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Executive Summary

Accelerated Longitudinal Designs (ALDs) have several advantages over single cohort designs,
specifically the ability to estimate and adjust for cohort effect differences and produce results in a
shorter period. These are traded off against additional model complexity in analysis and challenges
in recruitment of additional sample cases in the field.

There are several properties of ALDs which can be varied; analyses based on the power to detect
cohort differences in a linear model for age effects show that small numbers of cohorts have the
best chance to improve the properties of the design and speed up data availability across the age
range of interest while remaining practical to implement.

Further work is needed on methods to determine sample sizes to meet variance constraints for a
range of analytical parameters, and to determine how best to produce a general purpose design
which can meet a wide range of user needs.

1 Introduction

When studying change there are two broad designs which can be used; cross-sectional and
longitudinal. The former design compares different age groups at a single point in time, whereas the
longitudinal design measures subjects more than once at different time points. Often longitudinal
designs follow one cohort over time, encompassing multiple measurements. The benefit of such a
design, as opposed to a cross-sectional design, is that variations within individuals can be observed,
not just between individuals. This within-individual variation over time offers greater insight into the
change being studied, and provides the opportunity to make causal statements. However, the
obvious disadvantage is that the length of the study must be long enough to capture this change,
which in some cases can be many years long. With this longer study time comes cost and logistical
challenges, as well as higher participation burden contributing to higher rates of dropout (Moerbeek,
2011). For example, suppose dropout was 10% per wave and there were ten waves in the
longitudinal study then only 35% of the original sample would remain at the end. This creates
limitations in the generalisability of the research as the remaining sample is likely to have only small
numbers of cases in some subgroups of interest and reduce representativeness.

An accelerated longitudinal design (ALD) provides a way to overcome some of these challenges. An
ALD was first introduced by Bell (1953), and such a design uses multiple cohorts of differing ages



which collectively capture the entire age range of interest. Consider again the above example with a
longitudinal design with ten waves and a dropout of 10%. An ALD could be designed with two
cohorts each covering five waves, not only would this design halve the study length but also 59% of
the original sample would remain, compared to 35% for a single cohort. This highlights the primary
advantages of an ALD; a reduction in the study length and with it lower total dropout. In this report
we define an ALD as any longitudinal design which utilises more than a single cohort. These cohorts
can either by sequential or overlapping, as summarised in Figure 1. The example in Figure 1 presents
three longitudinal designs which cover ages 0-8 years with three cohorts for the two ALDs. Note that
the total design times in this example are nine, three and five years respectively, highlighting the
potential reduction in time for accelerated designs. An ALD has also been referred to as a cross-
sequential design (Schaie and Strother, 1968). We further discuss the advantages as well as
disadvantage to an ALD in Section 2.

A further exploration of ALDs is presented in the next section, focussing on the advantages and
disadvantages. Following this we introduce how data from ALD designs are modelled, so that
inferences can be made. Next, methods to optimise the design of an ALD are discussed, in regard to
number of cohorts, extent of overlapping and frequency of measurement, followed by tests of
convergence. The next section explores the pros and cons of flexible age design as opposed to fixed
age design, and lastly examples of ALD are introduced with commentary on their performance, and a
short evaluation of possible designs for a new cohort is made.

Single-cohort longitudinal design

Cohort 1 OO0 00000 0O0

Accelerated longitudinal design - Sequential

Cohort 1 O O O
Cohort 2 O O O
Cohort 3 O O O

Accelerated longitudinal design - Overlapping

Cohort 1 O O O O O

Cohort 2 ONONONONO

Cohort 3 ONONONONO
Age o 1 2 3 4 5 6 7 8




2 Accelerated longitudinal designs

As discussed, one of the primary advantages of ALDs compared to single-cohort designs is its ability
to reduce the duration of a longitudinal study while still covering a relatively large age range. This
reduction in duration has many secondary advantages. Firstly, the funding may be more certain over
a shorter period, so that the survey objectives can be met within a defined funding envelope without
the need for repeated renewal of funding (although this does not preclude continuing the study if
further funding is available, of course). Secondly, since the subjects require fewer measurements the
burden per participant is reduced, leading to lower attrition (over the timescale of the ALD). Keeping
attrition low is very important to ensure that the original sample remains representative. A further
advantage to an ALD is a decrease in potential retest effects, for example subjects are less likely to
provide misinformation because they have learnt that that leads to reduced interview times. Finally,
the shorter period means that the concepts and methods for data collection are less likely to change
during the course of the survey, so models and comparisons are less likely to be affected by evolving
survey practices and objectives.

