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Loss to Follow-up in Cohort Studies
Bias in Estimates of Socioeconomic Inequalities

Laura D. Howe,* Kate Tilling,® Bruna Galobardes,* and Debbie A. Lawlor®

Background: Although cohort members tend to be healthy and afflu-
ent compared with the whole population, some studies indicate this
does not bias certain exposure-outcome associations. It is less clear
whether this holds when socioeconomic position (SEP) is the expo-
sure of interest.

Methods: As an illustrative example, we use data from the Avon
Longitudinal Study of Parents and Children. We calculate estimates
of maternal education inequalities in outcomes for which data are
available on almost the whole cohort (birth weight and length, breast-
feeding, preterm birth, maternal obesity, smoking during pregnancy,
educational attainment). These are calculated for the full cohort
(n~12,000) and in restricted subsamples defined by continued par-
ticipation at age 10 years (n~7,000) and age 15 years (n~5,000).
Results: Loss to follow-up was related both to SEP and outcomes.
For each outcome, loss to follow-up was associated with underesti-
mation of inequality, which increased as participation rates decreased
(eg, mean birth-weight difference between highest and lowest SEP
was 116 g [95% confidence interval = 78 to 153] in the full sample
and 93 g [45 to 141] and 62 g [5 to 119] in those attending at ages 10
and 15 years, respectively).
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Conclusions: Considerable attrition from cohort studies may result
in biased estimates of socioeconomic inequalities, and the degree
of bias may worsen as participation rates decrease. However, even
with considerable attrition (>50%), qualitative conclusions about the
direction and approximate magnitude of inequalities did not change
among most of our examples. The appropriate analysis approaches to
alleviate bias depend on the missingness mechanism.

(Epidemiology 2013;24: 1-9)

Unfortunately for epidemiologists, not everyone agrees to
participate in cohort studies. Among those initially willing
to take part, many will be lost to follow-up over time. In gen-
eral, nonparticipation and loss to follow-up tend to be more pro-
nounced among the less advantaged and less healthy, leading
to cohort studies often being a relatively healthy, wealthy sub-
population.'® Reassuringly, several studies have demonstrated
that this causes only minimal bias in some exposure-outcome
associations.”!* Notably, however, given the strong relation-
ship of socioeconomic position (SEP) to nonparticipation and
loss to follow-up, few studies have examined possible bias in
estimates of socioeconomic inequalities in health outcomes.

Of studies examining the effect of loss to follow-up on
SEP associations, most have concluded that there is minimal
bias.!>120 Most of these studies, however, have focused on
a single time point after baseline,'>!®!8!1° whereas over time
a lower proportion of the original cohort remains engaged,
and any selection bias may worsen. Furthermore, none of
these existing studies has explored the possible mechanisms
through which selection bias could operate.

ANALYSIS APPROACH

We extend the work of existing studies, looking at the
extent to which biases in estimates of inequalities worsen as
the proportion of the original cohort still contributing data is
reduced. We analyze potential mechanisms driving these biases
and possible solutions, using data from the Avon Longitudinal
Study of Parents and Children (ALSPAC) as an illustrative
example. Using SEP as our exposure (indexed, in our example,
by maternal education), we take a set of pregnancy and birth
outcomes for which data are available for (almost) the full
cohort. Because missing-data theory states that estimates may
be biased if participation is associated with the outcome,?' we
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describe the associations of loss to follow-up with SEP and
each outcome. We examine the socioeconomic inequality in
these outcomes in the full cohort and then again in subsets of
the cohort restricted to those who are not lost to follow-up at
older ages to quantify the bias in the estimated inequalities
and to evaluate whether the degree of bias worsens as loss to
follow-up increases. Most of the outcomes we examine were
measured before the loss to follow-up occurred; although in
general our interest lies in knowing whether loss to follow-up
biases associations with outcomes measured at or after the
time of loss to follow-up, by definition these data are not
usually available to us for study enrollers who are no longer
participating. Thus, we are using these outcomes for which we
have data on (almost) the full cohort for illustrative purposes
only, to describe the possible effects of loss to follow-up
more generally and to explore some possible mechanisms
underlying this problem and analysis approaches that could
remove these biases.

