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Background There is growing interest in the relationship between time spent in
adverse circumstances across life course and increased risk of chronic
disease and early mortality. This accumulation hypothesis is usually
tested by summing indicators of binary variables across the life span
to form an overall score that is then used as the exposure in regression
models for health outcomes. This article highlights potential issues
in the interpretation of results obtained from such an approach.
Methods

We propose a model-building framework that can be used to formally
compare alternative hypotheses on the effect of multiple binary
exposure measurements collected across the life course. The saturated
model where the order and value of the binary variable at each time
point influence the outcome of interest is compared with nested
alternative specifications corresponding to the critical period, cumulative risk or hypotheses about the effect of changes in environment.
This framework is illustrated with data on adult body mass index and
socioeconomic position measured once in childhood and twice in
adulthood from the Medical Research Council National Survey of
Health and Development, using a series of liner regression models.

Results

We demonstrate how analyses that only consider the association of
a cumulative score with a later outcome may produce misleading
results.

Conclusion We recommend comparing a set of nested models—each corresponding to the accumulation, critical period and effect modification hypotheses—to an all-inclusive (saturated) model. This
approach can provide a formal and clearer understanding of the
relative merits of these alternative hypotheses.
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Introduction
There has been recent epidemiological interest in the
causal pathways by which adverse social circumstances across the life course lead to an increase in
the risk of chronic diseases. The most prominent
hypothesis discussed currently in the literature is the
accumulation hypothesis, which assumes that cumulative insults or exposures during the life course
increase the risk of disease mortality irrespective of
the timing.1–9 Evidence in support of the accumulation hypothesis originate from studies where graded
relationships have been observed between the number
of time points that an individual has been in an
adverse socioeconomic position (SEP) and the health
outcome of interest.1–3,5,6,9 Alternatively, a critical
period hypothesis pays more attention to the timing
of an exposure and assumes that irreversible changes
in body systems that occur during a particularly
vulnerable phase of life, usually during early development, have implications on later health.7,8,10,11
Social mobility was considered as a third hypothesis in
a previous paper that attempted to disentangle the life
course processes of accumulation, critical period and
mobility.4 However, the social mobility hypothesis has
been less strictly defined than the accumulation and
critical period ones, partly because there are different
ways of defining social mobility. The life course model
of a critical period with later effect modification8 (where
the irreversible change of the critical period can be
either enhanced or diminished by later effect) is
analogous to a social mobility model. Both imply that
the effect of an earlier exposure (e.g. childhood SEP) on
health differs across levels of a later factor (adult SEP)
i.e. interaction.
In this article, we present a systematic method to set
out three different hypothesized models using a
counterfactual framework and then contrast them
using a series of nested models. Specifically, we
compare the accumulation, critical period and mobility models that might relate exposures over time to a
later health outcome. We show how these models can
be viewed as representing different causal structures,
while also clarifying the definition of the mobility
model. From these considerations, there follow distinct parameterizations of lifetime exposure in a series
of regression models. We will show that the use of an
overall score implicitly relies on strong assumptions
regarding the form of the relationship between the
exposure variables and the outcome.
For illustrative purposes, we use data on social class
at three different ages and body mass index (BMI)
from the Medical Research Council (MRC) National
Survey of Health and Development (NSHD).12

Methods
The MRC NSHD is a birth cohort study consisting of a
socially stratified sample of 2547 women and 2815
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men born during 1 week in March 1946. There have
been 21 follow-ups of the whole cohort, with the
most recent being at age 53 years with 3035
respondents (1472 men, 1563 women). The majority
(n ¼ 2989) were interviewed and examined in their
homes by research nurses, with the rest completing a
postal questionnaire (n ¼ 46). Individuals were not
included in the study if they had already died
(n ¼ 476), lived abroad (n ¼ 583), were untraced since
last contact at 43 years (n ¼ 266) or had previously
refused to take part (n ¼ 648). The responding sample at
age 53 years is in most respects representative of the
national population of a similar age.13
At 53 years, BMI was calculated from height and
weight measured by research nurses according to a
standard protocol. BMI was treated as a continuous and
normally distributed variable. Social class was categorized into six groups according to the Registrar
General’s classification and defined at three time
points: childhood social class was based on the father’s
occupation when the cohort member was aged 4 years;
young adult social class was based on the cohort
member’s own occupation at age 26 years; and later
life social class was from their occupation at 43 years.
Where cohort members had no job at the time of contact, their last occupation was used in order to reduce
missing data for the purposes of illustration, while those
who have never been in paid work (including housewives) were excluded from the analysis. For simplicity,
binary indicators of SEP were created at each time point
by collapsing the social class measures into: nonmanual (classes I and II, III non-manual) given a
value of 1, and manual (classes III manual, IV and V)
given a value of 0. For the same reason, no other
covariates were included in the analysis.

