However, there is also the
trade-off for the matching estimators when a non-negligible proportion of treated subjects needs
to be discarded after matching, which is not the case in our study but is a realistic circumstance.

When considering methods for confidence interval construction, the details of the matching
algorithm are important. For matching without replacement, we recommend constructing a
confidence interval conditional on the matched sample. In our examples, both the conditional
bootstrap (which resamples matched pairs) and a conditional parametric approach (e.g. maximum
likelihood conditional on the matched pairs) worked well, performed similarly to each other, and
have a large computational advantage over full bootstrap approaches. Importantly, as long as
the estimator is correctly estimated, the conditional methods will work. This is consistent with
the recent publication of Abadie [5], which shows that the conditional methods work well for
inference regarding regression coefficients in the PSM-OLS estimator (without replacement), no
matter whether the post PSM regression model is correct or not. We have also shown that the
conditional methods work for the DM estimator for estimating the ACET. In addition, we have
shown that when the matching is incorrect but the regression is correctly specified, the conditional
methods still support correct inference for the PSM-OLS and DM estimators.

Considering matching with replacement, theory suggests and our simulations confirm that
it has higher variance than matching without replacement. In case of large covariate imbalance
between treatment groups, matching with replacement may reduce bias, however. For estimators
incorporating matching with replacement, conditional methods of confidence interval estimation
are not recommended. Both the conditional bootstrap and conditional parametric approaches

encountered under coverage in our simulation scenarios. As the replication rate increases, the
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under coverage becomes more severe. The full bootstrap had conservative coverage for some
of the matching estimators, and it became more conservative when matching with replacement,
consistent with previous findings [34, 12]. The full bootstrap can be considered for use, as
Abadie [4] shows that matching on the estimated PS adds a non-positive adjustment factor to the
asymptotic variance of the estimator which matches on the true PS. This lends theoretical support
to the idea that the full bootstrap will always be conservative for matching with replacement. As
a correction, Bodory [15] proposes the wild bootstrap, in which the sample covariates are fixed,
and within each bootstrap sample the random treatment indicators are generated based on the
sample estimated PS, followed by re-estimating the PS within the bootstrap sample. The final
bootstrap approximation is constructed by perturbating the martingale representation for matching
estimators using those re-estimated PS within each bootstrap sample. They show that the wild
bootstrap comes closer to the nominal size than the full bootstrap for matching with replacement.
Future work in this area will be to find a similar adjusted approach for the DM estimator.

Our application of these estimators to data from the PATH study suggests that, among those
who used them, e-cigarette use for smoking cessation is not causally related to either reduction in
consumption of cigarettes or to long-term abstinence from smoking in the study cohort. However,
this is a controversial public policy topic and we did not weight our estimates to the US population
or conduct the kind of robust sensitivity analyses we have used in our prior published work on this
topic. The missing data in covariates are based on simple imputation here also. Results are not
significant in this demonstration study, which used conservative full bootstrap confidence intervals.
We have noticed that the ACET didn’t differ from the ACE in this study, however, there is the
possibility that the estimate of the ACET differs in direction among the treated and untreated
groups, an effect which cannot be detected without using appropriate methods such as we employ
here. In practice, we recommend that several robust and non-parametric approaches to causal
inference should be routinely incorporated, as robust sensitivity analyses.

Finally, our studies in this chapter point the way to future work. PSM is often used with
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survey data, as in our example, but there are many details regarding how to properly incorporate
the survey weights in matched estimators. [52] These approaches may potentially be extended to
doubly-matched estimators. The question of how to obtain appropriate confidence intervals for

matched estimators using complex survey data remains open.

3.8 Afterthoughts before next Chapter

In this chapter, we introduced and explicitly studied a DM estimator which can correctly
estimate the ACET even when the PS is incorrectly specified, in order to make DR causal inference.
Using a comprehensive simulation study, the performance of the proposed DM estimator was
compared with other commonly-used estimators, as well as with second DR estimator. We also
studied several methods for variance estimation, including a parametric method, the full bootstrap,
and the conditional bootstrap. These variance estimators were investigated using a simulation study
under the simple random sampling design. However, how to estimate the variance of the matching
estimator with more complex designs such as complex surveys requires further discussion.

In the next chapter, we will explore variance estimation of a matching estimator, taking the
PSM estimator as an example, in complex surveys with survey weights. We consider some existing
methods including the jackknife method, balanced repeated replicate (BRR), Fay’s method, and
the bootstrap approaches. We will explore the large sample properties of the jackknife method
as well as the BRR and investigate the performance of these methods compared to the bootstrap
methods. PATH survey study data will be used as an example.

This chapter, in full, has been prepared for submission for publication as ”Chen, Ruifeng;
Messer, Karen S. Doubly robust causal inference using the doubly-matched estimator, with
application to the causal effect of e-cigarette use on smoking cessation and cigarette consumption

reduction”. The dissertation author was the primary author on this paper.
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Chapter 4

Large sample properties of variance
estimation for matching estimators in

complex surveys

4.1 Abstract

To study complex causal questions in tobacco control, a large-scale population data is
needed which is often sampled from a complex survey design. Besides simple random sampling,
stratified sampling and cluster sampling are also taken into account in survey designs. Causal
inference made from such survey designs needs to consider the survey weights which are attached
to survey subjects to account for different survey design such as oversampling of certain sub-
population. Only in this way estimates of population parameters of interest can be obtained.
Propensity score matching (PSM), proposed by Rosenbaum and Rubin in 1983, or more general
matching methods, are a commonly-used approach in causal inference. PSM has the advantage
of easy interpretation and it can be used to avoid extrapolation. There are many examples in

the literature using PSM to make inference in the setting of complex survey designs. Although
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previous studies have shown how to construct consistent point estimators using PSM with survey
data, the variance estimation for the PSM estimator still remains as an open research area. In
our study, we want to fill this gap. Specifically, we provide the large sample properties of the
jackknife variance estimate and the balanced repeated replication variance estimate. The results
can be extended to the Fay’s method, an improvement of the BRR method. We use simulation to
assess the performance of the commonly-used BRR method and the Fay’s method, and compare
them to the full bootstrap, as well as the conditional bootstrap, which bootstraps the matched
pairs directly from the original sample. Our simulation results show that the BRR and the Fay’s
methods consistently perform well when the number of primary sampling units (PSU) is 2. When
we have a large number of PSU, both the adjusted BRR and the adjusted Fay’s method (creating
pseudo sub-strata followed by using each of these two methods) and the two bootstrap methods
work well. The full bootstrap and the conditional bootstrap work similarly when matching without
replacement. The variance estimators are applied in a tobacco control case study using a complex
survey where we end up with a consistent conclusion that using counseling or self-help materials
among smokers who want to quit cigarette smoking didn’t help them reduce cigarette consumption

in the long-term.

4.2 Introduction

In observational studies, when making causal inference, it is important that the sample
we collect is representative of the target population that we are interested in so that we can make
correct inference about the entire target population. Different designs for sampling from the
target population include simple random sampling (SRS), stratified sampling and cluster sampling.
[96] Stratified sampling generally reduces the sample variability as it reduces the within strata
variation. In addition, it is more convenient to conduct and administer in practice. Another

sampling approach, cluster sampling, often takes the benefits of making sampling process easier
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and cost less. [57] A large-scale representative sampling design often needs to combine several
of these sampling approaches. The large-scale complex survey is widely-used to collect sample
from the target population in practice. The complex survey often assembles all of SRS, stratified
sampling and cluster sampling together into the final sampling design. [57] Specifically, it stratifies
the population into different strata, followed by constructing and sampling clusters within each
stratum. Finally individuals are drawn using SRS within the sample clusters. For instance, the
well-known PATH tobacco survey study [38] used a stratified multistage sampling to make survey
design. It stratified the US population to 92 strata within which 156 clusters were sampled. Many
strata included 2 sample clusters. Individuals were finally drawn within sample clusters. Causal
inference made from such a complex survey design needs to account for the survey weights,
which are attached to survey samples to account for specific survey design such as oversampling
of certain sub-population to obtain estimates of population parameters of interest, as well as
other survey design elements. [57, 44, 91, 56] The parameters which we are interested in will
not be consistent with the parameters in the full population without considering survey weights
due to selection bias. The survey weights themselves are derived using the inverse probability
weighting approach, considering the sampling design information as well as other factors such as
non-response. [55]

After the sample is collected, different approaches can be used for estimation and inference.
Based on Rubin’s potential outcome causal inference framework, [78] Rosenbaum and Rubin [74]
introduced the propensity score (PS), defined as the probability of being assigned to the treatment
group conditional on baseline covariates, assuming there are no unmeasured confounders. Since
then, different PS-related methods have been developed for causal inference, including propensity
score matching (PSM) [74, 39], propensity score stratification, [75] and inverse probability
weighting (IPW) [72]. These PS based methods can be compared with regression modeling
approaches to make causal inference from the data.

Propensity score matching and similar matching methods are frequently used in multiple
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disciplines including statistics, economics, epidemiology, sociology, and etc. [39, 79, 88, 17,
62] Compared to other methods, matching has the benefit of easy interpretation and simple
visualization of the matching results. Also, it can avoid extrapolation in certain circumstances
when we have a sub-population of interest, for example for estimating the average causal effect
among the treated (ACET). Austin [11] and Lenis [52] have extended PSM into the complex
survey setting and have shown how to construct consistent PSM point estimators. However, to our

knowledge, the variance estimation of the PSM estimator remains as an open research area.

4.2.1 Motivating study

In our previous studies in the field of tobacco control, in which we investigated whether
e-cigarette use helped those who wanted to quit cigarette successfully quit cigarette smoking,
[66, 20, 19] we used caliper nearest neighbor PSM (with the caliper set to 0.1) to match a non-
cigarette user to each of those who used e-cigarettes to help them quit. The matched pairs were
used to estimate the mean difference between the two groups of interest in the cessation rate 2
years post- baseline. In detail, in the 3 separate tobacco control studies, we got 2443, 2535 and
3578 (with additional refreshed sample) baseline smokers respectively who had made at least one
quit attempt in the follow-up year and had completed survey assessment 1 or 2 years later. In those
studies, around 13% to 23% of participants had used e-cigarette to help them quit during their
last quit attempt. The PS was consistently estimated based on a lasso -selected set of covariates,
from among around 20 initial baseline covariates, including age, sex, ethnicity, race, education,
income, nicotine dependence score, baseline cigarette consumption, duration of last quit attempt,
timing from last quit attempt, smoking-related health problems, smoking pack-years, age started
smoking fairly regularly earlier than 18, perceived harm of cigarettes, self-efficacy about quitting
cigarettes, interest in quitting cigarettes, smoking-free home, exposure to other smokers, internal/
external mental health problems and health insurance status. Logistic regression models were used

to estimate the PS, followed by PSM. The difference in the weighted cessation rates were then
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calculated for the matched samples.

To assess whether the difference in cessation rates achieved statistical significance, we
used the bootstrap to estimate the variance of the PSM estimator. Specifically, we generated
substantial numbers of bootstrap samples in each of the studies and the bootstrap sample was
generated by re-sampling the survey individuals. In each bootstrap sample, we re-estimated the
PS and re-conducted the PSM to form bootstrap matched pairs. Ninety-five percent bootstrap
quantile confidence intervals were used to make inferences. Using the bootstrap method across 3
studies resulted in a consistent conclusion that e-cigarette use didn’t help people who wanted to
quit cigarettes successfully quit cigarette smoking in the long-term.

The bootstrap method that we used, which re-samples the survey individuals, is commonly
used in practice. Several studies have used it to draw their conclusions. [61, 94] Others have
also used parametric approaches to estimate the variance on the post-matching sample. [23, 47]
However, to our knowledge, so far there’s no theoretical discussion about how to make variance
estimation of the matching estimators for complex survey data along with survey weights. This
motivates the present study which explores how to construct consistent estimators of the PSM

estimator variance.

4.2.2 Literature review

To date, there does not appear to be a gold standard approach to variance estimation for
matching estimators, even with the SRS design. Matching is complex and can be with or without
replacement and different variance estimation methods behave differently with different matching
designs. The true variance of the PSM estimator is also different depending on matching either
on the estimated PS or on the true PS. [81, 4, 71, 80] With the SRS design, Hill et al. [34] have
shown that the conditional parametric approach, which focuses on the variance of the difference
of matched pairs, works well for scenarios where the 2 groups are similar to each other, or for

matching without replacement. However, in most other cases it underestimates the variance for
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matching with replacement. Austin and Small [12] have shown by simulation that the conditional
bootstrap method, which bootstraps the matched pairs to form the bootstrap samples and neither
re-estimates the PS nor re-conducts the PSM, performs well when matching is without replacement.
The full bootstrap method appears to be conservative in their simulation. In addition, the results of
their conditional bootstrap approach are quite similar to the results of the conditional parametric
approach. When matching with replacement, the conditional bootstrap usually underestimates
the variance, as does the conditional parametric method. In addition to the conditional parametric
methods and the bootstrap methods, Ho et al. [35] have studied the variance derived from a
post-matching regression model. Abadie and Spiess [5] have extended Ho’s idea to a more general
setting where either the matching or the regression model could be wrong when matching without
replacement and they have studied the large sample properties of the post-matching regression
adjusted estimator. Even if the matching is incorrect, as long as the regression model is correct, the
standard errors are asymptotically valid when matching without replacement. Abadie and Imbens
have also studied large sample properties of PSM estimators when matching with replacement and
proposed a method to estimate the variance in such circumstances. [1] They have also proposed a
bias correction which renders general matching estimators root-n consistent. [3]

Previous work on PSM in complex surveys has been developed mainly for the point
estimation. Austin et al. have constructed a comprehensive simulation study to investigate PSM
estimators with survey weights. [11] Lenis et al. [52] followed Austin’s simulation setup and
they have demonstrated that weights are not needed in estimating the PS, and that controls, which
remain in matched pairs should use the weights of the matched treated subjects. In addition, the
weights must be added in the outcome analysis after matching to make a consistent estimation.
In terms of general approaches to variance estimation in complex surveys, well-known methods
include the Taylor expansion or linearization, the jackknife, balanced repeated replication (BRR)
and bootstrap methods. Shao and Tu [84] have given a detailed investigation of these methods.

