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Method comparison and estimation
of causal effects of insomnia

on health outcomes in a survey
sampled population

Anja Shahu?, Joon Chung?, Wassim Tarraf3, Alberto R. Ramos*, Hector M. Gonzalez®,
Susan Redline?, Jianwen Cai® & Tamar Sofer%%7"

Applying causal inference methods, such as weighting and matching methods, to a survey

sampled population requires properly incorporating the survey weights and design to obtain effect
estimates that are representative of the target population and correct standard errors (SEs). With a
simulation study, we compared various approaches for incorporating the survey weights and design
into weighting and matching-based causal inference methods. When the models were correctly
specified, most approaches performed well. However, when a variable was treated as an unmeasured
confounder and the survey weights were constructed to depend on this variable, only the matching
methods that used the survey weights in causal estimation and as a covariate in matching continued
to perform well. If unmeasured confounders are potentially associated with the survey sample design,
we recommend that investigators include the survey weights as a covariate in matching, in addition
to incorporating them in causal effect estimation. Finally, we applied the various approaches to the
Hispanic Community Health Study/Study of Latinos (HCHS/SOL) and found that insomnia has a causal
association with both mild cognitive impairment (MCl) and incident hypertension 6-7 years later in the
US Hispanic/Latino population.

Abbreviations

ATE Average treatment effect

ATT Average treatment effect for the treated

BG Block group

CATE Conditional average treatment effect

CATT Conditional average treatment effect for the treated
CEM Coarsened exact matching

CEMW Coarsened exact matching weights

CI Confidence interval

Cover Coverage

HCHS/SOL Hispanic Community Health Study/Study of Latinos
HH Household

IPTW Inverse probability of treatment weighting

IRR Incidence rate ratio

ISW Inherited survey weights

MCI Mild cognitive impairment

MR Mendelian Randomization

Obs Observations

OR Odds ratio
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OoswW Original survey weights

PS Propensity score

PSM Propensity score matching

PSW Propensity score weighting

RCT Randomized controlled trial

SE Standard error

SMD Standardized mean difference

SUTVA Stable unit treatment value assumption

Modifiable lifestyle behaviors, such as sleep, are essential to health, and are therefore targets for intervention to
mitigate or prevent adverse health outcomes. While randomized controlled trials (RCTs) are the gold standard
for causal inference, they can also be impractical and expensive and lack generalizability when using specific
inclusion and exclusion criterial>. RCTs may also be unethical if they withhold treatment for some individuals
when one is available®. Thus, researchers have called for greater use of causal inference methods in observational
sleep studies to assess the potential impact of treatment effects®.

Using multiple causal inference methods can establish more robust causal associations than application of
a single approach®®. With the growing availability of complex health surveys conducted on racial and ethnic
minorities, who have been historically underrepresented in research despite having higher disease burdens,
investigators have more opportunities to make inferences on these populations and ensure that research is more
representative of the world’s diversity”®. However, complex health surveys—-which use multi-stage probability
sampling and include survey weights that contain information on the sampling design and adjustments for
issues, such as non-response——present unique challenges. Survey weights and design must be incorporated into
statistical models to obtain estimates representative of the target population and to provide correct standard
errors (SEs)’. However, since causal inference methods were developed under the assumption of a simple random
sample (SRS), incorporating the survey weights and design in a way that limits confounding while maintaining
representativeness is not straightforward.

Motivated by the Hispanic Community Health Study/Study of Latinos (HCHS/SOL)--the largest longitudinal
cohort study with multiple sleep measures at baseline and the only study with comprehensive sleep measures in
alarge, diverse sample of US Hispanics/Latinos, we aimed to investigate how to apply matching and weighting-
based causal inference methods to complex health survey data. Both weighting and matching methods estimate
the causal effect by balancing the distribution of covariates between the exposed and unexposed groups, relying
on the three assumptions of exchangeability, positivity and Stable Unit Treatment Value Assumption (SUTVA)'™.
We conducted a simulation study to compare various approaches for incorporating the survey weights and design
into weighting and matching methods!!"1°. We use the simulation results to inform our use of the HCHS/SOL
for estimating the effect of insomnia on prevalent mild cognitive impairment (MCI) and incident hypertension
in the US Hispanic/Latino population.

Potential outcomes framework and causal estimands

Relying on a potential outcomes framework, suppose that a study has n individuals sampled from a population of
size N. An individual i has two potential outcomes Y;(a), for exposure a = 0 (unexposed) and a = 1 (exposed)*®.
Let Z; be the indicator for observed exposure, with Z; = 0if unexposed and Z; = 1if exposed'®. The individual’s
observed outcome is then Y;(Z;) = Z; x Y;(1) + (1 — Z;) x Y;(0)'.

At the population level, the average potential outcomes are represented by E[Y(1)] and E[Y (0)] when all
individuals in the population are exposed and unexposed, respectively!'’. For binary outcomes, these values
are represented by probabilities: Pr[Y (1) = 1] and Pr[Y(0) = 1], respectively'”. Some causal effects of inter-
est can include the rate difference Pr[Y (1) = 1] — Pr[Y (0) = 1], the risk ratio % and the odds ratio
Pr[Y()=1]/Pr[Y(H)=0])17
(Pr[Y (0)=1]/Pr[Y(0)=0]) ~

Common causal estimands (i.e., defined quantities that one can estimate from data) of interest include the
average treatment effect (ATE), average treatment effect for the treated (ATT), conditional ATE (CATE) and
conditional ATT (CATT)'®. The marginal estimands, ATE and AT'T, define exposure effect on the entire popu-
lation and on those individuals who are observed as exposed, respectively'®, obtained from analysis that is not
adjusted for any covariates. The conditional estimands, CATE and CATT, align with the ATE and ATT defi-
nitions, but are additionally conditional on the sampling distribution of the covariates, X;'°, i.e. are obtained
from analysis that adjusts for covariates. For a continuous outcome, we define ATE as E[Y (1) — Y(0)], ATT as
E[Y(1) — Y(0)|Z = 1], CATE as E[Y(1) — Y(0)|X]and CATT as E[Y(1) — Y(0)|Z = 1, X]'%. Like the popula-
tion causal effect, these definitions can be modified to apply to a binary outcome. In observational data that
use exposure, rather than treatment, data, we use the term “exposed”, while in clinical trials and observational
studied in which individuals are treated with a specific intervention, the term “treatment” is used. Henceforth we
use “ATT” and “CATT” rather than “average exposure effect on the exposed” and “conditional average exposed
effect on the exposed” for consistency with the causal inference literature.

