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Abstract

Background: The relationship between education and late-life cognitive decline is contro-

versial. Selective survival between early life, when education is typically completed, and

late life, when cognitive ageing studies take place, could attenuate effect estimates.

Methods: We quantified potential survival bias (collider-stratification bias) in estimation

of the effect of education on late-life cognitive decline by simulating hypothetical cohorts

of 20-year-olds and applying cumulative mortality from US life tables. For each of four

causal scenarios (2000 replications each), we compared the estimated versus causal ef-

fect of education on cognitive decline over 9 years, starting at age 60, 75 or 90 in random

samples of n¼ 2000 people who survived to each age.

Results: Effects of education on cognitive decline were underestimated when both edu-

cation and U, another determinant of cognitive decline, influenced mortality (collider-

stratification bias). The magnitude of bias was sensitive to the magnitude of the effect of

U on cognitive decline and whether there was a multiplicative interaction between

education and U on mortality. For example, when there was a multiplicative interaction

between education and U on mortality, 95% confidence interval coverage of the causal

effect ranged from 83.4% to 50.4% at age 60 and 25.8% to 0.2% at age 90.

Conclusions: Selective survival could lead to underestimation of effects of education on

late-life cognitive decline. Our simulations map survival bias to testable assumptions

about underlying causal structures.
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Introduction

Education is associated with better health across numer-

ous outcomes1,2 and is thought to be important for cogni-

tive health.3 Education is associated with lower risk of

Alzheimer’s disease and related dementias,4 but longitudi-

nal studies suggest that this association may be driven by

the link between education and level of cognitive func-

tion, not rate of cognitive decline.5–10 This distinction is

critical because cognitive decline is the hallmark of pro-

gression of Alzheimer’s disease and related dementias.

Although it is possible that education has no effect on

cognitive decline, selective survival is an alternative expla-

nation. Selective survival between early life, when educa-

tion is typically completed, and late life, when studies of

cognitive ageing typically begin, could lead to underesti-

mation of possible effects of education on cognitive de-

cline because education is associated with survival.11,12

Recent studies estimating effects of education on cogni-

tive decline have used methods to address selective sur-

vival after study enrolment,7,8 but few have available data

to account for selective survival between early life and

study initiation.

We used simulations to systematically quantify potential

bias in estimation of the effect of education on late-life rate

of cognitive decline arising from selective survival between

early and late life under several causal structures consistent

with collider-stratification bias.13,14 Our simulations fo-

cused on education and cognitive decline, but survival bias

is a potential source of bias for a broad range of exposures

and outcomes of importance in life course epidemiology.

Methods

Hypothetical cohort study

We considered a hypothetical cohort study of the effect of

completion of high school education on late-life cognitive

decline. The hypothetical population cohort comprised

n¼ 100 000 20-year-olds (when high school education is

typically completed). The association between completion

of high school education and cognitive decline was esti-

mated among people who survived to late life (ages 60, 75

and 90) under four causal scenarios (described below). For

each scenario, we selected random samples of n¼ 2000

people surviving to age 60 (Age 60 Study), 75 (Age 75

Study) or 90 (Age 90 Study) for inclusion in hypothetical

cognition studies. In each hypothetical study, cognitive

function was measured on seven occasions over 9 years, a

typical sample size and assessment schedule for cognitive

ageing studies.9,15 We considered three age cohorts be-

cause most studies recruit a range of ages, and the magni-

tude of survival bias arising from collider stratification

may differ by enrolment age.

Education and survival distributions for the hypotheti-

cal cohort were based on estimates for people born in the

USA around 1930: we simulated the data such that 60% of

the n¼ 100 000 individuals in the 20-year-old cohort com-

pleted high school (60% �high school; 40% <high

school)16 and 69%, 35% and 3% of the 20-year-old co-

hort survived to ages 60, 75 and 90, respectively.17 Lower

education was associated with higher cumulative mortality

at all ages (odds ratio¼ 2.0 for<high school versus �high

Key Messages

• Selective survival before study enrolment could lead to underestimation of effects of education on late-life cognitive

decline due to mortality between the ages when education is completed and when studies of cognitive ageing typi-

cally begin.

