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IMPORTANCE Smoking is the leading preventable cause of death in the United States.

Experiencing an adverse health shock can serve as an impetus for cessation. Whether this shock can

translate into actual behavior change depends on both the insurance status at the time of the shock

as well as genetic predisposition for smoking.

OBJECTIVE To understand how the smoking response to a health shock varies depending on health

insurance (financial risk) and genetic predisposition for smoking (genetic risk).

DESIGN, SETTING, AND PARTICIPANTS Longitudinal study of 3,757 adults in the nationally

representative Health and Retirement study (HRS) who are between 60 and 70 years old, born

between 1923 and 1953, observed between 1992 and 2015. Ordinary least squares regression is used

to estimate the effect of health shocks for different levels of financial risk exposure and different

genetic groups. The differential timing of health shocks before or after the age-based Medicare

eligibility threshold for previously uninsured individuals is leveraged to estimate the causal effect of

health insurance on behavior change in different genetic groups.

EXPOSURES Experiencing a cardiovascular health shock (heart attack, coronary heart disease,

angina, congestive heart failure, other heart problems, stroke, or transient ischemic attack), being

uninsured prior to becoming eligible for Medicare at age 65, and a measure for high or low genetic

risk for smoking based on a polygenic risk score (PGS) for regular smoking.
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MAIN OUTCOMES AND MEASURES Self-reported current smoking status, and smoking

cessation rates.

RESULTS For low-genetic-risk individuals (n = 1,883; 887 female; 513 baseline smokers), suffering a

health shock while being uninsured decreases the probability of smoking by 32 percentage points

(95% CI, -0.58 to -0.06), conditional on baseline characteristics. The effect of the same health shock

experienced after age 65 is a 7 percentage point increase in the smoking probability (95% CI, 0.03 to

0.12), showing that Medicare eligibility fully neutralized the reduction in smoking following the health

shock (difference: 40 percentage points, 95% CI, 0.13 to 0.67). For high-genetic-risk individuals (n =

1,874; 964 female; 528 baseline smokers), having a health shock does not significantly affect the

probability of smoking, independent of the timing (effect when uninsured: -1 percentage point, 95%

CI, -0.31 to 0.28; effect when eligible for Medicare: -12 percentage points, 95% CI, -0.32 to 0.09;

difference: -11 percentage points, 95% CI, -0.46 to 0.25). The difference in the effect of Medicare

eligibility on the smoking response to a health shock between the 2 genetic groups is 50 percentage

points (95% CI, -0.94 to -0.06).

CONCLUSIONS AND RELEVANCE The determinants of healthy behaviors are complex and

multifaceted, and include both biological factors, such as genetic predispositions, as well as

environmental factors, such as financial liquidity and health insurance status. We show how the

choice of smoking after a serious health shock is jointly determined by the interaction between these

biological and environmental components. We find that genetic predispositions can offset the

financial incentives for smoking cessation. These results suggest that genetic heterogeneity is a factor

that should be considered when evaluating the importance of health insurance policies.
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C
hronic diseases and health care costs caused by tobacco use are estimated to be one of
the biggest health challenges in industrialized countries, and have rapidly increased in
importance in the developing world.1,2 In the US, smoking is estimated to cause more

than 400,000 premature deaths annually,3 and the economic costs of smoking-related illness
amount to around $300 billion each year, including almost $170 billion for direct medical care
and an additional $156 billion in lost productivity.1,4 Both the health burden from smoking-
related illness as well as the economic burden for an already strained health care system have
made it a priority to understand what factors affect individuals’ smoking decisions, and how
health care can effectively encourage cessation.

One factor that has been associated with a reduction in tobacco consumption is health
insurance coverage5,6, especially after experiencing a severe smoking-related health shock,
like the onset of a cardiovascular illness.7–11 Alleviating the financial burden of health care
costs, health insurance can have the unintended side effect of preventing beneficial behavior
changes that would have taken place if the individuals were fully responsible for the financial
consequences of poor health.6 This adverse incentive created by health insurance is a typical
example of the concept economists call “moral hazard”: the notion that individuals change
their behavior in an undesired way, because the consequences of their actions are not (fully)
borne by themselves.12,13

Another factor that is tightly linked to smoking behavior is genetic makeup. Studies using
identical and fraternal twins have estimated that genetic factors can explain around 30% to
85% of the variance of regular smoking.14–18 In recent years, significant progress has been
made in identifying genetic variants associated with susceptibility for smoking.19? –22 This
development, together with an increased availability of genetic measures in large representative
surveys, allows for a better understanding of how genetics can interact with other factors in
determining smoking behavior.

This study is the first to show how genetic and financial risks jointly influence individual
choices of health behavior. Specifically, we show that moral hazard stemming from health
insurance (financial risk) interacts with genetic predisposition for smoking (genetic risk) in
determining the probability of smoking cessation following a health shock. Using data from the
Health and Retirement Study (HRS), a longitudinal population-based study of elder Americans,
we estimated how experiencing a health shock between survey waves affected the smoking
probability of individuals with different coverage levels and genetic predispositions for smoking.

In order to cleanly identify this interaction effect between genes and the environment, we
leverage a key feature of the US health insurance system: Medicare, which provides public
health insurance to all US citizens older than 65. Before the introduction of the Affordable
Care Act,23 a significant fraction of the population younger than 65 was still uninsured.24,25

Exploiting the differential timing of health shocks before or after the Medicare-eligibility
age of 65 for previously uninsured individuals, we estimate that Medicare eligibility reduced
smoking cessation rates after a health shock, but only for those individuals with a low genetic
propensity to smoking. Comparing this effect between individuals with a high versus a low
genetic predisposition for smoking allows for an assessment of how the moral hazard problem
found in previous research interacts with genetic risk.

Our results highlight the importance of considering genetic predisposition when evaluating
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behavioral responses to health insurance coverage.26,27 Genetic predispositions can curb the
negative behavioral consequences and the moral hazard associated with changes health insurance
status. In the era of genomics and personalized medicine,28–31 an individual genetic makeup
can be a factor not only in the treatment they receive, but also in their response to insurance
coverage.

KEY POINTS

Question How does the smoking response to a health shock vary with health insurance (financial risk) and
genetic predisposition for smoking (genetic risk)?

Findings In a sample of US adults aged between 60 and 70 years, experiencing a health shock while uninsured
decreases the smoking probability in individuals with a low genetic risk for smoking. Medicare eligibility after
age 65, and hence a lower exposure to the financial costs of illness, fully neutralized this cessation effect. For
those with a high genetic risk for smoking, experiencing a health shock does not lead to any visible behavior
changes, regardless of insurance status.

Meaning A high genetic predisposition for smoking may overpower both health-related and financial motives
for cessation after a health shock.

METHODS

Analytic Sample

The HRS is a nationally representative longitudinal household survey initiated in 1992 among
US citizens aged 50 and older, followed for 12 waves over 22 years (response rates between 80%
and 90%32).1 This study uses data from the publicly available RAND HRS file (version P)35 –
an easy-to-use longitudinal data set based on the HRS data – as well as the publicly available
initial release of the HRS polygenic scores data.36 These scores are based on DNA samples
collected in enhanced face-to-face interviews, for which a random subset of HRS households is
selected to participate in 2006, 2008, and 2010. Saliva samples are collected and genotyped for
more than 15,000 participants.37 More information on the DNA extraction and genotyping
process is provided in Section A.1 in the Supplement.

The analytic sample used in this study consists of the 5,541 HRS respondents who are
between 60 and 70 years of age at the time of the interview, ever-smokers at baseline (their first
observation), observed in at least 2 different time periods, and genetically of European descent.
Additionally, the sample is restricted to observations with non-missing values for smoking
status, polygenic risk score (PGS) for regular smoking, insurance status, and the occurrence
of heart conditions or strokes (see Section A.2 in the Supplement for more information on
the construction of the analytic sample). The age restriction imposed on the study sample
increases comparability between those experiencing a health shock before or after age 65. The
restriction imposed on genetic ancestry increases the similarity with the genetic profile of the
discovery sample used in the genome-wide association study22 (GWAS) that informed the

1 Every 6 years, a new 6-year birth cohort of participants is enrolled.33 It is sponsored by the National
Institute on Aging (grant number NIA U01AG009740) and is conducted by the University of Michigan.34 The
first core interview with every participant is conducted face-to-face, and all follow-up interviews are either
face-to-face or over the phone.33
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weights for the single nucleotide polymorphisms (SNPs) used for calculating the PGSs.37 In
addition, we exclude respondents who reported the onset of a cardiovascular illness since the
last survey wave when interviewed at ages 65 or 66. Since HRS surveys are only conducted
every 2 years, it is not possible to determine Medicare eligibility status at the time of the
health shock for these individuals.