Statistical methods
The outcome, Y, in our example is BMI at age 53 years
and is treated as a continuous (symmetrically distributed) random variable. The binary explanatory
variable, forms a vector S ¼ (S1, . . . , Sj), which is in our
example SEP measured at the time points t1, t2, t3
(ages 4, 26 and 43 years). Sj takes the value 0 when
social class is manual, and 1 when non-manual.
A general causal estimator takes the form of E(Y(S)
 Y(S0 )) where S and S0 are alternative trajectories.
Under counterfactual theory a causal effect is a comparison of the outcome associated with the observed
trajectory of an individual with that which would
have happened if, contrary to fact, the trajectory had
been different.14 In reality it may be problematic to
evaluate these potential alternative trajectories S0 .
With J ¼ 3 there are eight possible trajectories that
may influence Y corresponding to each permutation of
S1, S2, S3, shown on the left hand column of Table 1.
Unless we impose constraints, an individual’s potential outcome Y may depend on all three Sj, which
would imply a simultaneous comparison of all
trajectories.
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Table 1 All possible binary SEP permutations over three time points, expected changes in adverse health outcome BMI
under different hypotheses, and corresponding linear predictor
Expected value of BMI compared with the reference
category of being in always manual (0,0,0), under
SEP
each alternative causal model
Social
Critical period
mobility
Cumulative
Any
SEP1 SEP2 SEP3 exposure*
at t1
at t2
at t3
Adult
mobility

Regression coefficients used to calculate
the predicted value of BMI under a
saturated regression model shown in:

Equation (1)

Equation (2)

0

0

0

Reference

Reference

Reference

Reference

Reference

Reference





1

0

0





0

0

0

þ

þ12D12

 þ 1S1

0

1

0



0



0

þ

0

 þ  12U12þ
23 D23
þ 2U12D23

 þ 2S2

0

0

1



0

0







 þ  23U23

 þ 3S3

1

1

0







0

þ

þ

 þ 23D23

 þ1S1þ2S2þ12S1S2

1

0

1

-



0





0

 þ 12D12þ 23U23
þ 1 D12U23

 þ 1S1 þ 3S3
þ13S1S3

0

1

1

-

0





0



 þ  12U12

 þ 2S2 þ 3S3
þ 23S2S3

1

1

1









0

0

 þ  S1 S2 S3

 þ 1S1 þ 2S2
þ 3S3 þ 12S1S2
þ 23S2S3 þ 13S1
S3 þ 123S1S2S3

Sj ¼ 1 if SEP is non-manual at time t, Sj ¼ 0 if SEP is manual at time t; : expected value of Y when all Sj are 0, Dj,jþ1 is a binary
indicator for a downward change in social class (i.e. from Sj ¼ 1 to Sj þ 1 ¼0) and Uj,j þ 1 is a binary indicator for an upward change
(i.e. from Sj ¼ 0 to Sj þ 1 ¼ 1). Negative sign is associated with an inverse relationship with BMI.
*The number of dashes refers to the magnitude of the inverse association between BMI and SEP.

The observed trajectories could be used to predict
the outcome under alternative causal models and to
compare them in terms of goodness of fit to the data.
For this purpose, we will also consider an unstructured model in addition to the three general models
mentioned above (cumulative exposure, critical period
and social mobility). This unstructured model
assumes that each of the possible trajectories is associated with a different value of the outcome and
corresponds to a saturated linear model for Y, equivalent to an ANOVA, with as many regression parameters as there are possible trajectories. With three time
points there are eight possible trajectories and therefore eight parameters. We will consider two equivalent parameterizations of this model. The first is:
EðYÞ ¼  þ 12 D12 þ 12 U12 þ 23 D23 þ 23 U23
þ

1 D12 U23

þ

2 U12 D23

þ S1 S2 S3

ð1Þ

where Dj,jþ1 is a binary indicator for a downward
change in social class (i.e. from Sj ¼ 1 to Sjþ1 ¼ 0), and
Uj,jþ1 is a binary indicator for an upward change (i.e.
from Sj ¼ 0 to Sjþ1 ¼ 1). With this formulation, Y is
modelled as a function of downwards and upwards
mobility over time (via the indicators Dj,jþ1 and Sj,jþ1)
plus an indicator for remaining in a higher social class
throughout (represented by the interaction term S1 S2
S3). The second parameterization of the saturated
model expressed the expectation of Y as a linear

combination of all Sj, their two-way interaction terms
as well as the three-way interaction:
EðYÞ ¼  þ 1 S1 þ 2 S2 þ 3 S3 þ 12 S1 S2
þ 23 S2 S3 þ 13 S1 S3 þ 123 S1 S2 S3

ð2Þ

Note that although these two specifications are equivalent to an ANOVA formulation, the latter does not
usually lead to estimation of the model parameters.
We demonstrate that under each of the hypotheses
considered here, specific constraints on the parameters of the saturated model [expressed as in either
equations (1) or (2)] lead to different predicted outcomes and we discuss how comparisons with the
saturated model can help elucidate the underlying
causal mechanisms.
We will use BMI as an example to help the
interpretation of the parameters obtained from the
various models. An overview is given in Table 1,
where the effect of a particular trajectory on predicted
BMI under each hypothesized model is indicated by a
plus or minus sign, assuming that non-manual SEP is
associated with lower adult BMI. Table 1 indicates
under each life course model, the expected change in
BMI by a plus or minus sign relative to being in
manual SEP at all three time points.
Accumulation model
Under the accumulation hypothesis, the longer the
time spent in a non-manual SEP, the lower the