• In simulations quantifying potential survival bias, the magnitude of bias was large only when there was a multiplica-

tive interaction between exposure (i.e. education) and U, a common cause of mortality, and the outcome (i.e. late-life

cognitive decline). The magnitude of bias was more sensitive to the magnitude of the effect of U on the outcome

than the magnitude of the effect of U on mortality.

• Selective survival before study initiation may bias a broad range of life course epidemiology studies. With relevant in-

formation on survival processes, simulations can be used to quantify the plausible range of bias.

1508 International Journal of Epidemiology, 2018, Vol. 47, No. 5

D
ow

nloaded from
 https://academ

ic.oup.com
/ije/article/47/5/1507/5053965 by guest on 05 M

arch 2021



school).12 We set the average rate of cognitive decline in

the �high school group to b10¼�0.05 standardized [N(0,

1)] units annually. We set the total effect of education

(<high school versus �high school) on cognitive decline to

�0.05 standardized units annually (i.e. <high school doubled

rate of cognitive decline relative to �high school). To focus

on potential bias arising from selective survival between ex-

posure and outcome assessment, we assumed no other form

of selection into the analysis cohort, no attrition after study

enrolment, no measurement error and no confounding.

Education influences mortality, so some people who sur-

vive with �high school education would not survive if they

had<high school education; the effect of education on cog-

nitive ageing is considered undefined for these individuals

because one of the counterfactuals cannot be defined. We

therefore focus on the Survivor Average Causal Effect, i.e.

the effect of education on cognitive decline among individu-

als who would survive (to the age at which cognitive ageing

was evaluated) regardless of education level.18–20

Data-generating process

The causal structures guiding our data-generating pro-

cesses are shown in Figure 1. For clarity, we posit specific

constructs represented by the unmeasured determinants of

cognitive decline (the ‘U’ variables), but numerous factors

are imaginable. We assigned each person i: (i) education

leveli (0 if �high school, 1 if <high school) from

Bernoulli(0.40); (ii) U1i, which we refer to as an

Alzheimer’s disease polygenic risk score (AD-GRS),21,22

U1i �N(0, 1); and (iii) U2i, which we refer to as complex-

ity of primary lifetime occupation (occupational complex-

ity),23,24 generated as a consequence of education:

U2i ¼ 0þ aoeducationi þ ei ð1Þ;

where a0 ¼ effect of education on occupational complexity

and ei �N(0, 1). For consistency in the direction of effects

of variables in our simulations, U2 is coded such that

higher values are harmful.

We generated survival to ages 60, 75 and 90 for each

person as a function of education, U1 and U2. First, we

generated probability of death for each person i by age k

using equation 2:

P deathikð Þ ¼ expðc0k þ c1educationi þ c2U1i þ c3U2i

1þ expðc0k þ c1educationi þ c2U1i þ c3U2i

þ c4U1i � educationiÞ
þ c4U1i � educationiÞ

2ð Þ

Next, we generated probability of survival as

P(survivalik)¼ 1 – P(deathik) and vital status as a binary

variable with mean P(survivalik). For each person i at cog-

nitive assessment wave j, we generated a value of cognitive

function, Cij; following a linear mixed-effects model with a

random intercept (f0i) and random slope (f1i) drawn from

a bivariate normal distribution with mean 0, variances r2
f0

and r2
f1

, and covariance rf01
(coefficient definitions in

Table 1). Although we use the term timeij, time at wave j

does not vary between people:

Cij ¼ b00 þ b01educationi þ b02U1i þ b03U2i

þ b10 þ b11educationi þ b12U1i þ b13U2ið Þ � timeij

þ f0i þ f1itimeij þ eij ð3Þ

Note that the data-generating model for cognitive function

specifies an indirect effect of education on cognitive change

via U2 (b13). Thus, the total effect of education on cogni-

tive change is b11 þ a0 �b13.