Another significant advantage to an ALD is an increase in generalisability. A single-cohort design is
naturally dependent on the targeted cohort which may not be generalisable to the wider population.
For example if the cohort is all children born in a given year, the findings are less likely to be
generalisable to all children born in future years. This is because the study findings may be due to a
cohort effect. A common challenge with longitudinal studies is the confounding of this cohort effect
with age and period effects. A cohort effect is a change relating to people born at a given point in
time, independent of the effects of ageing. Age effects are changes which occur as people age
regardless of which cohort or period they are in. And lastly, a period effect is a change occurring at a
given point in time which affects people of all ages and all cohorts. It is useful for the age effects to
be identified because these effects are generalisable to the wider population. An ALD covers
multiple cohorts, which means that there is some information to analyse the cohort effect (it is not
confounded with other changes), leading to more generalisable findings. In particular it is possible to
test whether there is a difference in the cohort effects. However, if a cohort effect is present it can
lead to greater challenges in analysis and inference for the combined data from the ALD, as does
controlling for period effects.

An important disadvantage of ALDs is the possibility of a cohort effect. If this arises then there are
inherent differences between the individuals in the cohorts, which makes it challenging to develop a
model for age effects which might be generalisable to the wider population. Methods which test for
such a cohort effect have been explored, often using random effects models (see for example
Miyazaki & Raudenbusch 2000, Galbraith et al. 2017). Such methods that examine the overall
trajectory over the age range across cohorts are referred to as tests of convergence. A convergent
design is one that does not have a significant cohort effect, meaning the age effect can be measured.
These tests of convergence are explored in Section 5.

While single-cohort designs require many design considerations such as frequency and timing of
measurements, ALDs require the added considerations of the number of cohorts and the extent to
which the cohorts overlap (if at all). These additional factors create added complexity in sample size
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and power calculations. These factors and how they should best be used in practice are presented in
Section 4.

The interest of the study may be specifically for a certain cohort, for example the Millennium Cohort
Study specifically focussing on people born at the start of the new millennium. Although not a
disadvantage of ALD, it would offer no benefits to the study if the focus is on measuring a specific
cohort. The UK has a strong history of cohort studies, which have provided opportunities to do cross-
cohort research. Such research is implicitly doing a multi-cohort analysis, similar to such an analysis
through an ALD. One could argue that the intentions of setting up national cohort studies
approximately every ten years is implicitly an ALD without explicitly designing them this way.

3 Models for ALD

Longitudinal studies are designed to measure change, and in order to do this a suitable model must
be used. This model must incorporate the correlation within each subject, usually with a hierarchical
model with measurements nested within subjects. This hierarchical design is easily adapted to ALD
by simply adding another level to the model, with subjects nested within cohorts. Often multilevel
linear regression models are used for this hierarchical framework, and these may also be called
hierarchical linear models and random-effects models. Structural equation models (SEM) can also be
used to model ALDs, but they have been shown to be merely a more general form of a multilevel
model (Curran, 2003) and the similarities often outweigh the differences (Curran et al., 2010).

The ideal model will naturally depend on the specific requirements of the study. Some
considerations include the type of response variable being measured, which covariates to include as
fixed or random effects, what longitudinal trend is expected, i.e. linear or polynomial, and what
interactions between covariates are expected? One example of a general multilevel model for an
ALD is presented by Galbraith et al. (2017):

Yij = XijB + Wiy + Zijb;j + &; (1)

where y;; is the vector of responses for subject i in cohort j, X;; and Z;; are design matrices for the
fixed and random effects, W is the random effects design matrix for cohort j, f is the parameter
vector for the fixed effects, y; and bi]- are the vectors of the random effects for the cohort and
subject levels respectively and ¢;; is the residual vector for each subject.

Once a specific model is constructed it is then possible to construct sample size calculations,
calculate the statistical power and statistical inferences that will be required. One such inference is a
test of convergence which will be discussed in the Section 5.