MODELLING BINARY VARIABLES OVER THE LIFE COURSE

expected value of BMI, irrespective of the time point
at which the SEP occurred. Hence, those in a manual
SEP at all three time points would be expected to
have a greater BMI than those in a manual SEP at
any two time points who would in turn be expected
to have a greater BMI than those in a manual SEP at
any one time point, with those always in a nonmanual SEP having the lowest BMI. If the outcome is
independent of the timing of being in manual
occupation, it follows that Y001¼ Y010¼ Y100 and
Y011 ¼ Y101 ¼ Y110, where for simplicity here, and in the
causal contrasts, we use Y to denote E(Y) and the
suffix to denote the timing of exposure, e.g. suffix
(001) indicating a trajectory where non-manual
occupation was reported at the third time point
only. If the outcome depends on the amount of
exposure then Y011 < Y001 and Y111 < Y011. If it
depends on it linearly then every trajectory can be
representedPby the total number of exposed periods,
equal to
j Sj (taking values between 0, always
manual, and 3, always non-manual) that we call
the lifetime SEP score. For every unit increase in this
score, the change in mean BMI is assumed to be
constant and equal to acc defined as
acc ¼

ðY111  Y000 Þ
¼ Y111  Y011 ¼ Y111  Y101
3
ð3Þ
¼ Y111  Y110 ¼ ... ¼ Y001  Y000

Assuming a direct and cumulative causal effect of
SEP, acc would be the causal parameter of interest.
It could be estimated by fitting the linear regression
model:1–3,5,6,9
X
EðYÞ ¼  þ 
Sj
ð4Þ
j

where  corresponds to acc. The SEP indicators
corresponding to different ages are summed to obtain
a lifetime SEP score (j Sj) that takes values between
0 (always manual) and 3 (always non-manual).

Critical period model
Under the critical period hypothesis there are as many
possible scenarios as there are time points. The one
most investigated in life course epidemiology is the
early life critical period hypothesis. In our example,
this translates to a manual social class in childhood
leading to greater expected BMI, irrespective of later
SEP. Hence, it assumes that
Y111 ¼Y101 ¼ Y110 ¼ Y100 ¼ Y1 , and
Y011 ¼ Y001 ¼ Y010 ¼ Y000 ¼ Y0 :

ð5Þ

Note that an asterisk indicates that SEP can take all
possible values at that time point. Following the
notation of Sampson et al.15 the theoretical causal
contrast of interest would be the difference in BMI
between those in the manual social class and those in
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the non-manual social class in childhood, averaging
over later time points
early crit: period ¼ Y1  Y0 :

ð6Þ

This model assumes that only SEP in childhood has an
effect on BMI, irrespective of the later SEP trajectory.
The equivalent expression for the early adulthood
critical period hypotheses is:
Y111 ¼Y011 ¼ Y110 ¼ Y010 ¼ Y1 , and
Y101 ¼ Y001 ¼ Y100 ¼ Y000 ¼ Y0 ,
early adult crit: period ¼ Y1  Y0 :

ð7Þ

and for the late adulthood critical period hypothesis:
late adult crit: period ¼ Y1  Y0

ð8Þ

The linear regression model corresponding to the early
critical period is:
EðYÞ ¼  þ 1 S1

ð9Þ

where 1 corresponds to early crit. period in equation
(6). Equivalent specifications of the other critical
period models can be similarly specified. For instance,
a model with 2 only captures early adult crit. period.
Mobility model
The specification of the causal contrast implied by the
social mobility hypothesis is the more complex of the
three because there are different possible definitions
of social mobility. First, we consider intra-generational (or adult) mobility as defined by Hallqvist et al.4
where any downwards (i.e. from non-manual ¼ 1 to
manual ¼ 0) mobility in adulthood would be harmful
to health (e.g. lead to an increase in BMI), and any
upwards (i.e. from 0 to 1) mobility in adulthood
would be beneficial, irrespective of early life social
background. Thus,
Y101 ¼Y001 ¼ Y01 and
Y110 ¼ Y010 ¼ Y10 and Y11 ¼ Y00

ð10Þ

The causal parameters of interest for the effects of
down and upwards mobility would be
downwards adult ¼ Y10  Y11

ð11Þ

upwards adult ¼ Y01  Y00

ð12Þ

The linear regression model equivalent to this
hypothesis is
EðYÞ ¼  þ 23 D23 þ 23 U23