Selection bias may result through multiple mechanisms,
depending on how loss to follow-up is associated with other
variables of interest. Figure 1 shows five directed acyclic
graphs illustrating possible mechanisms associated with loss
to follow-up in inequalities research. These are not intended to
be an exhaustive set of possible mechanisms; rather, they indi-
cate a range of ways through which loss to follow-up may arise,
which each has different consequences for the results and dif-
ferent analysis solutions. In each of the mechanisms presented
in Figure 1, SEP is assumed to be completely observed, but
loss to follow-up (R, a binary indicator of response where R
= 1 if the individual contributed outcome data and R = 0 if
they did not contribute outcome data) leads to missing data
in the outcome Y. In some instances, loss to follow-up may
have no impact on estimates of inequalities; this is depicted in
Figure 1A, in which SEP causes R, but there is no direct cau-
sality or any other pathway between Y and R. In this situation,
complete-case analysis would be unbiased, and thus we would
expect to see similar estimates of socioeconomic inequalities
in the full cohort and in our analyses restricted to participants
who are not lost to follow-up.?-?2

The simplest mechanism through which loss to follow-
up could lead to biased estimates of inequalities is shown in
Figure 1B, where both SEP and Y are causes of R. This could
occur when the outcome alters an individual’s likelihood of
being lost to follow-up, for example, if illness makes participa-
tion more difficult, or conversely confers interest in their health
and increases participation (conditions that are represented by
C in Figure 1B). Unfortunately, if C is not measured, tech-
niques for dealing with missing data, such as multiple imputa-
tion or inverse probability weighting, cannot remove the bias
in this situation because the outcome is missing not-at-random
and because measured variables cannot adequately predict the
outcome or the missingness mechanism.?! If, however, data
on C in Figure 1B (eg, illness making participation more dif-
ficult due to being bed-bound) were available, this could be
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FIGURE 1. Directed acyclic graphs illustrating possible mecha-
nisms through which loss to follow-up may operate in studies
of socioeconomic inequalities. These directed acyclic graphs
represent a series of possible ways through which loss to follow-
up could be associated with different variables of interest
when studying socioeconomic inequalities. The mechanisms
have different consequences for whether estimates of inequali-
ties are biased, and different possible analysis solutions to
address bias when it is present. SEP indicates socioeconomic
position, which is assumed to be completely measured; Y, the
outcome of interest, which has some missing data; C, other
variables that may be measured or unmeasured; R, response,
that is, continued participation in the cohort study such that
R =1 if the individual contributed data on the outcome Y and
R = 0 if they did not. The box around R indicates that analysis
is restricted to participants not lost to follow-up, thatis, R=1.

included in multivariate multiple imputation models, which
should remove the bias. Sensitivity analyses can be performed,
for example, by simulating possible missingness mechanisms
and exploring the extent to which different mechanisms/
assumptions affect conclusions. Although this mechanism (ie,
where both SEP and outcome are related to loss to follow-up)
may be important in some cases, we will not conduct further
analysis to explore this; instead, we focus on other situations
where analysis techniques can address the bias.

In Figure 1C, C is a mediator of the SEP—Y association
and is also associated with R. For example, C could represent
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measured or unmeasured behavioral factors, which are
causally linked to SEP. In this situation, we would not want
to control for C because we are interested in the total effect
of SEP on Y, including the effect mediated by C. All SEP—
outcome associations have mediators, but the potential bias
comes when those mediators are also related to R. Restricting
to R = 1, that is, participants not lost to follow-up, affects the
path from SEP to C and on to Y; if C is not included in the
model, R and Y are associated, resulting in biased estimates
of the SEP-Y association. Multiple imputation could be
useful in addressing the bias because C (if measured) could
be included in the imputation equations but not in the model
of interest. Inverse probability weighting is another approach
that could be used in this situation, but we focus on multiple
imputation because it is more widely used. We explore this
situation by taking birth weight (one of our set of outcomes)
as an example outcome. One mediator of the SEP—birth
weight association is maternal smoking during pregnancy.?*>*
We assess the extent to which this mechanism is plausible and
whether including maternal smoking during pregnancy and
other possible mediators in imputation models alleviate any
bias in the estimates of birth-weight inequalities.

In Figure 1D, C is a confounder of the SEP-Y asso-
ciation and also a cause of R. Arguably, the main potential
confounders of SEP-Y associations in children are race/
ethnicity and sex, but other confounders could be identified
for studies in adulthood (eg, childhood SEP) and in more gen-
eral cases. Here, the SEP-Y association is already confounded
by C, and so analysis of the full cohort will be biased (unless
C is included in the model). However, restricting to R = 1
affects the path from SEP to C to Y, and so could worsen bias.
To remedy this, we would want to include C (if measured/
measurable) in the analysis model or in imputation equations.
In our analyses, we are analyzing outcomes in children, and
SEP is based on parental measures; the child’s sex cannot
be a confounder in this case because it could not influence
mother’s SEP (her educational attainment), as that is defined
and measured before the child’s birth. The vast majority of the
ALSPAC participants (95%) are white; we, therefore, do not
have sufficient power to explore confounding by ethnicity in
ALSPAC. Thus, we do not further explore.