The ATE and the ATT may coincide in a randomized controlled trial (RCT) due to randomization, but will not
generally coincide in an observational study because the exposed and unexposed groups will not be comparable,
i.e. they do not have the same characteristics and covariate distributions'®. In an RCT, in the case of a continu-
ous outcome, the ATE and CATE and the ATT and CATT will both coincide, i.e., the difference in continuous
outcome means across treatment groups is “collapsible”. However, when the outcome is binary, these estimands
may not coincide due to non-collapsibility'. Table 1 provides an overview of the causal inference methods that
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PSM CEM Weighting
Description Match bafed on th§ propensity score to thain a Bin based on coarsened varigbles to obtain a o Usg weights based on the propensity score to obtain a
matched sample with balanced covariates matched, weighted sample with balanced covariates | weighted sample with balanced covariates
ATT or ATE? ATT™ ATTY ATE for IPTW, ATT for weighting by the odds'*'®
Package in R Matchlt Matchlt, cem N/A

Table 1. Comparison of weighting and matching-based causal inference methods. ATE average treatment
effect, ATT average treatment effect for the treated, CEM coarsened exact matching, IPTW inverse probability
of treatment weighting, PSM propensity score matching.

we compare and are described below, including information on the target estimand of each approach (ATE or
ATT; and CATE or CATT if covariate adjusted).

Implementation of causal inference methods in a survey study

We study the application of two categories of causal inference approaches: matching and weighting methods.
Briefly, matching methods typically identify sets (or minimally, pairs) of exposed and unexposed individuals
who have similar characteristics and use these individuals in the regression analysis. Weighting methods perform
weighted regression analysis, where each observation is weighted according to its probability of being exposed.
Notably, this is an analogue of survey regression which weights each observation according to its sampling
probability into the study (survey weight). A challenge of applying both matching and weighting-based causal
inference methods to a survey-sampled population is in using the survey weights, which we call “original survey
weights” (OSW), to obtain causal effect estimates that are representative of the target population.

Both matching and weighting methods may rely on both the OSW and on propensity score-based weights'.
The propensity score for individual i is defined as the probability of exposure, conditional on measured covariates:
e = P(Z,» = 11X1,... ,Xip)w. A popular method to calculate propensity scores is to use a logistic model given
bylogit(e;) = Bo + B1Xi1 + - - - + BypXip where p is the number of measured covariates'®. For both the weighting
and matching methods, we consider estimating the propensity scores in two ways: (1) OSW-weighted logistic
regression, and (2) logistic regression with OSW as a covariate. In the weighting and matching methods sections
below, we describe propensity score-based weights and additional method-specific weights.

Matching methods. Matching methods are generally implemented in three steps: (1) matching exposed
and unexposed; (2) assessing covariate balance between the exposure groups and (3) estimating causal effect'’.
We studied both propensity score and coarsened exact matching (PSM and CEM) implemented using the
“MatchlIt” package in R. Generally, PSM matches individuals by ensuring that their propensity scores are similar;
CEM first “coarsens” variables used for matching, with coarsening being the process of creating bins of values of
continuous variables, followed by matching, i.e. ensuring that the coarsened variables are the same in matched

Step 1: Conduct matching Step 3: Estimate the causal effect
PSM | Calculate propensity scores using: | Use matched sample to perform

1. Weighted logistic regression both unadjusted and

weighted using OSW multivariable-adjusted

2. Logistic regression with OSW as | regressions using:

‘ a covariate 1. No weights
2. OSW

Perform greedy 1:1 nearest 3.ISW
neighbors matching without
replacement

CEM | Create bins defined by: Use matched sample to perform
1. Coarsened covariates both unadjusted and
2. Coarsened covariates and multivariable-adjusted
‘ coarsened OSW regressions with uncoarsened
variables using:
Sort individuals into bins and 1. CEMW

prune individuals from any bin that | 2. CEMW x OSW
does not contain at least one
exposed and one unexposed

Figure 1. Steps in estimation of causal effects using the two compared matching methods: PSM and CEM.

Left: the three steps in the estimation process. Right: comparison of the first and third steps between the two
methods. Step 2 (assessing matching) compares means of covariates between the compared exposure groups
using the weighting approaches described in step 3. CEM coarsened exact matching, CEMW coarsened exact
matching weights, ISW inherited survey weights, OSW original survey weights, PSM propensity score matching.
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individuals. We considered a few approaches, outlined in Fig. 1, to incorporating the survey weights and design
in steps 1 and 3.

Matching exposed and unexposed. In PSM, we calculated the distance between individuals, defined as
Djj =¢; —¢'°. We then used greedy 1:1 nearest neighbor matching without replacement. This algorithm
matches every unexposed individual i to the exposed individual with the smallest distance from individual i and
discards any unmatched unexposed individuals'®. In CEM, we sorted individuals into bins based on coarsened
variables'. We considered matching based on coarsened covariates only and based also on coarsened OSW. We
coarsened the continuous covariates manually, choosing meaningful cut points when available or otherwise
choosing quantiles as our cut points. We then pruned individuals from any bin that did not contain at least one
exposed and one unexposed individual. Specifically, the CEMW w; for individual i is given by:

wi=Zi+Q1-2) ["“"e""‘)“d x —tpexposed_| - yohere by is the bin that individual i has been sorted into and

Mexposed Mp; unexposed
Munexposed aNd Mexposed pare the numpbers of unexposed and exposed individuals in the matched sample,
respectively®’. Thus, for matched individuals, the algorithm yielded CEMW that “equalize” the two groups of
matched individuals by up- and down-weighting the number of exposed and unexposed individuals within each
bin, and weight individuals in both groups so that both groups have similar characteristics to the exposed
group'®%.

Estimating causal effects.  For both PSM and CEM, we used the matched samples to fit Poisson regressions with
a “log” link to estimate incident rate ratios (for incident outcomes) and logistic regressions to estimate odds
ratios (for prevalent outcomes). We used both unadjusted and multivariable-adjusted regressions to estimate
the marginal and conditional causal effects, respectively, incorporating the sampling design using the “survey”
package in R for any weighted analysis. For PSM, we fit: (1) unweighted regression; (2) weighted with OSW and
(3) weighted with inherited survey weights (ISW), in which unexposed individuals “inherit” the survey weight
of the exposed individual that they are matched with. For CEM, we fit weighted regressions with: (1) CEMW
and (2) CEMW x OSW.

Weighting methods. We studied two types of propensity score-based weighting methods: (1) inverse prob-
ability of treatment weighting (IPTW), weighting both the exposed and unexposed individuals using their esti-
mated exposure probabilities with w; = % + 11_%", and (2) weighting by the odds using w; = Z; + (1 — Z,‘)lf—"a,
where the unexposed are weighted by their odds of being exposed.