Outcome and Exposure Variables

Smoking status. The outcome of interest is a self-reported binary indicator for current smoking
status, where smoking refers to having smoked more than 100 cigarettes throughout one’s life
(ever-smoker) and smoking at the time of the survey. We also calculate cessation rates, defined
as smoking in the previous but not in the current wave.

Health shocks. Following previous studies,8–10,38,39 this analysis consideres acute cardiovascular
conditions. These conditions have strong links to tobacco use, have a relatively high incidence
among older adults, and are likely to require an immediate and intensive use of costly medical
services.40–42 Additionally, they can occur again and again for the same individual and thereby
incentivize improvements in health behaviors to prevent reoccurrence.

This study uses a binary health shock indicator. It is set to “1” if a respondent is diagnosed
with a new cardiovascular condition during the time since the last HRS survey, but does not
have a history of cardiovascular disease prior to this diagnosis. Cardiovascular conditions
include either a heart problem (heart attack, coronary heart disease, angina, congestive heart
failure, or other heart problems) or a stroke (or transient ischemic attack). The exact timing
of the health shock within the past 2 years since the last interview is not observed, and the
diagnoses are all self-reported.

Medicare eligibility status. An indicator variable for Medicare eligibility status is set to “1” for
individuals aged 65 years or above in a given HRS wave.

Pre-65 uninsured status. HRS respondents are classified as uninsured in a given survey wave if
they reported not being covered by any health insurance plan. A binary variable is defined for
pre-65 uninsured status that takes the value “1” if a respondent is persistently uninsured in
every observation prior to age 65.

Polygenic risk for regular smoking. HRS provides a polygenic risk score for the smoking phenotype
“regular smoking” (having smoked more than 100 cigarettes throughout one’s life). This score
is constructed as a weighted sum of the genotype over the 779,538 SNPs that overlap between
the HRS genetic database and a 2010 GWAS meta-analysis conducted by the Tobacco and
Genetics Consortium.22 Specifically, the scores are calculated as follows:

PGSi =
J∑

j=1

WjGij, (1)
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where Gij is the genotype for individual i at SNP j, and the weight Wj is the meta-analysis
estimated effect size for SNP j (see Section A.3.5 in the Supplement for more information on
the GWAS used for informing SNP weights). The scores have been normalized to have mean
zero and standard deviation one.37

For the statistical analysis, this PGS is used to split the sample into 2 genetic groups. A
high-PGS indicator is defined to take the value “1” for individuals with a PGS above the
median. Figure 3 in the Supplement illustrates the relationship between the PGS and smoking
behavior in the HRS data.

More information on the construction of all variables used in the analysis can be found in
Section A.3 in the Supplement.

Statistical Analysis

We report two sets of results: first of all, we compare the average smoking cessation rates
for those who suffer a health shock before and after the age of 65, stratified by high and
low genetic propensity. We then run a more sophisticated analysis controlling for age and
individual characteristics.

This empirical approach follows previous work6 and leverages the differential timing of
health shocks before or after the age-based Medicare eligibility threshold. The exact timing
of the shock (before or after age 65) is arguably both exogenous and unanticipated. While
the probability of experiencing a new cardiovascular illness increases with age,42 in the HRS
data there is no observable jump (or change in trend) in the percentage of respondents
reporting a health shock around the age of 65 (see Section A.4.1 in the Supplement for details).
Accounting for the influence of age on the probability of suffering from cardiovascular illness,
there is therefore no reason to suspect that respondents experiencing the shock after 65 are
systematically different from respondents experiencing the shock before 65. The setting thus
provides a good framework for estimating the causal effect of Medicare eligibility on the
smoking response to a health shock in individuals who are uninsured prior to age 65.

Conceptually, this design can be thought of as aiming to achieve the following hypothetical
comparisons: within both the low-PGS and the high-PGS group, compare 2 ever-smokers
with similar characteristics (gender, health insurance trajectory, age, etc.) regarding how their
smoking status is affected by experiencing a health shock. The only difference between the 2
individuals is the point in time at which they experience the shock and, hence, their exposure
to the financial costs associated with it.

Methodologically, for the second sets of results we use ordinary least squares (OLS)
regression to estimate a linear probability model for smoking. Current smoking status (Y ) is
regressed on the full set of interactions between the indicators for the health shock (shock),
being uninsured pre-65 (uninsured), Medicare eligibility (post65), and high polygenic risk for
smoking (g):
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Yit = β shockit + γ post65it (2)

+ λ1 (shockit × post65it)

+ λ2 (shockit × uninsuredi)

+ λ3 (post65it × uninsuredi)

+ λ4 (shockit × gi)

+ λ5 (post65it × gi)

+ δ1 (shockit × post65it × uninsuredi)

+ δ2 (shockit × uninsuredi × gi)

+ δ3 (shockit × post65it × gi)

+ δ4 (post65it × uninsuredi × gi)

+ ζ (shockit × post65it × uninsuredi × gi)

+
3∑

a=1

φa age
a
it + ηi + τt + εit

Individual fixed effects (ηi) are included to control for unobserved time-invariant differences
between respondents, and time fixed effects (τt) to control for time-specific confounders. In
addition, the respondent’s age in years at the time of the interview (age) is added as a covariate.
Equation (2) is estimated using heteroskedasticity-robust standard errors that are clustered at
the individual level. All statistical analyses in this study are conducted with the software R,
version 3.4.2, and various open-source packages.43–59

The statistical method resembles a difference-in-differences approach, but considers a
quadruple difference rather than the usual double difference: we compared the effect of a
health shock for those experiencing it before or after Medicare eligibility age, who are either
previously uninsured or insured, and who have either a low or high genetic risk for smoking.
The subgroup of interest is comprised of those who are uninsured prior to age 65, and for
whom Medicare eligibility hence represented a drastic reduction in the financial risk associated
with poor health. For this subgroup, which comprises 327 individuals, the comparisons of
interest are experiencing the health shock before versus after age 65, and having a low versus
a high genetic risk for smoking.

For the group of previously uninsured individuals, we are interested in 3 different types of
effects:

First, what is the marginal effect of a health shock on smoking? This effect is calculated for
4 different subgroups, given by the combinations of shock timing (pre- or post-65) and genetic
risk (high or low). For each subgroup, the effect is comprised of the sum of all coefficient
estimates from Equation (2) that applied for the given group. For example, for previously
uninsured individuals who experienced the shock prior to age 65 and who had a low genetic
susceptibility for smoking, the effect of the health shock is calculated by summing up the
estimates for β and λ2. If the health shock is instead experienced after 65, the effect of the
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Table 1: Descriptive Statistics for the Full Analytic Sample and Stratified by Genetic Group

Full sample
Genetic groupa

Low PGS High PGS P valueb

Mean (SD) Mean (SD) Mean (SD)

Age (baseline) 61.2 (1.9) 61.3 (1.9) 61.2 (1.9) .68

Years of education 12.4 (3.1) 12.6 (3.1) 12.3 (3.1) .00

Yearly income in nominal $ (baseline) 20,101 (34,346) 20,554 (34,206) 19,649 (34,485) .33

PGS for regular smoking 0.1 (1.0) -0.7 (0.6) 0.9 (0.6) .00

Number of waves present 4.4 (1.4) 4.4 (1.4) 4.4 (1.4) .78

% % %

Female 49.8 47.8 51.7 .00

Uninsured pre-65 5.9 5.7 6.3 .40

Mean incidence of health shocks 12.3 11.5 13.2 .05

Smoking status (baseline) 29.5 26.9 32.1 .00

Average cessation rate (for baseline smokers)c 10.3 10.5 10.0 .46

Number of individuals 5,541 2,768 2,773

aLow PGS: PGS ≤ median PGS. High PGS: PGS > median PGS.
bP values report significance tests for the difference in means between the genetic groups.
cCessation rates are defined as smoking in the previous but not in the current wave.
Data used: Analytic sample.

shock (for the same group of previously uninsured low-PGS individuals) is the sum of the
estimates for β, λ1, λ2, and δ1.