SEP could be considered a “latent” (unobservable)
construct, which can be assessed by numerous indicators—
educational attainment, income, social class, housing tenure,
and so on. Each of these indicators captures part of the latent
construct, but it is not possible to measure SEP in its entirety.
Epidemiologists often report inequalities using a single SEP
indicator (because of convention, the lack of availability of
multiple measures, or a desire to explore whether several
individual indicators of SEP have different associations with
an outcome). Figure 1E represents this way of conceptual-
izing SEP; here “true” or latent SEP is approximated by the
observed SEP variable (ie, maternal education). True SEP is
likely to be related to R. Conditional on true SEP, observed
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SEP is related to neither R nor Y, but because true SEP is
unobserved, observed SEP is related to both R and Y. This
would bias the association of observed SEP (maternal educa-
tion) with Y.

Solutions to the situation depicted in Figure 1E depend
on the goals of the analysis. Adjusting for other manifestations
of true SEP would reduce the bias, but the results would then
be difficult to interpret because they would represent the asso-
ciation of the SEP indicator with the outcome, conditional on
all other SEP indicators adjusted for. If the aim is to quantify
the association between a specific SEP indicator and the out-
come (because different SEP indicators often show differing
associations with outcomes),?>?¢ other SEP indicators could
be included in multiple imputation models. Alternatively, if
the main interest lies in quantifying the association between
true SEP and the outcome, additional manifestations of true
SEP would need to be identified (if possible).

To explore the situation depicted in Figure 1E, we take
maternal education as the SEP indicator (because this is very
often used in studies of inequalities in child outcomes). We
assume it is being used as a proxy for true SEP and explore
whether this mechanism may result in selection bias. We then
examine whether using a multidimensional construct of SEP,
which may be a better proxy of true SEP than a single indica-
tor alone, alleviates any selection bias.

METHODS

ALSPAC is a prospective birth cohort in southwest Eng-
land (full details in the eAppendix, http://links.Iww.com/EDE/
A623).27 The first stage in our analyses was to calculate the
inequality in a range of outcomes for which we have data on
all, or almost all, of the cohort. Methods used to assess these
outcomes (birth length and weight, preterm birth, breastfeed-
ing, maternal obesity, maternal smoking during pregnancy,
child’s educational attainment at age 11 and 14 years) and the
measure of SEP (maternal education) are detailed in the eAp-
pendix (http://links.Iww.com/EDE/A623).

Inequalities in each outcome were quantified using
the slope index of inequality (SII; for continuous outcomes)
or relative index of inequality (RII; for binary outcomes).
A variable is created assigning each category of maternal
education a value according to the proportion of mothers with
a lower education, assuming that mothers follow an underlying
continuous SEP distribution. For example, if the highest
maternal education category contained 10% of mothers, those
in this category are assumed to have ranks of SEP between
the proportions of 0.9 to 1, giving a mean of 0.95 (ie, 95% of
individuals have a lower maternal education than the mid-point
of this category). This variable is then treated as a continuous
variable in regression models, such that, for continuous
outcomes, linear regression analysis estimates the SII—the
mean difference between the highest maternal education (score
of 1 on this new variable) and the lowest maternal education
(score of 0); for binary outcomes, logistic regression analysis
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estimates the RII—the odds ratio comparing highest to lowest
maternal education.?®?® We defined the variable separately
for the full cohort at baseline and for participants not lost to
follow-up at age 10 and 15 years. Our main analysis calculates
the SlIs and RIIs using these separately defined variables;
sensitivity analysis was conducted to assess whether the
results were the same if the variable based on the proportions
of participants in each maternal education category for the
full cohort at baseline was used for all analyses. In further
sensitivity analyses, we repeated the analysis with maternal
education coded as 1 to 4, with 1 representing the lowest
maternal educational category and 4 the highest.

We describe the associations between participation at the
10-year and 15-year clinics (ie, loss to follow-up) and maternal
education for each outcome. To assess whether loss to follow-
up results in bias in the estimates of inequality in these out-
comes, we recalculated the SlIs and RlIs restricting analysis to
children who attended the research clinic at age 10 years and
those who attended the research clinic at age 15 years.

Mediators of the SEP-Birth Weight Association

We used path analysis (model details in the eAppendix,
http://links.lww.com/EDE/A623) in Mplus*® to describe asso-
ciations between maternal education, maternal smoking dur-
ing pregnancy (as 1 example mediator of the SEP-birth weight
association), birth weight, and participation at the 15-year
clinic (as in Figure 1C). The main interest of this path analy-
sis lies in estimating whether there is an association between
maternal smoking during pregnancy and participation at the
15-year clinic. We conducted multiple imputation in Stata’!
(details in the eAppendix, http://links.lww.com/EDE/A623) to
impute birth weight for those who did not attend the 15-year
clinics, including multiple potential mediators of the SEP—
birth weight association in the imputation equation (mater-
nal smoking during pregnancy, preterm birth, maternal age,
natural log of maternal prepregnancy body mass index [BMI])
as well as maternal education. We then analyzed the imputed
data to assess whether this reduced bias in the estimates of the
SEP-birth weight association.