4 Optimal design

For a single-cohort design a number of factors need to be considered including the study duration,
the number of subjects, and the frequency of measurements. Raudenbush & Liu (2001) analyse the
effects of these factors on the power to detect group differences in a single-cohort design. They
conclude that increases in sample size increase power, as would be expected. More importantly,



they show that increasing frequency and duration generally increase power though this is
dependent on what longitudinal trend is being modelled, as well as the variation between and within
subjects. Moerbeek (2008) shows that with no dropout the study duration has a stronger effect on
power than number of measurements, which is heightened if there is a higher order polynomial
trend. However if there is dropout, increasing the study duration can have a negative effect on
power. Ultimately the power and hence the optimal study design depend on associations between
many factors which cannot be controlled in the design or modelled easily, such as dropout rates and
patterns, variance components, missed measurements, and degree of polynomial trend. Both
Raudenbush & Liu (2001) and Moerbeek (2008) present frameworks for dealing with this
complication.

While a single-cohort design has its own challenges, an ALD has two additional considerations: the
number of cohorts and the extent of overlap between the cohorts. Despite this added complexity,
Moerbeek (2011) and Galbraith et al. (2017) discuss in some depth a framework for designing an
accelerated longitudinal study. If attrition can be assumed to be absent from a study then Moerbeek
(2011) suggests that two cohorts are preferable to one or three, and also that the length of overlap
of one year is a good compromise. In this case a high overlap increases the power when the number
of subjects is fixed, but decreases power when the number of measurements is fixed.

A survey with no attrition is, however, very unlikely in practice, so the decrease in cohort sample size
over time must be taken into account. Naturally if attrition occurs then shorter cohorts are
preferable to reduce its impact, especially when attrition is large and occurs early in the study
(Moerbeek, 2011). Galbraith & Marschner (2002) postulate a Weibull-based model for attrition
which fits a parameter showing whether attrition is constant, or concentrated earlier or later in the
study. Galbraith et al. (2017) find that this model is a good fit for the attrition pattern in the
Longitudinal Study of Australian Children, which indeed shows attrition to be higher earlier in the
study. Using shorter cohorts will require more cohorts to cover the age range and reduce the
attrition; but keeping the frequency of measurement low should also be considered, as high
frequencies may be the direct cause of the attrition.

Galbraith et al. (2017) undertake an evaluation based on a linear model for a survey outcome with
age (a linear trend for an age effect). Under this model they provide an expression of the power, and
use this to compare different designs. They show that to detect a linear trend with fixed power, the
number of measurements per subject (rather than number of cohorts and extent of overlap) is the
primary determinant if either the number of measurements or subjects is to be minimised. If the
number of measurements per subject is fixed, then a design with fewer cohorts is preferred, giving
less overlap. If a linear trend is being modelled then the frequency of measurement has little effect
on the required number of subjects, suggesting that the number of subjects is more important than
the number of measurements. It should be noted that these findings were based on models
assumed to be correct, and this assumption cannot be tested in practice. Furthermore, it assumes a
single response variable whereas in practice there are multiple outcomes that need to be
considered. This further complicates identifying the optimal design for an accelerated longitudinal
study.



5 Tests of convergence

Harring et al. (2016) suggest that after applying an ALD, the first step should be to test for
convergence. This is important as it can test whether the cohort effect of the ALD can be assumed to
be ignorable or not, and if so the age effect can be measured. If there is a significant cohort effect
then this can distort trends over age due to divergent trends between cohorts. However if the test
shows the cohort effect to be negligible then the multiple cohorts can be assumed convergent and
inference on age trends can be made reliably, so long as period effects are assumed ignorable.

Convergence was first tested by Bell (1954) using significance tests of the means where two cohorts
overlap at a certain age. However two types of methods have developed which more rigorously test
the cohort effect. These methods test the convergence directly in the model structure, rather than
through a post-hoc approach. Also, which test of convergence is used is dependent on the structure
of the ALD model and also whether a SEM or multilevel model is used for estimation.