When estimating the causal effect, we fit Poisson regressions with a “log” link to estimate incident rate
ratios (for incident outcomes) and logistic regressions to estimate odds ratios (for prevalent outcomes) on the
full sample. These were weighted using: (1) propensity score weights (PSW) and (2) PSW x OSW, where PSW
were either the IPTW or odds-weights above. We used both unadjusted and multivariable-adjusted weighted
regressions, incorporating the sampling design using the “survey” package in R, to estimate the marginal and
conditional causal effects, respectively.

Assessment of matching and weighting. Metrics, such as the absolute standardized mean difference
(SMD), can be compared before and after implementing weighting or matching methods to assess improvement
in balance of covariates across the exposure groups'®®. We define the absolute SMD of a covariate as
‘fexposed _Xunexposed |

» where Xexposed and Xupexposed are the means of covariate x in the exposed and unexposed

Sexposed

groups, and Sexposed 15 the standard deviation of x in the full exposed group. In other words, the standard devia-
tion Sexposed 18 computed using the full exposed group—before potentially sampling individuals for matching
purposes—while accounting for survey design using weighting with OSW*°. We similarly use OSW for weight-
ing when estimating Xexposed and Xunexposed- For categorical (including ordinal) variables, the absolute SMD for
each level of the covariate is calculated, where now the mean of the covariate (at a given level) is the proportion
of individuals with that level of the covariate, rather than treating the covariate as continuous'®*..

Simulation study

Sampling design.  We simulated complex health survey data with a nested structure, where the population
was segmented into block groups (BGs), with equal-sized households (HHs) nested within the BGs. We used a
stratified two-stage probability sampling design to draw 1000 independent samples from this population. This
design mimicked the sampling design of the Bronx site in the HCHS/SOL?. Figure 2 provides an overview of the
sampling design. The population contained 752 BGs split unevenly across 8 strata. We assigned the BGs strata-
specific sampling probabilities. The BG sampling probability was 25% for BGs in strata 1-4 and 60% for BGs in
strata 5-8. We sampled entire BGs without replacement from the population based on these strata-specific BG
sampling probabilities.

In the primary scenario 1 (Fig. 2), we generated the number of HHs to vary for each BG using an exponen-
tial distribution with mean of 450. Within each HH, we generated 2 individuals and their ages, and set the HH
sampling probabilities to depend on the maximum age of the HH. First, we sampled a mean age for the HH
as N(40, 152), truncated to a range of 23 to 69. Second, we sampled the age of the first individual and second
individual from a uniform, discrete distribution that ranged within 10 years of the mean age. For each HH, the
HH sampling probability was calculated as expit(—8 + 0.1 x max_HH_age), where expit(x) = %. From
the BGs that were selected in stage 1, we sampled equal-sized HHs without replacement based on these HH sam-
pling probabilities. In a secondary scenario 2, we did not use age in the sampling design (Supplementary Fig. 1).
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Figure 2. Flowchart illustrating sampling design from one sampled dataset for scenario 1, where survey
weights are constructed to depend on the confounder, age. BG block group, HH household, pop population, prob
probability.

We calculated survey weights for each sample in three steps. We let i designate the BG, j designate the HH
and k designate the individual. First, we calculated the individual sampling probability as p;ix = p pij, where p;
is the BG sampling probability and p;; is the HH sampling probability. Second, we calculated the base weights
Wijk

as wijk = ik Third, we calculated the final weights to use in our analyses as Wy = Ty
y n Zaijk Wik

P
Generating variables and association models. According to the description below, we generated the
following variables: BMI and years between visits as predictors; insomnia as the exposure of interest; hyperten-
sion status in visits 1 and 2 and MCI in visit 2 as outcomes. In brief, we generated the outcomes for a visit using a
potential outcomes framework, i.e. by simulating the outcomes under two (observed and unobserved) exposure
values, to allow estimation of both the true marginal and conditional population causal effects.

In detail, in addition to age, we generated two other predictors, baseline BMI and years between visits. BMI
and years between visits were generated independently for all individuals using N (29, 9%), truncated to the range
of 15 to 63, and using N(6, 0.52), truncated to the range of 3 to 9, respectively.

We generated the binary exposure, insomnia, independently for all individuals in two steps. First, we calcu-
lated the probability that an individual has insomnia using the following logistic model:

logit(Pr(Z; = 1)) = oo + o1 bmi; + azage;,

where g = 10g(0.109), o; = log(1.025) and oz = log(1.019), inferred from the HCHS/SOL data. Second, we
used Pr(Z; = 1) to sample the observed insomnia status, Z;, from a Bernoulli distribution.

For the binary outcomes, we generated prevalent MCI that was measured at visit 2 only and incident hyper-
tension that was measured at both visit 1 and 2. Both outcomes were generated based on the HCHS/SOL data
so that the prevalence of hypertension at each visit was relatively high (% 40%), while the prevalence of MCI
was low (=~ 8%).

We generated the outcomes for a visit using a potential outcomes framework that consisted of three steps
to allow estimation of both the true marginal and conditional population causal effects. For an individual, let
Yijx1 designate the outcome at visit 1 and Y, designate the outcome at visit 2. Let h;; be the HH clustering effect
generated using N (0, 1) and b; be the BG clustering effect generated using N (0, 0.5%). First, for a visit, we calcu-
lated the potential probabilities of the outcome under a = 1 (insomnia) and a = 0 (no insomnia) using logistic
regression models.

For prevalent MCI at visit 2, we used the following model:

logit(Pr[Yiia(a) = 1]) = B, + Bra + Brbmiyy + Bsagei + hij + bi,

where By = 10g(0.003), 81 = log(1.560), B, = log(1.018) and 83 = log(1.056), based on the HCHS/SOL data.
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For hypertension status at visit 1 and visit 2, we used the following models:

logit(Pr[Yij1 (@) = 1]) = v, + v1a + vabmij + y3ageijx + hij + bi,

logit(Pr [Yijkz (a) = 1]) =¢,+Pra+ G2bmigy + p3agejx + payearsix + hij + bi,

where yp = 10g(0.002), y; = log(1.065), y» = log(1.088), y3 = log(1.082), ¢o = log(0.001), ¢; = log(1.247),
¢2 =10g(1.082), ¢3 = log(1.092) and ¢4 = log(1.098), based on the HCHS/SOL data.

Second, we used the respective probabilities to sample Yjjx; (2) and Yjjk, (a) from Bernoulli distributions under
a = land a = 0. Third, we identified the outcomes that were observed under Z;.

In a sensitivity simulation analysis, we generated a new variable which we named education. We replaced
age with education in the data generating models for insomnia, MCI, and hypertension. Education was
generated for an individual in two steps, while ensuring that it is correlated with age. First, we drew from
Unif (min(age), max (age)). Then, we drew from a Bernoulli distribution to decide if that value should be replaced
with the individual’s age. The Bernoulli probability was chosen such that education would be correlated with age
with correlation p € {0.25,0.5,0.75}.

