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Abstract

Background: Mortality selection occurs when a non-random subset of a population of
interest has died before data collection and is unobserved in the data. Mortality selection
is of general concern in the social and health sciences, but has received little attention in
genetic epidemiology. We tested the hypothesis that mortality selection may bias genetic
association estimates, using data from the US-based Health and Retirement Study
(HRS).

Methods: We tested mortality selection into the HRS genetic database by comparing
HRS respondents who survive until genetic data collection in 2006 with those who do
not. We next modelled mortality selection on demographic, health and social characteris-
tics to calculate mortality selection probability weights. We analysed polygenic score as-
sociations with several traits before and after applying inverse-probability weighting to
account for mortality selection. We tested simple associations and time-varying genetic
associations (i.e. gene-by-cohort interactions).

Results: We observed mortality selection into the HRS genetic database on demo-
graphic, health and social characteristics. Correction for mortality selection using inverse
probability weighting methods did not change simple association estimates. However,
using these methods did change estimates of gene-by-cohort interaction effects.
Correction for mortality selection changed gene-by-cohort interaction estimates in the
opposite direction from increased mortality selection based on analysis of HRS respond-
ents surviving through 2012.
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Conclusions: Mortality selection may bias estimates of gene-by-cohort interaction ef-
fects. Analyses of HRS data can adjust for mortality selection associated with observ-
ables by including probability weights. Mortality selection is a potential confounder of
genetic association studies, but the magnitude of confounding varies by trait.
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Key Messages

and used to correct naive estimates.

polygenic scores and their target phenotypes.

¢ Mortality selection may confound studies of genetic associations.
* In data that observe research participants in the years before genotyping, such mortality selection can be modelled

¢ Using this approach, we observe little evidence that mortality selection biases simple genetic associations between

* However, mortality selection does appear to bias estimates of time-varying genetic associations (gene-by-cohort
interactions) for traits linked to excess mortality. The direction of bias is toward the null.

Introduction

Among individuals in a birth cohort, those surviving to
some threshold age are not a random sample. Traits, be-
haviours and environments influence survival. As cohorts
age, members with disadvantageous characteristics (e.g.
smoking) are more likely to die.' Such ‘mortality selection’
can bias aetiological studies of conditions that cause mor-
tality.>® Mortality selection has been raised as a concern in
genetic epidemiology*® but not systematically evaluated.

Mortality selection is of interest in light of recent ‘gene-
by-cohort’ interaction studies that test variation in genetic
effects across birth cohorts.”™'® These studies often inter-
pret variation in genetic effects across birth cohorts as re-
flecting environmental changes occurring across historical
periods. However, because DNA has been collected only
recently, members of the earliest-born birth cohorts are
relatively long-lived. Thus mortality selection into the sam-
ple is increasingly pronounced from later to earlier-born
birth cohorts. If long-lived individuals differ from the
general population in ways that effect genotype-phenotype
associations, mortality selection will complicate gene-by-
cohort interaction estimates.

We investigated mortality-selection-related bias to esti-
mates of genetic associations in a large sample of US adults
followed longitudinally during later life: the Health and
Retirement Study (HRS). HRS began collecting data in
1992, and first collected DNA for genotyping in 2006.
Thus, we were able to examine characteristics of a sample
14 years before genotyping. We used differences between

those who did and did not survive until 2006 to evaluate
mortality selection into the genetic sample. We next mod-
elled mortality before DNA collection as a function of
demographic, health and social characteristics to estimate
probability weights. Finally, we used these probability
weights to estimate effects of mortality selection on poly-
genic score associations with height, body mass index
(BMI), educational attainment and smoking behaviour.
We considered ‘simple’ polygenic score associations with
phenotypes and polygenic score associations with pheno-
types that vary across environments, in this case broad en-
vironments indexed by birth cohort (i.e. gene-by-cohort
interactions). Findings highlight challenges facing investi-
gations of genetic associations in data on older adults, and
suggest some solutions.