ð13Þ

where only transitions between periods 2 and 3 are
relevant. Converting the Dj,jþ1 and Uj,jþ1 into Sj helps
in understanding the parameter constraints that
are implied by any given social mobility hypothesis.
For instance, by specifying Dj,jþ1 ¼ Sj(1 Sjþ1) and
Uj,jþ1 ¼ (1Sj)Sjþ1 we can re-write equation (13) as
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EðYÞ ¼  þ 23 S2 ð1  S3 Þ þ 23 ð1  S2 ÞS3
¼  þ 23 S2 þ 23 S3  ð23 þ 23 ÞS2 S3 ,

ð14Þ

i.e. the expectation of Y is a function of the two adult
SEP values and of their interaction.
Using the notation of equation (2), equation (14)
could be re-written as
EðYÞ ¼  þ 2 S2 þ 3 S3 þ 23 S2 S3

ð15Þ

where 2 ¼ 23, 3 ¼  23 with the constraint that
23 ¼ (23 þ  23) ¼ (2 þ3).
An alternative model of social mobility assumes that
all downward changes are equally harmful to health
and all upward changes are equally beneficial. Thus,
we assume that
Y111 ¼ Y000 ; Y011 ¼ Y001 and Y110 ¼ Y100

ð16Þ

i.e. same expected BMI in those with never changed
SEP, and in those who moved from manual to nonmanual at some point in their life time, in those who
moved from non-manual to manual at some point in the
life time. The causal parameters of interest would be
upwards ¼Y011  Y000 ¼ Y001  Y000

ð17Þ

downwards ¼Y100  Y111 ¼ Y110  Y111

ð18Þ

This general social mobility model does not specify
the size of upwards relative to downwards or,
equivalently, whether improving and then worsening
one’s position, as in Y010 is better or worse than
worsening and then improving it, as in Y101.
The linear regression model equivalent to this latter
hypothesis is:
EðYÞ ¼  þ D12 þ D23 þ U12 þ U23
¼  þ S1 ð1  S2 Þ þ S2 ð1  S3 Þ
þ ð1  S1 Þ S2 þ ð1  S2 ÞS3
¼  þ ðS1  S1 S2 þ S2  S2 S3 Þ

ð19Þ

þ ðS2  S1 S2 þ S3  S2 S3 Þ
¼  þ S1 þ ð þ Þ S2 þ  S3
 ð þ Þ S1 S2  ð þ Þ S2 S3
Thus, equation (19) could be re-written as
EðYÞ ¼  þ 1 S1 þ 2 S2 þ 3 S3
þ 12 S1 S2 þ 23 S2 S3

ð20Þ

where 1 ¼ , 3 ¼ , with the constraints that
2 = (þ) ¼ (1 þ 3) and 12 ¼ 23 ¼ 2.

Model selection
The equations above show that different models
relating the effects of SEP across the life course on
a later outcome can be formulated in terms of
alternative specifications of the regression model of
Y on S1, S2, S3 and their two-way interactions. The
various constraints on the equality of parameter
values explain how the same set of SEP values at