SEP as a Latent Construct

To assess whether loss to follow-up among strata of
maternal education was differential with respect to other SEP
measures, we explored the association between loss to follow-
up (nonparticipation at the 10- and 15-year research clinics)
and family income and occupational social class (measurement
detailed in the eAppendix, http://links.lww.com/EDE/A623)
within strata of maternal education (as displayed in Figure 1E).

To investigate whether bias in the estimation of inequal-
ities is aggravated by the latent construct of SEP being asso-
ciated with R, we then constructed a multidimensional SEP
indicator using factor analysis of 15 SEP indicators (details
of indicators and methods for generating the multidimen-
sional indicator are presented in the eAppendix, http://links.
Iww.com/EDE/A623). We assessed the association between
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this multidimensional SEP construct and loss to follow-up.
Subsequently, for each of the (almost) completely observed
outcomes utilized in the previous analyses, we calculated the
SII or RII using the multidimensional SEP indicator for the
full cohort and restricting analyses to those participants who
attended the 10- and 15-year clinics.

RESULTS

Of'the 12,493 children with data on maternal education,
7,045 (56%) and 5,075 (41%) attended the clinics at 10 and
15 years, respectively. The continuing participants tend to be
of higher SEP than those lost to follow-up (eTable 2, http://
links.lww.com/EDE/A623). Loss to follow-up was associated
with all of our example outcomes (eTable 3, http://links.lww.
com/EDE/A623).

Higher maternal education is associated with all eight
outcomes (Table 1). For five of these eight outcomes (birth
weight, birth length, educational attainment at 11 and 14
years, and preterm delivery), there is a clear pattern by which
the estimated socioeconomic inequality attenuates toward the
null as the sample becomes more restricted; that is, the esti-
mate of the RII or SII is closer to the null value when the
analysis is restricted to participants who continued to attend
at age 10 compared with the estimate from the full cohort,
and even closer to the null when analysis is restricted to
those who continued to attend at age 15 (Table 1). Attenu-
ation of the observed socioeconomic inequality is addition-
ally observed for maternal smoking during pregnancy and
for never breastfeeding, when comparing results from the full
cohort and results restricting to participants who continued to
attend at age 10; however, for these outcomes, the estimates
of inequalities did not attenuate further in participants who
continued to attend at age 15. Attenuation of the inequality in
maternal obesity is less evident. When the binary outcomes
were analyzed on the risk difference scale, attenuation of the
estimated inequality was more apparent for maternal smoking
during pregnancy, maternal obesity, and never breastfeeding
(Table 2). The differences between odds ratios and risk differ-
ences arose because the absolute risks were lower for continu-
ing participants across all strata of maternal education (eTable
4, http://links.lww.com/EDE/A623).

For the majority of the outcomes, interaction tests dem-
onstrated little or no statistical evidence that the association
between SEP and the outcome differs between those who
continued to participate and those who were lost to follow-
up (Table 3). However, there is an indication that the degree
of difference between the inequality among participants and
nonparticipants increases as the proportion of the original
cohort who remain engaged reduces; the number of outcomes
for which there is evidence of a difference between partici-
pants and nonparticipants is greater when analysis is restricted
to continuing participants at age 15 compared with when it is
restricted to participants at age 10 (three outcomes for partici-
pants at age 15 compared with one at age 10 have P < 0.05,

© 2012 Lippincott Williams & Wilkins
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TABLE 1. Estimates of Socioeconomic Inequalities in Outcomes with (AImost) Complete Data Among the Full Cohort,
Participants Who Continue to Participate at Age 10 Years, and Participants Who Continue to Participate at Age 15 Years?

Outcome Full Sample At Age 10 Years At Age 15 Years
Outcomes on a continuous scale®

Birth weight (g)

No. 12,318 6959 5002

SII (95% CI) 116 (80 to 153) 87 (41 to 133) 58 (4to 112)
Birth length (cm)

No. 9655 5613 4047

SII (95% CI) 0.53 (0.34t0 0.71) 0.39 (0.16 to 0.62) 0.31 (0.04 to 0.59)

Summary score of educational attainment (%)°
Atage 11 years

No. 10,365

SII (95% CT) 23.7(22.71024.8)
At age 14 years

No. 8856

SII (95% CI) 16.8 (16 to 17.7)

Maternal obesity
No.
RII (95% CI)
Maternal smoking during pregnancy

Outcomes on a binary scale?