Mortality selection and missing data

Mortality selection is one cause of missing data.'* When
data are missing completely at random (MCAR), i.e. miss-
ingness is not associated with parameters of interest, then
missingness can be ignored. However, when causes of mor-
tality are of interest, as in much epidemiological research,
mortality-selection-related missingness is rarely MCAR
and failure to account for mortality selection may cause
bias. If the data are missing conditional on observed vari-
ables (i.e. missing at random, MAR) then bias can be
reduced by appropriate techniques (e.g. inverse probability
weighting).
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Mortality selection and gene-by-birth-cohort
interactions

Genetic effects may vary across environments.'>'® Recent
studies have examined variation in genetic effects on com-
plex phenotypes across historical contexts indexed by birth
cohort.””'® Because most genetic data were collected re-
cently, these studies often observe populations from
earlier-born birth cohorts at much older ages, which could
introduce bias into estimates of gene-by-cohort interaction
if individuals sampled at older ages represent a different
population from those sampled at younger ages. Suppose
that the genetic effect (G) on some outcome (Y) is a func-
tion of birth cohort (B) as indexed by year of birth:

Y = B(B) G +e. (Eqn 1)

Estimates of the effect, 8 (ES > for a particular birth cohort
(Bo) may depend upon the specific time (T) when data are
collected. In particular, only those who die (D denoting year
of death) after the observation window (D > T) are included
(data are missing for D < T). If missingness is associated
with Y, then f3 (1?0\) + may be biased. Bias will depend on G’s
relationship with Y. If effects of G on Y occur after age
T — B, any mortality selection (i.e. D < T) is independent
of G and Y (i.e. it is MCAR) and missingness will not bias
estimates of B(B). If effects of G on Y occur before age
T — B, then estimates may contain bias. For example, if
smoking causes premature death, then estimates of genetic
associations with smoking using DNA collected after onset
of smoking-related mortality are potentially biased.
However, it is possible to reduce bias by modelling
mortality-related missingness as a function of observables.
One such approach is inverse probability weighting (IPW'7).

We highlight three additional issues. First, under rea-
sonable assumptions, ﬁ(/B\)T will be an unbiased estimate
of B(BID > T). Such estimates may be of interest.'®
Second, most recent research on birth cohort effects have
assumed that $(B) is a linear function of B.*™'Y We do the

same, assuming:

B(B) = c+dB. (Eqn 2)
Third, estimates of cohort-invariant genetic effects via
the model:

Y = - G+ze (Egn 3)

may be of interest. If f(B) is nearly constant over a large
number of observed birth cohorts, 8 is likely to be a rea-
sonable summary of the genetic effect. If not, possibility of
specification error exists that may be difficult to disentan-
gle from bias induced by mortality selection.

Polygenic scores and phenotypes

We investigated mortality bias to genetic associations using
polygenic scores.'”*® Polygenic scores (PGSs) summarize
genetic contributions to phenotypic variation across the en-
tire genome. Mortality-selection-related bias is also rele-
vant to study of individual genetic loci. We focused on
polygenic scores because they are in wide use in epidemi-
ology®! and have been the focus of most recent gene-by-
cohort interaction research. We investigated polygenic
scores for smoking initiation, educational attainment and
BMI because each has been investigated in the context of
gene-by-cohort interactions.®”'? We also investigated the
polygenic score for height because it is, to date, the most
predictive score available.

Smoking and educational attainment are strongly
related to mortality."*>** We expect mortality-related
missingness to be associated with genetics pertinent to
these phenotypes and, as a consequence, to observe
mortality-selection-related bias. Higher mortality among
smokers should attenuate polygenic score associations
with smoking behaviour. Moreover, this attenuation bias
should increase with the magnitude of genetic influence on
smoking behaviour. Twin studies suggest that the magni-
tude of genetic influence on smoking behaviour has
increased across the 20th century.** Therefore, we expect
modest attenuation bias to polygenic score associations
with ever-smoker status and more substantial attenuation
bias to polygenic-score-by-cohort interactions (i.e. d > d
in estimates of Eqn 2). The same pattern should hold for
educational attainment, although there it is the least-
educated whom we expect to suffer disproportionate
mortality-related attrition.