Using an SEM framework allows a latent curve growth model to be used which can be used to test
for cohort effects. In this framework parameters of individual change are defined as latent variables
or factors. By viewing cohorts as subpopulations the SEM can be constructed to test for differences
between cohorts. Duncan et al. (1996) apply this method to test for cohort effects in a study looking
at changes in alcohol use. The SEM approach is highly flexible when it comes to model specification
(Wu et al. 2009), but it is most easily applied in a situation with the same sequencing of data
collection across participants (“balanced in time” (Miyazaki & Raudenbush 2000), possibly with
missing data as long as it is missing at random). It is possible to fit SEMs where the patterns of
observation are not consistent using full information maximum likelihood, but not to calculate the
same fit indices to assess the convergence (Wu et al. 2009).

Miyazaki & Raudenbush (2000) presented a method using multilevel models in an example
measuring antisocial attitude changes between subjects between 11 and 21 years of age. This
method requires two models to be fitted, the first which is able to take cohort differences into
account and the second that does not. The fit of these two models are then formally assessed using
a likelihood ratio test or Wald test. If there are significant differences then this suggests there is a
cohort effect. A benefit of this framework is that the ages do not need to be fixed, as the model can
account for flexible ages. A further benefit is that it is relatively simple to incorporate a further
hierarchical structure into the model such as a cluster like a family or a school.

If a cohort effect is detected, then a more complicated analysis may be required, however
anticipating potential cohort effects in the model design enables them to be accounted for. It is
important to first discern whether the cohort effects can be ignored or not, hence the importance of
these tests of convergence. If a cohort effect is expected then a single-cohort design should be
preferred for analysis of age effects (Moerbeek, 2008, Duncan et al., 2006), although it will not be
generalizable to other cohorts.

There may be other ways to test for convergence. Buscot et al. (2017) propose a Bayesian model for
detecting divergence between longitudinal trajectories, and it seems possible to adapt this approach
to provide a test of convergence.



6 Fixed vs flexible age design

A longitudinal design can either have a fixed or flexible age design. A fixed design is when the
repeated measurements are made at specific ages for each subject, while a flexible design allows for
more variation in the age of the subject when measurements are made.

The advantages of a fixed-age design are mainly logistical, since questionnaires and tasks only need
to be designed for a single age group. Methodologically there are no clear advantages of a fixed—age
design, except for the effects on measuring convergence using SEMs as described in section 6.

The main disadvantage of the fixed age design is that it results in large age gaps between
measurements from which no conclusions can be drawn. For example, if measurements are made at
ages 10 and 15 it is impossible to know whether the trend between these two ages is linear or not.
However this problem is less significant if numerous measurements are made over time, where the
trends should be more identifiable, particularly if linear.

The primary benefit of the flexible-age design is that it provides more information about the
trajectory curves over time. This design will lead to each cohort having a range of measurements
across the desired range of ages. This design is statistically feasible, as multilevel models can deal
with this kind of information.

A possible disadvantage of having variable measurements is that a specific function (variable) cannot
always be measured with the same instrument at each age point. However, this is also true when
measuring more frequently in different subgroups. In longitudinal studies that cover a large age
range, functions may be measured at different ages using different instruments. Performance on
that function over time will therefore have to be normalized to z-scores or ranks to infer
developmental trajectories. An example of this is the measurement of IQ which requires different
instruments at different ages. The I1Q score is naturally normalised to ensure comparability over
time.

7 Examples of studies using accelerated longitudinal designs

A number of large longitudinal studies have utilised an ALD, in this section we briefly introduce some
notable ones from around the world.

The LSAC study uses two cohorts, but with a large overlapping period (Gray and Sanson, 2005). The
first cohort represented Australian infants aged 0-1 years, while the second cohort represented
Australian children aged 4-5 years old. In total there are eight waves taken every two years, the final
wave occurred in 2018 with the ages of the children being 14-15 and 18-19 years in respective
cohorts. The Australian Longitudinal Study of Indigenous Children (LSIC) runs alongside the LSAC and
utilises a similar accelerated design with two cohorts (Thurber et al., 2015).

This specific ALD was chosen as a means to make the results more generalisable to the wider
population as opposed to one single cohort. With such a large overlap the ALD was clearly not
chosen to reduce the study duration. Further to the ALD, the study takes on a cluster design where
330 postcodes were random selected and children were selected from these postcodes. A



stratification was also applied to ensure the sample was proportional in terms of state/territory as
well as urban versus non-urban.