10,466
0.23 (0.16 t0 0.32)

6828
19.3 (18.1 to 20.5)

5379

14.4 (134 t0 15.4)

6332
0.26 (0.17 to 0.39)

4529
18.4 (17.0 to 19.8)

3875

13.5 (12.3 to 14.7)

4544
0.23 (0.14 to 0.38)

No. 12,152 6944 5004

RII (95% CI) 0.11 (0.09 to 0.13) 0.14 (0.11 t0 0.18) 0.14 (0.10 t0 0.19)
Preterm birth

No. 12,492 7045 5075

RII (95% CI) 0.59 (0.45 t0 0.79) 0.65 (0.45 t0 0.93) 0.86 (0.55to 1.33)
Never breastfed

No. 11,665 6878 4936

RII (95% CI) 0.039 (0.031 to 0.047) 0.057 (0.044 to 0.075) 0.057 (0.0.41 to 0.080)

CI = confidence interval.

2Coefficients from linear or logistic regression comparing highest with lowest maternal education.

"The slope index of inequality (SII) is the mean difference between the individuals of highest and lowest maternal education on a hypothetical underlying scale of continuous
maternal education, based on the proportion of individuals in each maternal education category. Null value = 0.

‘Summary score of educational attainment is a sum of scores from tests in English, mathematics, and science from compulsory school tests at ages 11 and 14 (Key Stages 2 and 3

of the British National Curriculum). The total score was converted to a percentage.

9The relative index of inequality (RII) is the odds ratio comparing the individuals of highest and lowest maternal education on a hypothetical underlying scale of continuous
maternal education, based on the proportion of individuals in each maternal education category. Null value = 1.

and five outcomes compared with one have P <0.15; Table 3).
In almost all cases, the qualitative conclusions that would be
reached from the analysis (ie, direction and approximate mag-
nitude of inequality) do not differ between the full cohort and
the analysis based only on participants not lost to follow-up.

Sensitivity analysis confirmed that this pattern of
attenuating estimates of socioeconomic inequalities was observed
regardless of how maternal education was defined and treated in
the analysis (eTable 5, http://links.Iww.com/EDE/A623).

Situation C: Mediators of the SEP-Birth Weight
Association

Figure 2 demonstrates that smoking during pregnancy is
a mediator of the maternal education—birth weight association,

© 2012 Lippincott Williams & Wilkins

and it is also associated with nonparticipation in the 15-year
clinic.

Using multiple imputation with multiple potential medi-
ators of the SEP-birth weight association (maternal smoking
during pregnancy, parity, preterm birth, maternal age and log
of maternal prepregnancy BMI) included in the imputation
model generated an estimate of the SEP—birth weight associa-
tion much closer to the estimate in the full sample compared
with the estimate in the restricted sample defined by continued
participation at age 15; in the full sample, SII = 116 (95%
confidence interval = 80-153); in participants attending the
15-year clinic, 58 (44—-112); and in the full cohort, using mul-
tivariate multiple imputation to impute birth weight for par-
ticipants not attending the 15 year clinic, 107 (5§7-155).
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TABLE 2. Estimates of Socioeconomic Inequalities in Outcomes with (Almost) Complete Data Among the Full Cohort,
Participants Who Continue to Participate at Age 10 Years, and Participants Who Continue to Participate at Age 15 Years. Analysis
of Binary Outcomes on the Absolute Risk Difference Scale?

Attendees
Outcome Full Sample At 10 Years At 15 Years
Maternal obesity
No. 10,466 6332 4544

Risk difference (95% CI)
Maternal smoking during pregnancy

~6.67 (-8.13 t0 -5.20)

~6.18 (-8.10 to —4.27)

~6.06 (—8.22 to ~3.90)

No. 12,152 6944 5004

Risk difference (95% CI) —35.6 (-38.0 to —33.2) —26.7 (-29.7 to -23.7) —23.8 (-27.2 to —20.4)
Preterm birth

No. 12,492 7045 5075

Risk difference (95% CI) —2.73 (-4.23 to -1.24) —2.23 (4.22 to -0.34) —0.77 (-3.02 to 1.47)
Never breastfed

No. 11,665 6878 4936

Risk difference (95% CI)

—42.9 (~44.9 to —40.9)

~33.8(-36.2t0-31.3)

~29.4 (-32.2t0 ~26.6)

3(Null value = 0) comparing highest with lowest maternal education.

TABLE 3.