Causal scenarios under investigation

We considered four causal structures. In all structures, edu-

cation influenced survival to late life (age 60, 75 or 90)

(exp(c1Þ ¼ 2.0). Causal Structure 1 (Figure 1a) was a base

scenario with no anticipated bias. In this scenario, no cor-

relate of cognitive decline affected survival. In Causal

Structures 2 and 3 (Figure 1b), we added an effect of

U1 (AD-GRS) on survival. In Causal Structure 2 (collider

stratification), there was no interaction on the odds ratio

scale between education and U1 in determining mortality

(exp(c2Þ ¼ 2.0; exp(c4Þ ¼ 1.0). In Causal Structure 3

(collider stratification with interaction), education and U1

interacted on the odds ratio scale in determining mortality,

such that U1 only influenced mortality for people with

<high school education (exp(c2Þ ¼ 1.0; exp(c4Þ ¼ 2.0). In

Causal Structure 4 (collider stratification with mediation;

Figure 1c), U1 had no effect on mortality, but U2 (occupa-

tional complexity), which partially mediated the effect of edu-

cation on cognitive decline, influenced mortality (exp(c3) ¼
2.0). Causal Structures 2 and 4 were similar; the distinction be-

tween them is that U1 was not affected by education and U2

partially mediated the effect of education on cognitive decline.

Input parameter values

In all causal structures, we maintained the magnitude of

effects of education on cognitive decline and cumulative

mortality described earlier. For each causal structure, we

first generated data with the moderate parameter inputs

displayed in Table 2, selecting values that represent effect

sizes within the bounds of associations observed in pub-

lished data. Note that all variables are coded such that

higher values are harmful for cognitive outcomes and
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Figure 1. Causal diagrams illustrating causal structures under investigation. Gamma coefficients for effects on mortality and beta coefficients for

effects on cognitive outcomes refer to equations 2 and 3. In all scenarios, education influenced survival to late life (age 60, 75 or 90). Causal Structure

1 (no bias anticipated): no determinant of cognitive decline other than education affected mortality. Causal Structures 2 (collider stratification) and 3

(collider stratification with interaction): U1, which we conceptualized as Alzheimer’s disease polygenetic risk score, influenced mortality; in Causal

Structure 2, there was no interaction between education and U1 on mortality; in Causal Structure 3, there was a multiplicative interaction between ed-

ucation and U1 on mortality. Causal Structure 4 (collider stratification with mediation): U2, which we conceptualized as occupational complexity, par-

tially mediated the effect of education on rate of cognitive decline and mortality. Note that all variables are coded such that higher values are harmful

for cognitive outcomes and survival.

Table 1. Input variance and covariance values for generating Cij (cognitive function)

Parameter Definition Value

r2
f0

Variance of f0i, person i’s deviation from the group mean intercept 0.20

r2
f1

Variance of f1i, person i’s deviation from the group mean slope 0.005

rf01
Covariance of f0iand f1i 0.01

re
2 Variance of eij, unexplained variation in Cij 0.70
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survival. Next, we examined more aggressive parameter

inputs (varying one input at a time), selecting values we

consider on the higher bound of effect sizes likely in real

data. We varied the magnitudes of: (i) the effect of U1 on

cognitive change (b12); (ii) the effect of U2 on cognitive

change (b13); (iii) the effect of U1 on mortality (c2); (iv)

multiplicative effects of education and U1 on mortality

(c4); and (v) the effect of U2 on mortality (c3).

Assessment of survival bias in estimated effect of

education on annual rate of cognitive change

We estimated the total effect of education on cognitive

change (b̂) in the Age 60, 75 and 90 Study samples (i.e. ran-

dom samples of n¼ 2000 survivors to ages 60, 75 and 90)

using linear mixed-effects models with random intercepts

and slopes allowing for correlation of the random intercepts

and random slopes, and no additional within-person covari-

ance structure. Models estimating the education-cognitive

decline association do not adjust for U1 or U2 because, in

practice, such measures may be unavailable.