the three time points can lead to very contradictory
causal contrasts. For example, with regards to BMI
we would expect Y000 4 Y110 under the accumulation
and both the early life and early adult critical period
hypotheses, but under the two social mobility
hypotheses, because of the constraint Y000 ¼ Y111, we
would expect BMI to reflect Y000 < Y110. This means
that alternative hypotheses, due to the different sets
of equality constraints required for each, can be
formally tested by comparison to a saturated model.
Test for the accumulation hypothesis
If the accumulation of risk hypothesis defined in
equation (3) were correct, we would expect—using
the notation in (2)—that 1 ¼ 2 ¼ 3 and that 12 ¼
23 ¼ 13 ¼ 123 ¼ 0. This can be formally tested by
performing a partial F-test between the saturated
model with eight parameters and the simpler model
on which these constraints are imposed (and which
estimates only two parameters:  and  ¼ 1 ¼
2 ¼ 3). The resulting test statistics are then compared with the F distribution with 6 and (N-8)
degrees of freedom (df), where N is the sample size.
Large P-values indicate that the restricted model is as
good as the saturated model in fitting the data and
therefore that the accumulation of risk hypothesis is
supported by the data. However, before selecting any
single hypothesis it is important to determine if other
models also fit the data.
Test for the critical period hypothesis
To test the early life critical period hypothesis the
parameter constraints, using the specification of the
saturated model given in (2), would be 2 ¼ 3 ¼
12 ¼ 23 ¼ 13¼ 123 ¼ 0. The corresponding partial
F-test statistic has [6, (N-8)] df and the interpretation
of a resulting test would be as above, i.e. large
P-values indicating consistency with the data.
Test for the social mobility hypotheses
The restricted model used to test the adult social
mobility hypothesis has only three parameters: , 23
and  23 with the constraints that  ¼ 12 ¼  12 ¼
1 ¼ 2 ¼ 0, to be tested against the full model in
equation (1) with df for the partial F-test equal to 5
and (N-8). Using the notation of equation (2) we
would impose constraints 23 ¼ (2 þ 3), and
1 ¼ 12 ¼ 13 ¼ 123 ¼ 0, with the same df as above.
The social mobility hypothesis with time invariant
effects would again estimate three parameters,
namely  and  ¼ 12 ¼ 23 and  ¼  12 ¼  23 with
constraints 1 ¼ 2 ¼  ¼ 0. Alternatively using the
notation in equation (2) the constraints would be
2 ¼ (1 þ 3), 12 ¼ 23 ¼ 2 and 13 ¼ 123 ¼ 0.
With either specification the partial F-test statistics
would have [5, (N-8)] df.
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Results
For the purpose of the example considered here the
analyses were stratified by sex. Approximately a third
(men 31.2%, women 33.7%) stayed in the nonmanual group at all the three time points (Table 2).
More than twice the proportion of men remained in
manual occupation from childhood to age 43 years
compared with women (26.5% and 13.0%, respectively). Trajectories that indicated change in SEP
through the life course were dominated by those who
changed from a childhood manual group to nonmanual group by age 26 years and remained there at
age 43 years (29% for women and 17% for men).
Those women who were always in the non-manual
SEP group had a consistently lower BMI than those
who were in the manual group in childhood or in the
manual group at age 43 years. Among men the
highest BMI means were observed in three of the four
trajectories that include childhood manual SEP.
Alternative linear regression models were fitted to
the data corresponding to the hypotheses for the
effect of social class over the life course, described in
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the Methods section. The mean values of BMI for
each combination of values of S1, S2 and S3 predicted
by these models are displayed in Table 2 next to the
observed mean values.
The accumulation of risk model provides the best fit
to the data for women, since consideration of the
F-statistics (Table 3) shows that only for this model
was no significant difference from the saturated
model observed (P ¼ 0.214). The best predictions
from the accumulation model were for the most
frequent trajectories (Table 2). For men the early life
critical period model provides the best fit (P ¼ 0.359).
In terms of prediction, the trajectory (0, 1, 0) was an
exception as this group had the greatest disparity
between observed (26.3 kg/m2) and expected mean
BMI (27.8 kg/m2), but there were very few men
(n ¼ 27) who experienced this trajectory. For both
men and women, the accumulation of risk model
indicated significant decreasing linear trends in BMI
with increasing SEP score [ (95% CI) men: 0.34
(0.54 to 0.14) kg/m2, P ¼ 0.001; women: 0.95
(1.26 to 0.63) kg/m2, P < 0.001]. Hence, if only
considering this model, we might conclude there is

Table 2 Distribution of socioeconomic trajectories within women and men in the MRC National Survey, and observed and
predicted mean BMI (standard error) according to different hypotheses, by SEP permutation and sex
Mean BMI predicted from regression
coefficients estimated imposing constraints
implied by alternative life course hypotheses
Critical periodb
Social mobility

SEPa

Sex
SEP1 SEP2 SEP3 N (%)
Women
n ¼ 1088

Observed
mean BMI
in 1999
Accumulation t1

t2

t3

Any
mobility

0

0

0

141 (13.0) 28.7 (0.5)

29.2 (0.3)

28.1 (0.2) 28.1 (0.3) 28.7 (0.3) 27.1 (0.2) 26.8 (0.2)

1

0

0

20 (1.8)

27.5 (1.1)

28.2 (0.2)

26.4 (0.3) 28.1 (0.3) 28.7 (0.3) 27.1 (0.2) 27.8 (0.5)

0

1

0

88 (8.1)

29.1 (0.7)

28.2 (0.2)

28.1 (0.2) 27.1 (0.2) 28.7 (0.3) 28.8 (0.5) 28.6 (0.4)

0

0

1

80 (7.4)

27.8 (0.7)

28.2 (0.2)

28.1 (0.2) 28.1 (0.3) 26.9 (0.2) 27.6 (0.5) 27.6 (0.3)

1

1

0

40 (3.7)

28.3 (0.8)

27.3 (0.2)

26.4 (0.3) 27.1 (0.2) 28.7 (0.3) 28.8 (0.5) 27.8 (0.5)

1

0

1

35 (3.2)

27.1 (0.9)

27.3 (0.2)

26.4 (0.3) 28.1 (0.3) 26.9 (0.2) 27.6 (0.5) 28.6 (0.4)

0

1

1

317 (29.1) 27.6 (0.3)

27.3 (0.2)

28.1 (0.2) 27.1 (0.2) 26.9 (0.2) 27.1 (0.2) 27.6 (0.3)

1

1

1

367 (33.7) 26.0 (0.2)

26.3 (0.2)

26.4 (0.3) 27.1 (0.2) 26.9 (0.2) 27.1 (0.2) 26.8 (0.2)

Men

n ¼ 1104
0

0

0

292 (26.5) 27.8 (0.3)

27.9 (0.2)

27.8 (0.2) 27.7 (0.2) 27.5 (0.2) 27.3 (0.1) 27.2 (0.2)

1

0

0

61 (5.5)

27.2 (0.6)

27.6 (0.1)

26.8 (0.2) 27.7 (0.2) 27.5 (0.2) 27.3 (0.1) 26.8 (0.3)