Calculating true causal effects. We estimated the true marginal and conditional causal effects for the
population of size N in two steps. First, we created a new data frame with 2N observations, in which every
individual has an observation for each potential outcome. Second, using the new data frame, we fit multiple
regression models, each targeting a separate causal estimand. Specifically, we estimated the ATE and the CATE
using the complete new data frame, as well as the ATT and CATT using only the observations where Z; = 1.
For prevalent MCI, we fit marginal logistic regressions (regressing MCI on insomnia; estimating ATE and ATT)
and conditional logistic regressions (regressing MCI on insomnia, BMI and age; estimating CATE and CATT).
For incident hypertension, using a “log” link, we fit marginal Poisson regressions (regressing hypertension on
insomnia with log of years between visits included as an offset; estimating ATE and ATT) and conditional Pois-
son regressions (regressing hypertension on insomnia, BMI and age with the log of years between visits included
as an offset; estimating CATE and CATT) on the observations that did not have hypertension at baseline. For
both outcomes, we used the exponentiated coefficient estimates on insomnia as the true causal effects.

Performance measures. We used bias and 95% confidence interval (CI) coverage to compare the dif-
ferent approaches to using the survey weights and design on the simulated data. We calculated bias as

ﬁ Z}QQO(TAEi — TE) where 1000 was the number of samples that were drawn from our simulated popula-

tion, TE was the true causal effect and ﬁi was the estimated causal effect for the ith sample. We calculated
95% CI coverage as the percentage of simulated samples with a 95% CI that contained the true causal effect:

100 x ﬁ Z}iﬁo I(TE € CI;) where CI; was the 95% CI for the ith sample. An approach performs well when it
has low bias and coverage near 95%.

Sensitivity analyses. We performed three types of sensitivity analyses. One, for both scenarios 1 and 2,
we treated age as an unmeasured confounder and re-ran the analyses to assess sensitivity to omission of con-
founding variables that are correlated with the survey weights. Two, we then further focused on the analysis
methods that had good performance in this scenario 1 sensitivity analysis, and generated another confounding
variable named (without loss of generality) education, and used it instead of age in the data generating models
for insomnia and for the outcomes (MCI and hypertension). We generated this variable so that it is correlated
with age with varying degrees of correlation (p € {0.25,0.5,0.75}). In this setting, age was still a design variable.
Thus, we assessed the degree to which correlation of an unmeasured confounder with a design variable may help
recover the underlying causal effect size. Three, for scenario 1, we re-generated insomnia, MCI and hyperten-
sion multiple times by varying the model intercepts and re-ran the analyses to assess sensitivity to changes in the
prevalence of the exposure and outcomes. The intercepts were chosen so that the prevalence of the exposure and
outcome varied from 5 to 35 in increments of 10.

Results. Tables 2 and 3 and Supplementary Tables 1 and 2 provide the simulation results of the various
approaches to incorporating the survey weights and design into the matching and weighting methods, respec-
tively. Under correct specification of the matching and weighting approaches, all approaches, excluding the PSM
approaches using ISW, performed well for prevalent MCI and incident hypertension in both scenarios 1 and 2
(without age in the sampling design). When age was omitted from the matching and effect estimation models
(i.e. under-specification), most approaches experienced increases in bias and poor coverage. In scenario 2, no
approach performed well. However, in scenario 1, methods that used OSW as a covariate in matching or the
propensity score calculation, in addition to incorporating OSW during causal effect estimation, continued to
perform well.

Highlighted in Tables 2 and 3 are four matching approaches identified as robust based on two subjective
criteria: (1) coverage between 93 and 97% for scenarios 1 and 2 under correct specification; and (2) coverage
between 93 and 97% for scenario 1 during under-specification. The robust PSM methods used propensity score
computed via logistic regression with OSW as a covariate for matching, and next fitted regressions weighted
using OSW. The robust CEM methods conducted matching using both coarsened covariates and coarsened OSW,
following by regressions weighted using CEMW x OSW.
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Scenario 1 Scenario 2
Specification Method Matching Adjustment Weights Bias Cover Bias Cover
No weights ~0.004 0.969 0.011 0.951
Unadjusted OSW 0.018 0.939 0.016 0.940
PS via weighted logistic regression using ISwW —0.266 0.420 0.015 0.944
Oosw No weights -0.019 0.955 0.007 0.953
Adjusted OSW 0.014 0.936 0.014 0.932
ISW 0.010 0.941 0.014 0.943
PSM
No weights -0.007 0.969 0.009 0.951
Unadjusted osw 0.018 0.946 0.015 0.943
PS via logistic regression with OSW as ISW -0.267 0.407 0.013 0.927
covariate No weights -0.020 0.964 0.006 0.941
Correct
Adjusted osw 0.019 0.937 0.014 0.940
ISW 0.009 0.943 0.015 0.934
CEMW 0.045 0.906 0.048 0.909
Unadjusted
CEMW x OSW 0.033 0.948 0.052 0.910
Binning via coarsened covariates
CEMW -0.021 0.954 0.005 0.954
Adjusted
CEM CEMW x OSW 0.009 0.944 0.011 0.943
CEMW 0.041 0915 0.047 0.910
Unadjusted
Binning via coarsened covariates and CEMW xOSW 0.030 0.947 0.052 0.910
osw CEMW -0.021 0.957 0.004 0.950
Adjusted
CEMW x OSW 0.009 0.945 0.011 0.950
No weights 0.138 0.502 0271 0.243
Unadjusted OswW 0279 0.563 0275 0.410
PS via weighted logistic regression using ISwW -0.573 0.002 0.275 0.405
OswW No weights 0.114 0.648 0.249 0.342
Adjusted OoswW 0.254 0.634 0252 0.485
ISW -0.598 0.002 0252 0.491
PSM
No weights 0.067 0.846 0.267 0.285
Unadjusted osw 0.045 0.937 0.273 0.413
PS via logistic regression with OSW as IsW -0.330 0.164 0.272 0417
I No weights 0.046 0.906 0.245 0.347
Under (no age)
Adjusted oswW 0.020 0.948 0.250 0.500
ISW -0.420 0.038 0250 0.482
CEMW 0.146 0.366 0279 0.115
Unadjusted
CEMW x OSW 0.286 0.469 0.284 0.234
Binning via coarsened covariates
CEMW 0.114 0.567 0.245 0.208
Adjusted
CEMW x 0.253 0573 0251 0.348
CEM
CEMW 0.054 0.885 0279 0.116
Unadjusted
Binning via coarsened covariates and CEMW xOSW 0.050 0.937 0.285 0.232
Oosw CEMW 0.022 0.943 0245 0.211
Adjusted
CEMW x OSW 0.017 0.949 0.251 0.352
Table 2. Simulation results for estimating effect of insomnia on prevalent MCI using various matching
methods in the two compared scenarios. Scenario 1: survey weights depend on age. Scenario 2: survey weights
do not depend on age. Bias: difference between the causal effect estimate obtained from the full (unsampled)
simulated target population dataset and the average estimated causal effect over the 1000 survey samples.
Cover: coverage of the 95% CIs defined as the proportion of simulations in which the true effect is covered by
the CIs. CEM coarsened exact matching, CEMW coarsened exact matching weights, CI confidence interval;
Cover coverage, ISW inherited survey weights, MCI mild cognitive impairment, OSW original survey weights,
PS propensity score, PSM propensity score matching. The four matching methods that we consider robust
based on results from simulations with under specification are highlighted with bold text.