The NLSCY is a longitudinal study with multiple cohorts but primarily to boost the younger ages
(Michaud, 2001). An original nationally representative sample of 0-11 year olds were randomly
selected and as this cohort aged, new cohorts of 0-1 year olds were added to the study. This ensured
that nationally representative estimates could continue to be made for younger ages.

The GUI study began in 2006 and used a two cohort design with one cohort for infants (9 months
old) and the other for children aged 9 years old. Both cohorts were representative random samples
of 11,000 and 8,500 respectively. The study is currently in Phase 2 where the first cohort are
approaching 13 years old and the second cohort approaching 20 years old. This means the study is
13 years old and there is currently an overlap of four years over an age range of 0-20 years.

GUS incorporates three cohorts in the design. When the study began in 2005 two cohorts were
selected from randomly selected areas: a 0-1 year and a 2-3 year old group. Both these cohorts were
kept in the study until they were six years of age, however data from the younger cohort was
continued until the start of secondary school. A third cohort of 0-1 year olds was added in 2011.

The COCON Study covers three randomly selected cohorts: middle childhood (6 years), middle
adolescence (15 years) and young adulthood (21 years) over a period of 15 years (2006-2021). The
age range of interest is between 6-21 years so the young adult cohort actually are only measured
once (Buchmann, 2017).

The YOUth Study began in 2015 and uses two cohorts each with a sample size of 6000, including a

‘Baby & Child’ cohort capturing the age range of 0-8 years and a ‘Child & Teenager’ cohort capturing
the ages of 9-15 years. There is planned overlap between the two cohorts at ages 8-10, although the
funding for this is currently in doubt, and a flexible-age design is used with approximately a three
year range for each wave. The YOUth Study is not a national study, focussing just on Utrecht and its
surrounding areas.

PAIRFAM used a design with three cohorts, with births spaced a decade apart (1971-3, 1981-3, 1991-
3), and started interviewing in 2008/9 (Huinink et al. 2011). It aims to cover a much wider population
than the cohort studies of children, and in this case the ALD is a way to gather cross-sectional
information which is immediately useful as well as setting up the study.

8 Proposed designs

The project scope specifically outlines a specific focus on a new nationally representative birth
cohort that spans from birth (or pregnancy) up to age 18+ years. With this in mind we review four
possible designs and briefly discuss their pros and cons. The presented designs are suggested based



on suggestions in the literature as well as common designs previously used. These are general
guidelines and in practice a study design should be more specific to the study aims. The proposals
are shown in Figure 2 with the time between measurements arbitrarily chosen to be every three
years, over the suggested age range of 0-18 years old.

The first of the four proposed designs is a single-cohort design without any accelerated component,
acting as a benchmark. The benefit of such a design for the UK is that it is consistent with previous
national single-cohort studies from the 1958 National Child Development Study to the Millennium
Cohort Study. Another single-cohort study, comparable to the previous ones will allow for cross-
cohort studies. However, as discussed, the single-cohort studies do not provide generalisability to
the national population as multi-cohort studies can.

Proposal 1) Single-cohort design

Cohort 1 O O O O O O O

Proposal 2) Double-cohort design - small overlap

Cohort 1 O O O O
Cohort 2 O O O O

Proposal 3) Double-cohort design - large overlap

Cohort 1 O O O O O O

Cohort 2 O O O O O O
Proposal 4) Triple-cohort design

Cohort 1 O O O

Cohort 2 O O O

Cohort 3 O O O
Age 0 3 6 9 12 15 18

The second and third proposed designs both have two cohorts. This was the recommended number
of cohorts based on the study by Moerbeek (2011), albeit ignoring dropout. Hence if dropout is not
expected to be high, then two cohorts are a desirable number. If two cohorts are considered, as in
proposal 2 and 3, then the extent of overlap is a significant factor.