Are Lost to Follow-up and Those Who Continue to Participate at Ages 10 and 15 Years

Differences in Socioeconomic Inequalities in Outcomes with (AlImost) Complete Data Comparing Participants Who

Attendees at Age 10 Years

Attendees at Age 15 Years

Test for Test for
Full Cohort Yes No Interaction® Yes No Interaction®
Outcomes on a continuous scale; SII (95% CI)
Birth weight (g) 116 (80 to 153) 87 (41 to 133) 133 (78 to 187) P=022 58 (4to 112) 145 (98 to 191) P=0.02
Birth length (cm) 0.53(0.34t00.71)  0.39(0.16t0 0.62) 0.64 (0.36t00.93) P =0.18 0.31(0.04t00.59) 0.61(0.37t00.85) P=0.11
Summary score of educational attainment (%)°
At age 11 years 23.7(22.7t024.8) 19.3(18.1t020.5) 23.0(21.4t024.7) P<0.001 18.4(17.0t019.8) 22.5(21.1t023.9) P <0.001
At age 14 years 16.8 (16 to 17.7) 144 (134t0154) 154(14.1t016.8) P=022 13.5(12.3t0 14.7) 154 (143t016.5) P=0.02
Outcomes on a binary scale; RII (95% CI)
Maternal obesity 0.23(0.16t0 0.32)  0.26 (0.17t0 0.39) 0.20(0.12t0 0.35) P =0.47 0.23(0.14t00.38) 0.26(0.17t0 0.41) P =0.69
Smoking during 0.11(0.09t00.13)  0.14(0.11t0 0.18) 0.16 (0.13 t0 0.20) P =0.48 0.14(0.10t0 0.19)  0.15(0.12t0 0.19) P =0.57
pregnancy
Preterm birth 0.59(0.45t00.79)  0.65(0.45t00.93) 0.56 (0.36t0 0.86) P =0.62 0.86 (0.55t0 1.33) 0.50(0.35t00.73) P =0.07
Never breastfeeding 0.04 (0.03 t0 0.05)  0.06 (0.04 to 0.08) 0.06 (0.04 t0 0.08) P =10.90 0.06 (0.0.4 t0 0.08) 0.05(0.04t0 0.07) P =0.87

Test of the null hypothesis that there is no difference in the association between maternal education and the outcome between continuing participants at age 10/15 and those lost

to follow-up.

*Summary score of educational attainment is a sum of scores from tests in English, mathematics, and science from compulsory school tests at ages 11 and 14 (Key Stages 2 and 3

of the British National Curriculum). The total score was converted to a percentage.

Situation E: SEP as a Latent Construct

Table 4 shows that within each category of maternal
education, those who drop out from the cohort tend to have a lower
income and are more likely to have a manual occupation. Thus, if
we are losing the lower SEP individuals within each category of
maternal education, this would contribute to the underestimation of
inequalities we observed as loss to follow-up increases (Figure 1E).

When we repeated the analysis above looking at inequali-
ties in the (almost) fully observed outcomes using a multidimen-
sional SEP indicator (eAppendix and eTables 6 and 7, http://
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links.Iww.com/EDE/A623) instead of maternal education, there
was no longer a trend of the estimates of inequality attenuating as
the proportion of the cohort lost to follow-up increased (Table 5).

DISCUSSION
By comparing estimates of socioeconomic inequalities
in (almost) completely observed outcomes between the full
cohort and subsamples of the cohort defined by continued par-
ticipation, we have shown that loss to follow-up from cohort
studies can result in underestimation of inequalities for a large
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Maternal
smoking in -0.285
pregnancy (0.022)
-0.370 -0.133
(0.013) (0.010)
0.094
.034
Maternal (0.034) Birth weight
education
(g:ig) Attendance at
. 15y clinic

FIGURE 2. Mediation of the association between maternal
education and birth weight: one possible mechanism through
which loss to follow-up could affect estimates of inequalities.
Coefficients are regression coefficients (robust standard errors)
from path analysis. Maternal education is a rank variable, that
is, the proportion of individuals in the sample with a lower
level of maternal education, and is treated as a continuous
variable such that 0 is the lowest maternal education (on the
latent continuous scale that this method assumes is underlying
the categorical variable) and 1 is the highest maternal educa-
tion. Maternal smoking in pregnancy is coded as O for none
and 1 for any. Attendance at 15-year clinic is coded 0 for did
not attend and 1 for did attend. Birth weight is standardized
to have a mean of zero and variance of 1. Each arrow in Fig-
ure 2 represents a linear regression analyses; we mapped the
binary indicators (maternal smoking in pregnancy and atten-
dance at the 15-year clinic) to a standardized normal distribu-
tion, and as such the coefficients for these variables represent
mean differences between the category coded 1 and the
category coded 0O—for example, for the association between
maternal smoking during pregnancy and attendance at the
15-year clinic, a coefficient of -0.133 is interpreted as follows:
the proportion of participants who attended the 15-year clinic
was 13.3% lower among those whose mothers smoked dur-
ing pregnancy compared with those whose mothers did not
smoke during pregnancy. All coefficients had P values < 0.01.

number of outcomes. The differences between estimates of
inequalities comparing the full and restricted cohort tended
to be small, and the qualitative conclusions did not change
even when more than half of the cohort was lost to follow-up.
Consistent with previous studies,!>!¢2% there was only weak
statistical evidence that these differences between analysis of
the full cohort and analysis restricted to participants not lost
to follow-up differed from the null (although tests for interac-
tion have low power). However, there was some indication that
the degree of underestimation in the inequalities may increase
as the proportion of original participants who remain engaged
reduces, which most previous studies have been unable to
explore because they focused on a single time-point after
recruitment. This worsening bias has implications for main-
taining reasonable levels of participation in cohorts. Although
we cannot necessarily extrapolate our findings to other cohorts,
similar socioeconomic patterning of loss to follow-up has been

© 2012 Lippincott Williams & Wilkins

seen in many other studies.'”® Furthermore, one aim of our
study was to provide some guidance in ways researchers might
deal with and interpret loss to follow-up in their own data.