Second, what is the causal effect of Medicare eligibility (and hence a change in the financial
costs associated with a health shock) on smoking? This effect is calculated using the difference
between the pre-65 shock effect and the post-65 shock effect for each of the 2 genetic groups.
For the low-PGS group, it is given by the sum of the estimates for λ1 and δ1. For the high-PGS
group, it is given by the sum of λ1, δ1, δ3, and ζ.

Lastly, in order to assess how moral hazard is associated with different levels of genetic
predisposition for smoking, we ask if and how the effect of Medicare eligibility on the post-shock
smoking decision is different between the high- and the low-PGS groups. This effect of having
a high genetic predisposition for smoking is comprised of the sum of the estimates for δ3 and ζ
in Equation (2).

Additional Analyses

We perform a series of additional analyses to test the robustness of my findings. We relax the
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criteria for inclusion in the pre-65 uninsured group, including respondents who are uninsured
in only 75% or 50% of all pre-65 observations, and we vary the definition of the high-PGS
indicator by using the 45th or 55th percentiles rather than the median as cutoff. Additionally,
the age restriction imposed on the analytic sample is relaxed and expanded by up to 5 years at
each end. Finally, we also test if results are affected by the sample restriction of excluding HRS
respondents for whom Medicare eligibility status at the time of the health shock is unknown
(when health shocks are reported at ages 65 or 66).

RESULTS

Sample Characteristics

The first column in Table 1 summarizes the analytic sample used for estimation. Average age
at baseline is 61.2 years, and an individual is observed for 4.4 waves on average, has 12.4 years
of education, and reports an income of $20,101 per year. 49.8% of the sample is made up of
women, and 29.5% smokes at baseline. 5.9% of individuals in the sample are uninsured in
all observations prior to age 65, and 12.3% experience a cardiovascular health shock during
the observation period. The full analytic sample consisted of 5.541 individuals (and 24,307
person-year observations). The second and third columns in Table 1 describe the sample
stratified into the 2 genetic groups. High-PGS respondents are more likely to be uninsured
prior to age 65, and included relatively more women compared to the low-PGS respondents.

Table 2 displays summary statistics for the subset of the analytic sample that experienced
a cardiovascular health shock over the course of the observation period, stratified by timing of
the shock (pre-65 versus post-65) and genetic group.2Within a genetic group, demographics are
mostly similar across the timing strata. However, in both groups, those experiencing the shock
after age 65 are on average older at baseline. In the high-PGS group, there are also relatively
more women experiencing the shock after the age of 65 than before 65. This is consistent with
the general pattern that women experience cardiovascular disease later in life than men.42

Average Cessation Rates Our main results are already apparent by simply focusing on the
average smoking cessation rates of the four groups in our analysis: those who suffer a health
shock before or after the age of 65, and those with high or low genetic propensity to smoking.
These four averages are reported in Table 2 and displayed in Figure 1.

In the low-PGS group, the average cessation rate for baseline smokers is significantly smaller
among those experiencing the shock while eligible for Medicare (9.1%) than it is for those who
had the shock prior to age 65 (15.2%). In the high-PGS group, cessation rates does not differ
across the timing strata (≈ 11%).

Estimation Results

Although indicative of the main patterns in the data, the above results could be confounded
by the fact that health shocks are more likely to occur at later ages, or other individual
characteristics. We therefore run a regression analysis that controls for these potential
confounders.

2 This subset of respondents affected by cardiovascular illness during the observed years differed in some
characteristics from those unaffected. Table 6 in the Supplement shows a comparison.
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Figure 1: Average smoking cessation rate, stratified by timing of the shock and genetic group

Low PGS: PGS ≤ median PGS. High PGS: PGS > median PGS.
Pre-65: Health shock since last survey reported at ages 60-64.
Post-65: Health shock since last survey reported at ages 67-70.
Bars show 95% confidence intervals. Averages are shown in Table 2. Data used: Analytic sample.

Regression results are presented in Table 3. Based on these estimates, Figure 2 visualizes
the marginal effect of a health shock on the smoking probability for individuals who are
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uninsured prior to age 65 – the subgroup of interest – for the 4 combinations of shock
timing and genetic risk. For individuals who are genetically less susceptible for smoking,
experiencing a cardiovascular health shock while uninsured significantly reduces the probability
of smoking by 32 percentage points. For the subgroup of uninsured individuals with a high
genetic predisposition for smoking, the estimated effect of the health shock is not statistically
significantly different from 0. A health shock experienced after the age of Medicare eligibility,
for previously uninsured individuals, increased the smoking probability in the low-PGS group
by 7 percentage points. While this effect is relatively small compared to the magnitude of the
effect of a pre-65 health shock, there is no immediate intuitive explanation for the observed
direction. For individuals with a high genetic risk for smoking, the estimated effect of the health
shock is again not statistically significantly different from 0 when the shock is experienced
after the age of 65.

These 4 effects – constituting the first type of effect that is of interest in this study – are
listed in Panel A of Table 4. Panels B and C of Table 4 illustrate the other 2 types of effects
– the effect of Medicare eligibility on the smoking response, and the difference in this effect
between the 2 genetic groups. This provides evidence of a strong gene-environment interaction
effect.

Panel B of Table 4 shows that Medicare eligibility after age 65 counteracted the effect of
the health shock in the low-PGS group by 40 percentage points, increasing it from the pre-65
32-percentage-point reduction in the smoking probability to the 7-percentage-point increase.
In the high-PGS group, no statistically significant effect of Medicare eligibility on the smoking
response is found. The estimated causal effect of Medicare eligibility differed significantly
between individuals with a high or a low genetic risk for smoking. As shown in Panel C of
Table 4, the difference in the effect between the 2 genetic groups amounted to 50 percentage
points.

Altogether, this implies that Medicare eligibility had a stronger impact on the post-shock
smoking probability in the low-PGS group than in the high-PGS group. In the low-PGS
group, the effect of Medicare eligibility is unfavorable in terms of health behaviors, indicating
problems of moral hazard in this subgroup.

Additional analyses confirm that these dynamics are robust to changes in the definition
of the high-PGS indicator (having a PGS above the 45th or 55th percentiles instead of the
median), the definition of the pre-65 uninsured status indicator (uninsured in 75% of all pre-65
observations instead of 100%), and the age range used for the analytic sample (59-71, 58-72,
57-73, 56-74, or 55-75 instead of 60-70). Relaxing the definition of the uninsured indicator to
include respondents uninsured in a minimum of 50% of pre-65 observations leaves the directions
of the effects unchanged, but the magnitudes are smaller and statistical significance is lost.
Furthermore, the findings of this study do not depend on the exclusion of HRS respondents for
whom Medicare eligibility status at the time of the shock is unknown (when health shocks are
reported at ages 65 or 66). Estimation results for all robustness checks are shown in Section
B.3 in the Supplement.

A possible concern with the design of this study is that there may be other factors happening
around the age of 65 that affect smoking behavior after health shocks and which this analysis
could not account for, such as entry into retirement. It is, however, hard to reconcile this
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alternative interpretation with the findings: If retirement rather than insurance status were
to cause the difference between the effects of a pre- vs. post-65 health shock in the low-PGS
group, one could expect to also see an effect for those insured prior to age 65. As Table 3
shows, however, whether the shock took place before or after the age of 65 does not impact its
effect on the smoking probability in the pre-65 insured group (the estimated coefficient on the
shock x post-65 interaction is close to 0 and not statistically significant).