We generated S¼ 2000 iterations of sample generation for

each causal scenario. In our notation, b represents the causal

and b̂ represents the estimated total effect of education on

annual rate of cognitive change. We calculated the mean

estimate across the S simulated samples,
�̂b ¼

PS
h¼1

b̂h

S , and

calculated percentage bias as
�̂b�b
b

� �
� 100. We assessed vari-

ability in estimates with the empirical standard error,

the standard deviation of the estimates across the samples,

as
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
ðS�1Þ

PS
h¼1 ðb̂h �

�̂bÞ2
q

. We calculated 95% confidence in-

terval (CI) coverage as the percentage of samples in which the

95% CI for b̂ included b. We generated boxplots of b̂ across

samples.

For causal structures consistent with collider-stratifica-

tion bias (Causal Structures 2–4), potential bias is driven

by non-causal associations between education and the ‘U’

variables among survivors to late life, which consequently

confound the education-cognitive decline association. To

illustrate this, we plotted histograms of mean U1 (Causal

Structures 2 and 3) and U2 (Causal Structure 4) by educa-

tion level at age 20 and in the Age 60, 75 and 90 Studies.

Simulations were carried out in R version 3.2.4.

Simulation code and documentation are available online

[https://github.com/ermayeda/education_cognitive_decline_

simulation].

Results

In Causal Structure 1 (no bias anticipated), the estimated

total effect of education on annual rate of cognitive change

(b) was unbiased, as expected, with effect estimates centred

around -0.05 standardized units and approximately correct

95% CI coverage (i.e. �95% of the 95% CIs included the

causal effect, b ¼ �0.05) for all age groups (Table 3).

Table 2. Moderate input parameters. Shaded columns represent parameters for which alternative input values are considered

(b12, b13, c2, c3, c4)

U2 Cognitive function Cumulative mortality

Causal Structurea a0 b00 b01 b02 b03 b10 b11
b b12 b13 c0k

c c1 c2 c3 c4

1: no bias anticipated 0.50 0 �0.500 0 0 �0.050 �0.0375 �0.025 �0.025 Varies ln(2) 0 0 0

2: collider stratification 0.50 0 �0.500 0 0 �0.050 �0.0375 �0.025 �0.025 Varies ln(2) ln(2) 0 0

3: collider stratification

with interaction

0.50 0 �0.500 0 0 �0.050 �0.0375 �0.025 �0.025 Varies ln(2) 0 0 ln(2)

4: collider stratification

with mediationd

0.50 0 �0.500 0 0 �0.050 �0.0375 �0.025 �0.025 Varies ln(
ffiffiffi
2
p

) 0 ln(2) 0

aAll causal structures are variations of the general data generation structure, which are:

• Generate U1i (Alzheimer’s disease polygenic risk score) for each person i from U1i�N(0, 1).

• Generate U2i (occupational complexity, coded such that higher values are harmful) for each person i: U2i ¼ 0þ aoeducationi þ ei (equation 1).

• Generate death for each person i by age k: P deathikð Þ ¼ expðc0kþc1educationiþc2U1iþc3U2iþc4U1i�educationiÞ
1þexpðc0kþc1educationiþc2U1iþc3U2iþc4U1i�educationiÞ (equation 2).

• Generate cognitive function for each person i at wave j: Cij ¼ b00 þ b01educationi þ b02U1i þ b03U2i þ b10 þ b11ð educationi þ b12U1i þ b13U2iÞ�timeij

þf0i þ f1itimeij þ eij (equation 3).

• Total effect of education on annual rate of cognitive change: b11 þ a0�b13 ¼�0.0375þ 0.50*�0.025¼�0.050.
bWhen alternative values of b13 (effect of U2 on cognitive change in equation 3) were considered, we varied b11 (direct effect of education cognitive change in

equation 3) to maintain total effect of education on annual rate of cognitive change �0.05.
cValues for c0k (log odds of mortality for people with reference values for all covariates at age k in equation 2) varied to maintain the same cumulative mortality

at ages 60, 75 or 90 across causal structures: 69% survival to age 60, 35% survival to age 75 and 3% survival to age 90.
dIn Causal Structure 4, effects of U2 on mortality were introduced. Since education influenced U2, we modified c1 (direct effect of education on mortality) from

ln(2) to ln(
ffiffiffi
2
p

) in this causal structure to maintain the same total effect of education on mortality as in other causal structures (ln(2)).
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The estimated total effect of education on cognitive de-

cline was biased toward the null to varying degrees in all

other causal structures (Table 3, Figure 2). In Causal

Structure 2 (collider stratification: education and U1 in-

fluence mortality), the magnitude of bias with moderate

input parameters was relatively small: the total effect of

education on cognitive decline was underestimated by

4.0% in the Age 60 Study and 4.7% in the Age 75 Study.