Fay’s method, an adjusted BRR method, [40] improves the original BRR method in certain
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circumstances for example in estimating ratios. [70] The PATH study used the Fay’s method with
the adjustment parameter p = 0.3 to form the replicate weights to reflect the variance in survey
weights. The large sample properties of these variance estimation methods in the general setting

have been discussed in Krewski and Rao. [45]

4.2.3 Organization of the chapter

In this chapter, we study the variance estimation for the matching estimator in complex
survey data. Specifically, we investigate the following variance estimation methods: the jackknife,
the BRR, the Fay’s method, the full bootstrap and the conditional bootstrap. We provide the
explicit proof of the large sample properties of the jackknife method and the BRR method for
matching estimators with data from a complex survey sampling design. These two methods are
equivalent when the estimator is a linear transformation of the outcomes and the number of sample
clusters is 2 across all strata. Fay’s method is commonly-used in practice in survey data and the
asymptotic consistency can be extended to the case where the Fay’s method is applied. We assess
the performance of the variance estimators using both the BRR and the Fay’s method using the
PSM estimator as an example, and compare them with bootstrap methods, including both the full
bootstrap and the conditional bootstrap.

The chapter is organized as follows: in 4.3, we introduce the framework and assumptions
as well as the variance estimation methods, and we provide the proof of the consistency of the
variance estimation by the jackknife and the BRR methods. Consistency can be extended to
include Fay’s method. In 4.4, we follow Austin’s simulation setup [11] to compare the results of
variance estimation by the BRR and the Fay’s methods and the two bootstrap methods. In 4.5,
we apply the variance estimation methods to a case study using The Population Assessment of
Tobacco and Health (PATH) survey data [38] to assess whether accepting counseling or self-help
materials helped smokers reduce cigarette consumption in the long-term. In 4.6, we summarize

the results and interesting findings and discuss potential directions of the future work. Finally in
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4.7, we provide the summary thoughts after the completion of this chapter.

4.3 Methods

4.3.1 Notation

We consider estimating the ACET, using data sampled from a population following a
hierarchical sampling design. Suppose that the population is divided into into H strata, and within
stratum h(h = 1...H), there are M, total clusters. Cluster hl(hl = 1...M},) in stratum & contains
Ny subjects. Let Nj, denote the total number of subjects in stratum /4, and N represent the total
number of subjects in all strata, that is, N, = Z?ﬁ'l Npyand N = Zle Nj. Let Wy = 1/N denote
the weight for any subject s (same for all subjects in the population), W; = Nj; /N denote the
weight for cluster Al in stratum £ over the population and W), = N, /N denote the weight for stratum
h over the population.

We follow the potential outcome framework proposed by Rubin [78]. Suppose each subject
in the population belongs to either the treatment group or the control group. Let Rj;; denote the
treatment group indicator for subject s in cluster Al in stratum A, where Ry, = 1 if subject Als is
assigned to the treatment group and Ry;; = 0 if it is assigned to the control group. Two potential
outcomes {Yy,;50, Yns1 } could be observed for each subject, depending on which group the subject is
assigned to. One and only one of the two potential outcomes is observed, and Yj,;; = Yy40 if subject
hls is assigned to the control group and Yj,;; = Y351 otherwise. The p dimensional covariate vector
X = (Xhls’l yXnis 2y Xnis, p) is fully observed for subject hls. Both the treatment indicator and
the potential outcomes are associated with the same set of covariates X. The estimand of interest

is the ACET which is defined as:

ACET = E[Y, — Yy|R = 1] (4.1)
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We are interested in how to conduct variance estimation for the matching estimator for estimating
the ACET. As a special example, we consider the variance estimation of the PSM estimator. It can
be easily generalized to other matching estimators.

We assume subjects are sampled as follows: first, a sample of clusters are drawn with
replacement in each stratum, followed by sampling subjects with replacement within these sample
clusters. Suppose my, clusters are drawn with replacement followed by drawing ny; (hi = 1...my,)
subjects within these sample clusters in each stratum /. We use yu;; = {ynij1,Ynijo} to denote the
observed sample subject outcome where j is used as the subject level subscript in the sample. Let
vpi represent the observed sample cluster mean, yj, represent the observed sample strata mean, and
y represent the observed overall sample mean. Different subscripts are used in the survey sample
to differentiate from subscripts used in the survey population above.

Non-response commonly occurs in survey data. Hence we consider a missing at random
non-response mechanism in this study and suppose the non-response indicator Z is associated
with the same set of covariates X. Zy;; = 0 if subject hls is missing and Zj;; = 1 otherwise. W/,
W;;i and W}ii ; are used to denote the weights for the sample stratum, the sample cluster and the

sample subject respectively.

4.3.2 Assumptions for large sample properties

In the following sections, in order to show the large sample properties, we assume both the
number of strata H and the number of sample subjects n,; in any sample cluster Ai go to infinity.
We put additional assumption on the sample cluster size ny; that we assume cysg < np; < casy as
sy — oo. In addition, we assume the number of sample clusters m;, within any stratum /4 is fixed
and there are at least 2 clusters sampled in any stratum, that is, 2 < my, < co, where ¢ is a finite
positive number.

Throughout, we assume the sampling probability of the cluster is proportional to the

cluster size, thus the weights of sample subjects are proportional to the weights of subjects in the
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population, without considering the non-response mechanism. After considering the non-response

. 1
mechanism, we have that W, ., o< Wy; i —5——.
hij' i p(Zu i1 Xni))

have that W;l o< Wy, W;;l. o< Wy, it hi and hl indicate the same cluster. Later after scaling, Wy, and Wy,;

As the cluster size hi goes to infinity, we also

are used to represent the sample strata and the sample cluster weights respectively. For simplicity,
we further assume the cluster size is the same across different clusters in later proof.

Suppose y,; is the unknown true mean of the PSM estimate in sample cluster Ai and yy, is
the unknown true mean of the PSM estimator in stratum 4. To the end, we are going to show the
asymptotic behavior of the variance estimator. In order to do it, we suppose the variance of the
observed outcome yy,;; for any subject 4ij is bounded by finite constant: ¢3 < Var(yhi i) = G%i ;< c4
Further, we assume that the fourth moment of yy; is bounded < Ey} Vi < p and the third moment
of y; is also bounded, % < E[y;] < <%.

We make use OF Serfling [83] rlln following sections to prove the consistency of the PSM
estimator and the consistency of the variance estimation of the PSM estimator.

Theorem: Serfling (1.9.2 & 1.9.3) [83] has shown that: let {X,,,: | <h < H;n=1,2...}
be a double array with independent random variables within rows (with subscript n). Suppose
that, for some 8 > 0, Y2 E|X,y, — [>T = 0(A2+®), n — 0. Then Y| X, is AN(XH_ | up, A2),
where p,, = E(Xpp).

From now on we will add the subscript n to denote the index for the row of the double
array. Two assumptions are needed respectively to satisfy the condition in the theorem that
Y E| X, — ]t = 0(A2+®). This condition is used in turn to show that commonly-used
Lindeberg condition [83] is satisfied, and hence that consistency can be achieved. To prove the
consistency of the PSM estimator, we need the following assumption 1:

Assumption 1: We assume

\" R 245
Z HSH 7 Z (dnhi_.unhl) | * —>O
h=1 Mnh ypi=1
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holds as n goes to infinity, from which the consistency of the PSM estimator in complex surveys
over the entire sample will follow.

We need the following Assumption 2 to prove the consistency of the variance estimation
of the PSM estimator.

Assumption 2: We assume

H m

1 nh _ _
ZEH32%—§: dr—do )V — (o — w2 YWY 12 2
P |(Hsp) mnh(mnh_1>nh,-:1(< nhi — dnn)” — (Ui — tn) ") W) |

holds as n goes to infinity, from which will follow the consistency of the variance estimation of

the PSM estimator using either the jackknife method or the BRR method in complex surveys.

4.3.3 Consistency of PSM estimators on the cluster level

We first show the consistency of the PSM estimator for estimating the ACET in complex
surveys. PSM is conducted with replacement on the cluster level: the control subjects and the
treated subjects can be matched only if they are in the same cluster. We start by investigating the
PSM estimator on the cluster level, after which we can show the consistency of the PSM estimator
over the entire sample using the asymptotic theory in double array setting in the following section.

We follow 4 causal assumptions [78, 74] to show the consistency of the point estimation:
1) The treatment must occur before observing the outcome; 2) every subject can be assigned to
either the treatment group or the control group; 3) the strongly ignorable treatment assumption:
(Yo,Y1) L R|X, that is, there are no unmeasured confounders; and 4) potential outcomes of any
subject are independent of potential outcomes of other subjects. Then, conditioning on the

propensity score (X ) deconfounds the outcome Y and the treatment indicator R, [74] that is,

Y L R|n(X) 4.2)

66



For any sample cluster Ai in any stratum 4 in the ny;, row of the double array, the PSM

estimator can be written as:

Dnhi =

1 L Wi
i W i) (4.3)
Z nhi nnij

Y. Runij Yaniji — Ynhijo)m
j=1 i iz Sy j=1 P\ZLnhij|Anhij
where Y,,i jo 1s the matched control for subject hij in the n;, row. To show the consistency, we’d
like to show the expectation of equation 4.3 converges in probability to the true ACET. W,
are the same for all samples in the same row and could be cancelled out. After removing Wy,

equation 4.3 can be split to 2 parts:

1) the weighted mean outcome of the matched treated subjects,

1 Nppj 1
Tt R i Y RuniiYuniji G o)
Zj:] 10 5 Zoi i) J=1 DP\Lnhij|Anhij

and i1) the weighted mean outcome of the matched control subjects,

1 Nphi _ 1
—y 1 LR o
J=LT p(Z, [ X i) T=1 / /
For 1), we can find its expectation under the regularity condition Z;’":h’l Rypij 2 Zom .1A| Xoni?) o
nhij|nhij
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X 1
Mnhi T 5 71%)

as nyp; — oo, as follows:

1 P .
§ L Rnhij—p(znh;|xnh,-j‘) ;Rﬂhijynhijlm

_ 1 . 1
= E Z;l”:h’l Rnhijp(znhi;|xnhij) j_lenhi anhijlmanhi =1

_ 1 ki 1
= E Zjﬁ"l " m jZIRnhinnhijlm|thij, Rupij=1
= E 1 —E nihiRnhinnhijl;|thi' Rupii = 1”

P Zoi i Xoij) =

| i pzxy L=t

E [E [Ynhij1|thij7Rnhij = 1”

E [Yaniji|Runij = 1] 44)
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The expectation of ii) in formula (4.3) can be shown in a similar way as:

1 Nphi _ 1
i) = E _Zn”'”R - i ZRnhinnhijOW
j=1 nhlJ—P(Znhij|thij) j=1 P\ZLnhij|Anhij

1 Nphi _ 1
= -k S y—— ZRnhinnhijOp(Zh”|Xh“)
L & =1 A (Z [ Koi) J=1 ML

|Rnhij =1

1 Nphi

5 1

= —E|E|om Y Rt Tonijo— o [Xopijs R = |
nhi 1 nhaj-nnj . B nhij;™nhij

_Z?:}'anhijm j=1 P(Zupi | Xonij)

1 NMphi

Z RuniiYunijo

= —E|E
Mwhi o .1 4 7 X
-lel 0] D Zoi 1 Xoi) I=1 P (Zoni 1 Xoi )

|\ Xouhij> Runij = 1,

A A o/
Rupij = 0, ppij = Rppijrs J SeleCted] ]

Mphi
p 1 1
r —EVE| S T Y RunijYunijo A |\ Xonijs Runij = 1,
Zj:lRnhij—P(anﬂthij_) j=1 P( nhz;‘ nhzj)
Rupij = 0, ppij = Thi j’Rana’omlySelected] ]
1 ) L )
= —E|E - RuniiYuniio Xopiis Rupii = 1
nhi 1 nnrj-nhij . . nnijy*tinnij
Z;l:hl Roij PZuni 1 Xuni) =1 P (Lo Xoi )
p [ 1 [”nhi 1
— —-E|l———F RuniiYuniio Xonii,Runii = 1
nnhinp(zl_‘x) J:Z:l B p(Znhl]|thl])| B

= —E[E[Yunijo|Xunij; Runij = 1]]

= —EYunijo|Runij = 1] (4.5)

Thus we have that the PSM estimator D,,;, for any sample cluster Ai of any stratum 4 in
ny, row, is asymptotically consistent for estimating the ACET. The estimated propensity score @
can be replaced with the estimation of other measurement scores, or estimations of multiple other
measurement scores, thus the results can be generalized to any general matching estimator as long

1 [N 1 . .
NypiT—r>~ aS Ny, — 0, 18 satisfied.
Zhij | Xuhij) 7 Enhi® p(Z]X) nhi ’

as the regularity condition Z’;Z”] Rypij i
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4.3.4 Consistency of PSM estimators over the entire sample

In this subsection, We want to show that the PSM estimator overall the entire population
in the n,; row of the double array, with the observed value d, = Y2, W,,d,;, where dyy, =
):n'ih— ZZ}Z” | d,;i, is asymptotically consistent for estimating the ACET. Remember we have
assumed that the cluster size is bounded by sy, c15y < n,n; < casy, with which we have M, c1sy =
Zth’}”zl c15g <Ny, = ):%l”l’;l Nphl < Zth”[‘:] casg = M8y, so the stratum weight Wy, = N, /N =
Nun/ X2 N,j, is bounded, and Z—;H < W < %H ~! for any stratum % in the n,;, row of the
double array. With H — o, we have W,;, — 0.