Table 4 provides results from the sensitivity analysis in which a confounder (education) was correlated with
one of the survey design variables (age) and compares estimation results with and without including education
in the analysis (correct specification and under-specification, respectively), by degree of the correlation between
age and education. This sensitivity analysis focuses on the four robust matching methods identified in the first
sensitivity analysis above. When education is not incorporated in the analysis, we see that the higher its correla-
tion is with the design variable, the better the robust methods are able to recover the underlying causal effect.
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Scenario 1 Scenario 2
Specification Method | Matching Adjustment | Weights Bias Cover | Bias Cover
No weights —0.036 | 0.942 —0.004 |0.982
Unadjusted | OSW —-0.001 |0.941 —-0.001 |0.946
PS via weighted logistic regres- Isw -0.087 0776 | —0.002 | 0.953
sion using OSW No weights -0.031 |0.969 | -0.001 |0.993
Adjusted Oosw 0.002 0.934 0.002 0.949
ISw 0.004 0.945 0.001 0.940
PSM
No weights —-0.037 |0.948 -0.005 | 0.986
Unadjusted osw -0.001 | 0.956 -0.002 | 0.958
PS via logistic regression with sw —0.079 | 0784 | —0.004 | 0.946
OSW as covariate No weights -0.031 |0.978 | -0.001 |0.993
Correct
Adjusted osw 0.004 0.942 0.002 0.958
ISw 0.009 0.934 0.002 0.947
CEMW -0.020 |0.901 0.009 0.961
Unadjusted
CEMW x OSW 0.002 0.954 0.012 0.947
Binning via coarsened covariates
CEMW -0.034 |0.732 -0.005 |0.953
Adjusted
CEM CEMW xOSW | -0.002 | 0.939 —-0.002 | 0.961
CEMW -0.021 | 0.890 0.009 0.962
Unadjusted
Binning via coarsened covariates CEMW x OSW 0.002 | 0.946 0.012 | 0.953
and OSW CEMW -0.034 |0.744 | -0.005 |0.955
Adjusted
CEMW xOSW | -0.002 | 0.933 -0.002 | 0.962
No weights 0.047 0911 0.122 0.340
Unadjusted | OSW 0.126 0.707 0.126 0.330
PS via weighted logistic regres- Isw -0.345 | 0.002 0.124 0351
sion using OSW No weights 0050 [0.899 | 0.127 |0313
Adjusted Oosw 0.128 0.708 0.130 0.310
ISw -0.360 | 0.000 0.129 0.318
PSM
No weights —0.009 | 0.994 0.123 0.350
Unadjusted osw -0.001 | 0.952 0.127 0.355
PS via logistic regression with IswW -0.052 | 0915 0122 10372
OSW as covariate No weights -0.004 |0996 | 0.128 |0.316
Under (no age)
Adjusted Oosw -0.008 | 0.952 0.131 | 0.310
ISW —-0.154 |0.473 0.128 0.311
CEMW 0.050 0.608 0.131 0.081
Unadjusted
CEMW x OSW 0.134 0.627 0.133 0.167
Binning via coarsened covariates
CEMW 0.049 0.607 0.126 0.097
Adjusted
CEM CEMW x OSW 0.128 0.656 0.128 0.194
CEMW -0.013 | 0.926 0.130 0.087
Unadjusted
Binning via coarsened covariates CEMW x OSW 0.013 0.950 0.133 0.170
and OSW CEMW -0.017 0919 | 0126 |0.094
Adjusted
CEMW x OSW 0.003 | 0.951 0.128 | 0.195

Table 3. Simulation results for estimating effect of insomnia on incident hypertension using various matching
methods in the two compared scenarios. Scenario 1: survey weights depend on age. Scenario 2: survey weights
do not depend on age. Bias: difference between the causal effect estimate obtained from the full (unsampled)
simulated target population dataset and the average estimated causal effect over the 1000 survey samples.
Cover: coverage of the 95% Cls defined as the proportion of simulations in which the true effect is covered by
the CIs. CEM coarsened exact matching, CEMW coarsened exact matching weights, CI confidence interval,
Cover coverage, ISW inherited survey weights, MCI mild cognitive impairment, OSW original survey weights,
PS propensity score, PSM propensity score matching. The four matching methods that we consider robust
based on results from simulations with under specification are highlighted with bold text.

Figures 3 and 4 provide the results of the sensitivity analysis to assess the effect of changing the exposure
and outcome prevalences on the identified robust matching methods. Both bias and coverage appear robust to
changes in the exposure and outcome prevalences as long as the prevalences are not rare (i.e.>5%).
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Corr=0.25 Corr=0.50 Corr=0.75

Specification

‘Method ‘Matching Adjustment ‘Weights Bias | Cover |Bias | Cover | Bias Cover

Outcome: prevalent MCI

Correct

PSM

Unadjusted 0.018 |0.952 0.023 | 0.935 -0.020 |0.959
PS via logistic regression with OSW as covariate OoSwW
Adjusted 0.035 |0.945 0.036 | 0.930 —-0.004 |0.953

CEM

Unadjusted 0.037 |0.943 0.041 | 0.933 0.004 0.955
Binning via coarsened covariates and OSW CEMW x OSW
Adjusted 0.035 |0.939 0.034 | 0.932 -0.013 | 0.946

Under (no education)

PSM

Unadjusted 0.316 | 0.607 0.248 | 0.685 0.117 0.900
PS via logistic regression with OSW as covariate ——————  OSW
Adjusted 0.314 | 0.609 0.241 | 0.705 0.102 0.913

CEM

Unadjusted 0.320 |0.486 0.258 | 0.583 0.122 0.862
Binning via coarsened covariates and OSW CEMW x OSW
Adjusted 0.309 |0.518 0.245 | 0.613 0.101 0.897

Outcome: incident hypertension

Correct

PSM

Unadjusted 0.006 | 0.957 0.007 | 0.952 0.002 0.958
PS via logistic regression with OSW as covariate OsSW
Adjusted 0.011 |0.945 0.008 | 0.958 0.003 0.940