The bias was negligible (�1.0%) in the Age 90 Study. The

95% CI coverage was approximately correct in all three

age groups. Results were similar for Causal Structure 4

(collider stratification with mediation: education and U2

influence mortality).

In Causal Structure 3 (collider stratification with inter-

action: multiplicative interaction between education and

U1 on mortality), the magnitude of bias with moderate in-

put parameters was considerably larger and increased

monotonically with age of the study sample (i.e. higher cu-

mulative mortality). The 95% CI coverage ranged from

83% in the Age 60 Study to 26% in the Age 90 Study.

The magnitude of bias increased with more aggressive

input parameters in causal structures consistent with

collider stratification bias (Causal Structures 2, 3 and 4)

(Table 4). The magnitude of bias was particularly sensi-

tive to the magnitude of the effects of the ‘U’ variables

on cognitive decline (U1 in Causal Structures 2 and 3; U2

in Causal Structure 4). However, the bias remained

negligible in the Age 90 Study under Causal Structures 2

and 4.

The bias in Causal Structures 2 (collider stratification)

and 3 (collider stratification with interaction) was driven

by selective survival of people with more protective (lower)

values of U1, the variable we conceptualized as AD-GRS

(Figure 3a). AD-GRS distributions did not differ by educa-

tion at age 20. In Causal Structure 2 (collider stratification),

AD-GRS influenced mortality, so people surviving to late

life tended to have more protective AD-GRS. Among survi-

vors to ages 60 and 75, this was especially true for

the<high school education group, but among survivors to

age 90, there was little difference in the distribution of AD-

GRS by education, resulting in minimal bias. In Causal

Structure 3 (collider stratification with interaction), AD-

GRS only influenced mortality for people with<high

school education; this caused the AD-GRS distribution to

shift to more protective values with age only for the<high

school education group, and the difference in distribution

of AD-GRS by education (and magnitude of bias) in-

creased monotonically with age.

The bias in Causal Structure 4 (collider stratification

with mediation) was driven by selective survival of people

with more protective values of U2, the variable we concep-

tualized as main lifetime occupational complexity

(Figure 3b). People with more protective occupations were

more likely to survive to late life, although similar to

Causal Structure 2, the difference in distribution of occu-

pational complexity by education (and magnitude of bias)

was non-monotonic with age.

Discussion

We used simulations to quantify potential bias in estima-

tion of the effect of education on rate of cognitive decline

in older adults arising from selective survival between early

life, when education is typically completed, and late life,

when studies of cognitive ageing typically begin. In our

simulations, lower educational attainment had a harmful

effect on late-life cognitive decline. We examined several

causal structures consistent with collider-stratification bias

in hypothetical cohorts established at various ages in late

life. In all causal structures, all determinants of cognitive

Table 3. Simulation results from Causal Structures 1–4 for the estimated total effect of education (<high school versus �high

school) on annual rate of cognitive decline, based on input parameters from Table 1 (moderate input parameters)

Age 60 Study Age 75 Study Age 90 Study

Causal Structure
�bb a % biasb Empirical

SEc

95% CI

coveraged

�bb a % biasb Empirical

SEc

95% CI

coveraged

�bb a % biasb Empirical

SEc

95% CI

coveraged

1: no bias anticipated �0.050 0.7 0.006 95.4 �0.050 0.3 0.006 94.7 �0.050 0.6 0.007 95.8

2: collider stratification �0.048 �4.0 0.006 94.2 �0.048 �4.7 0.006 93.8 �0.050 �1.0 0.007 94.6