We construct the double array variable X, = (HSH)Z_Z;” 1dnthnh’ which is the
scaled weighted mean estimation for any stratum 4 in the n;, row of the double array. With
the assumption that the variance of subject outcome y,;; for any subject hij in the n;, row is

bounded, we can show that the variance of the cluster mean, Var(y,;;) = %},Var(ynh,v), is bounded,

. Further, the variance of d,;;, the mean difference in cluster 4i in the

< Var(ynh,)

CZSH

2C3

s, TOW, Var(dnh,) is also bounded, < Var(d,) < 204 . Then we have the variance of the

constructed variable X, as following:

1 Mpp
Var(X,n) = Hsg— — Z Var( nh,)th
My nhi=1

With those assumptions we have just discussed, we can derive the following:

2¢3¢2 2c4c?
—LH " < Var(Xu) < 2

H_

Let A2 = Var(zl}?{:1 Xun) to denote the variance of the scaled PSM mean over the entire

sample in the n,; row of the double array, we have:

2c3¢2 L2l 2cq4c3
L A2 =Var( Y X)) < S22

3
€oC> nh=1 2¢y
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where we use the assumption we have previous assumed in 4.3.2 that 2 < m,,;, < c¢o. Thus
we have shown A% is a constant. Following Assumption 1 in 4.3.2, we have that Ziil E|Xun —
Han| >0 /AL = E|(HSH)lm1h Yo (duni — tani) W nh|2+8/(A2) 5% 2400, In other words,
the Lindeberg-Feller condition is satisfied. Following Serfling’s theorem cited above, we have
proved that Zle X, 18 consistent, from which we finally have that the PSM estimator over the
entire sample, scaled by both the strata size and the cluster level sample size simultaneously, is
consistent as n goes to infinity: d, = Zh 1 Wond, = (Hsp)~ %):f:l X, Further, it follows the

asymptotically normally (AN) distribution shown below:

H 1 myp
AN(E(Y. (Hsn)? Y. duiWan). A7) (4.6)
h=1 Mnh ypi=1

4.3.5 Variance estimation

In the current section, we discuss the variance estimation of the PSM estimator in complex
surveys. We consider commonly used variance estimation methods in survey data including
the jackknife method, the BRR method, the Fay’s method and the bootstrap methods. In many
large scale population surveys, including the Census Bureau’s Current Population Survey and
the PATH study, the BRR method and Fay’s method are implemented by the use of replicate
weights to which re-weight original sample, either omitting (BRR) or down-weighting (Fays’
method) observations which are left out of a particular re-sampled replicate sample. The main
goal of our study is to investigate the large sample property of the variance estimate using these
replicate weight implementations. Bootstrap methods which draw sample with replacement from
the original sample are also frequently used in practice for estimating the variance in complex
surveys. We consider two bootstrap methods in this study. One is the full bootstrap, in which we
bootstrap the survey subjects followed by re-estimating the PS and re-conducting the PSM. The
other approache is the conditional bootstrap, in which we bootstrap the PSM matched pairs in the

original sample and we neither re-estimate the PS nor re-conduct the PSM. Details are introduced
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in later sections.

The jackknife method

The jackknife method [25] involves a leave-one-out strategy to create replicate samples.
As originally proposed it studies the variability of replicates which leave one subject out with the
SRS design, and it can be extended to other general primary sampling units (PSU) such as groups
or clusters. In our setting, for each stratum in the sample, we leave one of the clusters /i out to
form a replicate sample and calculate the variability of estimates across all replicate samples. We

consider a general form of the jackknife estimate, which is written as follows:

_1 mp

H
Varjackkmfe d Z (hl) d)2 (47)

hl:l

where d") is the PSM estimate leaving cluster 4i in stratum h out.

The BRR method

The BRR method is a special case of the jackknife method, constructed in the special case
where the number of PSU my, = 2 for all strata. This is a commonly used method of variance
estimation in large scale surveys which use resampling-based estimators. Instead of leaving one
sample cluster in each stratum out, the BRR leaves half of the sample clusters out (select one out
of two sample clusters in all strata) each time to create replicates. Suppose there are Ry replicates

in total. These replicates need to satisfy the following condition:

Rw
Y BronBr, = O forall hy#hy 4.8)

rw=1

where Ry is the total number of replicate samples and 3, is a vector with the length the same
as the number of strata, and taking elements either 1 or -1 to indicate whether the first sample

cluster is selected in the current replicate or not. 41 and h, represent any two strata. With these
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constructed replicates, the original BRR estimate can be written as:

. Ry (Jlrw) _ J)?
VarBRR(d) = Z %

ry=1

4.9)

where dU) is the PSM estimate using the r,, replicate weights.
Krewski and Rao [46] have shown that when the estimator is a linear transformation of the

outcomes, the jackknife estimate can be re-written to the following form:

. - A 1 Y7 (dpi —dy)?
Virg(d) = Y, Wi T i)

h=1 mpy (mh — 1)

(4.10)

Furthermore, when the number of sample cluster is 2 across all strata, the BRR estimate reduces
to the same form in 4.10. In our case considering the variance estimation of the PSM estimator
when, the condition about the linear transformation of the outcomes is satisfied. Later, we will

study the large sample properties of Vary,(d).

Fay’s method

Rao and Shao [70] have noted that the BRR method might lead to problems in certain
situations for example for estimating ratios, as it puts 0 weights on half of the sample clusters
in each replicate sample. Fay’s method is an alternative which makes improvement in these
circumstances and is used in several large population surveys, including the Current Population
Survey and the PATH study. Specifically, Fay’s method introduces an adjustment parameter p on
top of the BRR method by oversampling one of the two sample clusters in each stratum. Compared
to the BRR method which assigns weights 0 and 1 to the two sample clusters in each stratum in
each replicate, the Fay’s method assigns weights p and 1 — p to the two sample clusters, with

0 < p < 1. In other words, none of the two sample clusters is removed in any replicate. The
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variance estimate using the Fay’s method can be shown as:

Y Ty IO
Vargaey(d) = Z @ —dyr

rp=1

(1-p)* (4.11)

where p is the adjustment parameter ranging from O to 1. In the PSM scenario, the Krewski’s form

Varyep(d) can be modified to the variance estimation using the Fay’s method as well.

The full bootstrap

The full bootstrap method constructs bootstrap samples with replacement from the original
sample in two steps. In the first step, we bootstrap clusters within each stratum. After that in
the second step, we bootstrap individual subjects within each bootstrapped cluster. The PS is re-
estimated for each bootstrap sample followed by re-conducting the PSM using the re-estimated PS.
Again, the PSM is conducted within each cluster: only those in the same cluster can be matched to
each other. Finally in each bootstrap sample, we calculate the weighted mean difference based on

which the full bootstrap variance is estimated.

The conditional bootstrap

The conditional bootstrap is conditional on the matched pairs in the original sample.
Similarly, it is implemented in two steps. The first step is the same as before in which we bootstrap
clusters within each stratum. In the second step, we bootstrap the matched pairs that matched with
replacement in the original sample in each bootstrap cluster. Notice that we neither re-estimate the
PS, nor do we re-conduct the PSM. We calculate the weighted mean difference of these bootstrap

samples and finally estimate the conditional bootstrap variance.
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4.3.6 Consistency of variance estimates

To prove the consistency of variance estimations using either the jackknife method or

the BRR method, Var,,,(d), we construct another variable Z,;, = (H 3s%,)% L Ly (i —

Myp Mpp— 1

d_nh)zW > Which is the scaled variance estimate for stratum # in the n;, row of the double array.
We again follow Serfling’s theory to prove the consistency. First, we calculate the variance of the

constructed variable as following:

Myp
Var(Zy) = (Hsh)——— Z W Var((dusi — dn)?)
m h(mnh 2 i
Myp _ _
= (Hsp)——— Z Wi Var(d2,; — 2dupidy, +d>,)
m h(m"h nhl 1
Myp _ _
Z dpi — 2nhichun + oy, — E (dyy;)
nh(m”h nhz 1

+2E (dupidnn) — (dnh)) (4.12)

= (H3s ) B E———

We have that Edy, = E (5= Yo dui)?s and Edppidy, = E(dppize Yoty dni)- - Re-

hi Mup
member previously we have assumed that both the fourth moment of y,;;, and the third mo-

ment of 7, are bounded, and d,;; is a linear transformation of y,,,. We finally can get that

E(d?,; — 2dupidun + d%, — E(d%,)) + 2E (dynidyn) — E(d?,))? is bounded:

n

C C
STQ < E(dnhl 2dnhldnh + d nh (dnhl) + ZE(dnhld ) E(d_rzlh>)2 < %
H H

with which we derive that:

4

Myp (mnh —1 )

H V< Var(z,) <
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Similarly, let B2 = Var(Y'X _, Z,1,), we have:

4 4
cic9 c5C10
1 <R <2

colco—1)2¢5 " 2¢f

where we use the assumption that 2 < m,,;, < cg. Thus B% 1S a constant.
Following Serfling’s theorem in 4.3.4 and assuming Assumption 2 there holds, that is,

1 m - - .
Zﬁ:l E|(H3s12q)7 (% Yo ((duni — dnh)2 — (Ui —,unh)z)anh)|2+5 LN 0, then we derive

Mup (mnh -1

| i} ]
that Y12 (H3s3)2 (———= Y (dupi — don)* W3

o =) nh), which is the variance estimate by either

the jackknife or the BRR over the entire sample, scaled by (H?s%) %, is consistent and follows the

AN distribution as shown below:

H m
1 nh _ _
ANE(Y (H3s2)— dopi —d )W), B2 4.13
( (};( SH) mnh(mnh_l) nhlz_l( nh nh) nh)’ n) ( )

4.4 Simulation study

4.4.1 Population generating model

We use simulation to study the performance of the methods listed in 4.3 to estimate the
variance of the PSM estimator in complex surveys. We have shown that the jackknife and the BRR
estimators can be reduced to the same form VZtr,ep (d) when the number of sample clusters is 2
across all strata; thus we only need to show the performance of one of them. The jackknife estimate
costs a substantially longer time since it creates more replicates. Furthermore, Fay’s method works
similar to the BRR method and performs better in certain situations, thus we also consider this
estimator. The full bootstrap and the conditional bootstrap are included as comparison methods.
The simulation setup closely follows Austin. [11]

To generate the population, we consider splitting the entire population into 4 strata. Within

each stratum, we simulate 20 iid clusters and we generate 5000 iid subjects within each clus-
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ter. One population is generated. In total, the simulated population has 400,000 subjects. We
generate 6 normally distributed covariates Xpsx (k = 1,2,...6) for each subject Als in the pop-
ulation. We assume that there are no unmeasured covariates. These 6 covariates are simulated
from different normal distributions to reflect the fact that different strata and different clus-
ters can have subjects with different characteristics. In detail, for each covariate, the stratum
mean is simulated by 1" ~ N(0,t""")(h = 1...4;k = 1...6), where T""“"" is a fixed
value reflecting the variability across strata. We will compare scenarios with different values of
Tsram jn 4.4.5. The cluster-specific covariate mean is simulated by ,uzllf‘kst” ~ N(0,zclustery (] =
stratum]clusterl;...stratum4, cluster20;k =1...6). Similarly, geluster ig fixed and we will com-
pare scenarios with different values of T in 4.4.5. For different strata, the cluster specific
covariate means are different. After we simulate both the stratum mean and the cluster mean, the
subject covariate is simulated by Xjs x ~ N (1) ;""" + ,uzll'f,ft”, eovariates) (k. = 1,2, ...6), for each
of the 6 covariates. T¢?"9"@¢s is fixed, reflecting the variance of the covariates within each cluster.

The treatment indicator R is associated with all 6 covariates X as follows:
logit(pl) = ao~+aiXus,1 4 a2Xpis2 + a3Xpis 3 + AaXpis 4 + asxpis s + aexpse  (4.14)

After we construct the true probability for each subject of being assigned to the treatment
group, the binary variable treatment indicator is simulated from the Bernoulli distribution:
rnis ~ Bernoulli(py, ). We chose the coefficients to make the proportion of treated subjects around
30%, namely ap = log(0.43), a; = log(5), a, = log(6), a3 = log(7), as = log(8), as = log(9),
ag = 1og(10).

The non-response mechanism is also considered in the simulation study. The non-response
indicator is assumed to be associated with the same set of covariates Xp;; (k= 1,2,...6). Itis
represented by the variable Z, where Z = 1 indicates a response subject and Z = 0 represents a non-

response or dropout subject. Similar to the treatment indicator, we generate the true probability of
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being a response using the following relationship:

logit(py,.) = bo~+DbiXus,1 4 baXpis2 + b3xpis 3 + baxpis s + bsxps s +bexpse  (4.15)

and we generate the non-response indicator for each subject hls from zj,;; ~ Bernoulli(pj, ).
The coefficients in 4.15 are set as by = —log(0.11), by = —log(1.10), by = —log(1.25), b3 =
—10g(1.50), by = —1og(1.75), bs = —10g(2.00), b¢ = —log(3.50). With these given coefficients,
the non-response rate is around 10%.