DISCUSSION

In this study, experiencing a cardiovascular health shock is associated with a significant
reduction in the smoking probability of uninsured 60- to 64-year-old individuals with a low
genetic risk for smoking. Medicare eligibility after age 65 (and hence a lower exposure to the
financial costs of illness) fully neutralized this cessation effect, indicating the presence of moral
hazard caused by insurance coverage. For individuals with a high genetic risk for smoking,
experiencing a health shock does not significantly affect the smoking probability, irrespective
of whether the shock is at a time of high or low exposure to the financial costs of illness.

The effect of health shocks on changes in smoking behavior, as well as the underlying
mechanisms, have been addressed in several studies.5–11,38,39,60 Previous empirical work has
found strong evidence of an increase in smoking cessation after a health shock.5–8,10,11,60 The
mechanism that has received a lot of attention in earlier research is a changed perception of
personal health risks and survival probability, motivating the individual to reduce tobacco
consumption in order to improve future health.7,9,38,39

Two recent studies5,6 have highlighted the role that financial costs associated with health
shocks, as opposed to only the health considerations, can play in determining the post-shock
smoking decision. In individuals with a high financial risk exposure, health shocks may bring
about significant out-of-pocket medical costs. At the same time, the financial consequences of
smoking-related illness are likely more complex and opaque to the individual than the health-
related consequences of smoking. The mechanism presented in these studies suggests that
through improving their grasp on the financial cost of smoking, the increase in out-of-pocket
health care costs following the health shock can serve as an impetus for smoking cessation.

Using the same design that we follow in this analysis (the age-based eligibility threshold
for the Medicare program), a recent study has provided robust evidence for this mechanism.6

Without investigating potential heterogeneity between genetic groups, they found that, on
average, moral hazard is present, and Medicare eligibility reduced the cessation effect that a
cardiovascular health shock had for uninsured individuals. Different from the existing work,
our analysis shows that this average effect is likely driven by individuals with a low genetic
predisposition for smoking only. It cannot be documented for the subgroup of individuals
with a high genetic predisposition for smoking, suggesting that genetic makeup can act as a
constraint and limit the extent to which incentives for behavior change are translated into
actual behavior change.

This study therefore extends prior findings by explicitly accounting for genetic heterogeneity
in the population. The findings show that the change in financial risk (moving from being
uninsured to being eligible for the federally sponsored Medicare program) can have a significantly
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Figure 2: Marginal Effect of a Health Shock on the Smoking Probability in the Pre-65 Uninsured
Subgroup, Stratified by Timing of the Shock and Genetic Group

Low PGS: PGS ≤ median PGS. High PGS: PGS > median PGS.
Pre-65: Health shock since last survey reported at ages 60-64.
Post-65: Health shock since last survey reported at ages 67-70.
Bars show 95% confidence intervals. Estimates and standard errors are shown in Panel A of Table 4. Data used:
Analytic sample.

different effect on individuals depending on their genotype.

The question of how insurance policies can interact with genetic predisposition for risky
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health behaviors is interesting from a policy perspective for several reasons.

The finding that insurance affected the post-shock smoking decision only in half of the
sample suggests that the considered type of moral hazard in health insurance, which causes
excess smoking among an already sick population, is less prevalent than an initial inspection
may suggest. This insight may alleviate one possible concern against universal public health
care coverage.12,61

On a broader level, awareness of the possibility of interactions between genetics and health
insurance is important for understanding the ways in which the health insurance system can
increase or reduce genetically induced health inequalities in a society. By highlighting the role
of genetic influences on the propensity for and ability to quit unhealthy behaviors, this study
also points to possible limitations in the scope to which insurance can cause health behavior
changes through financial incentives.

Genetically determined limitations to the effectiveness of financial incentives are important
to consider not just when evaluating the effectiveness of health insurance policies, but also
the fairness. With recent technological advances, for example in the field of wearable tech,
health insurers are discovering more and more possibilities for monitoring health behaviors.
This information is increasingly used for pricing, with the explicit goal of motivating behavior
change through financial incentives in the form of lower insurance premia or deductibles.62,63

In light of this development, awareness of the possibility that genetic predisposition prevents
individuals from changing health behaviors, despite strong incentives for doing so, is becoming
increasingly important. By emphasizing the correlation between genetic risk and an inability to
quit unhealthy behaviors, the findings in this study may raise the following question: To what
extent do insurance policies that price differentiate based on health behaviors ultimately also
discriminate based on genetics? Under current US legislation, the 2008 Genetic Information
Nondiscrimination Act prohibits health insurers from discriminating based on explicit genetic
information. Not wanting to punish those who are disadvantaged in terms of their genetic
makeup is one of the motivations behind this legislation. In order to create a health insurance
system that can incentivize healthy behaviors and at the same time reflect society’s perception
of fairness, it will be important for future research to further enhance our understanding of
how genetics and health insurance interact and jointly affect health behaviors.

Limitations

This study has several limitations. First, the analysis focused on the short-run smoking
response to a health shock, and only considered changes in the extensive margin – i.e., changes
between smoking and not smoking. From a public health perspective, interactions of genetics
with both the long-term persistence of the behavior change as well as behavior changes along
the intensive margin of smoking – i.e., changes in the number of cigarettes smoked – may be
of interest.

Second, the transition from being uninsured to being eligible for Medicare at age 65 is a
setting that is very specific to the health care system in the US. While Medicare can generally
be seen as just one example of universal health care coverage, it only applies to a specific
age group, and it is not clear whether smoking behaviors in response to a health shock in
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this age group are representative for all ages in the population. Another possible concern
may be that Medicare eligibility does not necessarily translate into Medicare coverage, as
take-up rates are not at 100%. As Figure 5 in the Supplement shows, however, the fraction of
eligible HRS respondents in the analytic sample who are actually enrolled in Medicare is high
– approximately 90% at age 65, increasing to 98% at age 70. Additionally, take-up patterns
do not differ much between the genetic groups. Table 15 in the Supplement shows that using
actual Medicare enrollment status rather than Medicare eligibility status in the empirical
analysis does not change the results.

Lastly, a few words of caution on the internal validity of the study. This study relied on
self-reported information regarding smoking behavior, health diagnoses, and insurance status.
If participants of different ages and different genotypes differentially misreported their smoking
status, for example, the estimated effect of Medicare eligibility on the smoking response to a
health shock could be biased. It is also possible that those identified as continuously uninsured
prior to age 65 had insured spells in between the biennial HRS interviews. These unmeasured
episodes with coverage may have biased the results towards not finding a significant effect of
Medicare eligibility. Finally, this study may also suffer from survivorship bias and attrition.
Because DNA collection and genotyping took place relatively late during the HRS (starting in
2006), it is possible that study participants with very high genetic susceptibility for smoking,
and hence particularly unhealthy smoking habits, passed away prior to DNA collection and are
systematically excluded from the study population. Within the study population, participants
with the highest genetic risk for smoking may have been less likely to reach the age of Medicare
eligibility, hence leading to relatively lower genetic risk in the group that experienced health
shocks post-65. Both problems would likely have lead to an underestimation of the difference
between low- and high-PGS individuals.

CONCLUSIONS

Among participants aged between 60 and 70 years and who are uninsured prior to age 65,
Medicare eligibility significantly lowered the probability of smoking cessation after a health
shock in individuals with a low genetic predisposition for smoking. This moral hazard effect
of Medicare eligibility is not observable among those with a high genetic predisposition for
smoking. A plausible mechanism through which insurance can affect the smoking response to
a health shock is by lowering the financial risk associated with the shock and thereby eroding
additional incentives for behavior change. The differential effect of Medicare eligibility for the 2
genetic groups therefore suggests that biological constraints can overpower both health-related
and financial incentives for smoking cessation, and that genetic heterogeneity is a factor that
should be considered when evaluating the effectiveness of health insurance policies.
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Table 2: Descriptive Statistics for the Subset of the Analytic Sample with a Health Shock,
Stratified by Timing of the Shock and Genetic Group

Timing of the health shock

Pre-65a Post-65b P valuec

Low PGSd Mean (SD) Mean (SD)