0

1

0

27 (2.5)

26.3 (0.7)

27.6 (0.1)

27.8 (0.2) 27.1 (0.2) 27.5 (0.2) 26.6 (0.6) 27.4 (0.4)

0

0

1

125 (11.3) 27.8 (0.3)

27.6 (0.1)

27.8 (0.2) 27.7 (0.2) 27.2 (0.2) 27.7 (0.3) 27.8 (0.2)

1

1

0

22 (2.0)

26.9 (0.9)

27.2 (0.1)

26.8 (0.2) 27.1 (0.2) 27.5 (0.2) 26.6 (0.6) 26.8 (0.4)

1

0

1

45 (4.1)

27.5 (0.6)

27.2 (0.1)

26.8 (0.2) 27.7 (0.2) 27.2 (0.2) 27.7 (0.3) 27.4(0.4)

0

1

1

188 (17.0) 28.0 (0.3)

27.2 (0.1)

27.8 (0.2) 27.1 (0.2) 27.2 (0.2) 27.3 (0.2) 27.8 (0.2)

1

1

1

344 (31.2) 26.6 (0.2)

26.9 (0.2)

26.8 (0.2) 27.1 (0.2) 27.2 (0.2) 27.3 (0.2) 27.2 (0.2)

Bold numbers correspond to close observed and predicted means in the more frequent trajectories.
0 refers to manual SEP, 1 refers to non-manual SEP.
b
Critical period at time t1, t2, t3 corresponds to ages 4, 26 and 43 years.
a

Adult
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evidence for the accumulation model. However, men
who had trajectories (0, 0, 1) or (1, 0, 0), both with an
SEP score of 1, differed in their observed means (27.8
vs 27.2 kg/m2) by more than the estimated effect of
0.34 kg/m2 per unit decrease in the lifetime SEP score
(Table 2). This is consistent with our finding that the
best fitting model for men was the childhood critical
period model, with an effect of non-manual class
on BMI of 0.98 (1.46 to 0.50) kg/m2, P < 0.001.
The social mobility models showed a particularly
poor fit for both sexes as it is significantly different
from the saturated model (P < 0.01). The adult social
mobility model estimated for women virtually
no change in BMI for upwards adult SEP mobility

[ 23 (95% CI): 0.48 (0.57 to 1.52) kg/m2, P ¼ 0.372],
and some increase in BMI for downwards mobility
[23 (95% CI): 1.70 (0.70 to 2.70) kg/m2, P ¼ 0.001],
and for men no significant effects of changing adult
SEP [ 23: 0.34 (0.318 to 1.01) kg/m2, P ¼ 0.308 and
23: 0.78 (1.94 to 0.38) kg/m2, P ¼ 0.187]. In
women, the more general social mobility model
estimated both upward and downward change in
SEP to be associated with increases in BMI [: 0.84
(0.19 to 1.48) kg/m2, P ¼ 0.011 and : 0.97 (0.10 to
1.83) kg/m2, P ¼ 0.028]. This was due to the generally
higher weight for women in all trajectories compared
with those women who remained in the non-manual
trajectory throughout. In men, the same model

Table 3 Series of full and partial F-tests for different contrasts according to different hypotheses
Model tested: using notation
corresponding
Equation (1)
Equation (2)