Most of the outcomes we have included in our analysis
were measured at or around the time of birth, before loss to fol-
low-up occurred. The more usual concern is whether there is
bias in exposure-outcome associations when the outcome was
measured at or after the time of loss to follow-up, but by defini-
tion, these data are not available for all study participants. Our
approach was intended to be explorative and illustrative, and
can hopefully be useful for more general inferences about pos-
sible selection bias in outcomes measured after loss to follow-
up has occurred. Linkage to additional routine data sources
such as healthcare records may facilitate the validation of esti-
mates of inequalities in later outcomes if data are available for
continuing participants and also those lost to follow-up. Such
data linkage could potentially also allow examination of biases
due to nonparticipation at the original point of recruitment.

We have considered a set of possible mechanisms
through which loss to follow-up could result in biased estimates
of socioeconomic inequalities. These mechanisms were not
intended to be an exhaustive list. Associations between loss
to follow-up and mediators of SEP—outcome associations
appear to be one mechanism driving the bias in estimates
of inequality in our example. Our results demonstrate that
multiple imputation can be useful in correcting this bias when
these mediating factors can be included in the imputation
models (though they should not be included in the subsequent
model estimating the association of SEP with outcome).

Our results also indicate that the use of a single SEP
indicator, which is one manifestation of a complex latent
construct, may have contributed to the underestimation of
inequalities in our data. Within strata of maternal education, those
who were lost to follow-up had lower income and occupational
social class. When we used a multidimensional SEP construct (a
closer approximation to latent SEP), we did not see attenuation
of estimated inequalities as the proportion of the cohort lost to
follow-up increased. These findings illustrate the importance of
measuring a wide range of aspects of SEP in cohort studies to fully
capture the construct, both in situations where the research interest
is primarily in inequalities and also where confounding by SEP is
likely to be important. While a multidimensional SEP construct
may result in less selection bias, there are disadvantages to such a
measure. Single SEP indicators may have a clearer interpretation
and perhaps policy implications. Different measures may show
differing associations with outcomes, which can be useful for
untangling the causal processes underlying inequalities?*~2%; these
differences would be masked by a multidimensional measure. If
this is a concern, multiple measures of SEP could be included in
multiple imputation models to permit an unbiased estimate of
the associations between a single SEP indicator and the outcome.

Perhaps the most likely mechanism underlying the bias
related to loss to follow-up in our example is a combination of
multiple mechanisms illustrated by the various situations in
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TABLE 4.

Family Income and Occupational Social Class Across Strata of Maternal Education,® Comparing Participants Who Are

Lost to Follow-up with Those Who Continue to Participate at Ages 10 and 15 Years

Family Income (£ per week) Geometric Mean (95% CI)

From a Manual Social Class %

Maternal Test for Test for

Education Attendees Nonattendees Interaction® Attendees Nonattendees  Interaction®
Attendance at age 10 years

<O-Level 161 (157 to 165) 144 (140 to 148) 33.1 44.5

O-Level 197 (193 to 200) 184 (179 to 189) 15.8 20.4

A-Level 240 (235 to 244) 220 (212 t0 229) 7.1 11.7

Degree 288 (282 t0 295) 281 (269 to 294) P=0.10 1.2 1.9 P=035
Attendance at age 15 years

<O-Level 164 (159 to 169) 148 (144 to 151) 31.2 42.7

O-Level 196 (192 to 200) 188 (184 to 192) 15.6 19.2

A-Level 242 (237 to 248) 225 (218t0 231) 6.9 10.4

Degree 289 (282 to 296) 283 (274 t0 292) P=0.03 1.0 1.9 P=0.18

#Maternal education is defined as: O-Level (Ordinary Level; exams taken in different subjects usually at age 15 to 16 at the completion of legally required school attendance,
equivalent to today’s UK General Certificate of Secondary Education), O-Level only, A-Level (Advanced-Level; exams taken in different subjects usually at age 18), or university

degree or above.

bP values are from regression analyses, and test the null hypothesis that there is no difference in the relationship between maternal education and family income/manual social
class for those who do and do not continue to participate (ie, an interaction between maternal education and participation for a regression on income/manual social class.