3: collider stratification

with interaction

�0.044 �12.5 0.006 83.4 �0.038 �23.1 0.006 55.6 �0.033 �33.5 0.006 25.8

4: collider stratification

with mediation

�0.048 �4.5 0.006 93.7 �0.048 �4.1 0.007 93.2 �0.050 �0.7 0.007 94.7

a�bb is the mean of the estimated total effect of education on rate of cognitive decline across the S¼2000 simulated samples.
b% bias is the bias as a percentage of the total causal effect of education on annual rate of cognitive change in simulations (b ¼ -0.05).
cEmpirical standard error (SE) is the standard deviation of the estimates across the S¼ 2000 samples.
d95% confidence interval (CI) coverage is the percentage of simulations in which the 95% confidence interval for bb included b.
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decline and survival were harmful and the bias was toward

the null. We varied the magnitude of effects in our causal

structures, but did not consider effects of opposite signs be-

cause harmful effects seemed most plausible to us; how-

ever, collider-stratification bias would differ substantially

if the signs of effects in our causal structures were reversed,

for example if we simulated a ‘U’ variable that benefited

survival but had deleterious effects on cognitive decline.

The magnitude of bias was sensitive to how the causal

structure was parameterized, particularly to multiplicative

interactions between education and ‘U’ variables on mor-

tality and the magnitude of the effects of ‘U’ variables on

cognitive decline. We expected higher cumulative mortality

(older age at follow-up) to increase bias, but this was only

the case in Causal Structure 3 (collider stratification with

interaction).

The magnitude of bias was greatest in the causal struc-

ture with a multiplicative interaction between education

and AD-GRS (U1) on mortality (Causal Structure 3,

Figure 1b). This is consistent with previous research doc-

umenting that the magnitude of collider-stratification

bias tends to be larger when there is sufficient

multiplicative interaction between the exposure and a

collider-inducing variable (i.e. a common cause of selec-

tion and the outcome) in their influence on selection than

in comparable causal structures in the absence of this in-

teraction.25–30 Although this is expected on average,

other features of the causal structure, such as an interac-

tion between the collider-inducing variable and exposure

in their influence on the outcome, could offset this in spe-

cific situations. The plausibility of Causal Structure 3 can

be difficult to determine, since U1 may be unmeasured.

However, the interaction we specified in our simulations

was fairly large (odds ratio¼ 2.0 for effect of 1-unit

higher U1 in<high school group; no effect in �high

school group). Evaluating the range of plausible interac-

tions to guide honest bias analyses is an important do-

main for researchers focusing on predictors of survival. In

causal structures featuring collider stratification without

interaction (Causal Structures 2 and 4), the magnitude of

bias was modest and agnostic to whether the ‘U’ variable

was on the causal pathway from education and cognitive

decline. However, options for mitigating bias in these scenar-

ios differ. When the ‘U’ variable is not on the causal

Figure 2. Boxplots of estimated total effect of education on annual rate of cognitive decline (bb) across S¼ 2000 simulated samples with moderate in-

put parameters. The box indicates the median and first and third quartiles of estimates across simulated samples. The whiskers indicate the lowest

and highest estimates within 1.5*(interquartile range) and the dots indicate the outliers. The dotted line indicates the total causal effect of education

on annual rate of cognitive decline in our simulations.
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pathway of interest, researchers can control for bias by

adjusting for the ‘U’ variable in regression models. In con-

trast, if the ‘U’ variable is on the causal pathway of inter-

est, adjusting for the ‘U’ variable risks introducing

overadjustment bias.31

By varying input parameters one by one, we identified

parameters with the greatest impact on bias. The magni-

tude of bias was particularly sensitive to the magnitude of

the effects of the ‘U’ variables on cognitive decline. Effects

of the ‘U’ variables on mortality were less influential.

Intuitively, this is because collider stratification bias was

driven by the education-‘U’ association induced among

survivors to old age, resulting in a spurious education-

cognitive decline association. The magnitude of bias is con-

strained by both the education-‘U’ association (induced by

collider stratification) and the ‘U’-cognitive decline associ-

ation (due to a causal effect of ‘U’ on cognitive decline).