Age (baseline) 60.5 (0.6) 61.1 (1.8) .00

Years of education 12.3 (3.3) 12.7 (3.3) .25

Yearly income in nominal $ (baseline) 24,152 (33,105) 17,944 (28,803) .08

PGS for regular smoking -0.7 (0.6) -0.7 (0.6) .53

Number of waves present 4.6 (1.4) 5.2 (1.0) .00

% %

Female 44.4 42.5 .72

Uninsured pre-65 4.7 7.5 .30

Smoking status (baseline) 29.8 28.8 .84

Average cessation rate (for baseline smokers)f 11.8 11.5 .90

Number of individuals 171 146

High PGSe Mean (SD) Mean (SD)

Age (baseline) 60.5 (0.6) 61 (1.2) .00

Years of education 12.0 (3.2) 12.3 (3.0) .34

Yearly income in nominal $ (baseline) 15,941 (26,815) 16,468 (21,867) .84

PGS for regular smoking 0.9 (0.6) 1.0 (0.7) .13

Number of waves present 4.6 (1.4) 5.2 (0.7) .00

% %

Female 47.7 49.7 .71

Uninsured pre-65 6.6 5.3 .61

Smoking status (baseline) 40.1 36.7 .50

Average cessation rate (for baseline smokers)f 12.4 11.4 .69

Number of individuals 197 169

aPre-65: Health shock since last survey reported at ages 60-64.
bPost-65: Health shock since last survey reported at ages 67-70.
cP values report significance tests for the difference in means between the shock timing strata.
dLow PGS: PGS ≤ median PGS. eHigh PGS: PGS > median PGS.
fCessation rates are defined as smoking in the previous but not in the current wave.
Data used: Analytic sample restricted to individuals experiencing a health shock during the observation period.
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Table 3: Coefficients from Estimating the Linear Prob-
ability Model in Equation (2) Using OLS

Dependent variable:

Smoking status

Shock -0.051∗∗∗

(0.019)

Post-65 -0.012
(0.008)

Shock x post-65 0.016
(0.028)

Shock x uninsured -0.0.96
(0.087)

Post-65 x uninsured -0.048∗∗∗

(0.018)

Shock x high PGS 0.031
(0.026)

Post-65 x high PGS -0.000
(0.006)

Shock x post-65 x uninsured 0.156
(0.114)

Shock x uninsured x high PGS 0.0005
(0.111)

Shock x post-65 x high PGS -0.093∗∗

(0.038)

Post-65 x uninsured x high PGS 0.037
(0.025)

Shock x post-65 x uninsured x high PGS -0.122
(0.156)

Age -0.000
(0.001)

Age2 0.000
(0.000)

Age3 -0.000
(0.000)

Observations 24,307
Individuals 5,541

∗P < 0.1; ∗∗P < 0.05; ∗∗∗P < 0.01. Robust standard errors in
parentheses are clustered at the individual level.
Regression included individual and year fixed effects.
Data used: Analytic sample.
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Table 4: Summary of Statistical Results for the Pre-
65 Uninsured Subgroup, Stratified by Timing of the
Shock and Genetic Group

Panel A: Marginal effect of a health
shock on the smoking probability

Low PGSa High PGSb

Pre-65c -0.147∗∗∗ -0.116
(0.054) (0.111)

Post-65d 0.025 -0.160
(0.055) (0.127)

Panel B: Causal effect of Medicare eligibility
on the effect of the health shock

Low PGSa High PGSb

∆ (Post-65 0.172∗∗ -0.043
− pre-65) (0.077) (0.167)

Panel C: Difference in the effect of Medicare
eligibility between the genetic groups

∆ (High PGS − low PGS)

∆ (Post-65 -0.178
− pre-65) (0.185)

aLow PGS: PGS ≤ median PGS. bHigh PGS: PGS > median PGS.
cPre-65: Health shock since last survey reported at ages 60-64.
dPost-65: Health shock since last survey reported at ages 67-70.
∗P < 0.1; ∗∗P < 0.05; ∗∗∗P < 0.01. Robust standard errors in
parentheses are clustered at the individual level. Covariance ma-
trix used for calculating standard errors is shown in Table 10 in
the Supplement.
Composition of all effects is shown in Tables 7, 8, and 9 in the
Supplement. Data used: Analytic sample.
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A Methods

A.1 DNA Extraction and Genotyping

In 2006, the Health and Retirement Study (HRS) introduced enhanced face-to-face interviews
(EFTFs), which expanded the core interview with measures of physical function, blood-based
biomarkers, and DNA samples. Sample selection for the EFTFs was conducted as follows: A
random 50% of the 2006 sample was preselected for an EFTF, and the other half was selected
in 2008. A new cohort of households was added to the HRS in 2010. Of these new households,
a random 50% was selected for EFTF data collection in 2010, while the other half was selected
in 2012. The households selected for EFTFs in 2012 are not yet included in the polygenic
scores data used in this study. In 2006, saliva collection was conducted using a mouthwash
collection method. From 2008 onwards, the Oragene DNA Collection Kit (OG-250) was used.

Genotype data was obtained for over 15,000 HRS participants. Genotyping was conducted
by the Center for Inherited Disease Research (CIDR) in 2011, 2012, and 2015, using the Illu-
mina HumanOmni 2.5 BeadChips (HumanOmni2.4-4v1, HumanOmni2.5-8v1). Approximately
2.4 million single nucleotide polymorphisms (SNPs) were measured. Of the roughly 1.9 million
genotyped SNPs that passed quality control, 21 million SNPs were imputed using the 1000
Genomes Reference Panels (phase 3, version 5). More details on genotyping and imputation
can be found in the official HRS Documentation Report.

A.2 Analytic Sample

A.2.1 Reshaping, Merging, and Sample Restrictions

This section describes how the analytic sample in this study was constructed from the RAND
HRS version P data file. First, the data file was reshaped from wide to long format, with each
observation corresponding to a respondent-wave entry. Second, polygenic risk scores (PGSs)
for the HRS phenotype “smoking initiation” (referred to as “regular smoking” in this study,
for clarity purposes) from the initial HRS PGS data release, using genetic data from 2006 to
2010, were merged for the 9,991 genotyped individuals of European ancestry. The following
shows the list of restrictions that was then imposed to arrive at the analytic sample used in
the study. Regarding notation, note that VARIABLE refers to the long-format version of the
variables that were called R1VARIABLE to R12VARIABLE in the RAND HRS data file. From the
reshaped data file, the analytic sample was reached by carrying out the following steps (in this
exact order):

1. Drop observations with an age (AGEY E; see Section A.3.3) below 60 or above 70 years

2. Drop individuals with only 1 observation

3. Drop observations with missing values for the PGS for smoking (PGS EvrSmk TAG10; see
Section A.3.5), the self-constructed health shock indicator (Section A.3.2), or the current
smoking status (SMOKEN; see Section A.3.1)
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4. Drop individuals who in their first observation (the baseline) reported never having
smoked (SMOKEV equal to “0”; see Section A.2.2)

5. Drop individuals with missing values for the self-constructed pre-65 uninsured status
indicator (Section A.3.4)

6. Drop individuals who reported a health shock (self-constructed health shock indicator
equal to “1”; see Section A.3.2) when interviewed at ages 65 or 66

A.2.2 Ever-Smoker Status

“Ever-smoker” refers to the RAND variable SMOKEV, which indicates whether the respondent
has ever smoked cigarettes. Ever smoking means having smoked more than 100 cigarettes
throughout one’s life, not including pipes or cigars. This is consistent with the Centers for
Disease Control classification of the term “ever-smoker.”64 The ever-smoked question was
usually only asked at the respondent’s first interview and then carried forward for subsequent
waves. For details on the survey questions and recodings for missings into yes/no answers, see
the publicly available official RAND HRS documentation

A.3 Outcome and Exposure Variables

A.3.1 Smoking Status

Current smoking status refers to the RAND variable SMOKEN, which indicates whether the
respondent smokes at the time of the interview. The survey question about current smoking
status was only asked for respondents who answered yes to being ever-smokers (having smoked
more than 100 cigarettes in their lifetime). For details on the survey questions and recodings
for missings into yes/no answers, see the RAND HRS documentation.