The relationship between the remaining phenotypes,
BMI and height, and mortality is less clear. There are po-
tential confounders of observed relationships between
these two anthropometric traits and mortality,”® sugges-

26 and

tions that the form of the relationship is nonlinear
evidence of heterogeneity in associations.””*® We therefore
do not hold strong previous hypotheses about mortality-
selection bias for polygenic score associations with these

phenotypes.

Data and Methods
Data

The Health and Retirement Study is a biennial longitudinal
study of persons aged 50+, initiated in 1992, examining
socioeconomic status and health. Using the RAND Version
N data,?” we consider 30 196 respondents in the HRS who
provided any data to HRS during between 1992 and 2003,
i.e. before the beginning of DNA collection for genotyping
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Figure 1. Description of two-step selection process into sample of gen-
otyped respondents (inset). Main figure shows Kaplan-Meier survival
curves for those who died before 2006 (type 1), those who survived
through 2006 but were not genotyped (type 2) and those who were gen-
otyped (type 3).

in 2006. We conceptualize genetic data collection as a two-
step selection process (see inset of Figure 1). Respondents
first must have survived until genotyping (2006-08) and
second, must have consented to participate. Figure 1 illus-
trates this selection process graphically.

Phenotypic data

We used measurements of health (diabetes status, heart
disease status, depressive symptoms and self-rated health),
ever-smoker status, educational attainment, height and
BMI collected by HRS before 2006 (when DNA were first
collected). Additional detail on phenotypic measures is
provided in Supplementary data, available at IJE online.

Genetic data

Genotyping was conducted from DNA samples collected
at assessment waves during 2006-08. We obtained data
from the NIH Database of Genotypes and Phenotypes
(dbGaP). Quality control procedures followed previous

k51011 and are described in Supplementary data, avail-

wor
able at IJE online The analysis genotype dataset consisted
of 1.7 M genotyped single-nucleotide polymorphisms

(SNPs) that passed quality control.

Polygenic scores

Polygenic scores were computed from the genome-wide
SNP database using published results**=*® from the ori-
ginal genome-wide association studies (GWAS) using the
most recent PGS techniques.®* (Because the GWAS of edu-
cational attainment included HRS, we obtained a revised
set of results based on meta-analysis excluding HRS.)
Briefly, we coded SNP genotypes as counts of alleles
weighted according to the associations reported in the pub-
lished GWAS. We summed weighted allele counts across
all SNPs and then standardized to compute polygenic

scores.

Analysis

We compared survival differences between genotyped and
non-genotyped HRS respondents using Kaplan-Meier sur-
vival curves®® and Cox proportional hazard models.>® We
modelled early mortality using logistic regression. We used
two specifications. The first specification included health
indicators, ever-smoker status and educational attainment.
The second specification added demographic information
(birth year). We used fitted values from regression models
to construct probability weights which are used as inverse
probability weights to adjust estimates for mortality selec-
tion (see Supplementary data, available at IJE online).

Mortality selection analyses included all HRS partici-
pants born 1910-59 (=28 625). We excluded cohort
members born before 1910 because only 12 of these re-
spondents were genotyped. We excluded respondents born
after 1960 because they are not categorized into current
HRS birth cohorts. In our analyses of gene-by-cohort ef-
fects, we focused on those born between 1919 and 19535,
because of sample size constraints.

We tested genetic associations with phenotypes using
linear regression. (Ever-smoker status was analysed with
linear probability models.) Models included polygenic
scores, sex and birth year as covariates. We tested gene-by-
cohort interactions using the same linear regression models
used to test genetic associations, with the addition of a
product term modelling interaction between birth cohort
and polygenic score.