Finally, we simulate the subject outcomes. For the potential outcome of the control for

subject hls, we used the following linear model to generate yj;50:

Yhis0 = €O+ C1Xpis1 + C2Xpis2 + C3Xnis3 + CaXpis 4 + C5Xpis 5 + CoXpiso +Ens  (4.16)

where wesetco =1,c1 =2.5,c0 = —2,¢c3 =1.75, c4 = —1.25, c5 = 1.5, ¢ = 1.1 and generate
Enis ~ N(0,coMcome)  goutcome ig fixed reflecting the variability of potential outcomes of the control.
The potential outcome of the treated is simulated to be associated with the same set of covariates
Xhls’k(k =1,2,...6). The overall treatment effect is set to 1. In addition, Yhis,1 18 also associated
with interactions between each of the covariates Xy, 1, X452, Xnis,3 and the treatment indicator ry;,
as well as a cluster specific treatment effect Ay;. These interactions are added to allow the ACET
to differ from the average causal effect on the population (ACE), as in this case the PSM estimator
could help avoid extrapolating the results of the target population to a broader population. The
cluster specific treatment effect is added to mimic the case where the weights really need to be
taken into account, that is, where the sample ACET will differ from the population ACET. Finally,

the true potential outcome of the treated for each subject Als is simulated as following:

Yhis1 = €0+ C1Xpis,1 + C2Xpis2 + C3Xps3 + CaXpis 4 + C5Xnis 5 + CoXnis,6 + Enls

Arreatment + ClrXnls,1 T C2rXnis2 + C3rXnis3 + Aclusterhg 4.17)

78



where we set A¢rearment = 1, ¢1r = 10, ¢3» = —8 and ¢1, = 7. The cluster specific treatment effect is
generated from the normal distribution Ayyster,, ~ N(0, ocluster) - After the two potential outcomes
are generated for each subject, the observed outcome is given by ypis = rizsVnist + (1 — Fais)Yhiso-
With this setup, we have that the true ACET in the entire population is given by 1+ 10E(X;|R =
1) —8E(X2|R=1)+T7E(X3|R = 1) + E(Acjuster|lR = 1). Using this relation, the ACET can be
empirically estimated from the simulated population. A single generated population is fixed for

the following simulation components.

4.4.2 Sampling schema

After the fixed population is generated, we use Monte Carlo simulation to assess the
performance of the variance estimation methods. In each Monte Carlo simulation, we first draw
a random sample from each stratum in the population: in each stratum, we randomly draw 2
out of 20 clusters with replacement. Then, in each of the sample clusters, we sample an equal
sample size of 100 subjects, with replacement. Thus, in total we draw 4 x 2 « 100 = 800 subjects
in each simulation sample. The initial weight before considering non-responses for sample subject
is calculated as w;'l’:.;.”'“l = % As mentioned, we also consider the missing at random non-
response mechanism in our simulation. Using the non-response mechanism introduced in the
previous section, we have ~ 10% non-response subjects in the sample. We estimate the predicted
value of being a response p;. ; by modeling the binary indicator r;; in the simulation sample on all
6 covariates xp;; r. The final weights for each sample subject after considering the non-response

. . . / “ e 1
mechanism is given by w, .. = winitial _1_
g Y Wy j hij P

4.4.3 Propensity score matching

For each Monte Carlo sample, we estimate the unweighted PS using the logistic regression

fitting the treatment indicator on the 6 covariates X; to X¢. Survey weights are not included in
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the logistic regression model to estimate the PS. [52] After we obtain the estimated PS in each
simulation sample, we use it to conduct PSM. The matching is conducted on the cluster level,
that is, for any treated subject, the match can only be implemented when the control is in the
same cluster. Since we consider the continuous covariates case, nearest neighbor caliper PSM is
conducted, using a single matched control subject without replacement, [10] with caliper set to
0.1. For each treated subject, we match it with a control in the same cluster whose PS is closest
and differs no more than 0.1 to the PS of the treated subject. We do this matching for each treated
subject in the sample. Finally, we calculate the weighted mean difference between the matched
pairs to derive the mean estimate of ACET using the PSM estimator. Depending on the simulation
scenarios, generally, not all treated subjects will successfully be matched with controls each time,
thus the true estimand in practice is actually the expected ACET among those treated subjects

conditional on existence of a successful match.

4.4.4 Variance estimation

We considered 4 variance estimators, namely the BRR, the Fay’s method, the full bootstrap
and the conditional bootstrap respectively, to estimate the variance of the PSM estimator of the
ACET. We empirically estimated the true variance of the PSM estimator directly from the Monte
Carlo simulation, that is, as the variance of the PSM estimator across the Monte Carlo samples.
To implement the BRR and Fay’s method of variance estimation, we use the R ’survey’ package
[58] to create the replicate weights. The adjustment parameter p in the Fay’s method is set to 0.3.
These replicate weights are used as follows: for BRR (4.9), for each of the replicate weights, we
obtain the weighted PSM estimator of the ACET. The variance of these PSM estimators obtained
across the set of replicate weights is calculated as the final variance estimate of the PSM estimator.
For the Fay’s method (4.11), it further adjusts the variance estimator by the adjustment parameter
p. For the full bootstrap method, we run 1000 bootstrap samples to study the variance of the PSM

estimator. We first draw bootstrap clusters with replacement in each stratum followed by drawing
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bootstrap subjects with replacement within each bootstrap cluster to get the final bootstrap sample.
In the bootstrap sample, we re-estimate the PS, using the same unweighted logistic regression
model, and we re-conduct the PSM. Finally, we calculate the weighted mean difference among
re-matched pairs. Same as before, the variance of PSM estimators from the 1000 full bootstrap
samples is calculated as the variance estimate of the PSM estimator. For the conditional bootstrap,
we neither re-estimate the PS nor re-conduct the PSM. Instead, we draw bootstrap clusters with
replacement in each stratum similar to what we do for the full bootstrap, then we bootstrap
the matched pairs in the original simulation sample within each bootstrap cluster. Afterwards
we calculate the weighted mean difference among the re-matched pairs. Finally, we derive the
variance estimate of the PSM estimator from studying the variance of PSM estimators from the
1000 conditional bootstrap samples.

As performance metrics, the mean value, the median value, the 25% percentile and the
75% percentile of the Monte Carlo simulation estimates by each of the 4 methods are reported and
shown in boxplots. We compare the empirically estimated true variance to the 4 variance estimates

to assess the performance of these variance estimation methods.

4.4.5 Simulation scenarios
Scenario one: different covariate distributions

Varying the distributions of the covariates will change the heterogeneity in characteristics.
It will affect the PSM. In addition, covariates generated from different distributions will result in
different non-responses and different population effects (due to interactions between the treatment
and covariates). In short, varying the covariate distribution results in different heterogeneity in
characteristics. It changes the true variance of the PSM estimator, and affects performance of
the variance estimators. Three varying parameters are considered in this scenario, in order to

change the covariate distribution: 1) the stratum mean T/"#%"; 2) the cluster specific covariate
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mean t¢/“'¢" and 3) the variability of the covariates within the cluster T¢°"*¢S_ We vary one of
the 3 parts and fix the other two each time. The possible values of each of the three varying parts

are set to 0.1, 0.2 and 0.3. At the same time, 6°/#"¢" and G°“/<®™¢ are fixed and are set to 1.

Scenario two: different effect distributions

We also vary the distributions of the potential outcomes to vary the effect distributions. This
variation changes neither the matching mechanism nor the non-response mechanism. However, it
may change the variability of the final estimated ACET. We hypothesize that this change would
have less effect on the variance estimation compared to that in the previous section. There are 2
parts that could change the effect distribution: 1) the variation of the cluster specific treatment
effect o€/ (which leads to different heterogeneity in cluster specific treatment effect) and 2) the
variation of the error term of the outcome 6?*/““*¢_ Similar to the above, we change one of them

stratum

each time, and the potential values of both of them are set to 1 and 2. In this scenario, T ,

geluster gnd geovariates are fixed and are set to 0.1.

Scenario three: increased number of strata

We set the number of strata to a relatively small number, four, in all scenarios we have
introduced above. However, different numbers of strata could also change the variability of the
true variance. Especially when the true variance of the PSM estimator is large, a relatively large
number of strata could help reduce the true variance to a reasonable value. Increasing the number
of strata is equivalent to increasing the number of replicate weights, either for the jackknife method
or for the BRR method or for Fay’s method. We investigate a scenario where we increase the
total number of strata from 4 to 10. In this scenario, T¥"@um _gcluster qnd geovariates gre fixed to 0.1.

Gclusler and gfutcome gra cat to 1.
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Scenario four: increased sample clusters

So far we have considered scenarios where the number of PSU’s sampled, i.e the number
of clusters samples, is 2 in all strata. However, in practice there also could be more than 2 clusters
drawn in each stratum. In addition, for both the full bootstrap and the conditional bootstrap,
sampling with replacement from 2 clusters is problematic, as in those situations the bootstrap
population size on the stratum level is 2 which is too small. In this scenario, we consider drawing
10 clusters, instead of 2 clusters, with replacement to form the sample. Correspondingly, we
increase the number of clusters in each stratum in the population from 20 to 50. However, both
the BRR and Fay’s method require that there are only 2 sample clusters in all stratum. To solve
this issue, we proceed in 2 different ways. In the first, we combine the 10 sample clusters to 2 big
clusters. The method used for combination is kmeans clustering where k is set to 2 based on the
estimated PS. Combining multiple clusters together is frequently used in practice. For example,
the PATH study combines 3 clusters into 2 in those strata which have more than 2 sampled clusters.
After combining the clusters, we follow the same process we have discussed before to estimate the
variance. This is a straightforward approach but it ignores the between cluster variation, which
matters in survey design. In the second approach, we randomly split the 10 clusters in each stratum
into 5 groups. Each group contains 2 out of 10 randomly selected sample clusters. We call the
randomly formed groups pseudo sub-strata, thus we create 5 pseudo sub-strata within each stratum
in the sample. In this way, we artificially create and increase the number of strata. Again, we

follow the same process with these constructed sub-strata for follow-up analysis afterwards.

4.4.6 Simulation results

We are most interested in investigating the bias of the variance estimators. In Figure
4.1-4.3, we increase the value of the 3 varying parts, g¥7@wn geluster and geovariates regpectively

each time. Three panels are included in each figure, representing different values of the parameter
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under consideration, with the other two parameters fixed at the value of 0.1. The corresponding
values are shown in the label on top of each panel. The horizontal dashed line represents the
true variance empirically estimated from the Monte Carlo simulation, and the dot in the boxplot
indicates the empirically estimated mean using the corresponding variance estimator. In Figure
4.1, when we increase the standard deviation of the stratum mean from 0.1 to 0.3, the true variance
of the PSM estimator increases. This is as expected, because the subjects are more heterogeneous
in this case. Notice that the magnitude of the increase is not big. Among the 4 variance estimation
methods, BRR and Fay’s method perform the best and are similar to each other. Although the
variance of these two estimators are larger than the 2 bootstrap methods, the expected values of
the BRR or the Fay’s method are very close to the true variance. The percent bias, defined as
the percentage of the absolute difference between the estimate and the true variance over the true
variance, is 9% for the BRR estimate and 10% for the Fay’s estimate, as shown in panel 3. The
2 bootstrap methods perform similarly to each other, and both underestimate the true variance.
In Figure 4.2, we increase the variability of the cluster specific covariate means t</“¢". As this
variability increases, we notice a significant increase in the true variance of the PSM estimator
(panel 3). In addition to the increased heterogeneity of subject characteristics, as we have seen
when we increase """ more importantly here there is less chance that subjects can successfully
match each other within the same cluster. This has a huge effect on the PS estimation as well as
the followup PSM estimator. In this case, the percent bias is 4% for the BRR estimate and 2% for
the Fay’s estimate. Meanwhile, the Fay’s method results in a smaller standard deviation. Each
of these two methods still out-performs the bootstrap methods which consistently underestimate
the true variance. In Figure 4.3, we show the summary results when we increase the covariates
variability T¢"#@!¢s from the left panel to the right panel. Increasing T¢°"“ ¢S has the least effect
on the variance estimation compared to increasing 74" or t¢/“S" ' The increased variability of
the covariates within the clusters doesn’t affect the PSM much.

In the second scenario summarized in Figure 4.4, we consider varying the 2 parameters
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Figure 4.1: Scenario one results (varying t¥74/%m),

Scenario one with fixed te/#ster — ()., geovariates — () |, geluster — | apd g@¥come — | The number
of strata is 4 and the number of clusters in all strata is 20. Varying t"%*" from 0.1, 0.2 to 0.3.
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Figure 4.2: Scenario one results (varying t¢/#5¢").

Scenario one with fixed Tsr@um — ()1, geovariates — () 1 gcluster — 1 and g2#come — |, The number
of strata is 4 and the number of clusters in all strata is 20. Varying t</“¢" from 0.1, 0.2 to 0.3.
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Figure 4.3: Scenario one results (varying T’ dres),

Scenario one with fixed T @um — (.1, geluster — (.1, gcluster — | and g®<om¢ — |, The number of
strata is 4 and the number of clusters in all strata is 20. Varying TV from 0.1, 0.2 to 0.3.

oeluster and goeome which are related to the effect distribution. These parameters have no effect
on either the PS estimation or the non-response mechanism. The PSM is conducted within each
cluster, thus as the second panel in Figure 4.4 shows, increasing the variability of the cluster
specific treatment effect doesn’t affect the true variance of the PSM estimator as long as the
matching proportion is high enough. In the 3rd panel in Figure 4.4, we see that increasing the
effect variability by increasing the variability of the error term increases the true variance of the
PSM estimator of ACET, similar to the scenario we have shown when we increase T¥"%%" In all
scenarios we have seen so far, both the BRR estimate and the Fay’s estimate work well and the
Fay’s estimate performs slightly better with smaller standard deviation. In scenario 1 & scenario
2, we consider cases with a comparably small number of strata, which is 4. In scenario 3, we
increase the number of strata from 4 to 10. As Figure 4.5 shows, the variance is reduced when the
number of strata increases, as expected. Again, the Fay’s estimate ends up with a smaller percent

bias as well as a smaller standard deviation compared to the BRR estimate.
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Figure 4.4: Scenario two results.

Scenario two with fixed t¥"@um — (.1, tcluster — ().1 and t¢o¥i@es — ().1. The number of strata is

4 and the number of clusters in all strata is 20. Varying 6/¢" and 6?““°™¢ respectively from 1 to
2.