A.3.2 Health Shocks

The health shock indicator was defined using the RAND variables HEARTE and STROKE. The
variable HEARTE indicates whether or not a doctor has ever told the respondent that he/she
had 1 of the following conditions:

1. Heart attack

2. Coronary heart disease

3. Angina

4. Congestive heart failure

5. Other heart problems
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The variable STROKE indicates whether or not a doctor has ever told the respondent that
he/she had 1 of the following conditions:

1. Stroke

2. Transient ischemic attack

For details on the survey questions and the construction of these variables, see the RAND
HRS documentation.

The health shock indicator used in this analysis was then defined as follows: It was set to
“1” in a given wave if the lagged values of both HEARTE and STROKE were equal to “0”, and if
either one of the current values (or both) was equal to “1.”

A.3.3 Medicare Eligibility Status

The Medicare eligibility status indicator was defined using the RAND variable AGEY E. This
variable indicates the respondent’s age in years at the end of the HRS interview in a given
wave. For details on the construction of this variable, see the RAND HRS documentation.

A.3.4 Pre-65 Uninsured Status

The pre-65 uninsured status indicator was defined using the RAND variables HIGOV, COVR,
COVS, and HIOTHP. The variable HIGOV indicates whether the respondent was covered by any
government health insurance program. COVR indicates whether the respondent was covered
by health insurance from his/her current or previous employer. COVS indicates whether the
respondent was covered by his/her spouse’s employer. HIOTHP indicates whether the respondent
was covered by any health insurance other than government, employer-provided, or long-term
care insurance. For details on the survey questions and the construction of these variables, see
the RAND HRS documentation-

The pre-65 uninsured status indicator used in this analysis was then defined as follows:
First, I defined a wave-specific uninsured indicator, which was set to “1” in a given wave if the
values of HIGOV, COVR, COVS, and HIOTHP were all equal to “0.” Then, the pre-65 uninsured
status indicator was set to “1” for respondents whose wave-specific uninsured indicator was “1”
in 100% of all pre-65 observations (i.e., where AGEY E < 65).

A.3.5 Polygenic Risk for Regular Smoking

The high-PGS indicator was defined using the HRS variable PGS EvrSmk TAG10. This variable
measures the PGS for the phenotype “smoking initiation” (referred to as “regular smoking” in
this study, for clarity purposes).
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These HRS PGSs for smoking initiation were calculated using effect sizes estimated in
a genome-wide association study (GWAS) meta analysis22 conducted by the Tobacco and
Genetics Consortium. The phenotype “smoking initiation” studied in this GWAS was defined
as ever versus never having been a regular smoker, where regular smokers were individuals
who reported having smoked ≥ 100 cigarettes throughout their life. Never regular smokers
where those who reported having smoked between 0 and 99 cigarettes throughout their life.
The discovery phase of the analysis included a total of 74,053 participants, and a follow-up
meta analysis was conducted with 143,023 participants and focused on the 15 most significant
regions. Eight SNPs exceeded genome-wide significance for the smoking initiation phenotype.22

HRS PGSs used these GWAS-estimated effect sizes for all SNPs that overlapped between
the HRS genetic database and the GWAS meta analysis, without accounting for linkage
disequilibrium between SNPs or considering P value thresholds. Scores were calculated
according to Equation (1) in the main text using the software packages PRSIce and PLINK.
More information on the construction of the polygenic scores and the GWAS meta analysis that
informed the SNP weights can be found in the publicly available official HRS documentation.

From these HRS PGSs, the high-PGS indicator used in this analysis was then defined
as follows: It was set to “1” for individuals with a PGS above the median, and to “0” for
individuals with a PGS below or equal to the median.

Figure 3 shows how this binary indicator for genetic risk for smoking as well as the original
PGS relate to reported smoking behavior in the HRS data (considering all respondents aged
between 60 and 70, without excluding baseline never-smokers). Panel (a) of Figure 3 shows a
clear level difference in the fraction of smokers between the high- and low-PGS groups. The
age pattern of smoking was very similar across the 2 groups. Panel (b) of Figure 3 shows the
distribution of the PGSs for those who were smokers at baseline and for those who were not.
By visual inspection, the distribution of scores is centered around a higher level for baseline
smokers than it is for baseline non-smokers.
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Figure 3: PGS for Regular Smoking and Smoking
Behavior in the HRS Data

(a) Mean Smoking Status by Age, Stratified by Genetic
Group

(b) Distribution of PGSs, Stratified by Baseline Smoking
Status

Low PGS: PGS ≤ median PGS. High PGS: PGS > median
PGS.
Data used: HRS waves 1-12, restricted to observations with
age between 60 and 70 years.

A.4 Statistical Analysis

A.4.1 Age Pattern of Health Shock Incidence

With the data used in this study, it was not possible to narrow down the exact timing of a
health shock to more than the between-survey 2-year window. Therefore, the probability of
having a health shock at a specific age could not be determined. What could be said from this
data about the age at the health shock is that for all shocks reported at ages 64 or below, the
shocks must have occurred prior to age 65. Similarly, for all health shocks reported at ages 67
or above, the shocks must have occurred after the age of 65. For shocks reported at interview
ages 65 or 66, it could not be determined whether the shock occurred before or after age 65
(as interviews were conducted biennially).

Figure 4 visualizes the fraction of HRS respondents who reported experiencing a health
shock since the last survey wave at a given interview age, stratified both by genetic group
and by gender. By visual inspection, there seems to be a positive trend in the fraction of
respondents reporting health events with age, with frequent deviations but no obvious jump
between 64 and 67.

In order to formally test for a jump or change in trend in the incidence of health shocks
around the age of 65, a segmented regression approach was used. Specifically, I tested if the
change between the percentage of respondents who reported a health shock at age 64 and the
percentage of respondents who reported a health shock at age 67 was larger than what could

5



Figure 4: Percentage of Reported Health Shocks by
Age

(a) Stratified by Genetic Group (b) Stratified by Gender

Low PGS: PGS ≤ median PGS. High PGS: PGS > median
PGS.
Bars show 95% confidence intervals. Dotted bars indicate that
it was unknown if reported shocks occurred before or after age
65.
Data used: HRS waves 1-12, restricted to observations with
age between 60 and 70 years and non-missing smoking status.

6



be explained by a linear age trend. For this test, all observations where respondents were aged
65 or 66 were excluded. For all remaining observations, the binary health shock indicator
(shock) was regressed on the age variable (age), a post-age-67 indicator variable (post67), and
a post-age-67 trend (post67slope):

shockit = β0 + β1 ageit + β2 post67it + β3 post67slopeit + εit (3)

The post-age-67 indicator variable was defined to take the value “1” if a respondent was
aged 67 or older at the time of the HRS interview. It therefore guaranteed that any potential
health shocks were experienced after the age of 65. The post-age-67 slope variable was a
continuous variable coded “0” up to and including age 67, and increased sequentially from “1”
thereafter. β1 captured the general age trend in the probability of reporting a health shock; β2
estimated the jump in the report of health shocks at age 67; β3 reflected changes in the age
trend of reported health shocks after age 67.

The linear probability model in Equation (3) was estimated using ordinary least squares
(OLS) regression for (i) the “full” sample (HRS waves 1-12, restricted to observations with age
between 60 and 70 years, and additionally excluding all observations with ages 65 or 66), (ii)
both genetic groups separately, and (iii) both men and women separately. Estimation results
are shown in Table 5. Across all groups, there were no statistically significant jumps for health
shocks reported at age 67 compared to age 64 (accounting for a linear age trend). Similarly,
the age trend was not significantly different after age 67 than before. In the full sample and in
the low-PGS group, the increase with age in the probability of reporting a health shock was
statistically significant.
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Table 5: Coefficients from Estimating the Linear Probability Model
in Equation (3) Using OLS

Dependent variable:

Health shock

Full sample
Genetic group Gender

Low PGS High PGS Male Female

Age 0.002∗ 0.003∗∗ 0.001 0.002 0.002
(0.001) (0.001) (0.001) (0.001) (0.001)

Post-67 indicator -0.002 -0.006 0.003 -0.005 0.002
(0.006) (0.008) (0.008) (0.009) (0.008)

Post-67 slope 0.000 -0.002 0.003 0.003 -0.001
(0.002) (0.003) (0.003) (0.003) (0.002)

Constant -0.078 -0.153∗ -0.005 -0.064 -0.087
(0.059) (0.083) (0.083) (0.092) (0.076)