In general, associations induced by collider stratification

are not as large as effects of either cause on the collider.32

Therefore, increasing the effect of ‘U’ on mortality does

not increase the ‘U’-education association proportionally.

In contrast, the magnitude of the ‘U’-cognitive decline as-

sociation is proportional to the bias induced by the selec-

tion process.

We expected higher cumulative mortality (older age at

follow-up) to increase bias, but this was not the case in all

causal structures. In causal structures with collider-

stratification bias without interaction, the magnitude of

bias was negligible in the Age 90 Study. As Figure 3 illus-

trates, this arose because survivors to age 90 (3% of the

population alive at age 20) were so highly selected that vir-

tually everyone had extremely protective values of ‘U’ vari-

ables, regardless of education. Consequently, the ‘U’

variables do not confound the education-cognitive decline

association in this age group. This extreme selection pro-

cess may contribute to findings that many typical risk fac-

tors are not associated with cognitive and other health

outcomes in the oldest-old.33–36

Table 4. Simulation results for Causal Structures 2, 3 and 4 (causal structures consistent with collider-stratification bias) for the

estimated total effect of education (<high school versus �high school) on annual rate of cognitive decline, based on alternative

input values (more aggressive effect sizes)

Age 60 Study Age 75 Study Age 90 Study

�bb a % biasb Empirical

SEc

95% CI

coveraged

�bb a % biasb Empirical

SEc

95% CI

coveraged

�bb a % biasb Empirical

SEc

95%

CI coveraged

Causal Structure 2 (collider stratification: education and U1 influence mortality)

Moderate input

parameters (Table 3)

�0.048 �4.0 0.006 94.2 �0.048 �4.7 0.006 93.8 �0.050 �1.0 0.007 94.6

More aggressive b12
e �0.046 �8.1 0.007 90.3 �0.045 �9.5 0.007 89.3 �0.049 �1.8 0.007 95.2

More aggressive c2
f �0.047 �5.4 0.006 92.8 �0.047 �6.8 0.006 91.2 �0.049 �2.2 0.007 94.6

Causal Structure 3 (collider stratification with interaction: multiplicative interaction between education and U1 on mortality)

Moderate input

parameters (Table 3)

�0.044 �12.5 0.006 83.4 �0.038 �23.1 0.006 55.6 �0.033 �33.5 0.006 25.8

More aggressive b12
e �0.037 �25.3 0.007 50.4 �0.027 �46.5 0.007 6.8 �0.017 �67.0 0.007 0.2

More aggressive c4
g �0.041 �18.2 0.006 70.5 �0.034 �32.1 0.006 28.7 �0.025 �51.0 0.006 1.5

Causal Structure 4 (collider stratification with mediation: education and U2 influence mortality)

Moderate input

parameters (Table 3)

�0.048 �4.5 0.006 93.7 �0.048 �4.1 0.007 93.2 �0.050 �0.7 0.007 94.7

More aggressive b13
h �0.044 �12.6 0.007 85.6 �0.043 �14.0 0.007 84.0 �0.048 �3.4 0.008 93.7

More aggressive c3
i �0.047 �5.4 0.006 93.8 �0.047 �6.1 0.006 92.5 �0.049 �2.0 0.007 94.4

a�bb is the mean of the estimated total effect of education on rate of cognitive decline across the S¼2000 simulated samples.
b% bias is the bias as a percentage of the total causal effect of education on rate of cognitive change in simulations (b ¼ -0.05).
cEmpirical standard error (SE) is the standard deviation of the estimates across the S¼ 2000 samples.
d95% confidence interval (CI) coverage is the percentage of simulations in which the 95% confidence interval for bb included b.
eChanged b12 (effect of U1 on cognitive change in equation 3) from -0.025 to -0.050; held other parameter inputs constant.
fChanged c2 (effect of U1 on mortality in equation 2) from ln(2) to ln(3); held other parameter inputs constant.
gChanged c4 (multiplicative effects of education and U1 on mortality in equation 2) from ln(2) to ln(3); held other parameter inputs constant.
hChanged b13 (effect of U2 on cognitive change in equation 3) from -0.025 to -0.075; to maintain the same total effect of education on rate of cognitive change

as in other scenarios (-0.05), we changed b11 (direct effect of education cognitive change in equation 3) from -0.0375 to -0.0125; held other parameter inputs

constant.
iChanged c3 (effect of U2 on mortality in equation 2) from ln(2) to ln(3); to maintain the same total effect of education on mortality as in other scenarios

(ln(2)), we changed c1 (direct effect of education on mortality in equation 2) from ln(
ffiffiffi
2
p

) to ln 2ffiffi
3
p
� �

; held other parameter inputs constant.