In scenario 4, the number of strata remains at 4, and we increase the number of clusters
within each stratum in the population from 20 to 50. Now, instead of drawing 2 sample clusters
of 4 in each stratum as previously, we draw 10 out of the 50 clusters, with replacement. Figure
4.6 summarizes the findings. Combining multiple clusters to 2 PSU is a commonly-used strategy
in practice to handle the dilemma where we have more than 2 PSU. [38, 64] However, in this
simulation scenario, we seen that it has poor performance, in that combining clusters followed
by using either the BRR method or the Fay’s method significantly overestimate the variance of
the PSM estimator of ACET. Both of the two methods result in a percent bias of 207%. However,
creating pseudo sub-strata followed by using these two methods works very well (with percent
biases 1% and 9% respectively). An interesting finding in this scenario is that both the full
bootstrap and the conditional bootstrap perform very well as the number of sample clusters
increases (with percent biases 5% and 4% respectively). This implicitly demonstrates the reason

why the bootstrap methods failed in previous scenarios. It is actually due to the limited number
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Figure 4.5: Scenario three results.

Scenario three with fixed T4 = .1, t¢ls'er = (0.3, geovariaies — (.1, g<™“s'¢r = 1 and
goucome — 1. The number of clusters in all strata is 20. Increasing the number of strata from 4 to
10.
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Figure 4.6: Scenario four results.

Scenario four with fixed T%"¥%" = 0.1, teluster = ()1, geovariates — (.1, g¢“ster = 1 and
goutcome — 1 The number of strata is 4. Increasing the number of clusters from 20 to 50 and
sample 10 out 50 clusters in all strata.

of clusters, in other words, the bootstrap population is too small and drawing bootstrap sample
clusters from the limited bootstrap population with replacement is not valid. When the number of
sample clusters from the population is big enough, the bootstrap methods would finally outperform
the BRR and the Fay’s method. In addition, the variability of the bootstrap estimators are smaller
than the variability of the BRR and the Fay’s method estimators. Again, Fay’s method slightly
outperforms the BRR method and the full bootstrap and the conditional bootstrap consistently
perform similar to each other, which is also as what we expected because the PSM is conducted

without replacement.
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4.5 Case study

Finally, we apply the variance estimation methods of the PSM estimator discussed in the
simulation study to a real study to assess their performance using actual survey data. We use the
data from the PATH study, [38] a large national longitudinal study aiming to assess tobacco use
and how it affects the health of people in the United States. Data are collected at approximately
annual intervals (Waves). The question of interest here is whether, among baseline smokers who
made quit attempt within the past year, using counseling or self-help materials in the quit attempt
helped them reduce cigarette consumption in the long-term. Comparing to those who didn’t
use such assistance to help them quit, we hypothesize that those who accepted counseling or
self-help materials would smoke less in the long-term. In addition to using counseling or self-help
materials, participants could use e-cigarettes, other tobacco products such as cigars, pipe, hookah,
snus, smokeless tobacco, as well as nicotine replacement therapy and pharmaceutical aids to help
them quit cigarette smoking, or none of these. To test our hypothesis, we use the PSM to match
those who didn’t use any counseling or self-help materials to those who used either counseling or
self-help materials in their last quit attempt, followed by calculating the weighted mean difference
in cigarette consumption reduction among the matched pairs. Our main focus in this real study is
to assess the variance estimate of this PSM estimate of ACET.

In detail, we focus on Wave 2 (W2) to W4 PATH survey data. We include survey partic-
ipants who were baseline cigarette smokers at W2 and made at least one quit attempt between
W2 to W3. Whether they used counseling or self-help materials to help quit smoking during their
last quit attempt is the exposure of interest and it was assessed at W3. Finally, we calculate the
outcome, cigarette consumption reduction, as the difference between W4 cigarette consumption
and W2 cigarette consumption. We use PSM to form the matched pairs as we mentioned earlier.
Specifically, we select 20 baseline covariates which were potentially related to either the exposure

or the outcome to estimate the PS using a logistic regression model. The covariates are mixed
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which include both categorical covariates and continuous covariates. In detail, they are age, sex,
ethnicity, race, education, income, nicotine dependence score, duration of last quit attempt, timing
from last quit attempt, smoking-related health problems, smoking pack-years, age started smoking
fairly regularly earlier than 18, perceived harm of cigarettes, self-efficacy about quitting cigarettes,
interest in quitting cigarettes, smoking-free home, exposure to other smokers, health insurance
status and internal/ external mental health problems. The PATH study used a stratified multistage
sampling, same as what we have discussed in this chapter. Two clusters were sampled as PSU
in all strata followed by sampling individual participants from each of the sample PSU. The
non-responses were also adjusted by multiplying the inverse probability of being a response to
the original survey weights for all participants. The PATH study used the Fay’s method with the
adjustment parameter p = 0.3 to form the replicate weights, thus the BRR is not considered in this
case study. In total, one hundred replicate weights were generated and provided in the survey data.
We use these 100 replicate weights directly to do the following analysis. We calculate the variance
of the PSM estimator using the Fay’s method, the full bootstrap and the conditional bootstrap
respectively and report the results.

In total, we get 2454 baseline smokers who either smoked daily or non-daily at W2, and
have answered both W2 and W4 cigarette consumption questions. Among those participants,
237 used counseling or self-help materials to help them quit during their last quit attempt. The
other 2217 participants either used other products such as e-cigarettes, tobacco products to help
them quit, or they didn’t use anything during that time. Among the 20 mixed baseline covariates,
participants have the choice and can not answer specific questions or they forget certain questions.
Because of this, many covariates have missing values. We use simple imputation to impute the
missing covariates before we conduct the PSM and the final analysis. The imputation is conducted
with R package "mice’. [?] The variation of the imputation is not taken into account as it is not of
the main interest in this chapter. Instead, we fix one imputed data set for further analysis.

Those 2454 participants came from 98 unique strata. In each stratum, we have 2 PSU
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except for one specific stratum in which we have only one sample cluster remain. In the analysis,
we find that the mean estimate, the cigarette consumption reduction between the 2 groups of
participants, by the PSM, is -1.98. That is, those who didn’t use counseling or self-help materials
to help them quit reduced around 2 more cigarettes per day compared to those who used counseling
or self-help materials. The estimated variance of this PSM estimator by the 3 variance estimation
methods are: 1) the Fay’s method: 8.13; 2) the full bootstrap: 13.52 and 3) the conditional
bootstrap: 9.32.

The results of the case study show that using counseling or self-help materials among
PATH W2 smokers didn’t help them reduce cigarette consumption in the long-term compared
to those who didn’t use counseling or self-help materials. The results are far from achieving
statistical significance. The variance estimation by the Fay’s method, the full bootstrap and the

conditional bootstrap do not really differ to each other in this real study.

4.6 Discussion

In this chapter, we have investigated variance estimation for the matching estimator of the
ACET, in the context of a complex survey sample, with survey weights. We take the PSM estimator
as an example, however our results can be easily generalized to other matching estimators. In 4.3,
we have shown that under mild regularity conditions when the cluster size goes to infinity, the
PSM estimator is consistent in estimating the ACET within clusters. Based on this property along
with other assumptions given in 4.3, we have shown that the mean estimate of the PSM estimator is
asymptotically consistent over the entire sample when both the cluster size and the number of strata
goes to infinity, using the asymptotic theory given by Serfling in a double array setting. Further,
we have proven the consistency of the variance estimation of the PSM estimator using either the
jackknife method or the BRR method, using a similar approach. These two variance estimation

methods can be re-written to the same form when the estimator is a linear transformation of the
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outcome and the number of sample clusters is 2 in all strata. The PSM estimator in our setting
satisfies such a condition. Fay’s method, as an adjusted BRR method, improves the BRR estimate
in certain circumstances and it is commonly-used in practice. In addition, the consistency of the
BRR estimate can also be generalized to the variance estimate using the Fay’s method. In 4.4, we
ran a simulation study to compare the performance of the BRR method and Fay’s method to the
performance of bootstrap methods, including the full bootstrap and the conditional bootstrap. The
results have shown that in general when the number of PSU in each stratum in the survey data
is 2, the BRR estimate and the Fay’s estimate work well and they outperform the full bootstrap
and the conditional bootstrap. Fay’s method slightly outperforms the BRR method also. The full
bootstrap and the conditional bootstrap perform similarly to each other but they underestimate
the true variance in this case. However, when the number of the PSU in all strata is large, the
performance of the two bootstrap methods is improved and might finally outperform the BRR and
the Fay’s method, as the bootstrap estimates usually result in less variability. Finally in 4.5, we
have used the PATH data to study the performance of these variance estimation methods for the
PSM estimator. The results showed that in practice, the BRR method, the Fay’s method and the
bootstrap methods might not really differ much from each other.

As we have mentioned, we are actually estimating the average causal effect among those
treated subjects who can find successful matches in the control group. For most situations in our
simulation study, the proportion getting successful matching across the whole sample is high. In
those situations, the Monte Carlo mean estimate of the PSM estimator is close enough to the true
ACET. For the other scenarios for example where the standard deviation of the cluster specific
covariate mean is too big, the matching proportion substantially reduces. In these scenarios, we
estimate the effect among those treated subject that can be matched. For this estimand of interest
in practice, the PSM estimator is still consistent. Also it is of interest to note that the variability of
the cluster specific treatment effect doesn’t effect the final variance estimation. This term cancels

out between the potential outcomes of the treated and the potential outcomes of the control.
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In addition, the sampling design that has been discussed in this chapter is with replacement.
Sampling with replacement is used as it doesn’t affect the variance estimation. [57] In contract,
when we use sampling without replacement but keep assuming a with replacement design, the
true variance would be overestimated [57] and need to be adjusted. However, our results can
be generalized to the sampling without replacement design. Remember we assume that a small
number of clusters is drawn in all strata, that is, we assume my, is fixed. Also, we assume the
number of strata H goes to infinity, thus we have Z{Ll my/ ):f:l My — 0 as ):Ih{:l my, — oo. Rao
and Shao [70] have shown that under this condition, the practice of sampling without replacement
still leads to the approximately unbiased variance estimation of the matching estimator using the
standard variance estimator, which is Var,, »(d) we discussed in this chapter.

Survey designs may draw different numbers of PSU in each stratum. A commonly used
design is to draw 2 PSU in all strata, in which case the BRR method or Fay’s method may
be advantageous for variance estimation. They substantially reduce the number of replicates
compared to the jackknife method, which saves a great amount of time in practice. In addition,
we have shown that in this scenario, neither the full bootstrap nor the conditional bootstrap
is appropriate. The two bootstrap methods perform similarly and both underestimate the true
variance. When more clusters or PSU are drawn in the strata, the performance of the bootstrap
methods are improved as the bootstrap population (the number of sample clusters in the strata)
increases. When the number of PSU is big enough, the bootstrap methods may work better than the
BRR and the Fay’s method as the bootstrap base estimators end up with smaller variances. In the
same scenario where more than 2 PSU are drawn in all strata, the BRR and the Fay’s method can
still perform well. A suggested adjustment approach is to split each stratum into several pseudo
sub-strata, where 2 PSU remain in each created pseudo sub-stratum, and conduct the same analysis
with the constructed pseudo sub-strata. In practice, another potential adjustment is to combine
different PSU into 2 big PSU, as what the PATH study does. [38] However, in our simulation we

have shown this approach doesn’t work well. It turns out to overestimate the variance significantly.
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The full bootstrap and the conditional bootstrap for estimating the variance of the matching
estimator turn out to be similar across our simulation studies. This is consistent with previous find-
ings [12] where matching is without replacement. When matching is conducted with replacement,
the conditional bootstrap method will underestimate the true variance, whereas the full bootstrap
still works well or is conservative. Future work will focus on how to derive and evaluate variance

estimation for the matching estimator when matching is with replacement.

4.7 Afterthoughts before next Chapter

So far, we have used the PSM technique to investigate the effectiveness of e-cigarette
use on the long-term cigarette cessation using PATH survey data. To improve the existing PSM
method, we have further explored the DM estimator to make DR causal inference. In addition, we
have proved the large sample properties of the variance estimator for the matching estimator of the
ACET in complex surveys.

In the last chapter, we will summarize and discuss the findings from Chapters 2 to 4 and
give our final conclusions. We will also consider future work that continues our research in the
matching estimator causal inference area.

This chapter, in full, has been prepared for submission for publication as ”Chen, Ruifeng;
Messer, Karen S. Large sample properties of the variance estimation of matching estimators in

complex survey”. The dissertation author was the primary author on this paper.
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Chapter 5

Conclusions and future work

This dissertation has presented the explicit form of a DM estimator, an improved method
of PSM which can make DR causal inference. Furthermore, we have shown how to conduct
the variance estimation of the matching estimator in complex surveys with survey weights. The
performance of these proposed methodologies has been illustrated in simulation studies and with
applications to the PATH tobacco survey data. The motivation of exploring the main statistical
methodologies came from a tobacco control study, presented in chapter two, where we used PSM
to investigate whether e-cigarette use in a quit attempt has helped US smokers who use them
to achieve smoking cessation in the long-term. Results of the use of the DM estimator in such
questions were consistent with results of the use of the PSM estimator that we used in the original
question. Moreover, we have presented and demonstrated a consistent estimator of the variance of
such matching-based estimators variance, for use with complex survey data.

In particular, in chapter two we used the PATH data to address whether the use of e-
cigarettes to aid quitting contributed to increased successful smoking/ nicotine cessation in the US
population (self-reported 12+ months continuous abstinence [28]). We focused on any e-cigarette
use for quitting compared to no use and we used caliper nearest neighbor PSM to match each

e-cigarette user with up to two closely matched control respondents on 24 potential confounders
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identified a priori. We compared population-weighted abstinence rates in the matched samples.
This approach estimated the effect of e-cigarette use explicitly among those who choose to use
them as a cessation aid, and was less dependent on modelling assumptions than regression-based
approaches which estimate the average causal effect among the entire population (both users and
non users). [9] A follow-up regression model was conducted to achieve a DR estimator. Bootstrap
quantile confidence intervals were used to assess statistical significance. Finally, we verified
the appropriateness of the PSM by comparing the kernel density estimates of the PS. The PSM
analysis found no evidence for a difference in the proportion who achieved long-term abstinence
from cigarettes between those who used e-cigarettes to help quit smoking and the matched sample
of those who did not use e-cigarettes as a cessation aid. Instead, more importantly, we found that
e-cigarettes users were less likely to be long-term nicotine abstinent at follow up.