We evaluated mortality-selection-related bias under

four scenarios:

i. naive scenario: those with genetic data;
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Table 1. Demographic characteristics of the HRS sample as a function of birth cohort and genotype status
Female Hispanic Black Other

Cohort name Birth N % % %o % % % %o % %

years geno geno non-geno geno non-geno geno non-geno geno non-geno

sample sample  sample  sample  sample sample sample sample  sample

All 30196  40.9 59.2 54.9 9.1 8.4 13.1 16.4 4.7 4.6
AHEAD <1924 7743 14.5 62.8 59.0 51 5.9 10.8 14.5 1.0 2.4
CODA 1924-30 4181  42.8 56 48.1 5.9 7.4 8.7 11.3 3.2 4.1
HRS 1931-41 10324  46.1 55.9 50.2 8.7 9.9 14.0 20.3 3.4 4.6
War Babies 1942-47 3418 55.2 62.9 60.1 8.1 7.6 14.3 16.2 4.5 5.4
Early Baby Boomers  1948-53 3506  61.2 58.2 53.9 12.9 15.9 15.4 19.0 8.8 13.1
Mid Baby Boomers ~ 1954-59 747  62.5 80.1 78.9 16.3 13.9 11.8 13.2 10.9 12.1
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Male.Non-white
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Figure 2. Kaplan-Meier survival curves for genotyped and non-genotyped HRS respondents, split by race and sex.

ii. data from scenario 1 plus inverse probability weights

constructed from model of mortality without birth

year;

iii. data from scenario 1 plus inverse probability weights

constructed from model of mortality with birth year.

This scenario should be least affected by mortality

selection;

. enhanced mortality selection: those with genetic data
and still alive as of most recent data collection (the lat-
est recorded death is in 2013). This scenario should

show the most bias due to mortality selection.

All analyses were stratified by self-reported race/ethni-
city and sex because of established differences in age-
related mortality across demographic categories.

Results

Genotyped HRS respondents were longer-lived as
compared with non-genotyped respondents

Genotyped respondents tended to be longer-lived as com-
pared with their non-genotyped age-peers (Table 1, Figure
2).
10-22% of those for non-genotyped respondents at mean

Age-specific mortality hazards for genotyped were

age of first interview (P<0.01 for non-Whites and
P <0.001 for whites). This increased longevity was related
to health indicators, smoking behaviour and education
(Figure 3). Respondents who survived through 2006 to be-
come eligible for genotyping were healthier as compared
with cohort-peers who did not survive through 2006: they
were less likely to smoke, less likely to develop heart
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Figure 3. Phenotypic means [with LOcally WEighted Scatter-plot Smoother (LOESS) fits] as a function of respondent birth year in genotyped and

non-genotyped sample.

disease or diabetes, less likely to exhibit depressive symp-
toms and self-reported better health. They were also more
highly educated.

We next modelled mortality as a function of the health
indicators. Model predictions were reasonably accurate as
evaluated by area under the receiver operating characteris-
tic curve (AUC). A straightforward interpretation of AUC
is the probability that a randomly selected respondent who
died before 2006 would have a higher predicted value as
compared with a respondent who survived past 2006.
AUCs tended to be > 0.8 for models including birth year

and > 0.7 for models without birth year. AUCs were lower
for non-White males. Complete results are reported in the
Supplementary data, available at IJE online; note that
these relatively simple models predict mortality as well as
the more complex models.

Distributions of some polygenic scores vary
across birth cohorts

If individuals who carry advantageous or disadvantageous
genotypes have different survival probabilities as compared
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Figure 4. Mean polygenic score for non-Hispanic Whites split by sex as a function of birth year.

Table 2. Main effect of PGS on phenotype (net of birth year
and sex) under four different scenarios

Enhanced  Naive Weighted, Weighted,
mortality no birth year  with birth year
BMI 0.268 0.259 0.253 0.254
SE 0.011 0.010 0.010 0.010
Height 0.350 0.328 0.322 0.317
SE 0.011 0.010 0.026 0.030
Education 0.221 0.227 0.232 0.227
SE 0.010 0.010 0.010 0.010
Smoke 0.117 0.115 0.112 0.108
SE 0.012 0.011 0.011 0.011

SE, standard error.

with cohort-peers who do not carry those genotypes, geno-
type distributions will vary across birth cohorts observed
at a fixed point in time. Figure 4 plots means for BMI,
height, education and smoking polygenic scores across
HRS birth cohorts. Particularly among males, average edu-
cational attainment polygenic score declines from earlier to
more recent birth cohorts.