TABLE 5.

Socioeconomic Inequalities in (Almost) Completely Observed Outcomes Using a Multidimensional SEP Construct

and Comparing Participants Lost to Follow-up with Those Who Remain Engaged in the Cohort

Attendees at Age 10 Years

Attendees at Age 15 Years

Test for Test for
Full Cohort Yes No Interaction Yes No Interaction
Outcomes on a continuous scale®

Birth weight (g) 13 (1 to 24) 16 (1 to 30) 12 (-8 to 32) P=0.79 11 (-6 to 29) 15 (-1 to 32) P=0.74
Birth length (cm) 0.09 (0.03t0 0.15) 0.12(0.05t0 0.20) 0.04 (-0.07t0 0.14) P=0.18 0.12(0.03t0 0.21) 0.06 (—0.03 t0 0.14) P =0.32

Summary score of educational attainment (%)°
Atage 11 years 55(5.1t05.8) 5.2 (4.8t05.6) 5.0(4.5t05.6) P=0.62 5.15(4.68t05.62) 5.03(4.581t05.49) P=0.73
At age 14 years 3.9(3.7t04.2) 39(3.6t04.2) 3.5(3.1t04.0) P=0.20 4.0(3.6t04.4) 3.3(3.0t03.7) P=0.01

Outcomes on a binary scale?
Maternal obesity 0.66 (0.60t0 0.72) 0.67 (0.60t0 0.75) 0.63 (0.55 to 0.74) P=0.59 0.65(0.57t00.75) 0.67 (0.59 to 0.76) P=0.81
Smoking during 0.50(0.47 t0 0.52) 0.51(0.47 t0 0.55) 0.51 (0.47 to 0.56) P=091 0.51(0.47t00.56) 0.51(0.48t0 0.55) P=093
pregnancy

Preterm birth 0.94 (0.85t0 1.04) 0.94 (0.83to 1.07) 0.91 (0.77 to 1.08) P=0.75 0.96(0.83 to 1.12) 0.94 (0.83 to 1.08) P=0.87
Never breastfeeding 0.57 (0.54 t0 0.60) 0.59 (0.55t0 0.63) 0.60 (0.55 to 0.65) P=0.79 0.57(0.52t00.62) 0.61(0.57 to 0.66) P=0.20

Results are regression coefficients from linear regression analyses for continuous outcomes or logistic regression analyses for binary outcomes, for a 1 SD increase in SEP* (95% CI).
n = 8210: the number of persons with full data on all indicators used to construct the multidimensional indicator and all outcomes.
For these analyses, SEP is measured with a multidimensional construct generated using factor analysis.

"Mean differences; null value = 0.

cSummary score of educational attainment is a sum of scores from tests in English, mathematics, and science from compulsory school tests at ages 11 and 14 (Key Stages 2 and 3

of the British National Curriculum). The total score was converted to a percentage.
d0dds ratios; null value = 1.

Figure 1. In our example, we were able to use analysis strate-
gies to cope with bias due to both mediators of the SEP—out-
come association and the complex multidimensional construct
of SEP. In many studies, a lack of measured variables will limit
the ability to adjust for these biases. In the absence of mea-
sured variables, simulation studies to explore the sensitivity
of estimates of inequality to assumptions about missing-data
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mechanisms may be the only option. Depending on the study
design and missingness mechanism, other approaches to deal
with selection bias may also be appropriate.®323* When the
interest lies in estimating trajectories of an outcome over time,
multilevel models or inverse probability weighting can be used
to include persons with one or more measures under a miss-
ing-at-random assumption, including in situations where the

© 2012 Lippincott Williams & Wilkins
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observed value of an outcome at 1 time-point is predictive of
loss to follow-up at later time points.*>** These methods will
therefore give unbiased estimates of longitudinal trajectories
of an outcome provided that the value of the outcome at the
later time point itself is not the reason for loss to follow-up.

Where there is a relationship between the outcome and
loss to follow-up (Figure 1B), sensitivity analysis may shed
light on the extent of the bias.

Our analyses of educational attainment data are limited
by the fact that these data are available only for state-school
educated pupils; the national tests are not compulsory for the
11% of ALSPAC participants who attended private schools.

In summary, we have shown that loss to follow-up in
cohort studies may underestimate socioeconomic inequal-
ities in a wide range of outcomes. Although the extent
of this bias was small (consistent with previous stud-
ies),!316-20 there is some evidence that the bias increases
as the extent of loss to follow-up increases. However,
even when more than half of the cohort were lost to fol-
low-up, qualitative conclusions about the direction and
approximate magnitude of inequalities did not, in most of
our examples, alter dramatically. We have also explored
possible mechanisms underlying the bias and analysis
approaches to remove this bias.
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