In chapter three, we studied the performance of the DM estimator which matches on
both the PS score and the PGS score simultaneously in estimating the ACET. In a simulation
study, the performance of the proposed DM estimator was compared with other commonly-used
estimators in estimating the ACET including the OLS estimator, the PSM estimator and a usual
regression-based DR estimator PSM-OLS (PSM-regression more generally). As expected, the
DM estimator performs well when at least one of the PS and the PGS is correct. Meanwhile, the
DM estimator only pays a very small to modest penalty in efficiency for its double-robustness. In
our simulated data, one of our covariates is omitted in predicting the PS, compared to the situation
where all covariates are simulated to be related to the PGS, thus the PSM is less efficient than the
OLS estimator when both of the models are correct. Importantly, an interaction between one of
our covariates and treatment indicator has been added to make the ACET differ from the ACE. We
further explored interval estimators for the DM estimator in this chapter, under a SRS design. Here,
we considered the full bootstrap which bootstraps sample individuals followed-by re-estimating
the PS and re-matching bootstrap pairs, the conditional bootstrap which bootstraps the pairs in

the original sample directly without re-estimating the PS or re-conducting the matching, and a
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parametric method which estimates the variance from the difference of the matched pairs. Results
have shown that the full bootstrap consistently works well although it is sometimes conservative.
The conditional bootstrap works similar to the parametric approach, and they are more efficient
when the DM estimator uses matching without replacement. However, they underestimate the
variance when matching with replacement. For both the cigarette cessation rate and the cigarette
consumption reduction, the DM estimator ended up with negative results.

In chapter four, we investigated methods for variance estimation of the matching estimator
in complex surveys with survey weights. We studied the PSM estimator as an example, which can
be generalized to other matching estimators. We showed that the PSM estimator is asymptotically
consistent in estimating the ACET, or the causal effect among those matched treated subjects,
with given assumptions and under mild regularity conditions, using the asymptotic theory given
by Serfling in a double array setting. Furthermore, we proved the asymptotic consistency of the
jackknife and the BRR variance estimators for the PSM estimator. These two estimators can be
re-written in the same form when the PSM estimator is a linear transformation of the outcome and
the number of sample clusters is 2 in all strata. In addition, consistency can be generalized to the
Fay’s estimate which is an improved BRR method and is commonly-used in practice in survey
studies. We used a simulation study to compare the performance of the BRR estimate and Fay’s
estimate to the performance of the full bootstrap and the conditional bootstrap variance estimators.
In these two bootstrap methods, each bootstrap-sample cluster is followed by bootstrap-sampling
individuals within clusters to get the final bootstrap sample. The results showed that in general
when we have 2 PSU in each stratum in the survey design, the BRR estimate and the Fay’s estimate
work well and outperform the full bootstrap and the conditional bootstrap. In our simulation, Fay’s
estimate consistently slightly outperforms the BRR estimate, which ends up with a larger standard
deviation and percent bias. The full bootstrap and the conditional bootstrap perform similarly to
each other, but they both underestimate the true variance. When the number of PSU’s in all strata

is increased, the performance of the two bootstrap methods improves. In this scenario, the BRR
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estimate and the Fay’s estimate still work, but we need to create pseudo sub-strata to ensure each
pseudo sub-stratum contains 2 PSU. We compare the performance of these variance estimators
using the PATH data and we found that using counseling or self-help materials didn’t help smokers
who want to quit cigarette smoking reduce the cigarette consumption in the long-term. We use it
as a case study example in this chapter without controlling for all major variables. The case study
also shows that in real data, these variance estimators might not differ much to each other and end
up with similar conclusions.

In conclusion, we have used PSM estimator of the ACET to demonstrate that the use of
e-cigarettes is not an effective method of quitting cigarettes among US smokers. In fact, it may
contribute to continuing use of nicotine. Following this study, we proposed and explicitly studied
the DM estimator which gives the PSM estimator more room to be correct in estimating the ACET.
Finally, we have assessed methods for variance estimation of the matching estimator in complex
surveys and would suggest Fay’s method should be used in such circumstances. In the following
paragraphs, we discuss some of key findings in these chapters as well as the future work.

First of all, in the second chapter, besides the fact we found that e-cigarettes are not helpful
for cigarette cessation, it’s worth noticing the low rates of nicotine abstinence found in our study.
Nicotine abstinence was measured by e-cigarettes, other tobacco products, and NRT products.
Long-term nicotine abstinence was well under 5% for US smokers who used e-cigarettes to quit,
and nearly doubled for those who did not. Among those who successfully used e-cigarettes to
attain long-term abstinence from cigarettes, two-thirds were still using e-cigarettes during the
follow-up year. One thing of particular concern to public health professionals is the high rate
of continued smoking of other forms of tobacco among those who successfully quit cigarettes,
ranging from 17% of those who successfully used e-cigarettes to quit to 7% among successful
pharmaceutical aid users.

An interesting finding in the third chapter is the extra robustness to model mis-specification

which is possible for matching estimators. In certain circumstances, exact matching is still possible
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even though the balancing measure in the PGS or the PS model is incorrect. This allows for extra
robustness in the incorrect model specification case for matching estimators as compared to their
regression-based counterparts. Methods which are even more independent of the functional form
of these models have been proposed [36] and are worth further study. However, there is also the
trade-off for the matching estimators when a non-negligible proportion of treated subjects has been
discarded after matching, which is not the case in our study but also needs further assessment.

Considering matching with replacement, theory suggests and our simulations in chapter 3
confirm that it has higher variance than matching without replacement. In case of a large covariate
imbalance between treatment groups, matching with replacement may reduce bias, however. For
estimators incorporating matching with replacement under the SRS design, conditional methods
of confidence interval estimation are not recommended. Both the conditional bootstrap and
conditional parametric approaches resulted in under-coverage in our simulation scenarios. As the
replication rate increases, the under coverage will become more severe. The full bootstrap had
conservative coverage for some of the matching estimators, and it became more conservative when
matching with replacement, consistent with previous findings [34, 12]. The full bootstrap can be
considered for use, as Abadie [4] showed that matching on the estimated PS adds a non-positive
adjustment factor to the asymptotic variance of the estimator which matches on the true PS. This
lends theoretical support to the idea that the full bootstrap will always be conservative for matching
with replacement. As a correction, Bodory [15] proposes the wild bootstrap in which the sample
covariates are fixed, and in each bootstrap sample, treatment indicators are resampled and the
propensity score is re-estimated. They showed that the wild bootstrap comes closer to the nominal
size than the full bootstrap for matching with replacement. Future work in this area will focus on
finding a similar adjusted approach for the DM estimator.

We aim to estimate the ACET throughout, however, as we have mentioned, many times
we are actually estimating the average causal effect among those treated subjects who can find

a successful match in the control group. For example for scenarios in chapter four where the
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standard deviation of the cluster specific covariate mean is too big, the matching proportion
substantially reduces. In these scenarios, we are actually estimating the effect among those treated
subject that can be matched. For this estimand of interest in practice, the PSM estimator is still
consistent. Another cluster -related variation component, the variability of the cluster specific
treatment effect, doesn’t effect the final estimate of variance. This term cancels out between the
potential outcomes of the treated and the potential outcomes of the control.

Finally, in chapter 4, our simulation results consistently show that the Fay’s estimate
slightly outperforms the BRR estimate. We randomly choose the adjustment parameter p = 0.3 in
our setting. In the future, it’s worth exploring the underlying mechanism and the choice of the
adjustment parameter p in different scenarios. In addition, the variance estimators based on the
full bootstrap method and on the conditional bootstrap turn out to be similar across our simulation
studies. This is consistent with previous findings [12] where matching is without replacement.
When matching is conducted with replacement, the conditional bootstrap method is going to
underestimate the true variance, where the full bootstrap still works well or conservative. Future
work will focus on how to derive and evaluate the variance estimation for the matching estimator

when matching is with replacement.
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Appendix A

Additional materials for Chapter 2

A.1 Measurement detail for pre-identified study covariates in

PATH study

Socio-demographics: Use standard derived variables for age, sex, ethnicity, race, edu-
cation, and income. Note the variable of education comes from PATH Wave 1 database, it’s not
available in Wave 2 database based on our knowledge.

Nicotine dependence scale: Variables are combined to derive nicotine dependence scale
by calculating the mean of the non-missing scores. Nicotine dependence items take the form of a
series of statements on emotional and physical responses to nicotine products (e.g. ”’I frequently
crave product”, I usually want to use product right after I wake up”, ”I [would ] feel alone without
my product”). Respondents are asked to rate their level of agreement with each statement on a
5-point scale, where 1="Not true of me at all” and 5="Extremely true of me”. Respondents can
also answer ”don’t know” or refuse to answer the question; these are treated as missing responses.
Responses are rescaled to a 3-point scale, where 1 (not at all) =0, 2 or 3 = 50 and 4 or 5 =100,
summed and divided by the number of non-missing values.

Cigarette consumption: Average number of cigarettes smoked each day. Responses could
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Wave 1 Wave 2 Wave 3 Wave 4

Baseline Assessment Exposure Assessment Outcome Assessment
2013-14 > 2014-15 > 2015-16 > 2016-17
Report of Report of Report of
Current Quit Attempt Long-term
Smoking in the Past Cigarette
Year Abstinence
Additional
covariates Baseline
assessed at Covariates
Wave 1
n=10722 n=2852 n=2535

Figure A.1: Data collection schema for e-cigarette use to aid long-term smoking cessation in the
US analysis.

Note:

Sample sizes (n) are unweighted.

Current smoking includes both daily and non-daily smoking.

Additional covariates assessed at Wave 1 include the assessments of smoking related diseases and
daily e-cigarette use at Wave 1.

be reported as cigarettes or packs. For respondents with missingness, we replaced their cigarette
consumption by multiplying average number of cigarettes smoked per day among non-current
30-day smokers with the number of days smoked in the past 30 days, and divided by 30 days.
Responses larger than 100 were considered errors and were replaced with 100 (the maximum
value is 100).

Length of the QA Prior to Wave 2: Length of last quit attempt in the past 12 months.

Timing of the QA: This was calculated as the date of W3 survey completed minus the end
date of the most recent quit attempt reported in W3.

Smoke-free home: Statement that best describes rules about smoking a combustible
tobacco product inside home. It’s a 3-point scale from 1 (not allowed anywhere or anytime at all)
to 3 (allowed anywhere or anytime at all).

Perceived harm of cigarettes: Respondents were asked "How harmful do you think
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cigarettes are to health?” and could reply on a 5-point scale from 1 (not at all harmful) to 5
(extremely harmful).

Relative perceived harm of e-cigarettes: Respondents were asked Is using e-cigarettes
less harmful, about the same, or more harmful than smoking cigarettes?”” and could reply on a
3-point scale, where 1=Less harmful, 2=About the same and 3=More harmful.

Exposure to other smokers: ”’In the past 7 days, number of hours that you were in close
contact with others when they were smoking.”

Pack years of smoking: Calculated by multiplying the number of pack smoked per day
by the number of years the respondent smoked regularly, when respondents answered “Yes” to
either question ”Smoked same number of cigarettes per day since started smoking fairly regularly”
or "Smoked same number of cigarettes per day since started smoking fairly regularly (Pack
measure)”.

Age started smoking fairly regularly Binary variable with answers yes or no.

Interest in quitting cigarettes: On a scale of 1-10 where 1=Not at all interested and
10=Extremely interested.

Self-efficacy about quitting: "’If you did try to quit product altogether in the next 6 months,
how likely do you think you would be to succeed?” on a 4-point scale from 1=Not at all likely and
4=Very likely.

Smoking related health diagnoses: Respondents were asked if they had ever been told by
a doctor or health professional that they had any of the listed diseases. Group A: Heart Disease:
High blood pressure; High cholesterol; Congestive heart failure; A stroke; A heart attack; Some
other heart condition. Group B: Respiratory Disease: COPD; chronic bronchitis; emphysema;
asthma; some other lung or respiratory condition. Group C: Cancer.

Disorder symptoms for externalizing mental health problems: Respondents were asked
the last time they had experienced any of 7 externalizing (e.g., had a hard time paying attention or

listening to instructions at school, work or home, bullied or started physical fights). The number
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of reports of experiencing such symptoms in the past month or the past 2-12 months was summed
and coded into a 3-level severity indicator, with those reporting O or 1 symptom scored as Low,
2-3 symptoms scored as Moderate and 4 or more scored as High.

Disorder symptoms for internalizing mental health problems: Respondents were asked
the last time they experienced any of 4 internalizing disorder symptoms: feeling very trapped,
lonely, sad, blue, depressed, or hopeless about the future, feeling very anxious, nervous, tense,
scared, panicked, or like something bad was going to happen, had sleep problems. The number of
reports of experiencing such symptoms in the past month or the past 2-12 months was summed
and coded into a 3-level severity indicator, with those reporting O or 1 symptom scored as Low,
2-3 symptoms scored as Moderate and 4 or more scored as High.

Insurance coverage at Wave 2: Respondents who reported currently being covered by at
least one type of health insurance, including insurance purchased directly or through an employer
or union, Medicare, Medicaid, VA, TRICARE or other military health care and Indian Health
Insurance, were scored as having insurance coverage. Missing data on all of these variables were
coded to “’did not have insurance”.

Daily cigarettes use at Wave 2: Respondents’ cigarettes used at Wave 2, either smoked
every day or smoked some days.

Daily e-cigarettes use at Wave 1 or Wave 2: Either daily e-cigarette use at Wave 1 or

daily e-cigarette use at Wave 2 were considered prior daily e-cigarette use.
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Table A.1: Univariate distribution of study covariates by cessation aid category.