Correction for mortality selection disattenuates
estimates of gene-by-cohort interaction effects
for education and smoking polygenic scores

Correction for mortality selection using IPW did not sub-
stantially change estimates of simple genetic associations
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(Table 2; see also Supplementary data, available at IJE on-
line). Correction for mortality selection using IPW did alter
estimates of gene-by-cohort interaction effect estimates in
two cases (Figure 5; see also Supplementary data, available
at IJE online). For BMI, height, education and smoking,
polygenic score effect sizes increased from earlier to more
recent birth cohorts. Across four specifications—enhanced
mortality selection, which considered only individuals sur-
viving to 2012, the naive model, and two models

correcting for mortality selection with IPW—magnitudes
of increase in polygenic score effect sizes were roughly con-
stant for BMI and height, but varied for education and
smoking. After disattenuation via IPW, estimates of gene-
by-cohort interaction that account for mortality selection
were 74% larger for education in males and 38% larger
for smoking in females. In contrast, gene-by-cohort inter-
action effect estimates were further attenuated in enhanced
mortality selection models. A few influential outliers
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(n=10) led to the negative interaction for height and birth
cohort in males after enhanced mortality selection (see
Supplementary data, available at IJE online). After their re-
moval, the estimated interaction term was positive.

Discussion

The addition of genomic data to social surveys and epi-
demiological studies opens new research opportunities to
understand how the genome influences health and disease.
One emerging area of study is variation in genetic effects
across birth cohorts.””"? A threat to validity in such studies
is mortality selection. We considered implications of mor-
tality selection in one longitudinal social survey, the HRS.
We observed substantial mortality selection into the HRS
genetic database; during 1992-2005, HRS respondents
who would eventually be genotyped were healthier, better
educated and longer-lived as compared with birth-cohort
peers who did provide DNA. This observation is consistent
with previous study of the HRS.?”

We found evidence for attenuation bias in the estima-
tion of birth cohort-varying genetic effects. This finding,
that mortality selection may lead to attenuation, has also
been observed in the context of Mendelian randomiza-
tion.>® If certain genetic profiles are associated with

increased risks for mortality,*®’

then individuals with
such genotypes are less likely to be observed in older sam-
ples (e.g. Figure 4).

We acknowledge that we cannot observe the ‘true’
model. We interpret the systematic changes in the birth
cohort-varying PGS effects (i.e. increasing as we go from
estimates based on enhanced mortality selection to esti-
mates based on weighting to remove effects of mortality se-
lection) as evidence that naive estimates may be biased.
This is contingent upon the model for mortality selection
being correctly specified. Moreover, our ability to detect
bias is contingent upon selection occurring due to observ-
ables (e.g. on smoking status).

The evidence presented here is focused on results from
polygenic scores derived from GWAS. GWAS themselves
are likely conducted in the presence of substantial mortal-
ity selection. Polygenic scores, because they average effects
from across the genome, are fairly robust predictors.®**°
Therefore, it may not be surprising that little bias was
observed in the estimation of birth cohort-invariant mar-
ginal effects. However, even small amounts of bias may be
problematic in studies of individual genetic variants (e.g.
GWAS) since magnitudes of single-variant effects are
mostly small. Moreover, mortality selection may act as a
form of collider bias,*' potentially leading to false-positive
findings in a GWAS.** Future GWAS replication studies
may consider mortality bias as a potential confounder. The

HRS is well-equipped for this purpose. It is used as a valid-

533,43

ation sample in several recent GWA and it would be

possible to test the robustness of replication results to mor-
tality selection. The empirical evidence presented with re-
spect to height and BMI suggest that such resulting biases
may be small, but mortality bias may be more pernicious
in other contexts, especially in studies of traits with clear
mortality associations.

Supplementary Data

Supplementary data are available at IJE online.
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