Partial F-test against
saturated model
df
F-statistic
P-value

No effect

 ¼ 12 ¼  12 ¼ 23 ¼
 23 ¼ 1 ¼ 2 ¼  ¼ 0

1 ¼ 2 ¼ 3 ¼ 12 ¼ 23 ¼
13 ¼ 123 ¼ 0

7, 1080

6.26

<0.001

Accumulation of risk

12 ¼  12 ¼ 23 ¼  23 ¼
1 ¼ 2 ¼ 0;  ¼ 1

1 ¼ 2 ¼ 3; 12 ¼ 23 ¼
13 ¼ 123 ¼ 0

6, 1080

1.39

0.214

t1

23 ¼  23 ¼

1¼

2¼¼0

2 ¼ 3 ¼ 12 ¼ 23 ¼
13 ¼ 123 ¼ 0

6, 1080

2.57

0.018

t2

23 ¼  23 ¼

1¼

2¼0

1 ¼ 3 ¼ 12 ¼ 23 ¼
13 ¼ 123 ¼ 0

6, 1080

5.97

<0.0001

t3

12 ¼  12 þ

1¼

2¼¼0

1 ¼ 2 ¼ 12 ¼ 23 ¼ 13 ¼
123 ¼ 0

6, 1080

3.36

0.003

23 ¼ (2 þ 3), 1 ¼
12 ¼ 13 ¼ 123 ¼ 0

5, 1080

6.42

<0.0001

Hypothesis
Women

Critical perioda

Social mobility
Adult

 ¼ 12 ¼  12 ¼

Any mobility

 ¼ 12 ¼ 23,  ¼  12 ¼  23
1¼ 2¼¼0

2 ¼ (1 þ 3), 12 ¼
23 ¼ 2, 13 ¼ 123 ¼ 0

5, 1080

5.97

<0.0001

No effect

 ¼ 12 ¼  12 ¼ 23 ¼  23 ¼
1¼ 2¼¼0

1 ¼ 2 ¼ 3 ¼ 12 ¼
23 ¼ 13 ¼ 123 ¼ 0

7, 1096

3.25

0.002

Accumulation of risk

12 ¼  12 ¼ 23 ¼  23 ¼
2 ¼ 0,  ¼ 1

1 ¼ 2 ¼ 3; 12 ¼ 23 ¼
13 ¼ 123 ¼ 0

6, 1096

1.99

0.060

1¼

2¼0

Men

1¼

Critical perioda
t1

23 ¼  23 ¼

1¼

2¼¼0

2 ¼ 3 ¼ 12 ¼ 23 ¼
13 ¼ 123 ¼ 0

6, 1096

1.10

0.359

t2

23 ¼  23 ¼

1¼

2¼

0

1 ¼ 3 ¼ 12 ¼ 23 ¼
13 ¼ 123 ¼ 0

6, 1096

2.66

0.015

t3

12 ¼  12 þ

1¼

2¼¼0

1 ¼ 2 ¼ 12 ¼ 23 ¼
13 ¼ 123 ¼ 0

6, 1096

3.54

0.002

Social mobility

a

Adult

 ¼ 12 ¼  12 ¼

2¼0

23 ¼ (2 þ 3),
1 ¼ 12 ¼ 13 ¼ 123 ¼ 0

5, 1096

3.94

0.002

Any mobility

 ¼ 12 ¼ 23,  ¼  12 ¼  23,
1¼ 2¼¼0

2 ¼ (1 þ 3), 12 ¼ 23 ¼
2, 13 ¼ 123 ¼ 0

5, 1096

3.28

0.006

1¼

Critical period at time t1, t2, t3 corresponds to ages 4, 26 and 43 years.
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estimated some minor increase in weight for an
upward change, and no change in weight for a
downward change in SEP [: 0.59 (0.09 to 1.09)
kg/m2, P ¼ 0.020 and : 0.41 (1.10 to 0.27) kg/m2,
P ¼ 0.239]. This was due to an upward change in SEP
only being possible by being in a manual SEP
beforehand and to the strong effect of childhood
manual SEP on BMI in men.