An overlap of one wave was suggested as a good compromise by Moerbeek (2011). This offers a
balance to the trade-off since the more overlap the more power but also the more measurements.
So in cases where power is less of an issue, but there are significant time and money constraints
then a small overlap is preferable such as with proposal 2. A similar design was adopted for the GUI
and the YOUth Study in Utrecht. For larger overlaps like in proposal 3, the power is stronger and the
cohort effects will also be more distinguishable. This leads to more generalisable inference about the



age effects. The study duration is longer, and more measurements are required for this proposal.
Similar design to proposal 3 were adopted by the Australian LSAC, and GUS.

The fourth proposal is a triple-cohort design. This design would be advantageous if participant
burden was high causing high dropout. This is because the more cohorts, the fewer waves are
needed per subject. Furthermore, the power of the design is higher compared to two cohorts but
not by substantial amounts (Moerbeek, 2011). For designs with three or more cohorts the logistics
and management of the study become more demanding, as do power and sample size calculations.
This design is somewhat similar to the Swiss COCON Study.

We make a point to again emphasise that a longitudinal study design should be aligned with the
study aims, and these four proposals only offer general guidelines for general scenarios.

There are many trade-offs in a design process, and for a general-purpose design it is always a
compromise among the different objectives. Where recruitment is challenging, the single cohort
design provides the most information for the least recruitment, but then sample units remain in the
survey for the longest time to cover the age range, which increases the overall attrition and means
that researchers have to wait longer for suitable data. The ALD reduces the impact of attrition and
provides results faster, but requires recruitment of more sample units and potentially requires more
complicated analytical models allowing for cohort effects.

Minimising the number of measurements leads to a cross-sectional design without repeated
measures, with models derived from the observed age differences, but this is a risky design, because
it relies on there being no cohort effects to be confounded with age effects. A longitudinal design
allows age effects to be estimated more effectively, and this is why cohort studies are important. A
random effects model such as (1) which allows these components to be separated needs to be
estimable, and for ALDs with more cohorts and fewer observations per cohort there may be
challenges over convergence (Galbraith et al. 2017). Equally, short sequences (in the extreme of two
observations) are not suitable for estimating nonlinear age effects; to increase the possibility to
identify nonlinear effects (which would be important in a multipurpose survey where it would be
odd for all effects to be linear) longer sequences would be preferable. Moerbeek (2011)’s suggestion
of two cohorts, based on the case of no attrition, nevertheless appears to be a reasonable starting
point among these competing criteria.

The management of a data collection operation with more than one cohort also raises its own
challenges. Each cohort potentially requires its own approach to data collection because it will
contain respondents of different ages. This means that much more of the development work needs
to be done initially for the survey to be released into the field. This may have benefits in consistency
if the developments can go together, but this dies require sufficient specialist staff.

Without a clear requirement for a cohort study and some decisions about aspects of the design like
the number of cohorts in an ALD and the number of measurement occasions, it is quite difficult to
make any recommendation on sample size. It is however interesting to consider the power curves in
Galbraith et al. (2017, Fig. 4a, b), which suggest that around 80 sample units would give 90% power
to detect a cohort effect in a ALD with two cohorts, and around 120 sample units for the same
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power in a with one cohort. These sizes are quite modest, but they apply equally to subpopulations
of interest, so the recruitment would need to ensure these kinds of sizes in specific groups.

For estimation of other parameters and models the power and sample size requirements are more
challenging; Galbraith et al. (2017) again provide some indication, showing the effect on the
determinant of the fixed effects covariance matrix of variations in numbers of observations per
sample unit in fixed size ALDs. The problem of finding the minimum sample size to achieve a fixed
variance under ALDs is still open, and further research would be valuable on a range of different
output variables.

9 Conclusion

Galbraith et al. (2017) provide a very useful exploration of the main axes of choice in a cohort design
or ALD. Their analysis is based on the assumption that the linear model is correct, but their results
are qualitatively similar under a quadratic model for the age effect, which suggests that they may
have some robustness. For various practical reasons, including the practicality of managing the
collection design, recruitment and field work for ALDs, a relatively small number of cohorts (two or
three) seems to give the best trade-off. It opens up the possibilities to model cohort effects, and is
well within the trade-offs between different aspects of the methodology for analysis.

More research is needed on determining sample sizes to meet different design constraints. The
available design information is based on single variables, so there is also a need to balance the
requirements across a wider range of variables and domains to produce a general purpose design
which can meet multiple analytical needs.
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