CEM

Unadjusted 0.019 | 0.940 0.017 | 0.961 0.013 0.962
Binning via coarsened covariates and OSW CEMW x OSW
Adjusted 0.011 |0.934 0.007 | 0.950 -0.001 |0.940

Under (no education)

PSM

Unadjusted 0.152 | 0.614 |0.110 |0.748 0.056 | 0.920
PS via logistic regression with OSW as covariate osw
Adjusted 0.155 |0.593 | 0.107 |0.757 0.050 | 0.926

CEM

Unadjusted 0.163 | 0.486 0.122 | 0.660 0.069 0.848
Binning via coarsened covariates and OSW CEMW x OSW
Adjusted 0.161 | 0.490 0.116 | 0.671 0.061 0.871

Table 4. Simulation results from the second sensitivity analysis using the four robust matching methods to
assess the degree to which correlation of an unmeasured confounder with a design variable may help recover
the underlying causal effect size. The simulations were performed under Scenario 1. Corr: correlation between
age and education. Bias: difference between the causal effect estimate obtained from the full (unsampled)
simulated target population dataset and the average estimated causal effect over the 1000 survey samples.
Cover: coverage of the 95% CIs defined as the proportion of simulations in which the true effect is covered by
the CIs. CEM coarsened exact matching, CEMW coarsened exact matching weights, CI confidence interval,
Cover coverage, ISW inherited survey weights, MCI mild cognitive impairment, OSW original survey weights,
PS propensity score, PSM propensity score matching.

Data analysis
Hispanic community health study/study of latinos. The HCHS/SOL is a community based, multi-
center, longitudinal cohort study of Hispanic/Latinos in the US*. A goal of the study was to investigate causal risk
factors of diseases in Hispanic/Latino individuals®. In 2008, the study recruited over 16,415 men and women,
aged 18-74, who self-identified as Hispanic/Latino, from four communities: Bronx, NY; Chicago, IL; Miami, FL
and San Diego, CA%. HCHS/SOL is a complex health survey with a stratified three-stage probability sample**.
Investigators used unequal sampling probabilities in each stage, selecting census BGs in stage 1, households in
stage 2 and individuals in stage 3, and prioritized sampling of households more likely to have adults ages 45-74%*.
The HCHS/SOL was approved by the institutional review boards (IRBs) at each field center, where all partici-
pants gave written informed consent in their preferred language (Spanish/English), and by the Non-Biomedical
IRB at the University of North Carolina at Chapel Hill, to the HCHS/SOL Data Coordinating Center. All IRBs
approving the study are: Non-Biomedical IRB at the University of North Carolina at Chapel Hill. Chapel Hill, NC;
Einstein IRB at the Albert Einstein College of Medicine of Yeshiva University. Bronx, NY; IRB at Office for the
Protection of Research Subjects (OPRS), University of Illinois at Chicago. Chicago, IL; Human Subject Research
Office, University of Miami. Miami, FL; Institutional Review Board of San Diego State University, San Diego,
CA. The study reported here was approved by the Mass General Brigham IRB under protocol #2022P001237.
All methods were carried out in accordance with relevant guidelines and regulations.

Exposure and predictors. Insomnia was defined using the Women Health Initiative Insomnia Rating
Scale (WHIIRS) 2 9%. The other included predictors were: time between visits; Hispanic/Latino background
(Dominican, Central American, Cuban, Mexican, Puerto Rican, South American, more than one/other herit-
age); alcohol (never, former, current); smoking (never, former, current); age; gender (female, male); marital sta-
tus (married or living with partner, single, separated, divorced or widower); education (no high school diploma
or GED, at most a high school diploma or GED, greater than high school diploma or GED); BMI; employment
(retired and not currently employed or missing on employment, not retired or missing on retirement and not
currently employed, employed part-time, < 35 h/week, employed full-time, > 35 h/week). Table 5 provides a sum-
mary of the predictors stratified by insomnia status.

Outcomes. Outcomes of interest are incident hypertension, an average of 6 years after the baseline exam,
and prevalent MCI, an average of 7 years after the baseline exam. Hypertension (> Stage 1) was operational-
ized as systolic blood pressure > 130 mmHg, DBP >80 mmHg or use of antihypertensive medications. MCI was
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correct under (no age) correct under (no age)
35 0.943 0.959 0.951 0.951 0.95 0.962 0.962 0.954 35 0.022 0.011 0.008 0.003 0.002 -0.007 -0.008 -0.014
8 8
25 0925 | 0948 | 0951 | 0.951 0942 | 0955 | 0.963 | 0958 | 3 25 0.019 | 0019 | 0009 | 0.004 0.004 | 0.007 | -0.001 | -0.007 3
8 8
= =
15 0.931 0.94 0948 | 0943 0.951 0948 | 0955 | 0.949 o 15 0.013 | 0018 | 0011 0.007 0.003 | 0.016 0.01 0.006 @
@ @
o | E— Q
5 0.933 0.942 0.941 0.931 0.953 0.954 0.95 0.938 5 0.013 -0.004 -0.01 0.007 0.038 0.019 0.013 0.028
35 0.951 0.965 0.96 0.952 0.944 | 0.956 0.94 0.949 35 0.031 | 0.023 0.02 0.015 0.049 | 0.041 0.039 | 0.032
o Q
| 3 3
0942 | 0947 | 0956 | 0.961 0937 | 0941 | 0948 | 0949 | ~ 0032 | 0034 | 0023 | 0.018 0051 | 0052 | 0.042 | 0036 | °
25 2 25 =
3 3
o Qo
B 15 | 0o | 0943 | 0947 | 0046 0954 | 093 | 0934 | 093 | € 8 15 | o029 | 0037 | 003 | ooz 0047 | 0057 | 0049 | 0044 | T
c g < &
o Q < Q
§ 5 | 0951 | 0950 | 0948 | 0932 0954 | 0959 | 0952 | 093 g 5 | 0035 | 0023 | 0016 | 0.031 0066 | 0045 | 0.039 | 0.052
[0} [
= =
o} o
(0] (]
g 35 | 0931 | 0957 | 0945 | 0.953 0954 | 0963 | 0965 | 0961 | g 35 | 0043 | 0017 | 001 | 0.009 0009 | -0015 | -0.008 | -0.014
g [ 3 = 3
O 25 0935 | 0953 | 0946 | 0.948 0956 | 0965 | 0.958 | 0.965 ‘3 O 25 0.049 | 0.021 0.011 0.012 0012 | 0.006 0 0005 | 3
o) o
1 o B &
[~ c
15 0.935 0.927 0.945 095 0.963 0.951 0.95 0.958 ‘ 128 15 0.043 0.019 0.013 0.016 0.019 0.017 0.016 0.01 @
@ @
. | Q Q
5 | 0936 | 0946 | 0946 | 0932 094 | 0949 | 0947 | 0941 5 | 0085 | 0017 | -0007 | 0.012 007 | 0034 | 0020 | 0033
35 0.946 | 0965 | 0954 | 0.965 0959 | 0963 | 0.963 | 0955 35 0.029 | 0.014 0.01 0.005 0.048 | 0.024 | 0.031 0.028
o T
3 E
25 | 0953 | 0961 | 0959 | 0.949 096 | 0955 | 0962 | 0949 | T 25 | 0035 | 0019 | 001 | 0.009 0049 | 0043 | 0035 | 0033 | T
3 =
| 8 3
15 | 09 | 0938 | 0958 | 0.961 0969 | 0952 | 0935 | 0947 E 15 | 0032 | 0017 | 0013 | 0013 0054 | 005 | 0.046 | 0.042 ‘E
— L - & g
5 | 0941 | 0955 | 095 | 0944 0939 | 0944 | 0949 | 0936 5 | 0046 | 0016 | -0007 | 0.013 0086 | 005 | 0.045 | 0.051
5 15 25 35 5 15 25 35 5 15 25 35 5 15 25 35
Exposure prevalence Exposure prevalence
coverage . bias -
085 090 095 1.00 -0.05 0.00 0.05 0.10