Observations 24,916 12,501 12,415 10,867 14,049
Individuals 7,482 3,754 3,728 3,240 4,242

∗P < 0.1; ∗∗P < 0.05; ∗∗∗P < 0.01.
Low PGS: PGS ≤ median PGS. High PGS: PGS > median PGS.
Data used: HRS waves 1-12, restricted to observations with age between 60 and 70
years and non-missing smoking status, and additionally excluding all observations with
ages 65 or 66.
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B Results

B.1 Sample Characteristics Stratified by Future Health Shock Sta-
tus

Table 6: Descriptive Statistics for the Full Analytic Sample and Stratified by Future Health Shock
Status

Full sample
Health shocka

Yes No P valueb

Mean (SD) Mean (SD) Mean (SD)

Age (baseline) 61.2 (2.0) 60.8 (1.2) 61.3 (2.1) .00

Years of education 13.0 (2.6) 12.8 (2.7) 13.0 (2.5) .12

Yearly income in nominal $ (baseline) 21,529 (36,574) 18,393 (25,093) 21,998 (37,972) .01

Smoking PGS 0.1 (1.0) 0.2 (1.0) 0.1 (1.0) .10

Number of waves present 4.5 (1.4) 4.9 (1.2) 4.4 (1.4) .00

% % %

Female 49.3 45.9 49.8 .11

Uninsured pre-65 4.0 5.5 3.8 .10

Mean incidence of health shock 13.0 100 0 .00

Smoking (baseline) 27.7 33.2 26.9 .01

Average cessation rate (for baseline smokers)c 10.2 11.7 9.9 .15

Number of individuals 3,757 488 3,269

aHealth shock: diagnosed with a new cardiovascular condition during the time since the last HRS survey, but no history of
cardiovascular disease prior to this diagnosis.
bP values report significance tests for the difference in means between the health shock strata.
cCessation rates were defined as smoking in the previous but not in the current wave.
Data used: Analytic sample.
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B.2 Calculation of Main Effects

Table 7: Composition of the Estimated Marginal
Effect of a Health Shock on the Smoking Proba-
bility

Marginal effect of a health shock Estimate (SE)

Pre-65, low PGS -0.323∗∗

(0.133)

Shock -0.058∗∗

(0.027)

+ Shock x uninsured -0.265∗

(0.136)

Pre-65, high PGS -0.012
(0.150)

Shock -0.058∗∗

(0.027)

+ Shock x uninsured -0.265∗

(0.136)

+ Shock x high PGS 0.038
(0.032)

+ Shock x uninsured x high PGS 0.273
(0.203)

Post-65, low PGS 0.074∗∗∗

(0.022)

Shock -0.058∗∗

(0.027)

+ Shock x uninsured -0.265∗

(0.136)

+ Shock x post-65 -0.019
(0.040)

+ Shock x post-65 x uninsured 0.416∗∗∗

(0.143)

Post-65, high PGS -0.117
(0.104)

Shock -0.058∗∗

(0.027)

+ Shock x uninsured -0.265∗

(0.136)

+ Shock x high PGS 0.038
(0.032)

+ Shock x post-65 -0.019
(0.040)

+ Shock x uninsured x high PGS 0.273
(0.203)

+ Shock x post-65 x high PGS -0.037
(0.052)

+ Shock x post-65 x uninsured 0.416∗∗∗

(0.143)

+ Shock x post-65 x uninsured x high PGS -0.465∗∗

(0.232)

∗P < 0.1; ∗∗P < 0.05; ∗∗∗P < 0.01. Robust standard errors in
parentheses were clustered at the individual level. Covariance
matrix used for calculating standard errors is shown in Table 10.
Data used: Analytic sample.

Table 8: Composition of the Estimated Causal
Effect of Medicare Eligibility on the Effect of the
Health Shock

Effect of Medicare eligibility Estimate (SE)

Low PGS 0.397∗∗∗

(0.138)

Shock x post-65 -0.019
(0.040)

+ Shock x post-65 x uninsured 0.416∗∗∗

(0.143)

High PGS -0.105
(0.179)

Shock x post-65 -0.019
(0.040)

+ Shock x post-65 x high PGS -0.037
(0.052)

+ Shock x post-65 x uninsured 0.416∗∗∗

(0.143)

+ Shock x post-65 x uninsured x high PGS -0.465∗∗

(0.232)

∗P < 0.1; ∗∗P < 0.05; ∗∗∗P < 0.01. Robust standard errors in
parentheses were clustered at the individual level. Covariance
matrix used for calculating standard errors is shown in Table 10.
Data used: Analytic sample.
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Table 9: Composition of the Estimated Differ-
ence in the Effect of Medicare Eligibility Between
the Genetic Groups

Difference in the effect of Medicare eligibility Estimate (SE)

∆ (High PGS − low PGS) -0.502∗∗

(0.226)

Shock x post-65 x high PGS -0.037
(0.052)

+ Shock x post-65 x uninsured x high PGS -0.465∗∗

(0.232)

∗P < 0.1; ∗∗P < 0.05; ∗∗∗P < 0.01. Robust standard errors in
parentheses were clustered at the individual level. Covariance
matrix used for calculating standard errors is shown in Table 10.
Data used: Analytic sample.
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B.3 Robustness Checks

B.3.1 Relaxing the Criteria for Inclusion in the Pre-65 Uninsured Group

Table 11: Summary of Statistical Results for the Pre-65 Uninsured Subgroup (Using Different
Definitions of the Pre-65 Uninsured Status Indicator)

100% uninsured pre-65a 75% uninsured pre-65b 50% uninsured pre-65c

Panel A: Marginal effect of a health shock on the smoking probability

Low PGS High PGS Low PGS High PGS Low PGS High PGS

Pre-65 -0.323∗∗ -0.012 -0.323∗∗ -0.012 -0.180∗∗ 0.006
(0.133) (0.150) (0.133) (0.150) (0.088) (0.057)

Post-65 0.074∗∗∗ -0.117 0.074∗∗∗ -0.117 -0.037 -0.062
(0.022) (0.104) (0.022) (0.104) (0.074) (0.065)

Panel B: Causal effect of Medicare eligibility on the effect of the health shock

Low PGS High PGS Low PGS High PGS Low PGS High PGS

∆ (Post-65 0.397∗∗∗ -0.105 0.397∗∗∗ -0.105 0.143 -0.068
− pre-65) (0.138) (0.179) (0.138) (0.179) (0.115) (0.085)

Panel C: Difference in the effect of Medicare eligibility between the genetic groups

∆ (High PGS − low PGS) ∆ (High PGS − low PGS) ∆ (High PGS − low PGS)

∆ (Post-65 -0.502∗∗ -0.502∗∗ -0.211
− pre-65) (0.226) (0.226) (0.143)

aMain study results, for comparison.
bPre-65 uninsured status indicator set to “1” for respondents who were uninsured in at least 75% of all pre-65 observations.
cPre-65 uninsured status indicator set to “1” for respondents who were uninsured in at least 50% of all pre-65 observations.
∗P < 0.1; ∗∗P < 0.05; ∗∗∗P < 0.01. Robust standard errors in parentheses were clustered at the individual level.
Low PGS: PGS ≤ median PGS. High PGS: PGS > median PGS.
Pre-65: Health shock since last survey reported at ages 60-64. Post-65: Health shock since last survey reported at ages
67-70.
Data used: Analytic sample.
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B.3.2 Varying the Cutoffs for the High-PGS Indicator

Table 12: Summary of Statistical Results for the Pre-65 Uninsured Subgroup (Using Different
Definitions of the High-PGS Indicator)

Mediana 45th percentileb 55th percentilec

Panel A: Marginal effect of a health shock on the smoking probability

Low PGS High PGS Low PGS High PGS Low PGS High PGS

Pre-65 -0.323∗∗ -0.012 -0.323∗∗ -0.012 -0.316∗∗ -0.018
(0.133) (0.150) (0.133) (0.150) (0.133) (0.150)

Post-65 0.074∗∗∗ -0.117 0.072∗∗∗ -0.097 0.063∗∗∗ -0.136
(0.022) (0.104) (0.022) (0.094) (0.019) (0.117)