1514 International Journal of Epidemiology, 2018, Vol. 47, No. 5

D
ow

nloaded from
 https://academ

ic.oup.com
/ije/article/47/5/1507/5053965 by guest on 05 M

arch 2021



Although the absolute magnitude of bias is not depen-

dent on the causal effect of education on rate of cognitive

decline, percentage bias is dependent on this effect. In our

simulations, we assumed that low education increased rate

of cognitive decline by 0.05 standardized units. This value

is within the range reported by previous empirical studies

of education and cognitive decline, although findings in

previous studies are inconsistent, and in many studies are

null.5–10

In simulation studies, the causal structures and parame-

terizations, and therefore validity of results, are based on in-

vestigator knowledge. A strength of our study is that the

validity of our assumptions is empirically testable. That

said, we did not explore all parameterizations of the causal

structures. One potentially important causal structure that

we did not assess is that cognitive decline preceding study

entry directly influences mortality. Based on earlier simula-

tion studies, it is likely that this scenario could induce size-

able bias.28 Another strength is that our simulation code is

available for researchers to estimate potential bias arising

from selective survival in their own research. We previously

used simulations for quantifying bias arising from selective

survival after study enrolment.28 Even when causal dia-

grams for selective survival before and after study enrolment

are the same, the parametrization, and therefore potential

magnitude of bias, differs. Both sources of attrition are com-

mon in life course epidemiology, and code can be adapted

to quantify potential bias arising from selective survival

from both sources. The magnitude of combined bias due to

selective survival before and after study enrolment may in-

duce greater bias than either source of attrition individually,

and potentially large cumulative biases towards the null

may contribute to research reporting null associations of ed-

ucation and cognitive decline in older adults.5–10

Potential bias arising from selective survival before

study enrolment is widely relevant in life course epidemiol-

ogy. It is especially relevant in dementia research because it

is increasingly recognized that brain changes underlying

cognitive decline develop over years—possibly decades—

before symptom onset.37,38 Education and other early

Figure 3. Histograms of U1 (Alzheimer’s disease polygenic risk score) and U2 (occupational complexity) by education in a random sample of n¼ 2000

people at age 20 and among random samples of n¼ 2000 survivors to ages 60, 75 and 90. (a) Histograms of U1 by education for Causal Structure 2

(collider stratification: education and U1 influence mortality) (top row) and Causal Structure 3 (collider stratification with interaction: multiplicative in-

teraction between education and U1 on mortality) (bottom row). Distributions of U1 for Causal Structure 1 (no bias anticipated scenario) and Causal

Structure 4 (collider stratification with mediation: education and U2 influence mortality) are not shown because the distributions of U1 remained

unchanged among survivors to late life in these causal structures. (b) Histograms of U2 by education Causal Structure 4 (collider stratification with

mediation: education and U2 influence mortality). Distributions of U2 for Causal Structures 1, 2 and 3 are not shown because the distributions of U2

remained unchanged among survivors to late life in these causal structures.
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and midlife factors, such as childhood socioeconomic envi-

ronment7,39 and midlife cardiometabolic health,40,41 are

thought to potentially play an important role in cognitive

ageing. Selective survival could lead to underestimation of

possible causal effects of life course exposures on cognitive

decline. This underestimation may limit identification of

effective strategies to prevent or delay onset of dementia.

Our simulations map survival bias in estimates of the

effects of education on late-life cognitive decline to testable

assumptions. The findings can inform the design and inter-

pretation of future life course epidemiology studies.
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