Figure 3. Simulation results for sensitivity analysis conducted on the robust matching methods to assess the
effect of varying the prevalence of both the exposure and the outcome on coverage (left) and bias (right) during
estimation of the effect of insomnia (exposure) on prevalent MCI (outcome). CEM coarsened exact matching,
MCI mild cognitive impairment, PSM propensity score matching.

according to the National Institute on Aging-Alzheimer’s Association criteria and included individuals with
severe impairment/suspect dementia®.

Analyses. For each outcome, we removed any individuals with missing values on the predictors or outcome
(at baseline or visit 2). For incident hypertension, we additionally removed individuals with hypertension at
baseline. Our final samples sizes for the prevalent MCI and incident hypertension samples are 6,086 and 6,097,
respectively. We applied all the weighting and matching-based causal inference approaches to both samples.

Results. Supplementary Tables 3 and 4 provide the HCHS/SOL analysis results across all weighting and
matching-based causal inference approaches, while Table 6 highlights the results among the robust matching
methods only. Comparing individuals with and without insomnia, Table 6 provides the estimated odds ratios
for prevalent MCI seven years after, on average, and the estimated incident rate ratios for incident hypertension
an average of 6-years after baseline assessment. Based on the robust PSM method, insomnia has a causal effect
on both MCI (marginal OR 1.402, CI [1.095, 1.794]; conditional OR 1.432, CI [1.108, 1.850]) and hypertension
(marginal IRR 1.184, CI [1.002, 1.400]; conditional IRR 1.174, CI [1.012, 1.360]). Figure 5 provides a plot of
the absolute SMD before and after implementing the robust PSM method for each outcome. The robust PSM
method does appear to induce better balance in the covariates. Unlike in the simulations, the estimates from the
CEM methods diverge substantially and have wide Cls, compared to the estimates from the PSM and weighting
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Figure 4. Simulation results for sensitivity analysis conducted on the robust matching methods to assess the
effect of varying the prevalence of both the exposure and the outcome on coverage (left) and bias (right) during
estimation of the effect of insomnia (exposure) on incident hypertension (outcome). CEM coarsened exact
matching, MCI mild cognitive impairment, PSM propensity score matching.

methods. This is due to the small number of individuals who were ultimately used in the analysis after conduct-
ing CEM.

Discussion

Motivated by our interest in applying matching and weighting-based causal inference methods to complex
health survey data, we conducted a simulation study to compare various approaches to incorporating the survey
weights and design into these methods. We found that most weighting and matching methods performed well
under correct specification. However, when a variable (age, in our simulations) was treated as an unmeasured
confounder and not included in the matching and effect estimation models (i.e., under-specification) and the
survey weights were constructed to depend on this variable, only the matching methods that used the survey
weights in both the causal estimation and as a covariate in the matching step continued to perform well. Although
age was specifically modelled in simulating the survey weights, our analysis was motivated by the potential for
unmeasured variables that are related to demographic or socioeconomic status. The HCHS/SOL survey sampling
design accounted for socioeconomic status, yet not all potential sociocultural variables were measured. Thus, it
is plausible that an unmeasured variable influenced the sampling process that is nonetheless captured to some
extent by the survey weights. As another assessment, we also considered a confounding variable (education
in our simulations) that is associated with a design variable (age in simulations). When education was treated
as an unmeasured confounder, we saw that the higher its correlation is with the design variable, the better the
performance of the robust methods in estimating the causal effects (however confounding bias remains due to
imperfect correlation between the unmeasured confounding with the design variable). Therefore, the simulation
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Incident hypertension sample Prevalent MCI sample
No insomnia (N=4092) | Insomnia (N=2005) | Total (N=6097) | No insomnia (N=3580) | Insomnia (N=2506) | Total (N=6086)

Hispanic/Latino background, %

Dominican 7.5 10.8 8.5 7.7 11.6 9.2
Central American 7.8 7.0 7.6 7.8 6.7 7.4
Cuban 14.0 16.3 14.7 25.8 25.4 25.7
Mexican 50.7 38.9 47.2 37.0 27.6 333
Puerto Rican 9.7 18.4 12.3 11.9 21.2 15.6
South American 6.2 4.4 5.7 5.9 3.9 5.1
More than one/other 4.0 4.1 4.0 3.8 3.6 3.7
Alcohol, %

Never 19.1 15.3 18.0 235 223 23.0
Former 29.0 33.4 30.3 29.5 34.0 31.3
Current 51.9 51.3 51.7 47.0 43.6 45.7
Smoking, %

Never 68.6 59.6 65.9 56.0 54.1 55.3
Former 13.3 16.2 14.2 27.0 24.6 26.1
Current 18.1 24.2 20.0 17.0 21.2 18.6
Age, years, mean (SD) 36.30 (12.75) 39.28 (13.09) 37.19 (12.93) 56.27 (8.16) 56.58 (7.93) 56.39 (8.07)
Gender, %

Female 56.0 67.0 59.3 49.8 61.5 54.4
Male 44.0 33.0 40.7 50.2 38.5 45.6
Marital status, %

Single 36.7 35.0 36.2 15.4 19.4 17.0
Married or living with partner 52.4 50.0 51.7 57.1 49.6 54.2
Separated, divorced, or widow(er) | 11.0 15.0 12.2 27.4 30.9 28.8
Education, %

No high school diploma or GED 28.1 30.4 28.8 36.5 40.6 38.1
‘étE“];OSt ahigh school diploma or | g , 292 293 210 211 210
>High school diploma or GED 42.5 40.4 41.9 42.5 383 40.8
BMI, kg/m?, mean (SD) 28.06 (5.56) 28.85 (6.11) 28.30 (5.74) 29.60 (5.21) 29.95 (5.73) 29.74 (5.42)
Employment, %

Retired and not currently employed | 2.3 4.1 2.8 18.9 20.7 19.6
Ijn‘f‘;fgtyierzd and not currently 392 448 409 30.4 413 347
Employed part-time 20.5 18.7 20.0 15.1 13.8 14.6
Employed full-time 38.0 32.4 36.3 35.5 24.2 31.1

Table 5. Demographics and BMI of HCHS/SOL stratified by insomnia status. Means, percentages and SEs are
weighted by OSW. Totals are unweighted. Individuals with missing values on predictors and outcomes have
been removed. Additionally, individuals with baseline hypertension have been removed from the incident
hypertension sample. BMI body mass index, HCHS/SOL Hispanic Community Health Study/Study of Latinos,
MCI mild cognitive impairment, OSW original survey weights.