Panel B: Causal effect of Medicare eligibility on the effect of the health shock

Low PGS High PGS Low PGS High PGS Low PGS High PGS

∆ (Post-65 0.397∗∗∗ -0.105 0.395∗∗∗ -0.085 0.379∗∗∗ -0.117
− pre-65) (0.138) (0.179) (0.138) (0.174) (0.136) (0.187)

Panel C: Difference in the effect of Medicare eligibility between the genetic groups

∆ (High PGS − low PGS) ∆ (High PGS − low PGS) ∆ (High PGS − low PGS)

∆ (Post-65 -0.502∗∗ -0.480∗∗ -0.496∗∗

− pre-65) (0.226) (0.222) (0.231)

aMain study results, for comparison (low PGS: PGS ≤ median PGS; high PGS: PGS > median PGS).
bHigh-PGS indicator set to “1” for respondents with a PGS above the 45th percentile.
cHigh-PGS indicator set to “1” for respondents with a PGS above the 55th percentile.
∗P < 0.1; ∗∗P < 0.05; ∗∗∗P < 0.01. Robust standard errors in parentheses were clustered at the individual level.
Pre-65: Health shock since last survey reported at ages 60-64. Post-65: Health shock since last survey reported at ages
67-70.
Data used: Analytic sample.
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B.3.3 Expanding the Age Range

Table 13: Summary of Statistical Results for the Pre-65 Uninsured Subgroup (Using Different Age
Range Restrictions in the Analytic Sample)

60-70 years olda 59-71 years old 58-72 years old

Panel A: Marginal effect of a health shock on the smoking probability

Low PGS High PGS Low PGS High PGS Low PGS High PGS

Pre-65 -0.323∗∗ -0.012 -0.229∗ 0.218 -0.214∗ 0.134
(0.133) (0.150) (0.125) (0.217) (0.121) (0.223)

Post-65 0.074∗∗∗ -0.117 0.144∗∗∗ -0.145 0.196∗∗∗ -0.110
(0.022) (0.104) (0.044) (0.114) (0.046) (0.102)

Panel B: Causal effect of Medicare eligibility on the effect of the health shock

Low PGS High PGS Low PGS High PGS Low PGStext High PGS

∆ (Post-65 0.397∗∗∗ -0.105 0.373∗∗∗ -0.364 0.410∗∗∗ -0.243
− pre-65) (0.138) (0.179) (0.141) (0.239) (0.136) (0.240)

Panel C: Difference in the effect of Medicare eligibility between the genetic groups

∆ (High PGS − low PGS) ∆ (High PGS − low PGS) ∆ (High PGS − low PGS)

∆ (Post-65 -0.502∗∗ -0.737∗∗∗ -0.653∗∗

− pre-65) (0.226) (0.278) (0.276)

57-73 years old 56-74 years old 55-75 years old

Panel A: Marginal effect of a health shock on the smoking probability

Low PGS High PGS Low PGS High PGS Low PGS High PGS

Pre-65 -0.232∗ 0.138 -0.220∗ 0.083 -0.228∗ 0.195
(0.131) (0.220) (0.131) (0.235) (0.134) (0.203)

Post-65 0.178∗∗∗ -0.104 0.186∗∗∗ -0.131 0.194∗∗∗ -0.130
(0.037) (0.102) (0.038) (0.116) (0.037) (0.117)

Panel B: Causal effect of Medicare eligibility on the effect of the health shock

Low PGS High PGS Low PGS High PGS Low PGS High PGS

∆ (Post-65 0.410∗∗∗ -0.242 0.406∗∗∗ -0.214 0.422∗∗∗ -0.326
− pre-65) (0.145) (0.237) (0.145) (0.256) (0.149) (0.23)

Panel C: Difference in the effect of Medicare eligibility between the genetic groups

∆ (High PGS − low PGS) ∆ (High PGS − low PGS) ∆ (High PGS − low PGS)

∆ (Post-65 -0.652∗∗ -0.620∗∗ -0.747∗∗∗

− pre-65) (0.278) (0.294) (0.274)

aMain study results, for comparison.
∗P < 0.1; ∗∗P < 0.05; ∗∗∗P < 0.01. Robust standard errors in parentheses were clustered at the individual level.
Low PGS: PGS ≤ median PGS. High PGS: PGS > median PGS.
Pre-65: Health shock since last survey reported at ages 60-64. Post-65: Health shock since last survey reported at ages
67-70.
Data used: Analytic sample, but changing the age limits used in Step 1 in Section A.2.1.
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B.3.4 Including Individuals with Shocks Reported at Ages 65 and 66

Table 14: Summary of Statistical Results for the Pre-65 Uninsured Sub-
group (Including Individuals Reporting a Health Shock when Aged 65 or
66 in the Analytic Sample)

Analytic samplea Including shocks reported at 65/66b

Panel A: Marginal effect of a health shock on the smoking probability

Low PGS High PGS Low PGS High PGS

Pre-65 -0.323∗∗ -0.012 -0.323∗∗ -0.019
(0.133) (0.150) (0.134) (0.151)

Post-65 0.074∗∗∗ -0.117 0.080∗∗∗ -0.141
(0.022) (0.104) (0.030) (0.091)

Panel B: Causal effect of Medicare eligibility on the effect of the health shock

Low PGS High PGS Low PGS High PGS

∆ (Post-65 0.397∗∗∗ -0.105 0.403∗∗∗ -0.122
− pre-65) (0.138) (0.179) (0.140) (0.172)

Panel C: Difference in the effect of Medicare eligibility between the genetic groups

∆ (High PGS − low PGS) ∆ (High PGS − low PGS)

∆ (Post-65 -0.502∗∗ -0.525∗∗

− pre-65) (0.226) (0.222)

aMain study results, for comparison.
bAnalytic sample additionally includes individuals who reported experiencing a health shock since the
last survey wave when interviewed at ages 65 or 66.
∗P < 0.1; ∗∗P < 0.05; ∗∗∗P < 0.01. Robust standard errors in parentheses were clustered at the
individual level.
Low PGS: PGS ≤ median PGS. High PGS: PGS > median PGS.
Pre-65: Health shock since last survey reported at ages 60-64. Post-65: Health shock since last survey
reported at ages 67-70.
Data used: Analytic sample, but skipping Step 6 in Section A.2.1.
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C Discussion

Medicare enrollment in Sections C.1 and C.2 refers to the RAND variable GOVMR, which
indicates whether the respondent is covered by Medicare in a given wave. For details on the
survey questions and construction of this variable, see the RAND HRS documentation.

C.1 Medicare Enrollment Rates

Figure 5: Age Profile of Medicare Enrollment Rates

(a) Overall (b) Stratified by Genetic Group

Low PGS: PGS ≤ median PGS. High PGS: PGS > median PGS.
Data used: Analytic sample with the additional restriction of a non-missing Medicare enrollment status.
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C.2 Robustness Check Using Medicare Enrollment Status

Table 15: Summary of Statistical Results for the Pre-65 Unin-
sured Subgroup (Using Medicare Enrollment Status Instead
of Medicare Eligibility Status)

Panel A: Marginal effect of a health
shock on the smoking probability

Low PGS High PGS

Without Medicare -0.278∗∗ -0.012
(0.124) (0.150)

With Medicare 0.095∗∗∗ -0.114
(0.028) (0.104)

Panel B: Effect of Medicare on the
effect of the health shock

Low PGS High PGS

∆ (With Medicare 0.373∗∗∗ -0.102
− without Medicare) (0.132) (0.179)

Panel C: Difference in the effect of Medicare
between the genetic groups

∆ (High PGS − low PGS)

∆ (With Medicare -0.474∗∗

− without Medicare) (0.222)

∗P < 0.1; ∗∗P < 0.05; ∗∗∗P < 0.01. Robust standard errors in parentheses,
clustered at the individual level.
Low PGS: PGS ≤ median PGS. High PGS: PGS > median PGS.
Composition of all effects as shown in Tables 7, 8, and 9, but replacing the
post-65 indicator with Medicare enrollment status.
Data used: Analytic sample with the additional restriction of a non-missing
Medicare enrollment status.
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