Used e-Cigarettes on Did Not Use e-Cigarettes on

Used pharmaceutical aid only on

Used no product on

Parameter Quit Attempt (n = 427) Quit Attempt (n = 2,108) Quit Attempt (n = 465) Quit Attempt (n = 1,643)
No. Weighted % 95%CI  No. Weighted % 95%CI  No. Weighted %  95% CI No. Weighted %  95% CI
Age
18-34 218 20.5 175,234 922 79.5 76.6,82.5 115 10.3 84,123 807 69.2 66.0,72.4
35-50 127 19.2 159,224 546 80.8 77.6,84.1 144 20.7 172,243 402 60.1 56.1,64.2
>50 82 11.8 9.5,142 640 88.2 85.8,90.5 206 29.0 24.9,33.0 434 59.2 54.8,63.5
Sex
0 =Male 202 16.8 14.4,19.2 1012 832 80.2,86.2 191 17.6 15.1,20.1 821 65.7 62.7, 68.6
1 = Female 225 18.1 15.3,20.9 1095 81.9 79.1,84.7 274 20.9 18.3,23.6 821 61.0 57.7,64.2
Education
Less than high school 89 132 10.1,164 593 86.8 83.6,89.9 113 17.1 139,203 480 69.7 65.1,74.2
High school graduate 90 15.1 10.9,19.2 502 84.9 80.8,89.1 100 19.7 158,235 402 65.3 60.0, 70.6
Some college or higher 230 21.1 18.3,23.8 944 79.0 762,817 242 20.0 177,223 702 589 55.6,62.2
Ethnicity
Hispanic 37 8.7 59,116 334 91.3 88.4,94.1 40 9.6 6.7,126 294 81.6 78.1,85.2
Non-Hispanic 390 19.1 17.2,21.1 1732 80.9 789,828 413 20.5 18.6,22.4 1319 60.3 57.8,62.9
Race
White 354 20.8 18.5,23.0 1400 792 77.0,81.5 326 20.0 179,220 1074 59.3 56.5,62.1
Black 26 5.6 33,79 433 94.4 90 19.3 152,234 343 75.1 70.3,79.9
Asian 4 * * 33 88.7 5 * * 28 76.2 63.2,89.3
Other 39 18.1 12.0,242 190 81.9 758,880 36 14.0 9.7,18.4 154 67.8 61.0,74.6
Income
< 35,000 220 14.3 12.2,16.5 1341 85.7 83.5,87.8 268 17.5 15.1,19.9 1073 68.2 65.3,71.1
350,00 — 100,000 155 22.9 19.6,26.1 523 77.1 141 21.8 185,252 382 553 50.9,59.7
> 100,000 35 23.2 159,304 110 76.8 30 20.9 143,276 80 559 474, 64.4
Health Insurance Status
No 70 15.6 10.6,20.5 414 84.4 79.5,89.4 50 10.0 7.1,13.0 364 74.4 69.2,79.6
Yes 357 17.9 16.2,19.7 1683 82.1 80.3,83.8 411 21.2 19.1,23.3 1272 60.9 58.4,63.4
Disorder symptoms for externalizing mental health problems
Low 184 132 11.3,152 1241 86.8 84.8,88.7 262 18.9 165,213 979 67.9 64.9,70.9
Moderate 134 238 19.4,283 492 76.2 71.7,80.6 127 213 179,246 365 549 50.1,59.7
High 109 225 18.5,26.5 375 715 735,815 76 17.2 12.8,21.6 299 60.3 55.2,65.4
Disorder symptoms for internalizing mental health problems
Low 153 13.8 11.7,16.0 1042 86.2 84.0,883 222 19.1 16.6,21.6 820 67.1 64.0,70.1
Moderate 127 19.7 159,236 530 80.3 76.4,84.1 124 19.8 16.6,23.1 406 60.4 56.6, 64.2
High 147 224 189,259 536 77.6 74.1,81.1 119 18.5 147,223 417 59.1 54.1,64.2
Smoking-related diseases
1 = Marked 201 16.2 139,185 1069 83.8 81.5,86.1 308 24.8 21.8,279 761 589 557,622
Nicotine dependence
0-33.3 89 14.2 10.8,17.6 571 85.8 824,892 51 82 55,109 520 77.6 733,819
33.4-66.7 172 17.1 14.5,19.7 839 82.9 203 21.2 18.1,243 636 61.7 58.3,65.1
66.8-100 165 21.6 18.4,24.8 648 784 207 27.0 237,303 441 514 474,554
Smoke-free home
1 = Smoking is not allowed anywhere 246 17.5 153,197 1174 82.5 80.3,84.7 233 17.4 152,196 941 65.2 62.0, 68.3
Perceived harm of cigarettes
Not to somewhat harmful 65 12.4 9.1,157 463 87.6 84.3,909 83 158 122,193 380 71.8 67.3,76.3
Very/extremely harmful 360 18.6 16.7,20.5 1641 81.4 79.5,83.3 380 20.0 18.0,22.0 1261 61.4 58.8, 64.1
Relative perceived harm of e-cigarettes
1 = Less harmful 262 272 24.3,30.1 726 72.8 69.9,75.7 171 18.0 152,208 555 54.8 51.5,58.1
2 = About the same 142 12.5 10.3,14.7 1064 87.5 85.3,89.7 236 21.1 18.3,23.8 828 66.5 63.1,69.8
3 = More harmful 16 * * 242 94.3 90.8,97.8 36 13.3 8.7,17.8 206 81.0 75.0,87.0
Second-hand smoking hours in past 7 days
< 10 hours 262 15.6 13.8,17.3 1479 84.4 82.7,862 331 19.8 17.5,22.1 1148 64.7 61.8,67.5
> 10 hours 161 22.1 18.6,25.6 597 779 744,814 130 18.0 149,212 467 59.9 55.7, 64.0
Age began regular smoking
18+ 160 172 144,200 874 82.8 80.0,85.6 204 19.3 16.6,22.1 670 63.5 59.8,67.2
<18 238 20.9 18.4,23.5 907 79.1 76.5,81.6 223 21.7 18.8,24.6 684 574 544, 60.3
Cigarette consumption
1-9 CPD 194 15.3 13.2,17.5 1089 84.7 161 12.6 104,149 928 72.0 69.0,75.0
10-19 CPD 131 20.3 164,243 533 79.7 150 23.6 20.0,27.2 383 56.1 51.4,60.8
20+ CPD 93 19.4 156,232 436 80.6 147 29.8 251,345 289 50.8 46.2,55.4
Pack-years
<20 137 19.8 165,232 591 80.2 76.8,83.5 121 17.1 14.0,20.3 470 63.0 59.1,66.9
21-35 29 19.7 12.3,27.1 117 80.3 729,877 41 31.7 23.0,404 76 48.6 40.0,57.2
> 35 16 18.0 80,279 85 82.0 721,920 36 34.5 23.6,454 49 415 38.3,56.8
Interest in quitting cigarettes
1-7 139 15.0 12.3,17.7 802 85.0 82.3,87.7 127 15.1 12.0,183 675 69.8 66.3,73.4
8-9 86 18.5 139,232 379 81.5 76.8,86.1 93 19.6 159,232 286 61.9 56.0, 67.8
10 (extremely Interested) 164 19.0 16.3,21.7 736 81.0 78.3,83.7 205 23.6 20.5,26.7 531 574 54.0, 60.8
Self-efficacy about quitting
No intent to quit in next 6 mos 192 20.0 17.3,22.8 826 80.0 772,827 165 17.3 14.6,20.1 661 62.7 59.5,65.8
Not at all or a little likely 28 19.3 124,263 117 80.7 737,876 34 227 15.2,30.3 83 579 49.1,66.8
Somewhat likely 83 18.5 144,226 366 81.5 774,856 108 253 204,302 258 56.2 50.5,61.9
Very likely 60 13.8 9.9,17.6 360 86.2 82.4,90.1 81 18.9 14.6,23.3 279 673 61.8,72.7
Length of the QA reported at W1
<30d 171 16.9 14.0,19.8 845 83.1 201 21.5 183,246 644 61.7 579,655
30+d 68 25.0 19.1,30.7 226 75.0 40 154 107,200 186 59.7 54.1,65.4
No quit/no data 188 16.1 139,182 1037 83.9 81.38,86.1 224 18.1 157,206 813 65.8 62.5,69.1
Timing of the QA
<6 mo 205 157 13.6,17.8 1136 84.3 261 20.2 178,226 875 64.1 61.3,66.9
6+ mo 98 19.3 15.6,23.0 461 80.7 99 17.9 145,214 362 62.8 58.1,67.5
No quit/no data 124 19.3 162,225 511 80.7 775,83.8 105 18.0 14.6,21.5 406 62.6 58.5,66.7
Daily cigarettes use at W2
1=Marked 290 17.4 15.3,19.5 1455 82.6 80.5,84.7 383 234 21.0,258 1072 59.2 56.4,61.9
Daily e-cigarette use at W1 or W2
1=Marked 160 54.3 473,613 96 45.7 38.7,527 25 12.3 7.6,16.9 71 33.4 26.3,40.6

* Estimate was suppressed because it has Tow statistical precision.
sample size of less than 20.

Ttis based on a denominator
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A.2 Improvement in covariate balance with propensity score
matching: comparability of groups (kernel density plots
and average covariate balance grid across all bootstrap
runs)

Boxplots show, for each covariate in the propensity score model, the bootstrap distribution
of the mean difference between exposed and non-exposed samples, before matching (left hand
plot) and after matching (right hand plot), across all bootstrap samples (1500 bootstrap for both
the primary comparison and the secondary comparison). For each bootstrap sample, the covariate
is standardized using the entire sample prior to dividing into exposed and non-exposed subjects
and taking the mean. Missing observations are imputed for each bootstrap sample as an initial

step.

A.2.1 Primary comparison: e-cigarettes on the QA versus no e-cigarettes

on the QA

A.2.2 Previous daily use of e-cigarettes across study groups

We presented details of the covariate with the largest residual between-group difference
after matching: previous daily use of e-cigarettes. That there was still a residual difference after
1:2 matching reflects the considerable difference in previous daily e-cigarette use between the
two study groups. Among those who used e-cigarettes to help them on the QA, 20.8% were
previous daily users and a further 21.5% had been fairly regular users. For those who did not use
e-cigarettes on the quit attempt, only 3.2% had been previous daily users of e-cigarettes and a

further 7.4% had used e-cigarettes fairly regularly.
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%' No e-cigarette users % No e-cigarette users
2 E-cigarette users s E-cigarette users
.
0 0-
U‘,r J‘Q (w..: [\‘F‘ [\‘3 J‘J U‘? 3‘4 [\‘5
Propensity Score Propensity Score
Before Matching Selected Bootstrap Sample Size After Matching (matching is without replacement)
(E-cigarettes use: 406, no E-cigarettes use: 2129) (E-cigarettes use: 375, no E-cigarettes use: 676)

Figure A.2: E-cigarettes on the QA vs no e-cigarettes on the QA: randomly selected one
example from 1500 bootstrap runs (PS of e-cigarettes use).

Table A.2: Prior e-cigarette use among US smokers who made a quit attempt in 2015-20162, by
use or no use of e-cigarettes as a cessation aid.

E-Cigarettes used to quit (W3) (n=294) E-cigarettes not used to quit (W3) (n=1881)

Prior E-cigarette use % 95% C.L. % 95% C.L.
Never 154 10.6,20.2 53.7 51.5,55.9
Ever but not fairly regularly 423 37.7,46.9 35.7 33.5,38.0
Fairly regularly but not daily W1 or W2 21.5 16.7,26.4 74 6.0, 8.7
Daily W1 or W2 20.8 15.6,25.9 32 24,41

Abbreviations: C.L., Wilson Confidence Limit; the QA, Tast quit attempt; W2, PATH Study Wave
2; W3, PATH Study Wave 3; W4, PATH Study Wave 4.
2, Weighted U.S. population estimates.
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Nicotine dependence - -'—D]—-°
Cigarette consumption - m——'
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Smoke-free home -

Perceived harm of cigarettes - -—[D—-O
Relative perceived harm of e-cigarettes - ——[D——
Exposure to other smokers - -—D]—--
Pack years of smoking - —D]—- .
Age started smoking fairly regularly - -—D]—-
Interest in quitting cigarettes - —D]—- .

Self-efficacy about quitting -

Smoking related diseases - —m—-

Disorder symptoms for externalizing mental health problems -

Disorder symptoms for internalizing mental health problems - -—[D—--
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covariates_difference_between_groups

Figure A.3: Standardized differences in 24 important covariates between smokers who used
e-cigarettes to quit in 2015-2016 and those who did not, before and after matching.

Note: for a given covariate, we define ”a marked improvement in covariate balance from
matching” as a decrease of at least 0.1 units in the median absolute difference of the standardized
covariate between exposed and non-exposed subjects, comparing the bootstrap distribution before
and after matching. These comparisons do not use the survey weights. For comparison 1, the
following 16 covariates below achieved a marked improvement in covariate balance from the
matching procedure (ordered by size of the difference in medians): Daily e-cigarette use at W1 or
W2, Relative perceived of harm of e-cigarettes, Income, Disorder symptoms for externalizing
mental health problems, Disorder symptoms for internalizing mental health problems, Age,
Nicotine dependence, Ethnicity, Age started smoking fairly regularly, Race, Exposure to other
smokers, Perceived harm of cigarettes, Education, Interest in quitting cigarettes, Self-efficacy
about quitting, Length of the QA reported at W2.
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Pharmaceutical aid users
E-cigarettes users

Pharmaceutical aid users
E-cigarettes users

density
density

Propensity Score Propensity Score

Before Matching Selected Bootstrap Sample Size After Matching (matching is without replacement)

(E-cigarettes use: 444, pharmaceutical aid use: 448) (E-cigarettes use: 251, pharmaceutical aid use: 353)

Figure A.4: E-cigarettes on the QA vs pharmaceutical aid on the QA: randomly selected one
example from 1500 bootstrap runs (PS of e-cigarettes use).