Outcome Method Matching Adjustment Weights # Obs Est 95% CI
PSM PS via logistic regression with OSW as Unadjusted osW 5008 1.40 (1.10, 1.79)
Covariate Adjusted 5008 143 (1.11, 1.85)
Prevalent MCL Unad] d 782 0.90 (0.42, 1.90)
T : : nadjuste A 42, 1.
CEM Binning via coarsened covariates and ) CEMW x OSW
osw Adjusted 782 0.99 (0.53,1.84)
2 logisti ion wi Unadjusted 4085 1.18 (1.00, 1.40)
PSM PS via logistic regression with OSW as ] OSW
covariate Adjusted 4085 1.17 (1.01, 1.36)
Incident hypertension -
CEM Binning via coarsened covariates and Unadjusted CEMW x OSW 474 0.90 (0.53,1.54)
Osw Adjusted 474 1.03 (0.64, 1.63)

Table 6. HCHS/SOL data analysis results for both prevalent MCI and incident hypertension across the robust
matching-based causal inference approaches. The estimates are given as ORs for prevalent MCI and IRRs

for incident hypertension. CEM coarsened exact matching, CEMW coarsened exact matching weights, CI
confidence interval; Cover coverage, Est estimate, IRR incident rate ratio, MCI mild cognitive impairment, Obs
observations, OR odds ratio, OSW original survey weights, PS propensity score, PSM propensity score matching.
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Figure 5. Graphical diagnostics to assess robust PSM method for incident hypertension (left) and prevalent
MCI (right) analyses using the HCHS/SOL data. Top: Plot of absolute SMD before and after matching. Bottom:
Distribution of propensity scores of matched exposed, matched unexposed and unmatched unexposed
individuals. Note that the “unmatched exposed” category is empty because all exposed individuals were
matched. MCI mild cognitive impairment, SMD standardized mean difference.

results suggest that incorporating the survey weights as a covariate in the matching may provide some protec-
tion against unmeasured confounding. We recommend further that investigators subsequently incorporate the
survey weights in causal effect estimation.

Previous studies have agreed that survey weights should be incorporated in the causal effect estimation step
but have disagreed on whether and how to incorporate the survey weights in the matching step. Ridgeway et al.
recommended using a survey-weighted propensity score model, while Dugoff et al. concluded that survey weights

should be included as a covariate in the propensity score model instead, aligning with our recommendation

11,13
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In contrast, Austin et al. and Lenis et al. found that whether and how the survey weights were incorporated in
matching did not impact performance of the method'>'*. Our study is an important contribution to existing
literature. First, while previous studies have focused on continuous outcomes, our study focuses on binary out-
comes, targeting both prevalent and incident population estimates of the OR and IRR, respectively. Second, our
study is the first to consider the use of CEM in the context of complex survey data. Third, while other studies have
used simple sampling designs that are not often employed in practice, our study uses a more complex sampling
design and is the first to allow the survey weights to depend on a confounder. Fourth, our study assesses both sen-
sitivity to the introduction of unmeasured confounding and to changes in the exposure and outcome prevalences.

When applying our robust PSM methods that consistently performed well in the simulation study to the
HCHS/SOL data, we found that insomnia has a causal association with both prevalent MCI 7 years later and
with incident hypertension 6 years later in the US Hispanic/Latino population. Our incident hypertension
results support those reported by Li et al.”” who estimated the odds ratio for incident hypertension comparing
individuals with and without insomnia via logistic regression. In addition, we also provide new evidence of an
association between insomnia and prevalent MCI in US Hispanic/Latino adults. We also found that our robust
CEM methods performed poorly when applied to the HCHS/SOL data, despite consistently performing well in
the simulation study, because of the huge reductions in sample size incurred from matching on a large number
of strata. This suggests that CEM may not be practical for small/medium sample sizes and when there are many
variables to match on.

Recent sleep research has prioritized using Mendelian Randomization (MR) to conduct causal inference
for sleep exposures on downstream health outcomes?*° using genetic variants as instruments for modifiable
exposures'. However, MR has limitations that have been overshadowed in the wake of its popularity. Violations
of MR’s assumptions—relevance, exchangeability, exclusion restriction and homogeneous and linear associa-
tions—can result from issues, such as residual pleiotropy, population stratification, linkage disequilibrium, weak
IVs and heterogeneity"*!. Additionally, lack of relevant genetic variants for the exposure may reduce power for
finding causal associations’. Specific exposures used by MR studies are also restricted by the specific measures
targeted by genome-wide association studies (GWAS) performed. Lastly, most MR studies conducted so far on
sleep exposures have used genetic information from predominately European populations, minimizing their
generalizability to racial and ethnic minority groups®. These limitations of MR underscore the importance of
triangulating causal inference from multiple methods currently underutilized in sleep research.

Although we performed an extensive simulation study, there is still room for further investigation in apply-
ing causal inference methods to complex health survey data. Future work may focus on--but is not limited
to—-identifying the best approaches to incorporating the survey weights and design when assessing matching,
evaluating robustness of the matching methods after introduction of different types of missingness, assessing the
effectiveness of other propensity score estimation approaches and matching algorithms, studying the effect of
over-specification of the propensity score and the causal effect estimation models by including unnecessary vari-
ables on inference, and investigating other causal inference methods that are not based on weighting or matching.

Data availability

HCHS/SOL data are available on the National Heart Lung and Blood Institute’s BioLINCC (Biologic Specimen
and Data Repository Information Coordinating Center) repository under accession number HLB01141422a.
Alternatively, the data can also be obtained via a data use agreement with the HCHS/SOL Data Coordinating
Center at the University of North Carolina at Chapel Hill, see collaborators website: https://sites.cscc.unc.edu/
hchs/.

Code availability
Code used for simulations and data analysis is publicly available on the GitHub repository: https://github.com/
anjashahu/causal_matching_paper.
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