Discussion
In this article, we have examined models that are
frequently discussed in the literature3,4,6–8,16 and
parameterized them so that they could be viewed as
alternative nested specifications of a more general
(saturated) model. We have done this within a linear
regression framework but it can be easily extended to
any generalized linear model, e.g. Poisson or logistic,
with the only difference concerning the test
statistics used to compare the model specifications.
While partial F-tests should be used in linear
regression to compare nested models, the likelihood
ratio test or one of its approximations would be
used with generalized linear models.17 We have
focused on mean outcomes to illustrate the method,
other features of the outcome distributions, such as
the median or 25th percentile, may equally have been
used. We have shown how analyses that only consider
the association of a cumulative score with a later
outcome may result in a misleading conclusion.
Our analyses of the MRC NSHD data found that for
the BMI of women at age 53 years an accumulation of
risk model for adverse social circumstances seemed to
be most appropriate. This supports results previously
found for women in this study and others.18,19 In
contrast, for men our results suggest that childhood
was a critical period for adult BMI. This is in line with
previous reports in the literature.18,19 If we had not
considered the whole spectrum of alternative model
specifications, we might have concluded that the data
on men were consistent with the accumulation of risk
hypothesis, because the lifetime SEP score parameter
actually captured the effect of the childhood critical
period (its estimated coefficient, 0.979, being about
three times that for the lifetime score, 0.336). We might
have also concluded that the data on women were
consistent with one of the social mobility models, given
the significance of the  and  parameters.
In general, results based on a lifetime score may be
driven by particular combinations of values over the
three time points, these obviously being specific to the
period and place where the data were collected. For
example, in this study the majority of those with a
cumulative score of 2 had trajectory (0, 1, 1) due to
the considerable upward inter-generational mobility
in this British post-war cohort. Re-weighting the
social class indicator by the prevalence of that social
class has been used to address the issue of the
changing socioeconomic distribution over time,6
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although this will lead to more complex variance
structures. The problems surrounding the use and
interpretation of lifetime SEP scores remain. Their
popularity when dealing with three or more timechanging indicators of social class may be due in part
to concerns regarding multi-collinearity. However,
unless the binary indicators are measured very closely
in time this is unlikely to be an issue.
Our proposed methods work for both critical period
and accumulation hypotheses even as the number of
time points increases beyond three. This is because
the prior hypothesis will reduce the dimensionality of
the data when testing a critical period model, while
with the accumulation model one would simply sum
the SEP indicators across time points to generate an
overall score. However, the method would not
generalize to more than three time points for the
social mobility model. In this case the model should
be simplified, or alternatively latent variable/class
modelling could be used to define the main social
trajectories.20 Bayesian information criteria or
Akaike’s information are fairly established criteria
for assessing model fit in this context. While our
method could handle more time points, the challenge
would be to have a study large enough to enable us to
test the different life course models—all causal
contrasts rely on equality of effects of other time
points, and the larger the study the larger the power
to detect small and meaningful differences in effect
between trajectories/time points.
We have introduced a new parameterization for
mobility models. Such parameterizations in terms of
change, clarify algebraically what mobility models
mean in a given study setting. The definitions of
inter- and intra-generational mobility will depend on
which time points are used in a particular study, the
number of childhood and adult measurements. Our
results have highlighted two issues in relation to the
mobility models. First, mobility is conditional on
the selected starting point—for example being born in
a manual environment—and therefore results are to
be interpreted accordingly. Second, we can only test
for the presence of a mobility model if the data
include sufficient changes from manual to nonmanual occupation, and vice versa. Related to this,
interaction terms are part of the specification of the
mobility models and there may not be sufficient
power to detect such interactions. Lack of power may
also limit the ability to extend models to incorporate
larger numbers of SEP trajectories as discussed above.
In reality, the processes operating across the life
course may not conform to any of the causal models
specified here and so it may be unrealistic to expect to
disentangle explicitly such effects in practice. For
example, the analyses were carried out under the
assumption that these are representative of all
participants, and that it is valid to assume that
individuals with missing scores have remained in the
same category at a later time point. Both these
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assumptions are debatable. Also, the current article
has ignored issues related to uncertainty in assigning
a given value of social class at a given point in time.
For instance, it may be that the measurement errors
associated with assigning SEP are much higher for
adults than for their fathers, with resulting larger
effects for childhood SEP. If we had data with more
time points, then the correlations of SEP between two
subsequent measurements would help to deal with
measurement error issue (assuming non-differential
errors). But correlations of SEP over time may lead to
certain trajectories being very rare and hinder the
analysis.
It is highly advantageous to have an understanding
of the biological mechanisms underlying the effect of
exposures on specific health outcomes upon which to
base the statistical modelling. This may lead to a
different specification of the mobility model than is
used here. However, our approach highlights that the
researcher should not adopt an a priori hypothesis
without testing to see if other models fit the data
equally well.
With more complex causal structures and/or more
social class categories or indicators, latent socioeconomic constructs at each time point could be
used to model pathways explicitly.21,22 Although the
latent variable modelling has more apparent flexibility
in terms of integrating over missing information
using maximum likelihood, it still relies on assumptions on how these various SEP indicators are related
and crucially on the structure of the available data, as
discussed in De Stavola et al.23 among others. It may
be more appropriate to refer to sensitive periods,
where there is more scope for modification or reversal
of changes outside that time, in contrast with critical
periods where developmental changes are irreversible.7 In such cases, where the model fit tests indicate
more than one model is plausible, further equality
constraints could be relaxed to define a combined
model, which can then be tested. Simulation studies
may be used to see how often one model structure is
preferred over another.
In this article, we have adopted a counterfactual
framework to outline the causal hypotheses however
there remains the issue of using observational data to

infer causality.24 We have used ‘causal contrast’ to
refer to the parameter of interest. More broadly it is
important to consider the potential for confounding,
such as due to exogenous events between time points,
and to consider the possibility for reverse causality
(for instance, a chronic condition associated with high
BMI that leads to a lowering of SEP from childhood
to adulthood). As Kaufman comments, while rigid
conditions can be applied to the models to simplify
such issues, such as requiring monotonicity of effects,
many contrasts may remain unidentifiable or many
apparent patterns may be artefacts of the chosen
contrasts.25 In summary, regardless of which model is
selected, issues of measurement error, missing data,
survival bias, confounding factors are inevitable in life
course studies and hence results may still be biased
and thus caution is required in their interpretation.
We have illustrated how analyses that simply report
effects of an overall score based on its statistical
significance may produce misleading or incomplete
results that do little to help the understanding of how
life course trajectories affect health. While Hallqvist
et al.4 found that testing different models against the
null hypothesis was unable to disentangle empirically
causal processes, we have shown that our alternative
model fit approach can be used to distinguish
different life course hypotheses, given the assumption
of no measurement errors and provided the study has
sufficient power. Specifically we recommend comparing a set of nested models—each corresponding to the
accumulation, critical period and effect modification
hypotheses—to an all-inclusive (saturated) model.
This approach can provide a formal and clearer
understanding of the relative merits of these alternative hypotheses.
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KEY MESSAGES
 In life course epidemiology, analyses that only consider the association of a cumulative score, such as
from a binary SEP variable, with a later outcome may produce misleading results.
 We present a model fit approach to disentangle the different life course hypotheses, given the
assumption of no measurement errors and provided the study has sufficient power.
 We recommend comparing a set of nested models—each corresponding to the accumulation, critical
period and effect modification hypotheses—to an all-inclusive (saturated) model.
 Our approach highlights that the researcher should not adopt an a priori hypothesis without testing to
see if other life course models fit the data equally well.
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