A.2.3 Secondary comparison: e-cigarettes on the QA versus pharmaceutical

aid on the QA

A.3 Sensitivity analyses of the main PSM analyses

We present sensitivity analyses to add 1:2 propensity score matching matched pairs or
triples as random effects instead of fixed effects in the logistic regression after matching (figure 4)
as well as 1:1 propensity score matching with adjusting indicators of matched pairs or triples as

fixed effects, to check the robustness of our findings.
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Figure A.5: Standardized differences in 24 important covariates between smokers who used
e-cigarettes to quit in 2015-2016 and those who used pharmaceutical aid to quit, before and after
matching.

Note: for a given covariate, we define ”a marked improvement in covariate balance from
matching” as a decrease of at least 0.1 units in the median difference of the standardized covariate
between exposed and non-exposed subjects, comparing the bootstrap distribution before and after
matching. These comparisons do not use the survey weights. For comparison 3, the following 16
covariates below achieved a marked improvement in covariate balance from the matching
procedure (ordered by size of the difference in medians): Age, Daily e-cigarette use at W1 or W2,
Relative perceived of harm of e-cigarettes, Smoking related diseases, Daily cigarette use at W2,
Pack years of smoking, Cigarette consumption, Disorder symptoms for externalizing mental
health problems, Disorder symptoms for internalizing mental health problems, Nicotine
dependence, Length of the QA reported at W2, Age started smoking fairly regularly, Health
insurance status, Income, Exposure to other smokers, Gender.
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A)

> 12-Month Outcomes RD (95% Cl)

at Wave 4
Cigarette abstinence @ 0.08 (-0.03, 0.09)
Nicotine abstinence —_— -0.04 (-0.08, -0.004)

-0.10 -0.05 000 0.05 0.10
Risk Difference

B)

> 12-Month Outcomes RD (95% Cl)

at Wave 4
Cigarette abstinence @ 0.03 (-0.04, 0.10)
Nicotine abstinence —_—— -0.03 (-0.07, 0.01)

-0.10 -0.05 000 005 0.10
Risk Difference

Figure A.6: The 1:2 propensity score matching with matched pairs or triples adjusted as random
effects.

Note: adjusted estimate of differences 2 in long-term cigarette abstinence® and long-term nicotine
abstinence®, according to cessation aid to quit among US smokers, population assessment of
tobacco and health study, United States, wave2 to wave4. A) e-cigarettes vs no e-cigarettes on last
quit attempt prior to W3; B) e-cigarettes vs pharmacotherapy on last quit attempt prior to W3.

4. The mean difference between fitted values in the exposed group and the unexposed group from
an adjusted logistic regression model, with longitudinal survey weights.

b Abstinence from cigarette smoking for 12+ months and from any nicotine product for 12+
months, assessed at W4.

Confidence intervals are Bonferroni adjusted for each comparison.
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A.3.1 The 1:2 propensity score matching with matched pairs or triples

adjusted as random effects

A.3.2 The 1:1 propensity score matching with matched pairs or triples

adjusted as fixed effects

Additionally, we conducted the sensitivity analysis to test the robustness of 1:2 propensity
score matching by comparing estimated mean effects of each outcome of each comparison with
those effects derived using 1:1 propensity score matching, in which we did not adjust any remaining
covariate or overall propensity score due to the excellent covariates balance after matching. (data
not shown) All estimates for each comparison and for each outcome were very similar to those
estimates in our main propensity score matching analyses, which indicates 1:2 matching didn’t

introduce significant bias in our study compared to 1:1 matching.

A.4 Sensitivity analyses of logistic regression models for PSM
models

We present sensitivity analyses for our primary comparison, use of e-cigarettes on the
QA vs no use of e-cigarettes on the QA, related to both long-term (12+ months) cigarettes
abstinence and nicotine abstinence; and our secondary comparison, use e-cigarettes on the QA
vs use pharmaceutical aid on the QA with same endpoints. Overall, we used logistic regression
analyses with longitudinal survey weights in parallel to PSM analyses in this section. Missing
covariates were imputed with one simple imputation before logistic regression (seed was set to
1000 in R). Bonferroni correction was adjusted to primary comparison related 2 outcomes, and the

secondary comparison related 2 outcomes respectively.
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E-cigarette on the QA vs no e-cigarette on the QA  Risk Difference Risk Ratio Odds Ratio Adj 95% CI for OR
12+ months cigarette abstinence at W4 0.02 1.14 1.20 0.78, 1.85

E-cigarette on the QA vs no e-cigarette on the QA Risk Difference Risk Ratio Odds Ratio Adj 95% CI for OR
12+ months nicotine abstinence at W4 -0.05 0.35 0.38 0.15, 0.99

A.4.1 a. primary comparison: use e-cigarettes on the QA vs did not use

e-cigarettes on the QA

12+ months cigarette abstinence: Logistic regression of e-cigarette as a cessation aid
compared to no e-cigarette on the QA, controlled for relevant propensity score covariates (age,
gender, ethnicity, race, education level, income, nicotine dependence (ND), relative perceived
harm of e-cigarettes and daily e-cigarettes use at Wave 1 or Wave 2), corrected for multiple (2)
comparisons.

12+ months nicotine abstinence: Logistic regression of e-cigarette as a cessation aid
compared to no e-cigarette on the the QA, controlled for relevant propensity score covariates (age,
gender, ethnicity, race, education level, income, nicotine dependence (ND), relative perceived
harm of e-cigarettes and daily e-cigarettes use at Wave 1 or Wave 2), corrected for multiple (2)
comparisons.

Findings from the 4.a of sensitivity analyses of the primary comparison (use e-
cigarettes on the QA vs did not use e-cigarettes on the QA)

Outcome 1. 12+ months cigarette abstinence: There was no difference in 12+ month
cigarettes abstinence at W4 between those who used an e-cigarette to quit and those who did not.
The confidence limits on odds ratio crossed 1.0.

Outcome 2. 12+ months nicotine abstinence: There was statistically significant differ-
ence in 12+ month nicotine abstinence at W4 between those who used an e-cigarette to quit and

those who did not. The confidence limits on odds ratio didn’t cross 1.0. Using an e-cigarette to
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E-cigarette on the QA vs pharmaceutical aid on the QA Risk Difference Risk Ratio Odds Ratio Adj 95% CI for OR
12+ months cigarette abstinence at W4 0.04 1.42 1.36 0.64,2.88

E-cigarette on the QA vs pharmaceutical aid on the QA  Risk Difference Risk Ratio Odds Ratio Adj 95% CI for OR
12+ months nicotine abstinence at W4 -0.03 0.50 0.42 0.11, 1.57

quit prior to W3 caused 5 percent decrease in 12+ month nicotine abstinence at W4 compared to

not using an e-cigarette to quit prior to W3.

A.4.2 b. secondary comparison: use e-cigarettes on the QA vs use pharma-

ceutical aid on the QA

12+ months cigarette abstinence: Logistic regression of e-cigarette as a cessation aid
compared to pharmaceutical aid on the the QA, controlled for relevant propensity score covariates
(age, gender, ethnicity, race, education level, income, nicotine dependence (ND), relative perceived
harm of e-cigarettes and daily e-cigarettes use at Wave 1 or Wave 2), corrected for multiple (2)
comparisons.

12+ months nicotine abstinence: Logistic regression of e-cigarette as a cessation aid
compared to pharmaceutical aid on the the QA, controlled for relevant propensity score covariates
(age, gender, ethnicity, race, education level, income, nicotine dependence (ND), relative perceived
harm of e-cigarettes and daily e-cigarettes use at Wave 1 or Wave 2), corrected for multiple (2)
comparisons.

Findings from the 4.b of sensitivity analyses of the second secondary comparison (use
e-cigarettes on the QA vs use pharmaceutical aid on the QA)

Outcome 1. 12+ months cigarette abstinence: There was no difference in 12+ month
cigarettes abstinence at W4 between those who used an e-cigarette to quit and those who used
pharmaceutical aid only to quit. The confidence limits on odds ratio crossed 1.0.

Outcome 2. 12+ months nicotine abstinence: There was no difference in 12+ month
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The interaction between e-cigarette use and baseline smoking status Odds Ratio Adj 95% CI for OR
12+ months cigarette abstinence at W4 2.15 0.99, 4.68
12+ months nicotine abstinence at W4 3.05 0.37, 25.25

nicotine abstinence at W4 between those who used an e-cigarette to quit and those who used

pharmaceutical aid only to quit. The confidence limits on odds ratio crossed 1.0.

A.5 Sensitivity analyses of logistic regression models for in-
teractions between e-cigarette use and key covariates on
cigarette abstinence/ nicotine abstinence

We present sensitivity analyses for testing whether e-cigarette use on cigarette abstinence/
nicotine abstinence was different by study key covariates: baseline smoking status (daily vs
non-daily cigarette smoking at Wave 2), nicotine dependence (nicotine dependence scale < 50
vs > 50), age (< 35 vs > 35), sex (male vs female), education level (at least some college or
higher vs others) and race & ethnicity (non-Hispanic white vs others). Logistic regressions were
conducted, and one of the key covariates listed above, the e-cigarette use and their interaction were
included as predictors in each of the logistic regression models. Those with missing covariates

were removed in the logistic regression models.

A.5.1 a. interaction between e-cigarette use and baseline smoking status on

cigarette abstinence/ nicotine abstinence

Logistic regression of e-cigarette use, baseline smoking status and their interaction on

cigarette abstinence/ nicotine abstinence
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The interaction between e-cigarette use and nicotine dependence Odds Ratio Adj 95% CI for OR
12+ months cigarette abstinence at W4 1.52 0.71, 3.25
12+ months nicotine abstinence at W4 6.17 0.78, 48.54

The interaction between e-cigarette use and age Odds Ratio  Adj 95% CI for OR
12+ months cigarette abstinence at W4 0.92 0.42, 2.05
12+ months nicotine abstinence at W4 0.91 0.17, 4.94

A.5.2 b. interaction between e-cigarette use and nicotine dependence on

cigarette abstinence/ nicotine abstinence

Logistic regression of e-cigarette use, nicotine dependence and their interaction on cigarette

abstinence/ nicotine abstinence

A.5.3 c. interaction between e-cigarette use and age on cigarette abstinence/

nicotine abstinence

Logistic regression of e-cigarette use, age and their interaction on cigarette abstinence/

nicotine abstinence

A.5.4 d. interaction between e-cigarette use and sex on cigarette abstinence/

nicotine abstinence

Logistic regression of e-cigarette use, sex and their interaction on cigarette abstinence/

nicotine abstinence
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The interaction between e-cigarette use and sex Odds Ratio Adj 95% CI for OR
12+ months cigarette abstinence at W4 0.50 0.22,1.12
12+ months nicotine abstinence at W4 0.89 0.19, 4.20

The interaction between e-cigarette use and education level Odds Ratio Adj 95% CI for OR
12+ months cigarette abstinence at W4 1.07 0.49, 2.34
12+ months nicotine abstinence at W4 0.21 0.04, 1.04

A.5.5 e. interaction between e-cigarette use and education level on cigarette

abstinence/ nicotine abstinence

Logistic regression of e-cigarette use, education level and their interaction on cigarette

abstinence/ nicotine abstinence

A.5.6 f. interaction between e-cigarette use and race ethnicity on cigarette

abstinence/ nicotine abstinence

Logistic regression of e-cigarette use, race & ethnicity and their interaction on cigarette
abstinence/ nicotine abstinence

Findings from outcome 1. 12+ months cigarette abstinence: None of the interactions
between the key covariates and e-cigarette use were statistically significant, which indicates that
there were no difference of e-cigarette use on cigarette abstinence among those with different
baseline smoking status, nicotine dependence, age, sex, education level and race & ethnicity The

confidence limits on odds ratio crossed 1.0.

The interaction between e-cigarette use and race & ethnicity Odds Ratio Adj 95% CI for OR
12+ months cigarette abstinence at W4 1.54 0.57,4.17
12+ months nicotine abstinence at W4 0.89 0.17, 4.69
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The interaction between e-cigarette use and baseline smoking status on cigarette abstinence
was nearly significant, and daily baseline cigarette users were more likely to be cigarette abstinence
at Wave 4 if they used e-cigarette at Wave 3, compared to non-daily baseline cigarette users (OR
for the interaction: 2.15, 95% CI: 0.99, 4.68). However, e-cigarette use was not significant to
cigarette abstinence among either daily baseline cigarette users or non-daily users. In detail,
among daily baseline cigarette users, the odds ratio for cigarette abstinence comparing those who
used e-cigarette to quit and those who didn’t use e-cigarette to quit was 1.52 (95% CI: 0.95, 2.42).
Among non-daily baseline cigarette users, the odds ratio for cigarette abstinence comparing those
who used e-cigarette to quit and those who didn’t use e-cigarette to quit was 0.71 (95% CI: 0.38,
1.30).

Findings from outcome 2. 12+ months nicotine abstinence: None of the interactions
between the key covariates and e-cigarette use were statistically significant, which indicates that
there were no difference of e-cigarette use on nicotine abstinence among those with different
baseline smoking status, nicotine dependence, age, sex, education level and race & ethnicity The
confidence limits on odds ratio crossed 1.0.

The interaction between e-cigarette use and education level on nicotine abstinence was
nearly significant, and those who were more educated were less likely to be nicotine abstinence at
Wave 4 if they used e-cigarette at Wave 3, compared to non-daily baseline cigarette users (OR
for the interaction: 0.21 95% CI: 0.04, 1.04). In detail, e-cigarette use was significant to nicotine
abstinence among those who were more educated, the odds ratio for nicotine abstinence comparing
those who used e-cigarette to quit and those who didn’t use e-cigarette to quit was 0.13 (95% CI:
0.03, 0.48). E-cigarette use was not significant to nicotine abstinence among those who were less
educated, and the odds ratio for nicotine abstinence comparing those who used e-cigarette to quit

and those who didn’t use e-cigarette to quit was 0.59 (95% CI: 0.24, 1.46).
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